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 Abstract: 
Artificial intelligence (AI) and deep learning have 
transformed pavement condition assessment by 
enabling faster, more consistent, and scalable detection 
of pavement distresses compared with traditional 
manual inspection. Although significant progress has 
been made in detecting cracks and other common 
defects, limited attention has been given to developing 
AI-based approaches tailored to the specific needs of 
lower-ranking roads, where potholes, ruts, manholes, 
and localised surface irregularities occur more 
frequently and present substantial safety concerns. This 
paper presents a combined bibliometric and systematic 
review of recent advances in AI-driven pavement 
distress detection, with emphasis on methods applicable 
to low-volume road networks. A structured search of 
Scopus and ScienceDirect resulted in 98 relevant peer-
reviewed studies. The bibliometric analysis revealed a 
strong increase in research activity since 2018, with 
China, India, and the United States of America leading 
the number of published articles. You Only Look Once 
(YOLO)-based object detection algorithms dominate 
current approaches, supported by variants of 
convolutional neural networks and emerging multi-
modal techniques that incorporate unmanned aerial 
vehicle imagery, three-dimensional (3D) scanning, or 
sensor fusion. Despite rapid development in AI-driven 
pavement distress detection, key challenges persist, 
including inconsistent ground-truthing, limited 
comparison between AI and human evaluators, lack of 
standardised benchmarking datasets, and the need for 
robust 3D data acquisition strategies for complex 
distresses on lower-ranking roads. Addressing these 
gaps is essential to ensure reproducibility, 
comparability, and practical implementation of AI-based 
pavement inspection systems. 
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1 Introduction 

Pavement condition assessment is critical to ensure roadway safety, durability, and cost-
effective maintenance. Traditionally, inspection relies on manual surveys and simple 
mechanical devices such as straightedges and profilometers. Although these devices are 
reliable, they are labour-intensive, subjective, and limited in spatial coverage. Although the 
development of digital imaging and sensor technologies in the late 20th century introduced 
automated visual inspection systems, these early systems often struggled with variations in 
lighting, pavement texture, and data interpretation. 
The emergence of artificial intelligence (AI), particularly computer vision and deep learning 
techniques, has transformed this sector by enabling accurate, consistent, and large-scale 
analysis of pavement conditions. Automated data collection and AI data processing are the 
two main elements of automated pavement surveys. AI algorithms can detect and classify 
distresses (e.g., cracks, rutting, and potholes) with far greater precision and speed than 
traditional methods, and these algorithms can also measure deformations in three dimensions. 
The adoption of AI-driven inspection systems reduces human error, accelerates decision-
making, and supports predictive maintenance strategies that extend pavement life and 
optimise resource allocation. 
In the latter part of the 20th century, researchers began experimenting with early machine 
learning techniques to assist image-based pavement condition assessment. For example, in 
1994, traditional and neural network classifiers were compared to detect cracks in video 
images of asphalt–concrete pavement surfaces, showing that neural networks could improve 
detection and consistency under certain conditions [1].  
In the 2000s, as digital imaging improved and computational power increased, researchers 
combined high-resolution cameras with classical image processing and shallow neural 
networks. For instance, a paper published in 2015 demonstrated methods for distinguishing 
cracks from noise in high-resolution images, aiming for practical deployment in crack-sealing 
machinery [2]. 
In 2015-2018, with the rise of deep learning (particularly, convolutional neural networks 
(CNNs), fully convolutional networks, and encoder–decoder architectures), there has been a 
surge of more accurate and automated methods.  
Owing to its remarkable advancements, deep learning has emerged as the primary method for 
pavement defect inspection in early 2020. A universally acknowledged large-scale benchmark 
dataset was lacking to advance and accurately compare deep-learning methods for visual 
defect inspections. In addition, accessible datasets varied in terms of the type of defect, 
infrastructure, substance, and visual context [3]. 
Pavement cracks are a common issue in pavement service life and are primarily caused by 
traffic loads, material fatigue, climate change, and unstable foundations. Both the structural 
integrity and traffic safety may be affected by cracks because they may weaken the structure 
and cause collapse and pavement damage. Consequently, timely crack detection is essential 
for proper pavement maintenance and service life extension. Since the invention of data 
collection vehicles in the 1990s, a substantial number of image-processing-based algorithms 
for automatic detection and identification of pavement cracks have been proposed, and they 
have received the most attention from researchers [4]. Several recent reviews on automated 
pavement data collection and AI image processing algorithms have been published [4-8], 
concluding that most AI data processing methods focus only on distress classification, 
detection, and segmentation, and they lack in quantitative analysis of pavement distresses, 
such as size, area, and overall pavement condition evaluation. Furthermore, there is an 
absence of standardised benchmarks and evaluation systems, which are crucial for 
encouraging innovation and ensuring objectivity and reproducibility in model evaluation. 
Cracks are common in roads at all levels of service. In the literature dealing with machine 
learning techniques for pavement condition evaluation, 44 % of the references deal with cracks 
whereas 19 % pertain to pothole analyses [9]. However, some distresses and objects such as 
potholes, ruts, manholes, and drains are more common in secondary roads. Potholes are the 
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most common type of non-cracked pavement distress and have a significant impact on travel 
quality and safety. Manholes and drains are common objects in urban road networks. Higher-
ranking roads are subject to stricter maintenance requirements and the occurrence of major 
damage such as potholes and ruts is prevented by intensive inspections and systematic 
maintenance activities. In addition, structures such as manholes and drains are not allowed on 
the pavement of higher-ranking roads owing to high-speed and heavy-goods vehicle traffic, 
which would endanger traffic safety and pavement service life. On lower-ranking roads, there 
is a more intense localised load because the pavement is narrower than on higher-ranking 
roads, and the utility infrastructure is often routed under and along the edge of the pavement. 
Therefore, on lower-ranking roads, cracks, potholes and ruts should also be analysed because 
these damages occur more quickly, directly endangering traffic safety and comfort, and are 
related to the presence of utility infrastructure. 
This review paper synthesises recent research on AI applications in pavement visual 
inspection and deformation measurement with an emphasis on methodological advances, 
performance outcomes, and broader implications for future infrastructure management. This 
paper focuses on the current state-of-the-art in automated pavement data collection and AI 
image processing algorithms that are particularly applicable and relevant to lower-ranking road 
maintenance activities. 

2 Methodology  

2.1 Bibliometric analysis and literature review 

Bibliometric analysis has become an increasingly popular technique in academic research in 
recent years because of the vast number of articles published annually and the exponential 
increase in scientific knowledge [10; 11]. It is a thorough technique used to examine and 
assess scientific data, identify papers on relevant topics, and conduct a systematic study of 
literature. Bibliometric analysis allows the identification of patterns and trends within a vast 
number of studies on a given subject, the occurrence of keywords, and the number of citations, 
thus providing a basis for a comprehensive literature review. The steps involved in bibliometric 
analysis are shown in Figure 1, starting by clearly defining the research objectives and 
questions. Subsequently, data collection is conducted by selecting established literature 
databases such as Scopus and Web of Science, identifying search terms, and performing a 
literature search. More than likely, such a search will result in hundreds, if not thousands, of 
sources that should be screened and filtered, and duplicates removed. The dataset is then 
analysed, and the results are visually presented prior to interpretation of the findings and report 
creation. 

 

Figure 1. Bibliometric analysis process 

2.2 Research questions 

When managing secondary road networks, local and municipal authorities must consider all 
the specificities of such roads, including different types of pavement distresses compared with 
those found on highways and primary roads. Considering the growing research on the 
application of AI in all aspects of road management systems, one of the objectives of this study 
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is to determine how these types of roads are included in a vast body of research. This includes 
determining whether the same AI models are used and trained on the basic datasets, or if the 
pavement distresses specific for secondary roads are included in the model training. The 
second objective is to determine how these AI models compare to the manual inspection by 
trained humans, either on datasets or under real field conditions. Furthermore, the ability to 
measure not only the two-dimensional (2D) surface but also the depth of distress helps to 
better classify the severity of distresses. The objective of this review is to determine the 
possibilities and technologies for gathering three-dimensional (3D) distress information. 
Finally, since You Only Look Once (YOLO) is shown to be a prevalent AI architecture used in 
distress determination, this review aims to determine the most used and best-suited YOLO 
versions, their benefits and drawbacks, and compare them with other AI architectures. 

2.3 Selection of databases and keywords and search queries 

The Scopus database was selected in this study, and a query was conducted using the 
keywords listed in Figure 2. Scopus is a literature database that allows the use of Boolean 
syntax in queries to obtain more precise results. Examples of the Boolean syntax are the “OR” 
operator that broadens the search that includes all articles with given terms, as well as the 
“AND” operator that results in articles that fulfil all criteria. Using this method, 211 articles were 
first identified, after which the inclusion and exclusion criteria were set to narrow down the list 
of articles. First, the list was limited to articles published in English. Next, the query was limited 
to journal or conference articles to obtain a certain quality assurance, as they were peer-
reviewed. Following this, the research field was limited to engineering, computer science, 
multi-disciplinary science, and related sciences, whereas medicine, biology, chemistry, 
business, and economics were eliminated, significantly reducing the number of articles. 
However, even with careful keyword selection and set limits, several articles were obtained 
that addressed vastly different topics that were not in the field of pavement management. For 
instance, manhole or culvert inspection with AI algorithms rather than its detection on 
pavements. Thus, further screening was performed by reading all abstracts and excluding a 
number of articles that did not use convolutional neural networks (CNNs) or YOLO algorithms 
for pavement distress detection, such as potholes, manholes, and culverts. 

 

Figure 2. Literature selection process 

However, because Scopus is a citation database, it does not contain the full text, and thus, 
every search was conducted by analysing the titles, abstracts, and keywords. By examining 
the full articles and applying the snowballing method, there were a large number of articles on 
research subjects that did not have some search terms included in either the title, keywords, 
or abstract, but they were in the full text. For instance, YOLO algorithms were used as the main 
tool in the study but they were not mentioned in the abstract and they only referred to using 
more general or umbrella terms, such as artificial intelligence or CNN. Therefore, 
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ScienceDirect (a database from the same publisher as Scopus) was also searched using the 
same query and the full articles were analysed to include additional literature. Bibliometric data 
were downloaded from either the Web of Science (WOS) or Scopus database using their digital 
object identifiers (DOIs). The article lists and their bibliometric data were then combined into 
one database and duplicates were removed. 

2.4 Tools used in the bibliometric analysis and systematic literature review 

The full combined list of articles consisted of 117 articles that were read, analysed, and 
classified based on quality criteria, after which both bibliometric analysis and systematic 
literature review were conducted. For bibliometric analysis, Bibliometrix software was used 
along with Litmaps to determine the research connections.  
Bibliometrix is an open-source tool created in the R language environment that provides a set 
of tools for quantitative bibliometric research [12]. This tool allows scientific mapping analysis 
of scientific literature, statistical analysis of bibliometric data, coupling, co-citations, and co-
words, as well as collaboration analysis. In addition, this tool provides graphical illustrations 
and representations of the analysed data. In addition, the Litmaps tool was used to map 
research connections over time, track topic development and co-citations of the acquired 
publication databases, and visualise them. 
The articles were systematically reviewed by reading through all of the articles, critically 
systematising, and discussing the available findings. 

3 Bibliometric analysis results 

Query, screening, and duplicate removal resulted in 98 articles published from 2020 to 2025. 
Interest in the application of AI for pavement distress detection has grown significantly over 
the past six years, as evident from Figure 3, which shows the number of articles published 
annually on this topic. It can be observed that there is a constant growth in the number of 
articles published within this period, indicating an increasing interest in the research and 
application of different AI models for pavement management, namely, pavement distress 
detection and classification. The largest number of articles was published in 2025, almost 
doubling each of the previous years, with a total of 38 articles, constituting approximately 40 
% of the reviewed articles. 

 

Figure 3. Number of articles pertaining to the use of AI algorithms in pavement 
distress detection published from 2020 to 2025 

The largest number of articles originated from China (36 %), followed by India (17 %), and the 
United States of America (8 %), with other 24 countries contributing a lower number of articles. 
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The spatial distribution of the frequency with which authors from a given country contributed 
to the number of reviewed articles is shown in Figure 4. 

 

Figure 4. Spatial distribution of the frequency with which authors from a specific 
country contributed to the number of reviewed articles 

As mentioned earlier, the search query was limited to journals (93 %) and conference articles 
(7 %), with Automation in Construction being the most relevant, with the highest number of 
published articles and highest local impact measured by the H-index among the gathered 
datasets (Figure 5). In terms of the general impact and citations, two articles stand out (Zhu et 
al. [13] and Majidifard [14]), with 187 and 177 global citations, respectively. The number of 
global citations for articles published in 2022 and 2020 further demonstrates how current and 
developing this field is. The results obtained from bibliometric analysis were further validated 
by an analysis of Litmaps (Figure 6). Here, along with the article distribution over time and 
citation data, the co-citations and linkages between articles are displayed. This further 
demonstrates the significance of these initial articles, and how often they are referred to and 
cited in later studies. 

 
 1 

a) 2 
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Figure 5. a) Most relevant sources; and b) their local impact based on the H-index 

 

Figure 6. Co-citations and linkages between the articles 

Analysis of the trending topics (Figure 7) or how the occurrence of each topic changes 
throughout the years shows that from 2020 to 2025, the initial studies begin with broader or 
generic terms, such as machine learning, image processing, and road maintenance. This is 
the first exploratory use of AI in pavement management. With the progression of time and the 
development of AI algorithms, their application has become narrower and more focused. 
Therefore, machine learning is replaced with terms such as CNN or even YOLO later on, which 
further distinguishes which form of AI architecture or AI algorithm is used. Recently, terms such 
as attention mechanisms or other modifications of known algorithms have been increasingly 
mentioned as they are used to improve existing models. For pavement management, which is 
a broad term, the focus shifts to road damage, damage detection, and object detection of 
potholes, further demonstrating the development of the field and how current this research is. 

 1 
b) 2 
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Figure 7. Analysis of trending topics 

4 AI framework 

To understand the role of image processing, YOLO algorithms, and other AI models used in 
pavement distress detection and classification, a framework explaining their relations and 
functions should be set.  
Object detection, a part of computer vision, highly benefits from the development of AI as it 
provides solutions that are capable of working with big data within a short period and with high 
accuracy. Through image processing, objects can be detected, their precise locations in the 
image can be determined, and the objects themselves can be classified [15]. Object detection 
can be performed using different algorithms [16], with deep-learning neural-network-based 
algorithms having wide applications because of their accuracy and robustness.  
To put it in context, AI has multiple sub-fields, one of which is machine learning (Figure 8). 
Machine learning is designed to emulate human intelligence by training the model on large 
datasets to learn patterns and make predictions [17]. Machine learning has its own sub-sets, 
classified into supervised learning (task-driven), unsupervised learning (data-driven), and 
reinforcement learning (where it learns from its own mistakes) [17]. Deep learning is a 
supervised learning technique suitable for image and speech recognition and it is based on 
the training of neural networks with multiple layers. CNNs are a type of neural networks used 
for various tasks; however, they are particularly successful in image recognition [18], and thus, 
they are often applied for pavement condition assessment. They consist of a series of 
convolutional layers used for the analysis of input images, after which the fully connected 
layers make predictions. Once trained on large sets of labelled data, they can make predictions 
on unlabelled images and label them with the highest probability. 
YOLO is a real-time object detection algorithm based on CNN. YOLO was proposed by 
Redmon et al. [19] in 2015, with up to 11 subsequent versions developed over the years [15; 
20]. YOLO is a one-stage detector, which means that operations are performed using a single 
CNN. YOLO is trained on large datasets and treats object detection and classification as an 
integrated regression problem, thereby determining the position and category of a bounding 
box in a single pass through a neural network. Through architectural changes and various 
optimisations in each subsequent version, YOLO’s detection accuracy and speed have 
improved, making it preferred for a wide range of applications. Different industrial sectors, 
agriculture, security systems, and even medicine, where the detection of small objects is 
crucial, benefit from YOLO’s real-time image processing [16]. In traffic and transportation 
engineering, YOLO is commonly preferred for vehicle and pedestrian detection, and in 
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autonomous vehicles, YOLO is used for parking systems as well as different aspects of 
pavement management systems (PMSs).   
Along with YOLO, other deep learning methods such as recurring CNN (R-CNN), Fast R-CNN, 
Faster R-CNN, and Mask R-CNN have been used in pavement condition assessment based 
on the reviewed articles. These methods use two-stage detection to improve accuracy, but this 
comes at the expense of extended processing time. Object detection models that are usually 
used are YOLO-based models (44 %) and R-CNN-based models (30 %) [9].  
In addition to damage detection from images of existing roads and distresses, AI can also be 
used to create synthetic images for training detection models. An example is General 
Adversarial Network (GAN), which is also a form of deep learning, and it is used in [21] to 
augment available data with synthetic images and then train detection models for pothole 
detection in adverse weather. 

 

Figure 8. AI framework 

5 Discussion 

5.1 Ground truth for AI model evaluation 

Traditionally, pavement condition assessment relies on manual inspection, which is labour-
intensive, inconsistent, and costly. Modern technologies in form of computer vision, image 
processing, and machine learning represent the basis for the implementation of automated 
pavement condition assessment. A significant number of studies deal with different algorithms 
for pavement distress assessment, highlighting their efficiency and precision. However, for 
efficient and accurate identification, new methodologies must be compared with traditional 
methods. Based on the systematic literature review, it is found that there are limited studies 
that compare human, manual inspection, and AI-generated results (Table 1). Digital datasets 
used for pavement distress identification and annotation by humans (usually trained experts 
or students) are also typically used for AI-based model analyses. The results mainly identify 
AI-based models that closely match human performance or even outperform human 
evaluators. However, there are limited studies comparing real field conditions, manual 
inspection, visual inspection, and AI-based models. Comparative studies of pavement distress 
identification from the same dataset conducted by a significant and statistically relevant 
number of human evaluators and AI models are also lacking. Most of the time, the exact 
number of trained experts participating in the study is limited to 5 or it is not specified. Although 
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some studies involved human raters who manually labelled the distresses (annotated collected 
images of pavement distresses) [22; 23], none of these studies compared the results obtained 
from the AI-based models and raters’ assessments. In [24], human raters (two experts) were 
responsible for annotating images using Pavement Surface Condition Index (PSCI) ratings, 
which served as the ground truth for training the deep learning models. 

Table 1. Review on AI versus human evaluator studies 

Algorithm Research specifics Ground truth* AI / human Reference 

CNN, YOLOv4-tiny 
Deep SORT 

Different light, speed, 
and road condition 

environments 

Actual number of 
potholes 

> 80% / ≤ 80% [25] 

Modified generative 
adversarial network 

(GAN) 

New real-time method, 
comparison of 

annotation results done 
by experts and students 

Human detection 
on a newly 

recorded dataset 
84% / 86% [26] 

Modified faster R-
CNN 

Patching and non-slip 
area detection 

Human detection 
on a newly 

recorded dataset 
77% / --- [27] 

*Absolute reference value 

5.2 Purpose of AI models in pavement distress detection 

In general, the development of AI models for pavement distress detection has two purposes: 
(1) to support the development of autonomous vehicles, and (2) to enhance pavement 
maintenance activities. The same or similar AI models can be used for both purposes, but how 
they are trained and configured may vary, given that their goals are to avoid hazards or quantify 
pavement conditions.   
AI-based models developed for autonomous vehicles and infrastructure development seek to 
minimise accident risks and improve overall travel safety by enabling vehicles to detect and 
avoid potential hazards. These models have been used to enhance the vehicles environmental 
awareness and localisation capabilities in a dynamic context [28-40]. Most of the reviewed 
studies are oriented towards timely detection and identification of potholes; however, some 
studies have identified other pavement objects such as speed breakers [41], speed bumps, 
and manhole covers [42] which are characteristic objects of low-volume roads. 
Other studies have contributed to road and pavement maintenance by improving pothole 
detection methods. The primary purpose of these methods is to enhance pavement damage 
identification for better road maintenance decision-making, thereby accelerating the 
deployment of non-destructive automated road damage detection systems. Such systems are 
crucial for maintaining roadway infrastructure, supporting economic activity, and ensuring 
public safety by maintaining roads in good condition. A number of studies has addressed a 
range of roadway hazards, such as cracks, oil stains, patches, and pebbles [43], dropped 
objects [44], and accurate pothole localisation to prioritise repairs [45]. Additional studies have 
focused on improving traffic flow and reducing congestion through adaptive control strategies, 
particularly during sudden traffic surges or accidents [46], and detecting pavement damage in 
urban environments [47]. Further research has been carried out to identify potholes and speed 
bumps [48], detect potholes and speed breakers [49], evaluate rural road pavement conditions 
[24], and identify potholes on muddy and highway roads [50]. Other developments include 
platforms intended to support the digitalisation of forest roads for more efficient operation and 
management [51], systems targeting the detection of cracks, potholes, and rutting [52], 
methods capable of distinguishing overlapping target pixels, differentiating fine-scale 
distresses from large-scale block patches [53], and detection of non-slip areas and pavement 
conditions in urban environments [27]. Overall, the number of published studies demonstrates 
the growing importance and relevance of automated pavement damage detection for effective 
roadway maintenance and management, particularly potholes and other defects on lower-
ranking roads [9; 13; 21-23; 26; 28; 54-83]. Finally, there are some studies that deal with real-
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time pavement condition assessment for both purposes, not only enhancing pavement 
maintenance activities for advanced autonomous vehicle development [84-92] but also alerting 
visually impaired individuals to enhance their safety while navigating roads [93]. 

5.3 Data collection 

Knowing how images are collected is crucial for automated pavement condition assessment, 
because the quality, consistency, and context of the data directly determine how well AI-based 
models perform. Several complex hardware components, each intended for a particular 
purpose, make up the pavement data collection system. Right-of-way (ROW) cameras, ground 
penetrating radar (GPR) devices, light detection and ranging (LiDAR) devices, sophisticated 
laser imaging systems, and other tools can be used in automated pavement condition surveys 
[72].  
ROW cameras are primarily used to collect pavement distress images [22; 26; 29; 32; 36; 41; 
42; 52; 73; 80; 84; 94; 95]. Cameras may be used alone, and smartphone cameras are 
especially practical. These cameras may be integrated with other hardware systems as part of 
an automated data collection vehicle. Some researchers have used thermal camera [54] and 
infrared camera [71] for pothole identification. Unmanned aerial vehicles (UAVs) have also 
been used [56; 75; 97], typically at a flight altitude of 20-30 m as a fast method for data 
collection. 
In addition to creating their own databases by collecting roadway camera footage, a significant 
number of studies make use of existing publicly available databases. According to a review 
presented in [9], 78 % of datasets used in machine-learning-based distress detection models 
are private, whereas the remaining 22 % are public datasets. These databases are used alone 
or in combination with databases created using previously mentioned techniques [31; 32; 81; 
86; 91]. Online databases from traffic surveillance datasets [28], Google, and Kaggle (Road 
Damage Dataset (RDD)) [21; 30; 33; 37; 50; 55; 58; 59; 85] or the Roboflow public library [57; 
78; 93] are typically used. One of the most widely used open-source pavement distress 
detection datasets is the RDD, and the latest version (RDD2022) contains more than 47000 
images from six countries and includes four common types of damage: longitudinal linear 
cracks, transversal cracks, alligator cracks, and potholes [88]. 
Two-dimensional data acquisition is possible using only ROW cameras, whereas 3D data are 
more suitable for assessment of pavement conditions of lower-ranking roads. Potholes, 
manholes, ruts, and road surface roughness are characteristic distresses of low-volume roads, 
which require a 3D approach. Three-dimensional data offer objective, quantifiable parameters, 
which enhance reliability and repeatability and boost the accuracy of distress classification. 
Three-dimensional imaging is less easily influenced by environmental conditions, including 
road noise caused by poor illumination conditions. Even though 3D imaging more accurately 
reflects the road texture, it frequently encounters issues in areas with minimal variations in 
height, such as during the early stages of crack development (microcracks) [98]. 
There are two approaches for 3D data collection. The first approach involves capturing 3D 
images and creating a 3D dataset, and the second approach involves capturing 2D images of 
pavement distresses and reconstructing 3D data. Several techniques have been used for 3D 
dataset creation, including camera and LiDAR [32; 84], 3D cameras and linear lasers [99], 
depth cameras [83], and 3D laser scanner comprising a laser emitter and camera [100]. In 
general, 3D data are acquired by stereo-vision-based methods or laser-based scanning 
methods, which are complex and expensive. In addition, these methods are sensitive and their 
accuracy can be affected by environmental conditions such as rain, lighting, or vibrations [54; 
57]. 
A less expensive method is the reconstruction of 2D images into a 3D dataset, for which 
several approaches can be used. One approach is binocular stereo vision using two cameras 
to acquire images of the target in order to adjust these images to the same plane and then the 
3D information is reconstructed [101]. Another approach involves using two cameras and 
Structure from Motion (SfM) software for 3D point cloud creation [102]. 
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Three-dimensional pavement surface data can be used for other pavement distress detection 
methods, such as rutting or unevenness. The most commonly used methods for 3D imaging 
pavement distress detection are laser-based and stereo-imaging systems. Three-dimensional 
laser scanning can be performed using different set-ups based on the deployment platforms: 
Terrestrial Laser Scanning (TLS), Mobile Laser Scanning (MLS), and Airborne Laser Scanning 
(ALS). In [103], a method for extracting rutting features from ALS 3D point clouds is presented 
using a UAV-mounted LiDAR system. To calculate the pavement, mean profile depth (MPD), 
a 3D laser scanner on a movable experimental platform was constructed in [100]. However, 
the test was performed at a very low data collection speed, where it took 10 min per pavement 
area with sample dimensions of 100 × 100 mm for 3D data acquisition. A deep-learning-based 
multi-view stereo reconstruction method was applied for the analysis of pavement texture 
depth in [104], processing two datasets obtained by RGB and RGB depth cameras. The same 
approach of collecting depth data and RGB images from the RGB-D sensor was used in [105] 
to estimate the pavement roughness and International Roughness Index (IRI).  
GPRs allow the assessment of pavement structural conditions and detection of damage below 
pavement surfaces owing to their depth penetration capabilities [72; 94]. Deep-learning 
algorithms have been applied to automate distress detection using GPR signals and images 
[68; 106]. However, as stated in [91], they are inefficient in terms of cost and benefit for surface 
distress detection as they can only detect cracks even though many other distresses are 
present. Due to the additional cost of equipment and the need to integrate it with the results of 
vision-based distress detection, other 3D data collection methods are more prevalent.  
Finally, accurate, repeatable, and meaningful pavement condition results depend on 
appropriate data-gathering procedures. Therefore, it is necessary to create standardised 
processes to guarantee repeatability, comparability, and integration with pavement 
management systems. 

5.4 Comparison of AI models 

As mentioned earlier, YOLO was developed in 2015, and an improved version was published 
each year thereafter, and to date, there are 11 models. A systematic review of the studies 
reveals that version 5 is most commonly used for pavement distress detection, with version 8 
being preferred more recently. Although the majority of articles were published in the last 5–6 
years, not only recent versions but also versions from YOLOv3 have been used for pavement 
distress detection (Table 2). Many researchers have used multiple versions to compare the 
YOLO algorithms in terms of processing speed and accuracy as well as to compare YOLO 
algorithms with other algorithms, mainly various CNN models. Researchers have highlighted 
that YOLO version 8 is the most efficient one [30; 63], whereas versions 10 and 11 have yet 
to be fully explored. Along with testing the available basic YOLO versions, some researchers 
have developed their own YOLO-based algorithms with the aim of overcoming a certain 
shortcoming within their specific case. Thus, modified YOLO algorithms have been developed 
for poor visibility under low-light conditions [21; 94], front-view images with challenging 
backgrounds [40], small, sparse, and low-resolution pavement defects [107], and small and 
irregular potholes [86]. Some models have been improved in terms of shape feature detection 
of potholes to achieve a more accurate, real-time detection [33] or combined with an integrated 
laser device to measure the depth and volume of potholes and sinkholes [108]. In one case 
[52], the researchers have modified the YOLO algorithm to detect rutting along with commonly 
determined potholes and cracks. Furthermore, some YOLO algorithms have been modified for 
application to different road types, such as feeders and rural roads [62], or for the detection of 
forest road visible bodies [51]. Other enhanced models have different attention mechanisms 
[109] added for better efficiency or duplicate decoupling for higher accuracy [76], and other 
features incorporated to enhance pavement distress detection performance [74]. 
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Table 2. YOLO application in pavement distress detection 

YOLO 
version 

Reference Application 

v11 
[37] Road damage detection 

[78] Road damage detection with UAV aerial images 

v10 [39] 
Road damage detection 

*In complex detection scenarios and resource-constrained environments 

v8 
[38] Road damage detection for autonomous vehicles 

[74; 77] Road damage detection 

v7 [73] 
Crack and pothole detection 

*Dynamic ensemble of classification mechanisms (DynamicECM) added 
to YOLO to filter out false positive pothole detections 

v5 

[47] Detection of large distresses from street-view images 

[41] Autonomous vehicle detection of potholes and speed breakers 

[48; 110] Pothole detection 

[111] Detection and estimation of pothole dimensions and locations 

[91] Detection and classification of defects 

v4 [13; 56] Pavement distress detection with UAV 

v3 

[65] 
Detection and measurement of various distress types in flexible and stone 

road pavements 

[55] Pothole detection 

[13; 56] Pavement distress detection with UAV 

 

Table 3. Comparison between different YOLO versions and other AI algorithms 

Reference AI algorithms  Findings  

[56] 
YOLOv3, YOLOv4, CenterNet, Faster 

R-CNN, and EfficientNet YOLOv3 
Road defects from UAV road damage 

database 

[57] YOLOX and other YOLO versions 
For pothole detection, YOLOX had higher 

accuracy and low computational cost 

[58] 
YOLOv3, YOLOv3-tiny, YOLOv4, 

YOLOv4-tiny, YOLOv5s, and 
YOLOv5x 

For pothole detection, YOLOv4 had highest 
accuracy and YOLOv4-tiny had best 

inference time, making it suitable for mobile 
apps. YOLOv5 exhibited good potential due 

to ease of implementation. 

[63] 
YOLOv3, YOLOv5, YOLOv7, and 

YOLOv8 
For pavement distress detection, YOLOv8 

was most efficient 

[13] Faster R-CNN, YOLOv3, and YOLOv4 
For pavement distress detection from UAV 
images, YOLOv3 yielded the best results 

albeit at a low accuracy (56 %) 

[112] 
Faster R-CNN, Sparse R-CNN, 

YOLOv3, YOLOv5, and YOLOv7 
For pothole detection, YOLOv7 had the 

highest accuracy 

[71] 
Faster R-CNN, YOLOv3, YOLOv3-

SPP, and YOLOv5 

For pavement damage detection using 
CNN and infrared thermography, YOLOv5 

was the most efficient and accurate 

[32] 
Mask-RCNN, YOLOv5, SSD, and 

NanoDet 
YOLOv5 with LiDAR was superior for 

pothole detection 

[85] YOLOv5, YOLOv6, and YOLOv7 
YOLOv7 showed superior efficiency for 

pothole detection 

[44] 
YOLOv5, YOLOv7, YOLOv8 + U-Net, 

W-segnet, and SegNet 

For detection of pavement distress and 
dropped objects such as bottles, YOLOv8 

was most suitable for region-level 
detection, while W-segnet was most 
effective for pixel-level segmentation 
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In addition to being used as a tool for pavement distress detection, different YOLO versions 
serve as benchmark tests for comparing the efficacy of other newly created algorithms [42; 87] 
and for testing newly formed distress datasets with the goal of being used for future model 
training [83]. To best serve this purpose, AI algorithms should be trained on datasets containing 
information on roads with properties similar to those surveyed, i.e., the type of pavement 
surface (paved, unpaved, stone roads, etc.). In [83], the researchers realised the need to 
create a new distress dataset, as distresses have certain features specific to road types, traffic, 
climate, and other local factors. They created a pavement distress dataset specific to 
distresses in Egypt, which can also be used in northern Africa and the Middle East, and verified 
it with YOLO algorithms. 
In search for the most efficient model in terms of detection accuracy and computational time 
for the detection, classification, and retrieval of different information on pavement damage, 
researchers compared different AI models on the same datasets, as shown in Table 3. Other 
AI models were also tested using different YOLO versions. 
When it comes comparing different YOLO versions, it is expected that the more recent the 
version, the better the results, as its detection possibility, classification, and computational time 
improve over the years. Compared with other AI models, YOLO is often advantageous in terms 
of detection accuracy and speed. Because of its architecture and single-stage detection, it is 
faster, computationally efficient, and easier to implement, and is therefore more suitable for 
various applications. However, when it comes to images with complex backgrounds [40], small 
or low-resolution distresses [107], and low-visibility conditions [94], YOLO algorithms can be 
modified to improve their accuracy or alternatively, other AI architectures can be used. 
Although YOLO algorithms are suitable for region-level detection, bounding boxes, and 
distress classification, one study [44] has shown that the SegNet model is superior in terms of 
image segmentation at the pixel level. This means that to gather information on size, area, or 
other distress features, more complex models with two-stage detection would be more 
effective, or this addition can be integrated into YOLO models, such as YOLOv8-seg [108]. 
This is a YOLOv8-based model with the added capability of determining the shape of an object 
in an image at the pixel level. 

6 Conclusions 

This review demonstrates that AI-driven pavement distress detection has become a rapidly 
expanding research field, driven by advances in deep learning and the increasing availability 
of image and sensor data. However, several critical issues hinder the reliable and widespread 
implementation of these technologies: 

o Lack of systematic comparison between human and AI assessments: Only a small 
number of studies have directly evaluated AI models against human evaluators, and 
those that do typically involve a limited number of human evaluators. There is no widely 
accepted methodology for validating whether AI surpasses or merely approximates 
human inspection performance. 

o Absence of standardised datasets and a unified evaluation methodology: Existing 
public datasets cover limited distress types and visual contexts, while most studies rely 
on private datasets, reducing reproducibility. No harmonised framework exists for 
objectively comparing different algorithms or ensuring consistency across studies. 

o Insufficient development of 3D data acquisition and reconstruction techniques for 
lower-ranking roads: Although 3D methods are essential for identifying potholes, ruts, 
manholes, and surface irregularities, current approaches remain costly, technically 
complex, or sensitive to environmental conditions. Therefore, more robust, scalable, 
and low-cost 3D solutions are required. 

Overall, although AI offers a strong potential to transform pavement condition assessment, 
especially for low-volume roads, future progress depends on establishing standardised 
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ground-truthing procedures, creating comprehensive multi-modal datasets, and advancing 
reliable 3D imaging methodologies that enable accurate and repeatable condition evaluations. 
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