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Fine-Grained Hierarchical Perception Siamese
Network for Battery Surface Defect Detection

Abstract—Battery surface defect detection is an essential part
of maintaining quality standards in battery production. However,
challenges persist when addressing defects with complex and
variable shapes, particularly when there is low separability
between the defects and the background. To tackle these issues,
this paper introduces the Fine-Grained Hierarchical Perception
Siamese Network for Battery Surface Defect Detection (FHS-Net),
which detects defects by leveraging the differences between the
inspected image and a reference image. The framework comprises
a weight-sharing visual encoder, a Fine-Grained Enhancement
Module (FGEM), and a Hierarchical Perception Decoder (HPD).
Specifically, FGEM fuses adjacent stage feature maps from the
backbone to capture fine-grained details at shallow levels and
semantics at deeper levels, improving defect feature extraction.
HPD calculates loss at each decoding layer, forming a hierarchical
perception that enhances defect awareness from intermediate
layers, progressively improving recognition accuracy. Further-
more, to enrich defect detection datasets, we collected a battery
surface defect dataset mamed BSD, which consists of 2,183
images obtained from actual production lines using an automated
optical inspection (AOI) camera. Comprehensive experiments
performed on the BSD, NEU-SEG, and Magnetic-Tile-Defect
datasets highlight the outstanding performance of the proposed
framework.

Index Terms—Battery surface defect detection, siamese net-
work, fine-grained enhancement, hierarchical perception.

I. INTRODUCTION

URFACE defects in batteries diminish their lifespan and

elevate the potential risk of explosion. Therefore, detect-
ing surface defects on batteries is a crucial step in quality
control during the manufacturing process [1]. Early battery
surface defect detection systems relied on cameras for im-
age acquisition and manual inspection, which had several
drawbacks, including strong subjectivity, high labor intensity,
and low efficiency [2]. Consequently, the development of an
automated battery defect detection system that does not require
human intervention is highly valuable. Although traditional
machine learning methods [3]-[5] offer advantages such as
computational simplicity, ease of implementation, and high
interpretability, they also have limitations, including the need
for complex handcrafted feature extraction, a high dependency
on preprocessing, and poor robustness [6].

Deep learning [7] methods have seen substantial progress
in the area of defect detection recently. Such methods can
be classified into four primary strategies: classification [8]—
[12], object detection [13], [14], segmentation [15]-[19], and
anomaly detection [20]-[23]. Classification networks can clas-
sify images directly but are unable to pinpoint the exact
location of defects. Object detection algorithms can not only
classify images but also locate defects, however, they do

The code and datasets will be released upon acceptance.

Fig. 1. Samples from the proposed battery surface defect detection dataset.
The first column displays the normal dataset, for each row, one defect-free
image is shown alongside two defective images, with the defect regions
enlarged and annotated with precise pixel-level labels. This dataset presents
challenges with complex and variable defect sample shapes, as well as the
low separability between the defects and the background.

not provide detailed contour information. Anomaly detection
algorithms are capable of identifying unknown defect types
and can detect defect contours, but when there is significant
product variation, these algorithms may yield high false-
positive rates. Segmentation-based defect detection algorithms
effectively identify and accurately delineate defect contours by
assigning semantic labels to each pixel.

Convolutional neural network (CNN)-based segmentation
networks commonly adopt an encoder-decoder architecture
[15] and have shown promise in defect detection tasks.
However, these approaches typically attempt to implicitly
memorize defect patterns by learning intrinsic morphological
features from extensive datasets. This learning strategy often
fails to accurately detect defects with low separability or
low saliency, as the network struggles to extract discrimina-
tive features solely from the target image when the defect
shares similar visual attributes with the background. Given
the scarcity of publicly available datasets for battery defect
detection, we built the Battery Surface Defect Detection (BSD)
dataset. The images were captured using an automated optical
inspection (AOI) camera on actual production lines. Sample
data are illustrated in Fig. 1. The BSD dataset presents several
challenges: 1) defect samples exhibit complex and variable
shapes; 2) there is low separability between the defects and
the background. The types of defects included in the images
primarily consist of dust, scratches, and spots.

To address these challenges, we design a Siamese network-
based framework that analyzes a target image and a reference
image by examining their differences, enabling the identifica-
tion of defects that are otherwise indistinguishable from the
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background. In production settings, product designs are typi-
cally based on strictly standardized normal templates, making
it practical and straightforward to select a defect-free sample
as a reference. Specifically, we propose the Fine-Grained
Hierarchical Perception Siamese Network (FHS-Net), inspired
by the Siamese network architecture [24], which leverages
normal samples as references and processes both test and
reference images to accurately segment defects, particularly
those that are small in size or exhibit low separability from
the background. The primary contributions of this work are
summarized as follows:

1) A novel framework, FHS-Net, is introduced for defect
detection by analyzing discrepancies between a target
image and a reference image, consisting of a shared-
weight backbone, a Fine-Grained Enhancement Module
(FGEM), and a Hierarchical Perception Decoder (HPD).

2) A Fine-Grained Enhancement Module (FGEM) is pro-
posed to address low separability and complex defect
shapes by integrating features from adjacent stages,
enabling the capture of fine-grained details and deep
semantic information.

3) A Hierarchical Perception Decoder (HPD) is designed to
progressively enhance detection accuracy by calculating
loss at each decoding layer, establishing a hierarchical
perception mechanism that facilitates intermediate defect
detection and early weak signal capture.

4) A dedicated Battery Surface Defect (BSD) dataset is
constructed, containing 2,183 images, to support binary
segmentation tasks. Extensive experiments demonstrate
that the proposed method achieves competitive perfor-
mance on BSD, NEU-SEG, and Magnetic-Tile-Defect
datasets.

The subsequent sections of this paper are arranged as fol-
lows. Section II reviews four categories of deep learning-based
industrial defect detection approaches, including classification,
object detection, segmentation, and anomaly detection meth-
ods. Section III describes the battery surface defect dataset.
Section IV provides a description of our framework. Section
V presents the experimental results. Section VI presents the
limitations and future work. Section VII serves as the conclu-
sion of the paper.

II. RELATED WORKS

In this section, we review industrial defect detection meth-
ods, which can be broadly categorized into classification-
based, object-detection-based, anomaly-detection-based, and
segmentation-based methods.

A. Classification-Based Industrial Defect Detection

In the early stages of industrial defect inspection, supervised
classification models played a foundational role. Pioneering
CNN, such as VGG [25], demonstrated the transformative
potential of deep learning in visual recognition, leading to
their widespread application in quality control within man-
ufacturing processes. ResNet [26], with its innovative residual
learning framework, further enhanced the trainability of deep
architectures and has since become a cornerstone for defect
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Fig. 2. Battery surface defect inspection system. The system first captures
images of the battery surface and transmits the data to the data center
for storage. Next, the AI server automatically conducts data preprocessing
and defect detection. Finally, the detection results are visualized through an
intuitive front-end interface, allowing management personnel to analyze the
data and make informed decisions.

classification tasks. Meng et al. [9] introduced a method
that leverages deep residual convolutions to automatically and
accurately assess the severity of metal surface flaws. Fu et
al. [10] proposed a strategy that emphasizes the learning of
low-level features combined with multi-receptive field mod-
ules to mitigate challenges such as sensitivity to illumination
variations, noise interference, and limited real-time detection
capabilities. With the increasing concern over data scarcity,
recent studies have shifted toward self-supervised and few-shot
learning techniques for defect detection [11], [12]. Neverthe-
less, although classification-based networks can determine the
presence of defects, they often struggle to pinpoint the precise
location of these anomalies within an image.

B. Object-Detection-Based Industrial Defect Detection

In contrast to classification-based techniques, object detec-
tion approaches provide the ability to localize defects within
images, effectively addressing the limitations of classifiers that
lack spatial detail. Object detection algorithms are broadly
categorized into two paradigms: two-stage detectors, such as
Faster R-CNN [27], and one-stage detectors, represented by
the YOLO family of methods [28], [29]. Due to their high
inference efficiency and lightweight deployment characteris-
tics, YOLO-based frameworks have become the predominant
choice in industrial defect detection scenarios. Numerous
researchers have sought to enhance detection accuracy by
refining the YOLO architecture. For instance, Zhong et al.
[13] incorporated a coordinate attention mechanism and a
feature channel shuffle operation into an improved variant of
YOLOv8m, aiming to overcome challenges in insulator defect
detection, including the trade-off between real-time perfor-
mance and accuracy, data scarcity, and the influence of varying
weather conditions. Similarly, Bao et al. [14] proposed an
enhancement to YOLOv4 based on a channel-and-coordinate-
aware attention strategy, which effectively addressed issues in
photovoltaic cell inspection, such as poor multi-scale defect
recognition, suboptimal feature representation, and insuffi-
cient model generalization. Despite these advancements, object
detection models primarily yield bounding boxes and are
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therefore limited in their ability to provide precise contour-
level delineation of defect shapes.

C. Anomaly-Detection-Based Industrial Defect Detection

Anomaly detection techniques are designed to learn repre-
sentations solely from normal samples and identify abnormal
regions by detecting deviations from typical patterns. This
approach effectively addresses the challenge of limited defect
data and facilitates both image-level and pixel-level AUROC
evaluation. By establishing appropriate thresholds, these meth-
ods can perform both defect classification and segmentation
tasks [20]. Current anomaly detection approaches can be
broadly categorized into three paradigms: reconstruction-based
methods, normalizing flow-based frameworks, and knowledge
distillation-based strategies. For instance, Zavrtanik et al. [21]
Proposed a reconstruction-driven anomaly detection method
that frames the task as an image inpainting problem. Their
technique involves randomly masking regions of an image
and restoring them, with anomalies inferred by analyzing
discrepancies between the original and reconstructed content.
Zhou et al. [20] introduced a multi-scale normalizing flow
framework that extracts hierarchical feature representations
and processes them through asymmetric parallel and fusion
pathways. This cross-scale interaction significantly enhances
the ability to detect and localize anomalies of varying sizes.
Furthermore, Zhu et al. [22] developed an asymmetric teacher-
student feature pyramid matching network to address the
limitations of conventional distillation-based methods. Their
approach enhances anomaly representation by mitigating the
drawbacks of symmetric architectures, including indistinct
feature differences, poor precision in deeper layers, and incom-
plete knowledge transfer resulting from similarities in shallow
features. Although anomaly detection methods can identify
previously unseen defect types and delineate their contours,
their performance often relies on manually defined thresholds.
As a result, under conditions of significant variation in product
appearance, these methods may experience an increased false
positive rate.

D. Segmentation-Based Industrial Defect Detection

In contrast to these methods, industries prefer segmentation
algorithms, as defect detection based on segmentation net-
works can effectively identify and accurately delineate defect
contours. In recent years, segmentation-based defect detection
algorithms have made significant advancements. For instance,
Zou et al. [15] developed the DeepCrack network, which is
based on SegNet and integrates features from both encoders
and decoders to effectively capture subtle crack structures
in roads. Nevertheless, strictly tailored to thin topological
structures, it often fails to segment complex, variable-shaped
defects indistinguishable from the background. While Dong
et al. [16] proposed a pyramid feature fusion and global
context attention network to alleviate detection complexity,
their excessive reliance on global context tends to suppress
high-frequency local features, resulting in the loss of fine-
grained edge details in subtle defects. Zhong et al. [17]
presented a Gaussian attention network based on DeepLabv3+,
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Fig. 3. Data Preprocessing Steps.

Algorithm 1 Image alignment
1: Input: RGB image [
2: Output: Corrected image oo
3: Step 1: Expand the black pixels and convert to grayscale:

Iyray = RGB2Gray (Expand([))
4: Step 2: Binarize the grayscale image and morphologically
open to remove noise:
Tdenoisea = MorphOpening(Binarize(Igray))
5: Step 3: Extract the largest contour:

contours = FindContours(genoised )
largest_contour = MaxContour(contours)

6: Step 4: Compute the minimum bounding rectangle for
the largest contour, extract the coordinates of the top-
left corner A(aj, a;) and the top-right corner B(b;, by),
and calculate the angle 6 between vector @ and the
horizontal vector ¢ :

AL ¢

0 = arccos HA?H-.Q

7: Step 5: Calculate rotation matrix R and transform the
image using an affine transformation:

I.or = AffineTransform(/, R)
8: Return: I .,

which captures long-range dependencies for global informa-
tion extraction, effectively addressing issues related to fuzzy
defect areas and irregular sizes and shapes in wood surface
defect segmentation. While effective globally, the Gaussian
kernels risk oversmoothing feature maps, failing to preserve
sharp boundaries required for low-contrast defect detection.
Additionally, Zhu et al. [30] proposed the DS2A-Former, a
dual-stream spatial attention Transformer network that utilizes
a Dual-Scale Spatial Cross-Attention module to integrate se-
mantic and spatial information for battery defect segmentation.
However, the inherent patch-based tokenization of Transformer
architectures often disrupts local pixel continuity, hindering
the precise recovery of fine-grained edge details necessary
for high-precision metrology. Recently, some researchers have
explored defect detection networks based on template-based
Siamese networks. Chen et al. [31] proposed the Background
Generalization Network, a Siamese-based framework for sur-
face defect segmentation in SMD chips. It integrates self-
and cross-attention mechanisms for dense feature extraction,
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and employs dual-softmax with Mutual Nearest Neighbour
matching to suppress background noise. Despite its efficacy
in background suppression, this paradigm overlooks intrinsic
feature perception in intermediate layers, limiting the capture
of details in morphologically variable defects.

Battery defect samples exhibit complex, variable shapes and
low separability with the background, while prior approaches
have overlooked the fine-grained edge details of these defects.
To overcome the aforementioned challenges, we propose a
FGEM designed to capture fine-grained details and deep
semantic information. Additionally, we introduce a HPD to
enhance defect perception capabilities within the intermediate
layers of the network.

ITII. BATTERY SURFACE DEFECT DATASET

This section provides a detailed description of the prepro-
cessing process of the collected dataset, followed by a detailed
explanation of the processed dataset.

A. Images Preprocessing

We have developed a battery surface defect detection sys-
tem, and Fig. 2 illustrates the detailed architecture of the
system. To mitigate background interference and address the
extreme class imbalance between defect and background pix-
els, a Region-of-Interest extraction pipeline is implemented.
A lightweight segmentation network isolates the battery sur-
face from the complex production environment, ensuring the
subsequent defect detection model focuses exclusively on
relevant texture features. Due to inaccuracies in mechanical
positioning, conveyor belt deviations, and operator errors,
AOI-captured images may exhibit angular misalignments [32].
Therefore, image alignment is a crucial preprocessing step to
enhance defect detection performance. The steps for image
alignment, as shown in Algorithm 1.

The flowchart of the above process is shown in Fig. 3.
During production inference, test images first undergo local-
ization and alignment preprocessing before being fed into the
proposed framework. The alignment algorithm is adaptable
to other shape-regularized industrial products, such as PCBs,
by identifying the coordinates of parallel edges (e.g., points
A and B). While morphological methods are optional and
often require handcrafted feature extraction and threshold
tuning, keypoint detection [33] can also be used to locate
these points, albeit at the cost of extensive data annotation.
In practice, excessive reliance on deep models may impact
system efficiency. Thus, method selection should be tailored
to the specific constraints of the production line.

B. The details of BSD Dataset

Given the scarcity of publicly available datasets for battery
defect detection, we built the Battery Surface Defect Detec-
tion (BSD) dataset. After rectifying the images, pixel-level
annotation was performed using Labelme. Specifically, three
main types of defects are clearly identifiable: spot, dust and
scratches. Some samples from the BSD dataset are presented
in Fig. 1. The dataset poses challenges due to complex defect

shapes and low background separability. Since ambiguous
visual characteristics make sub-type classification difficult,
and industrial QC prioritizes anomaly detection over catego-
rization, we formulate the task as binary segmentation. The
dataset contains 229 original images, each with a resolution
of 1169 x 847 pixels, captured from different battery units to
ensure sample diversity. To ensure the rigor of the evaluation
and prevent potential data leakage caused by cropping, we
strictly partitioned the dataset at the original image level.
Specifically, the 229 original images were randomly divided
into training, validation, and test sets with a ratio of 6:2:2,
resulting in 137, 46, and 46 images, respectively. These images
were manually selected from over 50,000 inspection images
collected on the production line, with each selected battery unit
exhibiting at least one visible surface defect. The defect-free
reference image was captured using the same AOI equipment,
lighting conditions, and camera angles as those used for the
inspected samples, and was manually verified to be free of
visible anomalies in accordance with the quality control (QC)
standards adopted in battery production. Due to the stringent
manufacturing controls that ensure visual uniformity among
qualified batteries, a single, QC-verified image is deemed
representative of the defect-free class. Given the large size of
the original images, we employed a sliding-window cropping
strategy with overlapping. Specifically, we set the cropping
stride to be smaller than the patch size (256 x 256) to create
overlapping regions between adjacent patches. This design
guarantees that any defect located at the edge of one patch
is captured near the center of an adjacent overlapping patch,
preserving the completeness of defect features. As a result,
we constructed the final dataset consisting of 2,183 sub-
images. The dataset’s final distribution is shown in Table I, and
the BSD dataset distribution is visualized in Fig. 5. Overall,
the availability of this dataset is anticipated to significantly
contribute to the advancement of research in surface defect
segmentation technology.

IV. PROPOSED METHOD

This section offers a brief overview of the data flow in
the proposed FHS-Net architecture, along with an in-depth
analysis of each component of the model.

A. Overall Architecture of FHS-Net

To detect low-separability and small defects, we propose a
novel framework, FHS-Net, to analyze both the target and a
reference image, as illustrated in Fig. 11. FHS-Net takes both
a target image and a reference image, utilizing the differences
between them to identify defects. In this study, defect detection
is framed as a binary segmentation task, and a lightweight
backbone, MobileNetV2, is employed as the feature extractor.
Given a target image and a reference image, the feature
extractor consists of five stages, with the output feature map
at each stage denoted as:

{7 =Ea).E(;) i€{1,2,3,4,5} (1)

Where E(-) represents the backbone, while and f¢ and fI
denote the output feature maps at the i*" stage after processing
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Fig. 4. Overview of the basic architecture of our proposed FHS-Net.

the target image and the reference image, respectively. The
output feature map size at the ¥ stage is (256,/2¢,256/2),
with output feature dimensions of 16, 24, 32, 96, and 320.
Adjacent feature maps will be input into the FGEM for
multi-layer feature extraction. The feature maps produced will
merge spatial information from shallow features with the deep
semantic information extracted from deeper layers. The newly
obtained feature maps are represented as follows:
FGEM(fililv fzkv fik+1) (&S {27 37 4}
FGEM(ff,, fY) i€ {5}

fi= )
Where FGEM(-) refers to the Fine-Grained Enhancement
Module Function, fi’“ denotes the output of FGEM, k €
{d,r}. This module effectively integrates deep and shallow
feature maps, utilizing contextual information to capture low-
separability and small defects. A comprehensive discussion of
the FGEM will be provided in IV-B.

Instead of using fzd and f[ pairs for splicing, summing,
multiplying, convolution fusion, and other operations, we
leverage the reference image by performing absolute value
subtraction on both images. This approach highlights the
differences between the target image and the reference im-
age, thereby facilitating the detection of minor defects. The
resulting difference feature map is denoted as:

d; =| f& — fr | 3)

Where |-| denotes the absolute value operation, and - represents
element-wise subtraction.

During the backpropagation process, the gradients received
by the network layers closer to the input diminish pro-
gressively. In deep learning models with long chains, this
phenomenon, known as gradient vanishing, can impede con-
vergence, and the residual structure effectively mitigates the
gradient vanishing problem associated with long chains. In-
spired by the above, our decoder comprises four Hierarchical

i€{2,3,4,5}

frequency

|r | FGEM | Fine-Grained Enhancement Module Il
[ | HPB | Hierarchical Perception Block |
: HPD Hierarchical Perception Decoder :
I © Element-wise Subtract & Absolute |
| Up Upsample (bilinear) |

TABLE I
OVERVIEW OF BSD DATASET SPLIT AND STATISTICS

Image Counts Defect Instances

Split

Normal Defective Dust Scratch Spot
Train 414 893 1558 116 318
Val 118 320 608 37 193
Test 163 275 516 34 79
Total 695 1488 2680 187 590

Pixel Count Distribution for Each Defect Scatter Plot of Defect Width and Height
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Fig. 5. The visualization of the BSD Dataset attributes. (a) The distribution
of all defect instances. (b) The scatter plot of the width and height of the
minimum bounding rectangles for all defect instances.

Perception Blocks (HPB) arranged in series. Each block,
except for HPB5, integrates the difference feature map from
the current stage with the perceptual information from the
preceding HPB. During pixel recovery, we compute loss for
each HPB, enabling defect detection in intermediate layers,
which mitigates the gradient vanishing problem and enhances
recognition accuracy. This approach emphasizes fine adjust-
ments in pixel recovery at each stage, ensuring that the
model optimally aligns in the correct direction, allowing the
intermediate layers to perceive potential defect areas. The
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decoding phase of the model is represented as follows:

i€ {3,4}

 JHPBi(Mis,dy)
L { i€ {5} @

HPB;(d;)

Here, HPB;() denotes the function of the Hierarchical Per-
ception Block, and M; represents the output of the i*" HPB.
IV-C will provide a detailed introduction to the Hierarchical
Perception Decoder.

In the actual inference phase, we employed a sliding-
window pipeline where the original full-resolution image is
processed in overlapping patches. For the overlapping regions,
we averaged the predicted probability maps from different
patches instead of using simple binary overwriting.

B. Fine-Grained Enhancement Module

Battery surface defects are often small and exhibit diverse
shapes, as shown in the second row of Fig. 1, where the pixel
size of dust does not exceed 10 pixels. However, during the
deepening of the network, continuous downsampling tends to
weaken or even lose the fine-grained information of small
defects, making accurate detection challenging. In the feature
hierarchy, shallow layers preserve rich fine-grained details
of defects, while deeper layers capture more abstract and
semantic cues about defect locations [34]. Although FPN
[35] facilitates multi-scale fusion via top-down pathways and
lateral connections, its indirect cascaded propagation risks
oversmoothing the subtle edge details essential for identifying
tiny defects. Similarly, fusion strategies like ASFF [36] learn to
spatially filter conflictive information across scales to resolve
pyramidal inconsistencies, yet they prioritize global scale-
invariance at the expense of the localized consistency required
for capturing subtle defect boundaries. In contrast, FGEM
fuses adjacent stage feature maps to integrate shallow details
with deep semantics, thereby addressing the challenges of
low separability and complex defect shapes by enhancing
feature discriminability and preserving fine-grained boundary
information. A detailed flowchart of FGEM is presented in
Fig. 6.

To integrate features from adjacent stages ( fik_l, fi , f 1)
we first standardize their spatial resolutions. Specifically, the
shallow features fF | are downsampled via the Mp operation,
while the deep features fF ‘1 are resized using the bilinear
upsampling operator Up. A standard convolution block Csy3
followed by a ReLU activation o is then applied to unify the
channel dimensions, yielding the aligned features v:

vi g = 0(Caxs(Mp(fiy)))
vf = o(Caxs(f)))
Vzk+1 =U(o (CJXS(fz+1)))

i€{2,3,4,5} (5
i€{2,3,4,5% (6
i€1{2,3,4} (7

Subsequently, these aligned features are concatenated to inte-
grate multi-scale information. The resulting fusion is processed
by convolution layers to generate the intermediate feature C

3x3 3x3 | -
Convad_ Convad |
i GAP 1x3
3x3 Up Convld
£ Conv2d ||

. . - |
| GAP, Global Average Pooling @ Element-wise Addition © ReLU
_Mp, MaxPooling @ sigmoid |

() Element wise production

Up, Upsample Cbilinear) © Channel Merge

Fig. 6. Details of the proposed FGEM.

(Eq. 8-9). Note that for the final stage (¢ = 5), only the
preceding and current features are concatenated:

ﬁk Cat( ’L 1,V k , U,
i Cat( ’L 1 k)
CF = Csx3(0(Caxs(2F)))

Finally, each feature dimension on the feature map does not
provide the information we seek. Therefore, to emphasize
discriminative channel features, we employ a channel attention
mechanism followed by a residual connection. The attention
map atten recalibrates the feature responses, and the final
enhanced feature fi’“ is obtained as:

atten = Sig(Cx3(CG(CF)))
fF = CF @ atten + Cax3(fF)
Where Cat(-) denotes channel concatenation, G(-) is global

average pooling, Sig(+) is the Sigmoid function, and ® denotes
element-wise multiplication.

ie{23,4}
i € {5}
ie€{2,3,45} (9

Fi)

®)

i€{2,3,4,5)  (10)

C. Hierarchical Perception Decoder

HPD establishes a hierarchical perception mechanism by
enforcing supervision at every decoding stage. This architec-
ture alters gradient propagation dynamics to counteract signal
decay. Specifically, let £ denote the objective function and w
represent a weight in a shallow layer /. In a standard network
supervised only by the final output, the gradient is governed
by a long recursive product:

oL 80N <H

ow

As the network depth NV increases, the continuous multiplica-
tion of partial derivatives, which are typically less than 1 due
to activation saturation or weight initialization, leads to expo-
nential gradient decay. In contrast, HPD imposes supervision
at each HPB stage k. This strategy creates direct feedback
routes, allowing gradients to backpropagate through shorter
intermediate paths. Consequently, the total gradient becomes
an additive aggregation of signals from all stages:

1L

80k+1 80[
80k

oL, L oL
- + -
ow ow
k=Il+1

N
oc oLy (12)
ow — ow
Crucially, the first term % functions as a “short-circuit”
path that strictly bypasses the deep recursive chain, ensur-
ing that shallow layers receive direct and strong supervision
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signals. This explicit gradient preservation enables the model
to perceive potential defect regions at intermediate layers.
Unlike traditional deep supervision [37], which employs par-
allel auxiliary branches independent of the main decoder,
HPD integrates supervision directly into a cascaded refinement
chain. In this architecture, the prediction mask at each stage
functions not only as a loss objective for optimization but
also as an essential semantic prior that is fed back into the
subsequent decoding block to guide feature reconstruction.
Consequently, this design shifts the focus from mere gradient-
level regularization to a structural recursive perception en-
hancement, enabling the model to refine its defect awareness
progressively through the decoding hierarchy.

The decoder comprises four cascaded Hierarchical Percep-
tion Blocks (HPB), as illustrated in Fig. 7. Except for the
fifth stage, the i-th HPB fuses the perception features M;
from the (¢ + 1)-th block with the differential map d;. The
architecture processes these features through three parallel
branches.

The rightmost branch generates the supervision mask and
aligned features. A 1 x 1 convolutional layer C;«; compresses
the channel dimension, followed by upsampling to produce
the mask map Mask; for loss calculation. Simultaneously,
to ensure alignment with subsequent channels, the Csy3
operation followed by ReLU is applied to generate feature
E}:

(13)

(14)

Mask; = Up(Cix1(M;11 + d;))
E} = 0(Csx3(Crx1 (Miga1 + dy)))

The middle branch applies a direct convolutional refinement
using the Csx3 layer to obtain E?. The leftmost branch
employs a gating mechanism: the global average pooling
operation G and the Cpy; layer with Sigmoid activation
produce channel weights, which are multiplied by M;; to
yield E?, emphasizing defect-related texture information:

E} = 0(Cax3(Miy1 + dy))
E} = Sig(G(Crx1(Mit1 + di))) ® M

15)
(16)

Finally, the outputs from all branches are aggregated via
summation:

M; =E} + E? + E} (17)

Specific adaptations are implemented at the boundaries. In the
fifth stage, due to the absence of prior semantic features, d5 is
directly fed into the branches to generate Masks and M5. In
the second stage, as M5 is not required for further propagation,
only the supervision mask is generated via the C3y3 and Cqx1
layers followed by upsampling.

D. Loss Function

For battery surface defect detection tasks, the defect in-
stances are typically very small and occupy a minimal area
compared to the background, resulting in a significant class
imbalance issue. To address this, we incorporate methods L.,
[38] and Lgice [39] to optimize the proposed framework.
L.. is a commonly used classification loss that measures
the discrepancy between the predicted and true probability
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Fig. 7. Details of the proposed HPD.

Mask3

distributions. The Lg4;.. effectively balances the differences
in sample quantities between categories and emphasizes the
precise segmentation of small targets by focusing on the
overlap of target regions. This process can be represented by
Equations (18-20).

L, = —[G -log P;+ (1 = G) -log(1 — P))] (18)
, G- P
dice =1 =2 m—m T (19)
¢ 1G] + || 2]
5 . .
L= Z Lée + )‘Lilice (20)
1=2

Here, G refers to the ground truth mask, where each element is
represented by either O or 1, with 0 indicating the background
and 1 indicating a defect. P; represents the predicted mask at
the i*" stage, where values closer to 1 indicate a higher defect
probability. ||-|| denotes the L1 norm and A is set to 1.

V. EXPERIMENTS

This section first introduces our experimental setup, three
datasets for surface defect detection, and the evaluation met-
rics. We then perform ablation studies on the BSD dataset to
evaluate the impact of the Fine-Grained Enhancement Module,
Hierarchical Perception Decoder, and Siamese Structural com-
ponents. We also study the effect of using different backbones.
To assess the model’s generalization ability, we compare its
performance with that of 19 state-of-the-art algorithms across
the three datasets.

A. Experimental Setup

For all experiments, a system equipped with an Intel Core
i5-13400 CPU and an NVIDIA RTX 3060 12GB GPU was
utilized. The software environment included PyTorch 1.13.1,
CUDA 11.7, and Ubuntu 22.04. To train FHS-Net, the Adam
optimizer was employed, running for a total of 30,000 iter-
ations with an initial learning rate of 0.0005, weight decay
of 0.0001, and momentum parameters set to (0.9, 0.99). A
polynomial learning rate scheduling strategy was used, with
a batch size set to 16. Ablation studies were conducted on
the BSD dataset using FHS-Net, and comparative experiments
were carried out on three datasets: BSD, NEU-SEG [40], and
Magnetic-Tile-Defect [41]. BG-Net [31], FC-diff [42], and
TFI-Net [43] were trained using the same configuration as
FHS-Net. Other baseline methods were implemented using
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Fig. 8. Quantitative analysis results of the difference layers: Layer_d2, Layer_d3, Layer_d4, and Layer_d5 based on GradCam. Four sets of images (I), (II),
(IM), and (IV) are selected from the test set of BSD. The first row of each set represents FHS-Net, while the second row represents w/o_FGEM. The redder
the image, the more attention the model pays to it. FGEM fuses the feature maps of neighboring phases to enhance the extracted fine-grained features while

suppressing background interference factors.

the MMSegmentation framework, with preprocessing setting
based on the ADE20K [44] configuration. For these methods,
12,000 iterations were performed with a batch size of 4. All
models were evaluated using the checkpoint that achieved
the best performance on the validation set, and tested on the
official test split of each dataset.

B. Datasets

To evaluate the generalization and transferability of FHS-
Net across different industrial scenarios, we conducted com-
parative experiments on three datasets: BSD, NEU-SEG [40],
and Magnetic-Tile-Defect [41], all of which focus on fine-
grained industrial surface defect detection. NEU-SEG com-
prises 4,470 grayscale images of surface defects in hot-rolled
steel strips. All defect types were merged into a single class
to simplify the binary segmentation task. A pseudo-reference
was generated by modifying the smallest defect image using
surrounding normal regions. The dataset was split into 2,790
training, 840 validation, and 840 test samples by extracting a
validation subset from the original training set. The Magnetic-
Tile-Defect dataset focuses on detecting surface defects in
magnetic tile components. It contains 1,344 grayscale images.
A defect-free image was randomly selected as the reference,
and the dataset was divided into 805 training, 267 validation,
and 272 test samples using a 6:2:2 ratio.

C. Evaluation Metrics

Performance: To assess the generalization ability of the
model, we employed two metrics: the F1 score and IoU. The
F1 score balances precision and recall, with higher values
indicating better model accuracy in detecting true positives
and minimizing false positives and negatives. The IoU, which
measures the overlap between the predicted and ground truth
regions, reflects the spatial accuracy of the segmentation.
Higher IoU values indicate that the model is more accurately

identifying and segmenting the relevant objects. For detailed
definitions of the formulas, please refer to Equations (21-24).

Precision = Tszf—iPFP (21)
Recall = TPZ% (22)
Pl s o @)
foll= TPT—i—PFP &4

Where TP (True Positives) denotes the pixels correctly identi-
fied as defects, FP (False Positives) refers to pixels misclassi-
fied as defects, and FN (False Negatives) indicates the defect
pixels that were not detected by the model.

Efficiency: While detection accuracy is vital, it is insuffi-
cient without considering real-time detection capabilities and
hardware constraints. We evaluate the model’s efficiency using
four key metrics: Params (total trainable weights and biases),
FLOPs (model’s computational requirements), GPU Memory
(memory consumption with a batch size of 1 during inference),
and FPS (the number of image frames processed per second).

D. Ablation Study

Ablation experiments were performed on the BSD dataset
from both qualitative and quantitative perspectives to explore
the role of each component in the framework’s performance.

1) The Influence of FGEM. FGEM improves the extraction
of fine-grained features by utilizing the feature maps from ad-
jacent stages in the Backbone, particularly for small and low-
separability defects. To validate its effectiveness, we removed
FGEM from FHS-Net and utilized a 1 x 1 convolution for
dimensional alignment, defining this model as w/o_FGEM.
To further dissect the internal rationale of FGEM, we con-
structed two fine-grained variants, namely w/o_Adjacent and

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Emerging Topics in Computational Intelligence. This is the author's version which has not been fully edited and

content may change prior to final publication. Citation information: DOI 10.1109/TETCI.2026.3692529

JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

(1)

RSk

Layer_d, Layer_ds Layer_d, Layer_ds Label

(In)

Label

Layer_d,

Layer_d Layer_d, Layer_ds

Fig. 9. Quantitative analysis results of different layers: Layer_d2, Layer_d3, Layer_d4, and Layer_d5 based on Grad-CAM. Two sets of images, (I) and (1),
were selected from the BSD test set. A total of four rows of images are included, with each row representing FHS-Net, FHS-Net without MaskS supervision,
FHS-Net without Mask4&S5 supervision, and FHS-Net without Mask3&4&S5 supervision, respectively. The redder the image, the more attention the model
pays to it. HPD is employed to address the issue of vanishing gradients and to enhance the middle layer’s ability to detect defective regions in the network.

w/o_Attention, where the former removes inputs from ad-
jacent stages to verify multi-scale integration, and the lat-
ter eliminates the channel weighting branch to test feature
highlighting. We similarly constructed the w/o_FGEM_HPD
variant based on the architecture without HPD. Furthermore,
to demonstrate the structural superiority of FGEM over other
designs, we extended the experiment by substituting FGEM
with three representative feature fusion and attention modules,
including Adaptively Spatial Feature Fusion (ASFF) [36],
Adaptive Multiscale Feature Enhancement (AME) [45], and
the Convolutional Block Attention Module (CBAM) [46].

From a quantitative perspective, as shown in Part (a) of
Table II, FHS-Net achieves an F1 score improvement of 2.31
and an IoU improvement of 2.57 over w/o_FGEM, confirming
the effectiveness of FGEM in refining detail-level features.
To further assess the influence of module combinations, we
removed FGEM from the variant w/o_HPD, resulting in
w/o_FGEM_HPD. This model underperforms w/o_HPD, with
an F1 score drop of 1.04 and IoU drop of 1.13. The con-
sistent degradation observed in different architectural variants
reinforces the critical importance of FGEM. Furthermore,
regarding the internal design analysis in Part (b), experimental
results demonstrate that w/o_Adjacent and w/o_Attention ex-
hibit F1 score drops of 1.06 and 1.09 compared to FHS-Net,
respectively. This confirms that both the multi-scale integration
and channel attention mechanism are essential for refining
defect features. Regarding the replacement analysis in Part
(b), experimental results indicate that while these alternative
modules improve performance compared to the baseline, FHS-
Net equipped with FGEM consistently yields the highest
accuracy. This suggests that FGEM’s specific design for
preserving adjacent-stage consistency is more effective for
the Siamese difference extraction task than general-purpose
modules, establishing it as the optimal choice.

From a qualitative analysis perspective, we selected four
groups of images from the BSD test set and visualized the dif-
ferences in feature layers using GradCAM [47]. We designated
these layers as Layer_d2 - Layer_d5. The visualization results

are presented in Fig. 8, where each group of images consists
of two rows: the first row displays the results from FHS-
Net, while the second row shows the results from w/o_FGEM.
The removal of FGEM reduces the model’s capacity to cap-
ture fine-grained features. For instance, in image (I), a low-
separability scratch and small dust particles are visible on
the surface of the battery. In Layer_d2, FHS-Net is able to
focus more on the edge information and fine-grained details of
the defect compared to w/o_FGEM. In Layer_d3, w/o_FGEM
fails to concentrate on the defect information and instead
emphasizes irrelevant background details, demonstrating that
FGEM not only enriches spatial detail but also suppresses
misleading activations.

TABLE I
ABLATION STUDY ON DIFFERENT COMPONENTS

Model Variant F1(%) TIoU(%) Params(M) FLOPs(G)
(a) Component Ablation
w/o_Sia 64.54  47.64 3.17 0.86
w/o_FGEM 64.85 4798 2.50 1.13
w/o_HPD 64.97  48.11 3.03 2.09
w/o_FGEM_HPD 63.93  46.98 2.37 0.88
w/o_FGEM_HPD_Sia 63.50  46.52 2.37 0.44
(b) FGEM
w/o_ Adjacent 66.10 49.54 2.89 1.72
w/o Attention 66.07  49.51 3.17 2.35
ASFF (Replacement) 65.95 49.19 2.76 1.92
AME (Replacement) 65.38 48.57 3.18 2.23
CBAM (Replacement) 65.97 49.22 3.10 1.79
(c) HPD
FPN (Replacement) 65.04  48.19 3.05 2.31
PANet (Replacement) 65.29  48.47 3.27 241
U-Net++ (Replacement)  66.13 49.40 3.73 4.20
w/o_alignment 66.06  49.32 3.17 2.35
FHS-Net (Ours) 67.16  50.55 3.17 2.35

2) The influence of HPD. HPD incorporates loss com-
putation at each decoding layer to establish a hierarchical
perception mechanism. This approach enables the model to
begin perceiving defects at intermediate layers, thereby pro-
gressively enhancing detection accuracy across the network.
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Each stage undergoes fine-tuning, which improves the detec-
tion capabilities of the intermediate layers for defect regions.
To validate its effectiveness, we developed a decoder variant
named w/o_HPD, in which the HPB is replaced with a 3 x 3
convolution. This variant maintains the hierarchical structure
of HPD by generating four intermediate mask maps in the
decoder, which are then bilinearly upsampled to the label
size, summed, and passed through a sigmoid function for loss
computation. Based on w/o_HPD, we further removed the
FGEM component using the same strategy as in w/o_FGEM,
resulting in a new variant referred to as w/o_FGEM_HPD.
Furthermore, to demonstrate the structural superiority of HPD
over other designs, we extended the experiment by substituting
HPD with three representative multi-scale feature aggregation
architectures, including Feature Pyramid Network (FPN) [48],
Path Aggregation Network (PANet) [49], and U-Net++ [50].
We then systematically compared the performance of these
variants to assess both the necessity and replaceability of our
proposed decoder.

Based on quantitative analysis, Part (a) of Table II in-
dicates that FHS-Net outperforms w/o_HPD, achieving a
2.19 increase in Fl-score and a 2.44 increase in IoU. Ad-
ditionally, w/o_FGEM demonstrates better performance than
w/o_FGEM_HPD, with a 0.92 increase in F1-score and a 1.0
increase in IoU. These comparisons suggest that HPD not
only enhances feature decoding independently but also works
synergistically with FGEM to further improve segmentation
accuracy. Regarding the replacement analysis in Part (c),
experimental results demonstrate that among all compared
decoder architectures, FHS-Net equipped with HPD achieves
the optimal performance, validating its superiority over generic
multi-scale architectures. Furthermore, we conducted an ab-
lation study by selectively applying the loss supervision to
different hierarchical mask outputs. As shown in Table III,
each row represents a different variant where the loss is com-
puted on specific masks (v') while others are ignored (x). As
shown in the first four rows, the performance follows the order
Mask2 > Mask3 > Mask4 > Mask5. This is because each
HPB module refines features and passes information to the
previous stage. When only Mask2 is supervised, it indirectly
benefits from the refinements of all preceding modules, leading
to better results. In other words, HPB2 makes a greater con-
tribution to the final performance. Furthermore, we supervise
the outputs of all four HPB stages simultaneously, which
achieves the best performance. This is because the hierarchical
supervision enables intermediate layers to perceive defects
earlier during decoding, allowing the model to refine features
more effectively at each stage.

In terms of qualitative analysis, two sets of images were
selected from the BSD test set, and GradCam was employed
to visualize the subtracted feature layers, specifically Layer_d2
to Layer_d5. The visualization results are presented in Fig.9,
where each set of images consists of four rows representing
FHS-Net, without Mask5 supervision, without Mask4&5 su-
pervision, and without Mask3&4&5 supervision, respectively.
The objective is to investigate the impact of different percep-
tual strategies on the model’s internal representation. When the
loss is computed solely for Mask2, Mask3, and Mask4 (i.e.,

10

TABLE III
ABLATION STUDY ON HPD DECODER

mask2 mask3 mask4 mask5 F1(%) IoU(%) Parameter(M) FLOPs(G)

X X X v 50.72  33.98 3.17 2.34
X X v X 58.24 41.08 3.17 2.34
X v X X 62.90 45.88 3.17 2.34
v X X X 65.08 48.24 3.17 2.34
v v X X 66.20 49.47 3.17 2.34
v v v X 65.89 49.13 3.17 2.34
v v v v 67.16 50.55 3.17 2.34
TABLE IV
COMPARISON OF DIFFERENT FEATURE FUSION STRATEGIES
Fusion Strategy F1(%) ToU(%) Params(M) FLOPs(G)
Add 65.80 49.03 3.17 2.35
Concat 66.20 49.47 3.20 2.39
Cos-Sim 65.06 48.21 3.17 2.35
Abs-Diff 67.16 50.55 3.17 2.35
TABLE V
SENSITIVITY ANALYSIS OF LOSS WEIGHT A
A F1(%) ToU(%) A F1(%) ToU(%)
0.0 63.42 46.44 1.0 67.16 50.55
0.2 64.68 47.79 1.2 67.07 50.46
04 64.21 47.29 14 64.86 48.00
0.6 66.53 49.84 1.6 66.62 49.94
0.8 65.16 48.33 1.8 64.97 48.11
TABLE VI
PERFORMANCE COMPARISION ON DIFFERENT BACKBONE
Backbone F1(%) IoU(%) Params(M) FLOPs(G) FPS
Resnet18 63.87 46.91 16.96 26.31 67.77
Resnet34 65.64 48.86 27.07 47.48 49.74
Resnet50 66.39 49.69 43.80 54.26 34.25
MobileNetV1 65.14 48.30 4.64 3.08 81.64
MobileNetV2  67.16 50.55 3.17 2.347 80.95
MobileNetV3  64.32 47.41 349 1.66 73.35

without Mask5 supervision), the model fails to detect defect
regions in the intermediate Layer_d5 (second row, fifth column
in both sets), as Mask5 has a shorter backpropagation path to
Layer_d5. In contrast, when supervision is applied to MaskS3,
it facilitates more effective training for Layer_d5, thereby
enhancing its ability to localize defect regions. Both the
model without Mask4&5 supervision and the model without
Mask3&4&5 supervision show reduced attention to defect
regions in Layer_d4 and Layer_d5. Notably, the model trained
without Mask3&4&5 supervision also introduces increased
background noise in Layer_d3 (fourth row, third column
in both sets). These results further demonstrate that HPD
alleviates the gradient vanishing problem and enhances the
network’s capacity to detect defects in intermediate feature
layers.

3) The Influence of Siamese Structure. Our proposed frame-
work accepts both a target image and a reference image, lever-
aging the differences between the two to identify defects. To
assess the effectiveness of this structure, we removed the refer-
ence branch from FHS-Net, retaining only the target image in-
put, and designated this modified model as w/o_Sia. Similarly,
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we eliminated the reference branch from w/o_FGEM_HPD,
resulting in a model referred to as w/o_FGEM_HPD_Sia.
The experimental results presented in Table II demonstrate
that FHS-Net outperforms w/o_Sia, with a 2.62 increase in
F1 and a 2.91 increase in IoU. Likewise, w/o_FGEM_HPD
outperforms w/o_FGEM_HPD_Sia, achieving a 0.43 increase
in F1 and a 0.46 increase in IoU. These results suggest that
incorporating a reference image significantly enhances net-
work’s capacity to distinguish between normal and defective
regions on the battery surface, particularly when identifying
low-separability or subtle defects.

4) The Influence of Feature Fusion Strategies. FHS-Net
leverages a reference-based design to localize defects by an-
alyzing the discrepancy between the inspection and reference
images. We evaluated the proposed Absolute Difference (Abs-
Diff) against Element-wise Addition (Add), Concatenation
(Concat), and Cosine Similarity (Cos-Sim). The quantitative
results in Table IV. Specifically, compared with Abs-Diff,
Concat results in a decrease of 0.96 in Fl-score and 1.08
in IoU, as it forces the subsequent layers to implicitly learn
the subtraction logic, increasing optimization difficulty. Fur-
thermore, Cos-Sim results in a decrease of 2.10 in F1-score
and 2.34 in IoU, as it prioritizes directional alignment over
the difference magnitude between the inspection and reference
images. In contrast, the Abs-Diff operator aligns perfectly with
our design premise by explicitly computing the intensity of
discrepancies, acting as a robust prior for defect localization.

5) The Influence of loss weight A\. To determine the optimal
weight A\ in Equation 20 that balances L.. and Lg;c., we
conducted a sensitivity analysis by varying A from 0.0 to
1.8, as shown in Table V. The results demonstrate that the
model achieves its peak performance at A = 1, reaching
the highest F1 and IoU. Specifically, relying solely on L.,
where A equals O results in a significant decrease of 3.74
in F1 and 4.11 in IoU, highlighting the necessity of Lg;ce
in addressing the class imbalance between defects and back-
ground. Conversely, excessively increasing the weight such
as setting A to 1.8 leads to diminishing returns, indicating
that over-emphasizing region-based supervision may disrupt
the optimization balance. Consequently, we set A = 1 as the
default hyperparameter for all reported experiments.

6) The Influence of different backbone: Various back-
bones, such as ResNet18, ResNet34, ResNet50, MobileNetV1,
MobileNetV2 and MobileNetV3 were tested in FHS-Net to
identify the optimal backbone for battery surface defect de-
tection and assess their impact on our framework. As indi-
cated in Table VI, although the deeper ResNet50 outperforms
ResNet34, it fails to yield a significant performance leap over
the lightweight MobileNetV2. This suggests that the massive
parameter capacity of heavyweight models is less effective
for these specific texture features when trained on the BSD
dataset. While the BSD dataset scale of 2,183 sub-images
is comparable to established benchmarks like NEU-SEG [40]
and Magnetic-Tile-Defect [41], the inherent scarcity of diverse
anomaly samples in industrial production environments limits
the generalization advantage of excessively deep architectures.
In contrast, MobileNetV?2 strikes a more favorable balance be-
tween feature abstraction and spatial detail preservation, as its
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Fig. 10. Robustness analysis of the reference image against (a) Gaussian
noise, (b) brightness variations, (c) spatial translation shifts, and (d) spatial
rotation angles.

compact structure is inherently better suited for capturing low-
contrast defect patterns without the signal dilution often found
in deeper networks. Table VI proved that MobileNetV2 strikes
a more favorable balance between accuracy and efficiency,
making it the most appropriate choice for FHS-Net, especially
in real-time industrial scenarios where both performance and
speed are critical.

7) Robustness analysis. To evaluate the model’s reliability,
we conducted a sensitivity analysis by introducing various
perturbations during inference, as illustrated in Fig. 10. In Figs.
10(a) and (b), we first examine the image quality perturbations
applied to the reference branch. In Fig. 10(a), performance
metrics exhibit a high degree of stability despite increasing
noise levels, demonstrating that the model’s feature extraction
capability is resilient to image noise. Similarly, Fig. 10(b)
shows consistent detection accuracy across brightness scaling
factors ranging from 0.85 to 1.3 times the original intensity.
Although a marginal decrease occurs at extremes, the overall
trend confirms the model’s resilience to illumination changes.
Furthermore, to assess the model’s tolerance to spatial mis-
alignments during the inspection process, we introduced spa-
tial perturbations to the query images in Figs. 10(c) and (d).
Fig. 10(c) illustrates the impact of spatial translation shifts
within a range of [-5, 5] pixels. The remarkably stable curves
indicate that the proposed network can effectively handle
minor positional offsets between the reference and query
images. Finally, Fig. 10(d) evaluates the sensitivity to spatial
rotation angles within a range of [—2.5°,2.5°]. The negligible
fluctuations in all metrics demonstrate the model’s spatial
invariance and reliability, ensuring robust defect detection even
when the industrial components are not perfectly aligned with
the template.

8) The Influence of the alignment algorithm. To verify the
necessity of the proposed alignment for mitigating spatial
discrepancies between the query image and the defect-free
template, we conducted an ablation experiment by disabling
this component, as shown in Table II. Without the align-
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TABLE VII
PERFORMANCE COMPARISON ON F1 (%), IoU (%), PRECISION (%), RECALL (%), PARAMS (M), GFLOPs, GPU MEMORY, AND FPS.
BSD NEU MTD Speed

Method backbone FI IoU Pre Rec | FI ToU Pre Rec | FI ToU Pre Rec |Params GFLOPs GPU Mem FPS
BiFormer Biformer-B | 65.81 49.04 74.62 58.86|91.89 84.99 92.30 91.48|92.74 86.46 92.18 93.30| 87.54 65.72M 2160 Mib  32.62
PoolFormer  PoolFormer-s12 | 62.21 45.15 77.84 51.80(89.96 81.75 90.39 89.53[89.25 80.58 91.31 87.28| 15.67 7.76G 482 Mib 134.31
ConvNeXt ConvNeXt-T 3\5,\7/\3,3@% 75.99 57.91(90.76 83.08 91.53 90.00[90.14 82.06 87.83 92.59| 120.89 73.20G 856 Mib  38.15
SegNeXt MSCAN-T | 64.65 47.77 76.53 55.97|91.14 83.72 91.63 90.66|90.27 82.27 86.51 94.38| 4.26 1.61G 408 Mib 166.72
Mask2Former ResNet50 61.63 44.54 70.97 54.57|89.73 81.37 90.01 89.45|89.50 81.00 88.01 91.05| 44.04 - 666 Mib  36.97
Mask2Former  MobileNetV2 |63.93 46.99 70.28 58.64|89.15 80.43 88.80 89.51|89.65 81.25 90.75 88.58| 21.44 - 500 Mib  47.01
SegFormer MiT-BO 64.00 47.06 68.68 59.92|91.11 83.66 91.73 90.48|87.36 77.56 79.87 96.42| 3.75 193G 424 Mib 96.25
MaskFormer ResNet50 65.46 48.65 74.57 58.33190.00 81.82 90.99 89.03|90.56 82.74 89.89 91.23| 41.31 - 638 Mib  54.83
BiSeNetV2 Bisenetv2 51.10 34.32 55.01 47.71|88.00 78.57 87.36 88.65|84.74 73.52 90.16 79.93| 3.36 3.09G 352 Mib 317.69
CCNet ResNet50 62.21 45.15 73.71 53.82|89.37 80.78 90.10 88.65|89.52 81.03 88.81 90.24 | 47.53 50.29G 664 Mib  62.83
CCNet MobileNetV2 [55.26 38.18 74.14 44.04|88.00 78.57 89.41 86.64|88.77 79.81 91.15 86.51| 9.82 10.57G 466 Mib 184.73
DeepLabv3+ ResNet50 63.98 47.04 73.38 56.71|90.02 81.86 90.64 89.42|91.77 84.80 92.56 91.00| 44.22 44.12G 620 Mib  66.25
DeepLabv3+  MobileNetV2 |55.89 38.79 77.77 43.62|88.95 80.10 90.30 87.64|88.95 80.10 90.30 87.64| 15.01 17.05G 404 Mib 138.96
PSPNet ResNet50 61.97 4490 76.21 52.22|89.46 80.93 90.25 88.69|91.18 83.92 91.18 91.33| 46.68 44.78G 624 Mib  62.63
PSPNet MobileNetV2 |57.83 40.68 69.92 49.31|89.90 81.65 90.95 88.87|90.79 83.13 90.33 91.25| 13.94 13.16G 358 Mib 176.79
FCN ResNet50 61.12 44.01 76.65 50.83|89.17 80.45 90.13 88.23|91.15 83.51 91.15 90.88| 47.20 49.54G 654 Mib  56.78
BG-Net ResNet34 64.93 48.07 74.09 57.79|91.92 85.05 91.80 92.05|89.67 81.28 89.88 89.47| 47.69 16.48G 5322 Mib 34.30
FC-diff - 65.42 48.61 71.90 60.01(90.08 81.95 90.01 90.16|87.22 77.33 89.17 85.35| 1.35 472G 1122 Mib 83.81
TFI-Net ResNet18 65.70 48.92 69.42 62.35|91.80 84.84 90.93 92.68 90.33 82.37 90.84 89.83| 28.37 9.74G 950 Mib  64.44
FHS-Net(Ours) MobileNetV2 |67.16 50.55 70.95 63.75|92.73 86.44 92.70 92.76 |91.55 84.41 95.86 87.61| 3.17 235G 622 Mib 80.95

ment algorithm, the model’s performance on the test set
exhibits a decline, with the IoU falling to 49.32 and the
F1 score dropping to 66.06. This performance degradation
is primarily attributed to pixel-level spatial offsets caused by
mechanical positioning errors in actual production lines. Such
misalignments cause the background textures to be incorrectly
identified as anomalies during the feature differencing stage.

E. Comparative Experiments

We Conduct a comparison of the proposed FHS-Net
with other advanced models using three defect detection
datasets. These models include BiFormer [51], PoolFormer
[52], ConvNeXt [53], SegNeXt [54], Mask2Former [55],
SegFormer [56], MaskFormer [57], BiSeNetV2 [58], CCNet
[59], DeepLabv3+ [60], PSPNet [61] and FCN [62]. In ad-
dition, we also introduce three recent models that employ
differencing strategies into our benchmark. BG-Net [31] is
a defect detection method specifically designed for indus-
trial inspection, which utilizes background-guided differenc-
ing to enhance abnormal region localization. Although FC-
diff [42] and TFI-Net [43] originate from remote sensing
change detection, their structural designs—such as dual-branch
representations and difference-aware fusion—are conceptually
related to industrial scenarios, where distinguishing subtle
differences between normal and defective samples is essential.
Furthermore, we replaced the original backbones of several
SOTA methods (Mask2Former [55], CCNet [59], DeepLabv3+
[60], and PSPNet [61]) with MobileNetV2, which is also
used in our FHS-Net. This uniform backbone setting enables
a fairer comparison of the architectural differences among
these methods. The results of the experiments are presented
in Tables VII. The optimal results are indicated in bold, the
second-best results are underlined, and the third-ranked results
are marked with a wavy line.

1) Comparison of the BSD dataset. Table VII shows the
comparison results of FHS-Net against 19 baseline models.
The proposed FHS-Net achieves the highest detection accu-
racy, with F1: 67.16, ToU: 50.55. Compared to BiFormer,
the F1 improves by 1.35, and the IoU improves by 1.51.
We selected two sets of images from the test set of the
BSD dataset for visualization. While all existing baselines
can approximately locate the defects, some issues remain.
Qualitatively, the results are shown in Fig. 11. In the Group I
images, there is a depression that has a contrast similar to the
background color. Most baseline models struggle with missed
detection when encountering defects with low separability
(e.g., PoolFormer). In the Group II images, there is a scratch
that also presents a similar contrast, posing the same challenge
of low visibility, leading to missed detections in most baseline
models (e.g., SegFormer). In contrast, our proposed model
effectively localizes the edges of the defects, even in the pres-
ence of low separability and small defect sizes. In the Group
IIT images, there are two fine dust particles on the surface
of the battery, accompanied by small defects. Most baseline
models struggle with misdetection and are unable to accurately
localize the edges of these defects (e.g., Biformer). However,
benefiting from the Fine-Grained Enhancement Module, our
proposed framework can precisely identify the defects by
utilizing edge information.

2) Comparison of the NEU-SEG dataset [40]. Table VII
shows the comparison results of FHS-Net against 19 baseline
models. The proposed FHS-Net achieves optimal detection
accuracy, F1: 92.73, IoU: 86.44. Compared to BG-Net, the F1
improves by 0.81, and the IoU improves by 1.39. We selected
two sets of images from the test set of the NEU-SEG dataset
for visualization. Qualitatively, the results are shown in Fig.
11. Existing baselines exhibit varying degrees of leakage and
misdetection issues when confronted with different scenarios.
In Group I images, there are low-separability patches on the
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Fig. 11. Qualitative comparison results of FHS-Net and other baselines on the test sets of BSD, NEU-SEG, and Magnetic-Tile-Defect datasets. White indicates
true positives, red indicates false positives, black indicates true negatives, and blue indicates false negatives.

steel surface, which present a low-separability challenge. Most
of the baseline models have issues with missed detections,
however, our model is able to accurately locate the defects.
In Group II images, there are tiny scratches that are sur-
rounded by a similar background. Many models experience
misdetection issues, however, our model effectively avoids this
drawback. In the Group III images, there are low-separability
inclusions on the steel surface. When faced with the low
contrast between the background and the defective region,
some models suffer from misdetection (e.g., BiFormer), while
others struggle with missed detection (e.g., PoolFormer).

3) Comparison on the Magnetic-Tile-Defect dataset [41].
Table VII shows the comparison results of FHS-Net against
19 baseline models. The proposed FHS-Net achieves the third-
best detection accuracy, with an F1 score of 91.55 and an
IoU of 84.41. When compared to BiFormer, the difference
in the F1 score is only 1.19, and the difference in IoU is
2.05. However, FHS-Net has the lowest Params and lower
FLOPs, while BiFormer has 27.62 times more parameters
and 27.97 times higher FLOPs compared to FHS-Net. For
visualization, we selected two sets of images from the test
set of the Magnetic-Tile-Defect dataset. Qualitatively, the
results are shown in Fig. 11. The existing baselines exhibit
varying degrees of under-detection issues when confronted
with different scenarios. In the Group I images, there is a break
with low separability on both sides of the tile, causing most
models to suffer from missed detections (e.g., BiSeNetV2),
and some to experience misdetection (e.g., SegFormer). In
the Group II image, there is a low-separability uneven area
beneath the surface of the magnetic tile. Most models exhibit
missed detections (e.g., BiFormer), and some fail to accurately
locate the edges of the defects, leading to misdetections (e.g.,
SegFormer). However, our proposed framework effectively
addresses these challenges. In the Group III images, there is
a tiny Blowhole in the upper right corner of the tile. Most

models experience missed detections (e.g., Segformer), while
our proposed framework successfully avoids this issue.

4) Discussion. To analyze the underlying reasons for FHS-
Net’s strong performance across the BSD datasets, NEU-SEG
[40] and Magnetic-Tile-Defect [41], we summarize its key
architectural advantages as follows. First, FHS-Net employs a
Siamese architecture to explicitly model inter-image discrep-
ancies, outperforming traditional single-stream architectures in
complex scenarios [51]-[62]. Second, the FGEM leverages
multi-stage neighboring features to enhance the representation
of small or low-contrast defects. This design addresses the
limitations of methods that primarily focus on high-level
features, which often overlook fine-grained details and shallow
spatial information [42], [51], [56], [57], [59]. Third, the HPD
introduces progressive semantic reconstruction using multi-
scale masks, capturing both coarse and fine features. This
approach alleviates semantic dilution commonly encountered
in shallow decoders or single-path architectures, a limitation
observed in prior works [42], [56], [59]-[62]. Finally, FHS-
Net’s fully convolutional design ensures efficient inference
without compromising accuracy. While Transformer-based
models often sacrifice efficiency for accuracy [31], [S51], [S5]-
[57], FHS-Net achieves a more favorable balance, making it
well-suited for real-time industrial inspection tasks. Notably,
this balance is especially advantageous for datasets of small to
medium scale, where convolutional architectures with stronger
inductive biases often yield better generalization. Moreover,
our BSD dataset yields relatively lower performance. Many
defects arise from internal damage and exhibit only subtle
surface cues, often blending into complex textures with low
contrast and high variability, making detection particularly
difficult, which highlights its inherent challenges.

Furthermore, a comparison of model scales reveals that
the performance gains are driven by architectural innovation
rather than the scale of model parameters. As shown in Table
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VII, FHS-Net achieves superior performance with only 3.17
M params and 2.35 GFLOPs. It significantly outperforms
heavyweight models such as BiFormer [51] (87.54 M params,
65.72 GFLOPs) and ConvNeXt [53] (120.89 M params,
73.20 GFLOPs) despite their much larger capacities. Even
compared to lightweight designs, our framework achieves a
more favorable balance between accuracy and complexity.
For instance, while FC-diff [42] possesses a smaller footprint
of 1.35 M parameters, FHS-Net provides higher detection
accuracy. Similarly, although SegNeXt [54] (4.26 M params,
1.61 GFLOPs) and SegFormer (3.75 M params, 1.93 GFLOPs)
offer competitive complexity, their performance remains infe-
rior across all evaluated surface defect detection benchmarks.

VI. LIMITATIONS AND FUTURE WORK

In this work, we focus on detecting battery surface defects.
Our reference-based discrepancy-aware architecture is partic-
ularly suitable for highly standardized production lines. In
the future, we plan to extend the proposed discrepancy-aware
architecture to other key stages of battery manufacturing,
including welding spot defect detection. Meanwhile, although
our current approach adopts a binary segmentation strategy,
many defects in the BSD dataset originate from internal
structural issues and show up as subtle surface signs—some
of which are difficult to detect using RGB images alone. To
address this limitation, we plan to enhance the dataset by in-
corporating depth images, which can complement RGB inputs
by providing topological information to highlight otherwise
indistinct defect patterns. Based on this enhancement, future
work will explore multi-class semantic segmentation for more
fine-grained defect categorization. Furthermore, our research
currently focuses on enhancing defect segmentation accuracy
and robustness using a fully supervised framework that de-
pends on large volumes of labeled data. To alleviate such data
dependency, future work will investigate self-supervised and
unsupervised learning approaches tailored to battery surface
defect detection.

VII. CONCLUSION

In this study, we collected and annotated the Battery Surface
Defect dataset to advance the field of surface defect segmenta-
tion. We also propose a Fine-Grained Hierarchical Perception
Siamese Network to address challenges posed by the complex
and variable shapes of defect samples and the low contrast
between defects and backgrounds. Additionally, we performed
comprehensive experiments using the BSD, NEU-SEG, and
Magnetic-Tile-Defect datasets. Our model achieved optimal
accuracy on the BSD and NEU-Seg datasets and ranked third
on the Magnetic-Tile-Defect dataset, all while maintaining low
model parameter count, computational efficiency, and real-
time performance.
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