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[bookmark: _Toc217895488]Executive Summary
[bookmark: _Toc121297180][bookmark: _Toc13648092]The research objective is to develop Artificial Intelligence (AI)-enabled tools to improve accuracy of probabilistic performance modeling and support decision making of inspection and repair actions in pipeline risk management. Risk-based management has been widely accepted in the pipeline industry for supporting cost-effective decisions while ensuring pipeline safety. However, there is a need for processing pipeline inspection data to minimize data errors and to extract essential information for risk assessment and decision making. This research develops Artificial Intelligence (AI) based solutions that can identify connections between pipeline corrosion characteristics through data analytics, predict corrosion growth using Bayesian Neural Network (BNN) and probabilistic power function, quantify probability of failure with uncertainties, and support decision making of pipeline inspection and repair using Reinforcement Learning (RL) and decision tree approaches. The research outcome provides efficient tools for pipeline operators to make reliable and autonomous decision making as well as saving pipeline inspection and repair costs.
[bookmark: _Toc217895489]Project Deliverables 
Task 1: Literature Review 
An extensive literature review is performed on the following topics related to the proposed research: 1) current practice on prediction of pipeline performance degradation 2) probabilistic prediction models based on statistics and machine learning; 3) Pipeline maintenance and integrity management; and 4) potential of AI for decision making of pipeline risk management.

Task 2: Data Collection from Industry
In-line inspection (ILI) data was obtained from two pipeline operators, mainly focused on external corrosion. The first dataset includes only corrosion depth, length and locations, while the second dataset has detailed soil characteristics along the pipeline in addition to corrosion data.

· Task 3: Probabilistic Modeling of Pipeline Corrosion Growth 
Pipeline ILI data was analyzed using different statistical and machine learning methods for various purposes. These include 1) analyzing the relationship between the location and severity level of corrosion defects using unsupervised machine learning; 2) developing statistical growth model of maximum corrosion depth and number density; 3) developing probabilistic growth model of corrosion depth/length using Bayesian Neural Network considering the effects of soil properties; and 4) developing probabilistic growth model of corrosion depth/length using power law considering the effects of soil properties and random corrosion generation.

· [bookmark: _Hlk167960361]Task 4: Quantification of Probability of Failure 
The probability of failure (PoF) of steel pipes due to external corrosion was calculated considering uncertainty in the developed predictive models. Two distinct failure modes are considered: small leak and burst. The pipe capacity before and after composite wrap repair is derived and used to calculate the PoF at different composite modulus and thickness values.

· Task 5: Decision Making of Inspection and Repair Strategy 
An Artificial Intelligence (AI)-enabled decision-making method is developed to minimize the life-cycle cost of pipeline system using reinforcement learning (RL) for pipeline inspection and repair planning while ensuring the required level of reliability in pipeline risk management. On the other hand, an analytical framework for evaluating the time-dependent reliability of corroded pipelines under periodic inspections and repairs is developed for analysis of life-cycle cost.

· Task 6 Final Report and Presentation
The final report is submitted after addressing the review comments from the technical panel. The mid-term presentation and project closeout presentation are delivered.
[bookmark: _Toc217895490]Education Accomplishments (student engagement, outreach activities)
Student engagement
· Bingyan Cui, PhD student in Civil and Environmental Engineering at Rutgers University, 2020-2025, currently Postdoc at Rutgers University. 
· Xingsen Yang, PhD student in Civil and Environmental Engineering at Rutgers, 2024-now. 
· Alireza Khatami, PhD student in Civil, Construction, and Environmental Engineering at Marquette University, 2022-now.
· Emad Farahani, PhD student in Civil, Construction, and Environmental Engineering at Marquette University, 2022-now.

· Development of curriculums for university students
The PI (Dr. Wang) introduced the concept of pipeline integrity management and in-line-inspection of pipeline in the graduate course – Infrastructure Management System at Rutgers University. 
The Co-PI (Dr. Huang) presented the probabilistic model of corrosion defect and reliability concept in the graduate course – Engineering Reliability Analysis at Marquette University.
[bookmark: _Toc217895491]Publications
· Journal/conference publications
Cui, B.Y. and H. Wang*, Analysis and Prediction of Pipeline Corrosion Defects Based on Data Analytics of In-Line Inspection, Journal of Infrastructure Preservation and Resilience, 2023, Vol. 4, Article No.14 
Cui, B.Y. and H. Wang*, Pipeline Corrosion Prediction and Analysis with an Ensemble Bayesian Neural Network Approach, Process Safety and Environmental Protection, 2024, Vol. 187, pp. 483-494.
Farahani, E.M., Q.D. Huang*, and H. Wang, A Probabilistic Framework for External Pitting Corrosion Growth Modelling for Buried Steel Pipelines Considering Soil Properties, International Journal of Pressure Vessels and Piping, 2024, Vol. 210, 105234.
Cui, B.Y. and H. Wang*, Optimization of Risk-Based and Cost-Minimized Maintenance Strategy for Corroded Pipeline Using Reinforcement Learning, Reliability Engineering & System Safety (under review)

· Conference presentations/posters/invited talks, etc.
Khatami, A. and Q.D. Huang*, Maintenance Strategy Optimization of Corroded Steel Pipelines with Multiple Defects, AMPP (Association for Materials Protection and Performance) Annual Conference & Expo., Apr. 6-10, 2025, Nashville, TN.
Cui, B.Y. and H. Wang*, X.S. Yang, Artificial Intelligence-Enabled Pipeline Integrity Management for Detection and Prediction of Corrosion Defects, Proceeding of ASCE UESI Pipeline Conference, Aug. 9-13, 2025, Tampa, FL.
[bookmark: _Toc217895492]Conclusions, Achievements, and Future Work 
The following conclusions and achievements can be drawn: 
· Data analytics of ILI records are conducted to classify corrosion severity and analyze how defect location influences severity, especially when defects are close together. The defects close to welds, or the neighboring defects are more likely to be severe and need closer monitoring.
· Machine learning-based classification with data augmentation was employed to identify corrosive soil environment based on the existence of corrosion in ILI data. Pipeline corrosion is more likely to occur in soil environments with high moisture content, low pH, and high redox potential.
· BNN can effectively predict corrosion growth with uncertainty quantification. Key influencing factors include pipeline age, soil moisture, pH, and chemical properties. 
· A novel time-dependent power function for modeling pipeline corrosion growth using ILI data was proposed. The approach incorporates a Poisson process for defect initiation, directly models defect dimensions without requiring matched data, and accounts for soil property variability.  
· A robust method to quantify pipeline failure probability before and after composite wrap repair was proposed incorporating composite wrap properties such as thickness and modulus into the analysis.
· A RL-based approach for optimizing long-term maintenance strategies in multi-zone pipeline systems was developed. The model adaptively adjusts maintenance actions based on influencing factors such as corrosion severity, failure cost, repair effectiveness, and operating pressure.
· A decision tree-based model is developed to capture all possible repair paths and calculate cumulative failure probability through recursive probability calculations. This failure time distribution supports life-cycle cost analysis and can accommodate additional uncertainties such as detection probability and measurement errors. 
Based on the study outputs, it is recommended to develop refined data processing techniques for selecting representative defects in each soil zone considering both corrosion depth and length and as well as corrosion at pipe body and girth weld. It is also recommended to improve the statistical and machine learning models for prediction of pipeline defects and the reinforcement learning models for optimization of pipeline inspection and repair strategies to ensure pipeline operation safety.
(1) 

[bookmark: _Toc217895493]Background and Objectives
[bookmark: _Toc217895494]Background
The pipeline is a critical infrastructure to transport and distribute gas, oil, water, chemical, and petroleum products that support economic and social development. During the service life, the integrity of pipeline is under various threats by harsh environment, material degradation, extreme hazards, and stress due to loading. The failure of pipeline could result in economic, environmental, and social catastrophes, and even impose the risk of human injury. To reduce the likelihood of sudden pipeline failure and its catastrophic consequences, it is essential for operators to inspect, maintain, and repair pipeline systems to ensure the pipeline integrity. 
Pipeline inspection is conducted to detect and identify threats affecting pipeline integrity by deploying various methods, including direct assessment, in-line inspection (ILI) tools, hydrostatic tests, and special techniques for non-piggable pipeline inspection [1, 2]. However, there is a need for processing pipeline inspection data to minimize data errors and to extract essential information for risk assessment and decision making. 
In the past three decades, quantitative risk-based management has been widely accepted in pipeline industry practice for supporting cost-effective decisions to achieve acceptable levels of safety [3]. Fig. 1 shows the general process of risk-based pipeline management, consists of exposure identification, risk quantification, and management planning. Once the potential threats are identified, the risk associated with those threats need to be assessed so that appropriate actions (e.g., inspection scheduling, repair) can be taken. 
[bookmark: _Toc217895495]Objectives and Scope
[bookmark: _Hlk66433448]This research aims to develop AI-enabled modeling and decision-making tools for quantitative pipeline risk management, focusing on external corrosion defects of pipeline. The specific technical objectives are proposed as follows:
1) Identify interaction effects of corrosion characteristics from ILI data.
2) Develop probabilistic predictive models of pipeline damage evolution.
3) Access probability of failure using reliability analysis to incorporating uncertainties.
4) Develop an AI-enabled decision-making tool for inspection timing and repair strategy.
Field inspection records and indirect survey or examination data are collected from two pipeline operators. Unsupervised machine learning is conducted for data analytics between non-homogeneous datasets of ILI records. Data-driven models of pipeline defect generation and growth are then developed using statistical and machine learning models. The probability of failure of pipeline is evaluated using state-of-art probabilistic pressure capacity models considering with and without composite wrap repair. The sequential decision-making process of pipeline inspection and repair is solved using an innovative Reinforcement Learning (RL) approach to optimize life-cycle cost while ensuring safety and reliability. A decision tree-based model is also developed to capture possible repair paths and calculate cumulative failure probability for life-cycle cost analysis. 
To facilitate the application of risk-based management and advance pipeline safety, this study proposes to utilize state-of-art Artificial Intelligence (AI) tools in the pipeline integrity management framework to improve accuracy of probabilistic degradation modeling and support risk-based decision making in integrity management planning, as illustrated in Figure 2.1.

[image: ]
[bookmark: _Toc217896017]Figure 2.1 Proposed AI-enabled pipeline risk management




[bookmark: _Toc217895496]Literature Review
[bookmark: _Toc217895497]Overview of Prediction Models for Pipeline Corrosion
American Society of Mechanical Engineers [4] stated a standardized list of nine threat categories for steel pipelines, among which corrosion, cracking, and mechanical damage (dent or gouge) are most experienced ones. Corrosion is one type of time-dependent deterioration of metallic pipeline materials due to their interaction with the service environment. The initiation and growth of corrosion is related to external and internal factors [5]. External corrosion is mainly affected by environmental factors, such as soil resistivity, soil moisture, potential, pH, ion concentrations, etc. [6]; while internal corrosion is influenced by oxygen content or reactivity of the liquids or gases carried, use of dissimilar metals within the pipeline, temperature, ﬂow rate and pressure [7]. 
To manage pipeline integrity, it is essential to conduct time-dependent structural performance evaluation of buried pipelines considering corrosion that is a dynamic threat to pipelines integrity. The depth and axial length of the defects data are usually measured by ILI tools with “pigging” devices by implementing non-destructive inspection methods such as magnetic flux leakage (MFL), ultrasonic testing (UT), and Eddy current (EC) [8]. Such field inspection can be used to understand corrosion behavior and to develop predictive corrosion growth models. 
Generally, corrosion growth prediction models can be divided into two categories: stochastic process-based models and random variable-based models (linear or nonlinear), with the main difference being only the former considers the temporal variability of the degradation process which can result in more realistic prediction. The commonly used stochastic processes are the Markov process and gamma process [9]. Some related works using Markov process can be found in [10]. In the Markov process, the thickness of the pipeline is usually divided into different distinct states, and at any time the presence of the maximum pit depth in each state can be described by a discrete random variable [11]. The defect growth modeling requires estimation of the likelihood of pipeline being in any given state at any specific moment in time [12]. However, finding the proper transition rate between states and correlating these transition rates to corrosion rates can be challenging. In addition, updating these models by Bayesian inference in case of new ILI data considering measurement noises is not straightforward [13, 14].
Many parameters including material properties and environmental conditions inﬂuence the pipeline degradation process. However, the traditional prediction models can only consider the effects of specific factors in general. For cases that need to consider unique factors, the traditional models may not give a satisfactory result of prediction. Therefore, using the AI-based models can overcome this limitation since they are flexible with many different variables.  Ren, Qiao and Tian [15] developed a neural network model for the prediction of corrosion rate in the long-distance pipeline based on the backpropagation algorithm and proved that the backpropagation algorithm is fast and more efﬁcient. A risk-driven integrity model was later developed to optimally substitute offshore process components based on the probability and effect of malfunction from time-dependent deterioration processes [16]. Senouci, Elabbasy, Elwakil, Abdrabou and Zayed [17] developed a prediction model using regression analysis and ANN to predict the pipeline failure occurrence. They found that both techniques provided acceptable results with almost the same prediction accuracy. In a subsequent study, the ANN-based model proved to perform better than regression analysis [18]. 
Although many diﬀerent stochastic corrosion models have been developed, calibration using existing data remains challenging under real conditions, as there are very few results available that are based on direct in situ inspection data. Traditional models cannot easily incorporate indirect examination or survey data that are useful as well. Furthermore, results from multiple inspections need to be matched. It is also challenging because many data points were collected using diﬀerent tools or techniques with disparate resolution and accuracy.
[bookmark: _Toc217895498]Probabilistic Prediction Models
Pipeline degradation is a stochastic process so that using stochastic models is an effective way to predict the condition of pipelines in the future. The uncertainties of inspection random error are significant to the model performance. In this case, using appropriate corrosion growth models which best suits pipeline conditions can minimize the uncertainties. The probabilistic models are suitable for modeling the pipeline degradation process where uncertainties are common. The probabilistic models assume that the data are statistically homogenous, and the conditions of exposure are nominally consistent [19]. The random variables are usually used to represent the uncertainties in the probabilistic models. As degradation is a stochastic process, it is appropriate to model pipeline degradation process using stochastic models which can be either discrete-state models such as Markov and semi-Markov models [20] or continuous-state models such as Weiner process [21], gamma process [22], and inverse Gaussian process [23]. Both gamma process and inverse Gaussian process are suitable in modeling monotonic degradation, while inverse Gaussian also has the flexibility to incorporate random effects and covariates for heterogeneity consideration. 
Markov model is a traditional probabilistic model. It can predict the localized corrosion growth rate (pitting corrosion) in underground pipelines. Corrosion rate distribution by the Markov model uses a continuous-time, non-homogenous linear growth approach. It allows prediction of pitting corrosion, depth evolution and rate distributions based on data. Valor, Caleyo, Alfonso, Velázquez and Hallen [24] used discrete pit depths in non-homogenous, continuous time Markov chain modelling to determine the transition probability function by correlating the stochastic mean pit depth with the empirical deterministic pit depth. Similarly, Hong [25] obtained the pit initiation and growth processes by modelling pit initiation as a homogenous Poisson process whilst estimating the pit growth with time as a non-homogenous, continuous time Markov process. Further, Camacho, Frutuoso, Melo, Saldanha and Da Silva [26] applied Fokker-Planck equation in the Markov model for transition probability function estimate of pitting corrosion of underground pipelines based on a continuous time, non-homogenous pit depth evolution.
Applying the Markov model requires the initial pit-depth distribution and soil-pipe dependent parameters. It uses discrete states to calculate the growth rate so that it has high computing efficiency. But before determining the depth distribution, the observed defect depth needs to be converted to Markov-state units first. And the calculated results are sensitive to corrosion depth increments.
The gamma process is a stochastic process characterized by increments that are assumed to be independent, non-negative, and follow a gamma distribution with time-dependent shape parameter and defect-specific (location-specific) scale parameter [9, 22, 27-29]. The time-dependent shape parameter can be modeled with the versatile power low function, which can represent increasing, constant, or decreasing degradation rate based on the exponent value [9, 28]. Particularly, a hierarchical Bayesian framework is proposed [27], where a homogeneous gamma process-based growth model is used. Such framework is employed later by using inverse Gaussian process (IGP) as the growth model [29] and by considering non-parametric Bayesian dynamic linear model (DLM) as the growth model [14]. However, it was found that using either IGP or non-parametric Bayesian DLM produced similar or slightly better results than the homogeneous gamma process-based growth model.
Ideally, Markov process and gamma process need matched defects from inspections for the modeling. Zhang and Zhou [27] calibrated the gamma process-based growth models using the depth dimension of 62 matched defects obtained from three ILI data in 2000, 2004 and 2007, and tested the model predictions against field-measured depth in 2010. Since matched defects were not readily available, some research studies used the entire defect population distribution (and its statistical summaries) obtained from ILI runs in model development rather than individual defects depths [11, 30, 31]. Yet, this “distribution matching” has two drawbacks: 1) population-specific growth models are developed rather than defect-specific growth models, and thus, spatial variability of defect growth is not taken into account; 2) such population growth models cannot directly be used for estimating future probability of failure (PoF) per segment which is a critical quantity in pipeline risk assessment, as the projected individual defect sizes within that segment are needed for the system reliability analysis. 
Different from the Markov model, the inverse Gaussian process-based model converts the observed data to continuous states. The inverse Gaussian process consists of independent increments that follow the inverse Gaussian distribution [32]. It can rigorously characterize the monotonic nature of corrosion growth because it is positively deﬁned. In addition, the mathematical tractability of the inverse Gaussian distribution helps to incorporate the corrosion growth model in a Bayesian framework to evaluate and update the model parameters based on the inspection data [33]. The inverse Gaussian process-based model can provide good prediction of corrosion depth in underground pipelines based on the continuous inspection pipeline data. During the process, all the parameters were assumed to be uncertain and evaluated using the hierarchical Bayesian methodology based on the ILI data. Therefore, it can consider uncertainties and random error of inspection data. Also, it can give continuous depth increments of depth evolution. The inverse Gaussian process-based model is suitable in modeling monotonic degradation. However, the increments of defect depth are independent along the temporal domain so that this method requires long computing time.
The Geometric Brownian motion with drift model considers corrosion as a stochastic process independent increment. This model has also been used for modeling wear and creep processes. A characteristic feature of this process is that corrosion alternately increases and decreases. Therefore, it is not suitable for a monotonic degradation process, but it can have a good approximation when corrosion growth has a stochastic behavior of being active and passive alternatively [34]. The Geometric Brownian motion process-based model can be used to characterize the growth rate of the depth of corrosion defects based on inspection data subjected to measurement uncertainties [35]. It can predict the growth of corrosion defects reasonably since it considers the passive state that a metallic structure may experience. However, it is mathematically complicated and requires more data for model calibration.
Alternatively, some relatively simple model formulations have been suggested to predict corrosion defect size (e.g., depth and length). One frequently utilized model is the linear function of time for defect size, where the rate of corrosion evolution over time is assumed constant [14, 36-38]. However, this model oversimplifies the defect growth process and is only valid when the corrosion is in a stable stage. Besides, extrapolating linear models over time overestimates the corrosion damage and leads to a conservative estimation of the reliability of the pipeline and unnecessary inspections and excavations [39]. In contrast, some researchers employed a power-law function of time as defect growth model, which can consider non-constant time-dependent rate of damage growth which is more realistic compared to constant growth rate [40-44].
Lastly, some studies combined stochastic process with linear and nonlinear growth formulation to model corrosion growth. For example, Bazán and Beck [31] integrated the Poisson square wave process (PSWP) with the linear and nonlinear growth formulation to account for the temporal variability and stochastic behavior of the defect growth rate [31]. However, since only two sets of corrosion inspection data were available and used in the model calibration, they were not able to assess the prediction (i.e., extrapolation) capabilities of the developed models.
It is worth mentioning that previous work [9] has reviewed the most common corrosion growth model development methodologies and defined a practicality index (PI) to describe the degree of knowledge necessary to perform each model development. They considered PI = 1 for the linear and nonlinear random variable-based models, the simplest models, PI = 2 for the linear and nonlinear stochastic models, and PI = 3 for stochastic process-based models, the most complicated models, requiring deep understanding of the stochastic processes which cannot be performed by common field engineers [9]. Furthermore, interpretability of linear and nonlinear models is significantly better compared to stochastic process-based models or data-driven models (i.e., Bayesian network, artificial neural network, and deep learning models) that have been characterized as being ‘black box’ and lacking in good physical significance explanations [39]. 
[bookmark: _Toc217895499]Artificial Neural Network and Bayesian Neural Network
Recently, machine learning approaches have become attractive for both diagnostic and prognostic data analytics, providing a great opportunity to improve prediction accuracy of defect generation and growth and utilize a wide array of pipeline safety data. For example, De Masi, Vichi, Gentile and Gabetta [45] proposed an artificial neural network (ANN) based model to predict the presence of metal loss and corrosion rate and presented a case study using field data; and the results indicated that the proposed model outperformed the deterministic models. Ossai [46] developed a data-driven machine learning approach to assess corrosion risk, where gradient boosting, random forest, feed-forward neural network, and deep neural network were applied and compared to predict the growth of internal corrosion defect depth using the flow characteristics of the oil and gas and the water chemistry information obtained from routine quality control of the pipeline. To take advantage of the available data from different sources, Burhani, Muhammad and Rosli [47] investigated the influence of combining experimental data and field historical data as input for artificial neural network (ANN). It was found that compared with the predictions based on experimental data and field historical data separately, the predictive model using combined database could better improve the prediction of degradation rate; and thus, enabled better mitigation actions in preventing loss of containment due to corrosion under insulation. Canonaco, Roveri, Alippi, Podenzani, Bennardo, Conti and Mancini [48] conducted cross-correlation analysis to evaluate the integrated database with the geometrical data from pigging operations and fluid-dynamical data, where machine learning algorithm was deployed to identify principal features to develop a predictive corrosion model.
During the development of ANN model, the normalized data was required to be divided into three datasets, including training, testing, and validation datasets. First, in the training stage, the model was trained using the divided training dataset. The model was allowed to train till it scopes the ﬁnest necessity using different algorithms, such as Levenberg-Marquardt (LM), Bayesian regularization (BR), gradient descent (GD), and scaled conjugate (SC) algorithms. The best algorithm was selected based on its largest coefﬁcient of determination (R2) value and the lowest mean squared error (MSE) value. The role of neurons is to add up the weights of every source of neurons from the previous column it is connected to. Each connection of neurons has its weight, and those are the only values that will be modiﬁed during the learning process. The weight values actively play an essential role in determining the output for the given input values. A bias value may be added to the total value calculated. After all those summations, the neuron ﬁnally applies a function called “activation function” to the obtained value. The developed ANN network consists of three layers, including input, hidden, and output layers, as shown in Figure 3.1. The input layer receives the input signals from the existing available data. The role of the hidden layer is to transform the signals into something that the output signal can use. This neural architecture is also called a multi-layer perception (MLP), with one input layer, two hidden layers, and one output layer.
In the training process, the output values of all hidden neurons in hidden layers were computed with weight net values and slopes. Later, the outputs of these neurons were used as inputs for output layer neurons. The error was calculated, and the process was re-propagated to get the least possible error after a severe number of iterations. Mathematical equations determining the outputs of a neural network shall be the activation functions. The function is connected to any neuron in the network and decides whether it must be activated or not, depending on whether the inputs of each neuron are important for the prediction of the model. The model was then tested with a testing dataset for its performance checking. Testing data collection is the data sample used to validate the ﬁnal model that ﬁts in the training dataset without bias. A validation data collection consists of a sample of knowledge from the model testing and is used to determine model competencies while tuning the hyper-parameters of the model. The validation dataset is distinct from the evaluation dataset, which often keeps back the model training but instead gives an impartial estimation of the completed model’s ability in the contrast or preference of ﬁnal models. After the completion of the training and testing stages, the model was then allowed to be validated using the validation dataset. 
[image: A diagram of a structure

AI-generated content may be incorrect.]
[bookmark: _Toc217896018]Figure 3.1 Architecture of ANN model with two hidden layers
Therefore, after the above process, the model was able to predict the life condition of the pipeline. For pipeline, the inputs of the ANN model are different factors including the pipeline properties and environment conditions. The output is the pipeline condition and the remaining useful life. The ANN model can predict corrosion growth and the remaining useful life for pipelines. Also, it can clearly show the different corrosion stages, which are uniform corrosion at the early phases and pitting corrosion at the later phases. It is suitable for predicting pipelines at different sections. However, the prediction accuracy of ANN model is different in different cases because it is highly dependent on the input factors. For other situations that have different internal and external factors, the model performance may have great differences. 
To consider the variability in model parameters and structures, Bayesian prediction models have been widely used in material degradation and structural failure such as fuel, miter gates, etc. [49, 50]. It is useful for damage prediction due to the limited amount of data available to build a reliable prediction model. Bayesian network as an advanced probabilistic model is widely applied to reliability analysis of complex systems. Application of BN signiﬁcantly reduces the method complexity and computational time of inference, by factorizing the joint probability distribution of the parameters of interest based on local dependencies. Conventional Bayesian networks are directed acyclic graphs used for reasoning under uncertainty by considering the causal relationships among a number of random variables [51]. While the Bayesian neural networks are essentially neural networks with a prior distribution on their network parameters [52].  
BNN uses Bayesian theorem to regularize the weights, and its structure is similar to the feedforward network such as MLP. BNN assumes that all parameters are random variables that follow the Gaussian distribution in the network, and they are updated in the form of probability distributions. The final output of the network also follows the Gaussian distribution. A typical BNN structure can be seen in Figure 3.2.
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[bookmark: _Toc217896019]Figure 3.2 Architecture of BNN model
BNN has the potential to combine the scalability, flexibility, and predictive performance of neural networks with principled Bayesian uncertainty modelling. With a joint prior distribution on the network parameters, the joint posterior distribution of the network parameters will be kept updated after observing a set of training data. With the calculated posterior distribution, BNN can predict an output distribution. In the training process, the optimization of the parameters of a typical ANN is traditionally implemented with the back-propagation algorithm. The BNN is parametrized with twice the number of parameters than a typical ANN. The optimization process of the network architecture and hyper-parameters has been performed through the same steps as for the ANN, with repeated k-fold cross validation and early stopping during training.
Compared with the traditional ANN, BNN pay attention to the probability distribution of the whole parameter space. If it is found that an input variable contributes little to the output result, then the weights associated with that input will be automatically adjusted to a value close to zero during training. In BNN, through calculating the posterior probability of the weights, the weights of important inputs are automatically adjusted [53]. Therefore, BNN possesses a strong generalization ability and the advantages of automatically adjusting network parameters. Therefore, BNN can be trained using limited and noisy data, while ANN typically tends to require more training data with low noise for equivalent performance. 
For the field inspection data of pipelines, measurement uncertainties and frequently updated inspection data are common. Therefore, using BNN may be an effective method for the prediction of pipeline degradation since it is suitable for dataset with high-complexity and high-dimensionality. The challenge for effectively applying BNN to pipeline degradation prediction is to choose a meaningful prior distribution over network weights because the practical effectiveness of BNN is limited by the ability to specify meaningful prior distributions and the intractability of posterior inference.
[bookmark: _Toc217895500]Variability Consideration in Corrosion Growth
Corrosion damage evolution models have been developed to predict either corrosion rate of a defect or corrosion defect size at a specific moment in time. To assess the corrosion rate accurately, having (at least) two measurements of the same defect taken at different time points is necessary. However, finding matched defects from two inspection runs could be challenging. To match defects, there are two common approaches: box to box (B2B) matching and signal matching [54]. B2B matching can be performed at single metal loss, child feature, and cluster levels, where a rectangular box is considered around a feature with an extra length and width (e.g., 20 mm) to account for the measurement error. If the boxes from two different ILI run overlap, the boxes are called matched, and the corresponding corrosion growth rate is calculated. In case there are multiple matches (e.g., when a box from an old ILI run overlaps with more than one box from the new ILI run), the minimum or maximum possible Growth/Corrosion Rate (GCR) can be considered based on the possible matches. In the signal matching approach, however, the signals obtained by ILI tool from consecutive inspections for every metal loss are compared and matched before converting them into feature sizes. Therefore, it is more accurate than the B2B matching but requires more expertise for analyzing the signals and inspection tools from the same ILI vendor. Otherwise, the B2B matching becomes the only option. However, considering the significantly higher uncertainty of B2B matching approach, using B2B matching for corrosion rate evaluation can result in either pipeline failure or costly and unnecessary mitigation measures [54, 55]. In addition, in some cases like pipelines subject to high internal corrosion densities matching too many individual defects is either impractical or unreliable [56]. Because of the challenges of matching defects, the defect growth models that do not necessarily require matched features can be beneficial. 
Due to the typically extensive length of pipelines and the potential considerable variation in soil properties along their route, external corrosion growth model should be location dependent in addition to being time dependent. In view of this, a pipeline can be divided into multiple short-length segments and for each segment homogenous corrosion growth is then assumed (e.g., [57, 58]). On the other hand, some researchers incorporated spatial variability of the underground environment properties into the defect growth model formulation. For example, in Velázquez, Caleyo, Valor and Hallen [41], the model parameters in a power-law growth model were related to the characteristics of the soil and pipe through a multivariate regression model; however, their study assumed one constant corrosion initiation time for all defects located in different pipes for a given soil classification. Likewise, Alamilla, Espinosa-Medina and Sosa [42] incorporated different soil and environmental properties in their power function; however, they simply assumed corrosion initiation time is the same as pipeline installation time. However, these assumptions may not be accurate to represent the realistic field condition.
To tackle the spatial variability, some previous studies (e.g., [28, 59-61]) employed hierarchical (a.k.a. multilevel) Bayesian methodology to combine information from inspection data of multiple locations; the spatial variability is considered by assuming model parameters are defect specific, but they follow identical independent distributions (whose distribution parameters are called hyperparameters). This methodology also has been employed to utilize inspection information from other locations when limited measurements are available for the location of interest [59]. However, incorporating additional model parameters (i.e., hyperparameters) significantly increases the dimension of the model and computational cost [59]; therefore, it limits the application of this methodology to datasets that only have a few numbers of features [28], making this methodology impractical.
Lastly, when using inspection data for growth model development, one also should incorporate the potential measurement errors. Generally, there are different types of measurement error associated with ILI results including: false negative error (a.k.a. detection error, where ILI fails to detect an existent metal loss with a likelihood dependent on the true depth of the feature known as probability of detection), false call error (where ILI incorrectly detects a non-existent feature), reporting threshold (where only features with depth above this threshold are reported, usually 10% wall thickness), and sizing error (i.e., measurement error, the discrepancy between the actual and measured size) [28, 54, 56]. Smith, Martin, Peussner and Taylor [54] showed that probability of detection and reporting threshold have minimal effect on measured corrosion growth rate and dominant source of uncertainty comes from the sizing error. Thus, other types of error than sizing error is usually disregarded in the literature [28, 56]. The accuracy of ILI tools is usually specified by vendors as ILI performance specification. High resolution MFL tools have typically a standard measurement accuracy of ±10-15% of wall thickness at an 80% certainty level [56]. This sizing error is commonly considered as normally distributed with mean of zero (i.e., no measurement bias) and standard deviation of 7.8% of wall thickness (for ±10% of wall thickness error with 80% confidence). However, systematic bias can exist as well. For example, through a simulation study, Dann and Huyse [56] showed that even though the standard MFL ILI tool is unbiased on average over the population of features (i.e., the sizing error has a mean value of zero), the top percentiles of the measured defect depth (i.e., the largest reported values) are actually oversized. This overestimation of the actual feature depth for the top percentile measurements is also confirmed in pipeline industry. 
[bookmark: _Toc217895501]Pipeline Maintenance and Risk Management
An effective pipeline risk management plan should achieve the balance between maintaining pipeline reliability to avoid catastrophic failures, and reducing the costs associated with inspection and repair. However, to achieve such objective is exceptionally challenging, as it involves many factors (e.g., pipeline age, pipeline design and attributes, operation condition, and history, environmental condition, maintenance and repair budget, maintenance and repair options and scheduling) and needs to consider the related uncertainties (e.g., variability in material degradation and inspection data). In addition, the cost-effectiveness of maintenance and repair actions need to be modeled appropriately, as they mitigate the risk at various degrees and their associate costs are different. Thus, the decision-making variables (e.g., the next inspection time, repair criteria) should be determined using probabilistic risk-based approaches to incorporate all relevant influencing factors and uncertainties.
Pipeline maintenance is defined as the actions taken to restore pipelines to a condition where it can fulfill their designated functions [62]. The goals of a maintenance strategy include planning maintenance efforts efficiently, enhancing equipment reliability and performance, reducing failures, controlling deterioration, ensuring safe and proper operation, and optimizing operational costs while maintaining a satisfactory level required by safety. Maintenance strategies can be classified into four types: corrective, preventive, predictive, and proactive, as illustrated in Figure 3.3 [63].
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[bookmark: _Toc217896020]Figure 3.3 Evolution of maintenance policies from 1940 to present
In the first phase, corrective maintenance is a reactive policy that fix it after a failure event. In the second phase, preventative maintenance focused on using actions to reduce failure occurrences. Further to this strategy, predictive maintenance approach has been developed. It is a condition-based strategy that maintenance decisions were made based on monitored pipeline conditions. Once the pipeline segment reaches a predefined threshold, the maintenance will be conducted. Recently, risk-based proactive maintenance has been recognized as the most adaptive approach. It aims to avoid failure and mitigate the causes before the failure happens by emphasizing on high consequences causes, areas and more vulnerable parts of an infrastructure. The detailed descriptions of these four phases are elaborated in the following.

Corrective maintenance
Corrective maintenance (CM) is initially seen as cost-effective since it involves fixing equipment after a failure. However, for oil and gas pipelines, CM is not acceptable due to the regulatory requirements, as well as the consequence of an incident on people and environment and the resulted significant financial impacts. Repairing offshore pipelines, for example, is particularly difficult, expensive, and time-consuming, often taking weeks to months. 

Preventive maintenance
Preventive maintenance (PM) is the periodic repair or replacement of pipelines while they are in service before failure. These policies are based on scientific data analysis. Most PM practices rely on experiences and original equipment manufacturer recommendations. Therefore, optimization methods are usually introduced in PM to make consistent decisions based on pipeline age, service time, and number of repairs or breakdowns. It aims to find the optimal start time and intervals between two preventive maintenances.

Condition-based maintenance
Condition-based maintenance (CBM) is the improvement of traditional preventive maintenance. CBM assumes that a system subjects to a random deterioration process and its main objective is to perform timely condition assessment to decide the timing of maintenance and reduce life-cycle costs [64]. The condition of infrastructure is monitored through field inspection at regular intervals for future maintenance decisions [65]. This approach is cost-effective as it facilitates better planning of maintenance activities and prevents unexpected failure. The cost saving depends on inspection intervals and critical replacement threshold values. 

Risk-based maintenance
Pipeline risk management requires timely preventative maintenance strategies, which can be broadly divided into time-based maintenance and condition-based maintenance (CBM). Many studies have shown that CBM is a much more cost-effective approach to maintain reliability and reducing its catastrophic consequences and management costs [66, 67]. To optimize decision variables in CBM, one could set one or multiple objectives in terms of cost, service life, and reliability. For example, Liu, Zheng, Fu, Ji and Chen [68] developed the optimum inspection based on the utility of inspection information with consideration of the attitude and preferences of decision makers toward the inspection outcome. Li, Baji and Yang [69] optimized the number of inspection actions and critical damage level at which repair is performed, using the total expected cost in a given lifetime as the objective function. Abubakirov, Yang and Khakzad [70] formed a utility function by combining both the annual cost of inspection program and the risk (calculated as the product of probability of failure and the cost of failure) to determine the optimal inspection interval. Kim, Ge and Frangopol [71] determined maintenance planning by performing multi-objective optimization to minimize both the expected maintenance delay and total inspection cost for fatigue-sensitive structures. However, few studies have focused on risk management using ILI inspection data. In addition, the optimization in the previous studies typically involves heavy simulation to consider all the possible events and uncertainty in the damage evaluation.
Risk management is a systematic approach to characterize the possible risk to existing systems, decrease the probability of harmful events and reduce the harmful consequences of the occurred events [72]. A typical risk assessment model begins with hazard identification followed by the modelling of causes, estimation of the likelihood of effects and estimation of impacts using qualitative, quantitative or semi-quantitative methods. Risk models estimate absolute and relative risk, major risk contributors, and compare risk factors. Stages of risk analysis are hazard analysis, consequence estimation, likelihood estimation, risk estimation, risk acceptance criteria and maintenance planning. Risk-based maintenance (RBM) is an advanced approach to pipeline integrity management and can be considered as an extension of CBM. The basic difference between CBM and RBM is that decisions mainly focus on the condition of equipment whereas the latter considers the risk of failure.
Risk-based maintenance is a need-based strategy to prioritize an inspection and maintenance plan based on risk ranking; it helps managers to execute informed testing and inspection without affecting public safety [73]. High-risk pipeline segments should be inspected more frequently. The priority of risk-based maintenance for a pipeline is determined by the likelihood of failure and consequence of failure [74]. Reliability standards are set as a function of time and compared with reliability levels while taking maintenance decisions [75]. 
The general process of risk assessment can be seen in Figure 3.4 [76]. In the figure, qualitative techniques identify the hazards and model the cause and effect. Their output is a qualitative ranking for the recommendations about hazard identification and control. While quantitative techniques are usually used to estimate the likelihood and the impact.
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[bookmark: _Toc217896021]Figure 3.4 General process of risk assessment
Given there are many maintenance strategies that can be applied to pipeline systems, the comparison of them is shown in Table 3.1.
[bookmark: _Toc217896092]Table 3.1 Comparison among different maintenance strategies of pipelines
	Maintenance strategies
	Pros
	Cons

	Corrective maintenance
	- Less cost of inspection
	- Long downtime due to failure

	Preventative maintenance
	- Reduction in production loss
	-Subjective decisions

	Condition-based maintenance
	- Real-time assessment of pipelines
	- High inspection cost
- Uncertainties of inspection
- Challenges for determining the inspection intervals

	Risk-based maintenance
	Dynamic Bayesian Network
	- Good at probability inference and handling uncertainty
	- Complexity in modeling
- 
Dependent on data quality

	
	Discrete event simulation
	- Can consider pipeline unavailability effect
	- Hard to capture continuous degradation processes
- Not suitable for large and complex pipeline networks

	
	Heuristically genetic algorithm
	- Can handle multi-stage defects
- Global search capability
	- Highly dependent on model parameters
-Specific knowledge required

	
	Non-dominated sorting genetic algorithm II (NSGA II)
	- Can handle multi-objective problems
- Can consider effects of different maintenance methods
	- Large computation cost
- Not suitable for dynamic environments



[bookmark: _Toc217895502]Application of AI for Decision Making 
[bookmark: _Hlk65785597]With the recent advances of AI tools, one could utilize AI to deal with the computation demand in this sequential decision-making problem where the maintenance decisions have a persistent dynamic influence that impacts the current and future performance of the pipeline. Very few has explored the application of AI tools in the infrastructure integrity management. Haladuick and Dann Markus [77] utilized genetic algorithms to seek the optimal repair time for corrosion defect in pipeline, where the objective function is the expected utility that equal to the expected benefit minus all the expected costs over its lifetime. 
Decision-making is an important part of pipeline integrity management. Reinforcement Learning (RL) is an approach of using AI for solving complex and sequential decision-making problems. In the general RL setting, a decision-maker (often called agent) interacts with an uncertain environment to achieve a goal. The environment is influenced by the agent’s actions, and the agent can observe the influence through some observation signals as well as a reward signal. The reward signal should reflect the aptness of the previous actions, and the agent learns to improve and optimize its decisions by learning from the previous rewards. The underlying assumption in all RL problems is that we can express the agent’s goal as the cumulative rewards throughout the agent-environment interaction. Therefore, RL is a promising approach to optimize pipeline maintenance strategy. The following are current applications of reinforcement learning on pipeline network and segments.
Reinforcement Learning is an AI approach associated with data-driven modeling, dealing with sequential decision-making problems under uncertainties for establishing an automated pipeline integrity management system [78]. RL has several advantages to make it suitable for reliable decision making in pipeline integrity management: (1) RL algorithms are capable of learning from historical and online data, and they may learn optimal condition-based repair as more data are collected from field inspection; (2) while most maintenance actions tend to induce delayed indications of efficiency that complicates the optimization in pipeline integrity management, RL algorithms are able of analyzing the consequence of delayed maintenance actions; (3) RL algorithms can interact and learn in a stochastic environment, such as unpredictable soil environmental and operating conditions of pipeline; (4) more importantly, RL could significantly reduce the time-consuming simulation involved in the typical decision-making optimization and facility autonomous implementation. In this regard, Mahmoodzadeh, Wu, Droguett and Mosleh [79] investigated the potential of deploying RL to the maintenance planning of dry gas pipelines considering uniform and pitting corrosion, where the results indicated that the proposed condition-based maintenance scheduler could reduce up to 58% of maintenance costs as compared to a periodic maintenance policy and better ensure pipeline reliability.
Kerkkamp, Bukhsh, Zhang and Jansen [80] proposed a novel Deep Reinforcement Learning (DRL) framework based on Graph Convolutional Networks (GCN) to perform grouping maintenance actions based on underground sewer pipeline network. They chose a subset of 942 pipes for evaluation of the DRL framework. The available features for each pipe included geographical location, material, length, and age. The geographical location of the pipes was used to construct the distance function. The DRL agent receives, at each time step, a representation of the network state from a simulated environment and uses the GCN to select the next action to take based on this state (i.e., which pipes to maintain/replace). It then applies the action to the environment and receives the next state and a reward to evaluate the action taken. The interaction between the DRL agent and the environment is depicted in Figure 3.5 [80]. The overall objective is to plan maintenance for the set of assets in a way that the assets do not deteriorate to near failure while the overall cost is minimized.
[image: A diagram of a diagram

AI-generated content may be incorrect.]
[bookmark: _Toc217896022]Figure 3.5 The deep reinforcement learning framework using GCN
Kongkijpipat, Sandee, Vachirapaneegul, Sumetpipat and Vatiwutipong [81] combined Deep Q-learning and epsilon-greedy policy to develop the pipeline maintenance scheduling system. The method is separated into two main parts according to the RL algorithm. First, the RL environment is created for test bench, and the state and reward are defined. Test bench consists of a pipeline environment simulation, corrosion simulation, and reliability model for calculating damage in a pipeline. In each simulation episode, a stochastic environment creates a pipeline system; then, the corrosion occurs in the system in each day. After that, at the end of each month, the agent will check whether it has any damage or not, and the agent will choose the action from its policy that can be estimated by Q-learning algorithm until the simulation is ended. Thereafter, the program will loop more episodes until it reaches the assigned number of episodes. This workflow is shown in Figure 3.6 [81].
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[bookmark: _Toc217896023]Figure 3.6 Deep Q-learning framework for pipeline maintenance


[bookmark: _Toc217895503]Data Collection from Industry
[bookmark: _Toc217895504]First Dataset from Pipeline Operator
The first dataset is for a 12-mile transmission pipeline that was originally built in 1974. Based on the history of replacements and relocations, the pipeline was divided into several segments (a-g), as listed in Table 4.1. The ILI data for this pipeline are obtained from magnetic flux leakage (MFL) inspections in 2005, 2012 and 2016, respectively. The external corrosion defects were selected for analysis since it is the major defect observed. The magnetic MFL tool provides measurements of wall thickness and metal loss depth/length/orientation. The count of corrosion defects from three inspections is shown in Table 4.2. The total number of external corrosions increases from 2005 to 2016 due to the generation of new defects. 
[bookmark: _Toc217896093]Table 4.1 General information about the pipeline
	Line segment No.
	Length (feet)
	Outer diameter (in.)
	Wall thickness (in.)
	Pipe grade
	Year installed

	a
	51,241
	30
	0.562
	5L×42
	1974

	b
	613
	24
	0.438
	5L×42
	1974

	c
	772
	20
	0.375
	5L×42
	1982

	d
	5,910
	30
	0.562
	5L×60
	2005

	e
	1,698
	30
	0.562
	5L×60
	2005

	f
	41
	6.625
	0.28
	5L×42
	1974

	g
	654
	30
	0.562
	5L×42
	2002



[bookmark: _Toc217896094]Table 4.2 Number of external corrosion defects found in different inspection years
	Inspection year
	Defects count no.

	2005
	792

	2012
	1345

	2016
	2508



The pipeline consisted of 1,955 girth welds in total. Corrosions did not occur in every segment of all girth weld numbers. Therefore, only the girth weld numbers with corrosion defects were extracted from the ILI dataset. From 2005 to 2016, about 400 pipe segments indicated by the girth weld numbers showed external corrosion. Each record of ILI included girth weld number, absolute distance, peak depth, length and orientation.
To compare the distribution of corrosion defects, the number of these defects in each girth weld number along the pipeline was counted, as shown in Figure 4.1. Each girth weld represents 30-40 ft pipe length. As expected, the numbers of corrosion defects in different segments were found greater in 2016 as compared to the previous two inspections, which is consistent with the change in total number of defects. The increase of corrosion defects around several pipe segments (indicated by girth weld numbers) was found more significant, indicating the environment for high corrosion potential.  However, the soil survey data was not available along the pipeline.
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[bookmark: _Toc217896024]Figure 4.1 Number of external corrosion defects along the pipeline in different inspection years
To better understand of the severity level, all the corrosion defects were analyzed using k-means clustering based on defect depth and length. In the same cluster, the characteristics of defect depth and length are more similar than those in other clusters. The clustering results are shown in Figure 4.2, and the number of defects is listed in Table 4.3. The results show that the corrosion defects can be divided into four clusters along the length of pipeline, which indicates the potential impact of soil environment on external corrosion assuming the same CP level and coating condition. The number of defects in each cluster tends to increase over the years, and this trend is the most significant in cluster 3.
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[bookmark: _Toc217896025]Figure 4.2 Clustering plot of corrosion defects in different inspection years
[bookmark: _Toc217896095]Table 4.3 Number of external corrosion defects in different clusters
	Cluster
	Inspection year

	
	2005
	2012
	2016

	1
	273
	376
	588

	2
	306
	331
	426

	3
	124
	535
	1332

	4
	89
	103
	162



Furthermore, statistical analysis was performed on the original dataset to compare corrosion depth that is represented by the percent of wall thickness. In addition to the number of defects increased from 2005 to 2016 (as shown in Table 4.3), the generation of large numbers of small corrosion defects was found in 2012 and 2016. In addition, the decrease of corrosion depth from 2005 to 2016 may be attributed to the repairs of pipelines. 
Ideally, the corrosion depth would increase over the years if no repair is placed. However, this trend was not observed at each inspection location. The variations can be caused by the changes in measurement accuracy and reporting criteria of ILI tools and the advances in technology in different inspections. Another reason of causing this variation is the mismatch of absolute distance from different inspections. Therefore, the original dataset was processed to obtain reasonable subsets for further analysis.
[bookmark: _Toc217895505]Second Dataset from Pipeline Operator
The second dataset is for a transmission pipeline made of grade X52 steel, with a total length of 112 km. The outside diameter of 457.2 mm and the wall thickness is 6.4 mm. It has been in service since 1969. ILI inspections were conducted using MLF technology in 2005 and straight beam ultrasound technology in 2010. During the inspections, external corrosion information was collected, including corrosion depth (in mm), and corrosion length (in mm). However, data on the pipeline coating condition was not available.
Figure 4.3 presents the corrosion depth and corrosion length based on ILI data collected in 2005 and 2010. It is worth noting that some pipeline segments were replaced between 2001 and 2005, during which initial corrosion may have occurred. These early defects with material loss (corrosion depth) and corrosion length were detected in the 2005 inspection but not in the 2010 data. One possible reason is that the 2010 inspection was not performed for these segments. However, the 2005 data were included in the analysis to fully reflect the effect of soil environment on corrosion defects.


(a)


(b)
[bookmark: _Toc217896026]Figure 4.3 Scatter plot of pipe damage along the length of the pipeline for the original dataset (a) corrosion depth, (b) corrosion length
[bookmark: OLE_LINK2]Defect observations from two inspections were matched by zone in the original dataset and reorganized to create the zone-based dataset. To investigate the impact of soil properties on defect propagation, the most representative defect in each zone was included in this dataset. First, the dataset was preprocessed by removing the samples with missing values in the inspection data either in 2005 or 2010 or both. Then, the dataset was structured by grouping defect observations based on Zone-ID and inspection year. In each group, the defect with the maximum corrosion depth was selected as the representative defect for that zone. However, the defect with the maximum depth does not necessarily have the maximum length in the same zone. Therefore, future work should consider both corrosion depth and length in selection of most critical defects at each zone. By using this method, 511 samples representing the most severe defects in different zones and inspection years were extracted as the zone-based dataset. Figure 4.4 shows a scatter plot of corrosion defects along the pipeline length in this zone-based dataset. 
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[bookmark: _Toc217896027]Figure 4.4 Scatter plot of corrosion defects along pipeline length for the zone-based dataset (a) corrosion depth, (b) corrosion length
External corrosion is influenced by various soil parameters, including moisture content, resistivity, pH, aeration, and bacterial activity. A soil survey conducted in 2012 at intervals of 200 meters along the pipeline (defined as one zone) measured several properties, including Eh (soil redox potential), resistance, resistivity, pH, CO32- concentration, HCO3- concentration, Cl- concentration, SO42- concentration, soil moisture, and soil type. There are totally 559 soil zones with different soil properties, moisture contents, and soil types. Soil redox potential indicates soil overall oxidizing or reducing capacity. Soil resistance indicates the capability of providing safe path for fault current, and the soil with high resistance tends to provide unsafe path for fault current and increase the risk of equipment failure. Soil resistivity reflects the soil capacity to resist electric current, and the lower resistivity may imply salty groundwater. It is noted that the soil type number (1-10) was used to represent typical soil groups, such as clay, sandy, silty, peaty, chalky, loamy, etc., but the specific soil type for each number was not known. Table 4.4 presents the statistical summary of soil survey data. 
[bookmark: _Toc217896096]Table 4.4 Summary of soil survey data
	Soil Parameters
	Min.
	25% percentile
	Median
	75% percentile
	Max.
	Mean
	Std.

	Potential Redox1 (mV)
	-595
	-506
	-461
	-411
	-150
	-455
	64

	Calculated electrode potential2 (mV)
	-443
	-357
	-314
	-287
	-120
	-317
	56

	Eh (mV)
	-395
	-306
	-261
	-211
	50
	-255
	64

	Resistance @ 1m (Ω)
	0.89
	3.2
	9.2
	23
	490
	29.1
	57

	Resistance @ 2m (Ω)
	0.32
	1.6
	3.9
	11
	180
	12.8
	25

	Resistivity @ 1m (Ωcm)
	559
	2011
	5781
	14451
	307876
	18310
	35871

	Resistivity @ 2m (Ωcm)
	-1530
	2285
	5495
	18490
	447677
	21310
	44536

	pH
	2.03
	4.86
	5.31
	6.03
	7.49
	5.35
	0.95

	CO32- (mol/L)
	0.00
	0.00
	0.86
	1.55
	3.44
	0.87
	0.80

	HCO3- (mol/L)
	-1.38
	1.50
	2.50
	3.47
	15.91
	2.76
	1.88

	Cl- (mol/L)
	0.75
	2.25
	3.00
	3.75
	32.00
	3.17
	1.85

	SO42- (mol/L)
	0.04
	0.04
	0.06
	0.09
	2.81
	0.10
	0.19

	Soil Moisture
	0.2366
	0.2666
	0.2743
	0.2803
	0.2846
	0.2710
	0.0119

	Soil Type3
	1
	-
	5
	-
	10
	-
	-


1. Potential Redox = Eh – 200mv
2. Calculated electrode potential is theoretical value based on a set of standard conditions
3.  Categorical parameter


[bookmark: _Toc217895506]Probabilistic Modeling of Pipeline Corrosion Growth
[bookmark: _Toc217895507]Data Analytics of Pipeline Corrosion Defects
[bookmark: _Toc217895508]5.1.1 Analysis methodology
In this study, the agglomerative algorithm was used to analyze clustering of corrosion defects. It can determine the potential overlap between observations of each cluster by measuring the distance between them. Smaller distance indicates higher overlap. Therefore, the clustering algorithm merges the two clusters with the shortest distance between them to construct the clustering tree. Measurements of distance between clusters can be conducted through different methods, such as single, complete, centroid, average and ward linkages. Single linkage clustering calculates the distance between two clusters as the shortest distance between any two data points in each cluster. In contrast, complete linkage clustering uses the maximum distance between any two data points in each cluster. Average linkage clustering calculates the average distance between all pairs of data points in each cluster. Centroid linkage clustering calculates the distance between the centroids of each cluster. These linkage methods may be sensitive to anomalous data points and easy to generate unreasonable clustering. However, data points of corrosion defects have many outliers. Therefore, ward linkage was used in this study. Ward linkage can minimize the loss of combining clusters each time. It calculates the Error Sum of Squares (ESS) of each cluster. Small ESS value means agglomerative data points. Therefore, clusters can be combined to fewer clusters by minimizing the increase of ESS.
To find the relationship between defect location parameters and severity levels, different machine learning methods were used, including k-nearest neighbors (KNN), support vector machine (SVM), random forest (RF), and light gradient boosting machine (LightGBM). KNN is a supervised learning method proposed by Fix and Hodges [82]. In classification, an unlabeled data point will be assigned to the label that is most found among the k-nearest training data points from the target data point. Therefore, the selection of cluster value and measurement of distance are important for KNN. SVM is initially a binary classification approach which is aimed to construct an optimal separation hyperplane [83]. The hyperplane has the maximum distance from the nearest sample points (called support vector) on both sides. Therefore, SVM can balance the learning ability and the complexity of the model. By means of kernel functions, SVM is capable of mapping data from a low-dimensional space to a higher-dimensional space. There are three commonly used kernel functions, including the linear kernel, polynomial kernel and radial basis function (RBF) kernel [84]. RF was proposed to solve classification, clustering, and prediction problems. It is a decision tree-based machine learning algorithm evolved from the bagging ensemble learning. Firstly, a decision tree consisting of multiple independent forests is randomly generated. Then, features are selected by calculating the information gain. From the root node, the tree is split according to the feature partitioning condition and the principle of minimum node purity until the rule is satisfied. Usually, information entropy is used to measure the purity of data [85]. Different from the single decision tree method, Random Forest randomly selects subsamples from the original dataset with put-back. And then it will train a single decision tree with randomly selected features. The optimal features are chosen from these k features to split the nodes. After that, decision trees can be constructed by repeating the above process multiple times. The final prediction result is a weighted average of each decision tree. LightGBM is a boosting tree algorithm in the ensemble learning [86]. It utilizes a leaf-wise approach to select the best split, allowing it to identify the leaf node with the highest split gain out of all the leaf nodes in the decision tree. LightGBM optimizes training data points based on the gradient of each data point. Data point with larger gradient means larger contributions to the information gain. The algorithm employs a histogram-based method to convert continuous feature values into k integers, thereby allowing for the creation of a histogram with a width of k. Subsequently, the algorithm will iterate through the training data to compute the cumulative statistics for each discrete value present in the histogram. In this case, only discrete values of the sorted histogram are required to be traversed when choosing the splitting point of feature. Therefore, LightGBM can decrease the computation cost significantly.
For binary classification, accuracy, precision, recall and F1 score are usually used to evaluate model performance. Accuracy, as defined by Baldi, Brunak, Chauvin, Andersen and Nielsen [87], is the proportion of correctly classified samples in the testing dataset out of all the samples. Precision, on the other hand, is the percentage of true positive samples among all the predicted positive samples. Recall is the percentage of truly predicted positive samples out of all truly positive samples. F1 score is a balanced score that combines precision and recall. These metrics can be calculated as shown in Eq. (5.1) to (5.4) [88].
	

	(5.1)

	

	(5.2)

	

	(5.3)

	

	(5.4)


where, TP represents number of positive samples correctly predicted as positive; TN represents number of negative samples correctly predicted as negative; FP is number of negative samples incorrectly predicted as positive; FN is number of positive samples incorrectly predicted as negative.
For multi-classification, it can be regarded as multiple binary classifications. Therefore, average value of them can be used to evaluate the model performance. In this study, weighted F1 score was calculated, because it takes into account the importance of different categories [89].
Gumbel distribution is useful in fitting the distribution of extreme values. Since maximum corrosion depth is the extreme value, Gumbel distribution was selected to fit corrosion depth data. Gumbel distribution is derived from the extreme value theory that developed by Fisher and Tippett [90]. The probability distribution function of the maximum value for each sample converges to the generalized extreme value (GEV) distribution. Gumbel distribution is a special form of GEV distribution, as expressed in Eq. (5.5) [91].
	

	(5.5)


where, Gt(z) is the density when the maximum corrosion depth is equal to z; and z is the maximum corrosion depth in this study; μ is the location parameter; σ is the scale parameter; and t is the inspection year.
Weibull distribution is a non-stationary distribution that follows Cole’s method [92]. It is usually used to model reliability. Weibull distributions can model right-skewed data, left-skewed data, or symmetric data [93]. In this study, corrosion number density is an index that reflects the number of defects per unit distance. In different segments, the number density has a large difference. Corrosion number density below 5 was the most, leading to left-skewed ILI data. In this case, Weibull distribution can be of great help. The expression of Weibull distribution is shown in Eq. (5.6) [91].
	

	(5.6)


where, Wt(x) is the density when the corrosion number density is equal to x; and x is the corrosion number density; ξ is the shape parameter; σ is the scale parameter; and t is the inspection year.

[bookmark: _Toc217895509]5.1.2 Interaction of adjacent defects
To compare the distribution of corrosion defects, the number of defects in each girth weld number along the pipeline was counted, as shown in Figure 5.1. Each girth weld represents 30-40 feet pipe length. It can be seen that the average number of defects increased from 2005 to 2016, which is consistent with the change in total number of defects. In addition, the increase of corrosion defects within several pipe segments (indicated by girth weld numbers) was found to be more significant. For example, the number of defects in the pipe segment around girth weld number 11080 was 9 in 2005. However, it increased to 77 and 170 in 2012 and 2016, respectively, indicating the soil environment in these segments for high corrosion potential. However, the soil survey data and the information on CP levels and coating conditions are not available to analyze their contributions on corrosion defects. 
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[bookmark: _Toc217896028]Figure 5.1 Number of defects from 2005 to 2016 in (a) scatter plot, (b) boxplot
The comparison of corrosion depth was based on peak depth in each girth weld number. The peak depth is defined as the maximum depth of the corrosion divided by the wall thickness at the location of the corrosion. Therefore, the larger peak depth means more severe corrosion conditions. The peak corrosion depths along the pipeline are plotted using scatter plots in Figure 5.2(a); while the box plots in Figure 5.2(b) show the spread of data range using a box with the boundaries of 25th and 75th percentile in addition to the median in the middle.  Interestingly, the average corrosion depth was observed to decrease from 2005 to 2016. This is reasonable because there were a lot of small corrosion defects generated in 2012 and 2016, which reduced the average depth. However, the average corrosion depth is not suitable to analyze the failure risk of pipeline since failure would happen at the location having the highest pitting corrosion depth. Ideally, the corrosion depth would increase over years if no repair is done. However, this trend was not observed at each inspection location. The variations can be caused by the changes in instrument performance of ILI tools and the maintenance or repair activities between different inspections. However, information of these changes was not available in this study. Therefore, establishing the corrosion depth growth model based on raw ILI data was not suitable.
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[bookmark: _Toc217896029]Figure 5.2 Corrosion depth from 2005 to 2016 in (a) scatter plot, (b) boxplot
For the localized segment, corrosion depth presented certain increasing trend. As shown in Fig. 5.2(a), the corrosion depths were the most severe around the distance of 4500-5000 feet. Therefore, 2D contours of the peak corrosion depth were plotted in these segments, as shown in Figure 5.3. In Figure 5.3, x-axis was the absolute distance to the original location; y-axis was the orientation degree in the circumferential direction. For example, 0° and 360° represented the top of pipeline, while 180° denoted the bottom of pipeline. It shows that the area of maximum peak depth increased a lot in 2016, compared to 2005. In addition, it was found that maximum peak corrosion depths were located at around 4600 and 4800 feet with circumferential degrees of 150°-200°.
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[bookmark: _Toc217896030]Figure 5.3 2D contour plot of peak corrosion depth from ILI in (a) 2005, (b) 2012, (c) 2016
To have better understanding of the corrosion distribution, the density plots of axial and circumferential locations of corrosion defects were shown in Figure 5.4. It was found that external corrosions were more likely to occur at 10 and 30 feet relative to the pipeline girth weld joint. The circumferential degree was mainly around 180°, indicating external corrosion tended to happen at the bottom of steel pipe.

[image: ]
[bookmark: _Toc217896031]Figure 5.4 Density plots of (a) longitudinal locations of corrosion defects; (b) circumferential locations of corrosion defects from ILI

Classification of corrosion severity level
ILI data in 2016 was used to investigate the relationship between corrosion severity level and defect location parameters. In addition to corrosion depth, the Estimated repair factor (ERF) is defined as the ratio of maximum allowable operating pressure (MAOP) of pipeline to the safe working pressure. Both peak depth and ERF are the significant indicators about corrosion severity level. Higher peak depth and ERF indicate defects that are more dangerous. Therefore, all defects were divided into several clusters through hierarchical clustering method based on defect depth and ERF, as shown in Figure 5.5. 
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[bookmark: _Toc217896032]Figure 5.5 Hierarchical clustering of corrosion defects based on peak depth and ERF
To better characterize the corrosion severity level, these five clusters are merged to represent three categories. Clustering methods can capture characteristics of data distribution based on distance criteria. However, to obtain reasonable severity levels, empirical methods should also be considered. Therefore, cluster 1, cluster 3 and cluster 4 were combined to represent the highest defect level, because these clusters had the highest value in peak depth or ERF. On the other hand, cluster 5 was used to represent medium severity level and cluster 2 for the low severity level. It should be noted that the low, medium, and high severity levels here are relative in this ILI dataset. 
Table 5.1 shows the classification results of severity level. From the table, it is obvious that the average value of peak depths, ERF, length and width were the most in high severity level. This is reasonable, as higher values mean higher risk of failure. Therefore, defects at high severity level should be prioritized in the maintenance scheduling. Furthermore, the geographical distribution of corrosion defects in three severity levels is plotted in Figure 5.6. Defects with high severity level were mainly found in the pipe segments at low latitudes, indicating the soil environment in low latitudes may have high corrosion potential (assuming the CP level and coating condition are similar).  


[bookmark: _Toc217896097]Table 5.1 Classification results of corrosion severity levels
	Severity level
	Average value of peak depths (%)
	Average ERF
	Average length (in.)
	Average width (in.)

	Low
	4.34
	0.910
	1.4
	1.7

	Medium
	14.05
	0.913
	1.4
	1.9

	High
	27.31
	0.937
	3.3
	4.8




[bookmark: _Toc217896033]Figure 5.6 Geographical distribution of corrosion severity levels
Relationship between corrosion location parameters and severity level
Corrosion severity level was classified based on defect depth and ERF. These two indicators are geometric parameters related to defects and do not consider the interactions between multiple defects. It has been found that interacting effect of adjacent defects may have significant impact on severity level [94, 95]. Therefore, three location parameters were selected to represent the interacting effect of adjacent defects, including OD, Sc and SL. It noted that OD denotes the relative distance between the centroid of corrosion defect and pipeline girth weld (not the outside diameter in this specific analysis). Sc is the distance between two adjacent corrosion defects in the circumferential direction, while SL is the distance between two adjacent corrosion defects in the longitudinal direction. Detailed illustrations of these parameters are depicted in Figure 5.7.
[image: ]
[bookmark: _Toc217896034]Figure 5.7 Illustration of location parameters on a 2D plane for one pipe segment
It should be noted that final values of OD, Sc and SL were the minimum of upstream and downstream values. This is because the interacting effect of adjacent defects is mainly caused by the nearest ones. After obtaining location parameters, the correlation between these factors should be analyzed first to avoid co-linearity. Figure 5.8 (a) shows the correlation between each two variables. It can be observed that the scatter data points of them distributed randomly. No obvious linear or nonlinear relationship were found. From Figure 5.8 (b), correlation coefficients between each pair were also small, indicating that the co-linearity did not exist in these variables. Therefore, there is no need to reduce the dimensionality of these variables.
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[bookmark: _Toc217896035]Figure 5.8 Correlation plots between three input variables: (a) scatter pair plot, (b) heat map of correlation coefficients
Machine learning methods were used to analyze the relationship between location parameters and severity of corrosion. Taking OD, Sc and SL as the input variables and three severity levels as responses, the fitting results using four different machine learning methods (KNN, SVM, RF, LightGBM) were listed in Table 5.2. As can be seen, random forest shows the best performance among all methods.
[bookmark: _Toc217896098]Table 5.2 Performance of different machine learning methods
	Metrics
	KNN
	SVM
	RF
	LightGBM

	Accuracy
	72.71%
	74.24%
	74.83%
	74.15%

	Weighted F1
	0.67
	0.69
	0.71
	0.69



The importance of three location parameters was further analyzed using random forest model. Shapley Additive Explanation (SHAP) was used to interpret the classification results. It is a method derived from coalitional game theory [96]. Initially, SHAP value is developed to evaluate the contributions from each player to the game. In the model interpretation, the prediction made by a model can be explained as the sum of the contribution or attribution values of each input variable used in the model. Therefore, the impact value of each feature can be calculated as SHAP value. A higher SHAP value indicates a more important feature. 
In Figure 5.9 (a), class 0 represented the low severity level, class 1 represented the medium severity level, class 2 represented the high severity level. It can be seen that OD had the most significant impact on the classification, followed by SL and Sc. Furthermore, positive and negative correlations between location parameters and severity level can be interpreted. As shown in Figure 5.9 (b), high feature values of OD, SL and Sc mainly distributed in regions greater than 0. That means greater value of OD, SL and Sc can make more defects belong to low severity level. Similarly, in Figure 5.9 (d), high feature values of OD, SL and Sc mainly distributed in regions smaller than 0, which means smaller value of OD, SL and Sc can make more defects belong to high severity level. When considering the location parameters OD, SL, and Sc, smaller values of these parameters indicate a higher potential for more critical corrosion defects. A smaller value of OD implies that the corrosion defect is located closer to the pipeline girth welt joint, increasing the likelihood of a high severity issue. Similarly, smaller values of SL and Sc indicate that the corrosion defects are located closer together in the longitudinal and circumferential directions, respectively, which can lead to a higher potential for interaction and a more severe combined effect. Therefore, smaller values of these location parameters suggest that the corrosion defects may be more critical and require closer attention. 
It has been reported that severe defects were more likely to occur when adjacent defects were closer to each other [97], which is consistent with our findings.   
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[bookmark: _Toc217896036]Figure 5.9 Impacts of input variables (a) importance of input variables on three severity levels; (b) impact of input variables on low severity level; (c) impact of input variables on medium severity level; (d) impact of input variables on high severity level
Maximum corrosion depth
To predict the growth of maximum corrosion depth, the raw dataset was processed to obtain the reasonable subsets for further analysis. Relative distance to the girth weld number was used to locate the defect location; For the defects at the close locations, only the data that shows the continuous growth trend of maximum corrosion depth over inspection years were selected. That means, if the maximum corrosion depth keeps growing, it can be considered that this location was most susceptible to external corrosion. This approach resulted in a smaller and more conservative data subset, which was used to analyze the growth of maximum corrosion depth. The density and box plot of the extracted data subset are shown in Figure 5.10. It shows that the maximum corrosion depth increases over time and can be used for growth prediction.
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[bookmark: _Toc217896037]Figure 5.10 Plot of maximum corrosion depth (a) density plot, (b) boxplot
Considering that the Gumbel distribution is useful in representing the probability distribution of the maximum value in a sample, the corrosion depths in the subset were ﬁtted to the Gumbel distribution. The theoretical and empirical quantiles were compared through the histogram and Q-Q plots as shown in Figure 5.11. The data points are close between theoretical and empirical quantiles, indicating the fitted Gumbel distribution has high accuracy. The fitting parameters are shown in Table 5.3.
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[bookmark: _Toc217896038]Figure 5.11 Fitting of Gumbel Distribution in different inspection years: (a) histogram plot, (b) Q-Q plot

[bookmark: _Toc217896099]Table 5.3 Fitting parameters of Gumbel distributions
	Inspection year
	Location parameter (μ)
	Scale parameter (σ)

	2005
	16.53
	7.68

	2012
	18.83
	7.96

	2016
	22.47
	8.97



Using the linear regression to fit the Gumbel distribution parameters over the inspection year, the fitted line can be seen in Figure 5.12. It can be found that the location and scale parameters have an increasing trend that indicates the growth of maximum corrosion depths. The linear model can be expressed in Eq. 5.7 and 5.8. After obtaining the two parameters, the Gumbel distribution can be used to calculate the density of maximum corrosion depth at the year of interest.
	μ(t)=0.5161t-1018.7
	(5.7)

	σ(t)=0.1085t-210.1
	(5.8)


where, μ is the location parameter; σ is the scale parameter; and t is the inspection year.
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[bookmark: _Toc217896039]Figure 5.12 Fitted lines of Gumbel distribution parameters (a) location parameter; (b) scale parameter with respect to inspection years

Corrosion number density
In this study, corrosion number density denotes the number of defects per unit distance. Therefore, the number of corrosion defects in each segment of girth weld was used to construct the probabilistic model for growth prediction. As stated in Section 4.1.1, the number of corrosion defects tended to increase over time. However, there were some outliers in raw data, which had negative effect on the fitting of growth distribution parameters. Therefore, raw data for the number of defects were processed to filter these outliers. Data points that deviated from the mean value by more than three times the standard deviation were deleted assuming the normal distribution is satisfied for the number of corrosion defects in each segment. It is possible that the pipe around the girth weld has higher corrosion number density than the pipe body, however, this effect was not considered to in this study. 
The density and box plot of the processed data can be seen in Figure 5.13. Then, Weibull distribution was used to fit the corrosion number density. As shown in Figure 5.14, most of the observations were located in the tails, which was consistent with non-stationary assumption of Weibull distribution [92]. In addition, it can be observed that the percentage of corrosion number density with high values increased over time. Therefore, more corrosion defects could be found in the same segment in 2016 than in 2005 and 2012. 
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[bookmark: _Toc217896040]Figure 5.13 Plot of corrosion number density (a) density plot, (b) boxplot
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                                     (a)                                                                  (b)
[bookmark: _Toc217896041]Figure 5.14 Fitting of Weibull Distribution in different inspection years: (a) histogram plot, 
(b) Q-Q plot
The fitted parameters of Weibull parameters can be seen in Table 5.4. And the linear regression of these parameters is shown in Figure 5.15. It was found that the shape parameter decreased over time, but the scale parameters had an increasing trend. The linear model is expressed in Eq. (5.9) and (5.10). After obtaining the two parameters, the Weibull distribution can be used to calculate the density of corrosion number density at the year of interest.
	ξ(t) = -0.021t+43.56
	(5.9)

	σ(t) =0.1313t-260.94
	(5.10)

	


	


[bookmark: _Toc217896100]Table 5.4 Fitting parameters of Weibull distributions
	Inspection year
	Shape parameter (ξ)
	Scale parameter (σ)

	2005
	1.52
	2.40

	2012
	1.37
	2.94

	2016
	1.29
	3.92
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[bookmark: _Toc217896042]Figure 5.15 Fitted lines of Weibull distribution parameters (a) shape parameter; (b) scale parameter with respect to inspection years

[bookmark: _Toc217895510]5.1.3 Findings
This study used statistical analysis and data analytics to analyze ILI data of pipeline corrosions. Firstly, the distributions of corrosion depths and the number of corrosions on raw data were visualized. Then, the corrosion severity levels were classified based on the clustering of corrosion depth and ERF. Relationship between location parameters and corrosion severity level considering interactive effects were explored. In addition, raw ILI data were processed to obtain useful data for establishing stochastic growth prediction models on maximum corrosion depth and corrosion number density. 
The number of corrosion defects increased significantly over years. However, average corrosion depths decreased due to the occurrence of small corrosions and maintenance activities. In the longitudinal direction, corrosions were more likely to occur at 10 and 30 feet relative to pipeline joint; while in the circumferential direction, corrosions were prone to occur at the bottom of pipeline. In the segment of each girth weld number, the locations with shorter distance between adjacent defects along the longitudinal direction and the locations close to the girth weld were more prone to severe corrosions. 
The growth trend of two corrosion characteristics: maximum corrosion depth and corrosion number density were observed. Gumbel and Weibull distribution parameters of stochastic growth models can be used to predict different corrosion evolutions of pipelines. Smaller values of OD, SL and Sc indicated a higher potential for more critical corrosion defects. Specifically, OD has the most significant effect on corrosion severity level. Locations with smaller OD, SL and Sc values should therefore be given closer attention, as they are more likely to produce severe corrosion defects. This study presents a detailed approach on how to obtain valid information from ILI data in practice, which can be further used for failure prediction and maintenance planning in pipeline integrity management system.
[bookmark: _Toc217895511]Defect Growth Modeling with Bayesian Neural Network
[bookmark: _Toc217895512]5.2.1 Development of Bayesian Neural Network 
As BNN quantifies and propagates uncertainty, it is preferred over deterministic mathematical models like ANN, and is more robust against overfitting and applicable for limited and noisy data [98]. Compared to Gaussian process regression to establish Bayesian prediction models, BNN is more suitable for dataset with high-complexity and high-dimensionality.
Neural network consists as a set of nodes with connections between them and is defined by the architecture of the neural network (e.g., the number of hidden layers and number of neurons per layer). Figure 5.16 illustrates the framework of BNN model for probabilistic modeling of degradation. where β are the network parameters. If using w and b to be the weight and bias for each neuron, the output of neuron y can be predicated by Eq. (5.11).
	
	(5.11)


where, f (·) refers to an activation function. In BNN,  are modelled as random variables sampled from probabilistic distributions. With a joint prior distribution on the network parameters, the joint posterior distribution of the network parameters (including the covariance matrix with assumed zero mean error) will be kept updated after observing a set of training data. With the calculated posterior distribution, BNN can predict an output distribution. 
In BNN, there are two popular approximation methods: Markov chain Monte Carlo (MCMC) and variational inference (VI).  Due to the limitation of dealing with high-dimensional posterior distribution using MCMC, VI is usually implemented as a mathematical model of nonlinear mapping between inputs and outputs to interfere the space of parameters in the BNN [99]. 
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[bookmark: _Toc217896043]Figure 5.16 Illustration of BNN model for probabilistic modeling of corrosion growth
In this study, the BNN is constructed using TensorFlow Probability, using probabilistic layers and a customized loss function to improve model robustness. The model architecture consists of two fully connected hidden layers with ReLU activation functions and dropout layers to introduce variability during training. The output layer employs a probabilistic distribution layer. This layer also includes a Kullback-Leibler (KL) divergence regularization term to ensure the posterior distribution does not deviate significantly from the predefined prior, a standard normal distribution. The KL divergence acts as a Bayesian regularizer, preventing overfitting by constraining the learned parameters. 
A key modification in this BNN implementation is the loss function, which goes beyond the traditional negative log-likelihood. The loss function is defined as Eq. (5.12).
	

	(5.12)


where, -logP is the negative log-likelihood; θ is the learned parameters of BNN, including weights and biases; λ is an implicit weighting factor that balances the contribution of the negative log-likelihood term and the nonlinear penalty term; E(y) is the predicted mean of the output distribution; ε is the error term; p is the hyperparameter defining the curvature of the nonlinear penalty term.
Compared to traditional loss function, it incorporates a nonlinear penalty term to reduce the impact of extreme outliers in predictions. Traditional loss functions rely only on maximizing the likelihood of observed data, which can be sensitive to noisy measurements and large deviations, leading to unstable predictions in datasets with high variance. By adding the nonlinear penalty, the modified loss function introduces an adaptive error adjustment mechanism that penalizes larger residuals more smoothly than standard squared or absolute loss functions. This approach prevents the model from overreacting to minor noise while still emphasizing significant discrepancies. Since corrosion depth and length predictions in pipeline often involve uncertainty and noise, this modification ensures more reliable and interpretable uncertainty quantification.
The BNN model used in this study is a purely data-driven approach. While BNN is effective in learning complex patterns and providing uncertainty information, their performance depends heavily on the amount and quality of training data. In this case, only two inspection records were available. Due to the limitation in the input data, the BNN predictions showed fluctuations and struggle to accurately predict corrosion before the first inspection year.
To overcome these limitations, a power-law model is introduced as a post-processing step to fit the BNN-predicted corrosion data. Pipeline corrosion typically follows a nonlinear growth pattern, with the corrosion rate gradually slowing over time. This characteristic matches the mathematical behavior of power-law functions, which are suitable for modeling such nonlinear growth. By applying power-law fitting, the predicted corrosion curve becomes smoother and better aligned with corrosion growth pattern.
To address the challenges of prediction variability, data sparsity, and limited extrapolation capability, the power-law model was used to fit the BNN results. The formulation of the adopted power-law model can be seen in Eq. (5.13).  
	

	(5.13)


where, y(t) represents the corrosion depth or length at year t; a is the fitted parameter that scales the corrosion magnitude; t0 is the initiation time of corrosion in each zone; b is the fitted exponent parameter between 0 and 1 that characterizes the decelerating nature of corrosion growth over time.

[bookmark: _Toc217895513]5.2.2 Defect growth prediction using BNN
The original and zone-based datasets were used to establish BNN models for the prediction of corrosion depth and corrosion length. The dataset was divided into the training set (80%) and test set (20%) for cross-validation. The inputs included the soil parameters (Eh, resistivity, pH, concentration, soil moisture, and soil type), age of pipe segment after initial installation or replacement, elevation, and wall thickness. The growth of corrosion depth and length was modeled separately in this study, considering that their growth trends were found not the same even under the same environmental conditions. The depth growth of corrosion defects is mainly governed by localized corrosion mechanisms, while corrosion length growth reflects how corrosion spreads along the pipe surface.
Figures 5.17 and 5.18 illustrate the performance of BNN model in predicting corrosion depth and corrosion length using the original dataset and the zone-based dataset, respectively. Table 5.5 list the R2 values for all BNN model results. A notable difference is observed in the predictive accuracy between the two datasets. For the original dataset, predictions for both corrosion depth and length exhibit substantial variability, as evidenced by lower R2 values (0.58 for corrosion depth and 0.38 for corrosion length). This indicates that the original dataset struggles to capture the underlying patterns governing these defect features effectively. In addition, the uncertainty bounds in predictions for the original dataset are significantly wider, reflecting higher uncertainty in the model outputs.
In contrast, the zone-based dataset demonstrates a significant improvement in the prediction performance. The R2 value increases obviously to 0.77 for corrosion depth and 0.96 for corrosion length, indicating a much stronger correlation between the predicted and actual values. Furthermore, the narrower uncertainty bounds in the zone-based dataset highlight greater model confidence in its predictions. By mitigating the noise and variability exist in the original dataset, the zone-based dataset enables the BNN to identify and learn more consistent patterns.
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[bookmark: _Toc217896044]Figure 5.17 BNN fitting results of original dataset (a) prediction of corrosion depth; (b) prediction of corrosion length at different locations; (c) predicted vs. measured corrosion depth; (d) predicted vs. measured corrosion length
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[bookmark: _Toc217896045]Figure 5.18 BNN fitting results of zone-based dataset (a) prediction of corrosion depth; (b) prediction of corrosion length at different zones; (c) predicted vs. measured corrosion depth; (d) predicted vs. measured corrosion length
[bookmark: _Toc217896101]Table 5.5 Summary of R2 for corrosion depth and length
	Dataset
	Defect Type
	R2

	Original data
	Corrosion depth
	0.58

	
	Corrosion length
	0.38

	Zone-based data
	Corrosion depth
	0.76

	
	Corrosion length
	0.94



Using the zone-based dataset, the importance ranking of input parameters for corrosion depth and corrosion length is illustrated in Figure 5.19, respectively. In the figure, the mean absolute SHAP values represent the average impact of each feature on the model output. As shown in Figure 5.19 (a), pipeline age is the most significant factor, indicating that older pipelines are much more susceptible to metal loss due to longer exposure to corrosive environments and material degradation over time. Followed by SO42- and CO32-, they represent aggressive chemical agents that accelerate corrosion through complex electrochemical reactions. Elevation impacts metal loss by potentially influencing drainage patterns and moisture retention, which in turn affect corrosion rates. Resistivity at 1m and 2m depths and soil moisture are key environmental factors that govern the conductivity of the soil, directly impacting the electrochemical processes driving corrosion. Similarly, in Figure 5.19 (b), elevation, soil resistivity at 1m depth, pH, pipeline age and redox potential are the most important factors to influence defect length growth. 
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[bookmark: _Toc217896046]Figure 5.19 Importance ranking of influencing factors on (a) corrosion depth, (b) corrosion length
Figure 5.20 (a) shows the predicted growth of corrosion depth over time using the established BNN model. Since the pipeline has been in service since 1969, its service life ranges from 36 to 81 years during the period from 2005 to 2050. The red and blue curves represent the upper and lower bounds of the predicted peak depth, while the shaded area indicates the uncertainty bounds. In earlier years, inspection data points, shown as blue dots, align closely with the prediction curves. It demonstrates that the model can accurately predict corrosion depth during this period. Over time, the model predicts an increasing corrosion depth, with the upper bound growing significantly faster than the lower bound, reflecting potential variability in corrosion growth under different conditions. The wider uncertainty bounds beyond 2030 indicate increased uncertainty in long-term predictions. This prediction shows that the BNN model can capture both the growth and uncertainty of corrosion depth in the future. Similarly, defect length shows an increasing trend over time, as presented in Figure 5.20 (b). However, more inspection data points fall outside the upper and lower bounds around 2010, indicating areas where predictions deviate from observed values. Both corrosion depth and corrosion length predictions suggest that pipelines are likely to experience significant degradation over time. In addition, the prediction uncertainty will become much larger in the long term. Therefore, it is important to perform regular inspections and updates to the model.
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[bookmark: _Toc217896047]Figure 5.20 Prediction of corrosion growth over time (a)corrosion depth, (b) corrosion length

[bookmark: _Toc217895514]5.2.3 Findings
This study utilized advanced AI techniques to enhance pipeline integrity management, focusing on detecting corrosive soil environment and predicting the growth of corrosion defects. Specifically, ILI data and soil environmental parameters were employed to build machine learning models for defect detection and BNN models for predicting corrosion depth and corrosion length over time. The findings of this study can be summarized as follows:
· Machine learning methods such as XGBoost, random forests, and gradient boosting effectively identified pipeline defects, especially when oversampling techniques were applied to address dataset imbalance.
· The BNN model demonstrated robust predictions for both corrosion depth and defect length, capturing the uncertainty and variability of corrosion progression over time.
· Zone-based datasets significantly improved model accuracy and reduced uncertainty compared to the original dataset.
· Pipeline corrosion is more likely to occur in soil environments with high moisture content, low pH and high redox potential.
· The most influential factors for corrosion depth and length show differences when they are modelled separately. The uncertainty of the model to predict corrosion growth in longer term increases significantly due to the dynamic and stochastic nature of corrosion growth.
[bookmark: _Toc217895515]Defect Growth Modeling with Probabilistic Power Models
Considering the limitations of the growth models developed in previous studies, this study proposes a novel methodology for developing a simple probabilistic nonlinear corrosion damage evolution model that offers distinctive characteristics: 
i. Soil properties specific to each defect location are explicitly incorporated into the model formulation to consider spatial variability.
ii. This methodology predicts defect size directly and is applicable for matched or non-matched defect data.
iii. Two different approaches are proposed for modeling corrosion initiation time.
iv. The methodology can incorporate the correlation between defect depth and length models and the measurement error, and if new inspection becomes available model updating can be performed.

[bookmark: _Toc217895516]5.3.1 Modeling methodology
In this study, a power-law function of time model formulation, which can reflect a non-constant damage growth rate over time, is employed for both corrosion maximum depth and length, and the model formulation is expressed as:
	
	(5.14)


where k = types of defect quantity (e.g., k = D and k = L for the maximum defect depth and length, respectively), Yk(t) = defect dimension (e.g., maximum defect depth or length) at a time instant t, t0 = corrosion initiation time, and ek = multiplicative model error. If ek is assumed to follow a lognormal distribution with mean of 1, then log(ek) follows a normal distribution with mean of 0 and an unknown standard deviation, σk.
To consider the spatial dependency, the model parameters (i.e., C1,k and C2,k) are considered as functions of soil properties measured in the field along the pipeline, and the functions are assumed to be as follows:
	
	(5.15)

	
	(5.16)


where θ = {θ1, θ2} = unknown model parameters, x1,i and x2,i = influencing soil properties. It is noted that Eq. (5.15) is the general form of linear regression [100]. Note that since a protective oxide film is formed on the corrosion defect over time, the growth rate is expected to decrease gradually with time. To model such phenomena, the exponent in the power term of the growth model (i.e., C2,k) needs to be constrained between zero and one to ensure that the evolution model provides a decreasing growth rate over time; thus, the transformation expressed in Eq. (5.16) is adopted with the inspiration of the logistic regression concept [100].

Two ways to model defect initiation time
[bookmark: _Hlk166149411]Based on previous research [57, 101], the occurrence of defects can be assumed to follow a homogeneous Poisson process characterized by a rate parameter, and also it is assumed that the defects with larger detected sizes occur earlier than those with smaller dimensions. Therefore, the initiation time of each defect (time distance from a fixed point in time) is sum of exponential distributions between successive occurrences and follows a gamma distribution [102]; that is, t0,k ~ Gamma (αk, βk). As a result, the gamma distribution scale parameter, βk, is an unknown model parameter to be estimated and the shape parameter, αk, represents the ranking of each defect based on its dimension. Consequently, one can also predict the number of newly generated defects since the last inspection using this Poisson process.
To further clarify the idea, Figure 5.21 illustrates the relationship of initiation times of individual defects, where the blue circles represent corrosion features and bigger circles represent deeper (or longer) defects, and it is assumed that deeper (or longer) defects occur earlier than others. According to the porbability theory, if the number of occurred corrosion defects at time t follows a Poisson distribution by a rate paramter λ, then the time interval between the initiation time of defects Ti - Ti-1 follows the exponential distribution (i.e. Ti - Ti-1 ~ Exp (λ)), and the initiation time of each defect, Ti, follows a gamma distribution (i.e. Ti ~ Gamma (α, β)) in which α (=1, 2, …) is the known ranking of each defect with α = 1 being the deepest (or longest) defect, and β is an unknown model parameter that will be estimated along with other unknown model parameters through MCMC simulation.
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[bookmark: _Toc217896048]Figure 5.21 The relationship between initiation times of individual defects
When using MCMC simulation approach (which is described in the next subsection) to estimate unknown parameters in the model, the defect initiation time, t0, is sampled randomly from the corresponding gamma distribution. However, the generated gamma random number that represents the pit initiation time (t0,k) may exceed the inspection time, which is physically meaningless and not acceptable. To address this issue, truncated gamma distributions are employed by setting the upper bound of the distributions to be equal to the inspection time. Furthermore, it is observed that when employing MCMC to explore the posterior distribution of unknown parameters, the convergence can be exceedingly slow or even unattainable because of the significant variability in the randomly generated defect initiation times, even when the parameter βk remains the same. To address this challenge, one solution is to utilize the mean value of the truncated gamma distribution as the defect initiation time (t0,k) at each iteration of the MCMC process. This mean value can be estimated by applying principles of probability theory as below [102]:
	
	(5.17)


where Γ(.) is the gamma function and tInsp = inspection time. Note that for non-truncated gamma distribution, the mean value is the product of αk and βk, while for truncated gamma distribution, integration as expressed in (5.17) is required. Fortunately, the analytical solution for the above integration can be obtained. 
The derivation of the expectation value of the nth order of a truncated gamma random variable X ~ Gamma (α, β) is described here. In general, the expectation value of the nth order of a gamma random variable X ~ Gamma (α, β) is defined as [102]:
	
	(5.18)


in which f (.) is the PDF of the gamma distribution as below:
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It can be shown that (5.20) can be simplified as:
	
	(5.20)


which corresponds to the complete gamma distribution. For the incomplete (truncated) gamma distribution, however, the lower incomplete gamma function needs to be employed as:
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in which tInsp is the inspection time, i.e., the truncation points of the gamma distribution. Finally, to obtain the mean value (the 1st order expectation) of the truncated gamma distribution, the parameter n in (5.22) is set equal to unity as
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Note that (5.23) cannot be further simplified since the numerator is incomplete gamma function but the denominator is complete gamma function.
When n = 1, the mean value of t0,k is calculated by
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Alternatively, one can assume the pit initiation time is a linear function of soil properties, as shown below
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where θ3 = unknown model parameters, and x3,i = influencing soil properties. Modeling through Eq. (5.24) is suitable particularly for cases where operators have the defects data of a pipeline network, and the relative location of defects is not known, or all the defects do not belong to the same segment of pipeline. In those situations, the Poissonian assumption used in Eq. (5.23) cannot be made; instead, one can use Eq. (5.24) to model the initiation time. As shown in Eq. 5.24), the initiation time is distinct for the defects that are exposed to different soil environment, which is a reasonable assumption for external corrosion.

Bayesian statistics
Bayesian updating framework [103] and MCMC simulation technique are utilized to estimate the joint probability density function (PDF) of the unknown parameters, Θ, that includes θ, βk (if t0,k is assumed to follow a Poissonian process) and σk. If X denotes the vector of data used to update the model parameters, the posterior joint PDF of Θ, p′′(Θ), can be written as [103]:
	
	(5.25)


where ,  likelihood function, p′(Θ) = prior joint PDF of Θ. When the model error, ek, in Eq. (5.14) is assumed to follow a lognormal distribution, considering the correlation coefficient between depth and length model error standard deviations, ρ, the likelihood function can be written as a bi-variant normal distribution as expressed below:
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where Nd is the number of defects in a given pipeline segment. To efficiently estimate the posterior statistics, a sampling-based technique such as MCMC simulations can be employed [104]. In this study, DRAM [105], which combines the Delayed Rejection (DR) and Adaptive Metropolis (AM) methods, was used as an efficient adaptive MCMC sampling. Also, for the convergence to the posterior PDFs, the Geweke criterion [106] is used in this study.

Selection of soil properties in model development
To consider the spatial variability of soil properties along the pipeline length and the soil influence on defect growth, the soil parameters (i.e., x1 and x2) are integrated into the growth models through C1,k and C2,k. To select the soil properties that contribute to the modeling, a simple procedure is proposed here.
First, the entire length of the pipeline is divided into shorter segments of equal length resulting in q segments. The segment length is selected such that it is short enough so that the variation in soil properties is small (i.e., homogeneity) within each segment; however, the segment should be long enough to contain enough number of defects. In this way, one can consider that the defects within each segment follow the same corrosion growth model but just with different initiation times. A damage growth model is derived for each segment without using soil characteristics and thus q sets of C1,k and C2,k are obtained. Afterwards, a regression analysis is conducted to determine if the values of C1,k and C2,k have statistical relationships with any soil properties by considering mean values of soil properties in a given segment as predictors and C1,k or C2,k as the regression response. This procedure is followed for C1,k and C2,k in depth and length dimensions separately. 
One should avoid inclusion of too many soil properties (thus too many unknown parameters) in the model, since it may result in chains convergence issue in the MCMC sampling. Therefore, model selection methods (e.g., best subset selection [100]) should be applied building the regression relationships with most concise forms. One can employ nonlinear regression analysis using all available soil properties in C1,k, C2,k, and t0,k formulations followed by a model reduction technique (e.g., best subset selection) to reduce the complexity of the model.
[bookmark: _Ref139691098]
Measurement error implementation
In this subsection, the procedure of implementing a known measurement error in the model development framework is described. Given the inherent uncertainty of ILI tools, there are always discrepancies between the “true” corrosion dimensions and the measured ones. To capture such uncertainty, the following relation can be considered:
	
	(5.27)


where YILI,k = ILI-measured dimension, Yk = true dimension, and em,k = measurement error, which is commonly assumed as normal distribution, that is, em,k ~ N (bm,k, σm,k) where bm,k and σm,k are bias and standard deviation of the measurement error, respectively. 
On the other hand, Eq. (5.27) can be rewritten as 
	
	(5.28)


where  = point estimation of damage quantity predicted by the model. With the assumption of em,k ~ N (bm,k, σm,k) and log(ek) ~ N (0,σk), the incorporation of measurement error changes the likelihood function to be:
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[bookmark: _Toc217895517]5.3.2 Growth model development
This ILI dataset is obtained from an onshore pipeline that spans a total length of 112 km and has been under operation since 1969 near the Gulf of Mexico. The pipeline has an outside diameter of 18 inches and a nominal wall thickness of 0.252 inches, and it is made of X52 steel. A total of 2,583 defects are identified through two ILI runs, one completed in 2005 utilizing MFL technology and the other completed in 2010 and 2011 utilizing UT technology, and depth and length of these anomalies were measured. 
Figure 5.22 (a) and Figure 5.22 (b) show the depth and length of defects, respectively, with respect to the location of identified defects along the pipeline length, where wt represents wall thickness. Note that no measurement data is available between 56.9 km and 53.3 km, and such interval is marked by the vertical dashed lines shown in Figure 5.22. This lack of data was due to the fact this pipeline segment is non-piggable. In addition, Figure 5.22 (c) shows the scatter plot of defect depth vs length; neither positive nor negative correlation between the measured depth and length are observed. Figure 5.23 shows the histogram of the defect dimensions obtained from the two inspections in terms of counts. As shown in Figure 5.23, for both inspections almost one third of the detected defects are in the range of 0.15-0.20 wt in depth and most defects have lengths less than 1 mm. In addition, it is observed that more defects are detected in the 2nd inspection (1,973 detected) compared to the 1st inspection (610 detected) and the defects identified in the 2nd inspection generally have higher dimensions. 
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[bookmark: _Toc217896049]Figure 5.22 Distribution of identified defects in the Mexico1 dataset along the pipeline: (a) depth, (b) length, and (c) scatter plot of defect depth vs. length
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[bookmark: _Toc217896050]Figure 5.23 Histogram of identified defects dimension in the Mexico1 dataset: (a) depth and (b) length
The analysis was first conducted using all the defects, but the fitting was found not good. It was observed there were small amounts of data having corrosion length greater than 10mm (as shown in Figure 5.23) and the fitting accuracy improved after excluding those data. Therefore, the defects longer than 10 mm were removed from the dataset, and the analyses are based on the remaining defects (i.e., 597 and 1,926 defects in the 1st and 2nd inspections, respectively). However, no reasonably matched defects could be identified when comparing the defect locations obtained from the 1st and 2nd inspections. This is not surprising given that two different technologies are employed for the inspections, and inherent measurement errors (in terms of defect detection, location, and dimension measurement) always exist in the ILI technologies. 
In addition, at the location of each detected defect, information regarding soil properties is available including soil moisture, pH level, sulfate (SO4) content, resistance, redox potential, carbonate (CO3) concentration, etc. As expected, the soil properties vary along the pipeline length. For instance, the variations of soil moisture and pH throughout the entire length of the pipeline is shown in Figure 5.24. It is anticipated that such spatial variability in the surrounding environment properties contribute to the spatial variability of the corrosion defect growth.
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[bookmark: _Toc217896051]Figure 5.24 Variations of soil properties along the pipeline: (a) moisture and (b) pH

Model development
Note that when using Eq. (5.14) to model defect growth, no matched defects are needed. Before developing a growth model for the whole pipeline, one needs to investigate if any soil property contributes to defects growth. The 112 km pipeline is divided into 56 segments, with each segment spanning a length of 2 km. Then, 56 pairs of C1,k and C2,k values are obtained by using Eq. (5.14) without using soil properties. Subsequently, linear regression analyses are performed by using C1,k and C2,k as the response variables and the mean values of the soil parameters for each segment as the predictors. A best subset model selection process [100] identifies soil moisture (M) and soil resistance (R) as the influential quantities for depth growth, whereas HCO3 and Cl for length growth. Correspondingly, Eqs. (5.15) and (5.16) are obtained for Mexico1 dataset as Eqs. (5.30) to (5.33):
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	(5.31)

	
	(5.32)

	
	(5.33)


With the identified soil properties, the unknown model parameters in Eqs. (5.14), (5.15), and (5.16), Θ = {θ, βk, σk}, are then estimated using MCMC simulations. It is noteworthy that the initiation time for corrosion depth and length growth are assumed to be different (that is, D can be different from L) in this study. Such assumption is reasonable, because: (1) the deeper defects are not necessarily longer, which can be easily observed from the scatter plots of depth and length dimensions (as shown in Figure 5.22 (c)); and (2) the damage evolution can be different in different directions such as in the wall thickness and longitudinal directions.
One could use the inspection data for the whole length to develop one growth model or use inspection data of multiple segments to develop multiple models correspondingly. If the segment is too long, the model may not be accurate; on the other hand, if it is too short, the inspection data may not be sufficient to develop an accurate model, and thus multiple models have to be developed. In this study, the 112 km pipeline is divided into two halves with 56km for each, and two models are developed respectively. Specifically, the first half pipeline includes 705 defects (323 & 382 from the 1st and 2nd inspections, respectively), and the second half pipeline includes 1,818 defects (274 & 1,544 from the 1st and 2nd inspections, respectively). For simplicity, only the results of the first half pipeline are shown below.
Table 5.6 provides a summary of the statistical characteristics derived from the posterior distribution of the model parameters for the first half of the pipe, assuming no prior knowledge for the unknown model parameters for the Bayesian updating. The correlation coefficient between the errors of the depth and length models is found to be approximately 21%. This indicates that depth and length models should be developed jointly with consideration of the correlation coefficient between the errors in the likelihood function (as shown in Eq. (5.21)). In addition, Figure 5.25 shows the scatter plot of predicted versus measured defect dimension in the logarithmic space, where the solid line corresponds to the unity line and the dashed lines represent 80% confidence interval. As shown in Figure 5.25, most dots fall within the 80% confidence interval for both depth and length. Nevertheless, the accuracy of length predictions diminishes with increasing measured lengths, and this can be explained by the impact of the measurement error, which is discussed next.



[bookmark: _Toc217896102]Table 5.6 Posterior distribution statistics of model parameters for the first half of the pipeline
	
	Model parameter
	Corresponding random variable
	Mean
	Stdv
	Coefficient of variation 
(%)
	Median
	Geweke

	depth
	θ1,0
	Intercept
	0.379
	0.055
	14.5
	0.382
	0.962

	
	θ1,1
	Soil Moisture
	-1.126
	0.205
	-18.2
	-1.142
	0.938

	
	θ2,0
	Intercept
	9.823
	2.661
	27.1
	9.820
	0.938

	
	θ2,1
	Soil Moisture
	-16.095
	10.325
	-64.2
	-14.656
	0.932

	
	θ2,2
	Resistance
	-0.041
	0.021
	-52.5
	-0.044
	0.828

	
	βD
	-
	0.710
	0.012
	1.6
	0.709
	0.983

	
	σLnD
	-
	0.148
	0.006
	3.7
	0.148
	0.987

	length
	θ1,0
	Intercept
	0.135
	0.013
	9.7
	0.134
	0.983

	
	θ1,1
	HCO3 
	0.002
	0.003
	190.2
	0.002
	0.801

	
	θ1,2
	Cl 
	-0.005
	0.002
	-40.7
	-0.005
	0.820

	
	θ2,0
	Intercept
	5.880
	2.451
	41.7
	6.130
	0.812

	
	θ2,1
	HCO3 
	34.923
	14.530
	41.6
	38.313
	0.848

	
	θ2,2
	Cl
	14.331
	5.255
	36.7
	14.339
	0.953

	
	βL
	-
	0.283
	0.003
	1.0
	0.283
	0.994

	
	σLnL
	-
	0.336
	0.014
	4.2
	0.334
	0.985
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[bookmark: _Toc217896052]Figure 5.25 Comparison between predicted vs. measured defect dimension: (a) depth and (b) length
Effects of soil properties and measurement error
In order to demonstrate the effectiveness of soil properties inclusion in the growth models and also the impact of measurement error on the growth modeling, two additional sets of growth models (named as Models 2 and 3, respectively) are developed and compared with the previously developed models (named as Model 1) shown in Eq. (5.14) and Eqs. (5.30) – (5.33). For the first additional set (Model 2), depth and length models are developed without incorporating the soil properties by treating C1,k and C2,k as constants in Eq. (5.14). For the second additional set of models (Model 3), the likelihood function shown in Eq. (5.29) is applied to incorporate the measurement error. 
Regarding the detection accuracy, a few studies [56, 107, 108] found that deeper features have tendency to be oversized by ILI; thus, measurement error non-constant biases shown in Figure 5.26 is assumed in this study in order to illustrate the incorporation of error bias in the proposed probabilistic framework. Specifically, as shown in Figure 5.26 (a), for measured depth between 20 and 30%wt, an oversizing bias is assumed to be linearly varied from 0 to 10%wt, and for measured depths beyond 30%wt, a constant bias of 10%wt is assumed. As shown in Figure 5.26 (b), for measured length between 5 and 10 mm, an oversizing bias is assumed to vary linearly from 0 to 3 mm, and for measured lengths beyond 10 mm, a constant bias of 3 mm is considered. In addition, standard deviations of the measurement error are also assumed to be 7.8%wt and 2.34 mm for depth and length respectively, so that the probability that the depth measurement error is between ±10%wt is 80% (consistent with studies [54, 56, 109]) and the probability that the length measurement error is between ± 3 mm is also 80%. 
[image: ]
(a)
[image: ]
(b)
[bookmark: _Toc217896053]Figure 5.26 Considered measurement error bias in measured (a) depth and (b) length
Model performance
The performance of three sets of models are evaluated and compared using three quantitative measures summarized in Table 5.7, growth evolution of defects given in Figure 5.27, and scatter plots of the predicted and measured sizes presented in Figure 5.28 and Figure 5.29. 
[bookmark: _Toc217896103]Table 5.7 Summary of quantitative measures for prediction performance of three sets of models
	Model
	Soil properties incorporated?
	Measurement error incorporated?
	Corrosion quantity
	R2
	MAPE
	MSE

	1
	
	−
	Depth
	0.90
	11.41
	0.03

	
	
	
	Length
	0.74
	27.82
	0.90

	2
	−
	−
	Depth
	0.87
	15.10
	0.04

	
	
	
	Length
	0.73
	29.06
	0.95

	3
	
	
	Depth
	0.88
	9.06
	0.01

	
	
	
	Length
	0.80
	26.71
	0.51

	 Inspection data       Predicted growth curve
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[bookmark: _Toc217896054]Figure 5.27 Predictive evolution of corrosion depth (top) and length (bottom) over time: (a) considering soil properties and no measurement error, (b) without considering soil properties and measurement error, and (c) considering soil properties and measurement error
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[bookmark: _Toc217896055]Figure 5.28 Scatter plot of predicted vs. measured defect depth: (a) Prediction model considering soil properties and no measurement error; (b) Prediction model without considering soil properties and measurement error; (c) Prediction model considering soil properties and measurement error
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[bookmark: _Toc217896056]Figure 5.29 Scatter plot of predicted vs. measured defect length: (a) Prediction model considering soil properties and no measurement error; (b) Prediction model without considering soil properties and measurement error; (c) Prediction model considering soil properties and measurement error
The quantitative measures used in Table 5.7 are the absolute fraction of variation, also known as coefficient of determination (R2), the mean absolute percentage error (MAPE), and the mean squared error (MSE). While the R2 values indicate the goodness of fitting, the MAPE and MSE provide intuitive measures of the model prediction accuracy; they are calculated using the following equations:
	
	(5.34)

	
	(5.35)

	
	(5.36)


where Ns = number of samples and = sample mean. 
As presented in Table 5.7, the prediction accuracy of corrosion depth is higher than length for all three sets of models in terms of all three measures. Model 1 (incorporating soil properties) has better prediction accuracy than Model 2 (without incorporating soil properties), indicating that incorporating soil properties can play an important role in the growth modeling even though the models without incorporating soil properties provide a decent performance with R2 of 0.87 and 0.73 for depth and length, respectively. Moreover, Model 3 (that considers both soil properties and measurement error) has better prediction accuracy than Model 1 (that considers only soil properties) particularly in terms of MSE and MAPE, indicating that measurement error in the model development can capture the bias and variation that may not be explained by the model formula, resulting in higher prediction accuracy.
[bookmark: _Hlk168464404]Figure 5.27 compares the growth evolution curves predicted by Models 1, 2, and 3. For Model 2 (without considering soil properties), growth evolutions for different defects are only different in initiation time, i.e. curves are just shifted along the time axis as shown in Figure 5.27 (b). However, when soil properties are incorporated as shown in Figure 5.27 (a) and (c), the shape of each curve can be unique and changes from one defect to another. In addition, Figure 5.27 (c) also shows that by removing the oversizing bias from the defects dimension, the blue dots become less spread which in turn leads to higher model prediction accuracy as mentioned in Table 5.7.
Figure 5.28 and Figure 5.29 compare the scatter plots of the predicted and the measured defect depth and length, respectively, in the original space using the three sets of models, where the solid line is the unity line, and the dashed lines refer to 80% confidence interval. First, for all three models, the majority of predictions lie within the 80% confidence interval for both depth and length; however, the length prediction accuracy considerably decreases as the measured length increases. After removing the oversizing bias for deep and long defects in Model 3, as shown Figure 5.28(c) and Figure 5.29(c), considerable improvement in prediction accuracy is observed. When no soil properties are considered in Model 2 (as shown in Figure 5.28(b) and Figure 5.29(b)), the accuracy of prediction seems to be as good as Models 1 and 3 (where soil properties are considered as shown Figure 5.28 (a), (c) and Figure 5.29 (a), (c)), but Model 2 has much less spread in the prediction. This is because for two individual defects that are measured with the same dimensions in ILI, Model 2 will predict the same value for the two defects; however, Model 1 or Model 3 can distinguish between the two defects based on their location in terms of soil properties and provide two different predictions. 
Figure 5.30 further illustrates the impact of incorporating soil properties in the growth model using growth evolution curves for 12 defects that all have the same measured depth of 20%wt in ILI but with different inspection-to-installation time interval. In Figure 5.30, the black solid lines are the 12 different growth paths predicted by Model 1 that considers soil properties, while the red dashed line is one growth path for all the 12 defects predicted by Model 2 that does not consider soil properties. As shown in this figure, soil properties can differentiate between the growth path, despite all the defects have the same measured dimension in ILI, and therefore leading to 12 different growth paths. 
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[bookmark: _Toc217896057][bookmark: _Hlk167701165]Figure 5.30 Effect of soil properties inclusion in the prediction model on the defect growth
[bookmark: _Hlk147994196]
[bookmark: _Toc217895518]5.3.3 Findings
Time-dependent reliability analysis is an integral part of planning cost-effective strategies for pipeline inspection, maintenance, and rehabilitation. A key aspect of this analysis is the development of a dependable probabilistic model for the time-evolution of corrosion sizes in pipelines. The proposed methodology in this study offers a novel approach to develop external corrosion damage evolution models for buried steel pipelines using ILI data, and two ways to model defect initiation time are also proposed. The advantages of the proposed approach are highlighted below: 
· By incorporating a Poisson process for corrosion initiation time, no uniform pitting initiation time is assumed for all defects, and newly generated defects can also be predicted and considered in the performance evaluation. 
· By directly using corrosion defect dimensions not corrosion rate, the methodology does not require matched defects, thus providing more accurate and flexible modeling of corrosion growth. 
· By integrating soil properties explicitly into the growth models, the spatial variability of surrounding environment properties along the pipeline length is accounted for without making segmentation or homogeneous assumptions, and defect-specific prediction models are then obtained. Therefore, the developed models are both time- and space-dependent. 
· By incorporating soil properties, the developed models can also be extended to use for non-piggable segments of a pipeline where ILI cannot be performed. 
· Defects depth and length correlation are considered through the likelihood function in the Bayesian framework; and this study shows that such correlation is not negligible. 
In addition, ILI measurement uncertainty and the procedure of propagating this uncertainty into the defect dimension prediction are discussed and illustrated. The methodology introduced in this study is applied to one dataset of field ILI, and the probability of failure of the pipeline over time was estimated considering two failure modes of small leak and burst. The following conclusions can be drawn:
· The proposed methodology led to unbiased, reasonably accurate results, which demonstrates its suitability in developing corrosion growth models.
· Incorporating the soil properties in the model can differentiate between the growth path of different defects and hence can lead to more accurate predictive estimates of probability of failure.
· Incorporating the measurement error and oversizing bias of ILI devices can further improve prediction accuracy.
[bookmark: _Toc217895519]Identification of Corrosive Soil Environment
[bookmark: _Toc217895520]5.4.1 Anomaly Detection with Machine Learning
Anomaly detection is to identify unusual conditions that may pose a threat to the safe and efficient operation of pipelines. By detecting potential issues at an early stage, defect detection enables timely maintenance and reducing the risk of accidents. In this study, several machine learning models were used to identify anomalies in the soil environment, including extreme gradient boosting (XGBoost), random forest, decision trees, adaptive boosting (AdaBoost) and gradient boosting. These machine learning methods are rooted in ensemble learning, where multiple models are combined to improve prediction accuracy and robustness. Techniques like random forests and decision trees build models that capture non-linear relationships and feature interactions. The boosting methods such as AdaBoost, XGBoost, and gradient boosting iteratively enhance performance by focusing on previously misclassified data. 
When the number of normal samples differs significantly from the number of defect samples, an imbalanced data problem arises. To address this problem, different techniques can be used, such as resampling methods, algorithmic modifications, and ensemble methods. In this study, to increase the number of minority classes in the dataset, oversampling methods were used. This approach adds more samples of the minority class, either by duplicating existing samples or generating synthetic ones. Two methods, Synthetic Minority Over-sampling TEchnique (SMOTE) and Conditional Generative Adversarial Network (cGAN), were employed as data augmentation methods. SMOTE is an approach used to address the problem of imbalanced datasets by generating synthetic samples for the minority class. cGAN is an extension of the original GAN framework, designed to generate data samples conditioned on certain information, such as class labels. 
To classify normal and defect classes, all soil environment parameters mentioned above were used as inputs in the machine learning model. Three metrics including accuracy, precision, and recall were used to evaluate the model performance, as shown in Eq. 5.37 to 5.39. Accuracy measures the proportion of total correct predictions. Precision indicates the proportion of positive predictions that are correct. Recall measures the proportion of actual positive cases that were correctly identified.

		(5.37)

		(5.38)

		(5.39)
where, TP is number of positive (defect) samples correctly predicted as positive; TN is number of negative (normal) samples correctly predicted as negative; FP is number of negative samples incorrectly predicted as positive; FN is number of positive samples incorrectly predicted as negative.

[bookmark: _Toc217895521]5.4.2 Augmented Datasets and Analysis Results
Based on the ILI dataset, the locations having observations with pipe corrosion defects were considered as corrosive soil environment (defect data), while those without corrosion were classified as normal data. The number of samples in the normal data was found much greater than that in the defect data in the original dataset, while the number of defect samples was slightly greater than the number of normal samples in the zone-based dataset. To address the problem of imbalanced data, SMOTE and cGAN were employed to generate new data for minority class. It should be noted that these data augmentation methods would not be effective in extreme cases, such as a pipe with no defects or one that is fully corroded.
Datasets before and after using oversampling methods can be seen in Figure 5.31. The number of defect class and normal class became more equivalent after oversampling. 
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[bookmark: _Toc217896058]Figure 5.31 Number of observations before and after data augmentation for the (a) original dataset, (b) zone-based dataset
The analysis results based on classification accuracy using various machine learning techniques are shown in Table 5.10 and 5.11, respectively, for the original and zone-based dataset. The performance metrics of the best model among five machine learning models (XGBoost, random forest, decision trees, AdaBoost and gradient boosting) are presented for the baseline dataset and the ones after data augmentation.
Although most methods achieved an accuracy above 80%, the precision and recall values of these models were quite low before data augmentation. This indicates that machine learning methods were biased towards the majority class (normal class) as they aimed to minimize overall error. Therefore, the performance in detecting defects was poor, resulting in a high rate of false negatives. The primary cause of this issue can be attributed to the imbalanced nature of the original dataset. Similar analysis was conducted on the zone-based dataset. The recall and precision values for the zone-based dataset were considerably higher, suggesting that the issue of imbalance was less pronounced in this dataset. This indicates that the zone-based approach may mitigate the impact of data imbalance, leading to improved defect detection performance.
[bookmark: _Toc217896104]Table 5.8 Model performance before and after data augmentation (original dataset)
	Metrics
	Baseline
	SMOTE
	cGAN

	Accuracy
	87%
	78%
	87%

	Recall
	0.36%
	54%
	50%

	Precision
	12.5%
	30%
	32%



[bookmark: _Toc217896105]Table 5.9 Model performance before and after data augmentation (zone-based dataset)
	Metrics
	Baseline
	SMOTE
	cGAN

	Accuracy
	78%
	80%
	85%

	Recall
	72%
	75%
	76%

	Precision
	83%
	91%
	90%



After data augmentation, the baseline model achieved the highest accuracy, followed by cGAN and SMOTE for the original dataset. However, accuracy is not the most suitable metric for evaluating performance in the context of imbalanced data. When considering recall and precision, both SMOTE and cGAN outperformed the baseline model. Although the recall and precision values remain relatively low, they represent significant improvement over the baseline, indicating that oversampling methods can effectively enhance defect detection performance. For the zone-based dataset, all methods demonstrated satisfactory performance. The cGAN method produced superior results by improving both recall and precision without significantly impacting accuracy.
Sophisticated machine learning algorithms can provide accurate predictions, but it is challenging to interpret the model. In this study, Shapley Additive Explanation (SHAP) was applied for global interpretation of the model, providing insights into the positive and negative correlations between features and predictions. The SHAP framework assigns an important value to each feature by computing its marginal contribution. This is done by systematically removing and adding features to the model and evaluating the impact on predictions. The final SHAP value represents the average contribution of a feature in all possible feature subsets. As shown in Figure 5.32, SHAP values provide an ordered ranking of feature importance in the model. The descending order of soil parameters reflects their relative influence on corrosion defects, from the most to the least significant factors. Each point represents a data sample. The horizontal position of each point indicates the impact of a feature on the prediction, while color encoding represents the feature value (red for high and blue for low). If a point is positioned to the right of zero, the feature positively contributes to the prediction, while a position to the left indicates a negative contribution. 
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[bookmark: _Toc217896059]Figure 5.32 Importance of parameters on corrosive soil environment based on SHAP plot.

Positive SHAP values indicate that a feature increases the likelihood of corrosion, whereas negative SHAP values suggest a reduced likelihood of corrosion. Based on Figure 5.32, it can be observed that soil moisture has the highest impact on corrosive environment. Higher moisture levels significantly increase corrosion likelihood, due to the enhanced conductivity facilitating electrochemical reactions. Soil resistivity at both 1m and 2m depths is another critical factor; lower resistivity values correlate with increased corrosion risk. Parameters like pH and soil redox potential also play significant roles. Most red dots of pH locate in the negative region, indicating a negative correlation between pH and corrosion growth. In contrast, soil redox potential is positively correlated with corrosion growth. Therefore, lower pH values and higher redox potentials would accelerate corrosion growth. Other chemical components, such as HCO₃-, Cl-, and SO₄²-, have varying influences, with higher concentrations typically increasing corrosion risk due to their aggressive chemical behavior. 

[bookmark: _Toc217895522][bookmark: OLE_LINK7][bookmark: OLE_LINK8]5.4.3 Findings
Based on ILI and soil survey data, machine learning models with data augmentation were employed to detect anomalies by identifying corrosive soil environment at an early stage. Different machine learning methods such as XGBoost, random forests, and gradient boosting were analyzed for anomaly detection. The application of data augmentation techniques improved their effectiveness by addressing the problem of data imbalance. The results show that pipeline corrosion was more likely to occur in soil environments with high moisture content, low pH and high redox potential.


[bookmark: _Toc217895523]Quantification of Probability of Failure
[bookmark: _Toc217895524]Pipe Capacity before and after Composite Wrap Repair
For pipelines, probability of failure refers to the likelihood that a pipeline will experience some form of failure within a specified period of time [110]. It is a conditional probability of reaching or exceeding the specified limit state of pipelines for a given condition boundary. Probability of failure is usually used in risk-based inspection and maintenance planning to prioritize efforts and resources based on where they will be most effective in preventing failures and their associated consequences. 
A pipeline under pressure that has corrosion defects will mainly experience two types of failures: leakage and burst failure [57, 111]. Small leak failure will occur when the corrosion depth exceeds the pipeline thickness. Its probability of failure before repair can be calculated as shown in Eq. (6.1).
	

	(6.1)


where, dw is the original wall thickness of pipeline; d is the maximum corrosion depth.
After applying a composite wrap repair, the effective wall thickness of the pipeline system changes. The composite wrap acts as an additional reinforcing layer, enhancing the structural integrity and increasing the resistance to leakage failure. The effective wall thickness after repair is defined as Eq. (6.2).
	

	(6.2)


where, deff is the effective wall thickness after repair; dwrap is the thickness of composite wrap; β is the effectiveness coefficient of wrap, representing the degree to which the wrap contributes to the effective wall thickness.
Therefore, the leakage failure probability after repair is calculated by modifying the limit state to reflect the increased effective wall thickness, as shown in Eq. (6.3).
	

	(6.3)


Burst failure refers to a scenario where the operation pressure of a pipeline exceeds its pressure capacity. The probability of burst failure can be quantified as presented in Eq. (6.4).
	

	(6.4)


where, Pb is the burst pressure capacity of corroded pipeline; Pp is the operation pressure.
For an accurate burst pressure capacity estimation, it is crucial to predict the remaining strength of pipelines with corrosion defects. Amaya-Gómez, Sánchez-Silva, Bastidas-Arteaga, Schoefs and Muñoz [112] evaluated various prediction models for pipeline remaining strength, focusing on uncertainties in operating conditions and material properties. Generally, the methods to assess the remaining strength of corroded pipelines can be divided into three categories [113]. Level 1 uses just the deepest point and the estimated length of a defect for evaluation. Level 2 considers the possible interactions between defects. Level 3 employs a nonlinear finite element (FE) analysis. Level 3 method can usually produce predictions with around a 5% margin of error with comprehensive dataset, which is more accurate. 
The general form of remaining strength model can be seen as Eq. (6.5) [114].
	

	(6.5)


where, Pb is the burst pressure capacity of corroded pipeline; P0 is the burst failure pressure of intact pipelines, which can be estimated assuming the hoop stress as the ultimate strength of pipeline materials; d is the corrosion depth; t is the wall thickness; M is the Folias factor.
To be consistent with the prediction model after repair, the Folias factor M was calculated based on modified ASME B31G criterion (also known as RSTRENG 0.85), as expressed in Eq. (6.6).
	

	(6.6)


where, l is the corrosion length; D is the outer diameter of pipeline.
Using Level 3 method, the general structure of burst pressure reliability model before repair can be reorganized as Eq. (6.7) [114, 115].
	

	(6.7)


where, σflow is the flow stress of pipe material; D is the diameter of the pipe; d is the corrosion depth; l is the corrosion length; k1 and k2 are fitted constants which can be determined through FE analysis.
To obtain the fitting values of k1 and k2, Phan, Dhar and Mondal [114] used the optimized method to minimize the Sum of the Squares of Errors based on the FE database. And the fitted equation of burst pressure capacity before repair is shown in Eq. (6.8) [114, 116].
	

	(6.8)


Eq. (6.8) was found to provide the most reasonable estimation of the burst pressure reduction factor with respect to the FE results. It provides conservative values of the burst pressure with respect to the experimental burst test results available in literature. Therefore, for the burst pressure estimation before repair, Eq. (6.8) will be used in this study.
The pipeline corrosion investigated here is primarily steel corrosion that refers to the material degradation due to environmental reactions. These degradation processes are fundamentally electrochemical, though factors like erosion and stress corrosion are influenced by both chemical and mechanical elements. Traditional approaches to repair the corroded steel pipe include using a protective coating, welding, replacement or bolting steel plates [117], which is labor-intensive or expensive. As a result, for pipelines showing partial-wall metal loss, a widely adopted solution is to wrap the defect section with a composite wrap, complemented by an interlayer adhesive filler [118]. The basic idea of this repair approach is the strategic transfer of hoop stress, which is induced by the internal fluid pressure within the pipeline. This stress is effectively redirected from the defect areas of pipelines to the stabilizing composite wraps, providing a critical layer of support and protection.
As an effective composite material, fiber-reinforced polymers (FRP) have been widely used in composite wrap [119, 120]. It is reported that repairing with FRP is an ideal method for damaged pipelines due to its lightweight, high-pressure capacity and corrosion resistance [121, 122]. A lot of studies have focused on using different types of FRP to repair corroded pipelines. The advantages of using FRP composite repairs are that there is no need for high temperatures to apply them. They could be applied even when the pipe is in operation. Watanabe Junior, Reis and da Costa Mattos [122] employed FRP composites to repair damaged pipelines from localized corrosion using experimental performance evaluations. They found that FRP could reliably prevent leaks in pipelines with substantial metal loss (up to 80% wall thickness) and even those with defects reaching half the diameter, without inducing any bending. In addition, Mazurkiewicz, Małachowski, Damaziak and Tomaszewski [123] pointed out that pipeline repaired with the composite wrap made of 12 layers of glass fiber-reinforced polymer (GFRP) could withstand loads comparable to the intact pipe. Al-Abtah, Mahdi and Gowid [124] found that GFRP composites could strengthen the welded steel pipes effectively. They illustrated the mitigation of the impacts of heat-affected zones on the pressure and degradation capacities of welded pipes, utilizing a GFRP overwrap system via 5-axes filament winding. Similarly, carbon fiber-reinforced polymers (CFRP) have been employed to structurally repair, strengthen, and rehabilitate onshore steel pipelines. Mahdi and Eltai [125] investigated the behavior of repaired metal pipelines under internal pressure by wrapping CFRP in specific orientations. Their innovative approach involved a wrapping mechanism permitting system adjustments during winding over defect areas. Therefore, using the composite wrap method with fiber-reinforced materials such as GFRP and CFRP is a reliable and effective solution to repair the corroded pipelines.
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[bookmark: _Toc217896060]Figure 6.1 Illustration of pipe-composite wrap system
For the burst pressure capacity after composite wrap repair, it is essential to model the pipe-composite system. As shown in Figure 6.1, assuming that the corrosion defect is localized and material behavior is elastic far from corrosion defects, the repaired pipe can be modeled as two concentric thin elastic cylinders subjected to internal pressure [126]. The corrosion defect is localized and the stress-strain fields far from the defect region are not affected by the localized plastic deformation. Thus, the behavior of the pipe away from corroded portion is elastic in nature. The repaired pipe system is modeled as two concentric thin elastic cylinders subjected to internal pressure. The expressions are obtained for the contact pressure at the interface by assuming the same radial displacement at the interface of the two cylinders.
	

	(6.9)

	

	(6.10)

	

	(6.11)

	

	(6.12)

	

	(6.13)

	

	(6.14)


where, urp and urs are the radial displacement for pipe and wrap; εp and εs are the hoop strain for pipe and wrap; σp and σs are the hoop stress for pipe and wrap; a is the internal radius of original pipe; b is the external radius of original pipe; c is the external radius of pipe-composite system; Pcon is the contact pressure; Pint is the internal pressure; γ is the ratio of contact pressure and internal pressure and can be calculated as depicted in Eq. (6.15).
	

	(6.15)


where, Es is the modulus of composite wrap; Ep is the modulus of pipe substrate.
Therefore, the burst pressure capacity of the repaired pipeline with composite wrap can be determined as shown in Eq. (6.16) [127, 128]. 
	

	(6.16)


By replacing the remaining strength factor in Eq. (14), the burst pressure capacity after composite wrap repair can be organized as Eq. (6.17).
	

	(6.17)



[bookmark: _Toc217895525]Probability of Failure
The probability of failure can be quantified by assessing the likelihood that burst pressure capacity Pb is less than the operating pressure Pp. Therefore, the probability of failure before and after repair can be calculated as expressed in Eq. (6.18) and (6.19).
	

	(6.18)

	

	(6.19)



Monte Carlo simulation was used to calculate the likelihood of failure. Since the obtained corrosion depth and length have a probability distribution, the Monte Carlo simulation can help estimate the uncertainty in the prediction model. By using random sampling method, values were sampled from the probability distributions of the input variables, providing a set of parameters for single iteration. For each set of random parameters, the performance of pipelines was evaluated. Multiple iterations were conducted until they achieved the required accuracy, with each iteration representing a distinct scenario based on random inputs. After all iterations are completed, the probability of failure was estimated based on the simulated percentage of pipeline failures. For each sample, the limit state function was evaluated to determine if a configuration was desired or undesired. The probability of failure is then represented by the ratio of undesired configurations to the total number of samples, as shown in Eq. (6.20).
	

	(6.20)


where, I is an indicator function that is equal to 1 if g(X)≤0 and 0 otherwise. 
The probability of failure can be estimated by interpreting the expected value of the indicator function I as expressed in Eq. (6.21).
	

	(6.21)


The Crude Monte Carlo simulation (CMC) is the simplest form and corresponds to a direct application. It involves simulating a large number n of samples for the random variable set X. All samples that lead to a failure are counted. Upon completing all simulations, the probability of failure can be determined using Eq. (6.22).
	

	(6.22)


where, nf is the counted number of failure simulations; n is the number of all simulations.
Using the pipeline corrosion depth and length predicted by ensemble BNN as an example, the probability of failure of different zones in 2020 (equivalent to 51 years of pipeline age) is calculated as shown in Figure 6.2.
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[bookmark: _Toc217896061]Figure 6.2 Pipeline probability of failure in each zone section before repair
Figure 6.2 reveals that the probability of failure differs across various zone sections. The calculated probability of failure should be lower than the target failure probabilities to meet safety standards. The Det Norske Veritas (DNV) standard (2012) sets target failure probabilities for four limit state types: serviceability (SLS), ultimate (ULS), fatigue (FLS), and accidental (ALS). These are further categorized into three safety classes: low, medium, and high, as detailed in Table 6.1 [57]. For evaluating the performance of existing pipelines, the selected limit state type and safety class should align with those chosen during the design phase. Therefore, this study considers the ULS target failure probabilities to maintain consistency with the design phase. According to the standard, all failure probabilities were below 7×10-4, with the majority being even lower. To assess the efficiency of repairs, the following section compares the probability of failure after repair, using the current condition of the pipeline as a benchmark. 
[bookmark: _Toc217896106]Table 6.1 Target probability of failure
	Limit state
	Safety class

	
	Low
	Medium
	High

	Service-ability limit state (SLS)
	10-2
	10-3
	10-3

	Ultimate limit state (ULS)
	10-3
	10-4
	10-5

	Fatigue limit state (FLS)
	10-3
	10-4
	10-5

	Accidental limit state (ALS)
	10-4
	10-5
	10-5



The mechanisms for repairing defects of operating pipelines with composite wraps are complex because the tensile properties of composites are quite different from those of steel. Even though composite wraps and pipeline steel have comparable strength, composite wraps possess a significantly lower modulus of elasticity or stiffness [129]. For a comprehensive comparison, a diverse range of thickness and modulus of composite wrap materials was chosen for pipeline repair in this section.

Effects of composite wrap thickness
The common thickness of composite wrap used in pipeline repair may vary based on the specific requirements of the repair. Factors influencing wrap thickness include the type and size of the defect, the operating pressure of the pipeline, the material properties of the wrap, and the desired service life of the repair. The common thickness for GFRP wraps can range from a few millimeters to over a centimeter, depending on the repair scenario [130]. For CFRP, the thickness usually starts at around 1.5 mm for a single layer and can go up depending on the number of layers applied. Multi-layer applications of GFRP and CFRP are common to ensure the repaired section has strength and stiffness. To assess the influence of thickness, we examined a range from 2 mm to 10 mm, maintaining a consistent modulus of 20 GPa. The calculated results using Monte Carlo simulations were presented in Figure 6.3.
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[bookmark: _Toc217896062]Figure 6.3 Pipeline probability of failure after repair in each zone (indicated by zone number) with different repair thickness (a) 2 mm, (b) 4 mm, (c) 7 mm, (d) 10 mm
Generally, there is a decrease in the probability of failure as the repair thickness increases at the same location. Using zone 194 as an example, the relationship between thickness and the probability of failure is illustrated in Figure 6.4.

[bookmark: _Toc217896063]Figure 6.4 Probability of failure versus repair thickness in zone #194
Figure 6.4 illustrates a decreasing trend in pipeline failure probability as the thickness of the composite wrap increases. Specifically, as the wrap thickness rises from 2 mm to 10 mm, the probability of failure drops markedly. This demonstrates that thicker composite wraps provide more substantial reinforcement to corroded pipeline sections, enhancing structural integrity and effectively mitigating failure risk. The improved performance is likely due to the increased load-bearing capacity and stress redistribution enabled by the additional material layers. These findings suggested that increasing wrap thickness can be an effective strategy to enhance pipeline safety.

Effects of composite wrap modulus
Steel generally has an elastic modulus between 200-222GPa. However, composite materials commonly used for wraps, such as GFRP, have an elastic modulus ranging from 17-41GPa. CFRP has an elastic modulus nearly double that of GFRP [131]. For this study, the elastic modulus for composites selected in this study varies from 20-80GPa and a consistent thickness of 2 mm. The results derived from Monte Carlo simulations are presented in Figure 6.5.
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[bookmark: _Toc217896064]Figure 6.5 Pipeline probability of failure after repair in each zone section with different material modulus (a) 20GPa, (b) 40GPa, (c) 60GPa, (d) 80GPa
In Figure 6.5, it can be observed that the failure of probability decreased as material modulus increased at the same location. Taking the location of zone #194 as an example, the relationship between modulus and probability of failure is shown in Figure 6.6.

[bookmark: _Toc217896065]Figure 6.6 Probability of failure versus material modulus in zone #194
The analysis reveals a clear inverse relationship between the material modulus of the composite wrap and the probability of pipeline failure. As the modulus increases from 20GPa to 80GPa, the failure probability decreases significantly. This trend indicates that stiffer composite materials can provide improved structural reinforcement when used to repair corrosion defects in pipelines. Higher-modulus materials more effectively redistribute internal stresses away from defect zones, thereby enhancing the integrity of the repaired section. These results suggest that using high-modulus composites can substantially improve repair performance and reduce failure risk.

[bookmark: _Toc217895526]Findings
The assessment and mitigation of pipeline failure risks are essential for ensuring long-term pipeline integrity and operational safety. This section presents a comprehensive methodology for quantifying the probability of failure in corroded steel pipelines before and after composite wrap repair, emphasizing the dual failure modes of leakage and burst. The proposed models utilized advanced structural reliability techniques and high-fidelity Monte Carlo simulations to account for uncertainties in corrosion dimensions and material behavior. The main findings are summarized as follows:
· By integrating the effectiveness of composite wrap materials into the limit state functions, the methodology enables more accurate estimation of leakage and burst failure probabilities after repair.
· By incorporating material-specific parameters such as wrap thickness and modulus, the methodology captures the influence of composite wrap configurations on failure probability, providing quantitative insights into design optimization.
· By using predicted corrosion depth and length, and incorporating these predictions into the probabilistic analysis, the method ensures spatially resolved, zone-specific evaluations of pipeline integrity.
· It demonstrates that increasing the composite wrap thickness and modulus significantly reduces failure probabilities, with results benchmarked against the target failure thresholds. 
The developed probabilistic framework of quantifying the probability of failure provides a practical and effective tool for planning and evaluating composite wrap repairs and decision-making in future pipeline maintenance.


[bookmark: _Toc217895527]Decision Making of Inspection and Repair Strategy
[bookmark: _Toc217895528]Optimized Inspection and Repair Strategy using Reinforcement Learning 
[bookmark: _Toc217895529]7.1.1 Reinforcement learning framework
This section employs a RL framework for optimizing pipeline maintenance decisions, as illustrated in Figure 7.1. The system consists of three integrated components: an agent using Dueling Deep-Q network (DQN), an RL environment modeling the pipeline system, and a cost approximator that helps balance reliability and cost in the maintenance strategy.
[bookmark: OLE_LINK17][bookmark: OLE_LINK18]The pipeline simulation environment acts as a test bench, combining corrosion growth model and reliability model. This environment processes three possible maintenance actions, including do nothing, composite wrap, and replacement. It also generates state information and rewards for the agent. 
Compared with traditional DQN, the Dueling DQN can be more efficient and stable in pipeline maintenance decision-making. This is because some states have similar Q-values regardless of the chosen maintenance action. Dueling DQN separates the Q-value into a state value and an action advantage [132], helping the agent better understand which states are more valuable. This also helps the agent deal with delayed rewards more effectively. Delayed rewards are common in maintenance planning from which the maintenance actions often provide long-term benefits after implementation. Therefore, Dueling DQN encourages preventive maintenance strategies that improve long-term performance and reduce costs.

[image: ]
[bookmark: _Toc217896066]Figure 7.1 Overall framework of RL-based maintenance plan
The goal is to find an optimal policy as shown in Eq. (7.1) [133].
	

	(7.1)


where, π is a policy and π* is the optimal policy; E[·] is the expectation operator; γ is the discounted factor; Rt is the immediate reward at time step t.
The life-cycle cost for each zone can be calculated as Eq. (7.2). And the total cost is the sum of life-cycle cost of each zone.
	

	(7.2)


where, nin is the inspection times; Cin is the inspection cost for one zone; tini is the year when ith inspection for the corresponding zone occurs; ns is the number of times the composite wrap is used; Cs is the composite wrap cost; r is the annual discount rate, which is 0.03 in this case; tsi is the year when ith composite wrap repair occurs; nr is the number of times the replacement is used; Cr is the replacement cost; trj is the year when jth replacement occurs; ΔPli is the is the incremental leakage failure probability in year i; Cl is the leakage failure cost; ΔPbi is the is the incremental rupture failure probability in year j; Cb is the rupture failure cost.

State space
The state space is designed to comprehensively represent the condition of pipelines.  Each state is a multi-dimensional vector that includes time, failure probabilities, maintenance history, corrosion metrics, and cumulative costs. This structure provides the agent with the information needed to make optimal maintenance decisions by capturing both current deterioration and past interventions. It also helps the neural network recognize patterns between corrosion growth, maintenance actions, and failure risks, leading to more accurate Q-value predictions. 
The state at time t is defined as Eq. (7.3).
	

	(7.3)


where, Δt is the year since simulation starts; Ms is the maintenance history for each zone; d is the corrosion depth; l is the corrosion length; rremain is the remaining service life ratio; Ccum is the cumulative discounted cost at time t.

Action space
The action space includes three discrete maintenance options: (i) Do nothing, allowing the pipeline to continue degrading without intervention, (ii) Apply a composite wrap to slow down corrosion, or (iii) Replace the pipeline section to fully restore its condition. These actions create a clear trade-off mechanism between immediate maintenance costs and future expected failure costs. It enables the agent to dynamically balance preventive and corrective maintenance strategies based on changing condition of the pipeline.
The discrete action space includes three options as presented in Eq. (7.4).
	

	(7.4)


where, A is the action space; 0, 1, 2 represent the action index.

Reward function
The reward function is designed to guide the agent toward optimal maintenance decisions through multiple weighted components. The primary component is the negative increase in total lifecycle cost, encouraging actions that minimize cumulative cost. Bonus rewards are given when the agent selects economically optimal actions, while severe penalties are applied for allowing high-risk states with high failure probabilities. At each time step, the environment calculates the most cost-effective action based on current failure probabilities, maintenance costs, and future risks. The action with the lowest total expected cost is identified as the economically optimal choice.
The reward received after action at is shown in Eq. (7.5).
	

	(7.5)


where, ΔCcum represents the increase in cumulative discounted cost due to action at; bopt is a bonus for choosing economically optimal actions; prisk is a penalty if failure probability exceeds the threshold.

Learning algorithms
The neural network structure includes two dense layers with 256 neurons and batch normalization, followed by a layer with 128 neurons and a dropout rate of 0.3. This structure then splits into separate value and advantage streams, each containing 64 neurons. The learning algorithm uses a Dueling DQN with prioritized experience replay to improve sample efficiency and learning stability. An epsilon-greedy policy with biased exploration favors preventive actions during the early stages of training.  Early stopping is implemented based on the stabilization of lifecycle costs, ensuring convergence without overfitting. The target network is updated every ten episodes to support stable learning. The reward function penalizes increases in cost while providing bonuses for economically optimal decisions and for maintaining pipelines within safe operational conditions. The training process also incorporates early stopping with a patience threshold to further guard against overfitting. The pseudocode of the implemented Dueling DQN algorithm for optimal pipeline maintenance plan is shown in Figure 7.2.
[image: ]
[bookmark: _Toc217896067]Figure 7.2 Pseudocode of the Dueling DQN algorithm
The Q-value is calculated as Eq. (7.6) [132].
	

	(7.6)


where, Q(s,a) represents Q-value at state s and action a; V(s) represents the state value function; D(s,a) is the advantage function; |A| is the number of possible actions; a’ represents all possible actions in the action space A.
It implements prioritized experience replay where experiences are stored with priority pi, as shown in Eq. (7.7) [134].
	

	(7.7)


where, δi is the temporal difference error; ε is a small positive constant to ensure nonzero probability; α controls the level of prioritization.
The loss function used to train the network is the Huber loss, as shown in Eq. (7.8) [135].
	

	(7.8)


where, L(θ) is the loss function that measures the error between the predicted Q-value and the target value during training; θ is the parameters of neural network; yt is the target value at time t; δ is the Huber threshold.

[bookmark: _Toc217895530]7.1.2 Case study
The dataset used here was obtained from a buried gas pipeline with a total length of 112 km, the second dataset collected from the pipeline operator as introduced before. The pipeline has been in service since 1969 and is made of grade X52 steel. It has an outside diameter of 457.2 mm and a wall thickness of 6.4 mm. Two ILI inspections were conducted, one in 2005 using MFL technology and the other in 2010 or 2011 using straight beam ultrasound technology. These inspections recorded external corrosion data, including corrosion depth and length.
External corrosion was influenced by soil conditions along the pipeline. In 2012, a soil survey was conducted at 200-meter intervals along the pipeline, dividing it into 559 zones. Of these, 390 zones contained recorded corrosion defects. The survey measured several soil parameters, including redox potential, resistance, resistivity, pH, carbonate and bicarbonate concentrations, chloride and sulfate concentrations, soil moisture, and soil type. In each zone, all these soil properties were assumed to be the same. 

Multi-zone maintenance plan
To simulate maintenance optimization in this case, cost values for each activity should be determined. For inspection, the average cost of unit inspection with ILI is calculated to be $33,000/mile [136], although the average inspection cost for short length pipeline would  be higher. Therefore, the unit inspection cost is about $4,100 for each zone. The repair cost includes labor, equipment, and indirect expenses. Based on the guideline of composite repair from one contractor [137], the composite wrap for a 18-inch diameter pipeline is about $6,510, while the replacement cost is about $35,251 for each zone. Failure costs can vary widely depending on the severity of the incident, making it difficult to define a representative value. According to data from the Pipeline and Hazardous Materials Safety Administration (PHMSA), the consequence costs of rupture due to pipe burst in gas pipelines are summarized in Table 7.1. These costs include property damage cost (the total cost of public and non-operator private property damage, operator’s property damage and repairs, and lost commodities) and the costs for emergency response and environmental remediation, but it does not include civil penalty by violation of federal pipeline safety regulations, fatalities, and injuries. 
It is noted few field data are found available for small leakage cost. Thus, the small leakage cost was assumed to be 10% of the consequence cost of burst failure. For the baseline case simulation, the median cost of burst failure of $396,261 was selected, while other values were used later in a sensitivity analysis. Table 7.2 summarizes all cost values used for the baseline case.
[bookmark: _Toc217896107]Table 7.1 Statistics summary of consequence costs of burst failure in gas pipelines (from PHMSA database)
	Percentile
	Minimum
	25th
	Median
	75th
	Maximum

	Cost value ($)
	31,500
	101,835
	396,261
	978,273
	66,046,140


[bookmark: _Toc217896108]Table 7.2 Summary of different types of cost data
	Inspection (per zone)
	Composite wrap
(per zone)
	Replacement
(per zone)
	Small leakage
	Burst 

	$4,100
	$6,510
	$35,251
	$3,963
	$396,261


After composite wrap repair, the corrosion environment around the defected area is significantly improved due to the isolation from external corrosive agents such as moisture, oxygen, and soil electrolytes. However, minor corrosion may continue over time because of potential imperfections in wrap installation or material aging effects. To reflect this behavior, it is assumed in this study that the post-repair corrosion rate decreases substantially compared to the pre-repair corrosion rate. In the base case, a corrosion reduction factor of 0.1 was applied, indicating that the corrosion rate was reduced to 10% of its original level after composite wrap repair. After the replacement, the corrosion condition of pipeline in that zone is reset to its initial state in 1969, and the subsequent corrosion growth follows the same trend as that of a newly installed pipeline. To reflect practical constraints, the same corrosion defect is allowed to receive at most one composite wrap repair over the entire lifecycle. If a zone has already undergone a composite wrap repair, future maintenance actions must be replaced. The initial failure probability threshold was set as 10-2 to reflect the serviceability limit state for lower safety class based on the Det Norske Veritas (2012) standard. Sensitivity analysis is conducted on the threshold from 10-5 to 10-2 to cover all safety classes and to evaluate the robustness of the optimized plans under more conservative risk criteria. The maintenance planning horizon was from 2010 to 2050, covering a 40-year period. 
[bookmark: OLE_LINK13][bookmark: OLE_LINK14][bookmark: OLE_LINK9][bookmark: OLE_LINK10]Another important parameter for simulation is the operating pressure of the pipeline. When all other parameters remain constant, an increase in operating pressure significantly raises the risk of failure. If the operating pressure is too low, the burst failure probability becomes negligible. In such cases, the burst failure cost has little impact on the maintenance plan, making it ineffective in guiding optimization decisions. As reported by Dana, Brian, David and Pye [138], typical operating pressure for natural gas pipelines ranges from 1.5 to 10.5 MPa. Therefore, an operating pressure of 8.5 MPa was selected for case study here, which is about 63% of yield stress (13.42MPa) based on the steel type, outside diameter, and wall thickness of pipeline in the second dataset. This relatively high value helps demonstrate the efficiency of the RL model under more critical conditions.
After determining the numerical parameters mentioned above, Figure 7.3 presents the optimized maintenance results for multiple zones using the proposed RL model.
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[bookmark: _Toc217896068]Figure 7.3 (a) Maintenance matrix for multiple zones; (b) Cost distribution for multiple zones
The maintenance matrix in Figure 7.3 (a) visualizes the spatial-temporal distribution of maintenance actions from 2010 to 2050. In the figure, blue cells represent zones where no maintenance is needed, orange cells indicate the application of composite wrap repairs, and green cells correspond to replacement repairs. It is evident that most of the pipelines remained in acceptable condition, as shown by the predominance of blue areas. Maintenance activities were more frequently scheduled between 2025 and 2035. Interestingly, there were no zones needed to be replaced according to this figure, indicating that the composite wrap repair was enough in this case. The x-axis shows maintenance actions distributed irregularly across the pipeline, implying that corrosion-prone areas were scattered rather than localized. In total, the planned maintenance interventions for all affected zones were estimated to cost $ 2,186,320.
Taking Zone 531 as an example, Figure 7.4 shows the changes in failure probability from 2010 to 2050. The selected maintenance year was 2031, and the maintenance action was composite wrap. Before 2031, both leakage and burst failure probabilities increased. After maintenance in 2031, the failure probabilities dropped to near zero, indicating the repair successfully restored the condition of pipeline. The choice of 2031 and composite wrap by the RL model suggested this maintenance plan could provide the lowest life-cycle cost. 

[bookmark: _Toc217896069]Figure 7.4 Changes in failure probability over time
  Compared to traditional strategies such as periodic maintenance, RL provides a more adaptive and efficient approach to pipeline maintenance. Unlike fixed-interval methods that apply the same maintenance schedule regardless of actual pipeline conditions, RL continuously learns from the system state and optimizes decisions based on long-term rewards. It considers the evolving condition of each zone and selects maintenance actions that minimize the total life-cycle cost.

Effects of failure costs
Fig. 7.5 presents the sensitivity analysis of consequence costs on the total life-cycle costs. As the consequence cost increased, a clear shift in cost distribution was observed. As the consequence cost of pipe burst was $396,261, the total cost reached $2,186,320. In this case, with relatively moderate spending on inspection and repairs, the life-cycle costs are optimized to achieve the probability of failure lower than the limit. As the consequence cost increased to $978,273, the RL model became more proactive. This resulted in more frequent inspections and repairs with higher costs for inspection and composite wrap repair. As the consequence cost increased to $66,046,140, the model became highly conservative. It significantly increased the frequency of inspections and repairs to avoid costly failures. Inspection costs increased to $920,932, and composite wrap repair costs reached $1,462,261. Meanwhile, the failure cost dropped to $86,503. These results show that when the consequence cost is very high, spending more on preventive maintenance becomes a more economical choice. This is because the substantial reduction in failure cost can offset the additional inspection and repair cost.



[bookmark: _Toc217896070]Figure 7.5 Impact of consequence costs of pipe burst on life-cycle costs (log-scale at x axis)
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[bookmark: _Toc217896071]Figure 7.6 (a) Maintenance matrix using maximum failure cost; (b) density distribution of maintenance actions using different failure costs
Figure 7.6 (a) presents the optimized maintenance matrix using maximum failure cost. Figure 7.6 (b) shows the distribution of maintenance actions under three different failure cost levels. When the failure cost was set at median value ($396,261), the peak of maintenance actions occurred around 2030. The model allowed moderate corrosion growth before repairs, as the cost of failure (consequence) was relatively low. At the 75th percentile failure cost ($978,273), the peak shifted to an earlier time. The model became more conservative and scheduled repairs earlier to reduce the risk of failure. At the highest failure cost of $66,046,140, maintenance actions happened even earlier, with a peak around 2025. The RL model prioritized early intervention to avoid severe consequences. Repairs were scheduled before the corrosion defects grow to severe condition. 
This change reflected a more proactive strategy focused on minimizing the risk of costly failures. The comparison showed that the failure costs could significantly impact on maintenance planning. The RL model was able to adapt maintenance timing based on changing failure cost. As the cost of failure increased, the model prioritized earlier actions to reduce failure risks.

Effect of failure probability threshold
[bookmark: OLE_LINK19][bookmark: OLE_LINK20]Figure 7.7 shows the impact of different failure probability thresholds on life-cycle costs. As the threshold increases, the model becomes more tolerant to the failure risk, which leads to changes in cost distribution. 


[bookmark: _Toc217896072]Figure 7.7 Impact of failure probability threshold on life-cycle cost
At a strict threshold of 10-5, the model adopted a conservative strategy. The total cost reached its highest value of $2,451,649. This is due to high inspection and repair efforts. Failure cost remained minimal at $190, indicating that the model avoided failure through early intervention. As the threshold was relaxed to 10-4 and 10-3, both inspection and composite wrap costs gradually decreased. At the highest threshold of 10-2, the model allowed for a higher risk of failure. Preventive actions were reduced, with inspection and composite wrap costs reaching their lowest levels. The failure cost increased significantly, while the total cost was still the lowest at $2,186,320.
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[bookmark: _Toc217896073]Figure 7.8 (a) Maintenance matrix using 10-5 threshold; (b) density distribution of maintenance actions using different thresholds
Figure 7.8 illustrates how different failure probability thresholds affect the timing and distribution of pipeline maintenance actions. In Figure 7.8 (a), most zones received composite wrap repairs early, particularly between 2020 and 2030. This suggested that under the requirement of lower threshold of failure probability, the model encouraged early interventions to reduce the risk of failure. Figure 7.8 (b) presents the density distribution of maintenance actions under four different thresholds. As the threshold became more relaxed, the peak of maintenance actions shifted to later years. Under the strictest threshold of 10-5, the peak occurred around 2025, indicating proactive scheduling. With thresholds of 10-3 and 10-2, the peaks were further delayed toward 2030 to optimize the life-cycle costs with the necessary maintenance scheduled at the tolerable risks.
These results showed that the choice of failure probability threshold significantly influenced the timing of maintenance actions. Stricter thresholds led to early interventions, while relaxed thresholds would delay maintenance to later years.

Effect of unit inspection costs
Figure 7.9 presents the impact of unit inspection cost on the overall life-cycle cost of the pipeline system. As the unit inspection cost increased, total life-cycle costs increased accordingly due to more inspections are required to reduce the probability of failure with tolerable risks. However, the numbers of inspections and the subsequent composite repairs are adjusted to optimize the overall cost and failure costs increased slightly due to the higher probability of failure by the reduced numbers of inspections and the repairs.

[bookmark: _Toc217896074]Figure 7.9 Impact of unit inspection cost on life-cycle cost.
Changes in unit inspection cost had limited influences on the maintenance schedule. When the unit inspection cost was zero, the total life-cycle cost was $1,344,257. The RL model at this point adopted a strategy of frequent inspections and repairs to reduce failure risk. As the unit inspection cost increased to $2,000, the total cost increased to $1,754,457. The composite wrap cost dropped slightly to $1,224,927, suggesting that the number of repairs did not decrease significantly. At the highest unit inspection cost of $8,000, the total life-cycle cost reached its maximum, but the composite wrap cost further decreased to $1,205,434. These results indicate that increasing inspection cost reduced the numbers of inspections and repairs slightly. However, inspection and repair are still necessary to prevent failures, which are determined by the failure probability threshold. Even at high unit cost of inspection, the model continues to recommend necessary inspections to ensure safety.

Effect of corrosion reduction factor
Figure 7.10 shows the impact of corrosion reduction rate on life-cycle costs. The reduction rate reflected the effectiveness of composite wrap repair in slowing down subsequent corrosion. 
At a reduction factor of 0.1, the total life-cycle cost was the lowest. No replacement actions were needed. Most zones require only one composite wrap repair. The composite wrap was highly effective and kept failure risk under control. This scenario represented the ideal condition where repair performance was strong enough to prevent further deterioration. When the reduction factor was over 0.4, the total cost increased significantly. However, the composite wrap cost remained constant, suggesting that the same number of wrap actions was applied. In contrast, both replacement and failure costs increased. This shift occurred because the reduced repair effectiveness cannot sufficiently slow down the corrosion growth, leading the model to adopt more expensive replacement actions. 

[bookmark: _Toc217896075]Figure 7.10 Impact of corrosion reduction factor on life-cycle costs
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[bookmark: _Toc217896076]Figure 7.11 (a) maintenance matrix at a reduction factor of 0.5; (b) density distribution of maintenance actions using different reduction factors
Figure 7.11 demonstrates how the effectiveness of composite wrap repair influences the scheduling of maintenance actions. In Figure 7.11 (a), the maintenance matrix at a reduction factor of 0.5 shows a wider spread of maintenance actions, with a noticeable portion of replacements occurring after 2040. This indicated that when the repair was less effective, some zones required more aggressive interventions like replacements due to continued deterioration. 
Figure 7.11 (b) shows the density distribution of maintenance actions under five reduction factors ranging from 0.1 to 0.5. A lower reduction factor means that the corrosion rate is significantly reduced after composite wrap, while a higher factor means less reduction in corrosion.
In all scenarios, the first round of composite wrap repairs was concentrated around the year 2030. This indicated that the model identified this period as the most effective window for initial maintenance. When the reduction factor was low, the composite wrap repair could slow down the corrosion growth effectively. Therefore, most zones required only one maintenance action, and no further maintenance was needed throughout the remaining service life. In contrast, when the reduction factor increased to 0.4 or higher, the effectiveness of repair decreased a lot. Many zones began to experience continued deterioration after the initial repair. This led to a second round of maintenance actions, especially after 2040. The model had to use replacements to prevent failure, even though replacements were more expensive. 
The results showed that the effectiveness of repair had significant impact on optimal maintenance plans. Weaker repair effectiveness caused the model to schedule more frequent and costly maintenance.

Effect of operating pressure
[bookmark: OLE_LINK25][bookmark: OLE_LINK26]Figure 7.12 presents the impact of changing pipeline operating pressure on total life-cycle cost and its individual components. The results show that total life-cycle cost increased significantly with higher operating pressure. This increase was primarily driven by the increase in failure cost and composite wrap cost. As the pressure increased, the risk of burst failure in corroded zones became more severe, leading to higher expected failure costs. At high pressure levels, RL recommended more frequent inspections to manage increasing risk. Interestingly, replacement cost remained zero at lower pressure levels but became non-negligible at 10.5 MPa. This indicated that at very high pressure, composite wrap repairs were not sufficient to ensure reliability.


[bookmark: _Toc217896077]Figure 7.12 Impact of operating pressure on life-cycle cost
Figure 7.13 shows the impact of different operating pressure levels on maintenance scheduling strategies. In Figure 7.13 (a), some zones scheduled replacement as early as 2010. This suggested that the RL model found replacement in the first year to provide higher long-term benefits than using composite wrap. Under extremely high pressure, the remaining strength of these zones was insufficient to withstand future loading, even after composite wrap repair. Composite wrap could only delay failure for a short period in these cases. In contrast, replacement restored the pipeline to a new condition, eliminating failure risk and reducing the need for repeated maintenance. It showed the ability of RL model to minimize total life-cycle cost rather than just save short-term cost. 
As shown in Figure 7.13 (b), when the operating pressure was highest at 10.5 MPa, most maintenance actions were scheduled around 2015. As the operation pressure decreased, the peak of maintenance actions shifted to later years. For example, the peak appeared around 2030 for 8.5 MPa.  while the peaks of maintenance actions under 6.5 MPa and 7.5 MPa are shown after 2030. This trend indicated that higher operation pressure increased the failure risk significantly and required earlier interventions to prevent failure.
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(b)
[bookmark: _Toc217896078]Figure 7.13 (a) Maintenance matrix using 10.5 MPa operating pressure; (b) density distribution of maintenance actions at different pressure levels

[bookmark: _Toc217895531]7.1.3 Findings
This section developed a multi-zone pipeline maintenance strategy based on reinforcement learning. BNN-based corrosion growth models were developed to represent corrosion conditions in different zones. The Dueling DQN algorithm was used to find the optimal maintenance schedule for each zone by minimizing total life-cycle costs. Based on the analysis, the following conclusions can be drawn:
· The proposed RL model provides an adaptive and efficient approach to pipeline maintenance considering the corrosion growth uncertainty. It adjusts the maintenance strategy for each zone according to its specific corrosion conditions, which can achieve better long-term cost-effectiveness. 
· Failure cost values have a significant influence on maintenance scheduling. As the failure cost increases, the RL model adjusts its strategy by scheduling repairs earlier to prevent high-consequence failures.
· The choice of failure probability threshold significantly influenced the timing of maintenance actions. Stricter thresholds lead to early interventions, while relaxed thresholds will delay maintenance to later years.
· The effectiveness of composite wrap repair has significant impact on maintenance planning. Weaker repair effectiveness causes the model to schedule more frequent and expensive maintenance.
· Higher operating pressure significantly increases failure risk and total life-cycle cost. The RL model tends to schedule earlier and more frequent maintenance actions under such conditions. At high pressure level like 10.5 MPa, using replacement in the beginning can provide greater long-term benefits than using composite wrap.
This study proposed an innovative RL-based approach for long-term maintenance decision-making in multi-zone pipeline systems. The current model relies on several assumptions, including estimated cost values and repair effectiveness. For application in real-world projects, it is necessary to obtain accurate cost data and validate the actual performance of maintenance actions. Therefore, this study serves primarily as a conceptual framework, and further refinement is required before implementation in practice.

[bookmark: _Toc217895532]Analytical Framework for Time-Dependent Failure Modeling Under Repair
Pipelines operating under corrosive or degrading conditions are subject to time-dependent structural deterioration that may eventually lead to failure. Accurate prediction of failure probability over the service life is essential for planning inspection intervals, setting repair thresholds, and optimizing life-cycle maintenance strategies. In this context, a probabilistic analytical framework is presented that models the evolution of failure probability for pipelines with growing defects, while accounting for potential repair actions performed at scheduled inspections.

[bookmark: _Toc217895533]7.2.1 Theory background
The core of the framework is a decision tree structure that represents all possible sequences of inspection outcomes and corresponding repair decisions throughout the service life of the asset. Each branch of this tree corresponds to a unique combination of repair actions, and the cumulative distribution function (CDF) of failure is computed recursively for each branch. By aggregating these branch-level CDFs according to their probabilities of occurrence, the total time-dependent CDF of failure under the impact of repairs can be obtained.
To model the evolution of failure probability over the service life, a decision tree is constructed that accounts for all possible combinations of repair actions at predefined inspection times. At each inspection, a binary decision is made: to repair or not using a predefined repair criterion. Repair only happens right after an inspection. This leads to 2n possible branches for n inspections during service life. Each branch represents a distinct failure trajectory under a unique repair history. Figure 7.14 shows a decision tree where there are various scenarios (branches) due to possible failure occurrences and repair actions. As shown in Figure 7.14, failure can occur before any scheduled inspection time. If no failure occurs (marked as event ), before the first inspection time t1, an inspection is conducted at t1, and a repair action is performed (marked as event R1,1) if the defect size meets the repair criterion. After the 1st inspection and/or repair, the consecutive inspection and repair actions are performed if no failure occurs before the inspection time t2. Whenever a failure happens (marked as event F), it is assumed that a replacement will take place, and one can reset t = 0 as if the system restarts from the initial state. 
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[bookmark: _Toc217896079]Figure 7.14 Decision tree (F: failure, survival, Ri,j: repair conducted at ti on branch j (j = 1, 2, …2i-1)
The probability of failure, Pf, is defined as the conditional probability of attaining or exceeding prescribed limit states given a set of boundary variables, and can be written as:
	
	(7.9)


Where, f(X) is the joint probability density function of a vector of random variables, X; C(t) ‒ D(t)  0 refers to the failure domain in which C is the capacity of the pipe for the failure mode considered, and D is the demand. For example, for small leak failure, C is usually defined as 0.8 of the wall thickness and D refers to maximum depth of the corrosion defect at time t; for burst failure, C refers to the burst pressure capacity and D refers to the operating pressure. Let Tf  be the time at which failure occurs since the initial state, then the event of Tf > t is equivalent to the event of C(t) >D; thus, P(Tf ≤ t) = P(C(t) ≤ D) = Pf(t). In other words, Pf(t) can be considered as the cumulative distribution function (CDF) of Tf. Based on Kere and Huang [139], one can derive the distribution functions of time to the mth failure using the distribution function of Tf. Thus, deriving the distribution function of Tf is the critical component for the analytical approach. 
Figure 7.15 shows the probability of Tf over time for a pipeline when two inspections are performed at Year 7 and Year 14 during a lifetime of 20 years, assuming there is no failure occurrence and replacement is conducted once the pipe condition meets the failure criterion. Considering the potential repair at each inspection, there are four scenarios: no repair at both inspection times, only repair at the 1st inspection time, only repair at the 2nd inspection time, and repair at both inspection times. Figures 7.15 (a-d) show probability of Tf  for the four scenarios over time, respectively. As shown in Figure 7.15, when a repair or replacement action is performed, (t) is reset to the initial state. In addition, Figure 7.15 (e) compares the CDF of Tf, (t), with no repair actions (shown in solid line) with (t) considering probabilities of branches (i.e., repair/no repair) at both inspections (as shown in dash-dotted line). As expected, Figure 7.15 (e) indicates that the possibility of conducting repair actions lower the (t) values. 
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[bookmark: _Toc217896080]Figure 7.15 CDF of Tf  with two inspections
The base of the decision tree is the top branch shown in Figure 7.14, which represents the case where no repairs are conducted during the service life. At each inspection, the failure probability is updated by conditioning on the assumption that the system has not failed and no repairs have occurred up to that point. This results in a time-dependent, recursive construction of the failure probability, where each new segment of the CDF accounts for the incremental risk after the previous inspection. This process continues across all inspection intervals and produces the cumulative distribution of failure for the no-repair case, which forms the base of the overall decision tree framework. 
To compute the CDF of Tf for each branch between two consecutive inspections, as discussed previously, all possible repair histories are simulated using a binary decision tree and recursively compute branch-level failure probabilities. Each branch corresponds to a unique sequence of repair and no-repair decisions at inspection times. In this context, each branch needs two items: (1) the probability of each branch (characterized by the repair actions at each inspection) and (2) the CDF of Tf for the time points between two consecutive inspections. The likelihood of a branch depends on the sequence of inspection outcomes and whether a repair is performed or not at each point. These probabilities are computed using conditional probabilities derived from the time since the last repair and the repair strategy adopted. As a result, each branch has a unique weight representing its overall contribution to the total system behavior. The failure probability along each branch is determined by tracing the impact of repairs on defect growth. If a repair effect is assumed to reset the degradation process, the cumulative probability of failure along a branch is thus built from a series of intervals between repairs, considering the system must survive earlier intervals to fail in later ones. 
After calculating the CDF of Tf for each branch in the decision tree, the overall CDF of Tf is computed using the weighted average of the branch CDFs, where the weight corresponds to the probability of corresponding branch. 

[bookmark: _Toc217895534]7.2.2 Case study
A simple case study is used here to validate the proposed analytical framework to estimate the time-dependent failure probability of a corroded pipeline under an inspection and repair strategy using Monte-Carlo simulation approach. The system is evaluated over a total service life of 50 years, during which in-line inspections are conducted every 5 years. Therefore, 9 inspections are conducted before the end of service life. The system involves a single joint with growth of single defect over time. At each inspection, a repair is triggered if the measured defect depth at a given time t, d(t), exceeds 80% of the pipe wall thickness, dw (i.e., d(t) > 0.8dw). Meaning that if the defect depth at any inspection exceeds this threshold, the pipe joint is assumed to be repaired. It is also assumed that the repairs are perfect meaning that the pipe is restarted from initial condition, which can be considered as a replacement. The degradation process of defect depth at any time t is modeled as:
	

	(7.10)


Where, d0 = the initial defect depth, and a = defect growth rate. The probability of failure, Pf(t), is defined as the likelihood of leaking pipeline when the defect depth at time t, d(t), becomes greater than the wall thickness of the pipe, dw, which can be expressed as: 
	

	(7.11)


The random variables considered in this case study are listed in Table 7.3.  
[bookmark: _Toc217896109]Table 7.3 Statistical parameters of random variables used in the case study
	Random variable
	Distribution
	Mean
	C.O.V. (%)

	Nominal wall thickness, dw (mm)
	Normal
	14.06
	1.5

	Initial defect depth, d0 (mm)
	Weibull
	0.582
	72

	Defect depth growth rate, a (mm/year)
	Weibull
	0.576
	70.3



In the Monte Carlo simulation approach, a large number of defects are simulated by random sampling from Table 7.3. For each simulated defect, the depth is projected over time. At each time step, the simulated defect depth is compared against the sampled wall thickness (dw) to determine whether failure has occurred. In addition, at each scheduled inspection, the defect depth is compared to a predefined repair threshold, and if it exceeds this criterion, the defect is assumed to be repaired, effectively resetting the defect depth. This process is repeated for a large number of samples (e.g., one million), and the failure probability at each time to be estimated as the proportion of defects that have exceeded the wall thickness. This empirical distribution of failure times serves as a benchmark to validate the analytical results derived from the proposed decision-tree-based framework. 
Figure 7.16 presents a comparison the CDF of Tf obtained from the analytical approach (shown in solid line) and Monte Carlo simulation (shown in dash-dotted line) considering a fix inspection interval of 5 years over a 50-year service life. Overall, there is a strong agreement between the two CDF curves, showing the proposed analytical approach is validated. In addition, both curves exhibit a stepwise increase corresponding to inspection intervals (every 5 years), highlighting the effect of possible repair after each inspection. The sharp increases after certain inspections (e.g., t = 10, 15) suggest that a notable portion of the population in simulation reaches critical defect depths during those intervals which are similarly reflected in analytical approach, reaffirming the importance of timely inspection scheduling. Notably, the plateaus between steps in both approaches indicate periods where the reduced possibility of failure are expected due to possible repairs by resetting the defect progression at prior inspections. 
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[bookmark: _Toc217896081]Figure 7.16 Comparison of CDF of corroded pipeline under repair for analytical approach and simulated defect growth

[bookmark: _Toc217895535]7.2.3 Findings
This section presents an analytical framework for evaluating the time-dependent reliability of corroded pipelines under periodic inspections and repairs. The decision tree-based model successfully captures all possible repair scenarios and computes the cumulative failure probability using a recursive probability framework. A case study involving linear growth of a defect in a single pipeline, and realistic repair thresholds validates the analytical approach against Monte Carlo simulations. The results of probability distribution of failure time demonstrate excellent agreement between analytical and simulation-based methods, confirming the accuracy, and practical utility of the proposed method. 
This probability distribution of failure time serves as the basis for life-cycle cost (LCC) analysis, which can be used in the LCC framework developed previously by Kere and Huang [44]. With this analytical approach, one can easily incorporate other repair effects and other uncertainties such as probability of detection and measurement error in inspection into the analysis. In addition, since the number of branches (i.e., 2n) increase significantly when the number of inspections, n, increases; thus, the strategies for how to reduce the computational effort will be explored in the future before it is applied to multiple joints with multiple defects.

[bookmark: _Toc217895536]LCC of Pipeline with Multiple Joints and Defects
In this section, Monte Carlo simulation methodology is adopted to determine LCC of the entire Mexico pipeline network with multiple defects under the impact of inspection and maintenance planning. The pipeline network consists of a series of joints with each joint length of 12m. Totally 372 joints are identified with defects ranging from 1 defect to a maximum of 18 defects, and with an average of 1.89 defects per joint within the defected joints. The overall profile of the number of defects per joint over the joint numbers is shown in Figure 7.17. Each pipeline joint has a nominal wall thickness of 6.4 mm and a diameter of 457.2 mm. The pipeline is made from API 5 L grade X70 steel with a specified minimum yield strength of 400 MPa and a specified minimum tensile strength 532 MPa.
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[bookmark: _Toc217896082]Figure 7.17 Number of defects per joint with at least one defect
[bookmark: _Toc217895537]7.3.1 Assumptions
In this study, the LCC of the entire pipeline under the impact of inspections, repairs and failures are determined by calculating the LCC for each joint and aggregating it on entire pipeline network. The failure considered here refers to burst failure. It is assumed that when there is a failure due to a defect, the joint where the defect is located will be replaced; when there is a defect within a joint reaches the repair criteria at inspection time, the entire joint will be repaired. For simplicity, it is also assumed that after replacement or repair, the same number of defects will re-start growing following the same growth models with the same initiation times; the inspection time follows a fixed interval, and all joints follow the same inspection time. The lifecycle cost is calculated in terms of the initial cost of construction, C0, and the corresponding inspections, repairs and failure costs are determined as factors of C0. The factors considered for inspection, repair and failure in this case study are 0.002, 0.02, and 0.47. 
Each defected pipeline joint comprises of defects that grow in two dimensions i.e., depth and length and are modeled by utilizing growth, where the initiation times and growth model parameters associated with the defect depth and defect length are estimated in Section 2. The initiation times for the depth growth range from 0.71-27.74 years and the length growth range from 0.28-33.43 years. The mean values of C1 and C2 parameters for each joint are estimated based on the soil properties associated with the corresponding joint. The complete statistics of the random variables adopted in this study are listed in Table 7.4 and the corrosion defect model parameters related statistics utilized in the case study are highlighted in Table 7.5.
[bookmark: _Toc217896110]Table 7.4 Distribution parameters of random variables used in the case study
	Random variable
	Mean value
	COV (%)
	Distribution

	Outside diameter of pipe, D (mm)
	457.2
	3
	Normal

	Wall thickness, dw (mm)
	6.4008
	3
	Normal

	Yield strength, σy (MPa)
	400
	3
	Normal

	Ultimate strength, σu (MPa)
	532
	3
	Normal

	Operating pressure, Pop
	10
	15
	Normal

	Burst pressure model error, 
	0
	1.8442*
	Normal


*Values highlighted with * are standard deviation

[bookmark: _Toc217896111]Table 7.5 Corrosion defect model parameters statistics used in the case study
	Random variable
	Mean value
	COV (%)
	Distribution

	C1,D
	0.06-0.08
	50
	Normal

	C2,D
	0.95-1
	50
	Normal

	C1,L
	0.09-0.14
	50
	Normal

	C2,L
	1
	50
	Normal

	Model error for depth growth, eD
	0
	0.148*
	Normal

	Model error for length growth, eL
	0
	0.336*
	Normal


*Values highlighted with * are standard deviation

The burst failure is considered as a failure mechanism that is triggered when the pressure capacity of the pipeline is less than the operating pressure. The pressure capacity of the pipeline can be determined by the following equation developed by Kere and Huang [45]:
	
	(7.12)


Where, YD and YL are the defect depth and length, respectively.
At each inspection, the defect growth of each identified defect is determined, and the pressure capacity of the joint is calculated based on Eq. (7.12). Repairs on a particular joint of the pipeline network are conducted if any one of the two-repair criteria are met: (1) defect growth is larger than a threshold and (2) pressure capacity is less than a threshold. These two criteria can be written as follows:
	
	(7.13)


Where,  and  = repair factors, where different values of  will be investigated in this case study and  repair factor is selected as 1.39.

[bookmark: _Toc217895538]7.3.2 Monte Carlo simulation results
The first step is to select the inspection interval, i.e., the inspections are carried out at equal intervals during the life of the pipeline network. For instance, a 5-year inspection interval, i.e., Δt = 5 years would require inspections on the entire pipeline network every 5 years to determine if the defect depth, or the pressure capacity of the pipeline falls below the set threshold repair criteria. In that case, repairs are conducted on a particular joint of the pipeline network for which the threshold criteria are met. Also, failure of the joint may be triggered anytime when the pressure capacity is reduced below the operating pressure and replacement will take place immediately. Finally, the total number of repairs and failures are recorded, and subsequent costs are determined and accumulated to calculate the total lifecycle cost of the entire pipeline network during the investigated time considering discount factor of 2%. Note that the total number of inspections and inspection costs can be calculated simply based on the preset Δt, not through simulation.
In this case study, a total of 10,000 samples is used to simulate defect growth and pressure capacity modeling, and to estimate the failure and repair times. The failure times for all the samples can be utilized to estimate the probability of failure for joints. For instance, Figure 7.18 shows the probability of first and second failures for all the joints in the pipeline network considering Δt = 5 years and  = 0.8. The probability of failure is negligible at the start as the defects have not grown to a point of failure. After around 20 years of the investigated time, few of the samples start to fail. It is seen that in the year 50, the probability of first failure ranges from negligible to 0.1 i.e., 0-10% of the samples have failed for different joints in the pipeline network. The probability of second failure is considerably lower than the probability of first failure.
[image: ]
	(a)
	(b)


[bookmark: _Toc217896083]Figure 7.18 Probability of failure of joints with defects under Δt = 5 years and  = 0.8: (a) first failure and (b) second failure
For a given joint, the mean and standard deviation of failure times can be estimated, which is shown in Figure 7.19 considering Δt = 5 years and  = 0.8. It is shown that average first failure is around 50 years with a standard deviation maximum of 77.86 years and a standard deviation minimum of 22.38 years. After the first failure, the pipeline joint is repaired and subsequently it will fail again, and similar trends can be observed for the second failure with different failure times.
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[bookmark: _Toc217896084]Figure 7.19 Time of failures with uncertainties under 5-year inspection interval: (a) first failure and (b) second failure
In addition, Figure 7.20 shows the means of the first three repair times along with their standard deviations for all the joints considering Δt = 5 years and  = 0.8. As shown, on average the first repair takes place at 48.89 years with a standard deviation of 21.55, second repair takes place at 76.48 years with a standard deviation of 18.85, and third repair takes place at 84.33 years with a standard deviation of 15.12. It is shown that the 1st repair has the largest uncertainty while the 3rd repair has the lowest uncertainty.
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[bookmark: _Toc217896085]Figure 7.20 Time of repairs with uncertainties under Δt = 5 years and  = 0.8: (a) 1st repair, (b) 2nd repair, and (c) 3rd repair
To calculate the LCC of the whole pipeline network, the costs associated with the inspections, repairs and failures for all the joints are added. The inspections, repairs and failures occur at a specific year for a given sample and are adjusted herein by a discount factor. Figure 7.21 shows the repair and failure costs for all the joints with defects along with the uncertainties for Δt = 5 years and  = 0.8. As shown, considering 100 years of the investigated time, on average the repair costs per joint having defects are around 0.7% of the initial costs of construction of a single joint (C0) with a standard deviation of 0.66%. Similarly, average failure costs associated with joints with defects are around 0.56%C0 with a standard deviation of 3.21%. Contrarily, inspection costs are fixed costs every 5 years and the total cost of inspection during the investigated time of 100 years discounted for 2% rate is 1.63%C0. 
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[bookmark: _Toc217896086]Figure 7.21 Time of repairs with uncertainties under Δt = 5 years and  = 0.8: (a) first failure and (b) second failure
To understand the impact of inspection intervals, and the probability of failures are compared against different inspection intervals of 5-year, 8-year, 10-year, and 15-year. Figure 7.22 shows mean probability of failures considering all the joints with defects under different inspection intervals. As expected, increasing the inspection interval increases the probability of failure during the investigated time for both first and second failures showing positive correlation between the inspection intervals and failure probabilities.
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                                          (a)                                                                                 (b)
[bookmark: _Toc217896087]Figure 7.22 Mean probability of failure across all the joints with defects under different inspection intervals with  = 0.8: (a) first failure and (b) second failure
Figure 7.23 shows the expected cost components associated with the inspections, repairs and failures for different inspection intervals. As seen, increasing the inspection intervals reduces the average inspection cost per joint from 1.6%C0 cost for Δt = 5 years to 1%C0, 0.8%C0, and 0.5%C0 for Δt = 8, 10, and 15 years, respectively. Contrarily, the failure costs increased from 0.6%C0 to 0.7%C0, 0.9%C0 and 1.3%C0 by increasing Δt from 5 to 8, 10, and 15 years, respectively. 
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[bookmark: _Toc217896088]Figure 7.23 Expected LCC components under  = 0.8 and different inspection intervals: (a) 5-year, (b) 8-year, (c) 10-year and (d) 15-year
The total lifecycle of the pipeline network is calculated by adding LCC of all the joints. Figure 7.24 shows the LCC of the pipeline network for different inspection intervals. As shown, the expected LCC associated with the 5-year inspection interval are higher as compared to other inspection intervals. This shows that although increasing the inspection intervals increases the probability of failure of the pipeline network, it may reduce the total LCC due to less inspection and repair costs. However, this may not be true if the cost failure increases.
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[bookmark: _Toc217896089]Figure 7.24 Expected LCC over investigated time under  = 0.8 and different inspection intervals
Figure 7.25 shows the comparison of expected LCC with ± 1 standard deviation (shown in error bars) under different inspection intervals for the pipeline network under the investigated time of 100 years. As shown, the expected LCC given a 5-year inspection interval is the highest, is approximately 10.73C0. It is also observed that increasing Δt to 8 years and 10 years subsequently decreases the LCC, but when Δt = 15 years, LCC becomes larger again. Hence, in this case study, the optimal inspection interval is around 8 to 10 years, considering the random variables, repair criteria, growth models, and associated costs as highlighted in the case study.
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[bookmark: _Toc217896090]Figure 7.25 Expected LCC under  = 0.8 and different inspection intervals considering investigated time of 100 years
A comparison of the expected LCC under different repair factors (𝛼 values) for the pipeline network under the investigated time of 50 years is shown in Figure 7.26. As shown, increasing the repair factor value decreases the expected LCC values. Increasing 𝛼 values from 0.4 to 0.6 decreases the total LCC slightly from 14.31 to 14.13 of C0 but then decreases significantly to 7.41 by further increasing 𝛼 to 0.8. This reduction is because when 𝛼 is too low, it results in too many repairs even though it can decrease the probability of failure but not enough to offset the repair cost.
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[bookmark: _Toc217896091]Figure 7.26 Expected LCC of pipeline network under Δt = 5 years and different repair factors (𝛼) values
[bookmark: _Toc217895539]7.3.3 Findings
Monte Carlo simulation-based methodology was adopted to determine the lifecycle costs of deteriorating pipeline network consisting of numerous pipeline joints. A total of 372 joints were identified with varying number of defects ranging from 1 defect to 18 defects. The simulation considered defect depth growth modeling, burst pressure, and inspection and repair strategies given repair criteria to calculate the total lifecycle costs of the pipeline network. Considering the random variables adopted in the study, it is concluded that, although more frequent inspections such as 5 years of inspection interval results in lower failure probabilities but higher total lifecycle costs due to increased inspections and repairs during the investigated time of the pipeline network. Conversely, increasing the inspection intervals results in increased failure probabilities but reduced total lifecycle costs. The costs associated with the inspections, repairs, and failures are uncertain due to the variability in the defect growth parameters mostly but also due to the model error and considered random variables. The optimal lifecycle costs of 8.39 times the initial construction cost was achieved for a 10-year inspection interval and increasing the inspection interval further to 15 years increases the total lifecycle cost to 8.62. Furthermore, increasing the repair factor (α) also results in reduced lifecycle costs, emphasizing the importance of selecting effective repair thresholds.






[bookmark: _Toc217895540]Conclusions 
This research aims to develop AI-enabled modeling and decision-making tools for quantitative pipeline risk management. The study began with the collection and preprocessing of ILI data and environmental soil parameters. Subsequently, unsupervised and supervised machine learning techniques were applied to classify corrosion severity and explore the spatial distribution of defects. A BNN was then developed to model the probabilistic growth of corrosion depth and length, incorporating uncertainty quantification and zone-based segmentation for improved prediction accuracy. A method for quantifying the probability of failure was determined to evaluate the effectiveness of composite wrap repairs. Finally, an optimized repair strategy was proposed to minimize the life-cycle cost of pipeline system based on the predicted corrosion growth and repair effectiveness using the customized RL algorithm. On the other hand, a power law-based probabilistic growth model was developed by accounting for corrosion generation, soil effects, and ILI measurement errors. An analytical framework for evaluating the time-dependent reliability of corroded pipelines under periodic inspections and repairs is further developed using the statistical growth model of corrosion for analysis of life-cycle cost.
In summary, the following conclusions can be drawn: 
· This study used ILI data to classify corrosion severity and analyze how defect location influences severity, especially when defects are close together. Corrosion defects increased over time, particularly near girth welds and at the pipe bottom regions. Growth models showed that the defects with smaller distances to welds or the neighboring defects are more likely to be severe and need closer monitoring.
· Machine learning-based classification with data augmentation was employed to identify corrosive soil environment based on the existence of corrosion in ILI data. Pipeline corrosion is more likely to occur in soil environments with high moisture content, low pH, and high redox potential.
· BNN can effectively predict corrosion growth with uncertainty quantification. Key influencing factors include pipeline age, soil moisture, pH, and chemical properties. Long-term prediction uncertainty highlights the need for regular inspections and model updates.
· A novel time-dependent power function for modeling pipeline corrosion growth using ILI data was proposed. The approach incorporates a Poisson process for defect initiation, directly models defect dimensions without requiring matched data, and accounts for soil property variability to produce defect-specific, time- and space-dependent predictions.  Applied to real ILI data, the method proved accurate and effective for predicting failure probabilities due to both leaks and bursts, especially when soil effects and ILI errors were included.
· A robust method to quantify pipeline failure probability before and after composite wrap repair was proposed. By incorporating composite wrap properties such as thickness and modulus into the analysis, the model can provide accurate, zone-specific failure predictions.
· A RL-based approach for optimizing long-term maintenance strategies in multi-zone pipeline systems was developed. Using BNN-based corrosion growth models to represent zone-specific conditions, the Dueling DQN algorithm was employed to determine optimal maintenance schedules that minimize life-cycle costs. The RL model adaptively adjusts maintenance actions based on factors such as corrosion severity, failure cost, repair effectiveness, and operating pressure.
· An analytical framework for assessing the time-dependent reliability of corroded pipelines under periodic inspections and repairs was introduced. A decision tree-based model is developed to capture all possible repair paths and calculate cumulative failure probability through recursive probability calculations. This failure time distribution supports LCC analysis and can accommodate additional uncertainties such as detection probability and measurement errors. 
· The analysis incorporated defect growth modeling, burst pressure calculations, and inspection and repair strategies under different criteria. Results show that shorter inspection intervals reduce failure probabilities but lead to higher overall costs due to more frequent interventions, while longer intervals lower inspection costs but increase failure risks.



[bookmark: _Toc217895541]Future Work
Based on the study findings, several recommendations are proposed in future work to enhance pipeline integrity management. High-risk areas, such as regions near girth welds at the bottom of the pipeline, should be prioritized for monitoring due to the higher likelihood of severe external corrosion. Incorporating soil and environmental parameters into corrosion prediction and failure risk allows for more accurate time- and location-specific assessments. 
More regular updates of ILI data are needed to increase the accuracy of corrosion prediction models using statistical or machine learning methods. Data processing needs to be improved in several aspects: 1) selection of critical defects at each soil zone considering both corrosion depth and length for the zone-based dataset; 2) Separation of corrosion defects at the pipe body and around the girth weld; 3) including the defects with high corrosion lengths in the development of the probabilistic growth model.
The appropriate utilization of ILI data is critical for decision-making of pipeline integrity management. First, it is important to consider ILI data quality (including probability of detection and sizing error) in developing the corrosion growth model and then propagate the ILI uncertainty into reliability analysis. Second, careful data preparation and segmentation is critical since raw data from ILI often contains noise and inconsistencies. The appropriate ways of data processing, such as filtering outliers, segmenting based on soil properties, and selecting critical defects for zone-based analysis, need be studied before predictive modeling. Third, an extensive dataset from multiple inspection records would yield higher performance in modeling corrosion depth and length, reducing predictive uncertainty, and providing a more reliable basis for decision-making.
For application of LCC framework for optimization of decision-making for pipeline repair, Monte Carlo simulation can be a straightforward way to incorporate the uncertainties of pipeline defects, pipe geometry and material, and operation pressure to evaluate the probability of failure.  However, it is found such simulation can be computationally prohibitive when considering various management strategies for hundreds of segments of pipeline and multiple defects in each segment, which are usually the case for a pipeline network. Thus, analytical approaches are worth exploring for less computational effort and providing insight into LCC performance. 
It is recommended to develop robust statistical and machine learning models for prediction of pipeline defects and customized reinforcement learning models for optimization of pipeline inspection and repair strategies to ensure pipeline operation safety with minimize costs. Computational efficiency of reinforcement learning algorithm and analytical decision-tree models should be improved for complex pipeline networks. The inspection interval and failure probability threshold of pipeline should be carefully balanced to achieve cost-effectiveness. 





[bookmark: _Toc217895542]Lessons Learned
This study provided several valuable lessons that highlight both technical advancements and strategic insights into pipeline integrity management. Corrosion severity was found to be highly influenced by environmental factors such as soil moisture, pH, and chemical composition. The study results that prediction models lose reliability over extended forecasting horizons, underlining the need for iterative model updates through regular inspections due to the dynamic nature of corrosion processes. Combining data-driven insights with practical knowledge allows pipeline operators to better anticipate pipeline degradation trends and implement timely and cost-effective maintenance strategies. It is important to develop rational procedures of data matching and noise/outlier reduction for pipeline in-line-inspection data collected in different years for accurate modeling of defect growth.
For the power-law based probabilistic growth model of corrosion defects, one can also incorporate a corrosion occurrence model to consider the generation of new defects over time when applying Monte Carlo simulation on LCC. However, it is expected that significant simulations are needed to capture the defect generation and their growth over time. Another aspect that can be incorporated into simulations is the defect interaction, which requires defect growth and location modeling of defect generation. The current analytical approach developed for the probability distribution of failure time considering repair and inspection is based on a decision-tree model, and the number of branches increases significantly when the number of inspections increases.  Thus, the strategies of how to reduce computational effort need to be investigated in the future. In addition, the analytical approach needs to be further explored for application on multiple joints with multiple defects.
One major takeaway is the importance of integrating AI techniques, such as BNN and reinforcement learning, into the existing practice of pipeline corrosion management. These methods enable better prediction of pipeline corrosion defects by analyzing non-homogeneous datasets and modeling defect growth under uncertainty for quantifying pipe failure risk. The ability of reinforcement learning to suggest optimized inspection and repair schedules is essential in improving pipeline safety and minimizing life-cycle costs. The current decision-making model relies on several assumptions, including estimated cost values and repair effectiveness. For application of the proposed model in real-world projects, it is necessary to obtain accurate cost data and validate the actual performance of maintenance actions based on field projects.
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Cost ($)




total cost	6.52	7.52	8.52	9.52	10.52	1749396.0886598118	1893078.1734515699	2186319.5586580401	2626548.8769731554	3697669.4039147012	inspection cost	6.52	7.52	8.52	9.52	10.52	665206	686874	767022	963054	1342510	composite wrap cost	6.52	7.52	8.52	9.52	10.52	1056218	1090622	1217881	1529142	2086627	replacement cost	6.52	7.52	8.52	9.52	10.52	0	0	0	0	243766	failure cost	6.52	7.52	8.52	9.52	10.52	27972.088659811765	115582.17345156986	201416.55865804013	134352.87697315542	24766.403914701194	Operating pressure (MPa)


Cost ($)




2005	0.19547	0.19752	1.4221400000000002	1.5537999999999998	1.69428	1.69455	2.9699200000000001	3.3400400000000001	4.0904699999999998	4.7801599999999995	4.9345400000000001	4.9434100000000001	5.1546700000000003	5.5841099999999999	5.6220499999999998	6.0842700000000001	6.3044899999999995	6.3048100000000007	6.5669399999999998	6.6143100000000006	6.6381399999999999	6.8268800000000001	7.2882799999999994	7.8726000000000003	8.8129299999999997	9.3120899999999995	9.5718399999999999	10.099870000000001	10.33079	10.33155	10.336219999999999	10.340590000000001	10.34539	10.34754	10.34773	10.348049999999999	10.348780000000001	10.348979999999999	10.35266	10.352790000000001	10.35432	10.358690000000001	11.180809999999999	11.93824	12.49695	12.50333	12.892040000000001	13.094430000000001	13.13247	13.13283	13.133120000000002	13.134360000000001	13.13566	13.15227	13.305219999999998	13.3118	13.335780000000002	13.39655	13.39662	13.679530000000002	13.91587	14.03528	14.03819	14.048830000000001	14.057030000000001	14.05782	14.058020000000001	14.06076	14.13691	14.13913	14.14148	14.15437	14.15513	14.15588	14.16019	14.16168	14.167479999999999	14.17643	14.17699	14.17839	14.180479999999999	14.182700000000001	14.18825	14.18979	14.228200000000001	14.247669999999999	14.315	14.33197	14.342780000000001	14.34295	14.35206	14.367569999999999	14.36942	14.370239999999999	14.373370000000001	14.37341	14.39406	14.39424	14.39542	14.40207	14.428139999999999	14.431989999999999	14.437190000000001	14.44078	14.471159999999999	14.476989999999999	14.48082	14.48176	14.481920000000001	14.48577	14.507899999999999	14.50792	14.508319999999999	14.508479999999999	14.50963	14.51024	14.510309999999999	14.51084	14.511299999999999	14.51333	14.516579999999999	14.517059999999999	14.51924	14.519260000000001	14.519740000000001	14.520530000000001	14.52186	14.52205	14.535770000000001	14.53885	14.54649	14.546520000000001	14.54683	14.54767	14.552989999999999	14.55448	14.560379999999999	14.56466	14.566469999999999	14.56709	14.567830000000001	14.569120000000002	14.581190000000001	14.60032	14.602370000000001	14.63369	14.645899999999999	14.64715	14.65015	14.65701	14.68385	14.687040000000001	14.71574	14.71923	14.731399999999999	14.740309999999999	14.74766	14.761089999999999	14.762459999999999	14.76277	14.76398	14.8043	14.814530000000001	14.81672	14.81751	14.81874	14.835570000000001	14.84581	14.92117	15.70947	15.894410000000001	15.920129999999999	15.923690000000001	15.930729999999999	15.93591	15.9528	16.026799999999998	16.172599999999999	16.174510000000001	16.559840000000001	16.560860000000002	16.562000000000001	16.564529999999998	17.29044	17.965450000000001	17.969000000000001	18.646570000000001	19.063099999999999	19.201689999999999	19.817150000000002	21.147099999999998	23.090040000000002	23.692040000000002	24.28265	25.073439999999998	25.07527	25.075400000000002	25.076160000000002	26.113689999999998	26.643000000000001	26.933209999999999	26.933340000000001	26.934240000000003	26.949720000000003	27.140840000000001	27.244990000000001	27.6967	27.713919999999998	27.715439999999997	28.058589999999999	28.56963	28.782580000000003	28.805389999999999	28.828619999999997	28.900419999999997	28.90344	28.912849999999999	28.919430000000002	29.002970000000001	29.002980000000001	29.007939999999998	29.008849999999999	29.00919	29.01031	29.016590000000001	29.01764	29.017970000000002	29.128990000000002	29.129339999999999	29.130490000000002	29.256919999999997	29.38879	29.455539999999999	29.592839999999999	30.145400000000002	30.32002	30.353930000000002	30.62968	30.629729999999999	30.63796	30.6387	31.201259999999998	31.20186	31.202450000000002	31.202740000000002	31.203049999999998	31.203430000000001	31.203439999999997	31.203580000000002	31.20363	32.278080000000003	32.284930000000003	32.286810000000003	32.287349999999996	32.34451	32.34543	34.093839999999993	34.18186	34.449829999999999	34.540519999999994	34.542070000000002	34.542790000000004	34.54571	34.552959999999999	35.340089999999996	35.341010000000004	35.342800000000004	35.348690000000005	35.352160000000005	35.352919999999997	35.355640000000001	37.026110000000003	37.253860000000003	37.69735	37.825129999999994	38.415800000000004	39.768140000000002	40.594250000000002	40.594389999999997	40.971890000000002	40.973790000000001	41.066989999999997	41.067029999999995	41.220260000000003	41.410710000000002	42.987870000000001	42.993130000000001	43.391599999999997	45.030010000000004	45.030010000000004	45.030739999999994	45.031179999999999	46.485480000000003	47.243040000000001	50.751980000000003	50.75217	50.75271	50.761199999999995	50.761559999999996	51.3553	51.784140000000001	51.784169999999996	51.789339999999996	52.278179999999999	52.306179999999998	52.339589999999994	52.34619	52.544280000000001	52.566069999999996	52.566300000000005	52.566389999999998	52.566669999999995	52.566780000000001	52.567489999999999	52.567980000000006	52.568629999999999	52.568739999999998	52.568949999999994	52.570039999999999	52.5839	52.861260000000001	53.510390000000001	54.223999999999997	54.54992	54.57611	55.400129999999997	55.664230000000003	55.68647	55.68665	55.691000000000003	55.691870000000002	55.941809999999997	56.025370000000002	56.065640000000002	56.166179999999997	56.350749999999998	56.372390000000003	56.375730000000004	62.686540000000001	62.750430000000001	62.750830000000001	62.809539999999998	62.815959999999997	62.817779999999999	62.818510000000003	62.818580000000004	62.828859999999999	62.8292	62.829230000000003	62.829459999999997	62.82958	62.829660000000004	62.829689999999999	62.829879999999996	62.829889999999999	62.829940000000001	62.830260000000003	62.830599999999997	62.830769999999994	62.830849999999998	62.830980000000004	62.831240000000001	62.831600000000002	62.832320000000003	62.836760000000005	62.844679999999997	62.844679999999997	62.844919999999995	62.84507	62.847670000000001	62.873429999999999	62.873830000000005	62.921980000000005	62.938960000000002	62.955359999999999	62.964889999999997	63.014220000000002	63.078360000000004	63.149050000000003	63.176089999999995	63.177889999999998	63.29909	63.300890000000003	63.308330000000005	63.310660000000006	63.421620000000004	63.634160000000001	63.68477	63.727290000000004	63.731720000000003	63.732790000000001	63.807769999999998	63.842519999999993	64.023219999999995	64.184560000000005	64.239739999999998	65.935240000000007	65.935240000000007	66.425759999999997	66.425759999999997	69.065660000000008	69.066789999999997	69.067030000000003	69.067899999999995	69.068100000000001	70.094759999999994	70.254159999999999	70.254159999999999	72.087199999999996	72.087199999999996	72.089610000000008	72.089610000000008	72.091030000000003	72.091030000000003	72.184460000000001	72.184460000000001	72.185009999999991	72.185009999999991	72.185130000000001	72.185130000000001	77.244439999999997	77.244439999999997	77.244630000000001	77.244630000000001	78.1036	78.1036	79.851710000000011	79.851710000000011	82.500129999999999	82.500129999999999	84.515259999999998	84.515259999999998	85.758560000000003	85.758560000000003	88.092570000000009	88.093440000000001	88.102029999999999	88.102029999999999	88.134050000000002	88.134050000000002	88.168360000000007	88.168360000000007	88.169179999999997	88.169179999999997	88.179679999999991	88.179679999999991	88.180789999999988	88.180789999999988	88.189830000000001	88.190380000000005	88.202820000000003	88.202820000000003	88.25515	88.25515	88.832170000000005	88.832170000000005	89.725399999999993	89.810330000000008	89.810500000000005	91.664509999999993	92.933429999999987	92.933960000000013	92.954520000000002	92.973230000000001	93.04495	93.079650000000001	93.144469999999998	93.157579999999996	93.157780000000002	93.158450000000002	93.158619999999999	93.159220000000005	93.161229999999989	93.1614	93.16246000000001	93.307289999999995	93.358789999999999	93.537369999999996	93.538640000000001	93.57244	93.706910000000008	93.777350000000013	93.77846000000001	93.778639999999996	94.054960000000008	94.072800000000001	94.073009999999996	94.073329999999999	94.073689999999999	94.277810000000002	94.374639999999999	94.386759999999995	94.386889999999994	94.612899999999996	94.613749999999996	94.614009999999993	95.058179999999993	95.136939999999996	95.137360000000001	95.13933999999999	95.236070000000012	95.297740000000005	95.325940000000003	95.433909999999997	95.525170000000003	95.666979999999995	96.133070000000004	96.133490000000009	96.211199999999991	96.325649999999996	97.31110000000001	97.325869999999995	97.408259999999999	97.413910000000001	97.430539999999993	97.431029999999993	97.432240000000007	97.432380000000009	97.43253	97.433019999999999	97.43377000000001	97.48857000000001	97.516770000000008	97.529179999999997	97.578179999999989	97.597800000000007	97.60414999999999	97.635259999999988	97.798050000000003	97.805170000000004	97.805279999999996	98.021699999999996	98.039330000000007	98.642470000000003	98.796669999999992	100.31499000000001	100.31519	100.31689	100.31711	100.31833	100.32411	100.43214999999999	100.43241999999999	100.70703999999999	100.70749000000001	100.70775999999999	100.70816000000001	100.70836	100.86194	101.14077	101.15902	101.20178	101.21592999999999	101.21738000000001	101.22523	101.22828	101.24472	101.25157	101.25216999999999	101.26964	101.29768	101.2985	101.30199	101.30557	101.31216000000001	101.31965	101.3368	101.34322	101.36133	101.43782	101.44314999999999	101.48596999999999	101.48621	101.5321	101.54952	101.62963000000001	101.62963000000001	101.62992	101.68161000000001	101.68163	101.68241	103.11852	104.08141000000001	104.08147	104.08214	104.08765	104.52205000000001	104.97429	105.39964999999999	105.60188000000001	105.78187	105.94047	106.02305	106.02367	106.02375000000001	106.03497	106.06033000000001	106.06147999999999	106.11201	106.15649000000001	106.15675	106.15697999999999	106.29934	106.60589999999999	106.85803	106.9457	107.06267999999999	107.06981	107.07003	107.07867	107.07877000000001	107.07908	107.09696000000001	107.10158	107.10205999999999	107.10236	107.13469000000001	107.24825999999999	107.29934	107.81146000000001	107.81163000000001	108.06852000000001	108.10939999999999	108.17197999999999	108.17419	108.1743	108.21203999999999	108.90533000000001	109.09464999999999	109.16541000000001	109.16941	109.17444999999999	109.30432	109.48838000000001	109.50393	109.54552000000001	109.61108	109.61912	109.65464	109.87036999999999	110.15322	110.33374000000001	110.33475999999999	110.34857000000001	110.34929	110.35003999999999	110.35074	110.36382	110.37239	110.44758999999999	110.68849	110.68888000000001	110.68908999999999	110.71255000000001	110.71283	110.72208999999999	110.73356	111.26846	111.29527	111.32368	111.3241	0.64007999999999998	0.96011999999999997	0.64007999999999998	0.64007999999999998	1.728216	0.83210399999999995	0.768096	0.96011999999999997	0.83210399999999995	0.64007999999999998	0.96011999999999997	0.70408800000000005	0.64007999999999998	0.96011999999999997	0.64007999999999998	1.1399520000000001	1.1521440000000001	1.1521440000000001	0.64007999999999998	0.64007999999999998	0.96011999999999997	0.768096	0.96011999999999997	0.64007999999999998	1.28016	0.768096	0.70408800000000005	0.70408800000000005	0.70408800000000005	0.768096	0.89611200000000002	1.088136	2.1122640000000001	0.768096	2.4323039999999998	1.0241279999999999	2.368296	1.6002000000000001	0.64007999999999998	0.768096	0.70408800000000005	0.64007999999999998	1.6002000000000001	1.4721839999999999	0.64007999999999998	0.768096	0.83210399999999995	0.83210399999999995	0.70408800000000005	0.96011999999999997	2.176272	0.64007999999999998	0.89611200000000002	0.89611200000000002	1.0241279999999999	0.64007999999999998	0.89611200000000002	0.64007999999999998	0.83210399999999995	0.70408800000000005	0.70408800000000005	0.83210399999999995	0.64007999999999998	0.64007999999999998	0.64007999999999998	1.4081760000000001	1.28016	1.1521440000000001	0.64007999999999998	0.64007999999999998	0.70408800000000005	1.0241279999999999	1.728216	0.89611200000000002	2.176272	0.89611200000000002	0.64007999999999998	0.89611200000000002	0.768096	0.64007999999999998	0.70408800000000005	0.64007999999999998	0.70408800000000005	1.6642079999999999	0.89611200000000002	0.64007999999999998	0.64007999999999998	0.70408800000000005	0.89611200000000002	1.4721839999999999	1.2161519999999999	0.96011999999999997	1.088136	0.89611200000000002	1.6002000000000001	1.2161519999999999	0.64007999999999998	0.64007999999999998	0.64007999999999998	0.64007999999999998	1.792224	0.64007999999999998	0.768096	0.768096	0.70408800000000005	0.70408800000000005	1.4081760000000001	0.64007999999999998	0.64007999999999998	1.4721839999999999	0.83210399999999995	0.64007999999999998	0.89611200000000002	0.96011999999999997	0.83210399999999995	0.70408800000000005	0.96011999999999997	1.2161519999999999	0.64007999999999998	0.64007999999999998	1.2161519999999999	1.0241279999999999	1.1521440000000001	0.768096	0.89611200000000002	0.83210399999999995	1.1521440000000001	0.89611200000000002	0.64007999999999998	0.70408800000000005	0.768096	0.96011999999999997	1.088136	1.1521440000000001	1.0241279999999999	1.344168	0.768096	1.1521440000000001	0.70408800000000005	0.64007999999999998	0.64007999999999998	1.088136	0.768096	0.64007999999999998	0.64007999999999998	0.70408800000000005	0.96011999999999997	0.768096	0.70408800000000005	0.70408800000000005	0.768096	0.768096	0.64007999999999998	0.64007999999999998	0.83210399999999995	0.768096	0.70408800000000005	0.70408800000000005	0.64007999999999998	0.70408800000000005	0.83210399999999995	0.96011999999999997	0.64007999999999998	1.0241279999999999	0.83210399999999995	0.70408800000000005	1.344168	1.2161519999999999	0.70408800000000005	0.96011999999999997	0.64007999999999998	0.64007999999999998	0.768096	0.768096	0.83210399999999995	0.64007999999999998	0.64007999999999998	1.0241279999999999	1.088136	0.64007999999999998	0.64007999999999998	0.70408800000000005	0.64007999999999998	0.89611200000000002	0.96011999999999997	0.89611200000000002	1.344168	0.64007999999999998	0.768096	0.64007999999999998	0.64007999999999998	0.96011999999999997	0.64007999999999998	0.70408800000000005	0.64007999999999998	0.64007999999999998	0.64007999999999998	1.6002000000000001	0.83210399999999995	0.64007999999999998	0.768096	0.89611200000000002	1.344168	0.768096	0.89611200000000002	0.96011999999999997	0.96011999999999997	1.6642079999999999	0.70408800000000005	0.768096	1.519936	1.0241279999999999	0.96011999999999997	1.28016	0.70408800000000005	0.64007999999999998	0.83210399999999995	0.70408800000000005	0.64007999999999998	0.83210399999999995	0.64007999999999998	0.64007999999999998	0.70408800000000005	1.088136	0.70408800000000005	0.64007999999999998	1.1521440000000001	0.768096	1.1521440000000001	0.96011999999999997	0.83210399999999995	0.64007999999999998	0.83210399999999995	0.83210399999999995	0.83210399999999995	0.70408800000000005	0.64007999999999998	0.70408800000000005	0.64007999999999998	0.768096	0.70408800000000005	0.83210399999999995	0.70408800000000005	0.64007999999999998	0.70408800000000005	0.70408800000000005	0.64007999999999998	0.64007999999999998	0.64007999999999998	0.64007999999999998	0.70408800000000005	0.64007999999999998	1.6002000000000001	0.96011999999999997	0.70408800000000005	0.768096	0.70408800000000005	1.28016	0.64007999999999998	0.70408800000000005	0.64007999999999998	0.64007999999999998	0.89611200000000002	0.70408800000000005	0.70408800000000005	0.70408800000000005	0.64007999999999998	0.64007999999999998	1.4081760000000001	0.64007999999999998	0.64007999999999998	0.768096	0.768096	0.83210399999999995	0.70408800000000005	0.70408800000000005	0.70408800000000005	0.83210399999999995	0.70408800000000005	0.70408800000000005	0.768096	1.044956	0.94996000000000003	1.0241279999999999	0.83210399999999995	0.70408800000000005	0.64007999999999998	1.792224	0.64007999999999998	0.64007999999999998	0.89611200000000002	0.64007999999999998	0.70408800000000005	0.70408800000000005	0.83210399999999995	0.89611200000000002	0.64007999999999998	1.0241279999999999	0.70408800000000005	0.70408800000000005	1.088136	1.1521440000000001	1.28016	0.70408800000000005	1.344168	1.28016	1.28016	1.28016	0.768096	0.89611200000000002	1.0241279999999999	0.64007999999999998	0.83210399999999995	0.83210399999999995	1.088136	0.96011999999999997	0.89611200000000002	0.768096	0.89611200000000002	1.344168	1.4721839999999999	1.28016	2.2799040000000002	2.1122640000000001	1.4721839999999999	1.4721839999999999	1.344168	1.4081760000000001	1.4081760000000001	1.344168	1.4081760000000001	1.536192	1.4721839999999999	1.4081760000000001	1.28016	1.344168	1.344168	1.344168	1.2374879999999999	1.3406119999999999	1.3406119999999999	1.2374879999999999	1.4437359999999999	1.2374879999999999	3.0937199999999998	1.5468599999999999	3.2999679999999998	2.2687279999999999	3.9187120000000002	1.9593560000000001	3.2999679999999998	1.7531080000000001	2.6812239999999998	2.5781000000000001	1.8562320000000001	1.7531080000000001	2.5781000000000001	2.5781000000000001	2.4749759999999998	1.2374879999999999	3.5062160000000002	1.1343639999999999	2.6812239999999998	1.6499839999999999	1.3406119999999999	1.5468599999999999	1.9593560000000001	1.2374879999999999	1.1343639999999999	4.3312080000000002	1.3406119999999999	1.3406119999999999	2.8874719999999998	1.4437359999999999	1.3406119999999999	2.3718520000000001	2.6812239999999998	1.3406119999999999	1.0312399999999999	1.1343639999999999	1.6499839999999999	0.70408800000000005	1.0241279999999999	0.70408800000000005	1.344168	3.072384	1.6642079999999999	0.64007999999999998	0.70408800000000005	0.70408800000000005	0.768096	0.64007999999999998	0.768096	0.64007999999999998	0.64007999999999998	0.94996000000000003	0.64007999999999998	0.64007999999999998	0.64007999999999998	0.64007999999999998	0.89611200000000002	0.64007999999999998	0.83210399999999995	0.70408800000000005	0.768096	1.6002000000000001	0.768096	0.768096	0.70408800000000005	0.70408800000000005	0.70408800000000005	0.70408800000000005	0.64007999999999998	0.64007999999999998	0.70408800000000005	0.70408800000000005	0.83210399999999995	0.83210399999999995	0.89611200000000002	0.89611200000000002	0.64007999999999998	0.64007999999999998	0.70408800000000005	0.70408800000000005	0.64007999999999998	0.64007999999999998	0.70408800000000005	0.70408800000000005	1.088136	1.088136	1.1521440000000001	1.1521440000000001	1.0241279999999999	1.0241279999999999	0.83210399999999995	0.70408800000000005	1.2161519999999999	1.2161519999999999	0.70408800000000005	0.70408800000000005	0.768096	0.768096	1.0241279999999999	1.0241279999999999	0.768096	0.768096	0.70408800000000005	0.70408800000000005	1.1521440000000001	0.768096	0.64007999999999998	0.64007999999999998	0.64007999999999998	0.64007999999999998	0.83210399999999995	0.83210399999999995	0.96011999999999997	0.768096	0.83210399999999995	0.89611200000000002	1.28016	0.64007999999999998	0.70408800000000005	0.89611200000000002	0.64007999999999998	0.83210399999999995	1.0241279999999999	0.64007999999999998	0.70408800000000005	0.64007999999999998	1.088136	0.96011999999999997	0.64007999999999998	0.96011999999999997	1.1521440000000001	0.64007999999999998	0.768096	0.64007999999999998	0.70408800000000005	0.96011999999999997	0.83210399999999995	0.70408800000000005	1.088136	0.83210399999999995	1.28016	0.768096	0.768096	0.64007999999999998	0.96011999999999997	0.768096	1.2161519999999999	0.768096	0.96011999999999997	0.70408800000000005	0.768096	0.70408800000000005	0.83210399999999995	0.70408800000000005	0.83210399999999995	0.64007999999999998	0.64007999999999998	1.4081760000000001	1.536192	0.64007999999999998	0.64007999999999998	0.64007999999999998	0.96011999999999997	0.768096	0.70408800000000005	1.1521440000000001	0.89611200000000002	0.70408800000000005	0.64007999999999998	0.64007999999999998	0.64007999999999998	1.4081760000000001	0.768096	1.1521440000000001	0.64007999999999998	0.768096	0.70408800000000005	0.64007999999999998	0.64007999999999998	0.64007999999999998	0.64007999999999998	1.088136	0.64007999999999998	1.28016	0.64007999999999998	0.768096	0.768096	0.64007999999999998	1.0241279999999999	0.64007999999999998	0.768096	1.1521440000000001	0.768096	1.1521440000000001	0.70408800000000005	1.6002000000000001	1.0241279999999999	0.83210399999999995	1.0241279999999999	1.344168	1.4081760000000001	0.768096	0.83210399999999995	0.768096	0.89611200000000002	0.64007999999999998	0.70408800000000005	0.64007999999999998	0.89611200000000002	0.70408800000000005	0.83210399999999995	0.64007999999999998	0.96011999999999997	1.1521440000000001	1.728216	0.89611200000000002	0.64007999999999998	0.768096	1.728216	0.89611200000000002	0.64007999999999998	1.1521440000000001	0.768096	0.64007999999999998	1.344168	3.302	2.1589999999999998	0.89611200000000002	0.64007999999999998	0.768096	1.344168	1.728216	2.4323039999999998	1.0241279999999999	1.2161519999999999	0.89611200000000002	2.1122640000000001	0.96011999999999997	0.768096	1.088136	0.70408800000000005	1.0241279999999999	0.70408800000000005	1.0241279999999999	0.96011999999999997	1.088136	0.83210399999999995	1.2161519999999999	2.0482559999999999	0.96011999999999997	0.70408800000000005	1.344168	0.768096	0.70408800000000005	0.70408800000000005	0.64007999999999998	0.70408800000000005	0.96011999999999997	1.536192	0.96011999999999997	0.89611200000000002	0.96011999999999997	0.64007999999999998	0.89611200000000002	0.768096	0.83210399999999995	1.0241279999999999	0.64007999999999998	0.64007999999999998	2.0482559999999999	0.83210399999999995	0.70408800000000005	0.64007999999999998	0.70408800000000005	0.83210399999999995	0.96011999999999997	0.64007999999999998	0.64007999999999998	0.83210399999999995	0.768096	0.64007999999999998	1.0241279999999999	1.1521440000000001	0.70408800000000005	0.96011999999999997	0.64007999999999998	0.768096	1.6002000000000001	0.96011999999999997	0.768096	0.768096	1.1521440000000001	0.70408800000000005	1.1521440000000001	0.768096	0.70408800000000005	1.1521440000000001	0.64007999999999998	1.4721839999999999	1.28016	1.6002000000000001	0.89611200000000002	0.83210399999999995	0.70408800000000005	1.344168	0.64007999999999998	1.344168	0.768096	1.4081760000000001	2.176272	0.96011999999999997	0.70408800000000005	0.70408800000000005	0.70408800000000005	1.2161519999999999	0.64007999999999998	0.64007999999999998	2010	5.96E-3	1.1990000000000001E-2	1.618E-2	2.8219999999999999E-2	2.828E-2	2.8459999999999999E-2	2.861E-2	3.1719999999999998E-2	3.2409999999999994E-2	3.4439999999999998E-2	3.6770000000000004E-2	4.1919999999999999E-2	4.6270000000000006E-2	4.7829999999999998E-2	4.8689999999999997E-2	4.9320000000000003E-2	5.3630000000000004E-2	5.4060000000000004E-2	5.5310000000000005E-2	5.5399999999999998E-2	5.5530000000000003E-2	5.6869999999999997E-2	5.919E-2	5.9789999999999996E-2	6.021E-2	6.0740000000000002E-2	6.1939999999999995E-2	6.2039999999999998E-2	6.2179999999999999E-2	6.2329999999999997E-2	6.2350000000000003E-2	6.2409999999999993E-2	6.2570000000000001E-2	6.2899999999999998E-2	6.3960000000000003E-2	6.5950000000000009E-2	7.417E-2	7.4200000000000002E-2	7.5240000000000001E-2	9.0999999999999998E-2	0.13119	0.13128000000000001	0.13134000000000001	0.14380999999999999	0.14712999999999998	0.14746999999999999	0.1477	0.16238999999999998	0.17462	0.17518999999999998	0.18140000000000001	0.18175999999999998	0.18265999999999999	0.18275	0.18283000000000002	0.18290999999999999	0.18306	0.18418999999999999	0.20257	0.20961000000000002	0.21806	0.22436	0.22547	0.24371000000000001	0.24406999999999998	0.24415000000000001	0.24423	0.24427000000000001	0.28029999999999999	0.29958999999999997	0.30498000000000003	0.30936000000000002	0.32700000000000001	0.33241000000000004	0.33249000000000001	0.33718999999999999	0.3377	0.33997000000000005	0.38977999999999996	0.41338999999999998	0.4259	0.43032999999999999	0.43101999999999996	0.43425000000000002	0.43437999999999999	0.45485999999999999	0.45508999999999999	0.46107999999999999	0.46115	0.46116000000000001	0.47310000000000002	0.48463000000000001	0.48488999999999999	0.48499999999999999	0.48563999999999996	0.48570999999999998	0.51900000000000002	0.52609000000000006	0.52761000000000002	0.52770000000000006	0.53928999999999994	0.53932000000000002	0.53988000000000003	0.55286000000000002	0.55761000000000005	0.67298999999999998	0.67310000000000003	0.68696000000000002	0.69335999999999998	0.70086999999999999	0.70211000000000001	0.70290999999999992	0.71260000000000001	0.71728999999999998	0.71739999999999993	0.74138999999999999	0.74177999999999999	0.85187999999999997	0.87027999999999994	1.0773599999999999	1.0794999999999999	1.0796400000000002	1.07978	1.1915	1.2032799999999999	1.3306800000000001	1.3371600000000001	1.47661	1.57569	1.6068099999999998	1.83524	2.2178599999999999	2.2181500000000001	2.2196700000000003	2.28803	2.4737300000000002	2.5209800000000002	3.1813099999999999	3.3307800000000003	3.7640700000000002	3.7645300000000002	3.89486	4.1822400000000002	4.2013999999999996	4.2097499999999997	4.4474099999999996	4.63049	4.7865699999999993	4.8302200000000006	4.84619	4.8518400000000002	4.9136699999999998	4.9139999999999997	4.9975100000000001	5.0254700000000003	5.1332899999999997	5.6966800000000006	5.79908	6.2877099999999997	6.2879899999999997	6.2882799999999994	6.2883000000000004	6.2884099999999998	6.2884099999999998	6.2885600000000004	6.2886199999999999	6.2891700000000004	6.28939	6.28939	6.2894899999999998	6.2903500000000001	6.2905600000000002	6.2906499999999994	6.2909300000000004	6.2910500000000003	6.2911200000000003	6.2913699999999997	6.2955200000000007	6.6106199999999999	7.7455200000000008	7.8006700000000002	7.8422600000000005	8.0546600000000002	8.0631800000000009	8.4272000000000009	8.4315099999999994	8.4734300000000005	8.5017199999999988	8.5018200000000004	8.5493400000000008	8.5726299999999984	8.9709699999999994	8.9712600000000009	9.0912299999999995	9.09131	12.0718	23.98696	23.986990000000002	23.987099999999998	23.987459999999999	23.987629999999999	25.016580000000001	25.045480000000001	25.050349999999998	25.056240000000003	25.211040000000001	25.216369999999998	25.21781	25.2179	25.248259999999998	25.3612	25.807549999999999	26.002980000000001	26.040189999999999	26.984009999999998	26.984090000000002	28.222570000000001	28.984000000000002	28.984119999999997	29.047349999999998	29.062069999999999	29.09356	29.093589999999999	29.093720000000001	29.182099999999998	29.269290000000002	29.91976	30.29298	30.819389999999999	31.171009999999999	31.17145	31.172270000000001	31.543650000000003	34.378399999999999	34.378489999999999	34.378529999999998	34.378599999999999	34.378660000000004	34.37876	34.378769999999996	34.378779999999999	34.378989999999995	34.379239999999996	34.379349999999995	34.379359999999998	34.379529999999995	34.379750000000001	34.379930000000002	34.380089999999996	34.38035	34.380559999999996	34.586680000000001	34.587330000000001	34.587760000000003	34.588980000000006	34.590960000000003	34.59263	34.612279999999998	34.652999999999999	34.745040000000003	34.757460000000002	36.551259999999999	37.384639999999997	37.505919999999996	37.592280000000002	38.387180000000001	38.58755	39.216760000000001	39.477160000000005	39.500699999999995	40.675760000000004	41.067830000000001	41.215330000000002	41.215580000000003	41.215650000000004	41.216000000000001	41.217239999999997	41.21781	41.220739999999999	41.220980000000004	41.221539999999997	41.221800000000002	41.228209999999997	41.23021	41.29148	41.307139999999997	41.31326	41.318269999999998	41.318449999999999	41.33023	41.349309999999996	41.350550000000005	41.395760000000003	41.395830000000004	41.453000000000003	41.540579999999999	41.630410000000005	41.654240000000001	41.655230000000003	41.6556	41.850120000000004	41.850360000000002	41.85042	41.867730000000002	41.875250000000001	41.876349999999995	41.880290000000002	41.881129999999999	41.892110000000002	41.894300000000001	41.894400000000005	41.894919999999999	41.895199999999996	41.895510000000002	41.89584	41.954449999999994	41.96031	41.975430000000003	41.987499999999997	41.993629999999996	42.048919999999995	42.156379999999999	42.221669999999996	42.458489999999998	42.458980000000004	42.459379999999996	42.459710000000001	42.461040000000004	42.463059999999999	42.463509999999999	42.463610000000003	42.463720000000002	42.478480000000005	42.528080000000003	42.549599999999998	42.778169999999996	42.77834	42.89087	42.894849999999998	42.897030000000001	42.89725	43.764410000000005	44.049630000000001	44.0839	44.286230000000003	44.459900000000005	44.492150000000002	44.96396	45.106160000000003	45.12124	45.121300000000005	45.259749999999997	45.259949999999996	45.399569999999997	45.41733	45.417470000000002	45.466070000000002	45.472999999999999	45.525959999999998	45.551449999999996	45.614449999999998	45.761540000000004	45.761879999999998	45.819279999999999	45.819480000000006	46.59995	47.43092	47.465699999999998	47.468260000000001	47.468440000000001	47.483080000000001	47.535710000000002	47.535789999999999	47.53595	47.863289999999999	48.07105	48.226379999999999	48.37218	48.372519999999994	48.372589999999995	48.372639999999997	48.37285	48.374309999999994	48.375579999999999	48.375690000000006	48.3765	48.684440000000002	49.154199999999996	49.32544	49.343300000000006	49.343379999999996	49.794530000000002	49.914250000000003	49.962679999999999	49.998640000000002	50.000169999999997	50.000330000000005	50.000879999999995	50.010870000000004	50.059940000000005	50.089589999999994	50.219989999999996	50.227849999999997	50.367629999999998	50.379750000000001	50.404199999999996	51.708629999999999	52.14405	52.144129999999997	52.148069999999997	52.248080000000002	53.129160000000006	53.234559999999995	53.7819	53.93244	54.047779999999996	54.713940000000001	54.882769999999994	56.305109999999999	56.305300000000003	56.305790000000002	56.306069999999998	56.306309999999996	56.30677	56.307139999999997	56.307339999999996	56.307490000000001	56.307739999999995	56.308140000000002	56.308399999999999	56.30865	56.309019999999997	56.30921	56.309400000000004	56.309690000000003	56.31035	56.310610000000004	56.310850000000002	56.310910000000007	56.311050000000002	56.311230000000002	56.312709999999996	56.313489999999994	56.313679999999998	56.314010000000003	56.314019999999999	56.314160000000001	56.314250000000001	56.314629999999994	56.314800000000005	56.316160000000004	56.652589999999996	56.73245	56.775849999999998	56.792739999999995	56.80424	56.864760000000004	56.865459999999999	56.865470000000002	59.384569999999997	59.384999999999998	59.385390000000001	59.385760000000005	59.386050000000004	59.903230000000001	59.910110000000003	59.911180000000002	60.109650000000002	60.1098	60.720010000000002	61.019640000000003	61.54824	61.916789999999999	62.141010000000001	62.141040000000004	64.328339999999997	64.368279999999999	64.368340000000003	64.486580000000004	64.498419999999996	64.504350000000002	64.513180000000006	64.550929999999994	64.556020000000004	64.615549999999999	64.615679999999998	64.641949999999994	64.6751	64.756110000000007	64.756140000000002	64.756370000000004	64.75703	64.757580000000004	64.800070000000005	64.801540000000003	64.825450000000004	64.841620000000006	64.90598	64.906300000000002	64.954999999999998	64.964640000000003	65.415900000000008	65.481620000000007	65.649079999999998	65.649350000000013	65.894379999999998	65.933619999999991	66.235399999999998	66.235460000000003	66.313119999999998	66.37024000000001	66.421390000000002	66.423400000000001	66.446509999999989	66.668390000000002	66.703320000000005	66.706670000000003	66.794350000000009	66.901119999999992	66.911090000000002	66.955600000000004	67.008490000000009	67.0959	67.097750000000005	67.14636999999999	67.147220000000004	67.159329999999997	67.338369999999998	67.339110000000005	67.339169999999996	67.339950000000002	67.373729999999995	67.373829999999998	67.516600000000011	67.516859999999994	67.656350000000003	67.658070000000009	67.896979999999999	68.005560000000003	68.099159999999998	68.17213000000001	68.453190000000006	68.45374000000001	68.543149999999997	68.559619999999995	68.565070000000006	68.622579999999999	68.666370000000001	68.707719999999995	68.761800000000008	68.761979999999994	68.76303999999999	68.767200000000003	68.976289999999992	68.97945	68.984409999999997	68.992260000000002	69.007619999999989	69.008279999999999	69.008390000000006	69.008520000000004	69.009460000000004	69.020380000000003	69.107740000000007	69.147619999999989	69.255279999999999	69.327529999999996	69.631009999999989	69.652929999999998	69.69117	69.821449999999999	69.932690000000008	69.992490000000004	70.038920000000005	70.236609999999999	70.253350000000012	70.254100000000008	70.290750000000003	70.491579999999999	70.493669999999995	70.508179999999996	70.50827000000001	70.512389999999996	70.514250000000004	70.867440000000002	71.01391000000001	71.410509999999988	71.437809999999999	71.445130000000006	71.562089999999998	71.621449999999996	71.621719999999996	71.765330000000006	71.775790000000001	71.776179999999997	71.786770000000004	71.836320000000001	71.836850000000013	71.844039999999993	72.06228999999999	72.070250000000001	72.117440000000002	72.159960000000012	72.160560000000004	72.184460000000001	72.229690000000005	72.315380000000005	72.343100000000007	72.348089999999999	72.361149999999995	72.509649999999993	72.719770000000011	72.753280000000004	72.857369999999989	72.977149999999995	73.003029999999995	73.083619999999996	73.083799999999997	73.138490000000004	73.163339999999991	73.163359999999997	73.573549999999997	73.644990000000007	73.658880000000011	73.699509999999989	73.795550000000006	73.819850000000002	73.83335000000001	73.837050000000005	73.845219999999998	73.868089999999995	74.030740000000009	74.751480000000001	74.848119999999994	74.848410000000001	75.285110000000003	75.870649999999998	75.873630000000006	75.879369999999994	75.884470000000007	75.88946	75.893450000000001	75.91019	75.917880000000011	75.923190000000005	75.923460000000006	75.924120000000002	75.939410000000009	75.939509999999999	75.951660000000004	75.957279999999997	75.961420000000004	76.015529999999998	76.03103999999999	76.033789999999996	76.045059999999992	76.046139999999994	76.050449999999998	76.060940000000002	76.069419999999994	76.113849999999999	76.145809999999997	76.169309999999996	76.185310000000001	76.202719999999999	76.203240000000008	76.204239999999999	76.239589999999993	76.240229999999997	76.248140000000006	76.277799999999999	76.290080000000003	76.298839999999998	76.356089999999995	76.356529999999992	76.356649999999988	76.359279999999998	76.391960000000012	76.401200000000003	76.426940000000002	76.493200000000002	76.512110000000007	76.54862	76.563600000000008	76.563759999999988	76.605429999999998	76.605779999999996	76.606220000000008	76.622950000000003	76.695220000000006	76.73348	76.797269999999997	76.870050000000006	76.87791	76.890950000000004	76.898990000000012	77.034520000000001	77.035029999999992	77.039570000000012	77.045339999999996	77.084399999999988	77.115880000000004	77.15016	77.172060000000002	77.242789999999999	77.262190000000004	77.276520000000005	77.276970000000006	77.559359999999998	77.587149999999994	77.847289999999987	77.87127000000001	78.022619999999989	78.166730000000001	78.171320000000009	78.308580000000006	78.330529999999996	78.369559999999993	78.376070000000013	78.37727000000001	78.576570000000004	78.619869999999992	78.643339999999995	78.769199999999998	78.802999999999997	78.815479999999994	78.879940000000005	78.915469999999999	78.935779999999994	79.031369999999995	79.107470000000006	79.109340000000003	79.120800000000003	79.120980000000003	79.167550000000006	79.918399999999991	79.918539999999993	79.932289999999995	80.282270000000011	80.305630000000008	80.312950000000001	80.31317	80.855240000000009	80.927970000000002	80.942449999999994	80.944450000000003	81.015839999999997	81.053300000000007	81.068280000000001	81.076859999999996	81.129469999999998	81.152820000000006	81.153429999999986	81.153570000000002	81.153739999999999	81.153750000000002	81.30774000000001	81.3446	81.346399999999988	81.370020000000011	81.403170000000003	81.413269999999997	81.413380000000004	81.414229999999989	81.417839999999998	81.436030000000002	81.436210000000003	81.439359999999994	81.43974	81.439979999999991	81.445460000000011	81.448210000000003	81.459960000000009	81.480929999999987	81.493809999999996	81.53519	81.635360000000006	81.717269999999999	81.723300000000009	81.725539999999995	81.812820000000002	81.833190000000002	81.90419	81.905779999999993	81.90701	81.920649999999995	81.94892999999999	81.994039999999998	82.067220000000006	82.221919999999997	82.222039999999993	82.265699999999995	82.266059999999996	82.29361999999999	82.296499999999995	82.315950000000001	82.321880000000007	82.321950000000001	82.383110000000002	83.565649999999991	84.704580000000007	85.409610000000001	85.749979999999994	87.604699999999994	88.859649999999988	89.699699999999993	89.69986999999999	89.700570000000013	89.700869999999995	89.70089999999999	89.704999999999998	89.705119999999994	89.705719999999999	89.706130000000002	89.715419999999995	89.721440000000001	89.721600000000009	89.721689999999995	89.722300000000004	89.723009999999988	89.729140000000001	89.729489999999998	89.729609999999994	89.729810000000001	89.733890000000002	89.740080000000006	89.740589999999997	89.741679999999988	89.742130000000003	89.746380000000002	89.746479999999991	89.750869999999992	89.756059999999991	89.756100000000004	89.756129999999999	89.756140000000002	89.756160000000008	89.756529999999998	89.756740000000008	89.756839999999997	89.756910000000005	89.757929999999988	89.75833999999999	89.758579999999995	89.758619999999993	89.758710000000008	89.758740000000003	89.75885000000001	89.759009999999989	89.759799999999998	89.789789999999996	89.796240000000012	89.797380000000004	89.800060000000002	89.800110000000004	89.80028999999999	89.801659999999998	89.809080000000009	89.811449999999994	89.813729999999993	89.837009999999992	89.846329999999995	89.875950000000003	89.888460000000009	89.893749999999997	89.895889999999994	89.904630000000012	89.907780000000002	89.92398	89.95102	89.97	89.972769999999997	89.973869999999991	89.9786	89.99015	90.004469999999998	90.018100000000004	90.070419999999999	90.073130000000006	90.081600000000009	90.082030000000003	90.094949999999997	90.09535000000001	90.097039999999993	90.097130000000007	90.097800000000007	90.110339999999994	90.110489999999999	90.142830000000004	90.146350000000012	90.165999999999997	90.166089999999997	90.172420000000002	90.214439999999996	90.222949999999997	90.228289999999987	90.228390000000005	90.231940000000009	90.232160000000007	90.232289999999992	90.233609999999999	90.253740000000008	90.253810000000001	90.262979999999999	90.275229999999993	90.289079999999998	90.289190000000005	90.292619999999999	90.29289	90.293039999999991	90.302279999999996	90.31007000000001	90.31125999999999	90.315579999999997	90.32114	90.334879999999998	90.366280000000003	90.366399999999999	90.371570000000006	90.402020000000007	90.447639999999993	90.453969999999998	90.461799999999997	90.467100000000002	90.47045	90.482199999999992	90.484479999999991	90.501020000000011	90.51867	90.526229999999998	90.526289999999989	90.526789999999991	90.52928	90.56922999999999	90.581720000000004	90.615729999999999	90.619309999999999	90.674419999999998	90.718149999999994	90.718919999999997	90.724609999999998	90.729550000000003	90.731999999999999	91.434920000000005	91.435659999999999	91.622009999999989	91.841909999999999	91.946770000000001	92.152590000000004	92.155339999999995	92.157560000000004	92.160020000000003	92.161280000000005	92.198530000000005	92.203519999999997	92.20938000000001	92.220690000000005	92.244039999999998	92.254139999999992	92.269750000000002	92.269929999999988	92.306089999999998	92.337260000000001	92.511449999999996	92.536670000000001	92.575559999999996	92.667850000000001	92.67559	92.810059999999993	92.853899999999996	92.886839999999992	92.944720000000004	93.177509999999998	93.229979999999998	93.253460000000004	93.256559999999993	93.282630000000012	93.311329999999998	93.332549999999998	93.379339999999999	93.577649999999991	93.636380000000003	93.710890000000006	93.918970000000002	93.956119999999999	94.042839999999998	94.043570000000003	94.049850000000006	94.237920000000003	94.249769999999998	94.266829999999999	94.296689999999998	94.359499999999997	94.361410000000006	94.426600000000008	94.460220000000007	94.481560000000002	94.486080000000001	94.612139999999997	94.626320000000007	94.630380000000002	94.683340000000001	94.721689999999995	94.743729999999999	94.761990000000011	94.800269999999998	94.847830000000002	94.861800000000002	94.878559999999993	94.884059999999991	95.08229	95.178350000000009	95.261160000000004	95.297690000000003	95.29862	95.317779999999999	95.320350000000005	95.320880000000002	95.40137	95.541529999999995	95.547309999999996	95.602209999999999	95.675110000000004	95.837289999999996	95.837710000000001	95.908720000000002	95.924570000000003	95.94717	95.972380000000001	96.111279999999994	96.139880000000005	96.161990000000003	96.18365	96.257689999999997	96.285560000000004	96.341350000000006	96.349130000000002	96.466470000000001	96.492660000000001	96.546279999999996	96.639970000000005	96.68480000000001	96.72242	96.727339999999998	96.748329999999996	96.748390000000001	96.760679999999994	96.822469999999996	96.824699999999993	96.843670000000003	96.843779999999995	96.861199999999997	96.873449999999991	96.895610000000005	96.901089999999996	96.901350000000008	96.901570000000007	96.907520000000005	96.944479999999999	96.970550000000003	96.972539999999995	96.98554	96.992740000000012	96.998960000000011	97.049570000000003	97.082089999999994	97.122190000000003	97.123670000000004	97.175269999999998	97.175839999999994	97.176600000000008	97.195320000000009	97.204759999999993	97.204899999999995	97.232320000000001	97.233990000000006	97.2376	97.25242999999999	97.264259999999993	97.274850000000001	97.2761	97.28146000000001	97.283410000000003	97.290419999999997	97.294250000000005	97.29946000000001	97.313850000000002	97.315350000000009	97.317070000000001	97.324600000000004	97.324770000000001	97.335009999999997	97.336919999999992	97.346580000000003	97.3887	97.400850000000005	97.427899999999994	97.441249999999997	97.442250000000001	97.454560000000001	97.458629999999999	97.477460000000008	97.504639999999995	97.505750000000006	97.50621000000001	97.507320000000007	97.524539999999988	97.535240000000002	97.570509999999999	97.626910000000009	97.630759999999995	97.632940000000005	97.695250000000001	97.69538	97.697360000000003	97.716270000000009	97.716440000000006	97.796700000000001	97.88027000000001	97.880459999999999	97.913509999999988	97.914479999999998	97.943740000000005	97.975539999999995	97.981030000000004	98.00076	98.028689999999997	98.044789999999992	98.069310000000002	98.075220000000002	98.10069	98.12133	98.122539999999987	98.14179	98.214679999999987	98.238699999999994	98.241240000000005	98.26500999999999	98.279089999999997	98.296990000000008	98.297219999999996	98.324479999999994	98.337090000000003	98.341639999999998	98.342259999999996	98.350359999999995	98.350700000000003	98.351690000000005	98.353960000000001	98.414369999999991	98.459350000000001	98.492729999999995	98.502420000000001	98.524559999999994	98.530140000000003	98.54401	98.547089999999997	98.549539999999993	98.555149999999998	98.562420000000003	98.56725999999999	98.594259999999991	98.597049999999996	98.617869999999996	98.638320000000007	98.645740000000004	98.669869999999989	98.670240000000007	98.678570000000008	98.693789999999993	98.694670000000002	98.72453999999999	98.726489999999998	98.770070000000004	98.77297999999999	98.780760000000001	98.781700000000001	98.827629999999999	98.860950000000003	98.878649999999993	98.880510000000001	98.88064	98.88121000000001	98.932609999999997	98.934429999999992	98.937719999999999	98.939509999999999	98.940770000000001	98.951399999999992	98.971530000000001	98.981570000000005	99.002649999999988	99.035420000000002	99.086799999999997	99.109560000000002	99.201990000000009	99.224809999999991	99.241969999999995	99.242519999999999	99.248000000000005	99.286149999999992	99.293350000000004	99.30364999999999	99.382979999999989	99.441460000000006	99.474899999999991	99.487250000000003	99.49051	99.496250000000003	99.502510000000001	99.503240000000005	99.510130000000004	99.51169999999999	99.538020000000003	99.54119	99.614729999999994	99.655940000000001	99.665320000000008	99.702470000000005	99.73657	99.784639999999996	99.793809999999993	99.796999999999997	99.797169999999994	99.805369999999996	99.823340000000002	99.854100000000003	99.889390000000006	99.909809999999993	99.930990000000008	99.93983999999999	99.965990000000005	99.98854	100.0179	100.02860000000001	100.03161	100.04042	100.05174000000001	100.06583999999999	100.12799000000001	100.16035000000001	100.16856	100.17701	100.19319999999999	100.21364	100.29008	100.33025000000001	100.33461	100.36283999999999	100.39164	100.43482	100.43492000000001	100.43665	100.44059	100.44949000000001	100.45908	100.47541	100.49419	100.49827000000001	100.50239000000001	100.50521000000001	100.50694	100.58569	100.66285999999999	100.66938	100.74798	100.77316999999999	100.79929	100.84895	100.84965	100.85118	100.86258000000001	100.86545	100.89338000000001	100.92950999999999	100.93324000000001	100.94273	100.97724000000001	101.0026	101.01416999999999	101.04075999999999	101.0449	101.04507000000001	101.10016999999999	101.10042	101.11125	101.11849000000001	101.16458	101.17849000000001	101.20414	101.22049000000001	101.24983	101.25086999999999	101.25727000000001	101.25729	101.28658	101.35196999999999	101.38146	101.42403999999999	101.49760999999999	101.69647999999999	101.69654	101.7209	101.72383000000001	101.72386999999999	101.72444999999999	101.72457	101.72508000000001	101.72538	101.72578	101.73022	101.73066	101.73387	101.73764	101.74217999999999	101.74266	101.74292999999999	101.74316999999999	101.75342999999999	101.75511999999999	101.75516999999999	101.75595	101.75752	101.75772000000001	101.75785	101.75789	101.75852999999999	101.76187	101.76269000000001	101.76474	101.76733	101.76800999999999	101.76858	101.77035000000001	101.77175	101.77383999999999	101.77705	101.78161999999999	101.78165	101.78448	101.78485000000001	101.78496000000001	101.78600999999999	101.78612	101.78652000000001	101.78664999999999	101.78688000000001	101.78691999999999	101.78713	101.78755	101.78797999999999	101.79039999999999	101.79089999999999	101.79182	101.79508	101.79516000000001	101.80417	101.81303	101.82096	101.82353000000001	101.82364	101.84844	101.85019	101.8588	101.88066000000001	101.89003	101.89021000000001	101.9118	101.92304	101.93742999999999	101.94802	101.95662	101.99474000000001	102.00742	102.03946000000001	102.06024000000001	102.06031	102.06550999999999	102.07742999999999	102.08035000000001	102.08328	102.09022999999999	102.10637	102.12274000000001	102.13717999999999	102.15128	102.15303999999999	102.15835000000001	102.16308000000001	102.16316999999999	102.16645	102.17127000000001	102.17564	102.21642	102.21717	102.22866999999999	102.22972	102.23029	102.24621	102.26158	102.27633999999999	102.28174	102.30671000000001	102.32964	102.35649000000001	102.37316	102.37939999999999	102.38069	102.38549999999999	102.39497999999999	102.39710000000001	102.41599000000001	102.41673	102.42000999999999	102.46142999999999	102.46488000000001	102.50882	102.51603999999999	102.6109	102.61480999999999	102.62286	102.64032	102.64722	102.65964	102.6597	102.65977000000001	102.68226	102.68394000000001	102.68450999999999	102.68486999999999	102.68516000000001	102.69217999999999	102.70128	102.70375	102.71361	102.71418	102.71517	102.72396999999999	102.73814999999999	102.74175	102.79934	102.80253999999999	102.80625000000001	102.81910999999999	102.81953999999999	102.8227	102.82431	102.82438999999999	102.83583	102.87860000000001	102.90963000000001	102.92732000000001	102.92761	102.93531	102.93594999999999	102.98905000000001	102.98953999999999	103.00713	103.00735	103.00962	103.07939	103.0868	103.10374	103.1041	103.12155	103.13496000000001	103.16974999999999	103.17046000000001	103.19517999999999	103.19529	103.26214999999999	103.27408	103.35739	103.38803999999999	103.39475999999999	103.39878	103.43889999999999	103.44066000000001	103.47825	103.47941	103.56723	103.58551	103.7247	103.75303	103.75317999999999	103.75825999999999	103.76511000000001	103.80011	103.82987	103.83777000000001	103.83919	103.89702	103.89999	103.92166	103.94156	103.94232000000001	103.95797	103.95805	103.96938	104.00093	104.00536	104.00563000000001	104.00566000000001	104.00592	104.0089	104.0925	104.12433	104.12647	104.13431	104.13513	104.16489	104.23483	104.24719999999999	104.25286	104.27421000000001	104.31591	104.31656	104.36868	104.40758	104.41813999999999	104.42706	104.45435999999999	104.46513	104.46683999999999	104.46771000000001	104.46978	104.48692999999999	104.49162	104.50974000000001	104.59775999999999	104.61775	104.63215	104.64708999999999	104.73008999999999	104.74154	104.84555999999999	104.84562	104.85741	104.86064	104.86105000000001	104.87627000000001	104.99584	105.02719	105.04639	105.12586	105.18019	105.22622	105.22624999999999	105.22647000000001	105.23497	105.26249	105.27375000000001	105.27835	105.3476	105.34806	105.35879	105.3626	105.39213000000001	105.39777000000001	105.48741	105.51603	105.56717999999999	105.60614	105.61966000000001	105.64892	105.66094	105.66099	105.69333	105.70171000000001	105.71963000000001	105.77727	105.83376	105.83396	105.84027999999999	105.84689	105.85802000000001	105.87088	105.87255	105.89993	105.90855999999999	105.9183	105.9482	105.95339	105.95614999999999	105.95647	105.96224000000001	105.9653	105.97869	105.98914000000001	106.00453	106.05063	106.05066000000001	106.06986000000001	106.08539	106.25873	106.25909	106.28372999999999	106.34189000000001	106.35319	106.36669999999999	106.47525999999999	106.48857000000001	106.49975999999999	106.52014	106.52683999999999	106.55160000000001	106.57402999999999	106.57474000000001	106.59832	106.60016999999999	106.60034	106.60374	106.60382000000001	106.61467999999999	106.62089999999999	106.64995	106.65286	106.77672	106.77753	106.79879	106.81635	106.81638000000001	106.81685	106.81693	106.82322000000001	106.82478	106.84788999999999	106.84932999999999	106.88774000000001	106.88779	106.8965	106.89671000000001	106.89693	106.90099000000001	106.92341999999999	106.92858	106.92983	106.93069	106.93092	106.93196	106.94811999999999	106.95514	106.97466	106.97482000000001	106.9953	107.00386	107.00422999999999	107.00425999999999	107.00456	107.00519	107.02097999999999	107.03389	107.03719	107.04189	107.04205999999999	107.04219000000001	107.04496	107.05248	107.05398	107.0861	107.08830999999999	107.09533	107.10210000000001	107.10406	107.10417	107.12508	107.13687	107.14277	107.14292	107.16599000000001	107.17586	107.32335	107.37394	107.37749000000001	107.37757999999999	107.40433999999999	107.40439000000001	107.40644	107.40657	107.40832	107.43597	107.43860000000001	107.43986	107.44117999999999	107.44658	107.49558999999999	107.5086	107.57052	107.58117	107.60551	107.60630999999999	107.66659	107.67041999999999	107.67756	107.68153	107.69242999999999	107.69421000000001	107.70647	107.71030999999999	107.72405999999999	107.74753	107.77553	107.77955	107.78249000000001	107.78400000000001	107.78408	107.79464	107.80045	107.81100000000001	107.81103999999999	107.81686999999999	107.83028999999999	107.83149	107.88894000000001	107.9105	107.93514	107.93785000000001	107.98139999999999	107.99732	107.99764999999999	108.01116999999999	108.0146	108.03153	108.03177000000001	108.0352	108.04966999999999	108.05055	108.05164000000001	108.06771999999999	108.06787	108.07858	108.07915	108.09353999999999	108.09518	108.09608999999999	108.09643	108.09841	108.09914000000001	108.10056	108.10057	108.10334	108.10571	108.10579	108.10586000000001	108.10630999999999	108.1083	108.10866	108.11537	108.11561999999999	108.11624	108.11926	108.13104	108.13236000000001	108.14913	108.15639	108.16827000000001	108.25071000000001	108.27127	108.27177	108.27179	108.29015	108.29535	108.30292999999999	108.31813000000001	108.31958	108.32233000000001	108.32557000000001	108.40172	108.41319	108.42999	108.43034	108.4517	108.45658	108.46324	108.4641	108.46733999999999	108.48372000000001	108.59582	108.62469	108.64453999999999	108.66638	108.69942999999999	108.76130999999999	108.77583	108.7826	108.78867	108.82894	108.82902	108.83325000000001	108.83597999999999	108.83829	108.85073	108.85109	108.8536	108.86741000000001	108.87697	108.88489	108.89953	108.92183	108.92233	108.92282	108.92283999999999	108.94497	108.94761	108.95369000000001	108.9615	108.96235	108.97314	108.98519999999999	108.98532	108.98972000000001	108.99305	108.99330999999999	108.99942999999999	109.01246	109.01267999999999	109.01649999999999	109.03619	109.03641999999999	109.06005999999999	109.06594	109.11005	109.11048	109.11799999999999	109.11877	109.13825999999999	109.14825999999999	109.15167	109.16901	109.17617999999999	109.19844000000001	109.2351	109.2655	109.27352999999999	109.2847	109.34302000000001	109.34442	109.35958000000001	109.35983	109.36	109.37269000000001	109.37745	109.39230000000001	109.39239999999999	109.39858	109.46311	109.49714999999999	109.53732000000001	109.62832	109.68001	109.70753000000001	109.73327999999999	109.73336	109.80537	109.80558000000001	109.80574	109.8236	109.84289	109.84308	109.84482000000001	109.86048	109.89107000000001	109.90719	109.91274	109.93644	109.96599000000001	109.96841000000001	110.01905000000001	110.03617999999999	110.03825999999999	110.03933000000001	110.04378	110.04385000000001	110.05122999999999	110.07629	110.08363	110.10414999999999	110.10436	110.1044	110.10567	110.1057	110.10850000000001	110.13708	110.14208000000001	110.18867	110.22024999999999	110.24001	110.24088999999999	110.38105	110.38695	110.38711000000001	110.39991000000001	110.40480000000001	110.4829	110.49474000000001	110.52159	110.54378999999999	110.55182000000001	110.56819999999999	110.57841999999999	110.58086	110.59238000000001	110.60249	110.64242999999999	110.64771	110.65367999999999	110.65925	110.68245	110.69001	110.69722999999999	110.71755	110.7226	110.72511	110.72524	110.73218	110.73228999999999	110.7355	110.73839	110.74246000000001	110.74544999999999	110.74544999999999	110.76605000000001	0.384048	0.83210399999999995	0.96011999999999997	0.70408800000000005	0.89611200000000002	0.70408800000000005	0.57607200000000003	0.83210399999999995	0.70408800000000005	0.57607200000000003	0.83210399999999995	0.70408800000000005	0.70408800000000005	0.70408800000000005	0.57607200000000003	0.57607200000000003	0.70408800000000005	0.70408800000000005	0.83210399999999995	0.70408800000000005	0.70408800000000005	0.83210399999999995	0.83210399999999995	0.70408800000000005	0.70408800000000005	0.83210399999999995	0.70408800000000005	0.83210399999999995	0.83210399999999995	0.83210399999999995	0.70408800000000005	0.70408800000000005	0.83210399999999995	0.70408800000000005	0.70408800000000005	0.57607200000000003	0.89611200000000002	0.83210399999999995	0.57607200000000003	0.70408800000000005	0.83210399999999995	0.83210399999999995	0.70408800000000005	0.83210399999999995	0.70408800000000005	0.83210399999999995	1.28016	0.70408800000000005	0.70408800000000005	0.83210399999999995	0.64007999999999998	0.89611200000000002	0.70408800000000005	0.64007999999999998	0.70408800000000005	0.70408800000000005	0.51206399999999996	0.70408800000000005	0.83210399999999995	0.83210399999999995	0.83210399999999995	0.83210399999999995	0.70408800000000005	0.57607200000000003	0.83210399999999995	0.83210399999999995	0.57607200000000003	0.83210399999999995	0.89611200000000002	0.70408800000000005	0.70408800000000005	0.57607200000000003	0.83210399999999995	0.57607200000000003	0.70408800000000005	0.83210399999999995	0.70408800000000005	0.70408800000000005	0.89611200000000002	0.70408800000000005	0.83210399999999995	0.70408800000000005	0.70408800000000005	0.70408800000000005	0.83210399999999995	0.768096	0.64007999999999998	0.768096	1.0241279999999999	0.89611200000000002	0.64007999999999998	0.768096	0.768096	0.768096	0.64007999999999998	0.64007999999999998	1.1521440000000001	0.89611200000000002	0.64007999999999998	0.768096	0.89611200000000002	0.768096	0.89611200000000002	0.89611200000000002	1.1521440000000001	0.57607200000000003	0.70408800000000005	0.83210399999999995	0.70408800000000005	0.768096	0.89611200000000002	0.70408800000000005	0.51206399999999996	0.83210399999999995	0.83210399999999995	0.51206399999999996	0.64007999999999998	1.6002000000000001	1.792224	0.96011999999999997	1.536192	1.1521440000000001	1.1521440000000001	2.2799040000000002	1.6002000000000001	1.9202399999999999	1.2161519999999999	1.4081760000000001	1.792224	1.536192	2.3042880000000001	1.792224	1.0241279999999999	1.792224	1.4081760000000001	1.0241279999999999	1.1521440000000001	1.4081760000000001	1.088136	1.792224	1.2161519999999999	1.4721839999999999	2.176272	1.2161519999999999	1.4081760000000001	1.8562320000000001	1.0241279999999999	1.6642079999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	2.0482559999999999	1.2161519999999999	1.2161519999999999	1.344168	1.344168	1.4721839999999999	1.1521440000000001	1.984248	2.5603199999999999	1.8562320000000001	1.4721839999999999	1.088136	1.8562320000000001	1.4721839999999999	1.4721839999999999	1.088136	1.088136	1.4721839999999999	1.088136	1.088136	1.6642079999999999	1.088136	1.088136	1.4721839999999999	1.088136	1.088136	1.344168	2.6243280000000002	2.176272	1.792224	2.4323039999999998	1.1521440000000001	2.6883360000000001	1.0241279999999999	1.2161519999999999	1.536192	1.9202399999999999	1.728216	1.0241279999999999	1.0241279999999999	1.4721839999999999	1.6642079999999999	1.0241279999999999	1.0241279999999999	1.2349479999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.4721839999999999	1.2161519999999999	1.1521440000000001	1.2161519999999999	2.88036	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.728216	1.1521440000000001	0.96011999999999997	1.088136	1.6642079999999999	1.2161519999999999	1.1521440000000001	1.792224	1.4081760000000001	0.57607200000000003	0.57607200000000003	1.088136	1.088136	1.088136	1.2161519999999999	1.4081760000000001	1.1521440000000001	1.088136	1.6002000000000001	1.4081760000000001	1.2161519999999999	1.2161519999999999	1.1521440000000001	0.96011999999999997	0.57607200000000003	1.2161519999999999	0.70408800000000005	0.70408800000000005	0.57607200000000003	0.96011999999999997	0.70408800000000005	1.088136	0.96011999999999997	0.96011999999999997	0.96011999999999997	0.70408800000000005	1.088136	0.57607200000000003	0.70408800000000005	0.70408800000000005	0.70408800000000005	1.088136	1.0241279999999999	1.0241279999999999	1.2161519999999999	1.1521440000000001	0.96011999999999997	1.2161519999999999	1.28016	1.4081760000000001	1.6002000000000001	1.2161519999999999	1.088136	1.2161519999999999	1.4721839999999999	1.0241279999999999	0.89611200000000002	1.2161519999999999	1.088136	1.2161519999999999	1.2161519999999999	2.1849080000000001	1.1521440000000001	0.83210399999999995	1.0241279999999999	0.96011999999999997	1.536192	1.4081760000000001	2.1122640000000001	1.088136	2.2402799999999998	1.28016	0.96011999999999997	0.96011999999999997	1.2161519999999999	3.3924240000000001	3.3924240000000001	2.4963120000000001	2.0482559999999999	3.3924240000000001	1.4721839999999999	2.0482559999999999	3.3924240000000001	2.176272	2.8163520000000002	2.176272	1.1521440000000001	1.4721839999999999	1.088136	1.4721839999999999	1.2161519999999999	1.2161519999999999	1.6002000000000001	2.176272	2.6243280000000002	1.792224	2.4323039999999998	2.4323039999999998	1.6642079999999999	1.088136	1.088136	1.088136	1.088136	1.088136	1.088136	1.792224	1.6002000000000001	1.792224	1.536192	1.1521440000000001	1.0241279999999999	1.2161519999999999	1.2161519999999999	2.0482559999999999	1.2161519999999999	2.176272	2.0482559999999999	2.4963120000000001	2.4963120000000001	2.3042880000000001	1.4721839999999999	2.3042880000000001	1.2161519999999999	1.6002000000000001	1.1521440000000001	1.8562320000000001	2.176272	2.176272	2.176272	2.4323039999999998	2.176272	1.792224	2.4323039999999998	1.1521440000000001	1.792224	2.176272	1.4081760000000001	1.2161519999999999	1.2161519999999999	1.4081760000000001	1.4081760000000001	0.89611200000000002	0.89611200000000002	2.4323039999999998	3.0083760000000002	3.0083760000000002	1.9202399999999999	3.0083760000000002	2.176272	1.1521440000000001	2.3042880000000001	1.4081760000000001	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.0241279999999999	1.088136	1.344168	1.536192	1.9202399999999999	2.6243280000000002	2.7523439999999999	1.984248	2.5603199999999999	1.728216	0.51206399999999996	1.088136	1.536192	1.728216	2.4963120000000001	1.728216	1.536192	1.536192	1.536192	1.536192	1.728216	1.0241279999999999	1.8562320000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	2.176272	1.088136	1.1521440000000001	1.0241279999999999	2.4963120000000001	1.728216	3.9898319999999998	2.9443679999999999	2.4963120000000001	2.6883360000000001	2.176272	2.9443679999999999	1.2161519999999999	1.344168	1.2161519999999999	1.0241279999999999	1.536192	2.3042880000000001	2.3042880000000001	0.83210399999999995	1.0241279999999999	0.96011999999999997	1.536192	0.89611200000000002	0.96011999999999997	0.70408800000000005	1.088136	0.96011999999999997	0.89611200000000002	0.89611200000000002	0.70408800000000005	0.70408800000000005	0.89611200000000002	0.89611200000000002	0.89611200000000002	0.89611200000000002	0.64007999999999998	0.89611200000000002	0.89611200000000002	0.89611200000000002	0.89611200000000002	0.89611200000000002	1.0241279999999999	0.89611200000000002	0.89611200000000002	1.0241279999999999	0.768096	0.64007999999999998	1.088136	0.83210399999999995	1.088136	0.83210399999999995	0.70408800000000005	1.0241279999999999	0.70408800000000005	0.89611200000000002	0.89611200000000002	0.89611200000000002	0.64007999999999998	0.89611200000000002	1.4081760000000001	1.4081760000000001	1.6002000000000001	1.6002000000000001	0.96011999999999997	1.6002000000000001	1.2161519999999999	1.6002000000000001	1.4437359999999999	1.4437359999999999	1.4437359999999999	1.2374879999999999	1.2374879999999999	1.5468599999999999	1.0312399999999999	1.2374879999999999	1.5468599999999999	1.5468599999999999	1.0312399999999999	1.0312399999999999	1.2374879999999999	1.4437359999999999	1.3406119999999999	1.3406119999999999	1.2161519999999999	1.1399520000000001	0.94996000000000003	0.768096	0.89611200000000002	0.70408800000000005	0.89611200000000002	0.89611200000000002	0.89611200000000002	0.89611200000000002	0.89611200000000002	0.89611200000000002	1.0241279999999999	0.768096	0.64007999999999998	0.89611200000000002	0.768096	0.89611200000000002	1.1521440000000001	1.344168	0.89611200000000002	0.96011999999999997	1.28016	0.768096	0.89611200000000002	1.0241279999999999	1.0241279999999999	0.96011999999999997	1.344168	0.89611200000000002	0.96011999999999997	1.4721839999999999	0.64007999999999998	0.768096	1.0241279999999999	0.96011999999999997	1.088136	1.4081760000000001	1.536192	0.89611200000000002	0.768096	0.89611200000000002	0.96011999999999997	0.96011999999999997	1.0241279999999999	0.89611200000000002	1.28016	0.89611200000000002	0.89611200000000002	1.9202399999999999	1.9202399999999999	0.96011999999999997	1.0241279999999999	1.0241279999999999	1.2161519999999999	0.89611200000000002	1.344168	0.89611200000000002	0.96011999999999997	0.96011999999999997	0.768096	0.96011999999999997	0.89611200000000002	0.96011999999999997	1.088136	0.96011999999999997	0.96011999999999997	0.96011999999999997	1.0241279999999999	0.89611200000000002	0.768096	1.28016	1.0241279999999999	0.89611200000000002	0.768096	1.536192	0.96011999999999997	0.768096	1.0241279999999999	1.344168	1.4081760000000001	0.96011999999999997	1.1521440000000001	0.96011999999999997	1.1521440000000001	0.96011999999999997	1.1521440000000001	0.96011999999999997	0.96011999999999997	1.0241279999999999	0.96011999999999997	0.89611200000000002	1.088136	0.768096	1.1521440000000001	1.28016	1.9949159999999999	0.96011999999999997	1.4721839999999999	1.344168	0.89611200000000002	0.768096	0.96011999999999997	0.64007999999999998	1.0241279999999999	0.70408800000000005	0.70408800000000005	0.768096	1.0241279999999999	0.89611200000000002	0.96011999999999997	1.536192	0.89611200000000002	0.768096	0.96011999999999997	2.4963120000000001	2.8163520000000002	0.96011999999999997	1.536192	0.768096	0.89611200000000002	0.96011999999999997	0.96011999999999997	1.1521440000000001	1.1521440000000001	0.96011999999999997	0.96011999999999997	1.536192	2.5603199999999999	0.96011999999999997	1.0241279999999999	0.96011999999999997	0.96011999999999997	0.96011999999999997	1.1521440000000001	1.1521440000000001	1.1521440000000001	0.96011999999999997	0.89611200000000002	0.89611200000000002	1.28016	0.96011999999999997	0.96011999999999997	1.1521440000000001	0.83210399999999995	0.83210399999999995	0.96011999999999997	0.96011999999999997	1.8562320000000001	0.83210399999999995	0.89611200000000002	1.344168	1.344168	1.0241279999999999	0.89611200000000002	0.96011999999999997	1.344168	0.96011999999999997	0.96011999999999997	0.96011999999999997	1.1521440000000001	1.088136	0.89611200000000002	0.89611200000000002	0.89611200000000002	0.96011999999999997	0.96011999999999997	1.1521440000000001	0.96011999999999997	2.0482559999999999	1.0241279999999999	1.0241279999999999	0.96011999999999997	0.96011999999999997	0.96011999999999997	0.96011999999999997	1.1521440000000001	0.96011999999999997	1.0241279999999999	1.1521440000000001	0.96011999999999997	1.28016	0.768096	1.28016	0.83210399999999995	0.768096	0.83210399999999995	0.96011999999999997	0.89611200000000002	0.768096	0.768096	0.89611200000000002	2.6243280000000002	1.2161519999999999	1.0241279999999999	1.0241279999999999	1.2161519999999999	1.0241279999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.088136	1.1521440000000001	1.4081760000000001	1.0241279999999999	1.2161519999999999	1.0241279999999999	1.0241279999999999	1.0241279999999999	1.0241279999999999	1.4081760000000001	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.1521440000000001	1.2161519999999999	1.4081760000000001	1.0241279999999999	1.088136	1.088136	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.6002000000000001	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.088136	1.2161519999999999	1.088136	1.4721839999999999	1.4081760000000001	1.4081760000000001	1.0241279999999999	1.2161519999999999	1.4081760000000001	1.088136	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.0241279999999999	1.088136	1.4721839999999999	1.088136	0.89611200000000002	1.4081760000000001	1.1521440000000001	1.6002000000000001	1.088136	1.9202399999999999	1.1521440000000001	1.4081760000000001	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.088136	1.088136	1.0241279999999999	1.088136	1.088136	1.1521440000000001	1.4081760000000001	1.0241279999999999	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.792224	1.6002000000000001	1.4081760000000001	1.4081760000000001	1.2161519999999999	1.1521440000000001	1.4721839999999999	1.088136	1.088136	1.4081760000000001	1.1521440000000001	1.344168	1.2161519999999999	1.088136	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.792224	1.1521440000000001	1.2161519999999999	1.4081760000000001	1.088136	1.088136	1.1521440000000001	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.088136	1.2161519999999999	1.6002000000000001	1.2161519999999999	1.1521440000000001	1.4081760000000001	2.9443679999999999	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.4081760000000001	1.2161519999999999	1.088136	1.0241279999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.4081760000000001	0.89611200000000002	1.6642079999999999	0.70408800000000005	0.64007999999999998	1.2161519999999999	1.4081760000000001	0.768096	0.768096	0.768096	0.768096	1.2161519999999999	1.088136	0.57607200000000003	0.70408800000000005	0.70408800000000005	0.768096	0.70408800000000005	0.83210399999999995	0.83210399999999995	0.83210399999999995	0.70408800000000005	0.768096	0.768096	0.768096	0.768096	0.768096	0.70408800000000005	1.2161519999999999	0.57607200000000003	0.96011999999999997	1.088136	0.96011999999999997	0.768096	0.64007999999999998	0.89611200000000002	1.0241279999999999	0.89611200000000002	0.89611200000000002	0.768096	0.768096	0.768096	0.768096	0.89611200000000002	1.1521440000000001	0.768096	0.768096	0.89611200000000002	1.1521440000000001	0.64007999999999998	0.768096	0.64007999999999998	0.89611200000000002	0.89611200000000002	1.088136	1.2161519999999999	0.89611200000000002	1.088136	0.768096	0.70408800000000005	1.536192	0.83210399999999995	0.768096	0.70408800000000005	0.768096	0.64007999999999998	0.768096	0.768096	0.64007999999999998	0.768096	0.70408800000000005	0.89611200000000002	0.83210399999999995	0.83210399999999995	0.83210399999999995	0.89611200000000002	0.89611200000000002	1.4081760000000001	0.57607200000000003	0.768096	0.768096	0.83210399999999995	0.70408800000000005	0.83210399999999995	1.0241279999999999	1.0241279999999999	0.83210399999999995	0.83210399999999995	0.83210399999999995	0.83210399999999995	0.89611200000000002	1.0241279999999999	0.89611200000000002	0.89611200000000002	0.89611200000000002	0.96011999999999997	0.768096	0.768096	1.0241279999999999	0.89611200000000002	1.088136	0.768096	0.89611200000000002	0.83210399999999995	0.83210399999999995	0.70408800000000005	0.89611200000000002	0.768096	0.768096	0.70408800000000005	0.83210399999999995	0.83210399999999995	0.70408800000000005	0.89611200000000002	0.89611200000000002	0.83210399999999995	0.89611200000000002	0.83210399999999995	1.2161519999999999	0.89611200000000002	0.83210399999999995	0.89611200000000002	0.89611200000000002	1.28016	0.51206399999999996	0.64007999999999998	0.89611200000000002	0.89611200000000002	0.83210399999999995	0.89611200000000002	0.83210399999999995	0.83210399999999995	1.28016	0.83210399999999995	0.70408800000000005	1.0241279999999999	0.83210399999999995	1.0241279999999999	0.83210399999999995	0.96011999999999997	0.70408800000000005	0.70408800000000005	0.89611200000000002	0.70408800000000005	0.70408800000000005	0.89611200000000002	1.1521440000000001	1.0241279999999999	1.0241279999999999	1.1521440000000001	0.89611200000000002	0.83210399999999995	0.83210399999999995	0.83210399999999995	0.83210399999999995	0.89611200000000002	0.89611200000000002	0.768096	0.70408800000000005	0.96011999999999997	0.70408800000000005	0.96011999999999997	0.70408800000000005	0.83210399999999995	0.89611200000000002	0.83210399999999995	0.83210399999999995	1.2161519999999999	0.70408800000000005	0.83210399999999995	0.83210399999999995	0.83210399999999995	0.83210399999999995	1.344168	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.6002000000000001	1.1521440000000001	2.0482559999999999	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.088136	0.96011999999999997	1.28016	0.83210399999999995	1.0241279999999999	1.2161519999999999	1.0241279999999999	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.2161519999999999	1.2161519999999999	0.57607200000000003	1.2161519999999999	1.2161519999999999	1.088136	1.1521440000000001	1.1521440000000001	1.9202399999999999	1.792224	1.088136	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.792224	1.2161519999999999	1.0241279999999999	1.6002000000000001	1.536192	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.2161519999999999	0.89611200000000002	0.96011999999999997	1.1521440000000001	1.6642079999999999	1.1521440000000001	1.1521440000000001	1.4721839999999999	1.088136	1.6002000000000001	1.1521440000000001	1.1521440000000001	2.176272	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.2161519999999999	1.1521440000000001	1.0241279999999999	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.4081760000000001	1.2161519999999999	1.4081760000000001	1.1521440000000001	1.1521440000000001	1.4081760000000001	1.1521440000000001	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.0241279999999999	1.344168	1.088136	1.728216	1.1521440000000001	1.088136	1.1521440000000001	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.088136	1.088136	1.088136	1.0241279999999999	1.2161519999999999	1.2161519999999999	1.088136	1.088136	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.4081760000000001	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.792224	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.0241279999999999	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.4081760000000001	1.1521440000000001	1.2161519999999999	1.4081760000000001	1.2161519999999999	1.2161519999999999	1.6002000000000001	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	0.83210399999999995	0.83210399999999995	1.0241279999999999	0.83210399999999995	0.83210399999999995	1.1521440000000001	1.4081760000000001	1.2161519999999999	1.0241279999999999	1.1521440000000001	1.0241279999999999	1.088136	1.088136	1.2161519999999999	1.0241279999999999	1.6002000000000001	1.2161519999999999	1.4721839999999999	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.1521440000000001	1.792224	1.1521440000000001	1.2161519999999999	1.4081760000000001	1.2161519999999999	1.6002000000000001	1.2161519999999999	1.6002000000000001	1.2161519999999999	1.6002000000000001	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.4081760000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.6002000000000001	1.2161519999999999	1.4081760000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.4081760000000001	1.2161519999999999	1.0241279999999999	1.2161519999999999	1.4081760000000001	1.2161519999999999	1.0241279999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.088136	1.088136	1.1521440000000001	1.1521440000000001	1.792224	1.536192	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.088136	2.9443679999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.9202399999999999	1.1521440000000001	1.2161519999999999	1.4081760000000001	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.2161519999999999	2.286	1.6642079999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.28016	1.1521440000000001	1.088136	1.2161519999999999	1.0241279999999999	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.6642079999999999	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.088136	1.2161519999999999	1.1521440000000001	1.4081760000000001	1.2161519999999999	1.4721839999999999	1.088136	1.2161519999999999	1.2161519999999999	1.4721839999999999	1.1521440000000001	1.344168	1.6002000000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.4081760000000001	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.4081760000000001	1.1521440000000001	1.0241279999999999	1.1521440000000001	1.2161519999999999	1.0241279999999999	1.1521440000000001	1.088136	1.4721839999999999	1.088136	1.088136	1.4721839999999999	1.0241279999999999	1.0241279999999999	1.1521440000000001	1.2161519999999999	1.0241279999999999	1.1521440000000001	1.2161519999999999	1.4081760000000001	1.2161519999999999	1.4081760000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.1521440000000001	1.2161519999999999	1.088136	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.4721839999999999	0.768096	1.1521440000000001	1.1521440000000001	1.0241279999999999	1.1521440000000001	1.728216	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.344168	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.4081760000000001	1.0241279999999999	1.2161519999999999	1.0241279999999999	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.0241279999999999	1.2161519999999999	1.2161519999999999	1.0241279999999999	1.0241279999999999	1.1521440000000001	1.0241279999999999	1.2161519999999999	1.0241279999999999	1.6002000000000001	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.792224	1.2161519999999999	0.83210399999999995	0.70408800000000005	0.70408800000000005	0.96011999999999997	0.70408800000000005	0.96011999999999997	1.1521440000000001	1.1521440000000001	1.4721839999999999	1.088136	1.088136	1.6002000000000001	1.0241279999999999	1.1521440000000001	1.4081760000000001	1.1521440000000001	1.344168	1.4081760000000001	1.6002000000000001	1.1521440000000001	1.0241279999999999	1.536192	1.2161519999999999	1.2161519999999999	1.0241279999999999	1.0241279999999999	1.0241279999999999	1.1521440000000001	1.1521440000000001	1.088136	1.088136	1.2161519999999999	1.1521440000000001	2.3042880000000001	1.1521440000000001	1.0241279999999999	1.0241279999999999	1.0241279999999999	1.2161519999999999	1.4081760000000001	1.0241279999999999	1.6002000000000001	1.1521440000000001	1.0241279999999999	1.0241279999999999	1.4081760000000001	1.4081760000000001	1.0241279999999999	1.1521440000000001	1.0241279999999999	0.89611200000000002	1.1521440000000001	1.2161519999999999	1.1521440000000001	1.0241279999999999	1.1521440000000001	1.088136	1.088136	0.89611200000000002	1.2161519999999999	1.0241279999999999	1.792224	1.1521440000000001	1.1521440000000001	1.6002000000000001	1.2161519999999999	1.4721839999999999	1.0241279999999999	1.1521440000000001	1.1521440000000001	1.344168	0.96011999999999997	1.0241279999999999	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.088136	1.2161519999999999	1.4081760000000001	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.0241279999999999	1.0241279999999999	1.0241279999999999	1.4081760000000001	1.2161519999999999	1.1521440000000001	1.2161519999999999	1.0241279999999999	1.4081760000000001	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.728216	1.536192	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.344168	2.4963120000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.0241279999999999	1.2161519999999999	1.088136	1.088136	1.088136	1.0241279999999999	1.792224	1.344168	1.1521440000000001	1.0241279999999999	1.344168	1.1521440000000001	1.1521440000000001	1.088136	1.088136	1.088136	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.792224	1.0241279999999999	1.088136	1.088136	1.2161519999999999	0.89611200000000002	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.0241279999999999	1.0241279999999999	1.1521440000000001	1.088136	1.2161519999999999	1.0241279999999999	1.2161519999999999	3.1749999999999998	1.088136	1.4081760000000001	1.2161519999999999	1.088136	1.088136	1.1521440000000001	1.088136	1.088136	1.088136	1.088136	1.088136	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.088136	1.088136	1.088136	0.89611200000000002	1.6002000000000001	1.2161519999999999	1.0241279999999999	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.6642079999999999	1.2161519999999999	1.088136	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.0241279999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.0241279999999999	1.1521440000000001	1.088136	0.64007999999999998	1.1521440000000001	1.6002000000000001	1.792224	1.1521440000000001	1.1521440000000001	1.344168	2.1589999999999998	1.088136	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.6002000000000001	1.4081760000000001	1.6002000000000001	1.2161519999999999	1.1521440000000001	1.2161519999999999	1.2161519999999999	3.9369999999999998	2.1589999999999998	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.088136	1.6642079999999999	1.4081760000000001	1.2161519999999999	1.2161519999999999	1.088136	1.2161519999999999	1.088136	1.088136	1.088136	2.4129999999999998	1.2161519999999999	1.0241279999999999	1.1521440000000001	1.1521440000000001	1.0241279999999999	1.2161519999999999	1.088136	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.1521440000000001	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.0241279999999999	3.5844480000000001	1.1521440000000001	1.088136	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.792224	1.1521440000000001	1.1521440000000001	1.4081760000000001	1.2161519999999999	1.2161519999999999	1.0241279999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.792224	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.0241279999999999	1.1521440000000001	1.2161519999999999	1.0241279999999999	1.1521440000000001	1.1521440000000001	1.792224	2.176272	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.2161519999999999	2.4129999999999998	1.2161519999999999	2.0482559999999999	1.2161519999999999	1.2161519999999999	1.0241279999999999	1.792224	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.344168	2.286	1.2161519999999999	1.2161519999999999	1.4081760000000001	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.0241279999999999	1.1521440000000001	0.96011999999999997	1.4081760000000001	1.1521440000000001	1.4721839999999999	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.2161519999999999	2.286	1.1521440000000001	1.1521440000000001	1.4081760000000001	1.2161519999999999	1.2161519999999999	1.0241279999999999	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.344168	1.1521440000000001	1.0241279999999999	1.2161519999999999	1.1521440000000001	1.792224	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.088136	1.1521440000000001	1.6002000000000001	3.556	1.6002000000000001	1.1521440000000001	1.1521440000000001	1.0241279999999999	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.4721839999999999	1.344168	1.1521440000000001	1.6002000000000001	2.6243280000000002	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.1521440000000001	1.6002000000000001	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.0241279999999999	2.3042880000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.792224	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.4081760000000001	1.4081760000000001	1.2161519999999999	1.4081760000000001	1.4081760000000001	1.6002000000000001	1.2161519999999999	1.6002000000000001	1.2161519999999999	1.4721839999999999	1.2161519999999999	1.344168	1.1521440000000001	1.1521440000000001	1.536192	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.792224	1.2161519999999999	1.1521440000000001	1.2161519999999999	1.1521440000000001	1.088136	0.70408800000000005	1.1521440000000001	1.088136	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.4081760000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.344168	1.088136	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.1521440000000001	0.89611200000000002	1.0241279999999999	1.9202399999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.344168	1.792224	1.6002000000000001	1.0241279999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.6002000000000001	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.792224	1.0241279999999999	1.2161519999999999	1.1521440000000001	1.088136	1.088136	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.728216	1.088136	1.4721839999999999	1.088136	1.088136	1.2161519999999999	1.2161519999999999	1.6002000000000001	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.344168	1.1521440000000001	1.0241279999999999	1.1521440000000001	1.344168	1.2161519999999999	1.2161519999999999	1.6002000000000001	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.344168	1.6002000000000001	1.2161519999999999	1.2161519999999999	1.792224	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.088136	1.4721839999999999	1.6642079999999999	1.4721839999999999	1.1521440000000001	1.2161519999999999	1.088136	1.088136	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.6002000000000001	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.1521440000000001	1.6002000000000001	1.2161519999999999	1.2161519999999999	1.9202399999999999	1.088136	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.792224	1.2161519999999999	1.0241279999999999	1.2161519999999999	1.4081760000000001	1.2161519999999999	1.088136	1.088136	0.89611200000000002	1.088136	1.088136	1.2161519999999999	Length (km) 


Corrosion depth (mm)
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Corrosion length (mm)




Low severity level	40.623713739999999	40.62371426	40.623715140000002	40.623849059999998	40.62385038	40.623851479999999	40.623851530000003	40.623851590000001	40.623946099999998	40.624145239999997	40.624418149999997	40.624730460000002	40.62498532	40.625684880000001	40.625685679999997	40.625687470000003	40.625756019999997	40.625756119999998	40.626090210000001	40.626186320000002	40.626186449999999	40.626187729999998	40.626361989999999	40.626362020000002	40.626362610000001	40.626364039999999	40.626369959999998	40.62645766	40.626485109999997	40.626560910000002	40.626730330000001	40.626730619999996	40.626730760000001	40.626731470000003	40.626731550000002	40.62675823	40.626926640000001	40.62702324	40.627026880000003	40.62702694	40.62703947	40.62704051	40.627095279999999	40.627095850000003	40.62709589	40.627096399999999	40.627097020000001	40.627202680000003	40.627204480000003	40.627255159999997	40.62725768	40.627263059999997	40.627364450000002	40.627365789999999	40.627366389999999	40.627424849999997	40.627425070000001	40.627466290000001	40.627467179999996	40.627468489999998	40.627569020000003	40.627570689999999	40.627662710000003	40.627725159999997	40.627865870000001	40.628151459999998	40.628152720000003	40.62815501	40.628155589999999	40.628156220000001	40.628158790000001	40.628298200000003	40.628299599999998	40.628300279999998	40.628301450000002	40.628302179999999	40.62830426	40.628304479999997	40.628304710000002	40.628305429999998	40.628305429999998	40.628307049999997	40.628307069999998	40.62830752	40.628308850000003	40.628309469999998	40.628309479999999	40.62831723	40.6283192	40.628319840000003	40.62832092	40.628322109999999	40.628322390000001	40.628391739999998	40.62839366	40.628439640000003	40.628449459999999	40.628459110000001	40.628460629999999	40.628480680000003	40.62848279	40.628491250000003	40.62849207	40.62849284	40.628496589999997	40.628504139999997	40.628574890000003	40.628581509999997	40.628585049999998	40.62859486	40.628596360000003	40.628598599999997	40.628599440000002	40.628600810000002	40.628602239999999	40.628603439999999	40.628603779999999	40.628605399999998	40.628606050000002	40.62860611	40.628606810000001	40.628607819999999	40.628615629999999	40.628616200000003	40.628620849999997	40.62862131	40.628622149999998	40.628662669999997	40.62866296	40.628662990000002	40.62866494	40.628665720000001	40.628670339999999	40.628670810000003	40.628671799999999	40.628694959999997	40.628695899999997	40.628698159999999	40.628704120000002	40.628706819999998	40.628707400000003	40.628712499999999	40.628714510000002	40.628716429999997	40.628716930000003	40.628720899999998	40.62872651	40.628727619999999	40.62872943	40.628735829999997	40.628777659999997	40.628926309999997	40.628926389999997	40.62898088	40.629751749999997	40.629752310000001	40.629759489999998	40.629765069999998	40.629786809999999	40.629816640000001	40.629818759999999	40.630043950000001	40.630045619999997	40.630046059999998	40.630047599999997	40.630048090000003	40.630049409999998	40.630049679999999	40.630050199999999	40.630052239999998	40.630052859999999	40.63005364	40.630054940000001	40.630055779999999	40.630068889999997	40.630166629999998	40.630689189999998	40.630703680000003	40.630703959999998	40.630713210000003	40.630775380000003	40.630808020000003	40.631049099999998	40.631270540000003	40.631303119999998	40.631342709999998	40.631745039999998	40.631751540000003	40.631811220000003	40.63182862	40.631829519999997	40.631830170000001	40.631831429999998	40.631832289999998	40.631832340000003	40.631832469999999	40.631832680000002	40.631834689999998	40.63183737	40.631838809999998	40.631839450000001	40.631839550000002	40.631840420000003	40.631840740000001	40.631841090000002	40.631841340000001	40.631841919999999	40.631842149999997	40.631842560000003	40.631842929999998	40.631843869999997	40.631845130000002	40.631846430000003	40.631847149999999	40.631847989999997	40.631848429999998	40.631848550000001	40.631848640000001	40.631849610000003	40.631850450000002	40.631851220000001	40.631851640000001	40.631852649999999	40.63185352	40.631853540000002	40.631879820000002	40.631880430000002	40.631880729999999	40.63188263	40.631882969999999	40.631911860000002	40.632066979999998	40.632099969999999	40.632377720000001	40.632567969999997	40.633050879999999	40.6335008	40.633501950000003	40.633745070000003	40.63384593	40.63384594	40.633848039999997	40.633939329999997	40.634730259999998	40.634828470000002	40.635024950000002	40.635025040000002	40.635025689999999	40.635223680000003	40.6352251	40.635225570000003	40.635226850000002	40.635241489999999	40.635420420000003	40.635423160000002	40.635423320000001	40.635604520000001	40.635697899999997	40.635697999999998	40.63579481	40.635794920000002	40.635795950000002	40.635797240000002	40.635802560000002	40.63580288	40.635824929999998	40.635896410000001	40.636167520000001	40.636184919999998	40.636204990000003	40.636301260000003	40.636306220000002	40.636306990000001	40.63638254	40.636420809999997	40.63642248	40.636738989999998	40.636740070000002	40.637213389999999	40.63728648	40.637778509999997	40.637858860000001	40.637858979999997	40.638218350000002	40.638698480000002	40.638698840000004	40.639882210000003	40.639892340000003	40.640138329999999	40.64016213	40.640169389999997	40.640205280000004	40.640220900000003	40.640229259999998	40.640244709999997	40.640247809999998	40.640329850000001	40.640349780000001	40.640357219999999	40.64107594	40.641462859999997	40.641504060000003	40.641504019999999	40.641651680000003	40.64186093	40.641861239999997	40.642003760000001	40.643030019999998	40.643275449999997	40.643282329999998	40.64420286	40.644216110000002	40.644217079999997	40.644217300000001	40.644455200000003	40.644631519999997	40.644633460000001	40.644636980000001	40.644711579999999	40.64498588	40.644761750000001	40.644746189999999	40.644742819999998	40.644740400000003	40.644458419999999	40.64445963	40.644630470000003	40.644636980000001	40.644773979999997	40.644802480000003	40.645115250000003	40.645226200000003	40.645209000000001	40.645208820000001	40.645144889999997	40.64514475	40.645144719999998	40.645144600000002	40.645144510000002	40.645144500000001	40.64514449	40.645144389999999	40.645144389999999	40.645144360000003	40.645144219999999	40.645144109999997	40.645023620000003	40.645022840000003	40.64498064	40.644990290000003	40.645004819999997	40.645014209999999	40.64503113	40.645033859999998	40.645034029999998	40.645037000000002	40.645121639999999	40.645121719999999	40.645121750000001	40.645347139999998	40.645395950000001	40.6453974	40.645398280000002	40.645401149999998	40.645404300000003	40.645414539999997	40.645417430000002	40.645721760000001	40.645772819999998	40.646056139999999	40.645686740000002	40.645253689999997	40.64524952	40.645249229999997	40.645235640000003	40.644897659999998	40.645205490000002	40.645212219999998	40.645216009999999	40.645217979999998	40.645221139999997	40.645225539999998	40.645226190000002	40.645226860000001	40.645231129999999	40.645231500000001	40.645233830000002	40.645308120000003	40.645405390000001	40.64545348	40.645618159999998	40.646175739999997	40.646176099999998	40.64617629	40.646177880000003	40.646178730000003	40.646181740000003	40.646437720000002	40.646482589999998	40.646491779999998	40.646491789999999	40.646557530000003	40.646670569999998	40.646672629999998	40.646673180000001	40.646691089999997	40.646572740000003	40.646572300000003	40.646572140000004	40.646571909999999	40.64657167	40.646860599999997	40.646864460000003	40.646865349999999	40.646912	40.646944390000002	40.646951180000002	40.646984070000002	40.647019020000002	40.647044999999999	40.647105109999998	40.647114270000003	40.64717641	40.647184500000002	40.647376450000003	40.647450540000001	40.647558089999997	40.647631029999999	40.648365820000002	40.648792999999998	40.648944980000003	40.650083430000002	40.650212310000001	40.650216030000003	40.650237390000001	40.650244809999997	40.650295159999999	40.650295980000003	40.650295999999997	40.65029929	40.650299410000002	40.650299539999999	40.650300010000002	40.650318249999998	40.651116639999998	40.651116930000001	40.651142839999999	40.651330590000001	40.65133247	40.651390630000002	40.651424859999999	40.65142702	40.651440049999998	40.65144025	40.651440409999999	40.651440620000002	40.651440719999997	40.651441120000001	40.651441400000003	40.651441599999998	40.651445240000001	40.651453869999997	40.65150027	40.651500800000001	40.65150105	40.651501269999997	40.651501279999998	40.651504289999998	40.651507010000003	40.651509560000001	40.6515111	40.651511390000003	40.651530350000002	40.651548560000002	40.651556069999998	40.651556139999997	40.6515585	40.651652169999998	40.651702129999997	40.65177757	40.651779070000003	40.651780420000001	40.651800199999997	40.651801409999997	40.651802480000001	40.651831970000003	40.651837929999999	40.651843550000002	40.651845000000002	40.651845950000002	40.651929090000003	40.65193446	40.65193618	40.65193678	40.651982429999997	40.651986890000003	40.651989630000003	40.652020899999997	40.652049589999997	40.652049650000002	40.652107340000001	40.652129160000001	40.652133190000001	40.65219261	40.65228054	40.652485890000001	40.652652199999999	40.652854230000003	40.652869070000001	40.652922779999997	40.652958849999997	40.652985620000003	40.652985819999998	40.653180669999998	40.653441639999997	40.653442990000002	40.653443690000003	40.653460770000002	40.653526300000003	40.65352669	40.65352669	40.653630810000003	40.653707279999999	40.653890930000003	40.654005490000003	40.65420949	40.65421267	40.654213499999997	40.654213630000001	40.654215299999997	40.654434600000002	40.65537398	40.655387830000002	40.655391989999998	40.655917700000003	40.656553510000002	40.656578170000003	40.656794359999999	40.656794849999997	40.656795469999999	40.656798000000002	40.656798510000002	40.656799759999998	40.656800189999998	40.657021569999998	40.657021620000002	40.657021669999999	40.657028709999999	40.65705552	40.657128129999997	40.657195479999999	40.657279989999999	40.657317749999997	40.65769804	40.657810439999999	40.65781046	40.657835630000001	40.657840909999997	40.657845459999997	40.657848129999998	40.657849429999999	40.658395900000002	40.658499810000002	40.65983035	40.659830630000002	40.659865119999999	40.6601657	40.660608230000001	40.660610030000001	40.660611719999999	40.660956040000002	40.66116178	40.661185510000003	40.661185930000002	40.661634380000002	40.661639839999999	40.662573279999997	40.663039140000002	40.663640000000001	40.663640139999998	40.663723259999998	40.66446947	40.665635790000003	40.666083690000001	40.666511130000004	40.66651135	40.666898119999999	40.667071849999999	40.667094980000002	40.667112420000002	40.667180389999999	40.667325679999998	40.667357670000001	40.667362230000002	40.667506299999999	40.667509080000002	40.667540260000003	40.667541530000001	40.667546119999997	40.667555229999998	40.667557530000003	40.66767076	40.66771198	40.667718880000002	40.667763139999998	40.667777690000001	40.667777800000003	40.66778661	40.667804670000002	40.667833659999999	40.667904329999999	40.66816901	40.668177190000002	40.668199399999999	40.668203220000002	40.668205290000003	40.668241260000002	40.668324749999996	40.668403699999999	40.668404959999997	40.66842999	40.668430129999997	40.668505199999998	40.668600220000002	40.668611140000003	40.668736789999997	40.668801340000002	40.668802280000001	40.668820080000003	40.668850480000003	40.668853820000002	40.668867179999999	40.668868369999998	40.669003779999997	40.669038790000002	40.669059660000002	40.669125289999997	40.669169879999998	40.669190180000001	40.669210810000003	40.66925208	40.669281810000001	40.669300380000003	40.669339639999997	40.669341000000003	40.669380779999997	40.669529079999997	40.669553110000003	40.669642869999997	40.669739710000002	40.669739730000003	40.669739739999997	40.669790900000002	40.669876790000004	40.669908079999999	40.669935930000001	40.669995249999999	40.670019750000002	40.670021579999997	40.670035110000001	40.670165449999999	40.670275359999998	40.670283789999999	40.670489969999998	40.670512369999997	40.670629300000002	40.670719920000003	40.670792069999997	40.670816680000001	40.670826040000001	40.670838750000001	40.670858090000003	40.670858840000001	40.670860419999997	40.670873960000002	40.670881399999999	40.670909190000003	40.670932960000002	40.67094427	40.670960829999999	40.671183900000003	40.671202090000001	40.671213280000003	40.671222149999998	40.671239970000002	40.671245970000001	40.671249379999999	40.671255539999997	40.671256829999997	40.671311449999997	40.671353080000003	40.671384510000003	40.671388970000002	40.671394319999997	40.671420910000002	40.671426080000003	40.671482249999997	40.67157186	40.671574399999997	40.671631230000003	40.671638940000001	40.671722459999998	40.671740579999998	40.67177109	40.671771839999998	40.671773549999997	40.671774880000001	40.67178741	40.671821880000003	40.67183833	40.67188702	40.671993120000003	40.672172150000002	40.672180660000002	40.672327750000001	40.672357519999998	40.672366719999999	40.672387700000002	40.67252534	40.672561049999999	40.672570380000003	40.672574019999999	40.672583170000003	40.67258563	40.672619259999998	40.672716350000002	40.672766029999998	40.672806600000001	40.672932729999999	40.67297336	40.672978319999999	40.673046220000003	40.673134060000002	40.673167960000001	40.673232990000002	40.673266050000002	40.673498109999997	40.673759930000003	40.673764749999997	40.67379468	40.673823630000001	40.673830209999998	40.673837890000001	40.673839770000001	40.673850760000001	40.673851710000001	40.673857920000003	40.673886430000003	40.674079020000001	40.67409739	40.67411113	40.674125760000003	40.674146489999998	40.674228190000001	40.674260259999997	40.674272530000003	40.674360819999997	40.67436953	40.674370600000003	40.67437236	40.67440182	40.674403509999998	40.674420159999997	40.67442887	40.674467049999997	40.674500209999998	40.674615439999997	40.67465395	40.674663840000001	40.674702830000001	40.674706800000003	40.674707320000003	40.6747102	40.674711279999997	40.67471149	40.674726	40.674763140000003	40.674792410000002	40.67480656	40.674808720000001	40.674809369999998	40.67485808	40.674889540000002	40.67489226	40.674906309999997	40.674906999999997	40.674949349999999	40.674963230000003	40.67500433	40.675041800000002	40.675050140000003	40.675053320000004	40.675061380000002	40.675093009999998	40.675097379999997	40.675146380000001	40.675156180000002	40.675162640000003	40.675163249999997	40.675205689999999	40.675223930000001	40.675246870000002	40.675257389999999	40.675257989999999	40.675263170000001	40.67526342	40.675274199999997	40.675281669999997	40.675297870000001	40.675299469999999	40.675345970000002	40.67537943	40.675416980000001	40.675426880000003	40.675433759999997	40.675434770000003	40.675477039999997	40.675485649999999	40.675574050000002	40.675611850000003	40.675737179999999	40.675785380000001	40.675814199999998	40.675814590000002	40.675815550000003	40.675826809999997	40.675867089999997	40.675868530000002	40.675908720000002	40.675930030000004	40.675973200000001	40.675973210000002	40.6759737	40.675979179999999	40.67603502	40.676133790000002	40.676155260000002	40.676205490000001	40.676395499999998	40.676421980000001	40.676429849999998	40.676469590000004	40.676471200000002	40.676513669999999	40.676553480000003	40.676556830000003	40.676608700000003	40.676696309999997	40.676718780000002	40.676766409999999	40.676812320000003	40.676828460000003	40.676844699999997	40.67685144	40.676859720000003	40.676880009999998	40.676891019999999	40.676928689999997	40.676929860000001	40.676954029999997	40.676990330000002	40.677003640000002	40.677010410000001	40.677018169999997	40.677033569999999	40.677036129999998	40.677041969999998	40.677053100000002	40.677055940000002	40.677118159999999	40.677151279999997	40.677181959999999	40.677247530000002	40.677295020000003	40.677420699999999	40.677491740000001	40.677546640000003	40.677583849999998	40.677590299999999	40.677596110000003	40.677605759999999	40.677620249999997	40.677621600000002	40.67762364	40.67767095	40.677672649999998	40.677733570000001	40.677738300000001	40.677739459999998	40.677758879999999	40.677771989999997	40.677771999999997	40.677781090000003	40.677787510000002	40.677820490000002	40.677836210000002	40.677842570000003	40.677850710000001	40.67785336	40.677928970000004	40.678002249999999	40.678004860000001	40.678093490000002	40.678173270000002	40.67821532	40.678233210000002	40.678337030000002	40.678337900000002	40.678352660000002	40.678364879999997	40.678388210000001	40.678399939999998	40.678455620000001	40.67845603	40.678458130000003	40.678460389999998	40.678467259999998	40.678544610000003	40.678556409999999	40.678594969999999	40.678596720000002	40.678634709999997	40.678644249999998	40.678644400000003	40.678691960000002	40.678704609999997	40.678707860000003	40.67871521	40.678740349999998	40.678780969999998	40.679009870000002	40.679079049999999	40.67928508	40.679293199999996	40.67929333	40.679293970000003	40.679295189999998	40.679327319999999	40.679340809999999	40.679342830000003	40.67938496	40.679418290000001	40.67958462	40.67959681	40.679666560000001	40.679683490000002	40.67973302	40.679760039999998	40.679765289999999	40.679778980000002	40.679859569999998	40.679904460000003	40.679944200000001	40.679944370000001	40.679947030000001	40.679974610000002	40.680052949999997	40.680053800000003	40.68005454	40.680061860000002	40.680063019999999	40.680073499999999	40.680152319999998	40.680158730000002	40.680257189999999	40.680265730000002	40.68029344	40.680295700000002	40.680363989999996	40.680413680000001	40.680458989999998	40.68046021	40.680460709999998	40.680568059999999	40.680617490000003	40.680666369999997	40.680706520000001	40.680717270000002	40.680718050000003	40.680724599999998	40.680757759999999	40.680764619999998	40.68081608	40.680827219999998	40.680890580000003	40.68089758	40.68099866	40.680998680000002	40.680998899999999	40.68099891	40.680999079999999	40.68099909	40.681001469999998	40.681051660000001	40.681120929999999	40.68474543	40.684748669999998	40.685143750000002	40.685174099999998	40.685285030000003	40.685359480000002	40.685763010000002	40.686605489999998	40.686771839999999	40.687650980000001	40.688113250000001	40.688522689999999	40.688587699999999	40.68930435	40.689306330000001	40.689308660000002	40.689309919999999	40.689316290000001	40.689317459999998	40.689319040000001	40.689319140000002	40.689321999999997	40.689322439999998	40.68932247	40.689323530000003	40.689323559999998	40.689325889999999	40.689327140000003	40.689336740000002	40.689337180000003	40.68933741	40.689337500000001	40.689337989999999	40.689338540000001	40.689338640000003	40.689338659999997	40.689339080000003	40.689339650000001	40.68933981	40.689340119999997	40.689340970000003	40.689340970000003	40.689341429999999	40.689342310000001	40.689342660000001	40.689343350000001	40.689346469999997	40.689346839999999	40.689347400000003	40.689347560000002	40.689347759999997	40.68934823	40.689348379999998	40.689348610000003	40.689348809999998	40.689349030000002	40.68934934	40.689350349999998	40.689350480000002	40.689350840000003	40.68935106	40.689351270000003	40.689351279999997	40.689351680000001	40.689351960000003	40.689351960000003	40.689352360000001	40.689352399999997	40.689352509999999	40.689352820000003	40.689352999999997	40.689353130000001	40.689353150000002	40.689353300000001	40.689353300000001	40.689353310000001	40.689353439999998	40.68935347	40.689353560000001	40.689353580000002	40.689353779999998	40.689353949999997	40.689353949999997	40.689354090000002	40.689355169999999	40.689355370000001	40.689355380000002	40.689355519999999	40.689355800000001	40.689355900000002	40.689356250000003	40.689356349999997	40.689356529999998	40.68935699	40.68935707	40.689357200000003	40.68935742	40.689357790000003	40.689358069999997	40.689359709999998	40.68935991	40.689359930000002	40.689360399999998	40.689360430000001	40.689360469999997	40.689362209999999	40.689365649999999	40.689366880000001	40.689368250000001	40.689368289999997	40.689368649999999	40.689368950000002	40.689369329999998	40.689371649999998	40.68937167	40.689371790000003	40.689372640000002	40.68937305	40.68937554	40.689375570000003	40.689375609999999	40.689375630000001	40.689375699999999	40.689376000000003	40.689376520000003	40.689376590000002	40.689376690000003	40.689376750000001	40.689376979999999	40.689377180000001	40.689377190000002	40.689377260000001	40.689377389999997	40.689377460000003	40.689377700000001	40.68937811	40.689378259999998	40.689379049999999	40.68937931	40.689379350000003	40.689380559999996	40.689380890000002	40.689381959999999	40.689383020000001	40.689384490000002	40.689384859999997	40.689385450000003	40.689385549999997	40.689386079999998	40.689386450000001	40.689386509999999	40.68938679	40.689387119999999	40.689387349999997	40.689388319999999	40.6893885	40.689389269999999	40.689389509999998	40.689389540000001	40.689389660000003	40.6893897	40.689389849999998	40.68938988	40.689390379999999	40.689391030000003	40.689391049999998	40.689391180000001	40.689391329999999	40.689391710000002	40.689392210000001	40.689392660000003	40.689392939999998	40.689393109999997	40.689393109999997	40.689393209999999	40.689393320000001	40.689393809999999	40.689394020000002	40.689394120000003	40.689394159999999	40.68939443	40.689394720000003	40.689394729999997	40.689394810000003	40.689395220000002	40.689395259999998	40.689395509999997	40.689395529999999	40.68939589	40.689395920000003	40.68939598	40.689397229999997	40.689397280000001	40.68939872	40.68939889	40.6893995	40.689399700000003	40.689400579999997	40.689401599999997	40.689401879999998	40.689402520000002	40.689402909999998	40.689403480000003	40.689403820000003	40.68940405	40.689404549999999	40.689404770000003	40.689405020000002	40.689405700000002	40.689405800000003	40.689406290000001	40.689407180000003	40.689407860000003	40.689408040000004	40.689408059999998	40.689408190000002	40.689408739999998	40.689408989999997	40.689409429999998	40.689409570000002	40.689410289999998	40.689410410000001	40.689410410000001	40.689410860000002	40.689411499999999	40.689411509999999	40.689411540000002	40.689411900000003	40.689412959999999	40.689413340000002	40.689413450000004	40.689413610000003	40.689413829999999	40.689413850000001	40.689414390000003	40.689415150000002	40.689415410000002	40.6894159	40.689416039999998	40.68941616	40.689416260000002	40.689416420000001	40.6894165	40.68941718	40.689417319999997	40.689418259999997	40.68941873	40.689418940000003	40.689419190000002	40.689419899999997	40.68941993	40.689420419999998	40.689420810000001	40.689421959999997	40.689422559999997	40.689422810000003	40.68942303	40.689423089999998	40.689423259999998	40.689423509999997	40.689423509999997	40.689423529999999	40.689423939999998	40.689424430000003	40.689424449999997	40.689424500000001	40.689424580000001	40.689424950000003	40.689425040000003	40.689425149999998	40.689425530000001	40.689425550000003	40.689425569999997	40.689426410000003	40.689427160000001	40.689427190000004	40.689427770000002	40.689427790000003	40.689427950000002	40.689428069999998	40.689428390000003	40.689428650000004	40.689428710000001	40.689428710000001	40.689429179999998	40.68942929	40.689429420000003	40.689429699999998	40.689429769999997	40.689430880000003	40.689431489999997	40.689432140000001	40.689432340000003	40.689432490000002	40.689433289999997	40.689433309999998	40.689433989999998	40.689434230000003	40.689435690000003	40.689435690000003	40.689435969999998	40.689436290000003	40.68943642	40.68943651	40.689436899999997	40.689436919999999	40.68943694	40.689436960000002	40.689437079999998	40.68943719	40.689437409999996	40.689437529999999	40.689437769999998	40.689437789999999	40.689438350000003	40.6894384	40.689438719999998	40.689438840000001	40.689439100000001	40.689439100000001	40.689439159999999	40.689439700000001	40.689440060000003	40.6894402	40.689440380000001	40.689441309999999	40.689441420000001	40.689441549999998	40.689441809999998	40.68944183	40.689442069999998	40.689442790000001	40.689442919999998	40.689443320000002	40.689443699999998	40.689444170000002	40.689444379999998	40.6894445	40.689445110000001	40.689445399999997	40.689445450000001	40.689445829999997	40.689446449999998	40.689446770000004	40.689447199999996	40.68944724	40.689447319999999	40.689447340000001	40.689447489999999	40.689447919999999	40.68944793	40.689448040000002	40.689448200000001	40.689448400000003	40.689448470000002	40.689448540000001	40.689448769999998	40.689448890000001	40.689448939999998	40.689449060000001	40.68944939	40.689449510000003	40.689449600000003	40.689449600000003	40.689449670000002	40.689449809999999	40.68945008	40.689450129999997	40.689450739999998	40.68945085	40.689451269999999	40.68945136	40.689451380000001	40.689451390000002	40.689451689999999	40.689451839999997	40.689451939999998	40.68945197	40.6894524	40.689452609999996	40.689452869999997	40.689453360000002	40.689453540000002	40.689453559999997	40.689453880000002	40.689453999999998	40.689454130000001	40.689454189999999	40.689454259999998	40.689454390000002	40.689455359999997	40.689455389999999	40.689455529999996	40.689455559999999	40.689455799999998	40.689455840000001	40.689455840000001	40.68945592	40.689456120000003	40.689456360000001	40.689456380000003	40.689456550000003	40.689456579999998	40.689456589999999	40.68945678	40.689456849999999	40.689457400000002	40.689458180000003	40.689458510000001	40.689458639999998	40.689458870000003	40.689458899999998	40.689459120000002	40.689459409999998	40.689459489999997	40.689459890000002	40.68946021	40.689460769999997	40.689460939999996	40.689461360000003	40.689461379999997	40.689461459999997	40.6894615	40.689461590000001	40.689461629999997	40.689461729999998	40.689461739999999	40.689461819999998	40.689462050000003	40.689462140000003	40.689462259999999	40.689462710000001	40.689462839999997	40.689462900000002	40.689463070000002	40.689463189999998	40.689463439999997	40.689463969999998	40.689464119999997	40.68946433	40.689464940000001	40.689465089999999	40.689465179999999	40.689465730000002	40.689465740000003	40.689465820000002	40.689465839999997	40.689466279999998	40.689466279999998	40.68946725	40.689467380000004	40.689467690000001	40.689467890000003	40.689467909999998	40.689467919999998	40.68946802	40.689468060000003	40.689468150000003	40.689469199999998	40.68946931	40.689469459999998	40.689469500000001	40.689469529999997	40.689470030000003	40.689470219999997	40.689470329999999	40.689470450000002	40.689471130000001	40.689471230000002	40.689471259999998	40.689471580000003	40.6894718	40.689471869999998	40.689472119999998	40.689472360000003	40.689472799999997	40.689473040000003	40.689473059999997	40.689473190000001	40.689473309999997	40.689473739999997	40.68947378	40.689473890000002	40.689473919999998	40.689474590000003	40.689475190000003	40.689475590000001	40.68947618	40.689476220000003	40.689476980000002	40.689479380000002	40.689479980000002	40.68948039	40.68948039	40.689480680000003	40.689481059999999	40.68948125	40.689481739999998	40.689482009999999	40.689482720000001	40.689482849999997	40.68948331	40.689484630000003	40.689484710000002	40.689485759999997	40.689489129999998	40.68948915	40.68949061	40.689491660000002	40.689492319999999	40.689492430000001	40.689492440000002	40.689493130000002	40.689493349999999	40.689493400000003	40.68949361	40.689493749999997	40.6894943	40.68949439	40.68949533	40.689495430000001	40.689495749999999	40.689496599999998	40.689498970000002	40.6895053	40.689506250000001	40.68950778	40.689508109999998	40.689508240000002	40.689508979999999	40.689509309999998	40.689509440000002	40.689509630000003	40.689510589999998	40.68951165	40.689512059999998	40.689514099999997	40.6895144	40.689514690000003	40.689515139999997	40.689515149999998	40.689515460000003	40.689515950000001	40.689515999999998	40.689516189999999	40.68951672	40.689517250000002	40.68951955	40.689519590000003	40.689519679999997	40.689519879999999	40.689520479999999	40.689520510000001	40.689520530000003	40.689520629999997	40.689521239999998	40.689521560000003	40.689521990000003	40.689522109999999	40.689522160000003	40.6895223	40.689522369999999	40.68952264	40.68952419	40.689524749999997	40.689525340000003	40.689525430000003	40.68952625	40.689526569999998	40.689526909999998	40.689526979999997	40.689527259999998	40.689527310000003	40.689527660000003	40.689527830000003	40.689528080000002	40.689528279999998	40.68952839	40.689528510000002	40.689528680000002	40.689529110000002	40.689529399999998	40.68953174	40.689531940000002	40.689533150000003	40.689535480000004	40.689536289999999	40.689537129999998	40.689537440000002	40.689540800000003	40.689543790000002	40.689545129999999	40.68989345	40.689934940000001	40.68997684	40.690045679999997	40.690106020000002	40.690854289999997	40.69085458	40.690854659999999	40.690854729999998	40.690856240000002	40.690856719999999	40.691043059999998	40.691365179999998	40.691529930000002	40.692056039999997	40.692278250000001	40.692279059999997	40.692813460000004	40.692888910000001	40.692985929999999	40.693102410000002	40.693105090000003	40.693181209999999	40.69366608	40.693667490000003	40.693671039999998	40.69367828	40.693690709999998	40.693779319999997	40.695310919999997	40.695913949999998	40.696101740000003	40.696101740000003	40.696511080000001	40.696745210000003	40.69680761	40.696808019999999	40.697128829999997	40.697163830000001	40.697180439999997	40.697212999999998	40.69723072	40.69725725	40.697307700000003	40.69730929	40.697310600000002	40.697312289999999	40.697392729999997	40.697455480000002	40.697461599999997	40.697692379999999	40.697693409999999	40.697694730000002	40.697801400000003	40.697803010000001	40.697835730000001	40.697846949999999	40.69786354	40.697875510000003	40.697875719999999	40.697889750000002	40.697890700000002	40.697933820000003	40.698018470000001	40.698039979999997	40.6980796	40.698124499999999	40.698137959999997	40.698299900000002	40.698306479999999	40.698337479999999	40.698418689999997	40.698420949999999	40.698501270000001	40.69850366	40.698507429999999	40.698587670000002	40.698640859999998	40.698695450000002	40.698717680000001	40.698742379999999	40.698783980000002	40.69879529	40.698799880000003	40.698813850000001	40.69884467	40.698883299999999	40.69889405	40.698895540000002	40.698896949999998	40.698915650000004	40.698922799999998	40.69893605	40.698937729999997	40.698999690000001	40.699052260000002	40.699052969999997	40.699082279999999	40.699085119999999	40.699151329999999	40.699254179999997	40.699284650000003	40.699287220000002	40.699317129999997	40.699374710000001	40.699461429999999	40.699494319999999	40.699498120000001	40.699501779999999	40.699511940000001	40.699555599999997	40.699562890000003	40.699564219999999	40.699598020000003	40.699630249999998	40.699768519999999	40.699889319999997	40.699918529999998	40.699921850000003	40.699973800000002	40.70002101	40.700024929999998	40.700073340000003	40.700075679999998	40.700094710000002	40.700120769999998	40.70012303	40.700123240000003	40.700123699999999	40.700129169999997	40.700133909999998	40.700174650000001	40.700178559999998	40.700321250000002	40.700330469999997	40.700351140000002	40.700376679999998	40.700376849999998	40.70043149	40.700482469999997	40.700495490000002	40.700515240000001	40.700524540000004	40.700531460000001	40.700544100000002	40.700544370000003	40.700547640000003	40.700643929999998	40.7006491	40.700723859999997	40.700738600000001	40.700806149999998	40.70083357	40.700848139999998	40.700999840000001	40.701028630000003	40.701030039999999	40.701030240000001	40.701032900000001	40.701047840000001	40.70107557	40.701086699999998	40.701123150000001	40.70124053	40.704782889999997	40.704911490000001	40.704915300000003	40.70519006	40.705287220000002	40.705287550000001	40.706150270000002	40.706817469999997	40.708260809999999	40.708265879999999	40.708268339999996	40.708809080000002	40.708810630000002	40.708927770000003	40.709069040000003	40.709117579999997	40.70911899	40.709665110000003	40.711288250000003	40.712526220000001	40.712527129999998	40.712546699999997	40.712547180000001	40.71254811	40.712869529999999	40.712869980000001	40.712870350000003	40.712871970000002	40.712872760000003	40.712873389999999	40.71287461	40.712883990000002	40.713433379999998	40.713433559999999	40.713435529999998	40.713435699999998	40.713436420000001	40.713741400000004	40.714835440000002	40.714863649999998	40.714864310000003	40.715338029999998	40.715339409999999	40.715341629999998	40.715354910000002	40.715433539999999	40.715434909999999	40.715437209999997	40.715450609999998	40.715751109999999	40.716285659999997	40.716317070000002	40.716825980000003	40.717156580000001	40.718148450000001	40.7189719	40.719219549999998	40.72085139	40.721661709999999	40.723365200000003	40.724129980000001	40.724130590000001	40.724132019999999	40.72413246	40.724134960000001	40.724638769999999	40.72557329	40.725575640000002	40.725575790000001	40.72557699	40.726000470000002	40.725959779999997	40.726589169999997	40.72675649	40.727856099999997	40.72859304	40.728621130000001	40.728673630000003	40.728673739999998	40.728675330000002	40.728692510000002	40.728695340000002	40.728728529999998	40.728896849999998	40.72901006	40.729013000000002	40.729020089999999	40.729025620000002	40.729087370000002	40.72908924	40.729090020000001	40.730473410000002	40.730490209999999	40.734743229999999	40.73484517	40.734884149999999	40.734893200000002	40.734991450000003	40.735009480000002	40.735020329999998	40.735163550000003	40.735164619999999	40.735272420000001	40.73665561	40.73813431	40.738180460000002	40.738440230000002	40.73844338	40.738629330000002	40.738701749999997	40.738701769999999	40.738744509999997	40.73878577	40.738786339999997	40.738789050000001	40.739901949999997	40.739922399999998	40.741348790000004	40.743428029999997	40.743427699999998	40.743426200000002	40.743425469999998	40.743425330000001	40.743424040000001	40.743423989999997	40.743476979999997	40.744648040000001	40.745127840000002	40.745141879999998	40.745519739999999	40.745520249999998	40.74552113	40.745839590000003	40.746128280000001	40.746567540000001	40.746896659999997	40.747735140000003	40.747737190000002	40.748449530000002	40.748450169999998	40.748512169999998	-74.215081369999993	-74.215081049999995	-74.215080470000004	-74.214994039999993	-74.214993179999993	-74.214992469999999	-74.214992440000003	-74.214992390000006	-74.214931340000007	-74.214811299999994	-74.214684770000005	-74.214543129999996	-74.214429980000006	-74.214126449999995	-74.214126100000001	-74.214125300000006	-74.214094500000002	-74.214094459999998	-74.213931149999993	-74.213858540000004	-74.213858450000004	-74.213857469999994	-74.2137259	-74.213725870000005	-74.213725440000005	-74.213724369999994	-74.213719960000006	-74.213653829999998	-74.213632950000004	-74.213577819999998	-74.213458320000001	-74.213458119999999	-74.213458020000004	-74.213457520000006	-74.213457460000001	-74.213438780000004	-74.21333593	-74.213277250000004	-74.213275030000005	-74.213274999999996	-74.213267329999994	-74.213266689999998	-74.213232500000004	-74.213232149999996	-74.213232120000001	-74.213231800000003	-74.213231399999998	-74.213164699999993	-74.213163539999996	-74.213131180000005	-74.213129629999997	-74.213126540000005	-74.213076319999999	-74.213075649999993	-74.213075360000005	-74.213046629999994	-74.213046520000006	-74.213026749999997	-74.213026339999999	-74.213025709999997	-74.212978620000001	-74.212977859999995	-74.212935959999996	-74.212908200000001	-74.212847640000007	-74.212729379999999	-74.212728859999999	-74.212727920000006	-74.212727670000007	-74.212727409999999	-74.212726349999997	-74.212655380000001	-74.212654639999997	-74.212654290000003	-74.212653700000004	-74.212653320000001	-74.212652270000007	-74.212652160000005	-74.212652050000003	-74.212651690000001	-74.212651690000001	-74.212650890000006	-74.212650890000006	-74.212650670000002	-74.212650019999998	-74.212649720000002	-74.212649709999994	-74.212645960000003	-74.212644999999995	-74.212644699999998	-74.212644170000004	-74.212643600000007	-74.212643459999995	-74.212607410000004	-74.212606410000006	-74.212582139999995	-74.212576940000005	-74.212571839999995	-74.212571030000007	-74.212560449999998	-74.212559339999999	-74.212554890000007	-74.212554460000007	-74.212554049999994	-74.212552070000001	-74.21254811	-74.212510870000003	-74.212507349999996	-74.212505480000004	-74.212500250000005	-74.212499469999997	-74.212498269999998	-74.212497819999996	-74.212497089999999	-74.21249632	-74.212495680000004	-74.212495500000003	-74.212494620000001	-74.212494280000001	-74.212494239999998	-74.212493879999997	-74.212493330000001	-74.212489129999994	-74.212488820000004	-74.212486330000004	-74.212486080000005	-74.212485630000003	-74.212463869999993	-74.212463709999994	-74.212463690000007	-74.212462639999998	-74.21246223	-74.212459749999994	-74.212459499999994	-74.21245897	-74.212446540000002	-74.212446029999995	-74.212444809999994	-74.212441600000005	-74.212440150000006	-74.212439840000002	-74.212437089999995	-74.212435999999997	-74.212434970000004	-74.212434700000003	-74.212432559999996	-74.212429540000002	-74.212428930000002	-74.212427950000006	-74.212424479999996	-74.212402030000007	-74.212322999999998	-74.212322959999995	-74.212285510000001	-74.211790039999997	-74.211789690000003	-74.211785289999995	-74.211781860000002	-74.211768289999995	-74.211749459999993	-74.211748170000007	-74.21161223	-74.211611230000003	-74.211610969999995	-74.211610039999997	-74.211609749999994	-74.211608940000005	-74.211608780000006	-74.211608470000002	-74.211607240000006	-74.211606869999997	-74.211606410000002	-74.211605629999994	-74.211605120000002	-74.211597240000003	-74.211539220000006	-74.211222629999995	-74.211213659999999	-74.211213479999998	-74.21120775	-74.211169220000002	-74.211148910000006	-74.210973559999999	-74.210768990000005	-74.21076506	-74.210760149999999	-74.210583020000001	-74.210579030000005	-74.210542469999993	-74.210532130000004	-74.210531599999996	-74.210531219999993	-74.210530460000001	-74.210529949999994	-74.210529919999999	-74.210529840000007	-74.210529710000003	-74.210528499999995	-74.210526819999998	-74.210525910000001	-74.210525489999995	-74.210525430000004	-74.210524890000002	-74.21052469	-74.210524480000004	-74.210524329999998	-74.210523969999997	-74.21052383	-74.21052358	-74.210523370000004	-74.210522789999999	-74.210522030000007	-74.210521249999999	-74.210520810000006	-74.210520310000007	-74.210520040000006	-74.210519959999999	-74.210519910000002	-74.210519329999997	-74.210518809999996	-74.210518350000001	-74.210518089999994	-74.210517479999993	-74.210516949999999	-74.210516940000005	-74.2105009	-74.210500530000004	-74.210500339999996	-74.210499170000006	-74.210498959999995	-74.210480610000005	-74.210386099999994	-74.210365890000006	-74.21019115	-74.210070779999995	-74.209762159999997	-74.209482109999996	-74.209481400000001	-74.209331259999999	-74.209267699999998	-74.209267699999998	-74.209266349999993	-74.209207890000002	-74.208745289999996	-74.208683030000003	-74.208560199999994	-74.208560140000003	-74.208559730000005	-74.208437950000004	-74.208437079999996	-74.208436789999993	-74.208436000000006	-74.208426970000005	-74.208317269999995	-74.208315600000006	-74.208315499999998	-74.208205179999993	-74.208148219999998	-74.208148159999993	-74.208089400000006	-74.208089340000001	-74.208088709999998	-74.208087930000005	-74.208084720000002	-74.20808452	-74.208071169999997	-74.208027259999994	-74.207775310000002	-74.207751180000002	-74.207723610000002	-74.207594400000005	-74.207587869999998	-74.207586849999998	-74.20748802	-74.207438300000007	-74.207436130000005	-74.207422289999997	-74.207422280000003	-74.207217920000005	-74.207175320000005	-74.206884560000006	-74.206835519999998	-74.20683545	-74.206656629999998	-74.206363400000001	-74.206363190000005	-74.205709459999994	-74.205703389999996	-74.205550860000002	-74.205536089999995	-74.205531590000007	-74.205509140000004	-74.205499340000003	-74.205494099999996	-74.205484459999994	-74.205482559999993	-74.205433970000001	-74.205421999999999	-74.205417539999999	-74.204989150000003	-74.204753859999997	-74.204662880000001	-74.204662769999999	-74.203817869999995	-74.204064180000003	-74.20406466	-74.204121029999996	-74.203727099999995	-74.203570279999994	-74.203566019999997	-74.203000399999993	-74.202992170000002	-74.202991569999995	-74.202991429999997	-74.202842770000004	-74.202719720000005	-74.202716519999996	-74.202710699999997	-74.202567900000005	-74.201069050000001	-74.200643760000005	-74.200613759999996	-74.200607250000004	-74.200602559999993	-74.200060750000006	-74.199995299999998	-74.199673559999994	-74.199661410000004	-74.199410060000005	-74.199357129999996	-74.198783910000003	-74.198461080000001	-74.198305939999997	-74.198304269999994	-74.197795709999994	-74.197794680000001	-74.197794369999997	-74.197793410000003	-74.197792680000006	-74.197792609999993	-74.197792539999995	-74.197791760000001	-74.197791760000001	-74.197791469999999	-74.197790350000005	-74.197789479999997	-74.196813739999996	-74.196806300000006	-74.195732860000007	-74.195658080000001	-74.195591519999994	-74.195549450000001	-74.195473250000006	-74.195460839999996	-74.195460069999996	-74.195446610000005	-74.19514384	-74.195143580000007	-74.195143490000007	-74.194693220000005	-74.194602669999995	-74.19459999	-74.194598369999994	-74.194593049999995	-74.194587209999995	-74.194568129999993	-74.194562750000003	-74.193994090000004	-74.193890240000002	-74.192405620000002	-74.191648740000005	-74.191191489999994	-74.191187080000006	-74.191186779999995	-74.191172449999996	-74.188775480000004	-74.188259410000001	-74.188249589999998	-74.188244100000006	-74.188241230000003	-74.188236630000006	-74.188230219999994	-74.188229269999994	-74.188228289999998	-74.188222060000001	-74.188221519999999	-74.188218120000002	-74.188110109999997	-74.187985850000004	-74.187927860000002	-74.187724009999997	-74.186926459999995	-74.186925840000001	-74.186925509999995	-74.186922769999995	-74.186921299999995	-74.186916139999994	-74.186639159999999	-74.186593459999997	-74.186584100000005	-74.186584089999997	-74.186516830000002	-74.186354300000005	-74.186350610000005	-74.186349629999995	-74.186317310000007	-74.186108750000002	-74.186100260000003	-74.1860973	-74.186092880000004	-74.186088290000001	-74.185508909999996	-74.185502479999997	-74.185500989999994	-74.185418499999997	-74.185356409999997	-74.185343410000002	-74.185269469999994	-74.185185009999998	-74.185104899999999	-74.184895109999999	-74.184862809999998	-74.184724189999997	-74.18472113	-74.184632559999997	-74.184357230000003	-74.183692350000001	-74.183331129999999	-74.181274709999997	-74.180573690000003	-74.180252730000007	-74.178285149999994	-74.176329870000004	-74.176272920000002	-74.175932290000006	-74.175812370000003	-74.175037029999999	-74.175024199999996	-74.175023830000001	-74.174972539999999	-74.174970709999997	-74.174968730000003	-74.17496113	-74.174649979999998	-74.172485190000003	-74.172484740000002	-74.172443450000003	-74.172103500000006	-74.17209914	-74.171964529999997	-74.171885540000005	-74.171880569999999	-74.171850719999995	-74.171850269999993	-74.17184992	-74.171849420000001	-74.171849210000005	-74.171848280000006	-74.171847659999997	-74.171847189999994	-74.171838890000004	-74.17181927	-74.171729080000006	-74.171728209999998	-74.171727809999993	-74.17172746	-74.171727439999998	-74.171722560000006	-74.171718139999996	-74.171713999999994	-74.171711500000001	-74.171711020000004	-74.171680190000004	-74.171650760000006	-74.171638700000003	-74.171638569999999	-74.171634780000005	-74.1714889	-74.171412290000006	-74.171298010000001	-74.171295499999999	-74.171293210000002	-74.171259820000003	-74.171257800000006	-74.171256049999997	-74.171239119999996	-74.17124355	-74.171249630000005	-74.171251249999997	-74.171252300000006	-74.171333349999998	-74.171338430000006	-74.171340049999998	-74.171340619999995	-74.171386979999994	-74.171391499999999	-74.171394280000001	-74.17142595	-74.171454569999995	-74.171454639999993	-74.171512059999998	-74.171532920000004	-74.171536709999998	-74.171594380000002	-74.171684889999995	-74.171902020000005	-74.17208565	-74.172359349999994	-74.172397059999994	-74.172532279999999	-74.172623810000005	-74.172691729999997	-74.172692229999996	-74.173186740000006	-74.173837829999997	-74.173841109999998	-74.173842829999998	-74.173884889999997	-74.17404587	-74.174046799999999	-74.174046820000001	-74.174297109999998	-74.174298370000002	-74.174168129999998	-74.174174399999998	-74.174241710000004	-74.174242629999995	-74.17424287	-74.174242899999996	-74.174243390000001	-74.174767639999999	-74.176334310000001	-74.176336059999997	-74.176337239999995	-74.178121770000004	-74.177904560000002	-74.177899199999999	-74.178458090000007	-74.178459329999995	-74.178460909999998	-74.178467330000004	-74.178468629999998	-74.178471799999997	-74.178472900000003	-74.179026809999996	-74.17902694	-74.179027059999996	-74.179044660000002	-74.179112079999996	-74.179310729999997	-74.179708649999995	-74.179971960000003	-74.180067960000002	-74.181144430000003	-74.181430430000006	-74.181430469999995	-74.181494740000005	-74.181508370000003	-74.181520669999998	-74.181528240000006	-74.181531949999993	-74.181919010000001	-74.182184149999998	-74.182184309999997	-74.182184129999996	-74.182159920000004	-74.181949029999998	-74.181641029999994	-74.181639779999998	-74.181638609999993	-74.181400969999999	-74.181261559999996	-74.181245290000007	-74.181244980000002	-74.180925930000001	-74.180922089999996	-74.181169049999994	-74.180851250000003	-74.180075669999994	-74.180075340000002	-74.179892690000003	-74.179356139999996	-74.17853504	-74.178219389999995	-74.177921229999995	-74.177921080000004	-74.17765876	-74.177523480000005	-74.177505740000001	-74.177492389999998	-74.177440559999994	-74.177330710000007	-74.177306450000003	-74.177302999999995	-74.177193610000003	-74.177191480000005	-74.177167740000002	-74.177166760000006	-74.177163269999994	-74.177156339999996	-74.177154580000007	-74.1770681	-74.177036580000006	-74.177031310000004	-74.17699743	-74.17698627	-74.17698618	-74.176979410000001	-74.176965559999999	-74.176943350000002	-74.17688948	-74.176693270000001	-74.176687430000001	-74.176671600000006	-74.176668879999994	-74.176667399999999	-74.176641849999996	-74.176583219999998	-74.176528250000004	-74.176527379999996	-74.176509909999993	-74.176509820000007	-74.176457690000007	-74.176391749999993	-74.176384159999998	-74.176295719999999	-74.176248779999995	-74.176248079999993	-74.176235009999999	-74.176212530000001	-74.176210049999995	-74.176200109999996	-74.176199220000001	-74.176097970000001	-74.176071699999994	-74.176056029999998	-74.176006760000007	-74.175973690000006	-74.175958769999994	-74.175943590000003	-74.175913440000002	-74.175891809999996	-74.175878389999994	-74.175850049999994	-74.175849069999998	-74.175820540000004	-74.175716719999997	-74.175700120000002	-74.175638939999999	-74.175574030000007	-74.175574019999999	-74.175574010000005	-74.175539509999993	-74.175481590000004	-74.175460450000003	-74.175441640000003	-74.175401460000003	-74.175384789999995	-74.175383539999999	-74.175374329999997	-74.175285110000004	-74.175208850000004	-74.175202909999996	-74.175057989999999	-74.175042180000005	-74.17496002	-74.174896290000007	-74.174845419999997	-74.174827969999996	-74.174821339999994	-74.174812340000003	-74.174798600000003	-74.174798069999994	-74.174796950000001	-74.174787379999998	-74.174782120000003	-74.174762529999995	-74.174745819999998	-74.17473785	-74.174726109999995	-74.174569939999998	-74.174557300000004	-74.174549510000006	-74.174543319999998	-74.174530939999997	-74.17452677	-74.174524399999996	-74.174520110000003	-74.174519219999993	-74.17448134	-74.174452299999999	-74.174430349999994	-74.17442724	-74.174423509999997	-74.174404969999998	-74.174401349999997	-74.174362630000005	-74.17430109	-74.174299340000005	-74.174260469999993	-74.174255209999998	-74.174198459999999	-74.174186180000007	-74.174165500000001	-74.174165000000002	-74.174163840000006	-74.174162940000002	-74.174154490000006	-74.174131259999996	-74.17412023	-74.174087659999998	-74.174016289999997	-74.173894970000006	-74.173889110000005	-74.173786809999996	-74.173765770000003	-74.173759279999999	-74.173744439999993	-74.173647900000006	-74.173622839999993	-74.173616319999994	-74.173613779999997	-74.173607380000007	-74.173605670000001	-74.173582190000005	-74.173514249999997	-74.173478849999995	-74.173449899999994	-74.173360689999996	-74.17333241	-74.173328949999998	-74.173282839999999	-74.173224529999999	-74.173202009999997	-74.173158990000005	-74.173137229999995	-74.172982640000001	-74.172802660000002	-74.172799330000004	-74.172778660000006	-74.172758689999995	-74.172754139999995	-74.172748859999999	-74.172747560000005	-74.172739989999997	-74.172739340000007	-74.172735040000006	-74.172715179999997	-74.172578650000005	-74.172565419999998	-74.172555509999995	-74.172544939999995	-74.172529949999998	-74.172471250000001	-74.172448320000001	-74.172439539999999	-74.172376790000001	-74.172370650000005	-74.172369889999999	-74.172368649999996	-74.172347930000001	-74.172346750000003	-74.172335070000003	-74.172328969999995	-74.172302079999994	-74.172278649999996	-74.172197760000003	-74.172170710000003	-74.172163760000004	-74.172136280000004	-74.172133489999993	-74.172133119999998	-74.172131089999993	-74.172130330000002	-74.172130190000004	-74.172119969999997	-74.172093989999993	-74.17207354	-74.172063679999994	-74.172062179999998	-74.172061729999996	-74.172027659999998	-74.172005580000004	-74.172003669999995	-74.171993839999999	-74.171993360000002	-74.171963869999999	-74.171954270000001	-74.171925970000004	-74.171900239999999	-74.171894480000006	-74.171892290000002	-74.171886720000003	-74.171864859999999	-74.171861840000005	-74.17182794	-74.171821140000006	-74.171816669999998	-74.171816239999998	-74.171786839999996	-74.171774139999997	-74.171758010000005	-74.17175057	-74.171750149999994	-74.171746470000002	-74.171746279999994	-74.171738619999999	-74.171733309999993	-74.171721790000007	-74.171720649999997	-74.171687439999999	-74.171663449999997	-74.171636449999994	-74.171629249999995	-74.171624219999998	-74.171623499999995	-74.171592770000004	-74.171586520000005	-74.171522240000002	-74.171494850000002	-74.171404850000002	-74.171370629999998	-74.171350259999997	-74.171349980000002	-74.171349300000003	-74.171341260000005	-74.171312700000001	-74.171311680000002	-74.171283239999994	-74.171268299999994	-74.17123814	-74.17123814	-74.171237790000006	-74.171233979999997	-74.171195049999994	-74.1711265	-74.171111670000002	-74.17107704	-74.170946810000004	-74.170928619999998	-74.170923209999998	-74.170895939999994	-74.170894829999995	-74.170865849999998	-74.170838709999998	-74.170836420000001	-74.170800909999997	-74.170739900000001	-74.170723969999997	-74.170690129999997	-74.170657410000004	-74.170645879999995	-74.170634320000005	-74.170629529999999	-74.170623649999996	-74.170609229999997	-74.170601379999994	-74.170574639999998	-74.170573809999993	-74.170556719999993	-74.170531089999997	-74.170521699999995	-74.170516930000005	-74.170511450000006	-74.170500630000006	-74.17049883	-74.170494750000003	-74.170486990000001	-74.170485009999993	-74.170442129999998	-74.170419620000004	-74.170398789999993	-74.170354040000007	-74.170321650000005	-74.170235180000006	-74.170185950000004	-74.170147850000006	-74.170121789999996	-74.170117270000006	-74.170113200000003	-74.170106419999996	-74.170096229999999	-74.170095279999998	-74.170093840000007	-74.170060480000004	-74.170059280000004	-74.170016110000006	-74.170012760000006	-74.170011919999993	-74.169998129999996	-74.169988829999994	-74.16998882	-74.169982360000006	-74.169977799999998	-74.169954320000002	-74.169943160000003	-74.16993866	-74.169932889999998	-74.169931009999999	-74.169877279999994	-74.169825770000003	-74.169823940000001	-74.169762329999998	-74.169707079999995	-74.169677849999999	-74.169665339999995	-74.169591539999999	-74.169590900000003	-74.169580170000003	-74.169571210000001	-74.169554099999999	-74.169545459999995	-74.169504230000001	-74.169503930000005	-74.169502370000004	-74.169500690000007	-74.169495600000005	-74.169438760000006	-74.169430160000005	-74.169402410000004	-74.16940117	-74.169374329999997	-74.169367660000006	-74.169367570000006	-74.169334820000003	-74.1693262	-74.169323989999995	-74.169319029999997	-74.169302090000002	-74.169275159999998	-74.169125159999993	-74.169079490000001	-74.168940090000007	-74.168934480000004	-74.168934379999996	-74.168933949999996	-74.168933109999998	-74.168910670000002	-74.168901149999996	-74.168899730000007	-74.168869909999998	-74.168846250000001	-74.168727099999998	-74.16871836	-74.168668690000004	-74.168656720000001	-74.168621680000001	-74.168602500000006	-74.168598799999998	-74.168589109999999	-74.168532150000004	-74.168500570000006	-74.168472320000006	-74.168472199999997	-74.168470310000004	-74.168450739999997	-74.168395309999994	-74.168394699999993	-74.168394190000001	-74.168389020000006	-74.168388210000003	-74.168380850000005	-74.168325609999997	-74.168321140000003	-74.168253129999997	-74.168247289999996	-74.168228330000005	-74.168226770000004	-74.168179539999997	-74.168145330000002	-74.168114329999995	-74.168113500000004	-74.168113160000004	-74.168039840000006	-74.16800594	-74.167972320000004	-74.167944779999999	-74.167937429999995	-74.167936900000001	-74.167932440000001	-74.167909789999996	-74.167905110000007	-74.167870140000005	-74.167862580000005	-74.167819219999998	-74.167814410000005	-74.167743909999999	-74.167743889999997	-74.167743740000006	-74.167743729999998	-74.167743610000002	-74.167743599999994	-74.167741930000005	-74.167706469999999	-74.167656579999999	-74.165108829999994	-74.165106570000006	-74.164832189999998	-74.164810970000005	-74.164733560000002	-74.164681709999996	-74.164403300000004	-74.163816679999996	-74.163702099999995	-74.163091440000002	-74.162772750000002	-74.162486900000005	-74.162441459999997	-74.161942800000006	-74.161941420000005	-74.161939779999997	-74.161938910000003	-74.161934479999999	-74.161933660000003	-74.161932559999997	-74.161932489999998	-74.161930479999995	-74.161930179999999	-74.161930159999997	-74.161929420000007	-74.161929400000005	-74.161927770000005	-74.161926899999997	-74.161920199999997	-74.161919900000001	-74.161919740000002	-74.161919679999997	-74.161919319999996	-74.16191895	-74.161918880000002	-74.161918869999994	-74.161918569999997	-74.161918170000007	-74.161918060000005	-74.161917849999995	-74.161917250000002	-74.161917250000002	-74.161916930000004	-74.161916329999997	-74.161916079999997	-74.1619156	-74.161913409999997	-74.161913150000004	-74.161912760000007	-74.161912659999999	-74.161912520000001	-74.161912189999995	-74.161912079999993	-74.161911919999994	-74.161911790000005	-74.161911630000006	-74.161911419999996	-74.161910719999995	-74.16191062	-74.161910379999995	-74.161910219999996	-74.161910070000005	-74.161910070000005	-74.161909780000002	-74.161909589999993	-74.161909589999993	-74.161909309999999	-74.161909280000003	-74.161909199999997	-74.161908990000001	-74.161908870000005	-74.161908780000005	-74.161908760000003	-74.161908659999995	-74.161908650000001	-74.161908650000001	-74.161908550000007	-74.161908539999999	-74.16190847	-74.161908460000006	-74.161908319999995	-74.161908199999999	-74.161908199999999	-74.161908100000005	-74.161907350000007	-74.161907209999995	-74.161907200000002	-74.161907110000001	-74.161906909999999	-74.16190684	-74.161906590000001	-74.161906529999996	-74.161906400000007	-74.161906090000002	-74.161906029999997	-74.161905930000003	-74.161905790000006	-74.161905529999999	-74.161905329999996	-74.161904179999993	-74.161904050000004	-74.161904039999996	-74.161903710000004	-74.161903679999995	-74.161903649999999	-74.161902440000006	-74.16190005	-74.16189919	-74.161898249999993	-74.161898219999998	-74.161897980000006	-74.161897760000002	-74.161897499999995	-74.161895889999997	-74.161895869999995	-74.161895799999996	-74.161895209999997	-74.161894930000003	-74.161893210000002	-74.161893190000001	-74.161893169999999	-74.161893149999997	-74.1618931	-74.161892890000004	-74.161892530000003	-74.16189249	-74.161892420000001	-74.161892370000004	-74.161892210000005	-74.161892069999993	-74.161892069999993	-74.161892019999996	-74.161891929999996	-74.161891879999999	-74.161891710000006	-74.161891429999997	-74.161891330000003	-74.161890779999993	-74.16189061	-74.161890580000005	-74.161889740000007	-74.161889520000003	-74.161888790000006	-74.161888050000002	-74.161887039999996	-74.161886800000005	-74.161886390000006	-74.161886319999994	-74.161885960000006	-74.161885699999999	-74.161885659999996	-74.161885470000001	-74.161885249999997	-74.161885089999998	-74.161884420000007	-74.161884290000003	-74.161883770000003	-74.161883610000004	-74.161883590000002	-74.161883500000002	-74.161883470000006	-74.161883369999998	-74.161883349999997	-74.161883020000005	-74.161882559999995	-74.161882539999993	-74.161882449999993	-74.161882349999999	-74.161882090000006	-74.161881750000006	-74.161881440000002	-74.16188124	-74.161881129999998	-74.161881129999998	-74.161881059999999	-74.161880980000007	-74.161880640000007	-74.161880499999995	-74.161880429999997	-74.161880400000001	-74.16188022	-74.161880030000006	-74.161880019999998	-74.161879970000001	-74.161879679999998	-74.161879650000003	-74.161879479999996	-74.161879470000002	-74.161879209999995	-74.161879200000001	-74.161879159999998	-74.161878299999998	-74.161878270000003	-74.161877290000007	-74.161877160000003	-74.161876750000005	-74.161876609999993	-74.16187601	-74.161875309999999	-74.161875109999997	-74.161874670000003	-74.161874409999996	-74.161874019999999	-74.161873779999993	-74.161873619999994	-74.161873279999995	-74.161873130000004	-74.161872950000003	-74.161872500000001	-74.161872430000003	-74.161872090000003	-74.161871480000002	-74.161871009999999	-74.161870879999995	-74.161870870000001	-74.161870789999995	-74.161870399999998	-74.161870239999999	-74.161869929999995	-74.161869839999994	-74.161869339999996	-74.161869260000003	-74.161869260000003	-74.161868940000005	-74.161868510000005	-74.161868499999997	-74.161868479999995	-74.161868240000004	-74.161867509999993	-74.161867240000007	-74.161867169999994	-74.16186707	-74.161866900000007	-74.161866889999999	-74.161866520000004	-74.161865989999995	-74.161865829999996	-74.161865489999997	-74.161865390000003	-74.161865309999996	-74.161865239999997	-74.161865129999995	-74.161865070000005	-74.161864600000001	-74.161864510000001	-74.161863859999997	-74.161863539999999	-74.161863400000001	-74.161863229999994	-74.161862740000004	-74.161862720000002	-74.161862380000002	-74.161862110000001	-74.161861329999994	-74.161860919999995	-74.161860750000002	-74.161860579999995	-74.16186055	-74.161860439999998	-74.161860259999997	-74.161860259999997	-74.161860250000004	-74.161859969999995	-74.161859629999995	-74.161859609999993	-74.161859579999998	-74.161859519999993	-74.161859280000002	-74.161859210000003	-74.161859129999996	-74.161858879999997	-74.161858859999995	-74.161858850000002	-74.161858269999996	-74.161857749999996	-74.161857729999994	-74.161857339999997	-74.161857330000004	-74.161857209999994	-74.161857130000001	-74.161856920000005	-74.161856729999997	-74.161856689999993	-74.161856689999993	-74.161856369999995	-74.161856299999997	-74.161856209999996	-74.161856009999994	-74.161855970000005	-74.161855209999999	-74.161854779999999	-74.161854340000005	-74.161854210000001	-74.161854099999999	-74.161853550000004	-74.161853539999996	-74.161853070000006	-74.161852909999993	-74.161851909999996	-74.161851909999996	-74.161851709999993	-74.161851499999997	-74.161851400000003	-74.161851339999998	-74.161851069999997	-74.161851060000004	-74.161851049999996	-74.161851029999994	-74.161850959999995	-74.161850880000003	-74.161850729999998	-74.161850650000005	-74.161850479999998	-74.161850470000005	-74.161850079999994	-74.161850049999998	-74.161849840000002	-74.161849750000002	-74.161849570000001	-74.161849570000001	-74.161849540000006	-74.161849160000003	-74.161848919999997	-74.161848820000003	-74.161848689999999	-74.161848059999997	-74.161847989999998	-74.161847910000006	-74.161847710000004	-74.161847710000004	-74.161847539999997	-74.161847050000006	-74.161846960000005	-74.161846679999996	-74.161846420000003	-74.161846100000005	-74.16184595	-74.161845869999993	-74.161845459999995	-74.161845249999999	-74.161845220000004	-74.161844950000003	-74.161844529999996	-74.16184432	-74.161844020000004	-74.161843989999994	-74.161843939999997	-74.161843919999995	-74.161843820000001	-74.161843529999999	-74.161843520000005	-74.161843450000006	-74.161843329999996	-74.161843200000007	-74.161843160000004	-74.161843110000007	-74.161842949999993	-74.161842859999993	-74.161842829999998	-74.161842750000005	-74.161842519999993	-74.161842440000001	-74.161842379999996	-74.161842379999996	-74.161842329999999	-74.161842230000005	-74.161842050000004	-74.161842019999995	-74.161841600000002	-74.161841530000004	-74.161841240000001	-74.161841170000002	-74.161841159999994	-74.161841150000001	-74.161840949999998	-74.161840839999996	-74.161840769999998	-74.161840749999996	-74.161840459999993	-74.161840310000002	-74.161840130000002	-74.161839799999996	-74.161839670000006	-74.161839659999998	-74.161839450000002	-74.161839360000002	-74.161839270000002	-74.161839220000005	-74.161839169999993	-74.161839090000001	-74.161838430000003	-74.161838399999993	-74.161838309999993	-74.161838290000006	-74.161838119999999	-74.161838099999997	-74.161838090000003	-74.161838040000006	-74.161837899999995	-74.161837739999996	-74.161837730000002	-74.161837599999998	-74.161837579999997	-74.161837570000003	-74.161837460000001	-74.161837399999996	-74.161837030000001	-74.161836480000005	-74.161836260000001	-74.161836170000001	-74.161836010000002	-74.16183599	-74.161835850000003	-74.161835640000007	-74.161835589999995	-74.161835310000001	-74.161835089999997	-74.161834709999994	-74.161834589999998	-74.161834310000003	-74.161834290000002	-74.161834229999997	-74.161834209999995	-74.161834150000004	-74.161834119999995	-74.161834049999996	-74.161834049999996	-74.161833990000005	-74.161833830000006	-74.161833770000001	-74.161833680000001	-74.161833380000004	-74.161833290000004	-74.161833240000007	-74.161833130000005	-74.161833040000005	-74.161832880000006	-74.161832509999996	-74.161832419999996	-74.161832259999997	-74.161831849999999	-74.161831739999997	-74.161831680000006	-74.161831300000003	-74.161831289999995	-74.161831239999998	-74.161831230000004	-74.161830929999994	-74.16183092	-74.161830260000002	-74.161830170000002	-74.161829949999998	-74.16182981	-74.161829800000007	-74.161829789999999	-74.16182972	-74.161829699999998	-74.161829639999993	-74.161828920000005	-74.161828850000006	-74.161828749999998	-74.161828709999995	-74.161828700000001	-74.16182834	-74.161828220000004	-74.161828139999997	-74.161828060000005	-74.161827590000001	-74.161827520000003	-74.161827509999995	-74.161827290000005	-74.161827130000006	-74.161827079999995	-74.161826910000002	-74.161826750000003	-74.161826439999999	-74.16182628	-74.16182628	-74.161826180000006	-74.161826090000005	-74.161825789999995	-74.161825759999999	-74.161825690000001	-74.161825669999999	-74.161825219999997	-74.161824789999997	-74.161824530000004	-74.161824120000006	-74.161824089999996	-74.161823569999996	-74.161821919999994	-74.161821520000004	-74.161821230000001	-74.161821230000001	-74.161821040000007	-74.161820770000006	-74.161820640000002	-74.161820309999996	-74.161820129999995	-74.161819629999997	-74.161819550000004	-74.161819230000006	-74.161818330000003	-74.161818269999998	-74.161817549999995	-74.161815230000002	-74.161815219999994	-74.161814219999997	-74.16181349	-74.161813039999998	-74.161812960000006	-74.161812960000006	-74.161812490000003	-74.161812330000004	-74.161812299999994	-74.161812150000003	-74.161812060000003	-74.16181168	-74.161811619999995	-74.161810970000005	-74.161810900000006	-74.161810680000002	-74.161810090000003	-74.161808449999995	-74.161804090000004	-74.16180344	-74.161802379999997	-74.161802159999993	-74.161802069999993	-74.161801550000007	-74.161801339999997	-74.161801240000003	-74.161801109999999	-74.161800459999995	-74.161799720000005	-74.161799450000004	-74.161798039999994	-74.161797829999998	-74.161797629999995	-74.161797329999999	-74.161797320000005	-74.161797109999995	-74.161796760000001	-74.161796730000006	-74.161796609999996	-74.161796240000001	-74.16179588	-74.161794310000005	-74.161794290000003	-74.161794229999998	-74.161794080000007	-74.161793680000002	-74.161793650000007	-74.161793639999999	-74.161793579999994	-74.161793169999996	-74.161792950000006	-74.161792660000003	-74.161792570000003	-74.16179253	-74.161792439999999	-74.161792390000002	-74.161792210000002	-74.161791160000007	-74.161790769999996	-74.161790370000006	-74.161790310000001	-74.161789760000005	-74.161789540000001	-74.161789299999995	-74.161789249999998	-74.161789069999998	-74.161789040000002	-74.161788799999997	-74.161788680000001	-74.161788509999994	-74.161788380000004	-74.161788310000006	-74.161788229999999	-74.161788110000003	-74.161787820000001	-74.161787619999998	-74.161786039999996	-74.161785910000006	-74.161785089999995	-74.16178352	-74.161782970000004	-74.161782419999994	-74.161782200000005	-74.161779940000002	-74.161777939999993	-74.161777029999996	-74.161540070000001	-74.161510750000005	-74.161357379999998	-74.161065679999993	-74.16079895	-74.159955569999994	-74.159955370000006	-74.159955310000001	-74.159955260000004	-74.159954200000001	-74.159953860000002	-74.159822439999999	-74.159598639999999	-74.159484710000001	-74.159121720000002	-74.158967489999995	-74.158966930000005	-74.158592589999998	-74.158540049999999	-74.158472560000007	-74.158392039999995	-74.158390199999999	-74.158337759999995	-74.158003190000002	-74.158002199999999	-74.15799973	-74.157994720000005	-74.157986120000004	-74.157924809999997	-74.156860080000001	-74.156443170000003	-74.156312959999994	-74.156312959999994	-74.156030400000006	-74.155868179999999	-74.155824879999997	-74.155824589999995	-74.155600469999996	-74.155576069999995	-74.155564490000003	-74.155541790000001	-74.155529430000001	-74.155510969999995	-74.155475920000001	-74.155474819999995	-74.155473900000004	-74.15547273	-74.155416250000002	-74.15537175	-74.155364860000006	-74.155158920000005	-74.155158240000006	-74.155157369999998	-74.155086370000006	-74.155085299999996	-74.155063609999999	-74.155056189999996	-74.155045279999996	-74.155037440000001	-74.155037300000004	-74.155028130000005	-74.155027500000003	-74.154999290000006	-74.154943990000007	-74.154930179999994	-74.154904939999994	-74.154876549999997	-74.154868039999997	-74.154769259999995	-74.154765420000004	-74.154747389999997	-74.154701259999996	-74.154700000000005	-74.154655559999995	-74.154654249999993	-74.154652189999993	-74.154608100000004	-74.154578889999996	-74.154548759999997	-74.154536390000004	-74.15452252	-74.154499009999995	-74.154492599999998	-74.154490010000004	-74.154482099999996	-74.154464610000005	-74.15444273	-74.154436669999996	-74.154435829999997	-74.154435050000004	-74.15442453	-74.154420500000001	-74.154412989999997	-74.154412039999997	-74.154377170000004	-74.15434784	-74.154347450000003	-74.154331229999997	-74.154329669999996	-74.154293260000003	-74.154237559999999	-74.154221460000002	-74.154220100000003	-74.154204469999996	-74.154174319999996	-74.154129409999996	-74.154112580000003	-74.154110619999997	-74.15410876	-74.154103579999997	-74.154081110000007	-74.154077319999999	-74.15407664	-74.154059140000001	-74.154042309999994	-74.153968890000002	-74.153902579999993	-74.153886400000005	-74.153884559999995	-74.153855649999997	-74.153829259999995	-74.153827079999999	-74.153800059999995	-74.153798750000007	-74.153788169999999	-74.153773729999997	-74.153772480000001	-74.153772360000005	-74.153772110000006	-74.153769089999997	-74.15376646	-74.153743899999995	-74.153741749999995	-74.153664669999998	-74.153659709999999	-74.15364855	-74.153634679999996	-74.153634589999996	-74.153604630000004	-74.153576079999993	-74.15356869	-74.153557410000005	-74.153552070000003	-74.153548069999999	-74.153540750000005	-74.153540599999999	-74.153538710000007	-74.153480709999997	-74.153477510000002	-74.153430349999994	-74.153420879999999	-74.153376449999996	-74.153358060000002	-74.153348190000003	-74.153241730000005	-74.153220869999998	-74.153219829999998	-74.15321969	-74.153217760000004	-74.153206870000005	-74.153186509999998	-74.153178310000001	-74.153151339999994	-74.153025420000006	-74.150861640000002	-74.150771899999995	-74.150769159999996	-74.15057951	-74.150513529999998	-74.1505133	-74.149920879999996	-74.149463139999995	-74.148502109999995	-74.148498919999994	-74.148497379999995	-74.147797389999994	-74.147795340000002	-74.147740670000005	-74.14768626	-74.147667679999998	-74.147667139999996	-74.1474592	-74.146433970000004	-74.145536460000002	-74.145535730000006	-74.145485960000002	-74.145483310000003	-74.14547838	-74.145206180000002	-74.145205809999993	-74.145205540000006	-74.145204280000002	-74.145203660000007	-74.145203170000002	-74.145202220000002	-74.145194930000002	-74.144777289999993	-74.144777149999996	-74.144775719999998	-74.144775600000003	-74.144775069999994	-74.144560929999997	-74.143799909999998	-74.143780500000005	-74.143780050000004	-74.143453230000006	-74.143452289999999	-74.143450770000001	-74.143441679999995	-74.143387919999995	-74.143386980000002	-74.143385409999993	-74.143376259999997	-74.143170359999999	-74.142788249999995	-74.142764900000003	-74.142375310000006	-74.142128869999993	-74.141568140000004	-74.140830390000005	-74.140610039999999	-74.139063969999995	-74.138349180000006	-74.136847739999993	-74.136171149999996	-74.136170620000001	-74.136169359999997	-74.13616897	-74.136166770000003	-74.13546135	-74.133432769999999	-74.133425279999997	-74.133424790000007	-74.133420999999998	-74.133181199999996	-74.132848289999998	-74.132090059999996	-74.131905329999995	-74.130874410000004	-74.129876519999996	-74.129845739999993	-74.129788239999996	-74.129788099999999	-74.129786359999997	-74.129767490000006	-74.129764390000005	-74.129728	-74.129537490000004	-74.129404940000001	-74.129401490000006	-74.129393329999999	-74.129388759999998	-74.129424549999996	-74.129426089999995	-74.12942674	-74.129895300000001	-74.129876530000004	-74.127643939999999	-74.127602390000007	-74.127586789999995	-74.127583130000005	-74.127543149999994	-74.127534699999998	-74.127018559999996	-74.126911750000005	-74.126911059999998	-74.126841540000001	-74.126493150000002	-74.124286940000005	-74.12428328	-74.124263350000007	-74.124263099999993	-74.124249090000006	-74.124243919999998	-74.124243919999998	-74.124240900000004	-74.124237930000007	-74.124237899999997	-74.124237710000003	-74.124055119999994	-74.124050699999998	-74.123906009999999	-74.123030560000004	-74.123024360000002	-74.123001540000004	-74.122995579999994	-74.122994379999994	-74.122983869999999	-74.12298337	-74.122933329999995	-74.122672039999998	-74.122698499999998	-74.12266348	-74.120789520000002	-74.120786850000002	-74.120782270000007	-74.120569720000006	-74.120385569999996	-74.120091009999996	-74.119848279999999	-74.119169450000001	-74.119167739999995	-74.118486930000003	-74.118486230000002	-74.118419200000005	Medium severity level	40.623712820000001	40.623713430000002	40.624056160000002	40.626187129999998	40.626187440000002	40.626187989999998	40.626271439999996	40.626272389999997	40.626361719999998	40.626363830000003	40.62636397	40.626364019999997	40.62636406	40.626456070000003	40.626456640000001	40.626457289999998	40.626485109999997	40.626489980000002	40.626685049999999	40.626728219999997	40.626729599999997	40.626731790000001	40.62673221	40.626732259999997	40.626760240000003	40.626925479999997	40.626926220000001	40.626927979999998	40.626947700000002	40.62702341	40.627039179999997	40.627039670000002	40.627095539999999	40.627129910000001	40.627242789999997	40.627244529999999	40.627254360000002	40.627254389999997	40.627256610000003	40.627268399999998	40.627288239999999	40.627370599999999	40.627385029999999	40.627465280000003	40.627466310000003	40.627466310000003	40.627466409999997	40.627569059999999	40.62757105	40.627584229999997	40.627662430000001	40.62766353	40.62766405	40.627671970000002	40.62767324	40.62767418	40.62776607	40.627766229999999	40.627766639999997	40.62780678	40.628052169999997	40.628234970000001	40.628302779999999	40.628307880000001	40.628308009999998	40.628317289999998	40.628318720000003	40.628319300000001	40.628323479999999	40.628483690000003	40.62849713	40.628593619999997	40.62871191	40.629002560000004	40.629042339999998	40.629084079999998	40.629592789999997	40.629617639999999	40.62963835	40.629684869999998	40.629748659999997	40.629749539999999	40.629752099999997	40.629756460000003	40.62975831	40.629761049999999	40.62976501	40.629828179999997	40.629923990000002	40.629929949999998	40.629934429999999	40.629935889999999	40.62994423	40.630312549999999	40.6303798	40.6307045	40.631252830000001	40.63125522	40.631257949999998	40.631268800000001	40.63127068	40.63133886	40.631597730000003	40.631597910000004	40.631659290000002	40.631828210000002	40.631830110000003	40.631830669999999	40.631831460000001	40.631832580000001	40.631833589999999	40.631833999999998	40.631834570000002	40.631835109999997	40.631835979999998	40.631837840000003	40.631841199999997	40.631843879999998	40.631844360000002	40.631846930000002	40.631850649999997	40.631854269999998	40.631854500000003	40.63187988	40.631880430000002	40.63188152	40.632067489999997	40.632268240000002	40.632354880000001	40.632378760000002	40.632444820000003	40.632511280000003	40.63342317	40.633541870000002	40.633541889999996	40.633542290000001	40.633850090000003	40.633933480000003	40.633933550000002	40.635025450000001	40.63502562	40.635026330000002	40.635026600000003	40.635104859999998	40.635124240000003	40.635222800000001	40.635339520000002	40.635420519999997	40.635420760000002	40.635422720000001	40.635422869999999	40.635695769999998	40.635696549999999	40.635697630000003	40.635697980000003	40.635698400000003	40.635698529999999	40.63579507	40.635975850000001	40.636083710000001	40.636084169999997	40.636098599999997	40.636184819999997	40.636203850000001	40.636203930000001	40.636206379999997	40.636389489999999	40.636400440000003	40.636839139999999	40.637158130000003	40.638098589999998	40.638511690000001	40.63989188	40.640184339999998	40.640184740000002	40.640234530000001	40.640247870000003	40.640256340000001	40.640256460000003	40.640260980000001	40.640265909999997	40.640310939999999	40.640346899999997	40.643028989999998	40.64495703	40.644745729999997	40.644743009999999	40.644740859999999	40.644636749999997	40.644763150000003	40.644833149999997	40.64488978	40.645226659999999	40.64521586	40.645205779999998	40.645205580000002	40.644964299999998	40.644980070000003	40.645004589999999	40.645069730000003	40.645070240000003	40.645121680000003	40.645394189999998	40.645864830000001	40.645966119999997	40.645892799999999	40.64503191	40.64521749	40.64521757	40.645219230000002	40.645220690000002	40.645222609999998	40.64522419	40.645224339999999	40.645226319999999	40.645226559999998	40.645226940000001	40.645230990000002	40.645231629999998	40.645233210000001	40.64523354	40.645233640000001	40.645233689999998	40.64523449	40.645234639999998	40.645235159999999	40.645235599999999	40.645236199999999	40.645236740000001	40.64617398	40.64617621	40.646177139999999	40.6461781	40.646178949999999	40.64649258	40.646666920000001	40.646864479999998	40.646911789999997	40.646946970000002	40.646978359999999	40.646984850000003	40.64698585	40.646987760000002	40.647008110000002	40.647018969999998	40.647107009999999	40.6471138	40.64738637	40.647586629999999	40.648839500000001	40.650083459999998	40.650083639999998	40.650187430000003	40.650213340000001	40.650213569999998	40.650215670000001	40.650247759999999	40.650296169999997	40.650300649999998	40.651142900000004	40.651328960000001	40.651372000000002	40.651372389999999	40.651426999999998	40.651439910000001	40.651440319999999	40.651444830000003	40.651473559999999	40.6514746	40.651499979999997	40.651501549999999	40.651501600000003	40.651504410000001	40.651504770000003	40.651509009999998	40.651509480000001	40.65150972	40.651509820000001	40.65151007	40.651510190000003	40.651510999999999	40.651511280000001	40.651511429999999	40.651517050000002	40.651517349999999	40.651532779999997	40.651548509999998	40.651552850000002	40.65155481	40.651556769999999	40.65155695	40.651557009999998	40.65155833	40.651633510000003	40.651702180000001	40.65175516	40.651778810000003	40.651779140000002	40.651779150000003	40.651779589999997	40.651780379999998	40.651780379999998	40.651782420000004	40.651783229999999	40.651818749999997	40.651836899999999	40.651837829999998	40.65183794	40.65183828	40.651838789999999	40.65183906	40.651839610000003	40.651845999999999	40.651846140000004	40.65184696	40.651848450000003	40.651935360000003	40.651936429999999	40.651937709999999	40.65193867	40.652028749999999	40.652029669999997	40.652047529999997	40.652060380000002	40.65208612	40.652130329999999	40.652142509999997	40.652142730000001	40.652272439999997	40.652403579999998	40.652505419999997	40.652574970000003	40.652631130000003	40.65264663	40.652662839999998	40.65275699	40.652814509999999	40.652814900000003	40.652875020000003	40.65289911	40.653137520000001	40.653885260000003	40.654216099999999	40.654434600000002	40.654507430000002	40.65575999	40.655760100000002	40.655907999999997	40.656798350000003	40.656799210000003	40.657318220000001	40.657810099999999	40.65852108	40.661176179999998	40.667074730000003	40.668125430000003	40.668440609999998	40.670925949999997	40.677278029999997	40.677278110000003	40.678347359999997	40.67990588	40.689324550000002	40.689337250000001	40.689337330000001	40.689340350000002	40.689342310000001	40.689343819999998	40.689344699999999	40.689346139999998	40.689348330000001	40.68934994	40.689350429999998	40.689351029999997	40.689353009999998	40.689354440000002	40.689354559999998	40.689354799999997	40.68935527	40.689356310000001	40.689366	40.689369290000002	40.689371510000001	40.689371659999999	40.689371829999999	40.689372380000002	40.689372710000001	40.6893733	40.689374669999999	40.689374690000001	40.689375040000002	40.689376080000002	40.689376520000003	40.689377030000003	40.689378910000002	40.689379950000003	40.689388319999999	40.689388659999999	40.689391630000003	40.689392150000003	40.689392740000002	40.689395789999999	40.689396479999999	40.689399209999998	40.689399790000003	40.68939992	40.689400669999998	40.689401050000001	40.689401789999998	40.689402629999996	40.68940765	40.689408210000003	40.689412879999999	40.689415109999999	40.689418029999999	40.689420830000003	40.689421850000002	40.689423120000001	40.6894262	40.689426699999999	40.689427809999998	40.689432549999999	40.689434040000002	40.689434650000003	40.689435369999998	40.689435680000003	40.689435869999997	40.689435930000002	40.68943728	40.689439499999999	40.689439900000004	40.689440410000003	40.689440730000001	40.689442249999999	40.689442450000001	40.689443279999999	40.689444399999999	40.689444659999999	40.689448599999999	40.689448609999999	40.689452410000001	40.689454550000001	40.68945591	40.68945901	40.689461979999997	40.689463430000004	40.689464000000001	40.689468869999999	40.689469610000003	40.689469989999999	40.689471230000002	40.689471849999997	40.689472549999998	40.689474859999997	40.689474959999998	40.689475049999999	40.68947507	40.689478459999997	40.689482509999998	40.689484329999999	40.689484640000003	40.689488730000001	40.689497350000003	40.689506600000001	40.689507059999997	40.689507319999997	40.689508150000002	40.689518149999998	40.6895186	40.689519730000001	40.689526770000001	40.689526890000003	40.689527159999997	40.689527259999998	40.689531870000003	40.689535929999998	40.689536629999999	40.689536920000002	40.68953759	40.693690539999999	40.696104949999999	40.698897350000003	40.698897379999998	40.699203539999999	40.712527450000003	40.712547989999997	40.717931040000003	40.718299539999997	40.718883900000002	40.72550201	40.726021979999999	40.728692580000001	40.72872856	40.730491090000001	40.734844070000001	40.734844799999998	40.734893649999997	40.734894089999997	40.743427969999999	40.74342583	40.743425619999996	40.743425420000001	40.7434248	40.743424009999998	40.743423970000002	40.743503680000003	40.745141930000003	40.746250689999997	40.74926893	-74.215081979999994	-74.215081580000003	-74.214860229999999	-74.213857930000003	-74.213857689999998	-74.213857279999999	-74.213794250000007	-74.213793539999998	-74.213726089999994	-74.21372452	-74.213724420000005	-74.213724380000002	-74.213724350000007	-74.213655029999998	-74.213654590000004	-74.213654099999999	-74.213632950000004	-74.213629229999995	-74.213490179999994	-74.213459810000003	-74.213458840000001	-74.213457300000002	-74.213457000000005	-74.213456969999996	-74.213437400000004	-74.213336630000001	-74.213336179999999	-74.213335110000003	-74.213323169999995	-74.213277140000002	-74.213267500000001	-74.213267209999998	-74.213232340000005	-74.213210680000003	-74.213138979999997	-74.213137869999997	-74.213131669999996	-74.213131649999994	-74.213130289999995	-74.213123730000007	-74.21311394	-74.213073280000003	-74.213066139999995	-74.213027240000002	-74.213026749999997	-74.213026740000004	-74.2130267	-74.2129786	-74.212977690000002	-74.212971640000006	-74.212936089999999	-74.212935590000001	-74.212935360000003	-74.212931769999997	-74.212931190000006	-74.21293077	-74.212890290000004	-74.212890220000006	-74.212890049999999	-74.212872750000002	-74.212770190000001	-74.212688799999995	-74.212653009999997	-74.212650490000001	-74.212650429999997	-74.212645929999994	-74.212645230000007	-74.212644949999998	-74.212642930000001	-74.212558860000001	-74.212551790000006	-74.212500919999997	-74.212437399999999	-74.212269230000004	-74.212239429999997	-74.212208279999999	-74.211884850000004	-74.211869789999994	-74.211857559999999	-74.211830169999999	-74.211791930000004	-74.211791399999996	-74.211789830000001	-74.211787139999998	-74.211786000000004	-74.211784320000007	-74.211781889999997	-74.211742439999995	-74.211683800000003	-74.211680240000007	-74.211677559999998	-74.211676699999998	-74.21167174	-74.211451949999997	-74.211411510000005	-74.211213150000006	-74.210771140000006	-74.210770850000003	-74.210770510000003	-74.210769200000001	-74.210768970000004	-74.210760620000002	-74.210673569999997	-74.210673450000002	-74.210635429999996	-74.210532369999996	-74.210531259999996	-74.210530910000003	-74.210530439999999	-74.210529769999994	-74.210529170000001	-74.210528920000002	-74.210528580000002	-74.210528240000002	-74.210527709999994	-74.210526520000002	-74.210524410000005	-74.210522789999999	-74.210522510000004	-74.210520950000003	-74.210518690000001	-74.210516499999997	-74.21051636	-74.210500870000004	-74.210500530000004	-74.210499850000005	-74.210385779999996	-74.210260419999997	-74.210205579999993	-74.210190490000002	-74.210148820000001	-74.210106839999995	-74.20953007	-74.209456919999994	-74.209456900000006	-74.209456669999994	-74.209265040000005	-74.20921165	-74.209211600000003	-74.208559879999996	-74.208559780000002	-74.208559339999994	-74.208559170000001	-74.208510739999994	-74.208498809999995	-74.2084385	-74.208366929999997	-74.208317219999998	-74.208317070000007	-74.208315880000001	-74.20831579	-74.208149520000006	-74.208149039999995	-74.208148390000005	-74.208148170000001	-74.208147929999996	-74.208147850000003	-74.20808925	-74.207977499999998	-74.207888519999997	-74.207887900000003	-74.207868790000006	-74.207751329999994	-74.207725199999999	-74.207725089999997	-74.207721680000006	-74.207478949999995	-74.207464680000001	-74.20742061	-74.207249950000005	-74.206726739999993	-74.206476839999993	-74.205703679999999	-74.205522259999995	-74.205522009999996	-74.205490789999999	-74.205482520000004	-74.205477479999999	-74.205477419999994	-74.205474749999993	-74.205471869999997	-74.205445339999997	-74.205423719999999	-74.20372768	-74.201014880000002	-74.200612860000007	-74.200607629999993	-74.200603459999996	-74.199661829999997	-74.199429850000001	-74.199297630000004	-74.199190250000001	-74.198465319999997	-74.198366809999996	-74.198277200000007	-74.198275449999997	-74.195943130000003	-74.195737750000006	-74.195592509999997	-74.195315649999998	-74.195313929999998	-74.195143709999996	-74.194605940000002	-74.193687990000001	-74.192200270000001	-74.192050230000007	-74.188533870000001	-74.188241939999997	-74.188241820000002	-74.188239420000002	-74.188237270000002	-74.188234489999999	-74.18823218	-74.188231959999996	-74.188229079999999	-74.188228719999998	-74.188228170000002	-74.188222260000003	-74.188221330000005	-74.188219029999999	-74.188218539999994	-74.188218399999997	-74.188218320000004	-74.188217140000006	-74.188216929999996	-74.188216170000004	-74.188215529999994	-74.188214650000006	-74.188213860000005	-74.186929509999999	-74.186925650000006	-74.186924050000002	-74.1869224	-74.186920920000006	-74.186583279999994	-74.18582696	-74.185502439999993	-74.185418889999994	-74.185351479999994	-74.185283249999998	-74.185267600000003	-74.18526516	-74.185260560000003	-74.185211359999997	-74.185185129999994	-74.184888400000006	-74.18486446	-74.184627599999999	-74.183549069999998	-74.180286820000006	-74.178284730000001	-74.178282080000002	-74.176706949999996	-74.176313969999995	-74.176310490000006	-74.176278420000003	-74.175764000000001	-74.175021270000002	-74.174950449999997	-74.172443360000003	-74.172107299999993	-74.172007660000006	-74.17200674	-74.171880630000004	-74.171851070000002	-74.171850120000002	-74.171839840000004	-74.171775420000003	-74.171773310000006	-74.171729549999995	-74.171727000000004	-74.171726919999998	-74.171722349999996	-74.171721770000005	-74.171714890000004	-74.171714140000006	-74.171713749999995	-74.171713580000002	-74.171713170000004	-74.171712979999995	-74.171711669999993	-74.171711209999998	-74.171710959999999	-74.171701819999996	-74.171701330000005	-74.171676230000003	-74.171650850000006	-74.171643849999995	-74.171640719999999	-74.171637559999994	-74.171637270000005	-74.171637169999997	-74.17163506	-74.171517629999997	-74.171412219999993	-74.171332289999995	-74.171295929999999	-74.171295380000004	-74.171295360000002	-74.171294619999998	-74.17129328	-74.17129328	-74.171289819999998	-74.17128846	-74.171238329999994	-74.171242570000004	-74.171243450000006	-74.171243559999994	-74.17124389	-74.171244430000002	-74.171244700000003	-74.171245290000002	-74.171252350000003	-74.171252499999994	-74.171253410000006	-74.171255079999995	-74.171339290000006	-74.171340290000003	-74.171341490000003	-74.171342409999994	-74.171433800000003	-74.171434719999993	-74.171452520000003	-74.171465330000004	-74.17149096	-74.171534019999996	-74.171545480000006	-74.171545699999996	-74.171676579999996	-74.171812360000004	-74.171923489999998	-74.171999479999997	-74.172062269999998	-74.172079499999995	-74.172097390000005	-74.17218312	-74.172259710000006	-74.172260629999997	-74.172412140000006	-74.172472780000007	-74.173078029999999	-74.174172159999998	-74.174243630000007	-74.174767639999999	-74.174947290000006	-74.177641469999998	-74.177641820000005	-74.17809518	-74.178468210000005	-74.178470399999995	-74.180069160000002	-74.181429559999998	-74.182238190000007	-74.18125182	-74.17752127	-74.176724620000002	-74.17650252	-74.174750750000001	-74.170333229999997	-74.170333170000006	-74.169584029999996	-74.168499560000001	-74.161928709999998	-74.161919850000004	-74.161919789999999	-74.161917680000002	-74.161916329999997	-74.161915269999994	-74.161914659999994	-74.161913650000002	-74.161912119999997	-74.161911000000003	-74.161910660000004	-74.161910239999997	-74.161908859999997	-74.161907859999999	-74.161907780000007	-74.16190761	-74.161907279999994	-74.161906549999998	-74.161899809999994	-74.161897530000005	-74.161895990000005	-74.161895880000003	-74.161895770000001	-74.161895389999998	-74.16189516	-74.161894750000002	-74.161893809999995	-74.161893800000001	-74.161893550000002	-74.161892829999999	-74.161892530000003	-74.161892170000002	-74.161890880000001	-74.161890170000007	-74.161884420000007	-74.161884189999995	-74.161882149999997	-74.161881789999995	-74.161881390000005	-74.161879279999994	-74.161878810000005	-74.161876939999999	-74.161876550000002	-74.161876460000002	-74.161875949999995	-74.161875690000002	-74.161875170000002	-74.161874600000004	-74.161871160000004	-74.161870769999993	-74.161867560000005	-74.161866020000005	-74.161864019999996	-74.161862099999993	-74.161861400000006	-74.161860529999998	-74.161858409999994	-74.161858069999994	-74.161857310000002	-74.161854059999996	-74.161853030000003	-74.161852620000005	-74.16185213	-74.161851920000004	-74.16185179	-74.161851749999997	-74.161850819999998	-74.1618493	-74.161849020000005	-74.161848669999998	-74.161848460000002	-74.161847409999993	-74.161847280000003	-74.161846710000006	-74.161845929999998	-74.161845769999999	-74.161843070000003	-74.161843059999995	-74.16184045	-74.161838979999999	-74.16183805	-74.161835920000001	-74.161833880000003	-74.161832880000006	-74.161832500000003	-74.161829150000003	-74.161828639999996	-74.161828380000003	-74.161827520000003	-74.161827099999996	-74.161826619999999	-74.161825019999995	-74.161824960000004	-74.161824899999999	-74.161824879999998	-74.161822560000005	-74.161819780000002	-74.161818519999997	-74.161818319999995	-74.161815509999997	-74.161809570000003	-74.161803199999994	-74.161802890000004	-74.161802699999996	-74.161802129999998	-74.161795269999999	-74.161794959999995	-74.161794200000003	-74.161789389999996	-74.161789319999997	-74.161789139999996	-74.161789069999998	-74.161785960000003	-74.161783220000004	-74.16178275	-74.161782560000006	-74.161782110000004	-74.157986230000006	-74.156310739999995	-74.154434820000006	-74.154434800000004	-74.154264749999996	-74.145535480000007	-74.145478990000001	-74.141755910000001	-74.141435599999994	-74.140909179999994	-74.133661700000005	-74.133166650000007	-74.129767430000001	-74.129727970000005	-74.129875549999994	-74.127602820000007	-74.127602539999998	-74.127582950000004	-74.127582779999997	-74.123029520000003	-74.122998499999994	-74.122996830000005	-74.122995130000007	-74.122990049999999	-74.122983570000002	-74.122983219999995	-74.12292746	-74.122663340000003	-74.120306549999995	-74.117540070000004	High severity level	40.624079930000001	40.626188149999997	40.626444370000002	40.626554710000001	40.626729500000003	40.626730270000003	40.626731560000003	40.627094790000001	40.627095220000001	40.627212640000003	40.627256500000001	40.62726327	40.627263820000003	40.62726911	40.627269570000003	40.627364409999998	40.627366739999999	40.627467789999997	40.627469990000002	40.627765830000001	40.627953210000001	40.628011350000001	40.628812279999998	40.629004780000002	40.629701779999998	40.629737970000001	40.629744580000001	40.629751120000002	40.629763789999998	40.629773579999998	40.629929220000001	40.630945760000003	40.632068680000003	40.632500030000003	40.633345380000002	40.633742210000001	40.633937199999998	40.633945769999997	40.634729999999998	40.634954960000002	40.634991239999998	40.63502484	40.635125850000001	40.635134280000003	40.635322729999999	40.635420879999998	40.635602949999999	40.635603500000002	40.635695579999997	40.6357158	40.635796820000003	40.635894010000001	40.635993390000003	40.636068510000001	40.636203639999998	40.636283820000003	40.636739939999998	40.636784519999999	40.644744129999999	40.644886210000003	40.644886530000001	40.645219400000002	40.645219490000002	40.645222990000001	40.645225660000001	40.645231950000003	40.645232800000002	40.645234180000003	40.645234739999999	40.646987340000003	40.647018459999998	40.647104880000001	40.647108320000001	40.651511020000001	40.651558420000001	40.651769809999998	40.651782519999998	40.651845549999997	40.652738069999998	40.656794720000001	40.669220029999998	40.684748650000003	40.689357710000003	40.689366700000001	40.689369159999998	40.689371430000001	40.689373609999997	40.689375779999999	40.689379750000001	40.68945738	40.689459110000001	40.689466490000001	40.689468490000003	40.689509880000003	40.689518630000002	40.68952084	40.689522699999998	40.689524890000001	40.689537710000003	40.704887210000003	40.743426769999999	40.743426569999997	40.743426329999998	40.74342626	40.743425299999998	40.743424920000002	40.743424019999999	-74.214844780000007	-74.213857160000003	-74.213663890000007	-74.213582220000006	-74.21345891	-74.213458360000004	-74.213457460000001	-74.213232809999994	-74.213232540000007	-74.213158289999996	-74.21313035	-74.213126419999995	-74.213126119999998	-74.213123370000005	-74.213123139999993	-74.213076349999994	-74.213075189999998	-74.213026049999996	-74.213025009999996	-74.212890400000006	-74.212810939999997	-74.212787070000005	-74.212384929999999	-74.212267569999995	-74.211820270000004	-74.2117985	-74.211794429999998	-74.21179042	-74.211782639999996	-74.211776610000001	-74.211680670000007	-74.211065419999997	-74.210385049999999	-74.210113969999995	-74.209578320000006	-74.209333040000004	-74.209209259999994	-74.209203729999999	-74.208745460000003	-74.208603679999996	-74.208581150000001	-74.208560270000007	-74.208497829999999	-74.208492660000005	-74.208377130000002	-74.208316999999994	-74.208206140000001	-74.208205809999995	-74.208149629999994	-74.208137410000006	-74.208088180000004	-74.208028760000005	-74.207966429999999	-74.207907849999998	-74.207725490000001	-74.207617459999994	-74.207422280000003	-74.207421629999999	-74.200609779999994	-74.199196689999994	-74.199196119999996	-74.198596710000004	-74.188239030000005	-74.188233920000002	-74.188230050000001	-74.188220860000001	-74.188219619999998	-74.188217600000002	-74.188216769999997	-74.185261550000007	-74.185186340000001	-74.184895940000004	-74.184883780000007	-74.171711630000004	-74.171634920000002	-74.17131062	-74.171289659999999	-74.171251859999998	-74.172175409999994	-74.178458989999996	-74.175936820000004	-74.165106589999994	-74.161905579999996	-74.161899320000003	-74.161897620000005	-74.161896049999996	-74.161894540000006	-74.161893039999995	-74.161890310000004	-74.161837039999995	-74.161835850000003	-74.161830780000003	-74.161829400000002	-74.161800940000006	-74.161794939999993	-74.161793430000003	-74.161792169999998	-74.161790679999996	-74.161782020000004	-74.150789380000006	-74.1230075	-74.123005090000007	-74.123002709999994	-74.123002110000002	-74.122994120000001	-74.122991069999998	-74.122983680000004	Latitude (°)
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Algorithm 1 Dueling DQN with Prioritized Experience Replay

1: Initialize replay memory D with capacity N

2: Initialize prioritization parameters «, 3, and small constant &

3: Initialize action-value network Q(s, a;#) with random weights 6

4: Initialize target network Q'(s, a; 0~ ) with weights 6~ < 6

5: Initialize exploration rate € < 1.0

6: for episode =1 to M do

7 Initialize state sy

8: fort=1to T do

9: With probability €, select a random action a;

10: Otherwise, select a; = arg max, Q(s¢, a;0)

11: Execute action a¢, observe reward r; and next state s;11

12: Store transition (s, ag, ¢, Sg11,doney) in D with max priority
13: if enough transitions in memory then

14: Sample batch of transitions with priorities p; = (|d;] + &)®
15: Compute importance sampling weights w; = (N - P(i)) ="
16: // Dueling architecture - split into value and advantage streams
17: Compute value stream V(s;y1)

18: Compute advantage stream D(s;11,a) for all actions

19: // Compute Q-values using dueling combination
20 Q(s,a) = V(s) + (D(s,a) — g X, D(s,a")
21: Select actions from online network: a* = arg max, Q(s¢11,a;0)
29 Evaluate actions using target network: Q’(s;y11,a™;607)

T if done;
23: Set target y; = _
r; + Q' (si11,a*;07) otherwise
24: Compute TD-error §; = y; — Q(s;, a;; 0)
25: // Compute Huber loss
2. L(0) = {%(yz — Q(si,04;0))° if ly; — Q(s4,a450)| <0
6 (lyi — Q(si,a:;0)] — 56)  otherwise

27: Update priorities: p; = (|6;] + )¢
28: Perform gradient descent step on L(#) with respect to 0
29: end if
30: Every C steps, update target network: 6= < 6
31: Update exploration rate: € < max(e - decay, €min)
32: end for
33: end for
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