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Abstract

The advancement of mobile imaging technology has given rise to computer vision technigues,
but there have been few attempts to use computer vision for automatic condition assessment of
bridge bearings. In fact, human visual inspection still plays a major role in the assessment of
bridge bearings conditions today. The objective of this research is to devise an intelligent Struc-
tural Health Monitoring (SHM) system for steel bearings of bridges, with a particular focus on
aged steel bearings. These components are deeply related to the load-bearing capacity and over-
all structural integrity of bridges. The proposed SHM system leverages the capabilities of Deep
Learning (DL), specifically Convolutional Neural Networks (CNNSs), for image-based condi-
tion assessment. The model is trained to perform two sequential tasks: component detection and
damage classification. Initially, the model identifies the presence of bearings within the col-
lected images, subsequently, it classifies the detected bearings, then it identifies a possible dam-
age, providing a quantitative measure of its extension. A dataset of images showing various
conditions of steel bearings and connections is collected and annotated to support the develop-
ment of the SHM system.

These images include a wide range of damage intensities to ensure the robustness of the model.
The training process will involve finetuning a pre-trained model using transfer learning to op-
timize its performance for the specific task of component detection and damage classification.

Keywords: Structural Health Monitoring, Bridges, Steel Bearings, Deep Learning, Computer
Vision, Damage Detection, Damage Classification.
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1 INTRODUCTION

Structural health monitoring (SHM) technology was developed with the primary objective
of ensuring the operational safety of engineering structures by deploying a variety of sensors
and monitoring a wide range of physical parameters. Evaluating the structural condition and
performance and providing guidance on routine inspection and maintenance [1-7]. Regarding a
large-scale SHM system, the innovative sensing technologies from a variety of fields, such as
mechanics, electricity, electromagnetism, optics, thermology, and chemistry, make a great con-
tribution in accurately acquiring the huge amount of original data reflecting the real environ-
mental and structural conditions. Over the previous thirty years, researchers from all around the
world have made significant strides in creating innovative sensing technologies that can be used
in the field of SHM research.

In the field of civil engineering, SHM system plays today a crucial rule in the continuous mon-
itoring and maintenance of infrastructure to ensure safety and longevity. As vital parts of trans-
portation systems, old bridges need to be monitored with great precision so that structural
problems can be sensed early, before they develop into drastic failures. Bridge bearings are one
of the most exposed structural elements to environmental aggression and are supposed to ensure
load bearing capacity, thermal expansion, and resistance to seismic action. However, the tradi-
tional approach to their inspection relies heavily on manual visual assessments, which are time-
consuming, expensive, subjective, and prone to human error.

Recent advancements in computer vision and deep learning present an innovative solution for
monitoring bridges. The rise of high-resolution imaging devices and advanced Al models ena-
bles automated inspection systems to deliver real-time, precise, and scalable evaluations [8].
This study introduces an advanced framework that utilizes Convolutional Neural Networks
(CNNs) for the automated detection and classification of damage in steel bridge bearings
through image-based analysis.

By utilizing YOLOvV8 and YOLOv8n-seg [9], two state-of-the-art object detection and segmen-
tation models, this research develops a prototype of an highly efficient monitoring system ca-
pable of identifying bearing components and detecting their damage with high precision. These
models are trained using a custom-annotated dataset of steel bridge components, encompassing
various damage severities to enhance its robustness.

2 BACKGROUND AND RELATED WORK

2.1 Structural Health Monitoring and Computer Vision

The foundation of traditional SHM techniques is based on manual inspections, which are
time-consuming, take place a fixed number of months or years, and could miss early-stage
structural deterioration. Through image and video processing, computer vision approach al-
lows for automated real-time condition assessment, which improves SHM.

The ability to recognize objects and segment damage inside structural components has been
greatly enhanced by computer vision algorithms and deep learning models. They can extract
information from images making damage detection, classification, and predictive
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maintenance become achievable. These techniques have been extensively applied in crack
detection, corrosion analysis, and material degradation assessment.

Along with that, advancements in this flied enables tracking changes in structures in real time
and reducing the importance of manual interventions. Machine learning algorithms complement
it even more through better accuracy in growing datasets. Such advances support ensuring long-
term structural health monitoring system’s safety, efficiency, and cost-effectiveness.

2.2 Deep learning algorithms for Structural monitoring

Deep learning (DL) algorithms and specifically CNNs revolutionized the processing of im-
ages by automatically extracting spatial features from image data. Unlike traditional machine
learning algorithms that utilize handcrafted features, CNNs can learn hierarchical represen-
tations [10] and are thus most appropriate for damage localization and classification. The
architecture of CNN is inspired by the feedforward networks that were designed by the behavior
and functional principles of the visual cortex, a brain region that processes visual information
[10]. More specifically, convolutional neural networks are feedforward neural networks that
were developed for image recognition tasks. Nowadays they are applied to a variety of tasks,
such as image classification, motion detection, voice recognition, and natural language pro-
cessing. The properties of the convolutional networks include the following ones [11] [12]:

e Convolution Layer: used to reduce the dimension of data and computational complexity.

e Sparse Connection: refers to reducing the number of connections between neurons in

the current layer and the next layer.

e Parameter Sharing: uses shared weights for a kernel at each level and shares these

weights for other parts of the input features to extract features.

e Pooling: A strategy for reducing the dimensions of input data and learning useful fea-

tures.

Convolution is an operation of two functions to produce the third function, it can be defined
by the following relation:

(I * K)(b) = Z I(@)k(t — ) 2.1)

a€eDy

Where | is the input and K is kernel. Usually the kernel’s values are called kernel’s weights. In
Deep Learning, CNNs are usually displayed as rectangular arrays of real values, where the
convolution is two-dimensional and discrete. Convolution is usually movable, meaning that
kernels are shifted over the input. According to these definitions the convolution can be defined
as:

I+ K, j) = ZZZ(i —m,j —n)k(m,n) 2.2)

The convolution process of an input image is illustrated in Figure 1:
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Figure 1. An example of input volume [W1 x H1 x D1], with operation of convolution with a kernel size
k*k*k, resulting output size [W2 x H2 x D2] [13].

In this research, the two models YOLOV8 and YOLOv8n-seg were trained using Roboflow
platform [14] since they perform well in detecting and segmenting the captured images.
The application of transfer learning is used also in order to enhance the model's adaptability to
SHM-specific datasets that will be described in Chapter 3.2 with more detail.

3 METHODOLOGY

The proposed framework for intelligent monitoring of steel bridge bearings follows a structured
methodology, which includes dataset preparation, model training, and evaluation metrics.

3.1 Dataset Collection and Annotation

A custom dataset comprising images of steel bridge components was used. The dataset
was carefully labeled using the Roboflow annotation tool [14], where images were categorized
on the base of:

o Component types: single pendulum, double pendulum, gerber connections, and other

connections.

o Damage conditions: Presence of corrosion, oxidation, and debris accumulation.

To improve model generalization, data augmentation techniques were applied, producing
multiple variations of each training image. The augmentation process included:
e Outputs per training example: 7
Flip: Horizontal
90° Rotate: Clockwise, Counter-Clockwise
Rotation: Between -10° and +10°
Saturation: Between -24% and +24%

3.1.1. Dataset Partitioning and Evaluation Strategy

In this section of the research, the dataset was split into three distinct subsets to enable a com-
prehensive assessment of the model and its performance.
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e Training Set: This subset holds the majority of the dataset and is used for training the
model. The model learns from this data to identify patterns and attributes concerning
different states of steel bridge components.

¢ Validation Set: This is another distinct subset used during the training process to adjust
model parameters and avoid the danger of overfitting. Its role is crucial in determining
the optimal model configuration by giving an unbiased assessment during the training
process.

e Test Set: This particular subset is used to evaluate the model's performance after train-
ing. It contains information that the model has not seen before, thus providing an unbi-
ased measure of its generalization capability.

The following standard data partitioning strategy was employed to ensure robust model evalu-
ation.

Model Train Set Validation Set ~ Test Set
YOLOv8 318 images 32 images 16 images
(Detection) (87%) (8%) (6%)
YOLOvV8n-seg 3016 images 124 images 62 images
(Segmentation) (84%) (14%) (2%)

Table 1: Dataset Distribution for Object Detection and Segmentation Models.

3.2 Model Training

Deep learning models were trained step by step grounding on the strategies established in this
study. The YOLOvV8 and YOLOv8n-seg models were fine-tuned using a transfer learning
strategy, so they could detect and segment steel bridge components more effectively.
Preprocessing of the dataset was performed (such as normalization and augmentation tech-
niques defined in Section 3.1) in order to improve the model generalization. The training pro-
cedure involved:
e Preprocessing: Images were resized and normalized to maintain consistency and opti-
mize input.
e Transfer Learning: The COCO [15] dataset pre-trained weights were used to im-
prove convergence and accuracy in structural health monitoring tasks
o Hyperparameter Optimization: The model tuning process was repeated in multiple
manners, testing different learning rates, batch sizes and weight decay coefficients to
achieve the lowest possible losses and highest available precisions.
« Evaluation Metrics: Mean average precision (mAP) and Segmentation score (also
called 10U) were used for measuring the efficiency of the model at object detection
and segmentation tasks respectively.

Training was done over multiple epochs with convergence ensured to low loss while overfit-
ting was avoided using techniques such as early stopping and validation supervision. Tested by
using test set data to evaluate their strength in practical scenarios. The results of these training
and validation processes are discussed in Section 4.
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The annotated dataset is used for training YOLOvV8 and YOLOv8n-seg models. The training
process involved:
« Image resizing and normalization to ensure consistency in input data.
o Fine-tuning of pre-trained models using transfer learning from the COCO dataset [15].
e Optimization of hyperparameters, including batch size, learning rate, and number of
epochs.

The loss functions and performance metrics used for evaluation included [16]:
e Mean Average Precision (MAP@0.5) for detection accuracy.
e Intersection over Union (loU) for segmentation precision.
e Training loss convergence graphs to monitor model learning stability.

4 RESULTS AND DISCUSSION

4.1 Object Detection Performance

Object detection in steel bridge-beaings was performed using the YOLOv8 model. The model
was trained and validated by Roboflow platform [14] using the dataset described in the corre-
sponding section 3.1.1, thereby facilitating a comprehensive assessment of its generalization
ability.

For evaluating the performance of our model, the standard object detection matrices were used,
the Mean Average Precision (mAP), to evaluate its performance in terms of how well it cor-
rectly identifies objects and minimizes false positives. Our model reached a mAP score of
96.5%, which demonstrates the acceptable recognition performance of the steel components
provided under various conditions.

The model’s training progress over 300 epochs, is illustrated in Figure 2, showing the pattern
of convergence and overall stability.

mAP

Figure 2. Training progress of object detection model, showing mAP convergence over 300 epochs.

The three Losses shown in Figure 3 are the key components in YOLO-based architecture. They
indicate the measure of error or discrepancy between the model’s predictions and the actual
annotated data, briefly, Box Loss (Localization Loss) is a measure of how well the predicted
bounding box matches the ground truth bounding boxes, Class Loss (Classification Loss)
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evaluates the effectiveness of classified object and Object Loss (Confidence Loss) calculates
the confidence of the model is in detecting actual objects versus background noise.

The goal in training a model is typically to minimize this loss: the decreasing value shown in
the graph is a positive sign which means that the model is learning and improving over time.

Figure 4 illustrates outputs where the components are identified and labeled with confidence
scores:
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Figure 3. Training Loss Trends: Box Loss, Class Loss, and Object Loss over 300 epochs.
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Figure 4. Example of object detection model’s outputs. The detected component is highlighted with a
bounding box and classification confidence score.

4.2 Damage Classification and Segmentation

The model's performance in damage classification and segmentation is evaluated using the
Mean Average Precision (mAP) metric, which calculates the accuracy of the segmentation.

The maximum achieved mAP our model is 77.8%, which demonstrates its capability in recog-
nizing corrosion, oxidation, and debris accumulation in general. The model is successful in the
identification of the damaged regions and provides valuable information for our assessment.

Training performance and segmentation accuracy trends over 140 epochs are presented in Fig-
ure 5. Box, Class and object loss are pictured in Figure 6 whereas Figure 7 presents some output
from the segmentation model, where steel components and their defects are accurately seg-
mented and labeled with confidence scores.
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Figure 5. Training performance of YOLOvV8n-seg segmentation model, depicting mAP trends for damage
classification.
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Figure 7. Example of segmentation model’s outputs. The detected component is highlighted with a bound-
ing box and classification confidence score.

4.3 Challenges and Limitations

Although the models showed acceptable accuracy in segmentation and detection of the provided
steel bearings, numerous challenges arose upon application:

e Dataset Imbalance: most of the provided images were showing only oxidation damage
type, which can cause a bias in model predictions. Moreover, the dataset featured many
more photos of undamaged bearings than degraded ones.

e Complex Environmental Factors: Variations in lighting, occlusion, and angle of cap-
ture of the picture challenged the generalization of the model. Data augmentation strat-
egies mitigated some of these issues, but further refinement is required.

e Computational Resources: Emphasizing the need of effective model optimization
strategies, training deep learning models on high-resolution images needed significant
computational capability.
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Future research should focus on overcoming these challenges by expanding the dataset, enhanc-
ing augmentation techniques for improved generalization.

5 CONCLUSION AND FUTURE WORK

This study proposes an enhanced artificial intelligence-powered framework for structural health
monitoring (SHM) of steel bridge bearings that embraces deep learning-based computer vision
approaches. The use of YOLOV8 as an object detector and YOLOv8n-seg as a damage seg-
menter revealed great potential in automating the inspection procedure. Through the utilization
of a properly organized dataset within at least 700 images and the inclusion of diverse augmen-
tation techniques, the proposed system obtained high detection accuracy (mAP 96.5%) and sta-
ble damage segmentation (MAP 77.8%).

The results show that deep learning models can potentially substitute conventional time-con-
suming inspection techniques, providing real-time data-driven evaluations of structural health.
Nevertheless, issues like dataset imbalance, environmental heterogeneity, and computational
requirements still constitute areas needing further enhancement.

Future research directions may include:

e Enhanced Data Collection: expanding the dataset to include a wider range of damage
types and environmental conditions to improve generalization.

e Optimized Model Architectures: exploring lightweight yet powerful models to reduce
computational costs and enable real-time deployment.

e Integration with UAV Technology: implementing drone-based monitoring systems to
facilitate large-scale, autonomous inspections.

e Multimodal Sensor Fusion: combining computer vision with thermal imaging, LiDAR,
or acoustic sensing for more comprehensive structural assessments.

By addressing these challenges, Al-based SHM solutions can be further developed in follow-
up research to enhance their practicality for real-world bridge inspection and safety assess-
ments.

This article presents an Al-driven SHM framework for automatic bridge bearing assessment
using computer vision. The system successfully utilizes YOLO-based models to detect and
classify the state of damage with high accuracy.
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