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Abstract

Effectively detecting subtle surface defects in strip steel is vital for industrial
quality assurance; however, most existing approaches fail to strike an optimal
balance between accuracy and efficiency, especially under real-time processing
constraints. To address these limitations, we propose SGS-YOLO, a lightweight
detection network built upon an enhanced YOLOVS architecture. In this work,
we offer three core contributions through our proposed method. First, we in-
corporate the star operation into YOLOv8’s backbone and C2f modules to re-
duce the model’s parameters and computational cost. Second, we introduce a
Group-Sharing Detection Head (GS-Detect), leveraging Group Normalization
and shared convolutions to jointly enhance accuracy and inference efficiency.
Third, we propose a novel Self-Concatenated Feature Enhancement (SCFE)
mechanism to enrich feature diversity and gradient propagation. Notably, SCFE
itself is parameter-free, while the reported overall parameter/FLOPs increase
arises from subsequent layers that receive widened inputs after concatenation.
Compared with YOLOv8n, SGS-YOLO improves mAP@50 by 2.9%, respec-
tively, on the NEU-DET dataset. With 1.49 M parameters and an inference
speed of 130.22 FPS, SGS-YOLO achieves a favorable accuracy-efficiency trade-
off. Compared to other mainstream models, SGS-YOLO demonstrates strong
detection accuracy while maintaining a lightweight architecture, which satisfies
the quasi-real-time requirement in multiscale defect detection task.

Keywords

Lightweight Network, Starnet, Self-Concatenated Feature Enhancement,
Surface Defect Detection, YOLOVS

1. Introduction

Strip steel, known for its high strength, excellent ductility, and versatile formabil-
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ity, is widely used in industrial production, construction, and various other sectors
[1]. Common surface defects such as scratches, inclusions and edge cracks, which
can compromise both performance and overall product quality [2] [3]. Addition-
ally, such defects can cause more severe issues like belt breakage and production
losses [4]. Therefore, rapid and accurate defect detection is essential to improving
quality and efficiency in steel manufacturing.

Historically, surface defect detection in strip steel relied predominantly on man-
ual visual inspection, wherein trained inspectors identified anomalies based on ex-
perience and subjective judgment. This approach, however, was limited by low effi-
ciency, high labor cost, and poor reproducibility, making it ill-suited for modern,
high-throughput production lines [5]. To address these limitations, early automa-
tion efforts employed traditional machine learning methods that typically involved
handcrafted feature extraction followed by classification algorithms such as Sup-
port Vector Machines (SVM) and Decision Trees [6]. Although these methods
improved detection accuracy to some extent, their dependency on human-defined
features restricted their performance in terms of adaptability, localization preci-
sion, and generalization [7].

In recent years, the emergence of deep learning has revolutionized defect detec-
tion, particularly within the steel manufacturing industry. Object detection models
built on convolutional neural networks (CNNs) have significantly improved both
detection accuracy and automation efficiency. These models generally fall into two
categories: two-stage and single-stage detectors. Two-stage approaches, such as
Faster R-CNN [8] and Mask R-CNN [9], first generate region proposals followed
by object classification and bounding box refinement. While offering superior ac-
curacy, they are computationally expensive and lack real-time capability. In con-
trast, single-stage models like YOLO [10]-[12], SSD [13], and EfficientDet [14]
directly perform classification and localization in a single forward pass, enabling
faster inference and making them more suitable for real-time industrial deploy-
ment.

Among single-stage models, the YOLO family has gained particular prominence
due to its impressive inference speed and end-to-end trainability. Its rapid image
processing capabilities make it an attractive solution for surface defect detection
in fast-paced industrial environments where latency is critical.

Despite these advances, achieving a satisfactory balance between detection accu-
racy, computational efficiency, and model robustness remains a challenge. YOLO-
based models, while fast, often suffer performance degradation when applied to
complex and highly variable surface defect patterns. Factors such as diverse defect
morphologies, background interference, and limited annotated data can signifi-
cantly impair detection precision and recall. These limitations underscore the
need for enhanced architectures tailored to the unique demands of strip steel sur-
face defect detection.

To this end, we propose a lightweight detection network based on an improved

YOLOVS framework [15]. This superior balance of precision and computational
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cost underscores the model’s potential for effective real-time deployment in high-
demand industrial environments. The main contributions of this work are sum-
marized as follows:

1) StarNet Backbone and C2f Module Reconstruction: We reconstruct the
backbone and C2f modules of the baseline YOLOVS architecture using the light-
weight StarNet module. This redesign substantially reduces model parameters while
enhancing the network’s multi-scale feature extraction capability.

2) Group-Sharing Detection Head (GS-Detect): We introduce a lightweight
detection head, termed GS-Detect, which integrates Group Normalization and
shared convolutional layers to reduce cross-scale head redundancy and improve
normalization-aware feature processing.

3) Self-Concatenated Feature Enhancement (SCFE): We propose SCFE, a
novel intra-layer feature fusion strategy that concatenates a layer’s output with its
own duplicated representation, effectively doubling the channel dimension. Un-
like conventional cross-layer or multi-scale fusion methods, SCFE enriches fea-
ture diversity and expressiveness without introducing additional parameters. Fur-
thermore, it facilitates implicit multi-path gradient propagation, thereby enhanc-
ing optimization stability and convergence speed. While SCFE introduces no
learnable parameters itself, it widens the downstream inputs and thus may slightly

increase the subsequent-layer weights and FLOPs at the network level.

2. Related Work
2.1.YOLOvS8

This study builds upon the YOLOv8n model. YOLOVS further improves both ac-
curacy and flexibility through coordinated optimizations in the backbone, neck,
and head. Specifically, in the backbone, YOLOvV8 adopts the C2f module, which
incorporates the ELAN-style design from YOLOv7 [12]. This design enhances fea-
ture extraction and gradient flow while maintaining a lightweight architecture.
In addition, YOLOvV8 employs a hybrid FPN-PAN neck to effectively aggregate
multi-scale semantic and spatial cues, which is crucial for detecting defects rang-
ing from microscopic pinholes to extensive scratches. The detection head follows
an anchor-free paradigm, simplifying the pipeline and improving inference effi-
ciency [16], which is particularly beneficial for small-object detection. The head
component leverages enhanced feature computation to provide confidence scores
and location information for each target. Consequently, the accuracy of both clas-
sification and regression tasks is improved, thus supporting precise object detec-
tion and classification [17].

With its anchor-free formulation and efficient multi-scale feature aggregation,

YOLOV8 has become a competitive baseline for steel-related detection tasks.

2.2. Lightweight Real-Time Detectors for Strip Steel Defect
Detection

Strip steel surface defect detection is challenging due to severe scale variation, sub-
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tle texture contrast, irregular morphologies, and specular reflections [18] [19],
which jointly demand strong multi-scale representation and robust localization
under strict real-time constraints [20]. While earlier defect inspection systems of-
ten favored multi-stage pipelines for accuracy [21], their computational overhead
and latency typically limit throughput in online production lines.

From the perspective of lightweight real-time deployment, SDD-YOLO [22]
emphasizes compact modeling and generalization for strip steel surface defects
under runtime constraints, while AEDN-YOLO [23] improves steel defect detec-
tion by enhancing feature extraction and multi-scale processing within a one-
stage pipeline. For hot-rolled strip scenarios, TBD-YOLO [24] further adapts fea-
ture fusion and detection components to better handle scale diversity and complex
backgrounds. In parallel, context- and receptive-field-oriented designs strengthen
multi-scale cues via explicit context modeling: MSC-DNet [25] introduces effi-
cient multi-scale context modules for strip steel defects, and Trident-LK Net [26]
employs a lightweight trident structure with large kernels to improve multi-scale
defect perception. Moreover, data/learning-regime adaptation has been explored
for limited annotations: YOLO-SD [27] leverages stable-diffusion-driven simula-
tion and feature fusion to boost few-shot industrial defect detection performance.

Beyond steel defect detection, target detection in other domains also provides
methodological references for meeting strict latency constraints. MobileSAM-
Track [28] enables efficient per-frame localization and mask prediction by decom-
posing semi-supervised video object segmentation into lightweight tracking and
prompt-based segmentation, highlighting the value of modular designs for real-
time deployment. Meanwhile, TGC-YOLOVS5 [29] improves detection in complex
scenes by incorporating Transformer-based encoding and attention mechanisms
to strengthen feature interactions. Although these studies are not tailored to steel
defect detection, they underscore the importance of jointly considering efficiency
and representation.

Although existing lightweight networks achieve a reasonable trade-off between
accuracy and efficiency, further improving performance without introducing re-
dundant parameters remains challenging. To address this challenge, we propose
SGS-YOLO, a lightweight object detection network, aiming to jointly reduce cross-
scale redundancy, stabilize normalization under lightweight settings, and enhance
feature expressiveness without incurring additional computational overhead. De-

tails are provided in Sec. 3.

2.3. StarNet Algorithm Introduction

StarNet, recently introduced by Ma et al [30], proposes a novel star operation to
efficiently model second-order feature interactions via element-wise multiplica-
tive transformations. Unlike traditional convolutions that rely on increased chan-
nel dimensions and nonlinear activations to enhance representational power, the
star operation implicitly projects input features into a high-dimensional nonlinear

space without explicitly expanding dimensionality. Formally, given an input fea-
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turevector X € R’ and weight matrices W,,W, € R", the star operation is de-

fined as
Y =(ij)o(w;x), (1)

where © denotes element-wise multiplication. Each element of the output Y,

can be expanded as
d

Zdwxw (2)

i=1 j=

which implicitly encodes O(d 2) second-order interactions, akin to polynomial
kernel mappings. This enables compact yet expressive feature representations.

Stacking multiple star blocks—each comprising depth-wise convolutions, par-
allel linear projections, element-wise multiplications, batch normalization, and
nonlinear activations—allows StarNet to hierarchically aggregate high-order in-
teractions, significantly enhancing both feature expressiveness and network effi-
ciency. This forms the foundation for its integration into the YOLOv8 backbone
and C2f modules.

In this work, we embed the star operation into the backbone and C2f modules
of YOLOVS8 to promote high-order feature interaction and fusion. Although our
enhanced model maintains a comparable mAP to the original, it achieves approx-
imately 33% reductions in both parameter count and FLOPs, demonstrating its
suitability for deployment in latency-sensitive or resource-constrained environ-
ments.

Different from the approach adopted in [3], which primarily employs StarNet
as a backbone replacement for generic object detection, our work focuses on a
module-level integration of the star operation into both the YOLOv8 backbone
and its C2f fusion units. This design choice is motivated by the fine-grained tex-
tures and irregular morphologies of strip steel defects, where high-order feature
interactions are particularly beneficial. Moreover, the proposed StarNet integra-
tion is co-designed with our GS-Detect head and lightweight feature enhancement

strategy, thereby reducing computational cost and improving inference efficiency.

3. Methodology

To advance the state of the art in steel surface defect detection, we propose a series
of architectural enhancements to the YOLOvS framework, aiming to simultane-
ously improve representational capacity and computational efficiency. The result-
ing architecture, termed SGS-YOLO, is designed to address the challenges of iden-
tifying subtle, irregular, and low-contrast defects in complex industrial settings.
As shown in Figure 1, the framework integrates three key innovations:

First, we enhance the YOLOvVS8 backbone and C2f modules by incorporating the
star operation and star blocks derived from StarNet, enabling high-order feature
interactions critical for capturing subtle and irregular surface defects.

Second, we introduce the GS-Detect, a lightweight and unified detection head

that replaces scale-specific convolutions with a shared group-normalized convo-
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lutional block. This design encourages cross-scale semantic consistency, reduces
parameter redundancy, and enhances training stability, particularly in resource-

constrained environments.
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Figure 1. Architecture overview of SGS-YOLO.

Third, we design the Self-Concatenated Feature Enhancement (SCFE) module,
a novel, parameter-free strategy that improves feature diversity by concatenating
a feature map with itself before feeding it into downstream modules. Our analysis
reveals that SCFE benefits from implicit regularization, feature reuse, and optimi-
zation advantages, achieving higher accuracy with reduced parameter and FLOPs
overhead. As shown in Table 1, the locations of these three modules in the net-
work are specified.

The following subsections will elaborate on the technical details and rationale

behind each of these components.

Table 1. Module placement of StarNet, C2f-Star, SCFE, and GS-Detect in SGS-YOLO.

Module Location Pyramid level(s)

StarNet-s050 Backbone(replace YOLOvS backbone) P3/ P4/ P5 (stride 8/16/32)

Cof-Star Neck fusion blocks PP B
- a bl >
(replace YOLOvV8 C2f block)
SCFE before C2f-Star P4 and P5
GS-Detect Detection head(replace YOLOv8 head) inputs: (P3, P4, P5)

3.1. Integration of StarNet in YOLOv8 Backbone and C2f Module

Building upon the principles introduced by StarNet, we integrate the star oper-
ation into YOLOv8’s backbone and C2f module to enhance feature extraction
and fusion capabilities, crucial for accurate steel defect detection. As illustrated
in Figure 1, in the backbone, we replace the original YOLOv8 backbone with
starnet_s050 as a unified feature extractor, followed by the original SPPF mod-
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ule. In the neck, we replace the post-concatenation C2f fusion blocks in the
YOLOv8 PAN/FPN with Star-enhanced C2f. C2f_Star is applied at three pyra-
mid levels: P3/8 with 256 channels, P4/16 with 512 channels, and P5/32 with
1024 channels.

The star operation efficiently captures high-order feature interactions through
element-wise multiplicative transformations, which allows for richer representa-
tions of complex defect patterns without explicitly increasing the network’s width.

For the backbone, the star operation is employed to replace traditional convo-
lutional layers, enabling the model to learn more discriminative and fine-grained
feature representations. This enhancement allows YOLOVS to better capture sub-
tle textures and irregular shapes characteristic of steel surface defects, improving
its ability to detect small and complex defects that are typically challenging for
conventional CNN-based architectures.

In the C2f module, integrating the star operation facilitates a more sophisticated
feature fusion mechanism. This enables the module to learn more complex inter-
actions between multi-scale features, improving its ability to distinguish subtle
variations between different defect types. The star operation enhances the capacity
of YOLOVS8’s feature fusion process, allowing the model to better handle the var-
iability and complexity inherent in steel surface defects.

The integration of the star operation into both the backbone and C2f modules
significantly improves YOLOv8’s capability to model complex defect patterns
while preserving its lightweight nature. This design offers a theoretically grounded
and practically effective solution for real-time, high-precision surface defect de-

tection in resource-constrained industrial settings.

3.2. GS-Detect: Lightweight Shared Convolutional Detection Head

We propose a new lightweight detection head structure, abbreviated as GS-Detect,
to replace the conventional detection head. Typically, the YOLO series employs
independent detection heads at different feature levels, with each comprising three
branches, to manage the same target at different scales. However, these branches
operate independently, thus resulting in inefficient parameter utilization and an
increased risk of model overfitting. Features detected by different feature layers
should exhibit similar relative scales. This has been demonstrated by the FCOS [31].
To address the issue of low parameter utilization, this study adopted the concept
of shared convolutional structures and introduced them into the detection head,
thus enabling different branches to share convolutional layers.

Despite the use of shared convolutional layers, normalization remains essential
because feature statistics vary across pyramid levels. Applying batch normaliza-
tion in a shared detection head can lead to biased running statistics and accumu-
lated errors in the moving averages, which in turn destabilizes training. We utilize
Group Normalization because it enhances training stability, particularly with small
or variable batch sizes, and improves feature consistency across scales, which is cru-

cial for robust defect detection. In our head, GN is used in both the scale-specific
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projection modules and the shared refinement block, while the final prediction
layers are linear convolutions. This projection reduces dimensionality and ensures
consistent feature representation across scales.

The GS-Detect structure is illustrated in Figure 2. GS-Detect employs a two-
stage convolutional strategy. The first stage involves an initial scale-specific chan-
nel projection, followed by a cross-scale shared feature extraction stage, which

significantly improves feature interaction and reduces model complexity.

- ’
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m’ - {

(o J
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|
A
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Figure 2. Architecture of the proposed GS-Detect module. Scale-wise 1 x 1 Group

S
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Normalized convolutions are first applied, followed by a shared two-layer 3 x 3 Group
Normalized convolution block.

In the first stage, scale-wise 1 X 1 Group Normalized convolutions (Conv_GN)

[32] are applied to each input feature map, projecting features from all scales into

a unified channel space. Formally, given multi-level FPN features {X (')}IL with
=1

X1 e REC-HM \e project each level to a unified hidden dimension H, viaa

level-specific 1 x 1 Conv-GN:
z0 =¢(GN(Conv§L>l(x<'>))). 3)

In the second stage, the aligned feature maps from all scales are passed through
a shared convolutional block consisting of two sequential 3 x 3 Group Normalized
convolutions. The shared weights across scales ensure that the feature extraction
process is consistent and efficient, facilitating rich cross-scale feature interactions

while maintaining computational efficiency:

FO=w(z";0), v, (4)

where V¥ is instantiated as two shared 3 x 3 Conv-GN layers.

Following the shared convolutional block, the refined features are bifurcated
into two separate branches: one for bounding box regression and the other for
classification. The regression branch uses distribution focal loss (DFL) to predict
bounding box parameters, augmented with learnable per-scale scaling factors to

adaptively calibrate predictions at different scales:

RY =, oR". (5)
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The classification branch outputs class confidence scores.

Following the ablation results reported in the original GN study [32], we adopt
16 channels per group, which was shown to achieve the best accuracy. With
H, =256, choosing G =16 keeps 16 channels per group, offering a practical
trade-off between overly coarse normalization (small G ) and overly fine normal-
ization (large G ), while preserving sufficient within-group cross-channel inter-

actions and stable statistics.

In Ultralytics YOLOvV8n, the detection head instantiates level-specific regres-

L
sion/classification towers {CVZ(I),CV3(I)} , so the head parameters and FLOPs

grow approximately linearly with L . By contrast, GS-Detect keeps only the level-

wise channel projections ZIL:l(’)(C, H, ), while sharing the refinement and pre-
diction modules across all levels, yielding #6gs =Y~ O(C/H, )+ O (Pyye) ver-
sus #& oo = ZLlO(Cl H,)+L-O(Pgy ) » and analogously lower head FLOPs

(same zl H W, dependence but fewer replicated tower operations).

3.3. Self-Concatenated Feature Enhancement (SCFE)

3.3.1. Motivation and Structural Design

To enhance the feature representation without incurring significant architectural
complexity, we introduce the Self-Concatenated Feature Enhancement (SCFE)
module. This design duplicates the input feature map F as [F, F] , forming a
structurally redundant representation that is then processed by downstream mod-
ules. While the concatenation itself introduces no new parameters, it increases the
input dimension for the subsequent layer. As shown in the SCFE module in Figure
1, we implement SCFE as a parameter-free self-concatenation operator and place
it immediately after the bottom-up fusion on (P4) and (P5). Formally, given a
fused feature map (F), SCFE produces along the channel dimension. The resulting
enhanced features are then reorganized by subsequent C2f_Star blocks before be-

ing fed into the detection head.

3.3.2. Theoretical Analysis: Intra-Block Feature Reuse and Implicit
Ensembling

The performance gain achieved by SCFE over a conventionally widened base-
line, despite having fewer parameters, can be attributed to its structural enforce-
ment of two synergistic principles: intra-block feature reuse and implicit ensem-
bling.

First, SCFE facilitates dense information access by duplicating the input feature
map F as [F, F] , enabling downstream modules, such as the C2f block with
multiple internal transformations, to repeatedly extract features from the same
source. This mirrors the feature reuse philosophy of DenseNet [33], albeit applied
at a finer, intra-block granularity. Whereas DenseNet promotes global reuse across
layers, SCFE enables local reuse within a block, allowing multiple transformations
to jointly exploit shared information and extract complementary patterns. This

increases representational diversity without increasing the number of independ-
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ent input features.

Second, SCFE induces an implicit ensemble effect through its dual-branch com-
putation. Let F e R be the input. SCFE applies a channel-wise self-concat-
enation to form F = [F, F] e R**" W which is then fed into a block with two
learnable filters W, and W,:

Y =Conv(W,, F)+Conv(W,,F), F =[F,F]. (6)

We split each kernel along the input-channel dimension as

W, = [Wla’Wlb]' W, = [WZa’WZb]' (7)

where W, and W, each take C input channels. By the linearity of convolu-

tion w.r.t. input channels, we have
Conv(W,,[F,F])=Conv(W,,,F)+Conv(W,,F),

8
Conv(W,,[F,F])=Conv(W,,, F)+Conv(W,,, F). ®

Substituting Equation (8) into Equation (6) yields the equivalent effective-ker-

nel form:
Y = Conv(W,,F)+Conv(W,,F),

] ) 9)
W'=W,, + Wy, Wy =W, + W,

Due to independent initialization and the stochastic nature of training, the two
convolutional paths are driven to learn complementary filters. This deterministic
ensemble effect is structurally analogous to the multi-branch strategy used in Shake-
Shake regularization [34], but is realized here without the need for explicit sto-
chastic weighting or architectural complexity.

SCFE induces a deterministic two-path parameterization, yielding the gradient
superposition

V.L=Conv' (W/,G,)+Conv' (W,,G,), (10)

where the backward signal is explicitly fused from two complementary routes.
Although the forward form can be algebraically collapsed, Equation (10) reveals
that the training process is not equivalent: the two branches, initialized inde-
pendently and optimized under stochasticity, are naturally encouraged to special-
ize and provide mutually compensating gradients.

This dual-route accumulation effectively smooths the update direction (reduc-
ing variance and directional bias), improves conditioning, and enhances training
stability. Therefore, the gradient derivation provides a principled support for our
qualitative claim of implicit ensembling: SCFE behaves like a deterministic en-
semble of two coupled learners, achieving stronger generalization without explicit
stochastic mixing or additional architectural overhead.

In summary, SCFE harnesses the strengths of two well-established principles:
local feature reuse for efficient representation learning, and deterministic multi-
path processing for ensemble-like generalization. These mechanisms operate jointly
to yield richer, more robust features, explaining the module’s empirical advantage

over heavier but less structurally optimized baselines.
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3.3.3. Ablation Study
To rigorously evaluate the effectiveness of SCFE, we consider the baseline without
SCEFE that keeps the original channel width C, and further construct a capacity-
enhanced variant termed TCE (Two-times Channel Expansion). In TCE, we ex-
plicitly widen the input channels of two selected C2f_Star blocks from C to 2C
via standard learnable convolutional expansion, thereby emulating a conventional
capacity scaling strategy with increased parameters and computation.
Functionally, TCE and SCFE share the same purpose: to enhance the expres-
siveness of the downstream C2f_ Star blocks by increasing input dimensionality.
However, unlike SCFE’s parameter-free duplication mechanism, TCE relies on
explicit structural expansion and a corresponding increase in learnable weights.
Importantly, aside from this localized difference, all other architectural compo-
nents, training settings, and hyperparameters are held constant across both vari-
ants. This ensures a controlled and fair comparison focused solely on the efficacy
of the feature enhancement strategy. The comparison results are reported in Table
2. Experimental results demonstrate that SCFE outperforms TCE, despite having

fewer parameters and lower computational cost.

Table 2. Ablation comparison between TCE and SCFE.

Model Params (M) GFLOPs  Precision (%) mAP@50 (%) FPS

without SCFE 1.37 4.5 73.57 76.88 137.45
TCE 1.74 5.4 75.87 77.98 154.56
SCFE (Ours) 1.49 4.7 78.10 78.52 128.53

4. Experiments and Results

To evaluate the effectiveness of the proposed detection architecture, which inte-
grates the StarNet backbone, Group-Sharing detection head (GS-Detect), and
Self-Concatenated Feature Enhancement (SCFE) module, we conduct a compre-
hensive series of experiments. These include controlled ablation studies, compar-
isons with state-of-the-art (SOTA) methods, and cross-dataset generalization as-

sessments.

4.1. Dataset

We evaluate our method on the publicly available benchmarks: NEU-DET. A
widely used benchmark for evaluating surface defect detection on rolled steel
strips. As illustrated in Figure 3, it contains six common defect categories: cracks
(Cr), inclusions (In), patches (Pa), pitted surface (PS), rolled-in scale (RS), and
scratches (Sc). The dataset comprises 1800 grayscale images, each with a resolu-
tion of 200 x 200 pixels. The dataset is divided into training, validation and testing
sets in an 8:1:1 ratio.

All images are fed into the network at 640 x 640. For inputs with varying aspect
ratios, we apply the standard letterbox strategy in YOLOVS: images are isotropi-

cally scaled to fit the target size and then symmetrically padded to 640 x 640.
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Ground-truth boxes are scaled and shifted with the same transformations. This
prevents geometric distortion from anisotropic resizing and maintains consistent

spatial geometry across datasets.

(b) In

(d) Ps - (e) RS (f) Sc

Figure 3. Visualization of the detection results of NEU-DET dataset, belonging to the
categories: (a) Crazing; (b) Inclusion; (c) Patches; (d) Pitted_surface; (e) Rolled-in_scales;
(f) Scratches.

4.2. Implementation Details

All experiments were conducted on a workstation running Ubuntu 22.04.2 LTS,
equipped with an NVIDIA RTX 4090 GPU (24 GB VRAM). The models were
implemented using PyTorch 2.3.0 with CUDA 12.1. We adopt YOLOv8n from
the Ultralytics framework [15] as the baseline due to its lightweight architecture
and favorable trade-off between accuracy and efficiency.

During training, all input images were resized to 640 x 640. We used stochastic
gradient descent (SGD) with an initial learning rate of 0.01, momentum of 0.937,
and a weight decay of 5 x 10~% The model was trained for 300 epochs with a batch
size of 64 and 8 data loader workers. All experiments are conducted with a fixed
random seed (seed = 0) and repeated five times to verify result stability.

To enhance robustness and generalization, we adopted a diverse data augmen-
tation pipeline comprising photometric distortions (HSV jitter), geometric trans-
formations (random flipping, translation, scaling), and composite techniques
such as mosaic, RandAugment, and random erasing. Detailed settings are sum-

marized in Table 3.

Table 3. Data augmentation configurations.

Category Augmentation Type (Value)
Photometric HSV jitter: h=0.015, s=0.7, v=04
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Continued
Geometric Flip (horizontal: 0.5), translation: 0.1
Scale: 0.5
Composite Mosaic: 1.0
Auto-augment RandAugment
Erasing Random erasing: 0.4

4.3. Evaluation Metrics

To provide an intuitive assessment of the classification performance of our defect
detection model, we begin by presenting the confusion matrix, as shown in Figure
4. This matrix offers a comprehensive visualization of the model’s predictions
across all defect categories. The diagonal elements correspond to correctly classi-
fied instances, while off-diagonal elements indicate misclassifications—often be-
tween visually similar defect types. Such qualitative analysis reveals class-wise con-
fusion patterns and complements the quantitative performance metrics presented

in subsequent sections.

Confusion Matrix

inclusion crazing
B

patches

Predicted
_surface

pitted

rolled-in_scale
)

scratches
\

26 14 12 10 20 6

background

crazing inclusion patches pitted_surface rolled-in_scale  scratches background
True

Figure 4. Confusion matrix of the proposed model on the test set.

In this work, we evaluate the performance of the proposed defect detection
model using widely adopted metrics for object detection, including precision ( P ),
recall (R ), average precision (AP), and mean average precision (mAP). These

metrics comprehensively assess the model’s capability to accurately detect defects
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while maintaining robustness.
Precision measures the proportion of correctly identified positive samples among
all predicted positives, defined as

TP

P=—— (11)
TP+FP

where TP and FP denote true positives and false positives, respectively.
Recall quantifies the proportion of correctly identified positive samples among

all actual positives:

TP

R=— (12)
TP +FN

where FN is the number of false negatives.
Average precision (AP) for each defect class is computed by integrating preci-
sion over the entire range of recall values, reflecting the detection performance

across all operating points:

AP=I:p(r)@|r (13)

where p(l’) is precision as a function of recall r.
The mean average precision (mAP) aggregates AP values across all n classes

to provide a single overall performance metric:

MAP :%ZLAP(i) (14)

In addition to detection accuracy, we assess the computational efficiency of the
model through the following metrics:
¢ FLOPs (Floating Point Operations): Indicates the number of operations required
for a single forward pass, serving as a proxy for computational complexity.
* Number of Parameters: Reflects the total count of learnable parameters. Fewer
parameters typically correspond to lower memory and storage requirements.
¢ Frames per Second (FPS): FPS is reported as end-to-end throughput, including
preprocessing, model forward inference, and postprocessing, which represents
the model’s inference speed. Higher FPS values signify better real-time pro-
cessing capabilities, which are essential for practical deployment.
Together, these metrics provide a holistic evaluation of the model’s effective-
ness and efficiency, verifying its suitability for real-time deployment in resource-

constrained industrial environments.

4.4. Visualization Experiments and Analysis

To thoroughly assess the effectiveness of the proposed SGS-YOLO architecture,
we analyze both training dynamics and qualitative detection performance on the
NEU-DET dataset. The training process spans 300 epochs, during which we mon-
itor key performance indicators. Experimental results are presented through pre-
cision-recall (P-R) curves and F1-confidence analyses, illustrating the advantages

of SGS-YOLO in terms of detection accuracy and confidence calibration.
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4.4.1. Precision-Recall Evaluation on the NEU-DET Dataset
We compute the precision, recall, and mean average precision (mAP) for all six
categories of surface defects in strip steel, using both the baseline YOLOv8n and
our SGS-YOLO method. The corresponding P-R curves are shown in Figure 5.
As evident from the results, SGS-YOLO consistently improves upon the baseline
in terms of precision and recall, leading to a higher overall mAP of 0.786 com-
pared to 0.756 for YOLOv8n.

These improvements validate the superior detection capability of SGS-YOLO,
particularly in scenarios where high recall and precision are essential. This demon-
strates its applicability for real-world industrial defect detection tasks, where ro-

bustness and accuracy are critical.

4.4.2. F1-Confidence Analysis on the NEU-DET Dataset
To evaluate the confidence calibration of model predictions, we compare the F1-
confidence curves of SGS-YOLO and YOLOVSn, as illustrated in Figure 6. SGS-
YOLO achieves a higher peak F1 score of 0.73 at a confidence threshold of 0.494,
surpassing YOLOv8n’s 0.71 peak at a threshold of 0.310.

This enhancement indicates not only a better precision-recall trade-off but also
a more reliable confidence distribution. SGS-YOLO maintains higher F1 scores
across a broader confidence threshold range, reflecting improved robustness to
threshold sensitivity. Furthermore, the elevated optimal confidence threshold im-
plies a reduced tendency toward overconfident predictions and a lower false pos-
itive rate—an essential trait in high-stakes industrial inspection environments.

These findings affirm that SGS-YOLO provides more stable, trustworthy, and
better-calibrated predictions, supporting its suitability for deployment in real-

time surface defect detection systems.

4.4.3. Enhanced Localization and Coverage in Qualitative Results
To further substantiate the effectiveness of the proposed SGS-YOLO architecture
from a qualitative standpoint, we visualize representative detection outcomes

under diverse and challenging scenarios. As illustrated in Figure 7, two distinct

Precision-Recall Curve
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Figure 5. Precision-Recall curves for various defect types. (a) YOLOv8n and (b) SGS-YOLO.
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Figure 6. F1-confidence curves for various defect types. (a) YOLOv8n and (b) SGS-YOLO.

1.0

—— crazing
inclusion
—— patches
—— pitted_surface
—— rolled-in_scale
—— scratches
= all classes 0.71 at 0.310

F1-Confidence Curve

0.8

064 7

F1

0.4

0.2

0.0

bottom: patches, inclusion.

0.2

0.4 0.6
Confidence

(b)

inclusion 0.

(b)

0.8

1.0

—— crazing
inclusion
—— patches
—— pitted_surface
—— rolled-in_scale
—— scratches
= all classes 0.73 at 0.494

Figure 7. Qualitative comparison of detection results on NEU-DET. SGS-YOLO detects
defect regions that YOLOv8n misses entirely or only partially localizes. From top to

advantages of SGS-YOLO over YOLOv8n emerge: (1) the ability to detect defect
regions that are entirely missed by YOLOvV8n, and (2) the ability to produce more

DOI: 10.4236/jcc.2026.142006

121

Journal of Computer and Communications


https://doi.org/10.4236/jcc.2026.142006

J.C. Jiang et al.

accurate, complete, and confidence-consistent bounding boxes in cases where both
models generate predictions but YOLOv8n underperforms.

In (a), although both models produce detection results, SGS-YOLO consist-
ently demonstrates superior spatial accuracy and confidence calibration. For ex-
ample, in the patches samples, SGS-YOLO yields denser and more uniformly dis-
tributed bounding boxes that align more closely with ground-truth defect struc-
tures, whereas YOLOVS8n exhibits sparse, imprecise, or offset predictions. SGS-
YOLO accurately identifies multiple closely spaced defects with precise bound-
ing box alignment, outperforming YOLOv8n’s inconsistent or fragmented detec-
tions.

In (b), SGS-YOLO successfully localizes defects that are completely overlooked
by YOLOv8n. For instance, in the inclusions, SGS-YOLO delineates the full spa-
tial extent of fine-grained textures with high confidence, whereas YOLOv8n either
fails to detect them or produces low-confidence predictions. SGS-YOLO captures
multiple elongated and faint regions, including subtle features near image bound-
aries that YOLOvV8n entirely misses.

Collectively, these visual results and training dynamics confirm that SGS-YOLO
not only accelerates convergence and enhances training stability, but also signifi-
cantly improves defect localization coverage and spatial precision—particularly in
cases involving small-scale, ambiguous, or clustered anomalies. These capabilities
underscore its practical value for real-world industrial surface defect detection ap-

plications.

4.5. Comparative Experiments

To comprehensively assess the performance of the proposed SGS-YOLO frame-
work, we conduct two sets of comparative experiments on the NEU-DET dataset.
The first group evaluates SGS-YOLO against various versions of the YOLO family
(YOLOv8n through YOLOv12n), while the second benchmarks it against several
state-of-the-art surface defect detection algorithms.

As summarized in Table 4, SGS-YOLO achieves a superior balance between
detection accuracy and model efficiency. Specifically, it attains an mAP@50 of
78.52%, outperforming YOLOv8n (baseline) as well as subsequent variants in-
cluding YOLOv9t [35], YOLOv10n [36], YOLOv1ln [37] and YOLOvI12n [38].
Despite its improved accuracy, SGS-YOLO maintains a compact architecture with
only 1.49 million parameters and 4.7 GFLOPs, along with a high inference speed
of 130.22 FPS. Compared to YOLOv8n, SGS-YOLO reduces parameter count by
over 50% and compresses model size from 6.0 MB to 3.1 MB, underscoring its
strong potential for real-time deployment in resource-constrained industrial in-
spection scenarios.

To further validate its effectiveness, SGS-YOLO is compared with a set of clas-
sical and contemporary SOTA detection frameworks, includ ing Yolo-SD [27],
SDD-YOLO [22], Faster R-CNN [8], YOLO-SDS [3] and RT-DETR [39].

As reported in Table 5, both overall mAP and per-class detection accuracy
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across six defect categories (Cr, In, Pa, Ps, Rs, Sc) are evaluated.SGS-YOLO achieves
a competitive overall mAP of 78.5%, closely approaching that of Yolo-SD (82.3%)
while utilizing substantially fewer parameters and computational resources. No-
tably, SGS-YOLO outperforms most competing models in detecting complex de-
fect types such as cracks (Cr, 58.5%) and inclusions (In, 85.5%), demonstrating its
robustness in handling challenging surface morphologies. Although the accuracy
for scratches (Sc) is relatively lower (83.4%), the performance remains acceptable
given the model’s lightweight design. These results collectively confirm that SGS-
YOLO offers an effective trade-off between detection accuracy, computational ef-
ficiency, and real-time inference—making it well-suited for practical industrial

applications.

Table 4. Comparison of detection results and speed among YOLO series on the NEU-DET
dataset.

Model T3S crrops Model b o) R(w%) ~ TMAP@O L
M) Size (MB) (%)
YOLOv8n 3.01 8.1 6.0  71.10+0.21 70.98 +0.19 75.66 % 0.22 134.23
YOLOVSt 197 7.6 45  68.91+0.23 68.45+0.20 75.03+0.17 153.16
YOLOviOn 227 65 55  72.51+0.16 66.03+0.24 73.52+0.28 165.73
YOLOvlln 258 6.3 52 73.84+0.12 68.40+0.26 75.64 +0.19 130.49
YOLOvI2n 256 6.3 53  6546+0.27 6848 +0.15 74.50 +0.23 146.22
Ours 149 47 3.1 7%.12? 70.69 + 0.18 7%3 * 13022

Table 5. Performance comparison of different methods on the NEU-DET dataset.

YOLO-SD SDD-YOLO Faster R-CNN YOLO-SDS RT-DETR

Metrics (27] [22] (8] 3] (39] Ours
Params (M) — 34 111.4 1.97 19.8 1.49
GFLOPs 84.4 6.4 60.5 5.3 57.0 4.7
mAP (%) 82.3 76.1 75.1 77.7 62.39 78.5
Cr (%) 54.4 58.1 38.9 47.1 28.62 58.5
In (%) 84.6 88.1 77.9 79.8 77.86 85.5
Pa (%) 93.6 94.9 85.3 95.4 85.76 94.9
Ps (%) 86.0 93.4 89.9 82.6 63.42 82.4
Rs (%) 77.5 61.7 67.5 66.9 51.85 66.4
Sc (%) 95.6 91.3 90.9 94.6 66.84 83.4

4.6. Ablation Study

To scrutinize the improvements offered by the three proposed enhancements to

the network model, we undertook ablation experiments on the NEU-DET da-

DOI: 10.4236/jcc.2026.142006

123 Journal of Computer and Communications


https://doi.org/10.4236/jcc.2026.142006

J.C. Jiang et al.

taset using YOLOVS8n as the baseline network. The experimental environment
and parameter settings remained consistent, as summarized in Table 6. This
analysis isolates the individual effects of the StarNet, the Group-Sharing Detec-
tion Head (GS-Detect), and the Self-Concatenated Feature Enhancement (SCFE)

module.

Table 6. Ablation study results.

Star GS-Detect SCFE  Params (M) GFLOPs mAP@50 (%)
- - - 3.01 8.1 75.66
- - 2.01 6.1 75.18
- - 2.36 6.5 73.67
- 1.37 4.5 76.88
1.49 4.7 78.52

Beginning with the YOLOvV8n baseline, replacing its original backbone with the
lightweight Starnet architecture results in a significant 33.3% reduction in param-
eter count and a 25.6% decrease in FLOPs, while incurring a negligible drop in
detection accuracy. Although mAP@50 decreases by less than 0.5%, suggesting
enhanced localization quality under stricter IoU thresholds. These results confirm
that StarNet serves as an efficient feature extractor that preserves overall detection
performance while substantially reducing computational cost.

Incorporating the GS-Detect module further enhances both precision and recall
while continuing to reduce model complexity. Specifically, this variant requires
only 43.4% of the original parameters and 56.1% of the FLOPs, while yielding a
noticeable gain in mAP@50. although the GS-Detect module alone leads to a de-
cline in certain performance metrics, when combined with the StarNet backbone,
all evaluation indicators are consistently improved, indicating strong complemen-
tarity between the two designs. These results highlight the critical role of detection
head design in improving both accuracy and efficiency.

Finally, integrating the SCFE module yields the best overall performance, with
an mAP@50 of 78.52%. Although SCFE introduces a marginal increase in com-
putational overhead, the substantial performance improvement fully justifies the
trade-off. This configuration achieves the optimal balance between detection pre-
cision and computational efficiency.

For a more intuitive comparison, the evolution of mAP@50, parameter, and
FLOPs across ablation stages is visualized in Figure 8, clearly demonstrating the
progressive benefits introduced by each module.

Overall, the results confirm that each proposed architectural component con-
tributes synergistically to improving the detection framework. The final model
achieves a balanced trade-off between accuracy, model compactness, and infer-
ence cost, thereby making the network more comprehensive in detecting steel sur-

face defects and improving its overall performance.
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Figure 8. Impact of StarNet, GS-Detect, and SCFE modules on model parameters, FLOPs,
and detection accuracy (mAP@50).

5. Conclusions

In this work, we present SGS-YOLO, a lightweight and high-performance detec-
tion framework designed for industrial-scale steel surface defect inspection. Built
upon the YOLOv8n baseline, SGS-YOLO incorporates three structurally syner-
gistic innovations: a StarNet-enhanced backbone for expressive and hierarchical
feature extraction; a GS-Detect head for compact yet robust multi-scale predic-
tion; and a parameter-free Self-Concatenated Feature Enhancement (SCFE) mod-
ule for implicit feature augmentation and gradient stabilization.

Beyond quantitative gains, this work revealed a counterintuitive yet valuable phe-
nomenon through targeted ablation. The SCFE module, which introduces struc-
tural redundancy via self-concatenation, consistently outperformed the more con-
ventional channel expansion strategy (T'CE), despite having fewer parameters and
lower theoretical cost. This suggests that a well-designed architectural topology may
yield greater gains than naive capacity scaling. These insights highlight the critical
role of structural bias and training dynamics in modern deep network design.
Therefore, SGS-YOLO and the SCFE-derived insights offer a transferable blue-
print for lightweight, deployable detection systems, with clear potential for adop-
tion and scalability across diverse industrial domains.

Future studies will focus on three main aspects. First, the reported speed is meas-
ured on a desktop GPU, and real-time performance on edge/embedded hardware
has not been fully validated. We will benchmark SGS-YOLO on Jetson-class de-
vices and optimize deployment through TensorRT acceleration and post-train-
ing/quantization-aware quantization (e.g., FP16/INT8), reporting latency, through-
put, and resource footprints. Second, the detection accuracy for extremely small
defects (smaller than 5 pixels) remains insufficient, which is particularly challeng-
ing under low contrast and cluttered backgrounds. Future work will investigate

lightweight attention mechanisms and small-object-oriented designs (e.g., higher-
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resolution/tiling inference, enhanced multi-scale feature interaction, and targeted
data augmentation and supervision) to improve sensitivity to tiny defects in prac-
tical scenarios. Third, in cluttered scenes, the model can occasionally produce re-
dundant/overlapping boxes, indicating reduced localization stability. We will ex-
plore improved label assignment strategies and stronger post-processing to sup-

press duplicate predictions while maintaining recall.
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