Abstract: The process of damage identification methods for civil structures and infrastructures is defined as structural health monitoring (SHM). SHM examines the health condition of structures/infrastructures using advanced sensor technologies to collect periodically sampled data. These data can then be fed into intelligent algorithms to identify changes to the structural material and geometric properties of structures. This paper reviews the state-of-the-art research on machine learning methods to assess transportation infrastructure performance, focusing on journal articles. Machine learning can leverage valuable information from real data, thus avoiding environmental and economic catastrophes. Therefore, it is necessary to define efficient and accurate machine learning techniques for researchers and decision-makers to assess the performance of critical infrastructures. This review proves limited studies relied on machine learning methods for condition assessment of the selected transportation infrastructure. In addition, this review shows that research is still ongoing to provide a robust approach in this field. Challenges and future directions for decision-makers are also discussed in this paper.Machine learning methods for condition assessment of transportation infrastructure
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introduction
Structural damages are predominantly prone to propagate due to external environmental and mechanical factors leading to shortening the service life and damaging the integrity of civil structures. Therefore, monitoring structural health is a critical step for maintaining and sustaining the service life of civil structures/infrastructures. However, the monitoring process of structural health is challenging. For that reason, technologies used for inspecting the condition of structural health have been evolved to make the process feasible. As a result, many technologies have been developed to detect, localize, and quantify structural damage for the condition assessment of civil structures [1].
Furthermore, structural damage is defined as changes in the geometric or material properties of a system threatening its safety, reliability, performance, and life span. Accordingly, damage does not always indicate a complete failure of a system—however, a structural deterioration of the system functionality leads to suboptimal performance. The accumulation of structural damage without maintenance and repair leads civil structures to failure. As a result, civil systems could fail suddenly or gradually over time, depending on the type of damage. For instance, earthquakes and fire-induced damage can lead to a sudden failure. In contrast, corrosion and fatigue are slow degradation processes that lead to structural failure over long periods. In addition, damage to civil infrastructure could happen due to corrosion, creep, shrinkage, fatigue, and scour [2], [3].
The process of damage identification provides useful information of the current state of civil structures which can be extracted thorough the implementation of data-driven models such as artificial intelligence and machine learning algorithms. Data fed into these algorithms can be collected using sensors. The process of damage identification consists of four main steps. In addition, damage identification is one of the most critical components of SHM, where first the damage is identified, then localized, and finally, its severity is assessed and quantified. These processes can be achieved by combining hardware and software components to put together the damage detection system. The hardware consists of a sensing and data acquisition interface for collecting data. Other elements such as strain-gauges, load cells, accelerometers, velocimeters, or fiber optic sensors can be included alongside the data acquisitions modules. Furthermore, the software component means translating signals obtained from sensing and data acquisition interfaces into valuable information via signal processing and intelligent algorithms to inquire about the condition of structures being monitored [1], Figure 1. 
Machine learning techniques have been widely utilized in damage detection and identification of civil structures. However, the application of ML techniques is limited to damage identification of civil transportation infrastructure. Due to the complexity of monitoring the condition of these critical infrastructures, such as roads, and pipelines. Besides, the health condition monitoring of civil infrastructure using sensors require a big budget [4]. Yet it is worth investing money in sensors due to the promising result that ML techniques have shown in assessing the condition of infrastructure. 
This paper summarizes the state-of-the-art research on machine learning methods to evaluate the performance of roadways, water, and energy pipelines infrastructure. A preliminary search was conducted using the Google Scholar database and keywords ‘condition assessment’ AND ‘machine learning’ AND ‘structural health monitoring’ AND ‘pipelines’ OR ‘roadways’ to ensure the novelty of this paper. The search result shows that limited studies have developed machine learning techniques to assess the condition of transportation infrastructure via feeding data collected from sensors into intelligent approaches. The authors selected these transportation infrastructures due to their essential role on our daily basis and to encourage decision-makers and researchers to come up with solutions to face challenges in this domain. Consequently, avoiding catastrophic economic, environmental, and social losses may result from damages to road and pipeline infrastructures. Furthermore, this paper focuses on journal articles published from 2019 to 2022 that are freely accessible to the authors.
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Figure 1. Hardware and software components for the process of structural damage detection and localization.

SUPERVISED MACHINE LEARNING
In supervised learning, the learning process is achieved by training a set of input features via intelligent algorithms to yield the desired output. In other words, the training process is performed on a labeled dataset consisting of input features and expected outcomes. Supervised machine learning can be used for regression and classification prediction tasks. The algorithm aims to assign each input vector to one of a defined number of discrete classes in classification prediction tasks. In comparison, the desired output in regression tasks consists of one or more than that of continuous variables. In addition, unsupervised and semi-supervised learning are other forms of machine learning techniques. For example, in unsupervised pattern recognition tasks, the input training data consist of a set of feature vectors without any corresponding desired targets. The learning process in such cases aims to discover groups of similar examples and aggregate these similar measures into different clusters, and this learning process is called clustering. Unsupervised learning can also estimate the distribution of given data within the input space or reduce high-dimensional data into two or three dimensions for simplicity and visualization. Semi-supervised is the combination of supervised and unsupervised machine learning techniques [5].
Supervised machine learning methods can be successfully applied for damage identifications of critical infrastructures such as roadways. Condition assessment of road pavement is critical to ensure safe traffic movement of people and goods and is crucial for economic growth. The performance of roads is affected by several factors. These factors may deteriorate road infrastructure, including traffic loads, temperature, moisture, delamination of the pavement layers, and subsurface infrastructure. Early inspection of pavements decreases maintenance cost and increase the life span of the road pavements. Ground Penetrating Radar (GPR) is one of the most reliable techniques used to collect valuable information from the subsurface condition for evaluating the condition of road infrastructure due to time-saving, non-invasive, low operation cost, and less workforce. 
Machine learning and intelligent data analysis methods can then be used to support the decision-making process by assessing the condition of subsurface infrastructure. For example, Basavaraju et a. [6] develop supervised machine learning tools to assess and classify the condition of road surfaces using accelerometer, gyroscope and GPS data collected from smartphones. The proposed methods are deep neural network (DNN), support vector machine (SVM), and decision trees. The tools classify the condition of roads into three clusters, smooth, potholes, and deep, transverse cracks. Machine learning models trained on features extracted from all three sensor axes provide more accurate results than those trained on one axis. Furthermore, results prove that the tool based on a deep neural network outperformed the other decision-making tools, even when no feature extraction process was implemented before feeding data into DNN.
In addition, Tsai et al. [7] propose three machine learning tools, random forest, SVM, and Adaboost decision tree, to detect and classify ravelling, one of the most common asphalt pavement distresses, using 3D pavement road data. The proposed method can be applied for the assessment of roadway ravelling conditions. Results show that random forest ensemble learning outperformed other ML techniques. In another study, Piryonesi and El-Diraby [8] assess the condition of asphalt roads under climate change by implementing six machine learning tools to predict the class of pavement condition index (PCI). These ML techniques are decision trees, k-nearest neighbors (K-NN), naive Bayes classifier, naive Bayes coupled with kernel estimators, random forest, and gradient boosted trees. Results show that naive Bayes coupled with kernel estimators, random forest, and gradient boosted trees achieved the highest accuracy level (above 90%).
Furthermore, subsurface infrastructures such as water and energy pipelines are prone to damage due to harsh environmental conditions and other static and operational factors. Therefore, continuous assessment of underground pipelines is necessary for maintaining their health condition and lifespan [9]. A study [10] was conducted to investigate the health condition of pipelines by collecting data using a network of Fiber Bragg Grating (FBG) sensors scaled in the longitudinal and circumferential directions. These sensors assess pipe pressure and flow variations for leakage detection and localization. The data were then fed into SVM algorithms to predict the condition of a 6-m pipe testbed under various operational conditions to classify flow rate, pressure, and leakage size. Results show that the proposed method is promising for leakage detection and localization of water and energy pipelines. The study also proves the effectiveness of using fiber optics sensors (FOS) with the help of artificial intelligence to localize leakage size. Another study [11] proposes semi-supervised and supervised machine learning techniques for detecting damage in a single iron pipe using guided ultrasonic waves (GUWs), a vibration-based method for detecting damages such as corrosion and cracks. First, the semi-supervised is developed to detect the presence of damage using a hierarchical clustering approach (damaged/undamaged). Second, a supervised learning machine learning model was developed using multinomial logistic regression to define the damage location.

DEEP LEARNING
Deep learning is a machine learning-based method consisting of artificial neural networks in which multiple hidden layers are utilized to extract higher-level information from data. One common deep learning method is convolutional neural networks (CNNs), a form of feedforward neural network extensively used to analyze visual imagery and object recognition from images [12]. In addition, CNN is also adapted for the health condition assessment of civil structures. Usually, CNNs are trained on big data and then utilized to analyze unseen data for detecting different types and severity of damages using images. In other words, CNNs are useful in many applications such as damage and anomaly detections and post-disaster surveillance [13].
Condition assessment of roadways and subsurface pipelines is a cost-effective approach for the decision-making management process of pavement networks and pipeline replacement. Using image crack detections techniques can help detect and localize cracks accurately in roadways and underground pipelines via a deep CNN. In other words, deep CNNs are one of the most advantageous techniques for object detection. In addition, the deep CNN has been extensively applied for crack detection recently. The quality of images plays a significant role in achieving accurate and robust outcomes from deep CNNs. For example, range images contain disturbances such as shallow cracks, which could influence the performance of deep neural networks. However, the distinction of such disruption is essential for revealing crack evolution trends and information at an early stage, thus enabling precautionary measures.
Zhou and Song [14] implement an encoder-decoder deep convolution neural network to achieve a pixel-wise crack classification for concrete roadway using laser-scanned range images addressing the issues of surface variations and grooved patterns in data. Zhou and Song [15] also develop deep CNNs to classify crack roadways using heterogeneous image data fusion. Besides, this study used vehicle-mounted laser imaging for data acquisition on concrete roadways, then utilized four different data types, including raw intensity, raw range, filtered range, and fused raw image data. Results show that fused raw data from the data fusion process achieved optimal performance due to its capability to reduce false detections.
The implementation of deep learning has been successfully achieved in detecting various pavement distresses and quantifying their severity. In another study, a deep learning-based model is proposed to detect different pavement distresses and quantify their severity using manually labeled road images data extracted from google street-view images [16]. The study then develops predictive models to rank road pavement conditions based on detected cracks. In other words, the proposed methodology is a hybrid model consisting of two models based on deep learning for detecting and quantifying the severity of distresses simultaneously. This hybrid model can identify non-crack objects such as shadows and cars from pavement distress and differentiate nine pavement distresses with bounding boxes due to the implementation of image annotation. Similarly, a state-of-the-art deep learning method was proposed by [17] for pavement crack detection using image data. CNNs were also developed for leak detection of water pipelines using images of vibration signals collected from accelerometers attached to the pipeline surface [18]. The results prove that the proposed method is robust and achieved up to 95% accuracy.
CONCLUSION, LIMITATIONS, AND FUTURE DIRECTIONS
This study summarized the state-of-the-art research on machine learning techniques to evaluate the health condition of transportation infrastructure such as roadways, and subsurface pipelines, focusing on journal articles published from 2019 to 2022 using the Google Scholar database. The paper discovered that the developed machine learning methods to assess the condition of these selected infrastructures are limited in previous studies owing to the complexity of collecting data for such networked infrastructures and the requirement of a big budget for sensors installation. Besides, the developed machine learning tools for assessing the condition of pipelines have focused on single pipes rather than the total inventory. Therefore, it is recommended to build machine learning tools that are scalable and can detect the damage of multiple objects/pipelines to facilitate the decision-making process for pipeline replacement. 
In addition, the summary of this paper showed that deep learning, including CNN and ensemble learning models such as random forest and gradient boosted trees are promising tools for damage detection of subsurface pipelines and roadways, achieving accuracy up to 90%. Nonetheless, the quality of input data plays a significant role in boosting the performance of machine learning tools. Another limitation noted is the application of computer vision for structural health monitoring of civil infrastructures such as roadways [19], [20]. Computer vision is a field of artificial intelligence (AI) that enables computers to extract insightful information from visual input data such as videos and digital images for the decision-making process. Therefore, it is necessary to encourage the application of computer vision in assessing the structural health condition of transportation infrastructure. Finally, this review showed that research is still ongoing to provide a robust approach in this field.
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