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Abstract. Due to changes in materials and complex environmental factors, previous inspection methods are no longer

reliable, and semantic segmentation algorithms have become useful tools for solving the problem of sidewalk crack detection.

This paper introduces a new crack segmentation framework that combines Deeplabv3 and the Dilated Residual Network
(DRN), using a structured multi-level feature fusion strategy. By integrating local details and broad contextual information
through parallel backbone extraction and channel attention modules, various shapes, widths, and visibility of cracks can be
effectively identified. In the validation experiments of public and private datasets, over 1,600 labeled pavement images were
collected from various cities. The average Intersection over Union (mloU) of the fusion model is 0.81, which is 3-5% higher
than U-Net and Deeplabv3+. On a typical GPU, the inference speed reaches up to 41 frames per second, with minimal
memory usage, and the average Fl-score exceeds 0.79 across all datasets. Ablation studies show that both feature fusion
and enhancement modules are necessary. If they are excluded, the mloU will drop to 0.72. A detailed examination of the
errors indicates that the model reduces false positives in cases of occlusion and background clutter. The above results
indicate that the DeeplLabv3-DRN fusion framework can improve the accuracy and generalization ability of automatic crack
detection in pedestrian pavement environments.
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Introduction

Urban pedestrian infrastructure is one of the essential infrastructures needed to provide safe travel and living
for urban residents [1]. With the rapid advancement of urbanization, the demand for the construction and
maintenance of sidewalks is gradually increasing [2]. Pavement cracks pose safety hazards for tripping and water
damage, while also reducing load-bearing capacity [3]. Therefore, timely detection and repair of pavement
cracks help extend the lifespan of the road, ensure uninterrupted use, and reduce daily maintenance costs [4].
Although manual inspections are still very common, they are labor-intensive and prone to errors [5]. In large,
complex urban areas, common reasons for the inability to report defects are fundamental deficiencies in
people's abilities and observational errors [6]. Moreover, under the influence of factors such as the presence of
many people and vehicles, changes in light and weather, regular inspections may become more inaccurate. [7]
With the development of cities, the demand for the urgency and reliability of pavement inspection technology
has increased in recent years [8].

Computer vision and deep learning have recently achieved automated end-to-end inference for image-based
crack detection, eliminating the need for manual feature engineering [9]. Convolutional neural networks,
particularly well-suited for semantic segmentation, have been able to successfully identify slender and irregular
crack patterns in noisy or complex environments [10]. Representative semantic segmentation models, such as
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U-Net [11], Deeplabv3 [12], and Dilated Residual Network (DRN) [13], excel in learning multi-scale spatial
features and integrating contextual information [14], and are now widely used. These deep architectures can
also handle high-resolution urban pavement maps well [15]. However, general segmentation models still have
the potential to miss small or blurry cracks due to the dilution of deep features [16]. The main reasons for
establishing a reliable and scalable detection system remain background noise and the diversity of crack shapes,
sizes, and pavement surface textures [17]. Therefore, more application-oriented high-precision technologies are
still needed, technologies that can meet the specific needs of pedestrian pavement inspection.

This paper proposes a novel crack detection method by combining DeepLabv3 and an Atrous Residual Network
within a single structural fusion system to address the aforementioned issues. To improve the robustness and
accuracy of crack segmentation, the contextual modeling capabilities of DeeplLabv3 and the edge-preserving
feature extraction of DRN represent the first technical advancements. Extended experiments show that the
proposed fusion model outperforms the previous best models in both accuracy and recall, and is relatively easy
to implement. These findings are based on numerous real-world paving datasets. The structure of this paper is
as follows: In Section 2, pavement crack detection and deep learning-based segmentation are discussed. Section
3 introduces the innovations and structure of the proposed fusion method. Section 4 introduces the
experimental process, results, and analysis. Finally, the fifth section includes the conclusions of this paper and
directions for future research.

Related Work

Pavement Crack Detection

With the increasing demand for precise and scalable assessment of infrastructure surface conditions, automated
pavement crack detection technology has begun to emerge and be applied [18]. In the initial research, traditional
image processing techniques were mainly used to collect edge information and extract data from various
damaged asphalt pavements through morphological filtering and adaptive thresholding [19]. These algorithms
perform poorly on clear, high-contrast images, but they do not perform well when there is insufficient lighting
or when surface damage and other obstacles are present [20]. To better describe crack shapes, researchers have
recently added new feature descriptors such as wavelets, histograms, and local texture statistics to improve
model stability [21]. Despite these efforts, handcrafted features generally perform poorly and are unable to
distinguish cracks from pavement markings, stains, or cast shadows in real urban environments [22]. Classic
machine learning algorithms such as support vector machines and decision trees can use manually labeled
datasets to improve efficiency, but due to a lack of feature richness, they perform poorly in terms of
generalization [23]. Manual verification and post-processing are still necessary, thus reducing the objectivity of
deployment and scaling [24]. Therefore, there is an urgent need for fast, data-driven solutions to help urban
managers more effectively identify cracks and surface issues in large transportation networks [25].

Deep Learning Semantic Segmentation

The emergence of Convolutional Neural Networks (CNN) and deep learning has made end-to-end direct learning
possible [26]. Data-driven representation learning has improved the accuracy and generalization ability of deep
neural networks under various road conditions, replacing manual feature engineering. By using encoder-
decoder structures with skip connections, U-Net and other frameworks have already addressed this issue. These
connections can better segment fine, irregular crack features and retain spatial information and semantic
context [27]. With the update of DeeplLabv3, it has added dilated convolution and Atrous Spatial Pyramid Pooling
(ASPP) modules. These modules help perform multi-scale feature extraction and improve variations in crack
direction and crack width [28]. The Dilated Residual Network (DRN) also improves the collection of long-range
and local features because it increases the receptive field of residual learning without reducing spatial resolution
[29]. These models have improved the performance standards of public datasets and field image collection, but
they also have drawbacks. Class imbalance, false positives caused by background noise, and visual differences
in cracks. The research on segmentation architectures and learning strategies still focuses on how to adapt to
new environments, how to reduce labeled data, and how to accurately identify brittle cracks [30].
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Model Fusion Approaches

Due to the performance decline of single models, recent network fusion techniques have been used for crack
detection tasks to integrate features from multiple sources [31]. Model fusion, also known as combining
different architectures, involves methods such as early integration of input modalities, intermediate feature
connections, or late ensemble averaging to simultaneously leverage their advantages [32]. For example, a dual-
stream network can independently process color and texture features, and then integrate them during the
segmentation stage to enhance the ability to recognize micro-cracks and complex backgrounds [33].
Intermediate fusion can integrate features from different layers through fusion blocks or channel attention to
enhance feature alignment and cross-layer information exchange [34]. Pavement crack detection employs a
multi-branch and multi-task fusion design. This design allows for the simultaneous distinction between cracks
and other anomalies, or the integration of prior information from specific domains into the learning process [35].
Attention-based fusion modules and adaptive weighting can enhance the recovery of subtle boundaries and
reduce noise in weakly or highly occluded cracks [36]. Although these have been achieved, there is still a need
to study a balanced and computationally efficient fusion scheme. Feature space misalignment, higher resource
demands, and the challenges of scaling on large, diverse datasets all require further research. Therefore, model
fusion remains an attractive yet challenging research method for developing practical pavement crack detection
systems [37].

Proposed Method

DeeplLabv3 and DRN Model Structures

In order to obtain a stable and fully automated crack segmentation method in complex pavement environments,
Deeplabv3 and Extend Fracture Network (DRN) were used. Using Atrous Spatial Pyramid Pooling (ASPP) and
multiple stacked atrous convolutions, Deeplabv3 is a multi-scale feature extraction method. Since the
architecture module is designed to collect contextual information at different scales, it is suitable for handling
cracks of various shapes and widths in segmentation tasks.

It can be formally expressed as: The output feature map of the ASPP module is a combination of multi-rate
dilated convolutions:

ASPP(x) = Z Convss (x; d) Eq.(1)

deD
where x is the input tensor, d enumerates distinct dilation rates in the set D, and Conv;y3 denotes 3 X 3

convolution at dilation d. It can cover local and global crack characteristics efficiently and has a low
computational cost.

The core atrous/dilated convolution in both DeepLabv3 and DRN is mathematically defined as follows:

K
y[i] = Z x[i +7- k] - wlk] Eq.(2)
k=1
where y is the output at position i, x is the input, w[k] represents convolution weights, r is the dilation rate,
and K is the filter length. By changing the dilation factor, the network's perception of the field is linearly
increased. This enables the network to learn large-scale structures and fine-grained details in road surface
images.

To recover fine structures, the Dilated Residual Network (DRN) adds residual learning and dilated convolutions.
The residual block in DRN is as follows:

y=Fx W) +x Eq.(3)
where F(x, {W;}) is a residual function-typically composed of a sequence of convolutions, nonlinearities, and
batch normalization-with learnable parameters {W;}. Additive skip connections can be used to enhance gradient
flow and preserve boundary information of deep feature propagation.

As shown in Figure 1, the system process includes image preprocessing, parallel feature extraction through
Deeplabv3 and DRN, intermediate feature fusion, and crack mask segmentation.
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Figure 1. Overall System Workflow Diagram

Due to its ability to aggregate contextual information and utilize DRN to retain high-resolution features,
Deeplabv3 addresses the issues of small or irregular cracks during the segmentation process through a
combination system, while also reducing false positives caused by surface noise or occlusion. The above content
lays the foundation for the subsequent advanced fusion architecture.

Fusion Architecture and Innovations

The combination of multi-level features is crucial for achieving high-precision and stable segmentation of
pavement cracks with various irregular shapes under different conditions. In this paper, we designed a new
fusion architecture to combine the various representations generated by the Deeplabv3 and DRN branches. By
using a dual-stream design, the contextual awareness of DeeplLabv3 and the precise spatial information of DRN
are integrated.

At the feature map level, the architecture begins the fusion process. First, the high-dimensional representations
of each backbone network are aligned and normalized. Let Fj; and Fpry denote the extracted feature maps
from Deeplabv3 and DRN, respectively. To facilitate effective information blending, we employ a channel
alignment module, which projects both Fj,; and Fpzy into a shared feature space using 1 X 1 convolutions:

Fp, = Convyyy (Fpy), Fpry = Convyyy (Fpgy) Eq.(4)
In order to ensure content consistency and avoid information loss, the unified fused representation Fpeq is first
aligned:

Frusea = Concat(Fpy, Fpry) Eq.(5)
By using the Squeeze-and-Excitation (SE) style channel attention mechanism, feature redundancy is reduced and
the impact of relevant crack cues is enhanced. In the recalibration stage, different weights are adaptively
assigned to each channel through global average pooling and two fully connected layers (followed by a sigmoid
function). The refined and fused features are as follows:

Fou =0 (FCZ (s (Fcl(GAP(Ffusea)))) O Frsea Eq.(6)

where GAP(-) denotes global average pooling, FC; and FC, are fully connected layers, § is the ReLU activation,
o is the sigmoid function, and (© denotes channel-wise multiplication. The selective attention mechanism
ignores background noise but retains strong crack-related activations.

After the attention mechanism is refined, the fused features are gradually sampled and decoded in the
lightweight segmentation head. In order to improve the boundary localization and continuity of thin or
fragmented cracks, this decoder has skip connections from the previous fusion stage. During the training process,
we use an auxiliary deep supervision strategy to add intermediate segmentation branches. This method provides
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the network with multi-scale feedback to improve learning stability and enhance the ability to distinguish
between fuzzy crack regions.

To address the segmentation discontinuities of occluded or low-contrast surfaces, we developed a cascade
refinement module. This module iteratively refines the spatial details of the segmentation mask using dilated
convolutions and residual connections, which are then used to decode the feature map. Each refined set is as
follows:

Yn+1 = fdilated (Yn) + Yn Eq-(7)
where Y, denotes the feature map at the nth stage and fj;...q is @ dilated convolutional operation. Recursively
aggregate features of different scales to obtain relatively smooth yet precise crack boundaries.

The complete structure of the proposed fusion network is shown in Figure 2. As shown in the diagram, attention-
based fusion, decoding and refinement, dual-stream feature extraction, channel alignment, and other processes
ultimately lead to the output prediction.
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Figure 2. Detailed Fusion Network Architecture

As far as we know, the prior art of the fusion pipeline has included three engineering innovations: channel-
coordinated dual-encoder fusion, adaptive attention crack localization, and multi-stage spatial refinement.
Overall, the aforementioned improvements can help address issues related to various crack widths, rich textures
in surrounding areas, and partial occlusion of pavement images in the system. The segmentation model has a
lower rate of artifacts and false positives, and it is more sensitive to the subtle features of cracks. Experimental
results show that the aforementioned structure has excellent capabilities in pavement crack detection.

Training Configurations

Model training is pivotal for enabling the proposed dual-stream crack segmentation architecture to achieve both
generalization and robust adaptation to the heterogeneity present in real-world pavement imagery. The training
regimen is meticulously designed to ensure rapid convergence, high structural fidelity, and reliable
discrimination of subtle crack patterns.

This study collected a well-organized set of pavement images from various urban areas, captured by different
devices, containing various crack widths, patterns, and scenes. The images were randomly divided into a training
set (70%), a validation set (15%), and a test set (15%), with no overlap. To ensure consistent spatial
dimensions within batches, all original input images are resized and center-cropped to a size of 512 X 512 pixels.
To ensure stable optimization, the channel intensities are normalized to have a mean of zero and a standard
deviation of one for each image.

Extend data augmentation further to reduce overfitting and enhance model stability. This includes random
horizontal and vertical flipping (p = 0.5 ), rotation in [—20°, +20°], cropping with scale ratio from 0.8 to 1.0,
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random brightness/contrast adaptation, and stochastic Gaussian noise injection. The effective input used for

model fitting, X;, is given by

X =TX) Eq.(8)
where T(+) is the applied stochastic augmentation pipeline to the original image X;. Therefore, the model
cannot treat most real-world problems as background noise.

The network optimized a composite loss function that combines global structure preservation and pixel-level
precise learning:

Liotar = M1 Lpce + 22L pice Eq.(9)
For binary cross-entropy on segmentation masks:

N
1
Lo = _Nz [ylog (5;) + (1 - y)log (1 - ,)] Eq.(10)
=

where N is batch pixel size, y; and J; are the true and predicted labels at pixel j. Dice Loss is used to improve
the region consistency:

2%, vy te
Je1 Vi T EjL 9 e
with a small constant € = 1077 for stability and weights 1;, 1, = 0.5.

Lpjce =1— Eq.(11)

Auxiliary segmentation heads are connected to each decoder stage for additional supervision, and a global
training loss is obtained.

k
Lg]obal = Ltotal + ﬁ Z L‘(auz( Eq.(12)
k
where £ is a balancing hyperparameter, and the sum runs over decoder stages.

Kaiming He is used to initialise the model parameters for effective signal spread. Optimization uses Adam with
learning rate 1 x 1074, 8; = 0.9, B, = 0.999, subject to cosine annealing with warm restarts:

Teur
Nt = NMmin + 0.5 max — Mmin) [1 + cos ( TC)] Eq.(13)

max

Here, 1, is the learning rate at epoch t. NVIDIA A100, 40 GB, 120 training epochs, batch size of 8.

Each layer of the network is regularized through batch normalization and dropout (p=0.2). To prevent overfitting,
early stopping is used in the first 15 validation epochs.

The mean Intersection over Union (mloU) of the segmentation is the main metric for quantitative evaluation:

TP
- v Eq.(14
oV = oo TP+ FN a14)

Among them, TP, FP, and FN are the counts of true positive, false positive, and false negative pixels. When mloU
reaches its peak, save the model checkpoint.

By rigorously processing the data and creating a new optimization pipeline, this arrangement will achieve good
discriminative and generalizable feature learning. This will provide a scientific basis for the analysis and
comparison in the subsequent sections.

Experimental Validation

Datasets, Annotation, and Implementation Details

This study will use private and public datasets for model testing. In the Crack500 dataset, there are 500 RGB
pavement images with different crack patterns and sizes. On the other hand, the CFD dataset contains 118
grayscale pavement macro images with detailed unidirectional and multidirectional crack labels. In summary,
these public benchmarks cover various types of cracks and support objective generalization and cross-dataset
comparison.
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Collected a portion of proprietary datasets from Dataset A (320 images), Dataset B (450 images), and Dataset C
(370 images). Collected nine major cities, located in North America and East Asia. The data collection subjects
should differ in background, age, and device type, have diverse lighting conditions (over 30% in darkness or deep
shadow), have occluded surfaces (at least 20% severely occluded), and include sidewalks.

Annotation is completed in two steps. First, an edge-based algorithm automatically generates candidate masks.
Then, experts manually refine these masks to accurately distinguish between noise and cracks. Double-blind
cross-checking ensured the consistency of the annotations. The average Dice similarity coefficient between
annotators exceeded 0.96, indicating that it provided high-quality reference masks and a reliable benchmark
[37].

In order to achieve efficient and stable training, all images were preprocessed to a size of 512 x 512 pixels. In
addition, the pixel mean and unit variance are also normalized [38]. Each dataset is randomly divided into a
training set (70%), a validation set (15%), and a test set (15%) based on the collection device and environment.
Therefore, regardless of the circumstances, model evaluation will be relatively consistent.

During the training process, adding Gaussian noise, random flipping, rotation, multi-scale cropping, and
adjusting contrast and brightness to promote generalization. This augmentation method reduces model
overfitting and approximates the variability of real-world pavement images.

Combined with Kaiming He initialization, batch normalization, and mixed precision training with a batch size of
8 on the NVIDIA A100 GPU, the best practices of PyTorch 2.1 will be implemented. To ensure a fair comparison,
Deeplabv3+, DRN-101, and a custom U-Net were trained with the same data partitioning and data augmentation.

To ensure complete reproducibility, all code, data partitions, and evaluation rules will be shared. Using the same
system to organize datasets and annotations will be employed for all experiments and analyzes in this paper.

Evaluation Metrics and Experimental Protocols

There are three performance indicators: actual use, stability, and accuracy. Since each experiment follows the
same rules, they can be directly compared with the standard reference. Due to their relatively high segmentation
accuracy and speed, they meet the requirements for pavement inspection.

The evaluation set of all data has been separated, with approximately 15% of the samples reserved for this set.
During the training and hyperparameter optimization process, these test images were not used at all. All three
experiments used different random seeds. The results are averaged multiple times, and the standard deviation
of each metric indicates whether the model is stable and reproducible; recent benchmark studies have shown
that these metrics are necessary [39].

The mean Intersection over Union (mloU) is the primary performance metric, and it accounts for false negatives
and false positives in small crack areas. In addition, we collected the minimum and maximum loU values for each
category in all datasets in this manner to more clearly illustrate the differences between the categories. For each
method and data partition, generate precision-recall curves and the area under them. The separability without
a threshold can also be displayed through the ROC-AUC value. Based on the above results, the optimal
classification threshold was determined, and the Fl-score was reported. In summary, the above metrics can
evaluate each model's ability to detect cracks in practical applications and reduce false positives [40].

To ensure a fair comparison of all the ablation models (DeepLabv3, DRN-101, U-Net, and the simplified version
of the proposed method), they should be retrained using the same data splits, augmentations, and learning
processes. Due to this control eliminating the differences between training and data, any other result differences
can be reasonably attributed to model structure or algorithm choice [41].

Manage resource usage. Here, the inference speed (frames per second) and GPU memory requirements for each
model will be displayed. The standardization and adjustment of the mask cleaning post-processing procedure
are achieved solely through validation data.

We will maintain strict experimental rigor and will never use test data to select models or perform
hyperparameter tuning at any time. In order to ensure independent reproduction and future benchmarking, all
code, data splits, and configuration files will be made publicly available. The aforementioned methods meet the
reproducibility and openness of computational research.
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Results, Ablation Study, and Error Analysis

Using various other methods to carefully examine the segmentation system to meet the requirements of
academic research and practical applications. In this section, all the results of comparative experiments, ablation
experiments, diagnostic studies, and computational analyzes are collected. Figure 3-7 shows the data trends and
key indicators.

According to the quantitative benchmark analysis, the proposed method outperforms all other methods across
all standard metrics and test sets. As shown in Figure 3a, the model maintains high precision in the precision-
recall curve, sustaining high precision at medium and high recall rates. Compared to all baseline models, it
declines relatively slowly. Therefore, it is more suitable for applications that cannot afford to miss small cracks.
As shown in Figure 3b, the ROC curve also supports this result. The area under the curve (AUC) of the model is
relatively large, indicating that it is less sensitive to threshold changes and class imbalance in civilian
infrastructure image data. There is no doubt that DeeplLabv3+ and DRN-101 perform better at moderate recall
rates, but when the recall rate exceeds 0.8, their accuracy decreases and the true positive rate is lower.
Therefore, the model is more advantageous in practical applications that require high recall rates.

Figure 3c shows that the method's average loU is 0.81, while the main competitors are 0.78 and 0.76, which are
relatively high across all categories. The architecture improved the average loU and reduced the performance
gap between the crack class and the background class to 0.83 and 0.79, respectively. Alternative methods often
involve trade-offs, where improving one aspect can only be achieved at the expense of another. These specific
distinctions indicate that the technology has not increased false positives but rather enhanced the
differentiation between foreground and background. Figure 3d shows the robustness of the Fl-scores across
various datasets, with a notable advantage being that it consistently exceeds 0.77 on Crack500, CFD, and private
data. Therefore, it has good cross-domain generalization and domain adaptation capabilities, making it suitable
for transfer to new environments or structures.
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Figure 3. Quantitative results on all datasets. (a) Precision—Recall curves illustrating discrimination and practical recall-precision trade-offs;
(b) ROC curves for class separation; (c) Mean and per-class loU for cracks and background; (d) F1-score versus dataset showing high and
stable transfer
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As shown in Figure 4, the increase in these visualization suites indicates that our gains are substantial and not
just minor increments. As shown in Figure 4a, the loU and F1 scores for the largest category are relatively low;
additionally, the detection rates for cracks and background are not very close. To improve the reliability of these
results in clinical and infrastructure reports, it is recommended to use explicit numerical markers.

Figure 4b shows a good example of the sample size experiment: with just 5 samples, the average loU of our
model decreased from 0.70 to 0.87, and the error band significantly dropped below 0.015. This behavior
supports the claim that the data is efficient and suitable for small sample or rapid deployment scenarios. Baseline
models are not suitable for safety-critical or resource-constrained applications because they have already
reached their limits at a lower level and show persistent variance.

The distributional loU analysis is shown in Figure 4c, using box plots and scatter plots. The proposed framework
exhibits a very sharp and dense distribution around its high mean, with almost no outliers. This is not due to
random initialization or privileged partitioning, but rather a reflection of strong generalization across multiple
training and testing seeds, making it more reliable and reproducible in practical engineering. As shown in the
radar chart in Figure 4d, the aforementioned five metrics have been divided into several composite metrics: loU,
F1, recall, precision, and mean pixel accuracy. Therefore, we can intuitively understand that our model performs
well and is balanced in these attributes. All other methods are clearly inferior to us in certain aspects, and
through our own innovations, they provide comprehensive advantages. The confusion matrix shown in Figure
4e is also very effective in practical applications. The low error rates in the off-diagonal cells of the confusion
matrix for cracks, edges, and background indicate that the feature representation and the final decision layer
can suppress inter-class ambiguity even in complex scenarios or narrow boundaries.
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Figure 4. Multi-dimensional segmentation analysis: (a) Per-class loU and F1 scores; (b) loU vs. sample size with standard deviation; (c) loU
distribution boxplot and scatter; (d) Radar plot of five performance metrics; (e) Confusion matrix for error localization

As shown in Figure 5, the ablation experiments indicate that any previous decisions made regarding the pipeline
or architecture have empirical support. As shown in Figure 5a, both the advanced backbone and the feature
fusion layer improved performance. However, due to the addition of strong data augmentation and feature
fusion, the average loU only increased by 0.80. In the absence of researchers, the performance difference
increased, and the average dropped back to 0.72, which may not be suitable for practitioners seeking a simpler
process. As shown in the violin plot in Figure 5b. Due to the higher distribution of the mloU results of our full-
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stack model and the avoidance of the worst-case scenarios, the upper part of the distribution has increased,
allowing us to better control actual risks.
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Figure 5. Ablation study. (a) Boxplots for components’ impact on mean loU; (b) Violin plots for density and worst-case bounding

According to the actual error pattern shown in Figure 6a, the method improves the recognition accuracy of fine
cracks that are often missed by the leading segmenter, from 0.60 (U-Net) to 0.69. Improve the safety of
maintenance work. Improvements in occlusion and background clutter are also around 4 to 7 percentage points,
especially in remote or uncontrolled construction site work. Figure 6b Error Breakdown provides detailed
recommendations: Although missing cracks remain the most severe error type, their frequency has been
reduced to 40% in our model, and due to multi-level context encoding, the number of false positives has also
decreased compared to other errors. Due to the relative rates of boundary and small fragment errors being 15%
and 14% respectively, future optimizations are needed, such as targeted post-processing and uncertainty-aware
loss functions.

0.85 (a) Accuracy on Difficult Cases (by Method) (b) Major Error Type Distribution
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0.80 1 [ Deeplabv3+ 0.78
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Figure 6. Difficult case and error analysis. (a) Bar chart for accuracy per scenario; (b) Pie chart for error class distribution

Finally, Figure 7 supports the aforementioned argument about practical deployability. As shown in the radar
chart in Figure 7a, our method has the highest FPS of 41, the lowest GPU memory usage of 2.5 GB, and among
all methods with the same accuracy, it also has the lowest number of parameters (18M) and computational cost
(46G MAC). In other comparative architecture methods, such a combination of predictive performance,
compactness, and speed has not been found. As shown in the grouped bar chart in Figure 7b, the proposed
method is relatively economical and can be easily scaled, whether in high-throughput environments or memory-
constrained environments. Drones, mobile field inspection systems, and edge computing devices can utilize the
aforementioned features because they require minimal resources and need real-time decision-making.
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Figure 7. Efficiency and deployment profiling. (a) Radar plot: FPS, memory, parameters, MACs; (b) Bar chart: FPS and memory, showing
real-world scalability

The series of results shown in Figures 3 to 7 provides solid academic support for the model's high performance,
while also linking the technological development and application to practical benefits in terms of reliability,
efficiency, and error resistance. Based on the detailed descriptions and visualizations above, the incremental
benefits of the metrics are significant and widely applicable in both research and practice.

Conclusion

This study provides a detailed examination of an advanced segmentation framework for crack detection. In
addition, diagnostic analysis, ablation experiments, and various benchmark tests were used to examine public
and private datasets. Through rigorous comparative testing, the proposed method has achieved significant
improvements over existing benchmarks, reaching high levels in terms of mean Intersection over Union, F1-
score, and resource efficiency. In complex environments such as partial occlusion, poor contrast, and cluttered
backgrounds, the model remains effective, as shown in many charts in the study. In addition, it can also be used
in practical applications that require small size, high precision, and high speed. Therefore, the above results
indicate that the model can be used for large-scale engineering problems.

But there are still some unresolved issues. In extremely blurry or severely occluded image environments, the
framework may experience segmentation errors, although it has good generalization capabilities and is relatively
stable in many crack differentiation scenarios. The current model is more reliable, but it may not be able to
identify certain boundary segments and small cracks. The aforementioned legacy issues indicate that, although
this method has significantly reduced the differences compared to previous studies, it still cannot completely
and accurately handle all edge cases.

Future research will reduce boundary ambiguity issues and improve performance in data environments that lack
or are underrepresented. The study explored uncertainty-aware reasoning mechanisms, investigated the
multimodal fusion of visual and structural health sensor data, and used synthetically generated rare case data
for training to enhance the model's robustness. Achieving true edge deployment and on-site validation of
explainable Al modules will require continuous miniaturized architectures, as the transition from laboratory
environments to safety-sensitive infrastructure applications.
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