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Abstract

Maintaining the structural integrity of concrete infrastructure—such as buildings, bridges, and tunnels—is critical to
ensuring public safety and uninterrupted operations. However, traditional inspection methods remain labor-intensive,
inconsistent, and impractical for large-scale deployment. This research investigates the application of cutting-edge,
vision-based deep learning models to automate damage detection in concrete structures, with a focus on cracks and
spalling. Two state-of-the-art architectures—YOLO-v7 instance segmentation and Mask R-CNN—are evaluated using
an augmented dataset of 10,995 annotated images derived from an initial set of 400 real-world samples. Both models
were trained via transfer learning on the COCO dataset and assessed using precision, recall, mean average Precision at
IoU 0.5 (mAP50), and inference speed (FPS). YOLO-v7 achieved a superior mAP50 of 96.1% and a real-time processing
rate of 40 FPS, making it ideal for rapid field deployment. In contrast, Mask R-CNN delivered a strong mAP50 0f 92.1%
at 18 FPS, favoring high segmentation fidelity for offline analysis. YOLO-v7’s Efficient Layer Aggregation Networks
(E-ELAN) enable efficient real-time inference, while Mask R-CNN’s Region Proposal Network (RPN) enhances
detailed damage localization. These findings suggest a dual-use framework: YOLO-v7 for proactive, on-site monitoring,
and Mask R-CNN for post-event forensic evaluation. This study advances the integration of Al in structural health
monitoring and paves the way for future research on hybrid architectures, broader damage typologies, and extension to
other infrastructure domains, such as steel bridges and composite structures.

Keywords: Concrete Structures, Structural Health Monitoring, Damage Detection, Deep Learning, YOLO-v7, Mask R-
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Introduction

The integrity and reliability of infrastructure systems such as buildings, bridges, and tunnels are
fundamental to societal functionality, supporting commerce, transportation, and daily life. Concrete
structures, despite their durability, are susceptible to damage caused by environmental exposure,
aging, and heavy usage. Damage in these structures, particularly cracks and spalls, can compromise
safety and lead to costly repairs or catastrophic failures if not addressed promptly. Consequently,
regular inspections are critical to identifying early signs of deterioration and preventing significant
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structural issues. However, traditional methods of inspection rely heavily on manual evaluations,
which are labor-intensive, costly, time-consuming, and prone to human error [1, 2]. The evaluation
of infrastructures subjected to over-height impacts is typically informed by visual inspection;
however, some damage mechanisms having significant effects on the strength and durability of
prestressed concrete structures may not be visually apparent and therefore can be difficult to assess
[3]. This highlights the need for more effective assessment methods. Efficient data management [4]
and advanced vision-based methodologies [5, 6] —such as automated image analysis, sensor
integration, and data-driven assessment— can be used to extend automated detection and evaluation
frameworks for structures. Recent advancements in machine learning (ML) present transformative
potential for infrastructure management, offering automated solutions that leverage large datasets to
uncover complex patterns among explanatory variables [7]. These innovations underscore the
necessity for automated solutions to overcome the limitations of traditional inspection approaches.

ML, a subset of Artificial Intelligence (Al), is revolutionizing structural health monitoring (SHM),
which focuses on ensuring the safety and longevity of infrastructure. SHM refers to the continuous
or periodic assessment of structural integrity using sensor networks, computer vision, and data-
driven analytics. In bridges and concrete infrastructure, SHM involves collecting data from vibration
sensors, strain gauges, accelerometers, and high-resolution imagery to monitor structural behavior
under operational and environmental loads. The primary objectives are to detect, localize, and
evaluate damage, predict potential failures, and optimize maintenance strategies [8]. SHM methods
are primarily divided into vibration-based and vision-based approaches. Vibration-based methods
involve sensors that measure dynamic properties like natural frequencies and strain to detect
structural anomalies. While effective, these methods can be complex and less scalable due to the
need for sophisticated sensor networks and extensive data processing. In contrast, vision-based SHM
uses imaging technology to identify visible damage, such as cracks, in a non-invasive and scalable
manner, allowing for extensive data collection over large areas. Recent advancements in
computational power and imaging technology, along with the integration of machine learning and
deep learning, have enhanced the effectiveness of vision-based SHM, making it a key area of
research.

The development of vision-based methods has transitioned through several stages. Early approaches
relied on heuristic techniques such as edge detection using Sobel, Prewitt, and Canny filters. While
these methods were computationally efficient, they struggled with complex and nuanced damage
patterns. The emergence of machine learning marked a paradigm shift, enabling models to learn
features directly from data, thereby improving the accuracy and robustness of damage detection.
Deep learning models, particularly CNNs, have revolutionized image analysis. CNNs are adept at
learning hierarchical features from raw images, making them particularly effective for tasks such as
crack detection, spall identification, and damage classification. By training on large datasets, CNN-
based methods achieve significant improvements over traditional approaches.

Recent advances in instance segmentation and object detection have introduced state-of-the-art
architectures such as You Only Look Once (YOLO) [9] and Mask R-CNN [10], which have been
successfully applied to structural damage detection. YOLO models, particularly YOLOvV7, are
renowned for their real-time performance, achieving both high detection accuracy and fast inference
speeds, making them suitable for field-deployable SHM systems. Mask R-CNN, on the other hand,
provides pixel-level segmentation, enabling precise delineation of cracks and spalls, which is critical
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for evaluating damage severity. Recent research has demonstrated the effectiveness of data-driven
and deep learning methods for detecting and evaluating damage in concrete and wind turbine
structures, highlighting YOLOV7’s superior performance and real-time capability compared to other
models such as Mask R-CNN [47, 48]. The application of Al in damage detection facilitates a shift
from manual inspections to automated systems that are faster, more accurate, and scalable. By
utilizing data-driven methods, Al analyzes large datasets to identify patterns and predict potential
failures in real time. This study evaluates the effectiveness of advanced deep learning models,
specifically YOLO-v7 instance segmentation and Mask R-CNN, for detecting and analyzing damage
in concrete structures. Manual inspection methods, though common, have significant drawbacks,
including subjectivity and high costs, especially for large-scale projects. They also struggle with
hard-to-reach areas and real- time monitoring. Al-powered systems address these challenges
through advanced image recognition, allowing for rapid damage detection and reduced
maintenance costs.

This research emphasizes vision-based deep learning methods, which have shown exceptional
performance in automating damage detection using images and videos. YOLO-v7 focuses on real-
time object detection, while Mask R-CNN excels in precise damage localization. By comparing
these models, the study aims to highlight their strengths and limitations for application in SHM.
The implications of these models extend to real-time monitoring and proactive maintenance,
enhancing infrastructure management. The broader goal is to develop robust, scalable, and cost-
effective solutions for SHM, bridging traditional methods with Al-driven approaches. This research
underscores the transformative potential of Al and deep learning in SHM, improving accuracy,
reducing costs, and enhancing monitoring capabilities for safer infrastructure systems.

Key contributions of this research include:

¢ By combining and augmenting datasets from various sources and leveraging transfer learning, the
study optimizes the performance of both models, setting a benchmark for future automated
SHM studies.

e Successfully optimized both models using transfer learning and advanced training techniques and
fine tuned on our dataset.

e The research evaluates YOLO-v7 against Mask R-CNN, offering a comprehensive analysis of their
strengths and limitations in detecting and segmenting structural damage.

The literature highlights several advancements in the application of machine learning and deep
learning to structural damage detection.

ML and deep learning (DL) have rapidly reshaped how civil-infrastructure damage is detected,
classified, and quantified. Vision-based approaches now outperform traditional manual inspection
in both accuracy and speed, while sequence models extend predictive capabilities to dynamic
hazards such as earthquakes. This literature review synthesizes the main advances from 2018 to mid-
2025, highlighting methodological progress, performance trends, and persistent research gaps.
Figure 1 shows different types of existing detection methods.
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Figure 1 Different Types of Existing Detection Methods [44]

Silva et al. first demonstrated the efficacy of transfer learning by training VGG16 on a two-class
crack/no-crack dataset, achieving 92.27% accuracy [11]. Later hybrid preprocessing—combining
Otsu thresholding, Difference-of-Gaussian filtering, and homomorphic enhancement—boosted
accuracy while cutting false positives [12, 13]. Although deeper backbones like DenseNet121 and
ResNet50V2 offer improved robustness, lightweight networks such as a shallow 2D-CNN reach
99.53% accuracy with one-third the inference time [14]. Current limitations arise more from data
heterogeneity than model depth, making noise-robust preprocessing and augmentation critical.

Edge-oriented studies now prioritize parameter reduction. Integrating Ghost Convolution and
GSConv into YOLOvVS cut weights by 17.3% and raised mAP50 by 4.4 points [15]. Mobile-friendly
networks like EfficientNetBO and MobileNet achieve sub-80 ms/frame inference with <2 million
parameters [16]. Fusion strategies also improve interpretability: a ResNet-50 + Curvelet model
enhanced F1 to 96.1% and produced saliency maps for regulatory transparency [17].

For seismic damage, stacked LSTMs predict post-earthquake states with 80-95% accuracy [18],
while a Tsinghua pipeline delivers real-time district-level damage maps within 10 s (F1 =0.88) [19].
Hybrid controllers embedding LSTM reduce interstory drift by 46% [20]. Vision models also
advance: Faster R-CNN detects column spalling at 80% accuracy [21], R-FCN improves precision
at ~3x computation [21, 22], and cascading detectors (C-Mask R-CNN) push pavement mAP to
95.4% [23]. UAV-mounted R-CNNs shorten inspection time by 40% [21], while AlexNet — YOLO
pipelines segment cracks in 85.71% of aerial frames [24].

The YOLO family evolved through major upgrades (v3—v12), with v7’s E-ELAN improving
feature aggregation [25]. Although YOLOVS suits lightweight tasks, v7

excels on resource-rich servers. Enhanced variants like YOLOv8-VOS and YOLOVS-PCD refine
small-target detection with custom layers and Biformer attention [26, 27]. Segmentation networks
such as Mask R-CNN with ResNeXt achieve 96.5% IoU [21], DeepLabV3+ enhances multi-scale
context (94.2% IoU) [28], and APLCNet adds semantic branches for 92.21% precision [29].
Transformer-based models, including CrackFormer [30], CrackFormer-II [31], and hybrid CNN-
Transformer designs like PCTC-Net and CCTNet, surpass 96% detection accuracy on large concrete
datasets [32, 33].



International Journal of Applied Data Science in Engineering and Health 5

Pure transformer models are now viable despite small datasets. SwinCrack achieves 0.861 ODS with
hierarchical windows [34], while Locally Enhanced Transformers improve fine-scale connectivity
[35, 36]. FTN-ResNet50 integrates ViT tokens, raising F1 by 5% on CrackTree200 [37]. Adaptive
attention mechanisms (LSKA, Biformer, BiFPN-L) dominate recent work, crucial for detecting both
hairline cracks (0.1 mm) and large spalls (10 cm). LSTMs remain vital for structural monitoring,
cutting pier displacement errors from 62.88% to 19.44% [38], and regional frameworks achieve ;3
s latency [19]. Although transformers show promise for long-term earthquake forecasting, adoption
remains limited due to sparse seismic datasets [39, 40].

From the first VGG16 transfer-learning experiments in 2018 to transformer-driven dual-encoder
architectures in 2025, machine-learning-based structural damage detection has attained near-expert
accuracy, real-time inference on embedded devices, and expanding predictive reach to dynamic
hazards. While CNNs remain indispensable for local feature extraction, transformers offer
unmatched global context, and hybrid models increasingly marry the two. Persistent dataset,
explainability, and edge-deployment challenges signal fertile ground for the next wave of research
aimed at truly autonomous, trustworthy structural health monitoring.

Comparative studies highlight the speed—accuracy trade-off in vision-based SHM. Mask R-CNN
provides highly detailed segmentation masks but suffers from slower inference, making it less
suitable for real-time applications. In contrast, YOLO models, particularly YOLO-v7 instance
segmentation, achieve a practical balance between fast detection and high accuracy.

Vision-based SHM offers significant benefits, including rapid data acquisition, non-destructive
testing, large-scale monitoring, and reduced reliance on subjective human assessment. However, its
effectiveness depends on large annotated datasets and is sensitive to lighting, occlusion, and
resolution variations. Addressing these challenges requires robust data augmentation and models
capable of generalizing across diverse conditions.

Overall, Al-driven SHM demonstrates transformative potential. Advanced deep learning methods
provide high accuracy and scalability, but selecting the appropriate model involves balancing
precision and computational efficiency for specific applications. This study evaluates YOLO-v7 and
Mask R-CNN, emphasizing their applicability to real-world infrastructure monitoring.

Methodology

The methodology outlines the systematic approach taken to investigate and compare the efficacy of
YOLO-v7 instance segmentation and Mask R-CNN for detecting damages in concrete structures. It
comprises three key components: dataset preparation, algorithm implementation, and the training
and evaluation process.

Dataset Preparation

The dataset serves as the backbone for training and evaluating deep learning models. This study
utilized a dataset of 400 images of concrete cracks and spalls, selected from three publicly available
datasets [41-43] and labeled for training. To enhance the generalizability and robustness of the
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models, data augmentation techniques were employed, increasing the dataset size to 10,995 images.
The dataset with masks is available at https://www. kaggle.com/datasets/stmlen/cconcrack. Figure 2
shows examples of images from dataset and Figure 3 demonstrates some labeled data samples. This
image shows various labeled data samples used for training the model, highlighting different types
of damage including cracks and spalls.
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Figure 2 Examples of Images from the Dataset

Figure 3 Labeled Data Samples

Data augmentation plays a pivotal role in enhancing the model’s ability to generalize across varying
real-world conditions. In this study, several augmentation strategies were employed. Geometric
transformations such as rotation, flipping (both horizontal and vertical), and cropping were used to
simulate different perspectives of structural damage. Color adjustments—including variations in
brightness, contrast, and hue—were applied to account for changes in lighting conditions. Zoom and
scaling operations were incorporated to mimic both close-up and distant views of defects.
Additionally, displacement along the X and Y axes was introduced to improve the model’s


http://www/

International Journal of Applied Data Science in Engineering and Health 7

robustness by simulating shifts in object positioning. Collectively, these techniques produced a
diverse and representative dataset, significantly improving the model’s performance across a wide
range of environmental and operational scenarios. Precise annotations are critical for the success of
supervised learning models.

Images were labeled at the instance level using the Roboflow platform, enabling the identification
of individual damage types, such as cracks and spalls. Each annotation included bounding boxes and
segmentation masks, ensuring compatibility with both YOLO-v7 instance segmentation and Mask
R-CNN architectures.

Algorithms and Implementation

Two state-of-the-art deep learning models, YOLO-v7 instance segmentation and Mask R-CNN,
were implemented and fine-tuned on the proposed dataset of concrete crack to evaluate their
performance in structural damage detection.

Mask R-CNN

Mask R-CNN is a two-stage instance segmentation model known for its ability to produce high-
resolution segmentation masks. Its architecture comprises several key components. The backbone
network, typically a ResNet or ResNeXt, is responsible for extracting hierarchical features from
the input image. These features are then passed to the Region Proposal Network (RPN), which
identifies regions of interest (ROIs) that are likely to contain objects. To ensure accurate
segmentation, ROI Align is used to preserve spatial alignment when processing the ROIs. Finally,
the mask head generates pixel-level segmentation masks for each detected object. This two-stage
approach enables Mask R-CNN to perform precise damage localization, making it particularly
effective in scenarios where high segmentation accuracy is critical. Figure 4 shows Mask R-CNN
model architecture.

YOLO-v7

YOLO-v7 instance segmentation represents the latest evolution in the YOLO family, renowned for
its real-time object detection capabilities. Unlike Mask R-CNN, YOLO-v7 operates as a single-stage
model, combining object detection and instance segmentation within a unified architecture. Among
its key features, the Efficient Layer Aggregation Network (E-ELAN) enhances feature extraction by
optimizing the flow of information across network layers. Re-parameterized convolution layers
further contribute to computational efficiency during both training and inference. The model’s
single-stage detection mechanism removes the need for a separate region proposal stage, resulting
in significantly faster processing. Thanks to this streamlined design, YOLO-v7 is capable of
handling high frame-rate image processing, making it particularly well-suited for real-time damage
detection applications. Figure 5 shows YOLO model architecture.
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Figure 5 YOLO Model Architecture [46]

Training and Evaluation

PyTorch framework used for training, utilizing GPU acceleration to ensure computational
efficiency. The training process included extensive hyperparameter tuning to optimize the balance
between model complexity and performance. Key hyperparameters adjusted during this process
included the learning rate, which controlled the speed of convergence during training, and the batch
size, which influenced training stability by determining how many images were processed
simultaneously. The Stochastic Gradient Descent (SGD) algorithm was employed as the optimizer
to minimize the loss function effectively. Additionally, early stopping was implemented to prevent
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overfitting by terminating the training process when validation performance no longer improved.
This tuning strategy contributed significantly to achieving robust and generalizable model
performance.

Evaluation Metrics

Performance evaluation of the models was conducted using four key metrics. Precision measured
the proportion of true positive predictions out of all predicted positives, reflecting the model’s
accuracy in identifying relevant instances. Recall quantified the proportion of true positives among
all actual positives, indicating the model’s ability to detect all relevant instances. Mean Average
Precision at a 50% Intersection over Union (mAP50) served as a comprehensive indicator of
detection accuracy, evaluating how well the predicted bounding boxes matched the ground truth.
Finally, Frames Per Second was used to assess the models’ inference speed, providing insight into
their suitability for real-time applications.

1. Precision: Measures the proportion of correctly identified damage instances out of all predicted
instances (Equation (1-3)).

TP
p=__
TP + FP

(1-3)

2. Recall: Evaluates the proportion of actual damage instances correctly detected by the model
(Equation (2-3)).

TP

R=__
TP + FN
(2-3)

3. Mean Average Precision (mAP50): Provides a single metric summarizing detection accuracy at a
50% Intersection over Union (IoU) threshold (Equation (3-3)).

mAP = <3N, AP, (3-3)

4. Frames Per Second (FPS).: Quantifies the real-time applicability of the models by measuring the
number of images processed per second.

These metrics collectively highlight the models’ detection accuracy, coverage, and real-time
efficiency, offering a nuanced comparison. Precision emphasizes a model’s reliability in avoiding
false positives, while recall highlights its ability to detect all instances of damage, including subtle
ones. The mAP50 metric provides a balanced evaluation of precision and recall across varying loU
thresholds, and FPS assesses the practicality of each model for real-time applications.

Both YOLO-v7 instance segmentation and Mask R-CNN were fine-tuned on the proposed dataset
of concrete damages. Also transfer learning with pre-trained weights from the COCO dataset were
adapted, accelerating convergence and improving accuracy. Training involved extensive data
augmentation to simulate real-world conditions. Each batch of images included variations in
lighting, orientation, and scale, ensuring the models could generalize to unseen scenarios. Training
and evaluation were conducted in high-performance computing environments, including GPUs
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available on Kaggle and Google Colab. These platforms facilitated efficient model training and
hyperparameter optimization.

Mask R-CNN, due to its two-stage architecture, demands substantial computational resources for
both training and inference. While the model is resource-intensive, this investment results in high-
quality, pixel-level segmentation masks that are particularly valuable for detailed damage analysis.
Its precise localization capabilities make it well-suited for post-event evaluations or applications
where segmentation accuracy is prioritized over speed.

In contrast, YOLO-v7 benefits from a streamlined, single-stage architecture that significantly
reduces training and inference time. This efficiency enables the model to perform real-time
detection, making it ideal for field applications requiring rapid assessment. Architectural
enhancements such as Efficient Layer Aggregation and re-parameterized convolutions contribute to
its robust ability to detect multiple instances of damage quickly and accurately.

Following training, models were evaluated on the test dataset to assess their performance
comprehensively. This evaluation focused on comparing key metrics such as accuracy, precision,
recall, and Frames Per Second. Validation procedures included testing on unseen data to examine
the models’ generalizability beyond the training set, as well as analyzing failure cases to identify
common misclassification patterns and pinpoint areas needing improvement.

Challenges

The study encountered several challenges that impacted model performance and generalizability.
First, limited dataset diversity restricted the models’ ability to generalize across different types of
structural damage and environmental scenarios. Additionally, varying lighting conditions in the
image data introduced noise, complicating the training process and potentially reducing detection
accuracy. Finally, computational resource constraints limited the capacity to train models on larger,
more representative datasets, thereby affecting the depth and breadth of model learning.

To address the challenges posed by limited data and computational resources, several strategies were
implemented. Data augmentation was extensively used to simulate a wide range of real-world
conditions, enhancing the models’ ability to generalize. Transfer learning further contributed to
efficient model development by leveraging pretrained weights, significantly accelerating
convergence and reducing the dependence on large labeled datasets. The methodology outlined in
this study combines robust dataset preparation, advanced model architectures and training
processes. By leveraging the complementary strengths of YOLO-v7 instance segmentation and
Mask R-CNN, this research provides a comprehensive evaluation of their applicability to structural
damage detection.

Results

This section evaluates the comparative performance of proposed fine-tuned YOLO-v7 instance
segmentation and Mask R-CNN for detecting and analyzing damage in concrete structures,
highlighting the strengths, weaknesses, and trade-offs of each model based on various metrics.The
performance of the models on the test dataset revealed distinct strengths and limitations. Mask R-
CNN achieved a high mAP50 score of 92.1%, demonstrating strong effectiveness in accurately
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detecting and segmenting damage. However, its detection speed was limited to 18 Frames Per
Second, which restricts its suitability for real-time applications. Its two-stage architecture provided
detailed instance segmentation, making it ideal for tasks that require precise analysis of damage
extent and severity. Nonetheless, the relatively slower inference time was a key weakness, rendering
it less optimal for scenarios demanding rapid detection.

YOLO-v7 Semantic Segmentation outperformed Mask R-CNN with a mAP50 of 96.1%, thanks to
advanced architectural features such as E-ELAN and re-parameterized convolution layers. It
processed images at a rapid rate of 40 FPS, making it highly suitable for real-time applications. Its
single-stage detection framework effectively balanced speed and accuracy, enabling efficient
detection of multiple damage instances in dynamic environments. However, despite its high
precision, YOLO-v7 occasionally sacrifices segmentation detail compared to the more meticulous
output of Mask R-CNN. Figure 6 and Figure 7 present the YOLO-v7 training results with 200
iterations and comparison of the accuracy of the proposed fine-tuned YOLO-v7 and Mask R-CNN
models, respectively. Table 1 shows YOLO-v7 instance segmentation model accuracy results for
two classes. Table 2 demonstrates comparison of Instance Segmentation Models, Mask R-CNN and
YOLO-v7 and Table 3 compares the speed of the investigated models.

The findings underscore the inherent trade-offs between speed and precision in the two models.
YOLO-v7’s streamlined architecture and real-time processing capabilities make it highly suitable
for field applications such as autonomous inspections and continuous monitoring systems, where its
ability to handle multiple images per second ensures rapid response times crucial for infrastructure
maintenance. In contrast, Mask R-CNN’s two-stage process provides high-resolution segmentation
masks, offering detailed analysis of damage extent and severity, which is particularly valuable in
scenarios like post-event damage assessment where detection speed is less critical than precision.
YOLO-v7’s performance benefits greatly from architectural innovations such as Efficient Layer
Aggregation Networks (E-ELAN) and re-parameterized convolution layers, which enhance feature
extraction and inference efficiency, leading to superior accuracy and speed. Meanwhile, Mask R-
CNN’s versatility stems from its integration of Region Proposal Networks (RPN) and ROI Align
mechanisms, which ensure precise spatial alignment of proposals and enable accurate segmentation
of complex damage patterns.

Figure 8 shows the accuracy of the proposed Fine-tuned YOLO-v7 model tested with a random
photo taken from the Internet and Figure 9 demonstrates the accuracy of the model tested with a
random video taken from the Internet.

Limitations and Recommendations

While this study provides valuable insights, it also reveals areas for further exploration and
improvement. Key recommendations for future research include:

Dataset Expansion and Diversity

The dataset used in this study, although augmented to improve robustness, primarily focused on
specific types of concrete damage (cracks and spalls). Expanding the dataset to include a wider
variety of damage types and structural conditions, such as corrosion, scaling, and delamination,
would enhance model generalizability. Incorporating diverse environmental scenarios (e.g., varying
lighting conditions, weather impacts, and occlusions) would improve real-world performance.
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Figure 6 YOLO-v7 Model training results with 200 iterations
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Figure 7 Comparison of the accuracy of the two models

Table 1 YOLO-v7 instance segmentation model results for two classes

Class Precision Recall mAP5(0
Crack 94.5 88.6 92.7
Spall 95.2 99.9 99.5
Table 2 Comparison of Two Instance Segmentation Models
Model mAP50 Precision Recall
Mask R-CNN 92.1 92.0 62.8
YOLO-v7 96.1 94.9 94.3

Table 3 Comparison of the Speed of Two Instance Segmentation Models

Model Time (msec) Speed (fps)
Mask R-CNN 55 18
YOLO-v7 24.9 40

Hybrid Model Development

Combining the strengths of YOLO-v7’s real-time capabilities with Mask R-CNN’s detailed
segmentation accuracy could result in a hybrid model optimized for both speed and precision. Future
research could explore innovative architectures that integrate these complementary strengths.

Application to Other Infrastructure Types

While this study focuses on concrete structures, extending the models to other types of infrastructure,
such as steel bridges, pavements, and wooden structures, would broaden their applicability.
Customizing models for these contexts would require additional training datasets and specialized
adaptations.

Real-Time Implementation and Deployment
Developing lightweight versions of these models for deployment on portable devices and drones

could facilitate on-site inspections. This would require optimization techniques to reduce
computational demands without sacrificing performance.
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Interdisciplinary Approaches
Collaborating with experts in materials science, civil engineering, and computer science could lead

to more holistic SHM systems. For example, integrating sensor data with visual inspections could
provide a more comprehensive understanding of structural health.

crack 0.70 crack 0.87

crack 0.76 (

spall 0.54

Figure 9 Testing the accuracy of the proposed fine-tuned YOLO-v7 model using a random video taken from the Internet

Conclusion

This study demonstrates the significant potential of deep learning in transforming structural health
monitoring through automated damage detection in concrete infrastructure. Although convolutional
neural networks (CNNs) have demonstrated considerable success in damage detection through
image classification and object recognition, the application of instance segmentation in this domain
has been comparatively limited. To address this gap, three distinct datasets were integrated and
annotated at the instance level to train and evaluate two segmentation models—Mask R-CNN and
YOLOv7—based on their accuracy and computational efficiency. By systematically evaluating
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proposed fine-tuned YOLO-v7 instance segmentation and Mask R-CNN, this paper reveals the
distinct strengths of each model in addressing different operational demands. YOLO-v7, with its
impressive real-time performance (40 FPS) and high detection accuracy (mAP50 of 96.1%), is well-
suited for continuous, in-field monitoring where rapid decision-making is essential. In contrast,
Mask R-CNN, while operating at a slower frame rate (18 FPS), offers high-precision segmentation
(mAPS50 of 92.1%), making it ideal for offline analysis and detailed post-event damage assessment.
These findings highlight the importance of aligning model selection with the specific performance
requirements of SHM applications. By leveraging the complementary advantages of these models,
infrastructure monitoring systems can be tailored to balance speed, accuracy, and contextual needs.

This research underscores the broader value of Al-driven approaches in replacing or enhancing
traditional manual inspections, offering scalable, objective, and efficient alternatives for
infrastructure management. The outcomes pave the way for future exploration into hybrid models,
multi-class damage classification, and applications beyond concrete—such as steel or composite
structures. Ultimately, this work lays a foundation for developing smarter, safer, and more
responsive SHM solutions that integrate advanced computer vision technologies into the core of
civil infrastructure maintenance.
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