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Research on the performance of
the SegFormer model with fusion
of edge feature extraction for
metal corrosion detection

Bingnan Yan, Conghui Wang & Xiaolong Hao™

Addressing the challenge that existing deep learning models face in accurately segmenting metal
corrosion boundaries and small corrosion areas. In this paper, a SegFormer metal corrosion detection
method based on parallel extraction of edge features is proposed. Firstly, to solve the boundary
ambiguity problem of metal corrosion images, an edge-feature extraction module (EEM) is introduced
to construct a spatial branch of the network to assist the model in extracting shallow details and edge
information from the images. Secondly, to mitigate the loss of target feature information during the
reconstruction of the decoder, this paper adopts the gradual upsampling decoding layer design. It
introduces the feature fusion module (FFM) to achieve hierarchical and progressive feature fusion,
thereby enhancing the detection of small corroded areas. Experimental results show that the proposed
method outperforms other semantic segmentation models achieving an accuracy of 86.56% on the
public metal surface corrosion image dataset and reaching a mean intersection over union (mloU) of
91.41% on the BSData defect dataset. On the Self-built tubing corrosion pit image dataset, the model
utilizes only 3.60 MB of parameters to achieve an accuracy of 96.52%, confirming the effectiveness and
performance advantages of the proposed method in practical applications.

Keywords Image semantic segmentation, Metal surface corrosion image, Tubing corrosion pit image, Edge-
feature extraction

Research indicates that annual economic losses caused by corrosion accounts for approximately 2% to 4% of
the national gross domestic product (GDP), with around 10% of the steel produced globally being consumed by
corrosion!. Due to the extensive and diverse corrosion phenomena, its occurrence and related costs are difficult
to completely eliminate. However, most studies suggest that effective corrosion management practices could
save 25% to 30% of annual corrosion costs?. In this context, the detection and protection of metal corrosion
are particularly important, especially in the evaluation of material service status, failure analysis and remaining
service life.

Traditional corrosion detection methods, such as manual inspection or detection based on traditional
image processing, often rely on expert experience, are inefficient and susceptible to subjective factors. With
the development of computer vision technology, the detection method based on a deep learning model has
significantly enhanced the intelligence of metal surface corrosion detection. The main idea of this method is
to use a deep learning model to semantically segment the pixels of a metal surface corrosion image, extract
the texture, shape, and other features of the corrosion area through model training, and quantify the corrosion
degree according to the corrosion area’. At present, metal surface corrosion image detection algorithms based
on deep learning can be divided into two categories. One is to extract corrosion features from the image through
image semantic segmentation based on CNN model architecture. The other is the metal surface corrosion
detection method based on the Transformer model. The image semantic segmentation method based on CNN
model architecture has outstanding performance in metal surface defect detection*. However, due to the limited
receptive field of convolutional neural networks applied in extracting pixel features, the lack of comprehensive
understanding of context information leads to the insufficient accuracy of image semantic segmentation,
which affects the accuracy of metal surface corrosion detection. The Transformer model has the advantage of
global perception. In the image semantic segmentation task, it can simultaneously consider the pixels in each
position of the image, capture the long-distance dependency between pixels, and achieve an overall perception
and high-level understanding of the entire image, thus compensating to some extent the shortcomings of the
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CNN model in dealing with long-distance dependency”~’. However, although Transformer has demonstrated
strong performance in image segmentation tasks, traditional Transformer models still face many challenges
when processing high-resolution images due to heavy computation and low efficiency. To solve these problems,
SegFormer was created. In recent years, many scholars have tried to apply the advantages of SegFormer to
metal surface corrosion detection, achieving promising results®~!%. SegFormer is a semantic segmentation
model combining the Transformer architecture with an efficient decoding structure, which can make full use
of the advantages of Transformers in capturing long-range dependencies and global context information, while
avoiding the computational and efficiency bottlenecks of traditional Transformer models. Through adaptive
feature extraction and cross-level feature fusion, SegFormer can achieve accurate segmentation of corrosion
regions in complex environments, effectively improving the robustness and accuracy of the model.

However, although SegFormer demonstrates strong performance in metal surface corrosion detection, it still
faces some challenges, especially when dealing with blurred boundaries and irregular shapes of the corrosion
areas. Metal surface corrosion images often have boundary blurring, irregular shapes and other issues, which
lead to detail loss, texture blurring and edge segmentation errors when deep learning models are used for pixel
segmentation''2. To solve the above problems, and to improve the semantic segmentation accuracy of image
edge pixels, this paper proposed a SegFormer model based on parallel extraction of edge features. The main
contributions of this paper include three aspects:

(1) An edge-feature extraction module (EEM) was proposed. Sobel operator, multi-scale convolution, and Lap-
lacian operator were used to construct a parallel structure to extract the boundary features of the corrosion
region and obtain the shallow Edge information of the corrosion region. The extra branches of the network
constructed by edge operators improve the model’s accuracy for boundary segmentation of irregular metal
surface corrosion.

(2) Considering the limited accuracy of the model due to the simple structure of the SegFormer decoder, this
paper adopted the design of a gradually up-sampling decoding layer, proposed the feature fusion module
(FFM) to achieve hierarchical feature fusion, and gradually up-sampling to recover the details of the cor-
roded image. Through skip connection, the low-level and high-level features are fused to integrate mul-
ti-scale information and improve the robustness and accuracy of model segmentation.

(3) To verify the effectiveness of the proposed method, this paper established a dataset of tubing corrosion pit
images to verify the performance of the SegFormer model based on parallel edge-feature extraction in the
actual tubing corrosion pit image detection task, providing a valuable reference for corrosion detection in
industrial applications.

Related works

Corrosion detection

The detection of corrosion areas mainly includes metal surface corrosion detection based on traditional
algorithms and metal surface corrosion detection based on deep learning. Metal surface corrosion detection
based on traditional algorithms is mainly divided into threshold methods!*!4, morphological methods!>!¢, edge
detection method'”'®, and texture analysis'*-?!. These traditional methods are simple and easy to implement,
but they generally have the disadvantages of low detection accuracy and being susceptible to background noise.
In contrast, deep learning methods can automatically extract corrosion features from images, thus ensuring
high-precision segmentation of the detected object. Liu et al.>* used the VGG19 model to extract the damage
and corrosion characteristics of steel plate coating, and combined it with the Faster R-CNN algorithm for defect
detection. Srivastava et al.”> used the UNet-8 layer architecture to analyze and classify corroded areas in images.
Fondevik et al.** used PSPNet and Mask R-CNN for automatic image analysis of the self-built corrosion dataset.
Tan et al.?® built the DSNet model based on YOLOx, and demonstrated its accurate detection accuracy and
segmentation performance in tunnel bolt detection and corrosion region segmentation tasks. Huang et al.26
used the idea of ShuffleNetv2 to build a lightweight residual deep learning model, which achieved significant
accuracy improvement in the metal surface corrosion segmentation task. Yin et al.”” combined edge information
and class balance loss with UNet to build a DeepSC-Edge model, and achieved excellent segmentation accuracy
on the self-built corrosion image dataset. The above methods demonstrate the superior performance of the
image semantic segmentation method based on CNN in metal corrosion detection. However, CNN has a limited
receptive field and lacks contextual understanding when extracting features of pixels, resulting in low accuracy
of image semantic segmentation, which affects the detection accuracy of metal surface corrosion.

Edge detection

In image segmentation, the edge information of the measured object plays a crucial role. The edge information
can help the segmentation algorithm to capture the boundary and contour of the measured object more
accurately, improving the precision and detail of segmentation. Xiao et al.?® generated significant refined
boundary information from the rough outline obtained by the Canny detector and integrate it into the BASeg
framework to obtain fine boundary information. Zhu et al.?® used the Sobel operator to design edge spatial
attention blocks enhancing edge features and gradually extract edge features. Jagadeesh et al.** obtained edge
features of varying granularity by subtracting average pooling values of different sizes from local convolutional
feature maps and using these features at each step of the encoder to obtain reliable edge information. Tsai
et al.’! used the traditional Sobel edge detection algorithm to obtain a large amount of edge data to assist in
model training, effectively enhancing feature representation without compromising inference speed. Bui et al.*?
constructed a multi-scale edge-guided attention network using Laplace operators to enhance the segmentation
of weak boundary targets by preserving high-frequency edge information. Ma et al.>* proposed the Laplacian
operator-based active contour model (LOACM), which effectively enhances image edge detection capabilities
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by utilizing the edge-sensitive properties of the Laplacian operator. Li et al.3* constructed a dual extraction
network model that uses the Laplacian operator to reduce edge blurring in underwater images, thereby
enhancing edge clarity. Guo et al.*> used four traditional edge detection algorithms—Canny, Sobel, Roberts,
and Prewitt—to preprocess input images. The extracted edge features were used as input for an LVQ (Learning
Vector Quantization) network with dynamic learning capabilities®®, making the predictions at the edges more
accurate. Li et al.*” used six gated mechanism modules to construct edge detection branches in the encoder to
provide edge information for semantic segmentation and improve segmentation performance. Based on the
above methods, this paper combines the traditional edge detection algorithm with multi-scale convolution to
construct an edge-feature extraction module to improve the edge segmentation accuracy of the detected object.

Semantic segmentation method based on transformer

Inspired by the success of the Transformer in natural language processing, some researchers have applied this
model and its variants to image semantic segmentation research®-4°. Transformer models have the advantage
of global perception, allowing them to consider pixels from all positions in an image simultaneously during
semantic segmentation tasks. They effectively capture long-range dependencies between pixels, achieving a
comprehensive and high-level understanding of the entire image. This, to a certain extent, compensates for the
shortcomings of CNN models in handling long-range dependencies. Dosovitskiy et al.*! applied the hierarchical
Transformer structure ViT model to image classification for the first time. Zheng et al.® proposed the SETR model
based on the ViT model, replacing CNN with pure Transformer as the encoder, regarded semantic segmentation
as a sequence-to-sequence prediction task, and achieved 48.64% mIoU on the ADE20K dataset with single-scale
inference. Strudel et al.*? proposed Segmenter, which uses a ViT-based encoder and mask Transformer decoder
to generate per-pixel class labels from attention maps between image patches and class embeddings. However,
its backbone network can only output features at a single scale and has a high computational cost. To overcome
this issue, The current solutions*~% mainly use hierarchical structures to extract features of different scales and
introduce local computation to reduce the computational complexity of the model. However, these improvement
methods mainly focus on the encoder design of the Transformer, while the role of the decoder has been largely
overlooked.

Xie et al.*® proposed SegFormer, which uses a hierarchical Transformer encoder without position coding to
output fine-grained features with high resolution and coarse-grained features with low resolution at the same
time, to better capture local and global information in images. A lightweight MLP (Multilayer Perceptron)
decoder aggregates different levels of information to produce a simple, intuitive yet powerful representation.
By layering the feature map and lightweight model, SegFormer achieves the characteristics of high precision,
low computational cost, and small model volume, which gives it more prominent advantages and potential
in metal surface corrosion detection tasks. However, due to the blurred boundary and irregular shape of the
metal corrosion image, the SegFormer model has some problems such as the loss of details, texture, and edge
segmentation errors during pixel segmentation. Therefore, it is necessary to further study and use edge features
to segment metal corrosion images more accurately.

Methods

Network architecture

Given the problem that the SegFormer network frequently uses the Transformer self-attention mechanism,
which causes the network to pay too much attention to high-level abstract information and ignore shallow low-
level information such as edge and texture in the image, this paper uses the edge-feature extraction module to
construct spatial branches within the network for extracting edge information from images. Since the shallow
network contains rich edge information, the auxiliary branch built by the EEM module is used in this paper as
the skip connection layer between the transformer block 1 module and the decoding layer in the SegFormer
backbone. The auxiliary branch accepts the low-level semantic information from the output of the first layer of
the encoder, extracts the edge features of the image, and provides these features to the decoder to restore the
feature edge information of the image. The SegFormer metal corrosion image segmentation network based on
parallel edge-feature extraction is shown in Fig. 1.

In the design, the EEM module is placed only in the first layer because the feature map at this layer contains
the richest and most comprehensive edge information. Due to the multi-layer feature extraction mechanism of
the Transformer, global semantic information becomes progressively stronger as the network depth increases,
while local details, such as edge features, are gradually diluted or overwritten. Therefore, introducing edge
information into the FEM of other layers may not be as effective as in the first layer. By directly passing the edge
information extracted by the EEM to the FFM in the final layer, the model can fully utilize these fine-grained
edge features during the decoding stage, thus significantly improving segmentation accuracy. Moreover, the final
FFM layer receives edge features from the EEM, allowing the model to enhance its detail modeling capability
based on global semantic information, without the need to frequently introduce edge features into intermediate
layers. This design avoids interference from edge information in the consistency of global semantic modeling
in intermediate layers, while significantly reducing computational costs and model complexity. By introducing
edge features only in the final layer FFM, the design strikes the optimal balance between model performance
and computational overhead.

Edge-feature extraction module (EEM)

The Sobel operator has the characteristics of simple calculation, fast speed, easy implementation, and effective
detection of image edges, while the Laplacian operator can enhance the finer details within the image. Based
on the advantages of the two operators, this paper uses the Sobel operator, multi-scale convolution operator,
and Laplacian operator to construct a parallel edge-feature extraction module. Branch 1 of the edge-feature
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Fig. 1. SegFormer network optimization structure for parallel extraction of edge features.

extraction module highlights the edges of the detected region through Sobel edge detection and captures
the features of the detected object at different scales by multi-scale convolution. Branch 2 uses the Laplacian
operator to optimize the design of parallel structures and enhance the module’s ability to extract details. By
fully combining the advantages of the Sobel operator and the Laplacian operator, the network can capture the
edge features of the detected object more comprehensively and extract more abundant details, and improve the
segmentation precision and accuracy of the corroded image.

The edge-feature extraction module of this paper is shown in Fig. 2. The parallel structure of the Sobel
operator and the Laplacian operator is used to construct the auxiliary branch of the SegFormer backbone
network. The edge operator module is configured as a fixed kernel in the convolutional layers so that the model
can automatically learn the edge information from the image. In the edge-feature extraction module, the input
features of each branch are first adjusted by a 1 X 1 convolution layer, then an edge filter composed of two
operators is used to extract edge features. For the Sobel edge detection branch, three depth separable convolution
layers of different scales (3 X 3,5 X 5,7 x 7) are joined in parallel. At the same time, the number of parameters
and computational complexity are reduced while the features of different scales are captured. Finally,a 1 x 1
convolution layer is used for channel scaling. The process of the edge-feature extraction module is expressed as
follows:

Fsopet =fconvt (Fx) ® (Gsobet * Ssobet) + Bsobet 1)

Fi =fconv1 ([fDsconvaxs(Fsobel); fDsConusxs(Fsobel); fpsconvrx7(Fsovet)]) s (2)
Frp =fconv (Fx) ® (Grp * Sip) + Brp, (3)

Ye =foonv1 ([F1, Frp)) , )

where fconvi (+) represents 1 X 1 convolutional layer; fconvaxs, fconvsxs and fconv7x7 represent
3 x 3,5 x b5and 7 x 7 depth separable convolution; Fix represents input signal; ® represents the depth-wise
convolution; G'sobel and G represent Sobel filter and Laplacian filter; *denotes the channel-wise broadcasting
multiplication; Ssobel and SLp, represent the scaling parameters; Bsobel and Brp, denote bias in the convolutional
layer; Fsobel, F'1 and F1p, reprobel operator, multi-scale convolution and Laplacian operator respectively. Y&
refers to the edge features obtained after 1 x 1 convolution layer concatenation and fuses the features extracted
by two branches.

In the metal corrosion segmentation task, the model needs to accurately segment the corrosion region from
the background, which places high demands on edge detail modeling and the capture of multi-scale features.
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Fig. 2. Architecture of EEM.

To address this, the EEM module combines the advantages of the Sobel operator and the Laplacian operator to
extract the edge features of the corrosion area from both local and global perspectives.

The Sobel operator captures local edge details by calculating the direction and magnitude of grayscale
changes. Since the boundaries of metal corrosion regions exhibit significant scale differences, single-scale edge
extraction is insufficient to describe the complex corrosion features. Therefore, multi-scale depthwise separable
convolutions (3 x 3,5 x 5and 7 x 7) were introduced into the Sobel branch to effectively enhance the model’s
ability to perceive edge features at different scales. This also enables a comprehensive description of the corrosion
region’s edge details by merging multi-scale information. This design not only improves the model’s robustness
but also reduces computational overhead through depthwise separable convolutions. In contrast, the Laplacian
operator, based on the second-order derivative property, is primarily used to capture global information about
the overall edge structure. Compared to the Sobel operator, the Laplacian focuses more on the global shape
characteristics of the boundary rather than on fine-grained local details. Due to its strong global modeling
capability, there is no need to further model local features through multi-scale convolutions. This design
simplifies the model structure while avoiding unnecessary computational overhead.

Finally, the multi-scale edge details extracted by the Sobel branch are fused with the global edge structure
extracted by the Laplacian branch through the channel scaling mechanism. This edge feature fusion allows the
model to complement one another in fine-grained boundary modeling and global shape understanding, thus
improving segmentation performance. The Sobel branch accurately captures complex edge details and features
at different scales, while the Laplacian branch provides supplementary global semantic boundary information.
The synergistic effect of both branches significantly enhances the model’s performance in metal corrosion
segmentation tasks.

In SegFormer, the multi-layer structure of the Transformer often causes local details to be gradually
overshadowed by global information during transmission, leading to the loss of details such as edges. The edge
information in the first layer is typically more abundant because the local details in the feature map have not yet
been excessively influenced by global information. By introducing an EEM module between Transformer Block
1 and the decoder, the model can effectively extract rich edge features. This not only enhances the representation
of edge information but also ensures that this information is preserved and further refined at subsequent levels.
Placing the EEM module at this position allows for the effective integration of global information extracted by
the Transformer and fine-grained edge features during the decoding phase, aiding in the accurate capture of
complex boundaries and small object details. This configuration enables the model to retain a global contextual
understanding while precisely capturing local details in the image segmentation process. It is especially beneficial
when handling complex scenes or images with blurred boundaries, as it significantly improves segmentation
accuracy and performance.

Feature fusion module (FFM)

The output of the original SegFormer encoder contains low-level detailed features such as edges and textures,
and high-level semantic features such as target shapes and classes. However, its decoder layer simply combines
local attention with global attention, and aggregates multi-scale information from different coding layers, such
as simple dimensional concatenation and upsampling, It cannot fully integrate high-level semantic information
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and low-level detail information, and restore multi-scale features extracted by the coding layer, resulting in the
loss of target feature information. In addition, the original SegFormer decoder mainly relied on MLP (Multilayer
Perceptron) and simple convolution operations to fuse features from different levels. While this design is simple
and efficient, it introduces additional parameters and computational overhead when fusing multi-scale features,
especially when handling high-dimensional feature maps.

To effectively recover high-resolution output from the features transmitted by the encoder, this paper adopts
a step-up sampling decoding layer design and introduces a feature fusion module (FFM) to achieve hierarchical
and progressive feature fusion. At each level of the decoder, the feature map after the reduced resolution is
fused with the high-resolution feature map of the corresponding level in turn, and upsampling is performed
step by step to reduce the loss of detail information while fusing multi-scale feature information, to strengthen
the feature propagation and fusion, so that the network can better adapt to the targets and details of different
scales, and thus improve the segmentation performance of the network. To further reduce the number of
parameters and computational complexity, the feature fusion module (FFM) adopts depthwise separable
convolutions, decomposing standard convolutions into depthwise and pointwise convolutions. By employing
simple addition and concatenation operations, the module effectively fuses feature maps of different scales.
Through these efficient convolutional operations and feature fusion, the FFM ensures reasonable control of the
spatial dimensions and number of channels in the feature maps, while preserving key information and reducing
computational overhead.

The feature fusion module of this paper is shown in Fig. 3. First, low-level semantic features and high-level
semantic features containing edge information are summed to obtain preliminary semantic features, and edge
details and global context information are integrated to make up for the shortcomings of a single feature in
semantic expression. The initial semantic features are spliced with the original low-level and high-level semantic
features to expand the feature space, so that the model can capture more semantic information and form a
rich feature representation. In order to improve efficiency, deep separable convolution is applied to the spliced
features to extract features, which can effectively capture multi-scale information and significantly reduce the
computational cost. The 1 x 1 convolution layer and sigmoid activation function are then used to generate an
attention map, which is multiplied by elements with the original low-level and high-level semantic features
to further enhance the edge feature representation. This attention mechanism allows the model to focus on
key feature areas and filter out irrelevant background and noise. Finally, the processed features are spliced and
fused, and the final fusion features are obtained through 1 x 1 convolution. This process effectively combines
edge information, global context information and multi-scale features to ensure the optimal balance between
semantic integrity and detailed description of the output features.

F' =Fpage @ Fc, )

Fa =0 (fconvt (fpsconvsxs [Frage, F'])) (6)
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Fig. 3. The architecture of the feature fusion module (FFM).
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where Fiage, Fcand F' represent low-level semantic features containing edge information, high-level semantic
features and aggregated preliminary semantic features respectively, fconv1 (+) denotesa 1 x 1 convolution layer;
fDsconvaxs represents 3 x 3 depth separable convolution; o denotes sigmoid activation function; © represents
element-by-element multiplication; Fa and FB denotes the generated attention graph; Y represents the final
fusion feature obtained by concatenated and fused the processed features and then passing through the 1 x 1
convolution layer.

Compared to the original SegFormer decoder, the FFM module, by introducing and enhancing edge
information, is better suited for modeling complex boundaries and fine-grained features. By combining low-
level and high-level semantic features, it achieves collaborative modeling of global semantic relationships and
local edge details, significantly improving segmentation accuracy. Meanwhile, the application of depth separable
convolution significantly reduces computational costs while ensuring feature extraction capabilities, thereby
enhancing the model’s efficiency. Additionally, the effective extraction of multi-scale information makes the
module more robust to target regions with significant scale variations, such as corrosion pits, allowing for more
accurate segmentation.

Experiments

This section introduces the dataset, evaluation metrics, experimental setup, loss function, and hyperparameter
settings. Then, comparative experiments are conducted with different models, and the experimental results are
analyzed. Finally, tests are performed to verify the robustness and generalization capabilities of the proposed
model.

Dataset

Three datasets were used in this experiment: the metal surface corrosion image dataset produced by the University
Libraries Virginia Tech?’, the self-built tubing corrosion pit image dataset, and the Industrial Machine Tool
Element Surface Defect Dataset*.

Metal surface corrosion public image dataset

The metal surface corrosion image dataset produced by the University Libraries Virginia Tech is semantically
annotated based on the Bridge Inspector’s Reference Manual (BIRM) and the Corrosion Status guidelines of
the American Association of State Highway and Transportation Officials (AASHTO). The dataset contains 440
images and is classified into four categories: Background, Fair, Poor, and Severe.

Aiming at the lack of original data, the insufficient amount of training data negatively impacts the
performance of image semantic segmentation. In this paper, the dataset is divided into the training set and the
test set according to the ratio of 9:1. Each image was adjusted to a 512 x 512 pixel small image, allowing a 0.5
overlap ratio between the small images. Given the problem that the local information of the incorrectly labeled
image is amplified due to slice processing, the abnormal data is removed when used. Finally, themetal surface
corrosion image dataset is obtained, which consists of 5121 training sets, 570 validation sets, and 338 test sets.

Self-built tubing corrosion pit image dataset

The self-built tubing corrosion pit image dataset is collected from the oil field pipelines and photographed under
different lighting, angles, and other conditions to ensure the diversity of the data. After manual filtering, a total
of 227 images were retained. Data annotation is done by three professionally trained graduate students using
Labelme annotation tools to ensure accuracy and consistency. The completed tubing corrosion pit image and its
corresponding label are shown in Fig. 4, where the red mark represents the area of the corrosion pit. After the
same image processing method, 1230 training images, 137 validation images, and 128 test images are obtained.

The industrial machine tool element surface defect dataset (BSData)

The BSData dataset contains 1104 images with 3 channels and 394 annotated images for the surface damage type
‘pitting’. In this study, 394 annotated images were used. After applying the same image processing methods, the
final pitting image dataset consists of 621 training images, 70 validation images, and 72 test images, with a size
of 448 x 448 pixels for the processed images.To describe the class distribution of the three datasets used, Table 1
shows the corrosion ratios for each dataset, where the corrosion ratio refers to the ratio of corrosion pixel count
to the total pixel count in an image.

Evaluation metrics

In this paper, mean Intersection over Union (mIoU), Accuracy (Acc), model parameters (Params), Floating
Point Operations per Second (Flops), and Frames Per Second (FPS) were evaluated. The average intersection
over union (IoU) is the mean value of the IoU across all categories, used to evaluate the accuracy of the model
segmentation results. Accuracy is calculated by dividing the number of correctly predicted samples by the total
number of samples, used to measure the model classification performance. The number of model parameters
is calculated by counting all the learnable parameters within the model, used to assess the computational
complexity of the model. Flops refer to the number of floating-point operations the model can perform per
second, used to measure the computational performance of the model. Frames per second (FPS) indicate the
number of image frames the model can process and display in one second, used to measure the speed of the
model segmentation. The model parameters are measured in MB, and the FLOPs are measured in GFLOPs
(billion floating-point operations).
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Fig. 4. Samples of our self-built tubing corrosion pit image dataset.

Training and validation data Test data
Corrosion ratio Corrosion ratio
Dataset | Fair Poor Severe | Background (%) | Fair Poor Severe | Background (%)
(1) 21.00% | 10.90% | 2.40% | 64.50 19.90% | 12.80% | 1.70% | 67.20
2) 17.18% 82.82 18.90% 81.10
3) 1.27% 98.73 1.34% 98.66

Table 1. Class distribution of the dataset used in the current work. (1) Metal surface corrosion public image
dataset; (2) Self-built tubing corrosion pit image dataset; (3) The Industrial Machine Tool Element Surface
Defect Dataset

Loss function

Focal loss is used to address the class imbalance in the metal corrosion dataset. Due to the imbalance between
positive and negative samples, misclassification is common during training. Focal loss effectively alleviates the
problem of difficult sample training by adjusting the weights of the loss function.The loss is defined as follows:

L Focal (pt) = (1 - pt)’y lOg (pt) . (9)

Focal loss reduces the loss for easily classified samples by introducing a tunable scaling parameter -y, which
focuses the model’s training on difficult samples. This allows the model to concentrate more on learning the
features of hard-to-classify samples, improving classification accuracy on these challenging instances. In this
paper, - is set to 2. p; represents the ratio of the number of pixels of the target class to the total number of pixels
in the image.

Impact of hyperparameters

This section discusses the impact of hyperparameters, with results shown in Table 2. Batch size and learning rate
are critical hyperparameters in deep learning training. By properly adjusting these two hyperparameters, the
training efficiency and performance of the model can be effectively improved.

All experiments were performed on the Linux 5.4.0-126-generic 64-bit operating system. The hardware
configuration includes an Intel(R) Xeon(R) Platinum 8255C CPU with 12 vCPUs and two NVIDIA GPUs: an
RTX 3090 (24GB) GPU for training and an RTX 3060 GPU for inference. The experiments were conducted using
the PyTorch deep learning framework, with the development environment consisting of Python 3.8, PyTorch
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Learning rate | Batchsize | Epoch | Training loss | Validation loss | mIoU (%)
0.001 8 300 0.047 0.061 91.15
0.001 16 300 0.042 0.056 91.2
0.0001 8 300 0.048 0.06 91.16
0.0001 16 300 0.038 0.054 91.41

Table 2. Result of impact discussion of hyperparameters.
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Fig. 5. Class distribution of the dataset used in the current work.

1.13.1, and CUDA 11.6. The proposed model was trained on the following datasets: the metal surface corrosion
image dataset, the self-built tubing corrosion pit image dataset, and the BSData dataset. When using the RTX
3090 for training, the model training times were approximately 26 h for the metal surface corrosion image
dataset, 8 h for the self-built tubing corrosion pit image dataset, and 4 h for the BSData dataset. During inference
with the RTX 3060, the inference time per image was approximately 14-16 ms. Adaptive Moment Estimation
(Adam) was used for model training. The cosine annealing strategy is employed to adjust the learning rate,
and a momentum of 0.9 is used to update the network parameters. The training consists of 300 epochs, with a
batch size set to 16 and an initial learning rate of 0.0001. The results of the hyperparameter impact analysis are
shown in Table 2. Training plots (showing both training loss and validation loss) have been generated. In Fig. 5,
a smaller learning rate of 0.0001 allows for more fine-grained optimization of the model, demonstrating a more
stable training process and lower validation loss. On the other hand, the larger batch size of 16 yields better
performance across training loss, validation loss, and mloU, indicating that it facilitates more stable gradient
updates, thus improving overall model performance. Moreover, the experiment used 300 training epochs, which
is sufficient to ensure that the model converges on the dataset, and the training process remains stable. The
model achieves the best performance when the learning rate is 0.0001, the batch size is 16, and the number of
training epochs is 300.

Comparison method selection

The comparison models used in this paper include CNN-based models such as U-Net, HRNet, and DeepLabv3+,
as well as Transformer-based models such as SETR, Segmenter, Swin Transformer, and SegFormer. CNN-based
models excel in handling local details and fine-grained features in metal corrosion segmentation tasks. Among
them, U-Net adopts a U-shaped network structure with downsampling and upsampling paths. The encoder part
uses convolutional and pooling layers to extract high-level semantic features by gradually reducing the size and
channels of feature maps. The decoder part employs transposed convolutional layers and skip connections to
restore the size and channels of feature maps while fusing low-level features from the encoder with high-level
features from the decoder to recover spatial details and achieve precise segmentation. In metal surface corrosion
segmentation tasks, U-Net extracts contextual information through the encoder and performs accurate
localization through the decoder. HRNetadopts a parallel multi-resolution subnetwork design and repeated multi-
scale fusion operations, enabling each high-to-low resolution representation to repeatedly receive information
from other parallel representations, thereby obtaining rich high-resolution representations. Through parallel
multi-resolution convolutions and repeated multi-resolution fusion, HRNet maintains high-resolution features
and effectively integrates cross-scale information, making it suitable for fine-grained segmentation tasks such as
metal surface corrosion segmentation. DeepLabv3+ consists of an encoder and a decoder. The encoder uses a
backbone network with dilated convolutions to extract features from the input image and integrates multi-scale
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contextual information through the ASPP module, enhancing the model’s ability to segment objects at different
scales. The decoder gradually restores spatial resolution through upsampling and fuses low-level and high-level
feature maps to produce high-quality semantic segmentation results. It primarily relies on the pyramid pooling
module, which extracts image features through convolutions at different dilation rates and multiple effective
receptive fields, and encodes multi-scale contextual information through pooling operations, thereby improving
the model’s accuracy in metal surface corrosion segmentation tasks. Unlike traditional convolutional neural
networks, SETR abandons convolutional operations and employs a pure Transformer encoder to extract global
semantic information from images. By treating semantic segmentation as a sequence-to-sequence prediction
task, SETR better captures global contextual relationships in images. Its Transformer encoder models global
semantic information and captures long-range dependencies, enabling it to better handle the complex textures
and distributions of corrosion regions while demonstrating strong robustness and scalability. The Segmenter
model shares some similarities with SETR in its basic framework, as both treat semantic segmentation as a
sequence-to-sequence problem and use Transformer structures for image segmentation. While SETR focuses
on feature extraction using Transformers, Segmenter innovatively incorporates object queries and category
embedding mechanisms, leveraging cross-attention operations to more finely process image patches and
category information, generating pixel-level category labels. Its self-attention mechanism allows the model
to directly model interactions between any pixels in the image, overcoming the limitations of traditional
convolutional neural networks in local receptive fields, thereby more accurately identifying the complex textures
and distributions of corrosion regions. Swin Transformer divides the image into multiple patches and performs
self-attention calculations within each window, avoiding the high computational cost of global self-attention.
Additionally, the model adopts a hierarchical structure similar to convolutional neural networks, gradually
extracting features at different scales through layer-by-layer downsampling. This design not only improves
computational efficiency but also preserves the Transformer’s ability to model long-range dependencies. By
introducing sliding windows and hierarchical self-attention mechanisms, Swin Transformer efficiently processes
high-resolution images in metal surface corrosion segmentation tasks, accurately capturing the complex textures
and distributions of corrosion regions, while its hierarchical structure enables the model to balance local details
and global information.

The images of metal surface corrosion exhibit significant common features, such as irregular textures, color
variations, changes in brightness and local contrast, and uneven distribution of corrosion areas. SegFormer, a
lightweight semantic segmentation model, can effectively capture these subtle changes through adaptive feature
extraction and cross-layer feature fusion, enabling accurate localization and identification of the corrosion areas.
Its hierarchical Transformer encoder combined with a simple and efficient All-MLP decoder allows SegFormer
to extract multi-scale features precisely while reducing computational overhead, making it particularly suitable
for small and complex corrosion regions. Meanwhile, corrosion areas are often affected by uneven lighting and
image noise. SegFormer can better model multi-scale features and improve the model’s robustness in complex
environments by incorporating multi-scale feature fusion and global contextual information. Moreover,
SegFormer ensures high segmentation accuracy in high-resolution image processing while maintaining efficient
computation and real-time inference performance, giving it a strong application advantage in metal corrosion
detection tasks. It can accurately and robustly handle various types of corrosion images.

Models based on CNN, such as U-Net, HRNet, and DeepLabv3+, can handle local details and fine features
well in the metal corrosion segmentation task. However, they have certain limitations in modeling long-range
dependencies. Transformer-based models, like SETR, Segmenter, and Swin Transformer, excel at capturing
global context and long-range dependencies but often overlook small local features, and they tend to have
high computational complexity, resulting in slower inference speeds, which makes them less suitable for real-
time applications. In contrast, SegFormer combines the strengths of both CNNs and Transformers, allowing
for precise segmentation of corrosion areas while maintaining efficient computation and real-time inference
capabilities. Therefore, this paper aims to improve SegFormer and compare it with traditional CNN-based
models (such as U-Net, HRNet, and DeepLabv3+) and Transformer-based models (such as SETR, Segmenter,
and Swin Transformer). Through experiments, the paper demonstrates the performance advantages of the
improved SegFormer in the metal surface corrosion segmentation task, especially in terms of global context
modeling, local detail capture, computational efficiency, and inference speed.

Experiment

To validate the segmentation accuracy of the SegFormer model, which is based on parallel edge-feature
extraction in the metal surface corrosion image detection task, this paper utilizes the edge-feature extraction
module as an auxiliary branch of the backbone network and places it between the Transformer Block 1 module
and the decoding layer as a skip connection layer aimed at capturing and transmitting edge information within
the images. In addition to introducing the auxiliary branch, the decoding layer has been optimized with the
gradual upsampling design. The feature fusion module is introduced to achieve hierarchical feature fusion by
combining features of different scales, capturing local detail changes while preserving the global context of the
image. To validate the effectiveness of the proposed model, this paper utilizes the Metal Surface Corrosion public
image dataset, the self-built tubing corrosion pit image dataset, and the BSData dataset for experiments. The
proposed algorithm is compared and validated against other algorithms using the evaluation metrics detailed in
the previous section. The evaluation metrics, experimental environment, and parameter settings mentioned in
this chapter have already been elaborated in the previous chapter, and thus will not be repeated here.
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Model mloUt | Acct | FPS?T | ParamsJ | Flops |
SegFormer 66.20 85.32 66.37 3.72 6.78
SegFormer-Sobel 66.07 85.96 52.96 3.76 9.55
SegFormer-Laplacian | 66.11 86.13 55.95 3.78 9.09
SegFormer-EEM 67.45 86.53 48.12 3.87 9.13

Table 3. Ablation experiment of edge operator in EEM. Significant values are in bold.

Model mloU1T | Acct | FPS®T | Params | | Flops |
SegFormer 66.20 85.32 66.37 3.72 6.78
SegFormer-LawinASPP¥ | 59.33 81.36 34.95 3.45 3.09
SegFormer-FFM 66.25 86.03 69.81 3.58 2.79

Table 4. Ablation experiment with decoder. Significant values are in bold.

Experiments based on metal surface corrosion public image dataset

Firstly, ablation experiments were conducted on the metal surface corrosion public image dataset to analyze the
effectiveness of each component of the proposed method, and then the performance of the proposed method
was compared to other methods to verify the superiority of the proposed method.

Impact of edge operator In this paper, SegFormer MiT-B0 is used as the baseline model to analyze the validity
of the three-branch edge detection operator in the edge-feature extraction module. According to the experimen-
tal results in Table 3, SegFormer introduced with the EEM module was 67.45% mloU. Compared to the Seg-
Former models with single Sobel or Laplacian operator modules, the SegFormer-EEM shows improvements in
mloU by 1.38% and 1.34%, respectively. Compared to the baseline SegFormer, the mIoU is improved by 1.25%
and accuracy (Acc) by 1.21%.

The experimental results show that the edge detection performance of individual Sobel and Laplacian
operators is limited, and introducing a single edge operator as an auxiliary branch in the baseline SegFormer
does not improve performance. In the EEM module, the Sobel operator extracts edge information, while the
Laplacian operator extracts high-frequency and texture information from the image. The combination of
these two operators provides richer and more diverse feature representations, thereby improving the detection
performance of the corroded area.

Impact of decoder This paper employs different decoders to validate the effectiveness of the feature fusion
decoding layer in the task of metal surface corrosion segmentation. In Table 4, SegFormer-Lawin refers to the
decoder using the Lawin Transformer. The experimental results show that the SegFormer with the feature fusion
decoding layer achieves 66.25% mloU. Compared to the original MLP decoder and the Lawin Transformer de-
coder, the mIoU is improved by 0.05% and 6.92%, respectively, and accuracy (Acc) of 86.03% shows an increase
of 0.71% and 4.67% respectively.

The experimental results show that the use of the feature fusion decoding layer has a certain improvement in
each evaluation metric. However, the Lawin Transformer decoder adopts a large window attention mechanism,
which cannot effectively capture the details, edges, and textures required for the metal surface corrosion
segmentation task, resulting in poor performance. In contrast, SegFormer uses the feature fusion decoding layer
to gradually recover the details of the input image by gradually upsampling, thus improving the accuracy of
segmentation. In addition, it is worth noting that the number of parameters of the model in this paper is lower
than that of the baseline SegFormer, and FFM can reduce the complexity and number of parameters of the
model, making the overall model more lightweight.

Ablation experiments To verify the effectiveness of the edge-feature extraction module and feature fusion up-
sampling decoding layer in the SegFormer model based on parallel edge-feature extraction on metal surface
corrosion segmentation tasks, MiT-B0 was selected as the backbone of SegFormer in this paper to conduct abla-
tion experiments on the metal surface corrosion segmentation dataset. According to the experimental results in
Table 5, this model is 67.69% mloU, which is 1.49% higher than the baseline SegFormer, and the Acc is 86.56%,
which is 1.24% higher than the baseline SegFormer. The improvement of the accuracy evaluation metrics indi-
cates that the model in this paper can effectively improve the accuracy of metal surface corrosion image segmen-
tation. In addition, it is worth noting that the number of parameters of the model in this paper is lower than that
of the baseline SegFormer, and FFM can reduce the complexity and number of parameters of the model, making
the overall model more lightweight.

Comparative experiments In Table 6, this paper compares the segmentation performance of other semantic
segmentation models based on CNN and the Segformer model on the metal surface corrosion dataset, and
the results show that the SegFormer model has significant advantages in several evaluation metrics. To further
explore the performance of the proposed model, this paper replicates the segmentation results of four semantic
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Baseline | EEM | FFM | mloU® | AcctT |FPS® | ParamsJ | Flops |
v 66.20 85.32 66.37 3.72 6.78
v v 67.45 86.53 48.12 3.87 9.13
v v 66.25 86.03 69.81 3.58 2.79
v v v 6769 86.56 | 6256 |3.60 3.06

Table 5. Ablation experiment. Significant values are in bold.

Model Backbone mloU1 | Acct | FPS®T | Params | | Flops |
U-Net® VGG-16 45.58 78.77 | 16.13 24.89 225.87
FCN®! ResNet50 53.89 8243 | 22.75 35.31 148.54
HRNet>? HRNetV2-W18 | 56.16 8396 | 21.75 9.64 18.67
DeepLabv3+> | MobileNetV2 | 57.69 83.05 61.22 5.81 26.44
UPerNet** Swin-T 60.18 8425 | 36.51 58.94 236.00
SETR PUP*® | ViT-T 64.44 86.44 447 | 31539 416.00
Segmenter*? ViT-S 65.06 86.27 35.70 25.98 37.37
Segformer?® MiT-B0O 66.20 8532 | 66.37 3.72 6.78
Ours MiT-B0 67.69 86.56 | 62.56 3.60 3.06

Table 6. Evaluation results of different semantic segmentation models on metal surface corrosion public image
dataset. Significant values are in bold.

segmentation models based on the Transformer on the metal surface corrosion dataset and compares them with
the proposed model. Table 6 shows that the proposed model is 67.69% mIoU, which is 1.49% higher than that of
the baseline SegFormer model and 7.51%, 3.25%, and 2.63% higher than that of UPerNet, SETR, and Segmenter,
respectively. FCN and U-Net lose more detail and local information during downsampling and upsampling.
Downsampling results in a reduction in image size and spatial resolution, thus ignoring some subtle corrosion
features. In the process of upsampling, the lack of detailed information makes the edge and small structure un-
able to recover, resulting in a decline in the accuracy of the image segmentation results. The feature extraction
ability of HRNet model is insufficient, and it is difficult to capture rich details and texture features in the cor-
rosion image, so the segmentation effect is poor. DeepLabv3+ uses hollow convolution to expand the receptive
field. However, due to the discontinuity of the receptive field of the hollow convolution, the details and texture
features of the corroded region cannot be accurately captured, which limits the improvement of the model accu-
racy. The UPerNet, SETR, and Segmenter had better segmentation performance than the CNN model, but their
number of parameters was tens to hundreds of times higher than that of the proposed model. This increase in the
number of parameters leads to a significant increase in computational complexity, as well as a significant increase
in memory and computational power requirements for training and reasoning. Nevertheless, the proposed mod-
el strikes a balance between performance and efficiency, and can maintain high segmentation accuracy while
while maintaining a lightweight architecture, which is suitable for practical application scenarios with limited
computing resources. This high efficiency makes the proposed method more practical in resource-constrained
environments.

The inference speed of the above models was evaluated on a single NVIDIA GeForce RTX 3060 GPU, and the
segmentation accuracy and speed of each model on the metal surface corrosion dataset are presented in Table 6.
The model in this paper verifies the effectiveness of the proposed method with a competitive advantage of 3.60
MB and 3.06 GFLOPs.

The experimental results of the proposed model and other semantic segmentation models based on
Transformer architecture on the metal surface corrosion dataset are visualized, as shown in Fig. 6. Figure 6
shows the excellent performance of the proposed method in metal surface corrosion boundary segmentation,
which can accurately segment the corrosion boundary and correctly predict the types of metal surface corrosion.
It can also be seen from the figure that the proposed method can effectively identify and segment small-area
corrosion, while successfully suppressing the misclassification of fair corrosion as background. Compared with
comparison methods, the proposed method not only has higher overall segmentation accuracy for metal surface
image segmentation, but also performs better in the recognition and segmentation of small-area corrosion, and
also has clearer segmentation boundaries for different corrosion categories.

Compared with other semantic segmentation models in this paper, the classification of metal surface corrosion
and the segmentation of corrosion boundaries are poor, on the one hand, because the corrosion image categories
in the public dataset used in the experiment are not balanced. In the dataset, the proportion of fair corrosion
and poor corrosion is more, and the proportion of severe corrosion is less, which leads to the model tending
to predict more fair corrosion and poor corrosion during the training process, so all models perform poorly
in the segmentation of severely corroded regions. On the other hand, due to the complex features, irregular
distribution, and unclear boundary of the metal surface corrosion image, the results of corrosion boundary
segmentation are not accurate.
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Fig. 6. Visualization results of different semantic segmentation models on metal surface corrosion public
image dataset.
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Experiments based on self-built tubing corrosion pit image dataset

To further verify the effectiveness of the proposed method, ablation experiments were performed on the self-
built tubing corrosion pit image dataset, and the performance was compared with other methods to evaluate the
applicability and advantages of the proposed method in different datasets and application scenarios.

Ablation experiments The ablation experiments of the proposed model on the self-built tubing corrosion pit
image dataset in Table 7 further verify the effectiveness of the proposed edge-feature extraction module and fea-
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Baseline | EEM | FFM | mloU® | AcctT |FPS® | ParamsJ | Flops |
v 86.31 95.36 62.06 3.72 6.85
v v 88.66 96.29 47.32 3.87 9.13
v v |y 8932 9652 | 6174 | 3.60 3.06

Table 7. Ablation experiments of the proposed model on self-built tubing corrosion pit image dataset.
Significant values are in bold.

Baseline | FFM | EEM layers | mIoU1 | Acct | FPS1 | Params | | Flops |
v 86.31 95.36 62.06 3.72 6.85
v v 1 89.32 96.52 61.74 3.60 3.06
v v 2 89.46 96.53 58.59 3.66 3.29
v v 3 89.59 96.60 54.52 3.97 3.61
v v 4 89.67 96.65 52.13 4.73 3.80

Table 8. Impact of branch number. Significant values are in bold.

Model Backbone mloUT | Acct | FPST | Params] | Flops|
U-Net> VGG-16 83.41 94.4 16.24 24.89 225.87
HRNet*? HRNetV2-W18 | 84.81 94.86 27.68 9.64 18.67
DeepLabv3+> | MobileNetV2 | 85.39 9516 |60.07 |5.81 26.44
UPerNet™ Swin-T 88.07 96.12 36.71 58.94 236
SETR PUP3 ViT-T 87.84 96 528 308 416
Segmenter*? ViT-S 85.81 92.86 |34.85 |25.97 37.37
TransUnet*’ ViT-B 86.73 93.46 |30.86 |93.23 32.24
SwinUnet™ Swin-T 87.89 96.6 24.69 41.34 34.79
Segformer*® MiT-B0 86.31 95.36 62.06 3.72 6.85
Ours MiT-B0 89.32 96.52 61.74 3.6 3.06

Table 9. Evaluation results of different semantic segmentation models on the self-built tubing corrosion pit
image dataset. Significant values are in bold.

ture fusion upsampling decoding layer. According to the experimental results in Table 7, on the self-built tubing
corrosion pit image dataset, this model is 89.32% mIoU, which is 2.99% higher than the baseline SegFormer, and
the Acc is 96.52%, which is 1.16% higher than the baseline SegFormer.

Impact of branch number To verify the influence of the placement and layer number of the edge-feature ex-
traction module on the model performance and computational complexity, this paper conducts an ablation
experiment by adding multiple EEM layers between the encoder and decoder. The layer number of EEM repre-
sents adding the edge-feature extraction module in the transformer block 1, 2, 3, and 4 and the corresponding
decoding layer. The experimental results, as shown in Table 8, demonstrate that the optimal balance between
performance and complexity is achieved by adding a edge-feature extraction module between the transformer
block 1 and the corresponding decoding layer, where the model maintains a lower complexity and achieves an
mloU accuracy of 89.32%. The edge feature information is mainly concentrated in the shallow layers of the main
trunk transformer, and the edge feature information provided by subsequent layers decreases gradually. There-
fore, the additional modules have limited impact on the overall performance improvement.

Comparative experiments The evaluation results of different semantic segmentation models on the self-built
tubing corrosion pit image dataset are shown in Table 9, which is consistent with the experimental results ob-
tained on the metal surface corrosion image dataset. Compared with the other semantic segmentation models
based on CNN and Transformer, the proposed model achieves 89.32%mIoU accuracy with 3.60 MB of param-
eters.

The experimental results of the proposed method and the mainstream semantic segmentation model on the
self-built tubing corrosion pit image dataset are visually compared, and the results are shown in Fig. 7. Figure 7
shows the advantages of the proposed algorithm in identifying and segmenting small-area corrosion pits, which
can effectively detect the existence of corrosion pits and perform accurate segmentation. Especially when dealing
with the boundary of corrosion pit, the proposed method can achieve high precision segmentation, which is
obviously superior to other mainstream methods. Through comparison, it can be seen that the method presented
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Fig. 7. Visualization results of different semantic segmentation models on self-built tubing corrosion pit
images.

UPerNet

SETR

Segmenter

in this paper has strong capabilities in detail processing and accurate identification of small-range defects, and
can better adapt to the complexity and diversity of tubing corrosion pit images.

Experiments based on BSData
Due to the limited number of samples of the self-built tubing corrosion pit image dataset, the reliability of model
training is affected. This section introduces the publicly available BSData dataset, which contains surface damage
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types similar to the “pitting” defect type in our dataset. By adding this dataset, the sample data can be enriched,
and the credibility and reliability of the experimental results can be further enhanced.

Impact of multi-scale convolution in EEM  To verify the effect of multi-scale convolution operations in the
EEM, multi-scale convolution was added to the Sobel and Laplacian branches of the EEM respectively. It can be
seen from the experimental results in the Table 10 that the model achieves the best effect when the Sobel branch
is added with multi-scale convolution.

The experimental results further verified that the introduction of multi-scale depth separable convolution in
the Sobel branch effectively enhanced the model’s perception of edge features of different scales, while Laplacian
operator paid more attention to the global shape features of the boundary. The combination of the two operators
provided a richer and diversified feature representation, thus improving the detection performance of the
corrosion region.

Comparative experiments To further validate the effectiveness of the proposed model,we conducted a compar-
ative experiment on a publicly available BSData image dataset to evaluate the segmentation performance of the
model in a small area of corrosion pits. As shown in Fig. 8, the SegFormer and SETR models performed poorly
in predicting fine pitting regions, failing to accurately identify and segment these areas. UPerNet improved edge
segmentation to some extent, but the overall segmentation performance was still unsatisfactory. Segmenter ex-
hibited some smoothing effect on the edges, but there were still issues with insufficient segmentation detail. In
contrast, the proposed method can accurately predict the edge of the corroded region, successfully segment the
defect region, and ensure the high accuracy and integrity of the segmentation results (Table 11).

In addition to the comparison, the performance of the model in different indicators on the DSBata dataset
was also counted. U-Net was based on the VGG-16 backbone network, with relatively low mIoU, a relatively large
model and high computational complexity, resulting in slow inference speed. The multi-branch design of HRNet
ensures high-quality local feature extraction, combined with powerful high-resolution information, which
helps capture fine details. mIoU is slightly higher than U-Net, but its inference speed is slower. DeepLabv3+,
combined with dilated convolution and spatial pyramid pool (ASPP), enhances the sensitive field and can better
capture multi-scale features with excellent performance. However, compared with other models, there is still a
certain computational overhead. Based on the Swin-T structure, UPerNet can better deal with large-scale and
long-distance dependent information, and the mIoU and accuracy performance is good, but the computational
complexity is high, resulting in relatively slow inference speed, a large parameter number and computational
effort. SETR PUP is based on Vision Transformer Tiny (ViT-T) and fully adopts Transformer architecture. It
can efficiently model global context information, but it may be slightly insufficient in local feature processing,
resulting in slightly lower mIoU and accuracy. Segmenter is based on ViT-S and is suitable for tasks requiring
global information modeling, but has a low mIoU in pitting image segmentation. SwinUnet is based on Swin
Transformer, which can efficiently process global and local information of images, but it requires a large amount
of computation and has a relatively slow inference speed. Segformer uses the MiT-B0 architecture, which is
suitable for operation in the case of limited computing resources, and can maintain good accuracy while reducing
computational complexity. Compared to SegFormer, the proposed method improves mIoU by 2.4% and reduces
Flops by 54.72% on the DSBata test set, achieving an excellent balance between computational efficiency and
segmentation accuracy. The experimental results confirm the effectiveness of the proposed method in the metal
corrosion segmentation task.

In summary, the model proposed performs excellently in metal corrosion image segmentation tasks. It
can correctly classify corrosion types, accurately identify corrosion boundaries, and effectively segment small
corrosion areas, significantly reducing the probabilities of false positives and false negatives in the corrosion
region. The proposed model has also demonstrated outstanding performance in the self-built pipeline corrosion
pit image segmentation task and the BSData pitting image segmentation task. Compared to traditional
segmentation methods, the proposed approach can accurately recognize the shape and size of corrosion pits,
significantly reducing the issues of false negatives and false positives. Especially in handling complex and variable
corrosion pit boundaries, the Edge-feature Extraction Module (EEM) effectively captures subtle edge features.
Moreover, the introduction of the Feature Fusion Module (FFM) further enhances the model’s ability to integrate
multi-scale information and restore details, thereby improving the model’s robustness and generalization ability.

Failure cases

However, despite the good performance of the proposed model in multiple tasks, the 67.69% mIoU on the metal
surface corrosion image dataset is relatively low. As shown in Fig. 9, in the detection of large corrosion areas, the
model tends to misclassify severe corrosion regions as poor or even fair corrosion, resulting in poor segmentation
performance. On the one hand, this phenomenon is caused by the unbalanced distribution of datasets and
the unbalanced classification of corroded images in metal surface corrosion public image dataset used in the

Sobel | Laplacian | mIoU?T | AccT | FPST | Params| | Bl

v 90.78 99.73 66.49 3.87 7.16
v 91.22 99.75 67.66 3.87 7.07
v v 91.11 99.75 64.19 3.88 7.24

Table 10. Impact of multi-scale convolution.
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Fig. 8. Visualization results of different semantic segmentation models on BSData dataset.

experiment. In the dataset, the proportion of fair corrosion and poor corrosion is more, and the proportion of
severe corrosion is less, which leads to the tendency of the model to predict more mild corrosion and moderate
corrosion during the training process, so the model performs poorly in the segmentation of severely corroded
regions. The other is the complexity of the task itself. Not only does the model need to accurately segment
corroded areas, but it must also accurately distinguish between fairly, poorly, and severely corroded areas, which
greatly increases the difficulty of the task. In contrast, the public dataset BSData and self-built tubing corrosion
pit image dataset only require accurate segmentation of the corrosion pit or pitting region, which is a relatively
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Model Backbone mloU?T | AccT | FPST | Params) | Flops]
U-Net> VGG-16 86.88 99.59 |20.67 |24.89 172.93
HRNet*? HRNetV2-W18 | 89.04 99.67 |23.51 |9.64 14.29
DeepLabv3+°> | MobileNetV2 | 89.86 99.69 |67.87 | 581 26.43
UPerNet** Swin-T 90.18 99.74 | 1542 | 58.94 179
SETR PUP*® | ViT-T 89.13 99.68 | 5.32 308 309
Segmenter®? | ViT-S 88.54 99.66 | 13.78 | 25.89 26.60
TransUnet* ViT-B 88.35 99.61 |25.60 |93.23 32.24
SwinUnet®> Swin-T 88.89 99.60 | 24.69 |41.34 34.79
Segformer* MiT-B0 89.01 99.67 |75.37 |3.72 5.19
Ours MiT-B0O 91.41 99.75 | 71.02 | 3.60 2.35

Table 11. Evaluation results of different semantic segmentation models on BSData dataset. Significant values
are in bold.

Original GT

Ours

Fig. 9. Failed cases in the experiment.

single task. Under this condition, the proposed model can perform segmentation accurately, and ensure that the
segmentation boundary is clear and correct.

Limitations and future work

(1) The relatively small number of data samples provided in both the public data set and our self-built corrosion
data set limits the generalization ability and performance of the model. To improve the performance of the
model, future work will focus on building larger corrosion datasets to ensure that the model can be trained
and tested in a more diverse set of scenarios, thereby improving its overall performance.

(2) We do not discuss the performance of the model in the case of extreme noise or highly reflective surfaces.
In some practical application scenarios, there may be strong background noise or highly reflective surfaces
in the etched area, which will adversely affect the segmentation effect. Future work will focus on how to im-
prove the robustness of models in these complex environments, possibly by introducing noise suppression
techniques, reflection correction algorithms, or customizing model structures for specific environments to
optimize model performance.
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(3) Interms of data enhancement, although we have adopted an effective enhancement strategy, how to choose
the most appropriate enhancement method according to the characteristics of different datasets still needs
further research. Future work will focus on developing more intelligent and adaptive data augmentation
techniques to improve the performance and adaptability of models in a variety of different scenarios.

Conclusion

To address the issue of poor segmentation performance in existing semantic segmentation algorithms for metal
surface corrosion images, this paper proposed a SegFormer metal corrosion detection method based on the
parallel extraction of edge features using the SegFormer architecture and the problem of how to accurately
identify the target boundary and how to reduce the missing detection of small-area target regions. To solve
the problem that the SegFormer network frequently uses the Transformer self-attention mechanism, which
causes the network to pay too much attention to high-level abstract information and ignore shallow low-level
information such as the edge and texture in the image, this paper used the edge-feature extraction module
to build spatial branches of the network to extract image edge information. Aiming at the problem that
the original network decoder is too simple, which leads to the loss of target feature information, this paper
employs depthwise separable convolutions and feature concatenation operations to construct the feature fusion
upsampling decoding layer. This approach enhances feature fusion while reducing detail loss, thereby improving
the network’s detection accuracy for small target areas and simultaneously decreasing the number of model
parameters and computational complexity. The experimental results show that compared with the baseline
SegFormer network, the proposed method improves 1.49% mloU on the public metal surface corrosion image
dataset. On the self-built tubing corrosion pit image dataset, the accuracy metrics of 89.32%mIoU are achieved
with the parameter number of 3.60 MB. It reached 91.41% mIoU on the public BSData dataset. Compared with
other networks, the proposed method has higher segmentation accuracy, fewer parameters and computational
complexity. The significant advantages of the proposed method on different datasets validate its applicability and
effectiveness in practical application scenarios.The lightweight characteristics of the proposed method further
enhance its applicability and effectiveness in resource-constrained scenarios.

Data availability

The metal surface corrosion image dataset used in the current study can be downloaded from the following link:
https://data.lib.vt.edu/. The BSData dataset used in the current study can be downloaded from the following link:
https://github.com/20be/BSData. The self-built tubing corrosion pit image dataset used in the current study is
not publicly available due to its current confidential status, but is available from the corresponding author on
reasonable request.
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