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Chapter 11
A Brief Review of Computer Vision Technology in Pavement
Management

Mohamed Tareq Soliman, Feras Abla, Bilal Al-Oubaidi, Onur Avci, James Bryce, and Mahdi Nasimifar

Abstract The integration of computer vision technologies into pavement management represents a paradigm shift from
traditional, manual inspection methods towards automated, efficient, and data-driven approaches. This paper presents a brief
review on state-of-the-art computer vision methodologies, starting from the process of obtaining data through diverse data
acquisition technologies such as 3D laser scanning, RGB-D sensors, ground-penetrating radar (GPR), and unmanned aerial
vehicles (UAVs), reaching to developing advanced deep learning models (integration of YOLO object detectors or R-CNN
with transformer-based networks). These technologies offer significant benefits, including high accuracy in object detection
and segmentation, real-time processing capabilities, substantial reductions in inspection time and cost, improved worker
safety by minimizing roadside exposure, and the generation of quantifiable data for precise maintenance planning. However,
they face persistent challenges, including sensitivity to environmental conditions (e.g., poor lighting, shadows), difficulties
in generalizing across diverse pavement types and complex defect morphologies, computational intensity, data imbalance in
training datasets, and the high cost of some acquisition systems. Despite these hurdles, the continued evolution of computer
vision holds immense potential for developing fully automated, robust, and comprehensive pavement condition.
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Introduction

The application of computer vision technology to pavement management has grown dramatically in recent years, driven by
the need for efficient automated inspection systems [1]. Manual visual inspection of pavement cracks is extremely labor-
intensive and relies entirely on human judgment [2, 3]. Additionally, manual inspections require obstructing traffic and can
be dangerous [4]. Computer vision approaches involve systematic acquisition and analysis of images to identify and classify
distress regions [5].

The implementation of computer vision-based distress detection and evaluation systems represents a significant shift
toward automated infrastructure evaluation [6]. These systems have become increasingly important for promoting data-
driven road maintenance, offering continuous and timely monitoring capabilities that are less labor-intensive and more cost-
effective than manual inspection methods [6]. Despite these contributions, computer vision-based systems face significant
challenges with similarity in features between cracks and background noise in poor lighting, complex textures, blurred
boundaries between tiny cracks and local noise, and low-quality, blurry images collected at high speeds [3].

Typical image processing methods for pavement crack detection primarily include edge detection [7, 8], threshold seg-
mentation [9], and region growing techniques [10, 11]. Edge detection algorithms identify crack boundaries using mathemat-
ical operators such as Sobel, Prewitt, and Canny operators [7, 10]. The Canny edge detection operator has been particularly
effective when combined with morphological operations for automating crack measurements of length, width, and area [12].
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On the other hand, threshold segmentation methods separate crack regions from pavement backgrounds by setting appropri-
ate pixel intensity thresholds. These approaches assume that cracks have lower intensity values than the surrounding pave-
ment surface [13]. Region growing methods complement these techniques by generating pixel-level labels and performing
segmentation of neighboring pixels with similar properties such as grayscale [14]. Several specialized filtering and analysis
methods have been developed for pavement crack detection. Gabor filters have proven effective for analyzing textures with
specific orientation and frequency characteristics, making them suitable for identifying cracks of various orientations and
types [15—17]. Wavelet transform-based methods have been proposed by adjusting the wave in scale (stretched or shrunk)
to correspond with the form of a signal and translated along the entire signal to capture various locations of cracks [18].
Computer vision systems have also incorporated Hough transforms for region-of-interest detection and local binary patterns
for texture analysis [19].

Data Acquisition Technologies

The performance of all these image processing techniques is directly tied to the dataset they’re trained on. Datasets are
usually obtained through these methods:

Three-dimensional (3D) Laser Scanning

3D laser scanning accounts for 95% of the reported efforts for acquiring high-resolution, full-coverage 3D pavement sur-
face data, accounting for over 95% of the reported efforts in 2015 [20]. 3D laser scanners are particularly advantageous for
their insensitivity to varying lighting conditions and poor intensity contrast, which often hamper 2D image-based methods
[21]. Furthermore, 3D data provides crucial depth information for accurate crack detection and allows for precise measure-
ments of defects like rutting and raveling [7, 21]. Although laser scanning is the predominant technology for pavement
distress measurement, a wide range of other 3D imaging techniques (e.g., stereo vision, shape-from-focus, interferometry)
offer viable and often superior alternatives for specific applications [20].

Kaartinen et al.’s [22] comprehensive review study demonstrated that Terrestrial Laser Scanning (TLS) and Mobile Laser
Scanning (MLS) systems generate essential, high-resolution 3D point clouds for contactless detection and assessment of dis-
tresses manifesting in height and depth. However, LiDAR can be extremely costly, computationally intense, and vulnerable
to surface properties, scanner position, and weather/light conditions [22].

To address the technical limitations of the technology, Yi et al. [23] proposed a framework integrating LiDAR, deep
neural networks, and Building Information Modeling (BIM) to automatically detect and manage distresses. The framework
localizes defects, including alligator cracks, a combined crack class, and potholes, by drawing 3D bounding boxes around
them. The proposed model ‘PointPillar’ achieved a 3D mean average precision (3D mAP) of 62.7% and a recall of 78.5%,
outperforming other 3D detection models in accuracy and inference time [23].

RGB-D Sensors

Inexpensive consumer-grade RGB-D sensors provide a unique combination of 2D visual and 3D depth data at a fraction of
the cost of LiDAR or professional laser scanners. Asadi et al. [24] used an inexpensive RGB-D sensor mounted on a car and
a Raspberry Pi 4 to run deep learning models for crack detection. The best-performing model (Faster R-CNN with ResNet
101 and reduced region proposals) achieved 97.6% accuracy and ran at 12 fps. However, the dataset lacked very small crack
instances and other pavement distresses (e.g., potholes, rutting).

Huang et al. [25] developed an end-to-end road condition monitoring framework with feature-level fusion of RGB in-
tegrated with surface normal (SN) data. The dataset consisted of RGB-D image pairs manually annotated and including
potholes and non-defective surfaces such as manholes. The proposed system yielded a mean IoU of 89.8%. The model also
showed a substantial performance in detecting potholes even in poor lighting conditions.

Another study by Mahmoudzadeh et al. [26] used an affordable RGB-D sensor to perform fusion of color and depth data.
This fusion enabled the researchers to reconstruct 3D pavement surfaces and estimate International Roughness Index (IRI)
values. The results, which were validated against rod-and-level measurements on both a rough and a smooth road section,
showed a strong correlation (R?> 0.95) and high accuracy (90%). While these findings are promising given the sensor’s low
cost, the study’s limitations include its use of a static data collection method—which is less practical compared to collecting
data at traffic speeds—and the small sample size of only two road sections. Furthermore, the impact of environmental
variables was not thoroughly investigated.
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Ground-Penetrating Radar (GPR)

The high-frequency electromagnetic waves emitted from ground-penetrating radar (GPR) have conventionally been used to
identify layer thickness, delamination, and even measuring densities of pavements [27-29]. The usage of this technology in
crack evaluation was limited; however, a study by Li et al. [30] integrated deep learning with GPR-based forward simulation
using a 1 GHz air-coupled antenna and complex signal processing to improve detection of subgrade defects, such as loose-
ness, voids, and cavities. The study simulated defect models, enhanced GPR images, and built a dataset to train YOLO v3
and SSD models. The findings showed that YOLO v3 achieved a higher mAP@0.5 (76.69%) compared to SSD (75.07%) on
a combined dataset of standard samples and field samples. Field tests confirmed the practical applicability of the approach.
The approach was successfully validated in a field test using a 450 MHz air-coupled antenna [30].

Unmanned Aerial Vehicles (UAVs) / Drones

The application of unmanned aerial vehicles (UAVs) in transportation has shown promising results in significantly improving
road safety, traffic monitoring, and infrastructure management. Their effectiveness is driven by advanced computer vision
and deep learning, which use the unique aerial perspective to enhance accident reconstruction, vehicle tracking, and the
automated detection of infrastructure defects [31].

UAVs, combined with deep neural networks, can effectively locate major road distresses like potholes, rutting, and
corrugations on unpaved roads [32]. In addition, UAV-captured video frames can be used to estimate the size of detected
potholes [32]. Moreover, the substantial benefits of drone-based monitoring include reporting cost savings ranging from
13% to 94% and time savings from 37.5% to 90% compared to traditional methods [33]. However, widespread adoption
faces regulatory (e.g., visual line-of-sight (VLOS) restrictions), technical (e.g., limited battery life), and social (e.g., privacy
concerns) barriers [31].

Smartphones and Cameras

Smartphones can be used for collecting various images, enabling real-time capture of pavement conditions. While readily
accessible and low-cost, their effectiveness can be limited by lighting and image quality without advanced processing. Mahdy
et al. [34] developed deep network models for instance segmentation of six pavement distress types (longitudinal, transverse,
block, and alligator cracks, bleeding, and potholes). The models were trained on a dataset of 1,040 images captured on Upper
Egypt Road with a smartphone mounted on a vehicle bumper while driving. The study compared YOLOvVS to Mask R-CNN,
in which the former demonstrated high object detection performance (86.8% mAP@0.5), while the latter achieved slightly
better segmentation prediction. The findings suggest that YOLOVS is more effective for object detection tasks with smaller
datasets, whereas Mask R-CNN is better suited for image segmentation [34]. However, the dataset suffered from a class
imbalance with a notably low number of pothole images, likely causing the models to underfit for that class. This is a typical
manifestation of such an imbalance, leading to the observed performance where precision exceeded recall for potholes [34].

Another approach by Chen et al. [35] utilized smartphone accelerometer data, converting 1D vibration signals into 2D
time-frequency-energy spectrograms using Wavelet Transform (WT) and Short-Time Fourier Transform (STFT) for classi-
fication with a VGG16 CNN. The WT-CNN model outperformed STFT-CNN, achieving 97.2% accuracy in distinguishing
transverse cracks from manholes and normal road surfaces [35].

Object Detection Models

Popular one-stage object detection models like YOLOv3 (You Only Look Once), YOLOVS, and the latest version, YOLOVS,
are widely recognized for their speed and real-time capabilities. Recent advancements have focused on enhancing their
accuracy and robustness through architectural improvements. For instance, Shao et al. [36] demonstrated the YOLOv5
model’s potential for crack detection and size estimation. The model was trained on images from PTZ cameras on China’s
Jingshi Highway. The model successfully detected and classified cracks with an 83% mAP@0.5 and estimated their size by
converting pixel dimensions in low-distortion image regions into real-world measurements. Despite these promising results,
the approach has notable drawbacks: its crack size estimation was validated against a very small sample of only 12 real
measurements, and the method is best suited for preventive maintenance on already well-maintained roads.

Addressing common limitations like poor small-sized road defects, Sun et al. [37] integrated several key improvements
to the more advanced model YOLOV8 model, such as the SPD-Conv layer and a more efficient neck structure. Their research
used a subset composed of 2000 Chinese road damage images (collected using a camera mounted on a motorcycle and a
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drone) from the RDD2022 dataset annotated with five types of detection objects: vertical cracks, horizontal cracks, alligator
cracks, potholes, and repair. The improved YOLOvV8 model achieved a 2.8% increase in mAP@0.5 (from 74.6% to 77.4%)
and a 22.6% reduction in parameters compared to the baseline, while maintaining a real-time detection speed of 43 FPS.
However, the model’s performance under poor lighting or extreme weather conditions remains unverified. Additionally, false
positives are still an issue, and the model is yet to support real-time monitoring or continuous learning for adapting to new
defect types or environmental changes.

Beyond model architecture, the quality of the training data itself is a decisive factor. Fan et al. [38] conducted a systematic
study comparing image preprocessing techniques like grayscaling and binarization on the performance of the YOLOVS al-
gorithm on various imbalanced datasets. The distresses were longitudinal cracks, transverse cracks, alligator cracks, oblique
cracks, and potholes. Their primary finding was that dataset balancing had a far greater impact on performance than any
preprocessing method. In fact, imbalanced datasets caused models to be biased toward dominant crack classes, whereas a
custom balanced dataset of 400 images ensured more stable and generalized detection across all distress types, highlighting
that small, skewed datasets lead to poor performance.

The pursuit of robust, generalizable models has led to the development of sophisticated hybrid architectures. Xie et al.
[39] combined YOLOVS with a context anchor attention mechanism (Star-CAA) that enhances feature extraction and a task-
aligned dynamic (TAD) detection head that aligns classification and localization tasks dynamically. Trained on the large,
multinational RDD2022 dataset (47,420 images), the model achieved a 59.7% F1-score (2.3% higher than YOLOvV8-N)
and a 59.9% mAP@0.5 (3.2% boost over baseline YOLOv8-N), while also being lighter and faster. Additional validation
on the UAV-PDD2023 dataset confirmed strong generalization capabilities, with notable performance gains in diverse and
challenging environments captured via drone imagery.

Parallel to the development of sophisticated hybrid models, significant research efforts have been dedicated to optimizing
fundamental detection and segmentation approaches. For instance, a study by Xu et al. [40] directly evaluated Faster R-CNN
and Mask R-CNN for crack detection without including a separate classification of crack types. The authors used data
augmentation and pre-trained weights from ImageNet to train the models on a small dataset. Their results showed that while
both models outperformed YOLOV3 and generalized well when tested on another dataset, Faster R-CNN provided superior
bounding boxes, whereas Mask R-CNN excelled at instance segmentation. A key limitation was that both struggled with
complex cracks in bifurcated, curved, or low-light conditions.

Segmentation Models

To move beyond detecting a crack to quantification of crack geometry, specialized semantic segmentation models are essen-
tial; they trade the rough bounding box for a detailed, pixel-level outline of the distress. Zhao et al. [41] introduced HWCNet,
a hybrid CNN-Transformer model that excelled at preserving crack continuity in low-contrast scenarios. The model featured
a specialized backbone with MobileOne Blocks for efficient local feature extraction, GAMC Blocks with dilated convolu-
tion for multiscale context capture, and SPDConv for detail-preserving downsampling. In addition, the model used a focal
dice loss function that emphasizes hard-to-segment regions to deal with class imbalance between crack pixels and back-
ground. The hybrid CNN-Transformer model outperformed classical models like U-Net by achieving mAP@0.5 ranging
from 82.37% to 86.95% across four datasets (Asphalt3h, GAPs, Asphalt3k, and High Way) with varying characteristics,
despite remaining computationally intensive and requiring high-quality annotations.

Similarly, Yadav et al. [42] developed HCTNet for pixel-level road crack segmentation, which uses a Vision Transformer
(ViT) encoder to capture long-range dependencies and a CNN decoder with a gated-attention mechanism. Evaluated on
Crack500, DeepCrack, and a custom Indian dataset (1532 images), HCTNet achieved exceptional mAP@0.5 scores, with
the lowest still being 97.52% on the custom dataset, demonstrating high effectiveness against noise and varied crack patterns.
The ablation study showed that the gated-attention mechanism and hybrid loss function were found to significantly improve
segmentation accuracy, especially against noise and varying crack patterns. This model is highly effective for automated
crack segmentation, reducing reliance on manual inspection.

Whereas most models in literature excel at only one type of detection and struggle with complex field conditions like
shadows and varied distress characteristics, Zhong et al. [43] proposed a solution to simultaneously achieve region-level
(classification/localization) and pixel-level (segmentation) pavement distress detection through developing an end-to-end
multitask fusion for pavement distress detection (PDDNet). Using a ResNet-101 backbone with multiscale feature fusion
and a combined loss function including Dice loss, PDDNet was trained on a UAV-collected dataset (UAPD) of 3,151 images
labeled with seven distress types. It achieved an outstanding performance with a mAP@0.5 of 81% for region-level detection
and 79.5% for pixel-level segmentation, outperforming models like Mask R-CNN and U-Net and showing robustness to
environmental challenges. A remaining limitation was the infrequent misclassification of large potholes as patches and
difficulty distinguishing composite alligator cracks.
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Table 1 Comparative summary of deep learning models for pavement distress detection, segmentation, and evaluation
Article Architecture | Dataset Output & Metrics | Advantages Limitations
Xu et al. (2022) [40] Faster R-CNN | 148 Bounding boxes & | Works well Small dataset;
/ Mask smartphone masksHigh with very few | Struggles
R-CNN with images with Accuracy vs. images detecting
RolAlign various crack YOLOvV3 (~130); complex cracks,
types Outperforms Sensitive to
YOLOvV3 settings

Zhao et al. (2025) [41] HWCNet Asphalt3h, Pixel-level segmen- | Strong gener- | Computationally
(CNN- GAPs, tationmAP@0.5: alization; expensive;
Transformer Asphalt3k, 71.99%— excels on fine, | requires
hybrid with High Way 91.39%F1-Score: low-contrast high-quality data
ASFF, EMA) | (varying 76.83-88.78% cracks

scales &
contrasts)

Yadav et al. (2024) [42] HCTNet Crack500, Pixel-level segmen- | SOTA High
(CNN+ViIT DeepCrack, & | tationmAP@0.5: performance; | computational
for global anew 97.52%10U: 98.76%, Combines cost; Hard for
context + 1532-image F1: 98.69% global and real-time use
Gated- set local features
attention
decoder for
local details)

Zhong et al. (2024) [43] PDDNet UAPD: 3,151 | Bboxes + Masks Outperformed | Class confusion
(ResNet UAV images, mAP@0.5: Mask R-CNN | (pothole vs.
backbone) 7 distress 81%-79.5% & U-Net patch); Struggles
Multiscale types (+10.7% over Mask | significantly with
fusion + U- R-CNN) shadows/rare
Net/YOLO- crack types
like decoder

Wen et al. (2022) [44] PCDNet 10,000 3D Pixel-level crack Fine crack Misidentifies
(CNN images (1 mm | mapmAP@0.5: 88.5% detection; road markings
classifies resolution) Resilience to and sealed edges
patches + issues like as cracks.
automatic shadows and
threshold seed surface stains.
algorithm to
refine pixels)

Abohamer et al. (2021) [45] | AlexNet CNN | 850 3D IRI value No manual Struggles with
with images; IRI: regressionRQ: 0.985, | features high IRI; Small
automatic 0.79-5.40 RMSE: 0.059 needed,; and local dataset
features m/km Superior to
learning from ANN models
3D images

The development of robust crack detection and segmentation models often involves a trade-off between performance
and the practicality of data preparation. While Zhong et al. pursued a high-performance, multitask solution, Wen et al. [44]
prioritized data efficiency with PCD-Net, a three-phase deep learning framework model designed to deliver pixel-level crack
segmentation using only patch-level annotations. This patch-level training approach significantly reduces the labor and time
required for dataset elevation. The model classifies patches, identifies crack seeds, and ensures continuity with a region-
growing layer. By integrating 3D elevation data, it can perform well even in the presence of shadows and stains. The model
achieves a mAP@0.5 of 88.5%, a recall of 90.2%, and an F1-score of 89.3% on a diverse test set. The model excels as well at
detecting fine cracks and avoids false positives from non-crack features with varying elevations. However, PCDNet struggles
with exhibiting false positive detection of non-crack features with crack-like elevation profiles, such as road markings and
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sealed crack edges. In addition, this model should be tested on another dataset for generalization to different pavement types
and complex conditions.

Applications of deep learning extend beyond distress detection and segmentation to predicting overall pavement con-
dition indicators. Abohamer et al. [45] employed a pre-trained AlexNet CNN to classify pavement sections into four IRI
categories (poor, fair, good, and very good) using 850 3D images. For comparison, they also developed artificial neural
networks (ANN) and multinomial logit (MNL) models using distress indices. The CNN significantly outperformed these
traditional methods, achieving 85% accuracy (R? = 0.985, RMSE = 0.059) compared to approximately 58% for both ANN
and MNL, confirming that distress-based predictors alone are insufficient for reliable IRI classification. Unlike preceding
studies focused on detailed defect detection, Abohamer et al. [45] demonstrates CNNs’ utility for high-level condition as-
sessment. However, a key limitation emerged: the CNN’s performance decreased for sections with IRI values exceeding
3.00 m/km, as high roughness variations increased prediction scatter. Notably, while the ANN and MNL models were less
accurate overall, their performance remained stable across roughness levels. This contrast underscores a common challenge
in deep learning applications to pavement assessment: maintaining accuracy under high-variability conditions of severely
deteriorated roads.

Collectively, these studies illustrate the fundamental trade-offs between model complexity, data requirements, and task
specialization in automated crack detection and segmentation. Table 1 summarizes the findings of deep learning models
recently developed in literature.

Conclusion

Computer vision has firmly established itself as a cornerstone of modern pavement condition evaluation, offering transforma-

tive benefits over labor-intensive and subjective manual inspections. With innovative data acquisition methods, these systems

facilitate rapid, large-scale, and non-destructive pavement assessment. The proliferation of sophisticated deep learning ar-

chitectures, particularly one-stage detectors like YOLOVS and its enhanced variants, alongside multi-task and segmentation

networks, improved accuracy in detecting, classifying, and quantifying pavement distresses at both region and pixel levels.
The investment in computer vision technologies confers transformative benefits:

» Improved Efficiency and Cost Reduction: Automated systems drastically accelerate the inspection process, covering
large road networks in a fraction of the time required for manual surveys, leading to substantial savings in labor and
operational costs. Studies on UAVs report time savings of 37.5% to 90% [33].

Objective and Quantifiable Assessment: Computer vision algorithms provide consistent, data-driven metrics for dis-
tress detection and measurement, eliminating the subjectivity and variability inherent in human visual inspection.

* Data-Driven Maintenance Planning: The precise, geo-referenced data generated enables predictive maintenance
strategies, allowing agencies to prioritize repairs, optimize resource allocation, and extend pavement service life based
on accurate condition maps.

» Comprehensive and High-Resolution Data: UAVs and mobile scanning systems facilitate frequent, network-level data
collection, creating rich historical datasets for trend analysis and performance modeling.

Despite the remarkable progress, several critical challenges impede widespread and robust deployment:

* Generalization and Data Limitations: Many models struggle to generalize across different pavement types, geographic
regions, or uncommon distress forms. This is often exacerbated by imbalanced training datasets, which lead to bias
towards dominant classes.

* Computational and Deployment Constraints: The high computational cost of state-of-the-art models, particularly large
CNN s and Transformers, creates a trade-off between accuracy and the feasibility of real-time processing on affordable,
embedded hardware for in-vehicle systems.

* High Cost of Data Annotation: The supervised learning approach that dominates the field requires vast volumes of
accurately labeled data. Pixel-level annotation for segmentation tasks is exceptionally time-consuming and expensive,
creating a major bottleneck for model development.

* Maintenance and Rehabilitation (M&R) Programming: Applying Al to M&R programming is still a major research
gap, requiring more effort in developing algorithms capable of solving constrained optimization problems for optimal
treatment strategies.
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The path forward involves creating more robust, lightweight, and environmentally resilient models. Key to this evolution

will be the strategic fusion of multi-modal data, such as 2D RGB with 3D depth or GPR, and the curation of larger, more di-
verse datasets. Success in these areas will enable computer vision to become the central nervous system of fully autonomous,
next-generation pavement management infrastructure.
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