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Abstract:

In recent decades, numerous innovative methods have been developed to improve the quality,
speed, cost-effectiveness, and efficiency of structural damage detection. Among these, computer
vision has emerged as a an auspicious approach, particularly due to recent advancements in
machine learning. Many successful models have been developed to detect a wide range of
structural damages such as cracks, spalling, corrosion, rusting, and bolt loosening. However,
shear buckling damage has been almost entirely neglected in the literature. This type of damage
commonly occurs in thin steel plates used in structural members such as steel plate shear walls,
and its accurate detection and localization are essential for reliable post-event condition
assessment, especially following seismic loading. This study investigates the application of
computer vision for both detection and instance-level localization of shear buckling damage
using an instance segmentation framework. A key challenge in this task is the limited
availability of labeled real-world images. To address this issue, an innovative data augmentation
strategy is proposed that combines synthetic images generated using finite element analysis
(FEA) with visually enhanced synthetic images created using 3D modeling software. These
synthetic datasets are then combined with real experimental images to form larger and more
diverse training datasets. In total, five datasets were considered, including 208 real images, 343
synthetic images, and 551 combined real-synthetic images. All models were trained using the
YOLOI1 instance segmentation algorithm. Results demonstrate that a model trained solely on
real images achieved strong segmentation performance, with a precision of 0.87 and a recall of
0.81. The best-performing model, trained using a combination of real and visually enhanced
synthetic images, achieved a precision of 0.90 and a recall of 0.84, corresponding to an
improvement of approximately 3% in mAP50 compared to the real-only model. These findings
confirm that high-fidelity synthetic data can effectively mitigate data scarcity and significantly
enhance shear buckling detection and localization performance.

1. Introduction

Thin steel plate shear walls are a recognized lateral load-

Steel structures are one of the most common types of
structures constructed worldwide. Over the past few
decades, many innovative solutions have been developed to
improve different aspects of these structures, such as
reducing construction time, enhancing ease of construction,
minimizing weight and cost, and increasing reliability
against lateral loads. Consequently, the use of thin-walled
elements in steel structures has gained significant attention.
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resisting system known for their effectiveness against
earthquakes due to their excellent properties, such as high
shear strength, stiffness, and large energy dissipation
capacity [1-7].

Although thin steel plates can exhibit large shear load-
bearing capacity, they are prone to buckling even under
relatively small lateral loads. Since lateral load-resisting
systems are generally designed to act as a structural fuse,
absorbing damage while critical members, such as columns,
remain undamaged, buckling is often permitted in steel
plate shear wall systems. Instead, the system is allowed to
enter the plastic phase and dissipate large amounts of energy
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through the yielding of the thin steel infill plates. An
advantage of this design approach is that the fuse (in this
case, the thin plate) can be replaced after small or moderate
earthquakes. Using this design method allows the structural
frame to remain intact and avoids the high cost of rebuilding
the entire structure. This, of course, requires post-earthquake
inspections to assess damage to the structural members and
determine whether replacement is necessary.

Inspecting a structure’s condition after events such as
earthquakes or for other purposes was traditionally
performed manually by human inspectors. This process can
be very time-consuming and requires a certain level of skill
and knowledge for the inspector to make correct and
accurate decisions. As a result, in recent years, various
methods have been proposed and implemented to automate,
accelerate, and enhance the quality and precision of
structural health monitoring procedures. Examples of these
innovative methods include the use of various types of
sensors, such as wireless smart sensors and optical fiber
sensors, along with signal processing techniques and laser-
based monitoring systems [8-14].

Computer vision is another key method that has recently
gained attention in the engineering community, particularly
due to the exponential rise in the adoption of deep neural
networks following the introduction of AlexNet [15]. By
leveraging computer vision techniques, structural damage
can be identified directly from photographs using a
computer. This approach eliminates the need for skilled
inspectors and significantly accelerates the inspection
process. This technique allows a computer to process a large
number of images in a short amount of time and detect
structural damage with high accuracy.

Many studies in recent years have explored the use of
computer vision to detect various types of structural damage.
For example, crack detection in different civil engineering
materials such as concrete, asphalt, and steel has been
extensively studied and significantly improved [16-18].
Other types of concrete damage, such as crushing, spalling,
and corrosion, have also been effectively identified using
computer vision techniques [19-22]. Additionally, rust
recognition and loose bolt detection are notable examples of
damage and defect detection in steel structures [23, 24].
However, among the broad range of structural damage types,
there are very few studies that focus on shear buckling
damage in thin steel members. One of the rare examples in
this area investigated the detection of buckling in corrugated
panels using computer vision and reported high accuracy in
identifying and localizing buckling damage in steel
corrugated plates [25]. Given this significant gap in research,
this study aims to advance the field by focusing on the
detection of shear buckling damage in thin steel plates, an
essential aspect of structural health monitoring that has
largely been unexplored.
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One of the key challenges in many machine learning projects
is obtaining appropriate and sufficient data to train the
desired model. This is particularly true for computer vision
models, which require visual data, such as images or videos,
to train object detection or segmentation algorithms. This
challenge is especially noticeable in structural damage
detection tasks due to the lack of sufficient images for
certain types of damage. While there may be ample data
available for some types of damage, such as crack damage,
owing to the visibility of cracks, other types, such as shear
buckling, are significantly more challenging to document.
Unlike damage types such as pavement distress, where
databases can be created relatively easily by manually taking
pictures or installing dashcams on vehicles [26], it is not
straightforward to generate a high-quality database of shear
buckling images. For this study, images from a recent
experiment conducted by the authors [27] are used as the
primary database for training the detection model. In
addition, to enhance the model’s accuracy and address the
issue of limited data for buckling damage, an innovative
approach is also implemented: the creation of synthetic
images using finite element analysis (FEA).

Generating synthetic training data is a well-recognized
technique in computer vision and broader machine learning
applications, particularly when there is a lack of sufficient or
high-quality real-world data [28-31]. This study
demonstrates how synthetic data, derived from FEA, can be
used to supplement real-world data and overcome
limitations in datasets for structural damage detection tasks.
Based on the identified research gap, the primary objective
of this study is to investigate the feasibility and effectiveness
of computer vision—based methods for detecting and
localizing shear buckling damage in thin steel plates.
Specifically, this study aims to: (i) develop an instance
segmentation framework capable of identifying shear
buckling regions using limited real-world image data; (ii)
address data scarcity by generating synthetic buckling
images through finite element analysis and enhancing their
visual realism using 3D modeling techniques; and (iii)
quantitatively evaluate the impact of combining real and
synthetic datasets on detection performance.

2. Methodology

This study adopts a deep learning—based instance
segmentation framework for detecting and localizing shear
buckling damage in thin steel plates. Given the need for
accurate localization, efficient inference, and robustness to
limited training data, the YOLOI11 instance segmentation
model was selected as the core detection architecture.
YOLOL1 is a single-stage, real-time detection framework
which is capable of simultaneously predicting bounding
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boxes and pixel-level segmentation masks, making it well-
suited for identifying spatially complex buckling patterns.
The overall methodology consists of four main stages: (1)
dataset generation and collection, including real and
synthetic images; (2) data preprocessing and annotation; (3)
model training using the YOLOI11 instance segmentation
framework; and (4) model validation and performance
evaluation. More details of each stage of the proposed
methodology are described in the following subsections:

1. Acquiring an appropriate image database:
This involved gathering images of real-world buckling
instances, as well as synthetic images produced through
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finite element
techniques.

2. Preprocessing the database:
The images were prepared by annotating the buckling
instances and applying augmentation techniques to improve
the robustness of the model.

3. Training the model using the prepared database:
A deep learning framework was utilized to train an instance
segmentation model specifically designed for buckling
detection.

4. Validating and testing the trained model:
The model was evaluated on a separate test dataset to assess

analysis (FEA) and post-processing

its accuracy, precision, recall, and overall performance.

I 1410 mmx |
o —
' ~—Stiffener
PL 60x8
3
. S
Opening 5
< 2
246.75
(o]
=
SPSW-0P35%
—Fishplate
/ L 60x60x6 Tnfill Plate
PL 2mm

—352. 55— .
“——Stiffener

PL 60x8
A-A

Fig. 1: schematics of the two test specimens [27]

2.1 Image Database Acquisition

The primary images for this study were obtained from an
experiment conducted by the authors in 2023 [27]. The
experiment was conducted on two one-third-scale steel plate
shear wall (SPSW) specimens featuring a central rectangular
opening. The specimens were stiffened with strategically
placed stiffeners, dividing the plates into a number of
subpanels. The schematics of the two specimens are
presented in Fig. 1. The stiffener dimensions were selected
to prevent global buckling of the plates. Thus, shear
buckling occurred in the subpanels, which was at the early
stages of cyclic loading. As a result, several instances of
buckling were visible across the specimens. Fig. 2 shows a
subpanel buckling as an example.

Hundreds of photographs were captured during all stages of
the experiment from various angles, creating a considerable
archive of images. These photos were taken using a Canon
G7 X Mark II camera, which features a 20.1-megapixel
resolution and provides high-quality images. However, not
all the images were suitable for training the object detection
model. For instance:

e Some photos were taken during the initial cycles of
loading, where buckling on the subpanels had not
yet developed.

e  Other photos focused on features of the specimens
that did not include visible buckling in the
subpanels.

After a careful review of all the photographs, 188 images
were selected for the task. While there is no strict minimum
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number of images required for object detection tasks, it is
generally recommended to use as many images as possible
to improve model accuracy.

Fig. 2: Subpanel buckling during experiment [27]

A notable limitation of the selected dataset was that all
images originated from two experiments with very similar
setups and specimens. Despite the variation introduced by
capturing photos from different angles, viewpoints, and
lighting conditions, the images shared many similar
parameters. This lack of diversity could result in a trained
model that performs well only on images resembling those
in the dataset, thereby limiting its ability to generalize to
broader scenarios. To address these challenges, synthetic
images were generated to:

e Increase the number of images in the training set.

e Introduce greater variation in image characteristics,
thereby enhancing the model’s ability to generalize
across diverse conditions.

This approach aimed to overcome the dataset limitations and
improve the model's performance for detecting buckling in
real-world situations.

In order to use synthetic images of steel plate buckling for
model training, it was crucial to ensure that the images
accurately represented the shape and characteristics of shear
buckling. To achieve this, finite element analysis (FEA) was
chosen for image generation. FEA is widely recognized for
its ability to predict the behavior of engineering models with
high accuracy, making it an ideal method for generating
realistic buckling shapes.

Several finite element (FE) models were developed for this
study. These models were developed using ABAQUS [32]
and had different specifications, such as the presence or
absence of rectangular openings and different numbers of
stiffeners, which resulted in subpanels of varying sizes in
each model. Six examples of different variations for the
considered models are shown in Fig. 3. The modeling
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approach employed here was similar to the previous

approach used by the authors [27, 36].

N
i

Fig. 3: Six examples of FE models variations considered for the
study

In most FEA studies on steel plate shear walls (SPSWs), the
structural members (plate, beams, and columns) are modeled
using shell elements [33—37]. This is a rational approach
since these studies typically focused on parameters such as
shear strength or stiffness, and shell elements provide
accurate results without unnecessarily increasing the
computational costs. However, since the objective of this
study was to generate visually realistic images that closely
resemble real-world buckling, the models were created using
3D solid elements, which allow for a more faithful
representation of local geometry, thickness, and buckling
deformation patterns. The base of the model was fully fixed,
while the out-of-plane displacement of the top beam was
restrained. To ensure the initiation of shear buckling, a small
initial geometric imperfection was introduced into the infill
plate, consistent with common practice in buckling
simulations.

Another critical consideration in creating FE models was the
mesh size. In traditional FEA studies, the mesh size is
usually chosen to be as large as possible while maintaining
accuracy, which minimizes computational costs. However,
for this study, larger mesh sizes would have reduced the
resolution of the models, leading to polygonal shapes that
appeared unnatural (as shown in Fig. 4). Conversely, opting
for an excessively fine mesh size to achieve a smooth and
high-resolution model would have resulted in unreasonable
computational costs and analysis times, particularly given
the complexity of 3D solid elements. Therefore, it was
decided to adopt a balanced approach. A mesh size that
maintained a realistic resolution without excessive
computational burden was selected, and further
enhancements were applied to the results outside the
ABAQUS environment.
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Fig. 4: An example of mesh sizes effect on buckling shape,
making it appear low-resolution and unnatural

Additional domain adaptation steps were necessary due to
the inherent limitations of ABAQUS as an engineering
software. While ABAQUS excels at solving complex
engineering problems, its capabilities for producing visually
realistic images, such as natural lighting and textures, are
very limited. The resulting images, although accurate from
an engineering perspective, were clearly computer-
generated and lacked the visual fidelity required for this
study. Therefore, post-processing enhancements were
applied to improve the realism of the images, ensuring they
closely resembled real-world scenarios.

To enhance the FE results and adapt them for training
purposes, the models were exported to Blender [38], a
powerful 3D modeling software capable of producing highly
realistic images. By using Blender, one of the primary
issues, which was the low resolution of the raw FE models,
was solved. This issue was mitigated by applying shade
smoothing, a technique that interpolates surface normals to
create a smooth appearance for low-resolution areas without
changing the original geometry of the model.

Additionally, realistic textures were applied to the models to
improve their visual representation further. These textures,
combined with various lighting setups, were used to
simulate different real-world conditions. Lights of varying
intensities and orientations were applied from multiple
angles, creating a diverse dataset that not only enhanced the
realism of the images but also introduced variety, thereby
addressing the model’s ability to generalize to different
conditions.

To further enhance the diversity of the synthetic dataset,
Blender-rendered images were created with a blurry abstract
background, unlike the FEA images, which had a simple
white background. This approach was intended to mimic
real-world conditions, where structural photographs often
include complex and varied backgrounds. By introducing
this variation, the model was better equipped to generalize
to diverse scenarios.

The images were rendered using Blender’s Cycles engine,
which utilizes ray-tracing technology to achieve high visual
fidelity. This process significantly improved the realism of
the synthetic images compared to the raw FE outputs. The
added diversity in textures and lighting ensured that the
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synthetic dataset captured a wide range of potential
scenarios, enhancing the robustness of the trained model.
Despite the superior quality of the images rendered in
Blender, the raw images from ABAQUS were also saved
and included in the dataset. This allowed for testing the
comparative effects of raw and enhanced images on the
model's training performance. Fig. 5 illustrates this
comparison, showing a raw FEA image alongside a rendered
image from Blender. The images are from the same model
and are captured from a similar angle and viewpoint.

Fig. 5: An FEA model (Right) compared to the enhanced version
of the same model (Left)

2.2 Preprocessing the Database

Careful examination of the images revealed that annotating
them with rectangles might not produce tight enough
bounding boxes around the buckled areas for detection
models to accurately learn the characteristics of buckling. To
address this, all images were annotated using polygons to
capture the irregular shapes of buckling instances more
accurately. These annotations were applied carefully across
all real-world, FEA, and Blender-generated images.

To improve the visual realism of FEA images, grayscaling
was applied to them. While this adjustment did not fully
bridge the gap between synthetic and real images, it
enhanced their representation by a small but meaningful
degree.

To evaluate the effects of combining real and synthetic
images for model training, five distinct datasets were
created:

1. A dataset containing only real-world images.

2. A dataset containing only raw FEA images.

3. A dataset containing only Blender-rendered
images.

4. A dataset combining real-world and raw FEA
images.

5. A dataset combining real-world and Blender-
rendered images.

The first dataset only contains the images from the
experiment. The second dataset is constructed exclusively
from the images of various finite element models. The third
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dataset contains only the Blender-rendered images. Since
Blender provided the opportunity to introduce more variety
to the FE models’ visual appearances (e.g., different lighting
conditions and various textures), more images were
generated and included in the third database in comparison
to the second database. The fourth dataset combines the
experiment and FE model images (datasets 1 and 2) and the
last dataset combines the experiment and Blender-rendered
images (datasets 1 and 3). Each dataset was then split into
training, validation, and test subsets. To ensure fair
assessment and comparison of performance across all
datasets, the test set was kept consistent for all
configurations. Since the primary goal of the study was to
detect real instances of buckling, only real-world images
were included in the test set.

To further enhance the variety of the test set, 20 images were
acquired from a different experimental study conducted in
2012 on stiffened SPSWs [39]. These photos, provided by
the authors of the mentioned study, featured different
specimens and testing setups from those in the primary
dataset. This inclusion helped evaluate the models'
generalization capabilities under diverse conditions.

As a result, a test dataset of 40 images was created,
consisting of 20 real-world images from the current study
and 20 images from the 2012 experiment. Careful measures
were taken to ensure that none of the real-world images in
the test set overlapped with the training or validation sets.
Finally, approximately 15% of each dataset was allocated
for validation, while the remaining images were used for
training.

In addition to the annotated images, a small number of
background images without any buckling instances were
included in each dataset, including the test set. This was
done to evaluate the model’s ability to avoid false positives
by correctly identifying non-damaged areas as negative
cases. These background images introduce additional
variety and contribute to testing the robustness and
generalization capability of the trained models. Table 1
provides a summary of the number of images and the total
number of buckling instances in each dataset.

Table 1: summary of the number of images and the total number
of buckling instances in each dataset

Dataset Dataset Name Number of Buckling
Number Images Instances
1 Real 208 1294
2 FEA 141 1292
3 Blender 343 2598
4 Real-FEM 330 2586
5 Real-Blender 551 3892
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2.3 Model Training

Recent advancements in object detection and instance
segmentation have led to the development of numerous
high-performing models. Among these, the groundbreaking
algorithm You Only Look Once (YOLO), introduced in
2015 [40], has gained widespread recognition for its
efficiency and robustness. Unlike traditional two-stage
approaches, YOLO processes an entire image in a single
pass, offering a well-balanced combination of speed and
accuracy. Since its inception, several iterations of YOLO
have been developed, each improving upon aspects such as
speed, accuracy, generalization, and feature extraction
capabilities.

The latest version, YOLO11, has demonstrated superior
performance in key areas, including computational
efficiency, precision, speed and compact model size [41,
42]. Thus, it was selected for this study, and instance
segmentation was employed to train the YOLO11 model.
Unlike traditional object detection, which identifies and
classifies objects with bounding boxes, instance
segmentation provides pixel-level segmentation masks for
each detected object. All datasets were carefully formatted
to meet YOLO11's input requirements. For each dataset, a
separate model was trained over 300 epochs. Throughout the
training process, validation results were closely monitored
to ensure that overfitting did not occur. A batch size of 16
was used for training all models. YOLOI11 automatically
resizes images to 640 x 640 pixels, and this default setting
was retained to reduce computational complexity. The
training optimizer was set to auto-selection, which defaults
to AdamW for iterations under 10,000. During training,
metrics such as precision and recall were monitored, along
with mAP (mean Average Precision). Although mAP's
significance might appear less prominent in single-class
scenarios like this study, it was included because it still
provides valuable insights into model performance.

3. Results

Following the training phase, the models were validated
using a test set that had remained unviewed throughout the
training process. This approach was adopted to guarantee an
unbiased evaluation. To comprehensively assess and
compare the performance of each model, a variety of
performance metrics were examined. These metrics provide
different perspectives into the models’ capabilities to detect
buckling instances accurately and reliably. For this study,
the following metrics were specifically considered:

1. Precision: Precision measures the ratio of correctly
identified buckling instances out of all instances
detected by the model. It reflects the model’s
ability to avoid false positives, ensuring that the
detected buckling areas are indeed correct. High
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precision is crucial in applications where false
alarms could lead to unnecessary inspections or
interventions.

2. Recall: Recall assesses the proportion of actual
buckling instances in the images that were correctly
identified by the model. It indicates the model’s
sensitivity, ensuring that critical damage instances
are not overlooked. This metric is particularly
important in structural health monitoring, as missed
detections could pose significant safety risks.

3. FI1 Score: The F1 score is the harmonic mean of
precision and recall, effectively balancing the
trade-off between false positives and false
negatives. It serves as a useful summary metric in
situations where both precision and recall are
critical.

4. Mean Average Precision (mAP): Two variations of
mAP were considered in this study to provide a
more detailed evaluation of the model's

performance:

o  mAP50: This metric calculates Mean Average
Precision at a fixed Intersection over Union
(IoU) threshold of 0.50. It evaluates the
model's accuracy under relatively lenient
conditions, where the overlap between the
predicted bounding box and the ground truth
only needs to exceed 50%. It is particularly
useful for assessing the model's ability to
detect "easy" instances of buckling. High
mAPS50 values indicate that the model is
effective at identifying obvious or clear
buckling areas, making it a valuable metric for
initial assessments.

o  mAPS50-95: This metric is the average of mAP
values calculated at IoU thresholds ranging
from 0.50 to 0.95 in increments of 0.05. It
provides a more comprehensive evaluation of
the model's performance by accounting for
varying levels of detection difficulty. Unlike
mAP50, mAP50-95 evaluates the model's
ability to maintain accuracy even under stricter
conditions, where the overlap between
predicted and ground truth bounding boxes
must be closer to perfect. This metric is
particularly ~ important  for  evaluating
generalization and robustness, as it considers
both straightforward and challenging detection
scenarios.

By examining both mAP50 and mAP50-95, it is possible to

gain valuable insights into the trade-offs between detecting

easy instances and maintaining consistent performance
across a range of detection challenges. The inclusion of these
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metrics ensures that the evaluation captures both high-level
accuracy and nuanced detection capabilities.

The analysis of each metric was conducted to assess the
strengths and weaknesses of the models trained on different
datasets. This evaluation not only helps identify the most
effective dataset for training but also provides insights into
the model’s ability to generalize to diverse scenarios. The
results of the performance metrics are summarized in two
tables Table 2 and Table 3). Table 2 presents the bounding
box metric values, while Table 3 provides the mask
(segmentation) metric values. The model numbers in both
tables correspond directly to the dataset numbers listed in
Table 1. This separation highlights the performance

differences between object detection and instance
segmentation tasks.
Table 2: bounding box metric values

I{ﬁ?{iﬂer Precision  Recall I;iore mAP50 r9nSAP50-

1 0.88 0.83 0.86 0.89 0.63

2 0.29 0.29 0.29 0.24 0.16

3 0.54 0.29 0.37 0.32 0.22

4 0.89 0.82 0.86 0.91 0.64

5 0.92 0.87 0.89 0.92 0.67

Table 3: mask (segmentation) metric values

II:I/IL?i%ler Precision  Recall giore mAP50 r9nSAP50-

1 0.87 0.81 0.84 0.87 0.56

2 0.29 0.29 0.29 0.23 0.14

3 0.54 0.29 0.37 0.33 0.20

4 0.88 0.81 0.84 0.9 0.58

5 0.90 0.84 0.87 0.9 0.6

4. Discussion

4.1 Interpretation of Results

The results highlight the strengths and limitations of each
model based on the datasets used for training. The first
model, trained exclusively on real-world images, achieved
high values across all metrics, including precision (0.88 for
bounding box, 0.87 for mask), recall (0.83 for bounding box,
0.81 for mask), and mAP50 (0.89 for bounding box, 0.87 for
mask). This indicates that real-world images alone can
provide a strong baseline for buckling detection due to their
direct relevance to the target domain. The high values
suggest that the model effectively generalizes to unseen real-
world test images.

For the second model, trained only on raw FEA images, the
results were notably poor across all metrics, with precision,
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recall, and F1 score hovering around 0.29 and mAP50 values
of 0.24 (bounding box) and 0.23 (mask). These results are
expected given the lack of real-world features in the dataset,
which limits the model's ability to generalize. This
highlights the gap between raw synthetic images and real-
world applicability.

The third model, trained on Blender-rendered synthetic
images, demonstrated better performance than the second
model, with precision improving to 0.54 for the bounding
box and 0.54 for the mask, and mAPS50 increasing to 0.32
(bounding box) and 0.33 (mask). This improvement
highlights the value of using enhanced synthetic images with
higher visual fidelity. The rendering process in Blender,
which introduced textures and lighting variations, appears to
have narrowed the domain gap between synthetic and real-
world images, making the dataset more effective for
training.

The fourth model, trained on a combination of real-world
and raw FEA images, achieved performance metrics similar
to the first model, with only slight improvements in mAP50
(0.91 for bounding box, 0.9 for mask). While this indicates
that raw FEA images do not significantly boost performance
when combined with real-world images, their inclusion does
not appear to detract from the model's ability to generalize
either. This suggests that the raw FEA dataset provides little
additional diversity or domain adaptation benefits.

The fifth model, trained on a combination of real-world and
Blender-rendered synthetic images, achieved the best
overall performance across all metrics. The bounding box
mAPS50 improved to 0.92, and the mask mAP50 increased to
0.9, with similar improvements in precision, recall, and F1
scores. These results confirm that incorporating enhanced
synthetic images with real-world data provides meaningful
gains in detection accuracy, likely due to the increased
diversity and realism introduced by the Blender-generated
dataset.

Comparing the bounding box metrics (Table 2) with the
mask metrics (Table 3) reveals a general decrease in
performance for mask predictions across all models. For
instance, the first model's mAP50 decreased from 0.89
(bounding box) to 0.87 (mask). This trend suggests that
detecting the precise outlines of buckling instances (mask
prediction) is inherently more challenging than identifying
the bounding boxes. However, the relatively smaller
differences in mAP50 values between the bounding box and
mask metrics for the fifth model indicate that the added
realism and diversity in the Blender-enhanced dataset also
benefited instance segmentation.

Fig. 6 illustrates the prediction results of each model for a
sample image from the test set (explained in section 2.2),
highlighting their respective strengths and weaknesses. This
figure also serves as a visual reference for comparing the
performance of the models. As it is observed, Model 5 has
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the best performance, missing only two of the buckling
instances. In contrast, Model 2 performed very poorly,
detecting a lot of false positives. A few false positives are
also observed in the Model 3 prediction. However, Model 3
performed generally better than Model 2. The poor
performance of these two models were expected since they
are trained on datasets only constructed from synthetic
images. The metric results in Table 2 and Table 3 also
reflect this fact.
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Fig. 6: Prediction results of each model for a sample image from
the test set

4.2 Practical Implications

These results demonstrate the critical importance of dataset
composition for training object detection and segmentation
models. The combination of real-world and visually
enhanced synthetic images (Model 5) outperformed all other
datasets, highlighting the role of domain adaptation in
improving model performance. The high precision (0.92 for
bounding box, 0.90 for mask) and recall (0.87 for bounding
box, 0.84 for mask) values achieved by Model 5 are
particularly noteworthy. High precision indicates that the
model effectively minimizes false positives, ensuring that
detected buckling instances are highly likely to be accurate.
Meanwhile, high recall reflects the model's ability to detect
most of the true buckling instances in the test set, reducing
the risk of missing critical damage. Together, these metrics
highlight Model 5°s potential for real-world applications,
where both accurate detection and comprehensive coverage
are crucial for structural health monitoring and safety
assessments.
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4.3 Limitations of the Study

Despite the promising results, several limitations should be
acknowledged. First, although synthetic data were used to
augment the dataset, the number of real-world images
remained relatively limited and originated from laboratory
experiments. As a result, the trained models may still face
challenges when applied to field conditions with complex
backgrounds, occlusions, and uncontrolled lighting.
Additionally, the synthetic images were generated based on
a specific range of geometries and boundary conditions.
While visual enhancement improved realism, the diversity
of structural configurations remains constrained. Finally, the
study employed a single deep learning architecture
(YOLOL11), and alternative architectures or hybrid
approaches were not explored.

4.4 Future Research Directions

Future work could address these limitations by expanding
the dataset to include field-acquired images from real post-
earthquake inspections that would further improve model
robustness and real-world applicability. Moreover,
investigating domain adaptation techniques and alternative
instance segmentation architectures could further enhance
performance and generalization. These extensions would
broaden the applicability of the proposed methodology to a
wider range of structural health monitoring problems.

In addition to detecting the presence and location of shear
buckling, future research could focus on quantifying the
severity of buckling damage and linking it to performance-
based decision criteria. By extracting geometric features
from predicted segmentation masks (such as the affected
area), it may be possible to estimate damage severity levels.
These metrics could then be correlated with structural
performance indicators or experimental damage thresholds
to support automated decisions regarding repair,
strengthening, or replacement of steel plate shear walls.
Such an extension would move computer vision—based
damage detection beyond qualitative assessment toward
practical, decision-oriented structural health monitoring
frameworks.

5. Conclusions

This research explored the application of computer vision
for detecting shear buckling damage in thin steel plates. This
is an area that has received minimal attention compared to
other types of structural damage. Despite significant
advancements in computer vision-based damage detection,
the challenge of addressing buckling damage remains
largely unexplored, partly due to the scarcity of image data,
which is necessary for training robust models. To overcome
this limitation, the study proposed a data augmentation
framework that combines real experimental images with
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synthetic images generated through finite element analysis
and enhanced using 3D modeling techniques. Instance
segmentation models based on the YOLOI11 architecture
were trained and evaluated using multiple datasets to assess
the effectiveness of the proposed approach.

The main findings of this study can be summarized as
follows:

e A computer vision model trained solely on a
limited set of real-world images was able to achieve
high detection performance, demonstrating that
reliable shear buckling detection is feasible even
with relatively small experimental datasets.

e Models trained exclusively on synthetic data
exhibited inferior performance, highlighting that
raw synthetic image alone are insufficient for
reliable generalization to real-world conditions.

e Enhancing synthetic images using 3D rendering
significantly improved model performance
compared to raw finite element images, confirming
the importance of visual realism and domain
adaptation when using synthetic data.

e The combined dataset of real-world and enhanced
synthetic images produced the best overall
performance, achieving the highest values across
all evaluation metrics, including precision, recall,
F1 score, mAP50, and mAP50-95.

e Compared to the real-only dataset, the combined
dataset resulted in consistent quantitative
improvements, with increases of approximately 4%
across multiple segmentation-based performance
metrics, demonstrating the effectiveness of the
proposed data augmentation strategy.

e Segmentation metrics were consistently lower than
bounding box metrics, indicating that accurately
delineating buckling boundaries remains more
challenging than localizing damaged regions, yet
still benefited from the inclusion of enhanced
synthetic data.

Overall, this research demonstrates the feasibility of
automated shear buckling detection using computer vision
and highlights the value of high-fidelity synthetic data for
overcoming data scarcity in structural health monitoring
applications. The proposed framework provides a
foundation for future studies aimed at damage severity
assessment, decision-oriented inspection tools, and broader
applications of synthetic data generation in civil
infrastructure monitoring.
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