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ABSTRACT

Detecting pavement cracks is critical for road safety and infrastructure management. Traditional methods, relying
on manual inspection and basic image processing, are time-consuming and prone to errors. Recent deep-learning
(DL) methods automate crack detection, but many still struggle with variable crack patterns and environmental
conditions. This study aims to address these limitations by introducing the MaskerTransformer, a novel hybrid
deep learning model that integrates the precise localization capabilities of Mask Region-based Convolutional
Neural Network (Mask R-CNN) with the global contextual awareness of Vision Transformer (ViT). The research
focuses on leveraging the strengths of both architectures to enhance segmentation accuracy and adaptability across
different pavement conditions. We evaluated the performance of the MaskerTransformer against other state-of-the-
art models such as U-Net, Transformer U-Net (TransUNet), U-Net Transformer (UNETr), Swin U-Net Transformer
(Swin-UNETr), You Only Look Once version 8 (YoloV8), and Mask R-CNN using two benchmark datasets:
Crack500 and DeepCrack. The findings reveal that the MaskerTransformer significantly outperforms the existing
models, achieving the highest Dice Similarity Coefficient (DSC), precision, recall, and F1-Score across both datasets.
Specifically, the model attained a DSC of 80.04% on Crack500 and 91.37% on DeepCrack, demonstrating superior
segmentation accuracy and reliability. The high precision and recall rates further substantiate its effectiveness in
real-world applications, suggesting that the MaskerTransformer can serve as a robust tool for automated pavement
crack detection, potentially replacing more traditional methods.
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1 Introduction

Pavement crack detection is a crucial aspect of infrastructure maintenance, as cracks can severely
compromise the structural integrity of roads and highways [1-3]. Timely detection is essential for
preventing further damage, reducing maintenance costs, and ensuring public safety [4]. Traditionally,
pavement crack detection relied on manual inspections, which are labor-intensive, time-consuming,
and subject to human error. In recent years, advances in machine learning (ML) and deep learning
(DL) have revolutionized the field, enabling more accurate and automated detection systems [5,6].

Copyright © 2025 The Authors. Published by Tech Science Press.
@ @ This work is licensed under a Creative Commons Attribution 4.0 International License, which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.


https://www.techscience.com/journal/CMC
https://www.techscience.com/
http://dx.doi.org/10.32604/cmc.2024.057213
https://www.techscience.com/doi/10.32604/cmc.2024.057213
mailto:lwu@cug.edu.cn

562 CMC, 2025, vol.82, no.1

The advent of automated pavement inspection systems has revolutionized this field by providing
a more efficient and accurate means of detecting cracks [4—0]. These systems leverage advanced image
processing techniques and ML models to identify and classify pavement defects. Among the various
approaches, the integration of DL models has shown remarkable promise due to their ability to learn
complex patterns and features directly from raw data [7].

Several recent studies have explored various DL architectures for crack detection. Liu et al. [§]
proposed a transfer learning-based encoder-decoder model with visual explanations for infrastructure
crack segmentation. Their study emphasized the importance of transfer learning for improving
segmentation accuracy and reducing the computational complexity of models in diverse environmental
conditions. Another notable contribution by [9] presented a UNet-based model that integrates visual
explanations to address the “black box” nature of Convolutional Neural Networks (CNNs). This
model showed improvements in transparency and performance through the inclusion of visual
explanations and deeper model architectures. Infrared thermography (IRT) has also been used in
conjunction with convolutional neural networks to enhance crack detection capabilities. Despite the
advancements, several challenges persist in the accurate detection of pavement cracks. Variability in
crack appearances, such as differences in width, length, and orientation, along with environmental
factors like lighting and shadow, pose significant obstacles to developing a robust detection model
[5,10]. Moreover, the presence of noise and artefacts in images captured in real-world scenarios further
complicates the detection process [11].

Recent developments in DL, particularly in computer vision, have introduced innovative archi-
tectures that can address these challenges. The Mask R-CNN [12], a popular model for object
detection and segmentation, offers precise localization and classification capabilities. Meanwhile, the
Vision Transformer (ViT) model, known for its effectiveness in capturing long-range dependencies in
images, provides a complementary approach to feature extraction that can enhance the performance
of traditional convolutional networks [13]. This study proposes a novel hybrid model that combines
the strengths of Mask R-CNN and ViT to improve the accuracy and efficiency of pavement crack
detection. By integrating the region proposal and segmentation capabilities of Mask R-CNN with
the feature extraction power of ViT, the hybrid model aims to achieve superior performance in crack
detection, addressing the gaps in existing methods. This research’s main aim is to develop a robust
and scalable pavement crack detection system that can operate effectively in diverse and challenging
environments. The proposed hybrid model will be evaluated against state-of-the-art methods to
demonstrate its efficacy in terms of accuracy, speed, and adaptability to varying conditions.

This paper is organized as follows: Section 2 reviews related work in the domain of pavement
crack detection and deep learning models. Section 3 details the methodology and architecture of the
proposed hybrid model. Section 4 presents the experimental setup and results, followed by a discussion
in Section 5.

2 Related Work

Pavement crack detection is a critical task in infrastructure maintenance, essential for ensuring
road safety and minimizing maintenance costs [5]. Traditional manual inspection methods have been
largely replaced by automated systems leveraging advanced machine learning techniques. Among
these, CNNs have become a cornerstone in detecting and segmenting cracks due to their ability to
learn hierarchical features from image data [14—16].

For instance, a study by Xu et al. [17] compared the performance of Mask R-CNN and Faster
R-CNN for pavement crack detection. The results indicated that Mask R-CNN outperformed You
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Only Look Once (YOLOV3) and was particularly effective for crack detection tasks, achieving higher
accuracy in identifying complex crack patterns. However, the study also noted that the bounding
box precision of Mask R-CNN could degrade under certain joint training strategies. Wang et al. [18]
developed an automatic pavement crack recognition system using the Mask R-CNN model. This study
focused on the model’s ability to segment cracks at the pixel level and highlighted the importance
of dataset size, image resolution, and labelling techniques in enhancing model performance. The
research demonstrated that Mask R-CNN could effectively segment cracks, improving maintenance
management by facilitating timely inspections.

Ukhwabh et al. [19] implemented the YOLO model with three configurations (YOLOv3, YOLOvV3
Tiny, and YOLOv3 SPP) for pothole detection. The configurations achieved mean Average Precision
(mAP) values of 83.43%, 79.33%, and 88.93%, respectively, and demonstrated rapid detection speeds.
This approach shows significant potential for enhancing road assessment processes.

Ghosh et al. [20] applied faster region-based convolutional neural networks (R-CNN) and
You Only Look Once (YOLO) v3 to detect and classify distresses in high-resolution 3D images
of pavements. The dataset included 625 images with annotated distresses and 798 without. Data
augmentation was used to balance class representation and prevent overfitting. Both YOLO and Faster
R-CNN showed strong performance, with accuracies of 89.8% and 89.6%, and average precision (AP)
values of 90.2% and 89.2%, respectively. ROC curves indicated robust performance with the area under
the curve (AUC) values of 0.96 for YOLO and 0.95 for Faster R-CNN. Evaluations against manual
quality assurance and quality control (QA/QC) showed high agreement, suggesting the methodology’s
potential to replace manual QA/QC in automated pavement analysis.

Liu et al. [21] proposed a two-step deep-learning model for automated pavement crack detection
and segmentation. The model utilized a modified YOLOV3 in the first step to detect cracks and
a modified U-Net in the second step to segment the detected cracks. The study introduced a pre-
trained ResNet-34 encoder and spatial and channel squeeze and excitation (SCSE) modules to improve
segmentation accuracy. The proposed method achieved an F1-Score of 90.58% for crack detection and
95.75% for crack segmentation, outperforming other state-of-the-art models. This two-step approach
demonstrated advantages in accuracy over one-step crack detection and segmentation methods.
Liu et al. [22] applied deep learning and infrared thermography (IRT) to classify asphalt pavement
crack severity. The study used a dataset with four levels of crack severity (no crack, low, medium, and
high severity) and three types of images (visible, infrared, and fusion). The work compared 13 CNN
models trained from scratch and 8 pre-trained CNNs using transfer learning. The findings showed that
EfficientNet-B3 achieved the highest accuracy across all image types, with fusion images providing
the best results for deep learning from scratch, while visible images were more effective for transfer
learning.

While traditional models like YOLO and Faster R-CNN have demonstrated high accuracy and
precision in pavement distress detection, they face several limitations. These models can struggle
with detecting fine-grained crack details due to their reliance on convolutional operations, which
may not capture long-range dependencies effectively. Additionally, the performance of these models
can degrade in varying lighting conditions and complex road textures [17]. Our proposed hybrid
model, combining Mask R-CNN and vision transformer, addresses these weaknesses by leveraging the
precise segmentation capabilities of Mask R-CNN and the global context understanding of ViT. This
combination enhances the model’s ability to detect subtle and complex crack patterns with improved
accuracy and robustness across diverse environmental conditions, offering a more comprehensive
solution for pavement distress detection.
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3 Proposed Methodology

In this section, we present the MaskerTransformer, a novel hybrid model designed to enhance
the detection and segmentation of pavement cracks. By combining the localized precision of Mask
R-CNN with the global contextual information using ViT, the model is optimized to handle various
crack patterns and environmental conditions. The following subsections outline the architecture, data
flow, and training configuration of the proposed model, illustrating how each component contributes
to improving crack detection performance.

3.1 Dataset Description

The Crack500 dataset [23] is a collection of 500 high-resolution images curated for pavement
crack detection. Each image is annotated with pixel-level precision, which makes this dataset ideal
for training and evaluating deep learning models focused on crack detection and segmentation tasks.
CrackS500 includes a variety of crack patterns and types, allowing for the development of models that
can generalize across different conditions and environments. This comprehensive dataset provides a
robust foundation for testing the accuracy and reliability of pavement crack detection algorithms.
The DeepCrack dataset [24] serves as a benchmark for evaluating deep learning models for crack
detection. It comprises a diverse set of images capturing various crack types and road conditions
(Fig. 1), offering a challenging test bed for model performance. Detailed annotations accompany
each image, highlighting crack locations and dimensions, which supports segmentation tasks. These
datasets are widely used in research to validate the effectiveness of new crack detection algorithms,
providing a comprehensive resource for developing advanced detection solutions.

3.2 Preprocessing

In this study, several preprocessing techniques were applied to enhance the quality and diversity
of the training data. These techniques include data normalization, flip, random crop, mask crop,
and shuffle, each playing a vital role in preparing the dataset for modelling. Data normalization is
a technique used to scale the pixel values of images to a standard range, often between 0 and 1, to
ensure that all input features contribute equally to the model’s learning process [25]. This can help
improve the convergence speed and stability of the training process. The formula for normalization is:

(1)

x — min(x)

/

" max(x) — min(x)

where x is the original pixel value, and x’ is the normalized pixel value.

Flipping is a data augmentation technique that involves mirroring the images horizontally or
vertically. This helps increase the dataset’s diversity and allows the model to learn invariant features
under different orientations [26]. The horizontal flip is commonly used and can be represented as:

I'a,)=1G,Ww—-j-1) 2

where [ is the original image, I’ is the flipped image, i and j are the pixel indices, and W is the width
of the image. Random cropping involves selecting a random portion of the image and cropping it to
a specified size. This augmentation helps the model focus on different parts of the image and learn to
detect features at various scales and locations [27]. The cropping can be defined by selecting random
offsets 0, and o,:

I'Gj) =1(i+o0.j+0) 3)

where o, and o, are randomly chosen offsets within the allowable range.
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Figure 1: Samples of pavement and cracking

Mask cropping is a specialized form of cropping where the region of interest, often determined
by a mask or bounding box, is extracted from the image. This is particularly useful for tasks requiring
focused attention on specific areas, such as crack detection in images [28]. Shuffling involves randomly
rearranging the order of the data in the dataset. This process ensures that the model does not learn
any unintended patterns from the order of the input data and helps improve generalization by mixing
up the data batches during training.

3.3 Mask R-CNN

Mask R-CNN is a state-of-the-art deep learning architecture developed for the tasks of object
detection and instance segmentation. As an extension of the Faster R-CNN model, Mask R-CNN
incorporates an additional branch that predicts segmentation masks, enabling the model to not only
classify objects within an image but also provide detailed pixel-level segmentation for each identified
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instance [12]. This dual capability renders Mask R-CNN particularly suitable for applications that
require precise object localization and segmentation, such as the detection of pavement cracks. The
architecture of Mask R-CNN comprises several critical components [28]. First, a backbone network,
typically a convolutional neural network like ResNet or ResNeXt, is utilized to extract feature maps
from input images. These feature maps form the foundation for further processing within the network.
Following this, a region proposal network (RPN) is employed to generate candidate object proposals,
identifying regions within the image that are likely to contain objects. The RPN outputs a set of
bounding boxes along with associated objectness scores, which indicate the likelihood of each region
containing an object [29]. A key innovation in Mask R-CNN is the use of region of interest (Rol)
Align, which replaces the Rol Pooling layer found in Faster R-CNN (Fig. 2). Rol Align addresses
the potential misalignment issues that can occur during pooling operations by precisely mapping
the input feature map to a fixed-size feature map, thereby preserving crucial spatial information
necessary for accurate segmentation. For each proposed Rol, the network predicts both the object
class and refines the bounding box coordinates to more accurately fit the object. In addition to
these capabilities, Mask R-CNN includes a parallel branch dedicated to predicting a binary mask
for each Rol. This branch outputs a spatial binary mask that indicates which pixels belong to the
detected object, facilitating precise segmentation. The application of Mask R-CNN to pavement crack
detection offers several advantages. Its ability to predict segmentation masks allows for the accurate
delineation of crack boundaries, which is essential for quantifying crack dimensions and severity [30].
Moreover, Mask R-CNN’s robustness to variability in crack appearances, such as differences in width,
length, and orientation, enables it to learn to segment cracks effectively from diverse training samples.
Additionally, the model can be integrated with ViT to enhance feature extraction, combining the
strengths of CNNs and transformers to capture both local and global features within images.

Figure 2: The Mask R-CNN framework for pavement crack segmentation

3.4 Vision Transformer (ViT)

The vision transformer is a groundbreaking model that applies the transformer architecture,
originally developed for natural language processing, to image analysis [31]. Unlike traditional
CNNs, ViT uses self-attention to capture global context by processing images as sequences of fixed-
size patches [13]. This allows ViT to effectively learn long-range dependencies, which is beneficial
for detecting intricate features like pavement cracks. ViT divides an image into non-overlapping
patches, embeds them linearly, and processes them through a transformer encoder, capturing spatial
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relationships across the entire image [13,31]. This approach enables ViT to recognize subtle and
complex patterns that might be missed by CNNs, making it particularly suited for tasks requiring
a global understanding of image data. The model’s strength lies in its ability to achieve competitive
performance with state-of-the-art CNNs, particularly when trained on large datasets. However, ViT’s
reliance on extensive training data requires careful data augmentation and preprocessing to enhance its
generalization capabilities. Incorporating ViT into pavement crack detection systems offers significant
advantages. By integrating ViT with models like Mask R-CNN, both local and global features can be
effectively extracted, improving the accuracy and robustness of detection. Key considerations include
the selection of patch size and the implementation of training strategies to prevent overfitting (Fig. 3).

Patches
(16 * 16)

Linear Projection
Encoder

= 4

Positional
Embedding

Figure 3: ViT abstract level architecture diagram

3.5 Proposed Hybrid Model

In this study, we introduce the MaskR-Transformer (Fig. 4), a novel hybrid segmentation model
that merges the localized precision of Mask R-CNN with the expansive context awareness of the
vision transformer. This model is meticulously designed to enhance the detection and segmentation
of pavement cracks across varied imagery, as demonstrated on the Crack500 and DeepCrack datasets.
The MaskR-Transformer (Table 1) employs a dual objective function approach where the Crack500
dataset utilizes a combination of Dice Loss and weighted binary cross entropy (WBCE), optimizing
for a balance between class imbalances and the need for precise pixel-wise segmentation. For the
DeepCrack dataset, the model relies solely on Dice Loss, which is effective for handling the sparse
and uneven distribution of crack features within the images. This tailored approach to loss functions
underscores our model’s adaptability to different segmentation challenges. The optimization of the
model is carried out using the AdamW optimizer, known for its ability to correct the weight decay
integration, thus stabilizing the training process.

Furthermore, data augmentation techniques such as rotations, translations, and scaling are
applied to both datasets, ensuring the robustness and generalization of the model by exposing it
to a wider variety of training scenarios. Architecturally, the MaskR-Transformer is configured with
different settings tailored to each dataset’s specific characteristics. The model processes inputs of 256
x 256 pixels for Crack500 and 224 x 224 pixels for DeepCrack, optimizing computational efficiency
while retaining sufficient detail for accurate crack detection. It incorporates 16 feature maps in the
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base layer for Crack500 and 8 for DeepCrack, reflecting the varying levels of abstraction required
to capture relevant features from each dataset. The utilization of 12 attention heads facilitates the
model’s ability to focus on pertinent features across different parts of the input image, enhancing the
detection capabilities. The training configuration further refines the model’s performance. Employed
with a batch size tailored to each dataset—32 for Crack500 and 96 for DeepCrack—the model
balances between computational load and learning stability. The training spans 300 epochs to ensure
ample learning and convergence to optimal weights. A OneCycleLR scheduler dynamically adjusts the
learning rate, starting from an initial rate of 0.0001 and peaking at 0.001 after a warmup period of 10
epochs, to refine training dynamics and enhance convergence rates.
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x

Figure 4: Overview of proposed hybrid pavement detection approach

Table 1: Configuration parameters of the MaskR-Transformer model for Crack500 and DeepCrack

datasets

Parameters

Crack500

DeepCrack

Segmentation model
Objective function

2D Sliding window inference batch size
Optimizer

Augmentation

Input size

# of feature map in base layer
# of attention head

MLP dimension

# of epochs

# of batch size

Initial learning rate

Warmup epoch

Learning rate scheduler
Max_Ir

MaskR-Transformer
DiceLoss + WBCE
4 with 0.25 overlap
AdamW

True

(256, 256)

16

12

768

300

32

0.00001

10

OneCycleLR

0.001

MaskR-Transformer
DiceLoss

4 with 0.5 overlap
AdamW

True

(224, 224)

8

12

768

300

96

0.0001

10

OneCycleLR
0.001
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3.6 Evaluation of Model Performance

In this study, we assess the effectiveness of the proposed model for detecting pavement cracks
through various established performance metrics. These metrics are essential for understanding how
well the model performs in identifying cracks accurately on pavement surfaces. Among the most
referenced metrics in scholarly articles are:

Accuracy measure: This metric indicates the proportion of correct predictions the model makes
out of the total predictions. It is widely used for classification models and is defined as:
Accuracy = ab + ™ 4)
(TP + FP + TN + FN)
Here, TP represents true positives (correctly identified positive cases), TN stands for true
negatives (correctly identified negative cases), FP denotes false positives (incorrectly identified
positive cases), and FN signifies false negatives (missed positive cases).
Precision measure: Often utilized in pavement crack detection; this metric evaluates the accuracy
with which the model identifies positive instances. Precision is the ratio of true positive cases to
all cases classified as positive, combining both true positives and false positives. A high precision
score suggests fewer misclassifications of non-crack instances as cracks, highlighting the model’s
accuracy in detecting actual cracks.

.. TP
Precision = ————— 5)
(TP + FP)
Recall measure: This computes the ratio of total relevant pavement cases retrieved relative to
the total number of non-pavement cases. This measures the proportion of actual positive cases

correctly identified by the model, relative to the total number of positive cases.

TP
Recall = ———— 6
(TP + FN) ©
F-Measure: This combines precision and recall into a single metric, balancing both the model’s
accuracy and its ability to retrieve relevant cases.

2 x precision x recall
F — measure = — (7
precision + recall

Dice Similarity Coefficient (DSC): This metric is particularly valuable for segmentation tasks,
measuring the overlap between the predicted segmentation and the ground truth. It is defined
as:

B 2 x TP ®)
- 2xTP+FP+FN

The DSC is a normalized measure that ranges from 0 (no overlap) to 1 (perfect overlap),
providing a clear indication of the model’s performance in terms of spatial accuracy in the
segmentation of cracks.

Mean Intersection over Union (mloU) is a common evaluation metric for image segmentation
tasks. It measures the average overlap between the predicted segmentation mask and the ground
truth across all classes. The formula for mIoU is:

- TP,
IoU = — ! 9
mloU =72 TP, + EP, + FN, ©

DSC




570 CMC, 2025, vol.82, no.1

where C is the total number of classes (for binary segmentation, C = 2), TP, is the number of
true positives for class i (pixels correctly classified as class 7), FP; is the number of false positives
for class i (pixels incorrectly classified as class i) and FN, is the number of false negatives
for class i (pixels that belong to class i but were missed). These evaluation metrics provide
a comprehensive framework for analyzing the performance of the pavement crack detection
model. This study compares the results with those of similar models discussed in the relevant
literature. The objective is to ascertain the model’s efficacy relative to previous methods and to
identify potential enhancements for future models.

4 Results and Analysis

This section presents the comparative analysis of various deep learning models evaluated on two
benchmark datasets, Crack500 and DeepCrack, to assess their performance in detecting pavement
cracks. The models tested include U-Net, TransUNet, UNETr, Swin-UNETr, YoloV8, Mask R-CNN,
nnUNet, and our proposed MaskerTransformer. Each model was evaluated based on several metrics:
DSC, precision, recall, and F1-Score, to provide a comprehensive view of their capabilities in both
segmentation and classification tasks.

4.1 Comparative Analysis on Models Performance

In this study, we have developed and examined seven state-of-the-art models and then evaluated
their performance against our proposed model. The proposed MaskerTransformer model demon-
strated superior performance on the Crack500 dataset with a DSC of 80.04%, outperforming other
models such as U-Net (66.07%) and TransUNet (68.96%). This significant improvement underscores
the effectiveness of MaskerTransformer in achieving precise segmentations in Table 2. In terms of
precision, Mask R-CNN led with 70.411%, closely followed by our MaskerTransformer at 72.31%,
indicating its strong capability in accurately identifying relevant pixels for crack detection.

Table 2: Comparative analysis evaluation measures

Model Crack500 DeepCrack
DSC PrecisionRecall F1-ScoremloU DSC PrecisionRecall F1-ScoremloU

U-Net 66.07 64.298 68.947 66.692 66.692 83.73 85.9 82.178 83.114 85.0
TransUNet 68.96 61.442 69.63 65.565 65.565 84.694 84.968 84.354 84.616 88.5
UNETr 75.39 69.378 78.657 73.88 73.88 89.919 90.017 87.79 88.522 90.0
Swin- 69.81 69.685 79.485 74.438 73.88 89.222 89.597 88.764 88.601 92.0
UNETr

YoloV8 76.64 67.848 76.711 72.157 72.157 88.697 90.597 88.36 87.883 79.0
Mask 76.44 70411 79.954 75.59  75.59  90.032 91.712 89.345 89.654 88.0
R-CNN

nnUNet 74.22 67917 79.145 72.767 72.767 87.898 91.033 86.09 87.246 90.5
MaskerTrans 80.04 72.31 78.892 76.698 75.851 91.37 88.751 90.36 90.726 93.5

former
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On the DeepCrack dataset, MaskerTransformer again showed outstanding performance with
the highest DSC of 91.37%, highlighting its robustness across different datasets. It also achieved the
highest F1-Score of 90.726%, suggesting an excellent balance between precision and recall. Notably,
Mask R-CNN recorded the highest precision at 91.712%, but with a slightly lower recall, indicating a
more conservative approach in crack detection (Fig. 5).

DSC Comparison Precision Comparison

U-Net |
TransUNet

U-Net

TransUNet
UNeTr
Swin-UNeTr
YoloV8
MaskRCNN

UNeTr
Swin-UNeTr
YoloV8
MaskRCNN

nnUnet nnUnet

MaskerTransformer MaskerTransformer

0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
DSC (%) Precision (%)
Recall Comparison F1-Score Comparison
U-Net | - ; U-Net |-
TransUNet TransUNet
UNeTr UNeTr
Swin-UNeTr Swin-UNeTr
Yolov8 Yolov8
MaskRCNN MaskRCNN
nnUnet nnUnet
MaskerTransformer MaskerTransformer
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
Recall (%) F1-Score (%)

Figure 5: Comparative performance of various deep learning models on crack detection

The models UNETr and YoloV8 also performed commendably across both datasets. UNETr
showed a particularly strong recall on the Crack500 dataset (78.657%), which is essential for minimiz-
ing false negatives in practical applications. YoloV8, while not leading in any specific metric, main-
tained consistent performance, underscoring its utility in diverse scenarios. Finally, while all models
demonstrated varying strengths, the MaskerTransformer, our proposed hybrid model, consistently
outperformed other models in key metrics across both datasets, establishing its potential as a highly
effective tool for automated pavement crack detection. This comparative analysis not only validates the
superiority of the MaskerTransformer in handling complex crack detection tasks but also highlights
the importance of selecting appropriate architectures based on specific dataset characteristics and
detection requirements.

4.2 Comparative Analysis on Models Complexity

Table 3 provides a comparative analysis of the models evaluated in this study based on their
number of parameters, inference time, and FLOPs. These metrics are important for understanding the
computational complexity and efficiency of each model for pavement segmentation. U-Net is the most
lightweight model, with fast inference time (10 ms) and low computational demand (~16 GFLOPs).
TransUNet and UNETT, which incorporate transformers, have higher computational complexity (~60
and ~150 ms inference time) but offer better segmentation performance for more intricate pavement
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details due to their ability to capture global context, albeit at the cost of increased FLOPs (~12
GFLOPs and ~75 GFLOPs). For tasks that prioritize speed, YOLOVSN is the fastest with only ~1-3
ms inference time and low computational requirements (~10 GFLOPs), though it is more suited for
object detection than fine segmentation. Mask R-CNN and nnUNet strike a balance between accuracy
and computational complexity, making them suitable for detailed pavement damage analysis. Finally,
Mask R-Transformer, while offering the highest level of segmentation detail, has significantly higher
FLOPs (~2635 GFLOPs) and longer inference times (~65 ms), making it suitable for highly complex
segmentation tasks where precision is critical, even at the cost of higher computational resources.

Table 3: Model comparison on number of parameters, inference time, and FLOPs

Model Number of parameters Inference time FLOPs
(256 x 256 Image)

U-Net ~31' M 10 ms ~16 GFLOPs
TransUNet ~38 M ~60 ms ~12 GFLOPs
UNETr 104 M ~150 ms ~75 GFLOPs
Swin-UNETr ~138 M ~200 ms ~90 GFLOPs
YOLOvV8N ~35M ~1-3 ms ~10 GFLOPs
Mask R-CNN ~44 M (ResNet50 ~50 ms ~937 GFLOPs

Backbone)
nnUNet ~16 M ~25 ms ~650 GFLOPs
Mask R-Transformer ~91 M ~65 ms ~2635 GFLOPs

4.3 Comparative Analysis of Model Performance on Pavement Crack Detection

Fig. 6 illustrates the comparative performance of various deep-learning models on the Crack500
dataset for pavement crack detection. The first column shows raw images of the pavement surfaces,
followed by the ground truth annotations in the second column, which highlight the actual cracks.
Subsequent columns display the outputs from different models: U-Net, UNETr, nnUNet, YoloVS,
and our model (MaskerTransformer). The effectiveness of each model is visualized through their
ability to detect and accurately outline the cracks as compared to the ground truth. Notably, our model
(rightmost column) demonstrates enhanced precision in delineating the cracks, closely aligning with
the ground truth, especially in scenarios with complex crack patterns (highlighted in red boxes).

Fig. 7 presents a similar setup for the DeepCrack dataset, showcasing the ability of the same array
of models to identify and segment pavement cracks. Each row corresponds to a different example from
the dataset, starting with the raw image, followed by the ground truth, and then the model outputs.
This figure underscores the varying levels of success across models in handling different types of cracks,
such as thin, discontinuous, or branching cracks. Again, the performance of our model is featured in
the final column, showing its superior capability to accurately trace the complex and subtle features
of the cracks, which is crucial for effective pavement maintenance.
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Crack500  Raw Image Ground Truth U-Net U-NeTr nnl-Net YOLO-VS Ours
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R

Figure 6: Visualization of crack detection results on the Crack500 dataset across different deep-
learning models

DeepCrack Raw Image Ground Truth U-Net U-NeTr nnU-Net YOLO-V§ Ours

(0]

2)

3)
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Figure 7: Comparative visualization of crack detection on the DeepCrack dataset

4.4 Benchmarking our Proposed Model Performance against the State-of-the-Art Models

Fig. 8 presents a violin plot displaying the dice similarity coefficient for various deep-learning
models evaluated on the Crack500 dataset. The DSC metric quantifies the similarity between the
predicted segmentation and the ground truth, offering insights into the accuracy of each model’s
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segmentation capabilities. From the plot, it is evident that the U-Net, TransUNet, and UNETr models
show wider distributions of DSC scores, indicating variability in performance across different test
cases. On the other hand, the MaskerTransformer and UNETr models demonstrate higher median
DSC values with tighter distributions, suggesting more consistent and accurate crack detection. The
Swin-UNETr and YoloV8 models, while achieving commendable median scores, also exhibit wider
distributions, highlighting variability in their performance. Notably, our MaskerTransformer model
not only shows a high median DSC but also maintains a relatively compact distribution, underscoring
its robustness and reliability in detecting pavement cracks.
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Figure 8: Dice similarity coefficient across models on Crack500 dataset
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Figure 9: Dice similarity coefficient scores for various models on the DeepCrack dataset

Fig. 9 showcases the DSC scores for various deep-learning models on the DeepCrack dataset.
Similar to the results on Crack500, the DSC values provide a measure of each model’s effectiveness
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in pavement crack segmentation. On the DeepCrack dataset, all models generally exhibit higher
DSC scores compared to the Crack500 dataset, indicating better overall performance. The Mask R-
CNN and MaskerTransformer models show impressive peaks in their DSC distributions, which are
indicative of high-quality segmentation outputs. The consistency in the performance of the Masker-
Transformer model across both datasets highlights its robust algorithmic structure that effectively
captures complex crack patterns, making it a reliable choice for practical applications in pavement
maintenance.

5 Conclusion

This study validates the efficacy of the MaskerTransformer, a novel hybrid model combining
Mask R-CNN and ViT, in improving pavement crack detection across diverse conditions. Through
comprehensive testing on the Crack500 and DeepCrack datasets, our findings underscore the superior
performance of MaskerTransformer over other contemporary models. With a dice similarity coeffi-
cient of 80.04% on Crack500 and 91.37% on DeepCrack, alongside the highest precision, recall, and
F1 scores, the model has proven its ability to accurately segment and detect diverse crack types under
varying conditions, thus validating the hypothesis that integrating local segmentation with global
contextual awareness significantly enhances detection accuracy. Despite its strong performance, this
study is not without limitations. The high dependency on large, annotated datasets for training may
limit the model’s applicability in scenarios where such data is scarce or of poor quality. Additionally,
the computational demands of processing through both Mask R-CNN and ViT architectures require
substantial computational resources, which could be a barrier in low-resource settings. Furthermore,
the model’s performance in extremely varied weather conditions or on non-standard pavement
materials remains less explored, which could affect its generalizability.

Future research will focus on several key areas to further enhance the MaskerTransformer’s
utility and adaptability. First, efforts will be directed towards optimizing the model’s architecture
to reduce computational overhead without compromising performance, making it more feasible
for real-time applications and deployable on edge devices. Additionally, we plan to expand the
training datasets to include a broader range of crack types and pavement conditions, particularly
from underrepresented regions and varying weather scenarios, to improve the model’s robustness and
generalizability. Moreover, integrating additional modalities such as radar and infrared imaging could
potentially improve the detection capabilities under adverse conditions, such as poor lighting or wet
surfaces. We also aim to explore the use of unsupervised or semi-supervised learning techniques to
reduce the dependency on large, annotated datasets, thereby addressing one of the critical limitations
identified in this study. Finally, developing lightweight versions of the vision transformer and Mask
R-CNN architectures will be explored to reduce computational complexity, making the model more
suitable for real-time and low-resource environments.
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