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Abstract

The corrosion of steel bridge structures, caused by anthropogenic or natural sources, can
significantly impact the safety and integrity of these structures. The quick and accurate
detection of corrosion is crucial for identifying areas that require strengthening and repair.
This study proposes an image-based detection method, referred to here as CAM-K-OD, for
identifying areas of corrosion in steel bridges using photographs captured with any device.
The proposed method fuses a gradient-based class activation mechanism map (Grad-CAM)
with K-means clustering applied to convolutional neural network (CNN) features and
object localization modules to delineate corrosion zones. The detection pipeline leverages
deep convolutional features, grouped through clustering, to extract attention-based visual
patterns and identify defective areas. Labeled and masked image datasets were used to
train and test the system, and its evaluation was conducted using IoU (the Intersection
over Union metric used to measure the accuracy of object detection and segmentation
algorithms). This method was tested alongside U-Net segmentation and EfficientDet
detection models, which were used as benchmarks. The findings indicate that CAM-K-OD
exhibits superior localization fidelity and robustness under varying imaging conditions.
This model enables efficient and reliable corrosion identification, supporting real-world
bridge maintenance by reducing inspection times and improving the targeting of repair
efforts.

Keywords: deep learning; corrosion; Grad-CAM; K-means clustering; steel bridge

1. Introduction
The corrosion of steel structures, especially bridges, represents a considerable eco-

nomic and safety concern worldwide. Annually, substantial amounts of iron and steel
become unusable due to corrosion, leading not only to economic losses related to the mate-
rial itself but also negative impacts for investment efficiency and broader economic stability.
Structures such as buildings, bridges, power transmission lines, and marine vessels exposed
to atmospheric conditions can rapidly deteriorate, significantly shortening their service life.
Addressing this issue requires a thorough understanding of corrosion processes, effective
inspection techniques, and appropriate structural designs that are aimed at the prevention
and mitigation of corrosion.

Steel bridges, integral to transportation infrastructure, face ongoing threats due to
corrosion, demanding their consistent monitoring and timely maintenance. Traditional
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inspection methods, however, often prove costly, labor-intensive, and reliant on specialist ex-
pertise, making them inefficient and impractical. With recent technological advancements,
particularly in artificial intelligence (AI), new automated inspection methods have emerged.
AI systems that incorporate layered visual processing techniques such as convolutional
neural networks (CNNs) have shown a strong performance in identifying and classifying
visual patterns linked to damage. These methods are increasingly employed in structural
health monitoring (SHM), leveraging high-quality visual data collected via devices such as
smartphones and drones, thus facilitating rapid and accurate damage assessments.

In civil engineering, the evaluation of damage to buildings caused by various sources
has been the subject of many studies. Conventional assessment techniques rely on physical
measurements, modeling simulations, and detailed evaluations. While effective, such
methods are labor-intensive, time-consuming, and expensive, limiting their practical use in
continuous monitoring. Consequently, there has been a noticeable shift in the literature
toward the adoption of automated damage detection methods such as deep learning-based
frameworks [1–5]. It is essential to detect cracks in reinforced concrete structures quickly
and effectively. Numerous studies have demonstrated the viability of using automated
visual inspection methods that rely on trained deep neural networks and image analysis
techniques to detect cracking and surface degradation with high accuracy [6–10].

This study introduces a novel corrosion detection technique, the CAM-K-OD model,
which integrates gradient-weighted class activation maps (Grad-CAM), K-means clustering,
and object detection through pre-trained CNN models. This integrated approach enables
the precise and efficient identification of corrosion areas in steel bridge structures with
minimal preprocessing requirements. The CAM-K-OD model’s innovative combination of
these methods addresses existing limitations by improving accuracy, reducing manual labor,
and enhancing practical applicability. When evaluated against established methods like U-
Net and EfficientDet, the proposed model demonstrates a superior detection performance,
underscoring its ability to serve as a reliable tool for enhancing bridge inspection workflows
and safety.

The enhancement in detection capability highlighted by this research holds significant
implications for ensuring the structural reliability and long-term service life of steel bridges.
The CAM-K-OD architecture offers a significant advantage through its effective corrosion
identification mechanism, which operates with minimal dependence on preprocessing or
manual labeling tasks. Its high precision and recall indicate its robust ability to distinguish
between corroded and non-corroded areas, a crucial factor in the timely and efficient
maintenance of bridges. Furthermore, its slightly higher average Intersection over Union
(IoU) score compared to that of the U-Net and EfficientDet models suggests a more accurate
alignment with ground truth detections, enhancing the reliability of its assessments.

2. Background and Related Work
2.1. Corrosion Detection in Structures

In recent years, there has been a notable surge in scholarly interest in the application
of deep learning techniques for the detection of corrosion in structural materials. Nash
et al. [11] developed a pixel-level segmentation model using a dataset of 225 images, em-
ploying Bayesian neural networks to generate uncertainty maps that assisted in assessing
the reliability of each prediction. Recognizing the importance of labeled data in the training
of deep learning models, Nash et al. [12] also introduced an online platform for image
annotation to improve training efficiency and dataset volume. In another study, Atha and
Jahanshahi [13] focused on the design of CNN architectures tailored to corrosion classifi-
cation and identifying optimal input modalities across various corrosion types. Petricca
et al. [14] compared deep learning-based classification with standard computer vision
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techniques for rust identification, concluding that deep learning has a higher detection
accuracy under realistic field conditions. Rahman et al. [15] introduced a deep learning
framework for the semantic segmentation of corrosion regions that was integrated with an
automated image labeling tool, enabling the rapid preparation of datasets and the improved
classification of corrosion severity. Their approach used texture analysis and RGB-based
classifier tuning to automate the annotation process. Forkan et al. [16] proposed CorrDetec-
tor, an automated approach for monitoring corrosion using image analysis, and reported
significant improvements in the classification performance of this approach compared
to previous models. Brandoli et al. [17] proposed a deep learning-based image analysis
workflow for surface inspection, achieving a detection precision exceeding 93%, which
helped mitigate the inconsistencies caused by inspector fatigue or insufficient training.

The object recognition and segmentation of visual data have been addressed using
various deep learning frameworks. These include both rapid single-shot approaches and
region-based models like You Only Look Once (YOLO) [18], faster R-CNN [19], SSD [20],
and mask R-CNN [21]. While YOLO and SSD demonstrate a computational efficiency
conducive to real-time video stream processing, their efficiency often comes with a trade-off
in accuracy. Conversely, the mask R-CNN delivers high precision by performing instance
segmentation at the pixel level, which makes it suitable for applications requiring detailed
spatial mapping. However, creating a training dataset for these techniques is labor-intensive
and time-consuming.

Recently, machine learning and vision-based approaches have been incorporated into
the structural health monitoring (SHM) of steel bolted joints. Studies have developed
vision-based techniques using region-based convolutional neural networks (R-CNN) or
Faster R-CNN to monitor bolt looseness and detect multiple types of damage in civil
structures [19,20]. However, the majority of the research in this field has concentrated
on stainless steel bolts, while relatively little attention has been paid to the automated
identification of corrosion-related damage in bolted connections.

The detection of incipient corrosion in bolted steel connections remains a critical
yet underexplored challenge in SHM, thereby necessitating the development of refined,
data-driven methodologies capable of addressing this need with greater accuracy and
automation. In this context, instance segmentation architectures such as the advanced mask
R-CNN model represent a technically viable solution. This model integrates object detection
and segmentation into a single framework and is distinguished by its dual functionality, as
it generates both bounding boxes and detailed instance-level segmentation masks, allowing
for the precise identification of affected areas. This capacity to segment corrosion features
down to the pixel level makes the model well suited for recognizing the onset of corrosion
in bolted joints.

The novel CAM-K-OD object detection model presented in this study addresses a
significant gap in the literature regarding corrosion detection in steel bridge structures.
Existing methodologies often require considerable manual effort or do not offer suffi-
cient accuracy. The methodological contribution of CAM-K-OD is particularly significant
due to its multi-component architecture, which includes visual interpretability mecha-
nisms, unsupervised pattern grouping, and object detection procedures, each derived
from pre-trained CNNs. The model incorporates Grad-CAM-based saliency mapping [21],
K-means clustering [22], and a deep object recognition engine. This combination allows
for high-resolution corrosion localization with improved interpretability and accuracy.
When benchmarked against existing models—U-Net, used for semantic segmentation [23],
and EfficientDet, used for object recognition [24]—the CAM-K-OD model consistently
demonstrates a higher performance.
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The current literature reveals a growing trend in using deep learning techniques to
detect structural damage, including cracks and corrosion. Despite significant progress,
many challenges remain, particularly regarding dataset quality, image resolution, and
the practical applicability of deep learning models. Existing corrosion detection methods,
including the U-Net segmentation and EfficientDet object detection models, have had
varying degrees of success but often require extensive manual interventions in terms of
data preparation and labeling, which limits their efficiency and scalability.

To address these limitations, this work proposes the CAM-K-OD model, which will
enhance the detection of corrosion on steel bridges through an innovative integration of
deep learning and unsupervised segmentation techniques.

2.2. Proposed Framework

To provide a comprehensive understanding of the proposed CAM-K-OD detection
framework, this section delineates the foundational components upon which the model
is constructed. Core elements of the architecture include CNNs, which are extensively
applied in SHM due to their capability to automatically identify damage; transfer learning,
which serves to enhance the model’s generalization and convergence efficiency under
limited data regimes; Grad-CAM, which facilitates the interpretability of the model out-
puts through localized visual attribution; and K-means clustering, complemented by the
elbow method, which is used for segmenting feature maps efficiently. Additionally, well-
established object detection and segmentation models, namely U-Net and EfficientDet, are
considered as comparative baselines for a performance evaluation. The methods used in
this study, CNN, transfer learning, Grad-CAM, K-means clustering (K-means), and object
detection–segmentation, are presented in Figure 1.

Figure 1. Conceptual diagram of the CAM-K-OD method for locating corrosion.

2.2.1. Transfer Learning

Transfer learning [25] is a deep learning strategy that allows the use of trained pa-
rameters from one problem domain to be the starting point for solving a new but related
task. This approach is frequently employed in cases where data limitations and model
complexity make training from scratch impractical. Instead of designing and training large
models with extensive data requirements, transfer learning provides a faster and more
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accurate alternative by reusing learned features. This is particularly beneficial for visual
recognition tasks where labeled datasets are limited or difficult to collect. When applied
effectively, transfer learning can yield high accuracy with significantly less training time
and a reduced data overhead.

Instead of developing models specific to each new image classification problem, this
technique repurposes the structure and weights from previously validated networks. These
pre-trained networks serve as a baseline for further customization and fine-tuning. Since
deep learning models generally require large datasets to avoid overfitting and ensure
reliable convergence, transfer learning addresses this issue by reducing the need for vast
amounts of data. By starting from previously learned weights rather than initializing a
network with random values, the training process becomes more stable and converges
faster [26,27]. This technique efficiently trains CNN topologies using minimal data.

2.2.2. ResNet50 Model

ResNet50 [28] is a deep convolutional neural network architecture composed of ap-
proximately 23 million trainable parameters distributed across 152 distinct layers. This
model is specifically crafted to tackle the complexity of training very deep networks and is
frequently employed in image classification tasks. Its core concept hinges on adding the
original input (“residual”) to the result of two subsequent convolution operations. This
method helps prevent the training difficulties that arise as networks grow deeper and more
complex. Figures 2 and 3 provide a visual explanation of the ResNet architecture and the
operation of its residual block.

Figure 2. The network architecture of ResNet50.

Figure 3. The residual block of a deep residual network.

A key element of ResNet50 is its bottleneck design, which reduces its computational
load without compromising performance. The fundamental relationship is captured by
Equation (1):

H(x) = F(x) + x (1)
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Here, H(x) represents the final output, while F(x) denotes the function learned from
the input x. Because it is impractical to learn H(x) directly when the depth increases, the
network employs “skipping links”. Consequently, F(x) is recognized as the “residual,”
representing the part added back to the input to generate the final output.

2.2.3. Grad-CAM Method

Grad-CAM [21] provides a clear way of visualizing the parts of an image that influence
a specific class score. It works by tracing gradients from the output of the last convolutional
layer back to the input and then creating a spatial map that identifies which pixels matter
most for that class. The resulting map, denoted as Lc

Grad−CAM, has dimensions u × v, which
align with the width and height of the last convolutional layer’s dimensions, respectively.
The process involves computing the partial derivatives of the score yC (prior to softmax)
with respect to each feature map AK. These gradients are then averaged over the entire
spatial extent of the feature map, yielding a scalar weight Wc

k for each channel k through

Wc
k =

1
Z∑

i
∑

j

∂yc

∂Ak
i,j

(2)

where Z represents the total count of the spatial positions over which the gradients are
aggregated (Z = u × v). Through this averaging process, the magnitude of Wc

k captures the
degree of importance feature map k holds with respect to class c. Subsequently, a weighted
combination of the forward activation maps Ak is summed using these weights, and a
Rectified Linear Unit (ReLU) function is applied:

Lc
Grad−CAM = ReLU

(
∑
k

Wc
kAk

)
(3)

This produces a coarse heatmap that mirrors the resolution of the convolutional
feature maps. Applying ReLU effectively filters out negative contributions, ensuring the
map highlights areas that positively affect yC. Conversely, signals from non-contributing
or negatively contributing regions are inherently reduced. Without this activation function,
the localization map can become overly broad, lowering its ability to distinguish the actual
region of interest.

2.2.4. K-Means Clustering

The segmentation of Grad-CAM-generated images commences with the determination
of an optimal K value via the elbow method. Figure 4 illustrates a typical elbow graph. This
method computes the within-cluster sum of squares (WCSS) as a function of the number
of clusters and identifies the point at which additional clusters yield diminishing returns,
thereby achieving compact cluster.

Figure 4. Elbow graph.



Appl. Sci. 2025, 15, 11929 7 of 22

This unsupervised, center-based algorithm groups image pixels or features into clus-
ters by minimizing the variance within clusters while maximizing the variance between
them. K-means begins by randomly selecting K initial centroids. Each data point is then
assigned to the nearest centroid, and the centroids are updated by averaging the points
assigned to each cluster. This iterative procedure continues until the centroids stabilize,
meaning that subsequent iterations produce minimal changes in their positions. The objec-
tive of this algorithm, as encapsulated in Equation (4) below [29], is to minimize the sum of
the squared distances between each data point and its respective cluster centroid, thereby
ensuring minimal intra-cluster variance while maximizing inter-cluster separability:

J = ∑k
j=1 ∑n

i=1

∥∥∥x(j)i − cj

∥∥∥2
(4)

where J is the overall error to be minimized, nj is the number of data points in cluster j,

x(j)i represents the ith data point in cluster j, and cj denotes the centroid of cluster j. The

term
∥∥∥x(j)

i − cj

∥∥∥2
represents the squared Euclidean distance between the data point and

its centroid.
Upon finalization of the clustering assignment and centroid stabilization, the resulting

image is subsequently processed for segmentation by converting it into grayscale before
transforming it into a binary format (referred to as bi-level). In this representation, the
image contains only two pixel values corresponding to two possible intensity levels. These
binary images store pixel information as either 0 or 1, facilitating clear separation between
the background and key foreground objects. The OpenCV library, widely recognized for its
efficiency in image manipulation tasks, was employed for executing image transformations.

2.3. Benchmark Models
2.3.1. U-Net Segmentation Model

Semantic segmentation is a key technique used in computer vision that assigns class
labels to each pixel in an image. This technique is crucial for accurately defining the bound-
aries of various objects or regions and has been used for identifying different anatomical
structures in medical imaging scenarios [30]. The progression of CNN-based algorithms
has significantly propelled advancements in this area. One of the most effective CNN-based
models used for this task is U-Net, originally introduced by Ronneberger et al. [23]. The
U-Net architecture employed for corrosion detection, as illustrated in Figure 5, is described
as follows:

Encoder: This component utilizes a traditional layer sequence to derive features from
multiple image resolutions. Each encoding block contains a pair of 3 × 3 convolutions with
a unit stride, followed by ReLU activations. To progressively reduce spatial dimensions
and increase the representational depth, a 2 × 2 max-pooling operation with a stride of 2 is
applied after each convolutional block.

Decoder: The decoder mirrors the encoder’s structure but uses transposed convolution
layers (2 × 2) for up-sampling, reversing the down-sampling effect. These layers are
augmented with feature maps from corresponding encoder blocks through concatenation,
ensuring the detailed feature integration necessary for precise localization.

Output: The final stage consists of a 1 × 1 convolution which is used to compress the
feature maps into a single-channel output, resulting in a 128 × 128 single-channel image
indicating the presence of corrosion.

This robust architecture combines the strengths of deep convolutional networks with
the precise localization capabilities offered by transposed convolutions and skip connec-
tions, making it highly effective for semantic segmentation tasks. U-Net’s adaptability and
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efficiency have led to its application beyond biomedical segmentation, and it has become a
versatile tool used in various image processing domains.

Figure 5. U-Net architecture.

2.3.2. EfficientDet Object Detection Model

EfficientDet [24] models are specifically designed for accurate object detection while
maintaining efficiency in terms of computation. These models offer a balance between
precision and resource constraints, making them suitable for various platforms. The model’s
architecture is made up three primary components: the backbone, the feature network, and
the final class/box network.

The backbone is responsible for generating feature maps from the input image. It acts
as the foundation for subsequent processing.

The feature network collects outputs from different backbone layers and integrates
them using a Bi-directional Feature Pyramid Network (BiFPN). This design allows infor-
mation to be propagated both from higher to lower layers and vice versa, improving the
model’s ability to detect objects at different scales. The BiFPN improves upon standard pyra-
mid networks by incorporating learnable feature weighting and multiple fusion pathways.

The classification/box prediction network is the final stage. It processes the fused
features to generate object class labels and their corresponding bounding boxes. This
network is lightweight but effective, using compact layers to maintain speed.

Efficiency gains are achieved by using an EfficientNet backbone instead of other,
less efficient options like ResNets or AmoebaNet. Furthermore, depthwise separable
convolutions replace regular convolutions, reducing computational complexity. Figure 6
provides an overview of the architecture of EfficientDet.

EfficientDet improves the balance between detection accuracy and computational
efficiency through a compound scaling technique. This method scales image resolution,
network depth, and width together, using a heuristic-guided strategy to maintain an
optimal balance for the model. The EfficientDet series includes models D0 through D7, with
each successive model having a higher computational cost and offering greater accuracy.

When evaluated on the COCO benchmark dataset [31], the highest-tier model,
EfficientDet-D7, achieved a mean average precision (mAP) of 52.2. This result repre-
sents a 1.5-point improvement over the previous state-of-the-art model, despite using only
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one-quarter of the parameters and 9.4 times less computation. Additionally, these models
are faster than other detectors implemented on both GPU and CPU.

Figure 6. EfficientDet architecture.

The EfficientDet framework comprises a scalable and resource-conscious suite of object
detectors capable of delivering competitive accuracy levels while significantly minimiz-
ing computational overhead. These models are adaptable to a wide range of resource
constraints, making them suitable for real-world applications across various platforms.

Overall, the combination of a ResNet50 backbone, Grad-CAM visualization, and
K-means clustering were chosen for their proven ability to extract robust deep features,
provide clear interpretability of key regions, and effectively segment corroded areas. These
components together ensure both the high classification accuracy and precise localization
critical for corrosion detection on steel bridges.

3. CAM-K-OD Model
Building on the concepts outlined in Section 2, the proposed CAM-K-OD model

integrates ResNet50, Grad-CAM, and K-means clustering to achieve high classification
accuracy and precise corrosion localization. This framework combines deep learning and
unsupervised segmentation methods into an automated framework for corrosion detection
on steel bridge structures. The input data comprised 880 images from bridge inspection
reports, with an equal number of corroded and non-corroded cases. To maintain consistency
during training, all images were resized to a fixed resolution of 224 × 224 pixels and labeled
using a binary format that distinguished between corrosion conditions.

Feature extraction was performed using a pretrained ResNet50 network [28], where
the initial layers were frozen to retain foundational feature learning. The model archi-
tecture was further improved by adding global average pooling, dropout, and fully con-
nected layers to boost classification accuracy. Grad-CAM visualization was applied to
the trained model to generate heatmaps, allowing for the identification of the regions
most relevant to corrosion detection. These heatmaps enhanced both interpretability and
localization accuracy.

The heatmaps were passed through a K-means clustering process to separate corrosion
from background regions. The number of clusters was chosen using the elbow method,
ensuring optimal grouping. After clustering, the output was converted to grayscale and
binarized, which made it possible to separate corrosion areas clearly. Bounding boxes were
then applied: red for predicted areas and green for ground truth masks.

The performance of the model was assessed using multiple evaluation metrics: ac-
curacy, precision, recall, F1-score, area under the receiver operating characteristic curve
(AUC), and IoU. The IoU metric compared predicted bounding boxes to the ground truth,
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offering a direct measure of the accuracy of localization. The results showed that CAM-K-
OD exceeded the performance of the benchmark models. Figure 7 outlines the processing
flow of the proposed detection methodology.

Figure 7. Workflow of the proposed corrosion detection methodology.

In this framework, a CNN was initialized with pretrained weights from ImageNet.
The top classification layers of the base models were removed and replaced with custom-
designed components suitable for corrosion detection. The model was enhanced through
several modifications, including zero-padding for spatial integrity, 3 × 3 convolutional
filters, and a high-dimensional convolutional layer consisting of 1024 output maps. To
reduce overfitting and compress feature representations, the network included a global
average pooling layer followed by a dropout layer set at a 0.5 rate. The final classification
layer employed a Softmax activation function applied to a dense layer for probabilistic
output. The detailed structure of this adapted CNN is depicted in Figure 8.

Figure 8. Structural layout of the CNN.

Two models were employed to classify the dataset, one built using a CNN trained
from scratch, and the other based on a transfer learning approach. With the CNN, a success
rate (IoU performance) of 80% (±2) was attained, while the transfer learning model had
a success rate of 95% (±1). These outcomes are significant because they demonstrate the
value of the transfer learning strategy. The structure of the transfer learning model applied
in this analysis is presented in Figure 9.

Pretrained convolutional models were adapted by freezing their lower layers, preserv-
ing their previously learned weights to retain their general feature extraction capabilities.
To enhance the capacity of the model for domain-specific adaptation, the conventional
fully connected classification head was supplanted by a global average pooling operation
applied to the final convolutional layer. This operation computes the mean value of each
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feature map, summarizing spatial features into a representative value. The output from
this stage was then processed through a dense layer, followed by a dropout mechanism set
at 0.5 to reduce overfitting, and then passed through a second dense layer before its final
classification using the Softmax function.

 
Figure 9. Structural configuration of the applied transfer learning model.

For training, categorical cross-entropy was used to handle multiple output classes.
The Adam optimizer was employed, with a learning rate of 0.0001, a batch size of 32,
and a training cycle of 30 epochs. Among the pretrained networks tested, ResNet50
achieved the highest performance, outperforming other configurations in terms of its
classification reliability. All training processes were GPU-accelerated via the CUDA and
cuDNN libraries, using the TensorFlow backend in conjunction with the Keras API. The
training and validation of the models were conducted on a Windows 11 computer with
32 GB of RAM and an NVIDIA Quadro RTX 4000 GPU.

The CAM-K-OD framework integrates the Grad-CAM interpretability mechanism
with convolutional feature representations derived from the ResNet50 architecture, specifi-
cally from the “conv5_block3_3_conv” layer. This layer was found to produce the most
relevant features for distinguishing between corroded and non-corroded surfaces. Its high-
level feature representations enabled a better spatial identification of damaged regions.
When integrated with the Grad-CAM visualization algorithm, this layer facilitates the
generation of highly localized class activation maps that accurately highlight regions of
interest associated with corrosion.

Grad-CAM’s performance has been assessed using the corrosion class test set and
ResNet50 model that performed best in detecting corrosion spots. The resulting visu-
alizations, shown in Figure 10, highlight the effectiveness of Grad-CAM in locating
corroded regions within various samples. This approach provided clear, interpretable
heatmaps that allowed for a spatial understanding of the model’s decision-making process.
Among all visualization methods tested, Grad-CAM produced the most accurate local-
ization results, supporting its integration within the CAM-K-OD framework for practical
corrosion assessments.
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Figure 10. Examples of corrosion region localization using Grad-CAM.

The CAM-K-OD pipeline can be broken down into a series of ordered steps, as il-
lustrated in Figure 11. The procedure began with (a) capturing the input image. In step
(b), a heatmap was constructed using Grad-CAM applied to the ResNet50 network. The
resultant heatmap was superimposed onto the original image in step (c). In the next phase,
(d), clustering was executed through the K-means algorithm to extract color groups that
represented key regions. Step (e) included conversion to grayscale and the removal of
minor artifacts through filtering. The image was subsequently transformed into a binary
format in step (f). Finally, in step (g) the segmented image was produced and presented as
the final result.

 
(a) (b) (c) (d) (e) (f) (g) 

Figure 11. The CAM-K-OD corrosion detection pipeline.

3.1. Dataset

In this study, the Virginia Department of Transportation (VDOT)’s bridge inspection
reports provided information about steel bridge inspections for structural health monitor-
ing [32]. According to the corrosion status requirements outlined in the Bridge Inspectors’
Reference Manual and the American Association of State Highway and Transportation Of-
ficials (AASHTO), the data are semantically tagged (BIRM). The original dataset included
four corrosion levels: fully intact (no corrosion), minor surface degradation, moderate
corrosion, and extensive corrosion. These four categories were consolidated into a single
corrosion label to meet the objective of the study, which was to identify only the corroded
areas of bridges. The dataset consists of 440 photos with corrosion and 440 images without
corrosion. Some samples are shown in Figure 12. Each of the two classes’ images (with and
without corrosion) were divided into 396 training photos and 44 test images at random.
For training and testing, all images were resized to 224 × 224.
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(a) 

    
(b) 

Figure 12. Dataset examples of the (a) corrosion and (b) no-corrosion classes.

3.2. Evaluation Metrics

The effectiveness of the models was assessed using a set of performance indicators,
including classification accuracy, AUC, precision, recall, and F1-score, which are defined in
Equations (5)–(8).

Accuracy =
Correct classification

Total classification
(5)

Precision =
Correctly classified actual positives

Everything classified as positive
(6)

Recall =
Correctly classified actual positives

All actual positives
(7)

F1 − score =
2(precision × recall)
(precision + recall)

(8)

The ROC curve plots the True Positive Rate (TPR) against the False Positive Rate
(FPR) to evaluate the classification performance (corroded and non-corroded zones) of the
models under different thresholds. A model with a curve closer to the top-left corner has
a better classification capability. The AUC summarizes this curve into a single number:
higher AUC values indicate stronger class separability. The FPR is calculated using the
following equation:

FPR =
FP

FP + TN
(9)

4. Results
4.1. Evaluation of the CAM-K-OD Model

Figure 13 shows the graphs of the change in accuracy and loss over 50 epochs. The
model reached high performance after approximately 10 epochs. At the end of 50 epochs,
100% accuracy and 0.0001 loss values are obtained.

The learning rate, momentum, and L2-decay hyperparameters of the ResNet50 pre-
trained CNN model are 1 × 10−4, 0.95, and 1 × 10−6, respectively. Evaluation of the model
on the corrosion-specific test dataset revealed a perfect classification performance across all
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considered metrics, each achieving a value of 1.00. Using the combination of deep feature
extraction using ResNet50 and interpretability via Grad-CAM visualization as the basis of
the proposed framework proved highly effective in locating corrosion.

  
(a) (b) 

Figure 13. Training and validation accuracy (a) and loss (b) curves over 50 epochs.

In this context, precision refers to how many of the predicted corrosion instances
were correctly identified. Recall captures the proportion of actual corrosion instances that
were successfully detected. The F1-score provides a combined measure of both, offering a
single value that accounts for both types of classification errors. As shown in Table 1, all
three metrics, across both classes, achieve the maximum score of 1.00, indicating perfect
classification. The macro and weighted averages, referred to here as the unweighted and
proportional class means, also reached 1.00, and the overall accuracy was 100%. These
values indicate that the model consistently and accurately classified both corrosion and non-
corrosion images. Figure 14 complements these results with the ROC and precision–recall
(PR) plots, both of which confirm the superior discriminative power of the classifier.

Table 1. Performance evaluation of Resnet-50.

Precision Recall F1-Score

Corrosion 1.00 1.00 1.00
No corrosion 1.00 1.00 1.00

Accuracy 1.00
Unweighted class mean 1.00 1.00 1.00
Proportional class mean 1.00 1.00 1.00

 
(a) (b) 

Figure 14. Extension of (a) ROC and (b) PR plots for ResNet50-based corrosion detection.
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4.2. Evaluation of the U-Net Segmentation

The performance of the U-Net model was evaluated by tracking both its training loss
and accuracy across multiple iterations. These trends are plotted in Figure 15, demon-
strating the learning progress of the model over time. The U-Net segmentation model
achieved a loss value of 0.0728 and an accuracy value of 0.9684. These results indicate that
U-Net successfully learned to distinguish and segment relevant regions in the corrosion
images. Its steady improvement in accuracy and reduction in loss suggest that the model
efficiently captured the spatial patterns necessary for accurate segmentation. Training
convergence was observed after approximately 100 optimization iterations, at which point
the performance metrics plateaued, indicating model stabilization. This suggests that the
model was able to identify the relevant features in the images and perform segmentation
tasks reliably.

Figure 15. Learning progress of the U-Net segmentation model.

4.3. Evaluation of the EfficientDet Object Detection Model

The evolution of the total training loss, classification loss, and regression loss over
the course of the model’s optimization is illustrated in Figure 16, providing a graphical
depiction of the training dynamics of the EfficientDet architecture. The values obtained for
the training loss curve, classification, and regression at the 5800th step were 0.0634, 0.0183,
and 0.0322, respectively, indicating sufficient training. The analysis of the results revealed
that the validation mean average precision (mAP) value was 43.53%.
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Figure 16. Training, classification, and regression loss curves.
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In this section, the term “regression data” specifically refers to the bounding box
regression component of the EfficientDet object detection model. Object detection tasks
typically involve two primary objectives:

(a) Classification—determining what type of object is present (in this case, “corrosion”
vs. “no corrosion”).

(b) Regression—predicting the precise coordinates (bounding box) that the object is
localized to in the image.

In this model, the regression loss reflects the accuracy of predicted bounding box
coordinates in detecting localized objects. EfficientDet simultaneously solves a classification
task (identifying whether the object is “corrosion” or “no corrosion”) and a regression task,
which involves predicting the spatial boundaries of the object. By minimizing the regression
loss, the model refines its localization capability, ensuring that the bounding boxes tightly
encompass the corroded areas. Thus, the regression data shown in this section demonstrate
how well the model is learning to position bounding boxes around corrosion, separately
from simply classifying whether corrosion is present.

4.4. Comparisons

In this study, the CAM-K-OD model, incorporating a transfer learning-based ResNet50
CNN model, was used to locate and identify the corrosion in steel bridge structures that
develops over time under external effects. The model identifies corrosion regions and
localizes them using bounding boxes, which are then matched against the annotated
ground truth to evaluate performance. The IoU, as a criterion for assessing the spatial
alignment between predicted and actual object boundaries, was used as the primary
evaluation standard. The IoU computes the ratio of the area of the intersection between the
predicted bounding box and ground truth box (ytrue and ypred) to the area of their union.
Figure 17 provides an illustration of this process, showing how prediction overlaps are
calculated relative to the ground truth.

Figure 17. IoU calculation using predicted and reference bounding boxes.

This section compares the proposed CAM-K-OD method with two other commonly
used computer vision models: U-Net (a segmentation network) and EfficientDet (an ob-
ject detection architecture). The primary purpose of these comparisons is to demonstrate
the effectiveness of CAM-K-OD in detecting corrosion, as well as to highlight any no-
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table performance differences among the three approaches when they are applied to the
same dataset.

Figure 18 displays the expected areas of corrosion as determined by analyses of various
steel bridges. In each subfigure (a–e), the green box shows the actual corrosion (ground
truth), while the red box shows the area identified by the model. It can be seen that the
bounding boxes for each analysis using CAM-K-OD identify areas near the bounding boxes
of the actual corrosion areas.

The results enable a comparison of the performance of three computer vision models:
CAM-K-OD, U-Net, and EfficientDet. The models were evaluated on five different test
images, labeled as Figure 18a through to Figure 18e, and their average IoU was also calcu-
lated. A higher IoU indicates a better performance. Of the three architectures, CAM-K-OD
demonstrated superior spatial accuracy, yielding an average IoU of 0.731, outperforming
EfficientDet (mean IoU = 0.640) and U-Net (mean IoU = 0.633). Looking at the individual
test images, it can be seen that CAM-K-OD performs consistently well across all five im-
ages, with an IoU ranging from 0.635 to 0.783. U-Net performs well on some images (e.g.,
Figure 18c, where it had an IoU of 0.682) but not as well on others (e.g., Figure 18b, where
it had an IoU of 0.483). EfficientDet performs similarly to U-Net, but with slightly higher
IoU scores overall.

The figures also show the percentage difference in the average IoU between CAM-
K-OD and U-Net and between CAM-K-OD and EfficientDet. CAM-K-OD outperforms
U-Net by 13% and EfficientDet by 12%. Overall, the results suggest that CAM-K-OD is the
best-performing model among the three for this particular corrosion detection task.
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Figure 18. Cont.
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Figure 18. Examples of using CAM-K-OD to determine the corroded area.
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5. Discussions
In this study, a corrosion detection system for steel bridge structures was proposed

using the CAM-K-OD object detection model and compared its performance to that of the
U-Net and EfficientDet models. The proposed model accurately located corrosion in steel
bridge structures and demonstrated a superior performance on certain test sets compared
to the U-Net and EfficientDet models.

A possible limitation of this model is the need to use multiple classes to detect areas
of corrosion. That is, to better define corrosion, non-corrosive objects should be defined
as a separate class. However, the CAM-K-OD model has the advantage of being able to
quickly and practically locate corrosion areas in all images when provided with only the
input images, while the U-Net model requires the masking of all training images and the
EfficientDet model the enclosing of the corrosion areas in all training images.

Overall, the results suggest that the proposed framework offers considerable potential
as a corrosion identification and localization tool for the SHM of steel bridges. However,
while initial results underscore the superiority of CAM-K-OD over both U-Net and Effi-
cientDet within the evaluated dataset, future work should evaluate their performances
across different test sets and identify potential areas for improvement. It should also
be acknowledged that the proposed framework is one of several possible approaches to
corrosion detection, and there may be other approaches that could yield even better results.

The lighting conditions in which vision-based methods are developed and tested can
significantly impact their performance, particularly when it comes to the inspection of
bridge components. The design and development of such methods must account for the
variations in lighting conditions that may occur in real-world settings. This necessitates
laboratory-scale evaluations of the proposed method under controlled lighting conditions
to identify potential issues and refine the system accordingly. Subsequently, the method
must undergo field tests to evaluate its efficacy in practical scenarios. By addressing the
impact of lighting conditions and conducting rigorous testing, vision-based methods for
bridge component inspection with improved performance and reliability can be developed.
In this study, test analyses were carried out on images taken in the most suitable lighting
conditions. To achieve more accurate and sensitive determinations, a dataset should be
created that takes into account all light conditions (shade, sunset, daylight, cloudy weather,
rainy weather, etc.).

6. Conclusions
This work has presented a novel corrosion detection system that uses a CNN-based

pre-trained model for deep learning, the CAM-K-OD object detection model, which can be
used for the detection of corrosion occurring in steel bridge structures. Built using transfer
learning and visual localization techniques, the system was evaluated alongside U-Net and
EfficientDet to determine its effectiveness in identifying corroded regions.

In binary classification tasks, the model achieved 1.00 in all three key classification
metrics, indicating its excellent ability to accurately identify instances of “corrosion” and
“no corrosion” with negligible false detections. This is a crucial aspect of this corrosion
detection system, as accurately identifying the presence or absence of corrosion is essential
for accurately assessing the condition of steel bridge structures.

Subsequently, the performance of the three models were assessed using the IoU. The
CAM-K-OD model achieved the highest mean IoU score of 0.731, slightly higher than the
EfficientDet, with an average IoU of 0.640, and the U-Net, with an average IoU of 0.633.

Overall, the results suggest that the CAM-K-OD object detection model performs well
in detecting corrosion in steel bridge structures, with a strong classifier and a slightly higher
average IoU compared to the U-Net and EfficientDet models. Its perfect classifier scores



Appl. Sci. 2025, 15, 11929 21 of 22

ensure that corrosion is correctly identified, while the slightly higher average IoU of the
CAM-K-OD model suggests that it can accurately detect corrosion areas, with a slightly
higher overlap with the ground truth compared to the U-Net and EfficientDet models.
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