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Abstract

Steel plate defect detection is confronted with problems such as weak features of small
defects, disconnection between physical priors and detection tasks, and semantic incon-
sistency of multi-scale fusion, which can easily lead to the misdetection of small defects.
To solve these problems, this paper proposes a detection method named PG-SalDETR.
Firstly, this paper proposes a physics-guided saliency perception mechanism (PGSPM),
which transforms physical priors into learnable guidance signals and directly embeds
them into the detection network for joint optimization. Secondly, this paper proposes
the token sequence saliency perception network (TSSP-Net), which is designed to help
improve the perception and representation of small defect features through an asymmetric
dual-branch architecture, adaptive fusion, and residual fusion. Thirdly, a two-stage query
refinement mechanism (TSQRM) is proposed. Through physically guided offset correction
and adaptive multi-scale feature aggregation, it optimizes the query while preserving
fine-grained defect details. Finally, the dynamic cross-scale fusion module (LCASF) is
proposed. Through the dynamic cross-scale fusion strategy, the semantic inconsistency
problem of small defect features in multi-scale fusion is alleviated. Experimental results
demonstrate improvements. Compared to Salience DETR, PG-SalDETR achieves an AP
increase of 3.8% and 2.6%, and an APS increase of 2.8% and 3.9% on the NEU-DET and
GC10-DET datasets, respectively. These results indicate the effectiveness of the proposed
method for small defect detection on steel plate surfaces.

Keywords: transformer; defect detection; small defect detection

1. Introduction
In modern industries, steel plates play a vital role in fields like construction, machinery

manufacturing, and automobiles. Surface quality of steel plates directly affects the safety
and reliability of the final products. Especially in complex production processes, steel plate
surfaces are susceptible to various defects such as cracks, which pose a potential threat to
product quality [1]. Manual inspection cannot meet the demands of modern production, so
there is an urgent need for automated defect detection [2].

Steel plate surface defect detection is a typical industrial application of computer
vision, which has long been confronted with two core technical challenges [3]. First, defect
feature degradation is caused by imaging environment interference. Intense reflection,
uneven illumination, and low contrast on steel plate surfaces [4] lead to severe image
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quality degradation. This further masks the weak feature signals of small defects with
background noise, posing great difficulties for feature extraction in the model perception
stage. Second, inherent limitations of intra-model perception and multi-scale fusion: the
features of small defects with a few pixels are already extremely weak, and they are further
subject to semantic submergence and localization distortion during multi-scale feature
fusion. Deep high-semantic features directly override shallow weak features, resulting in
a sharp drop in the signal-to-noise ratio of small defects. Meanwhile, conflicts between
high-level semantic cues and low-level positional details further distort the representational
structure of defects. These problems jointly lead to a persistently high missing detection
rate. The above challenges jointly constitute the main technical bottlenecks in the current
detection of small surface defects on steel plates.

Recently, detection methods represented by deep learning have achieved remarkable
progress. From detection frameworks based on convolutional neural networks [5–7] to
the recently developed Transformer architectures with global modeling capabilities, the
representational and detection performance of models has been continuously improved.
Nevertheless, when facing the above industrial-level challenges, existing methods still
generally suffer from three systemic problems:

• Disconnection between physical perception and task reasoning: Most methods follow
a serial “preprocessing–detection” paradigm, placing physical enhancement modules
based on theories such as Retinex [8,9] at the front end. Their optimization objectives
are inconsistent with those of the final detection task, resulting in the failure of phys-
ical priors to be deeply integrated into the core perception process of detectors in a
learnable and guidable manner.

• Coarse multi-scale feature fusion [10] mechanisms: Existing fusion strategies lack
refined cross-scale semantic alignment and calibration capabilities for the problems of
small defect feature suppression and distortion caused by semantic gaps.

• Insufficient sensitivity to the weak features of small defects: The feature selection or
query initialization mechanisms of existing models are slow to respond to extremely
weak small defect features. Their filtering and refinement processes are unable to
effectively preserve the fine details of small defects while suppressing background
noise [11].

To address the above-mentioned problems, this work proposes a method named PG-
SalDETR based on physical guidance and saliency enhancement. This method incorporates
four innovations:

• To address the disconnection between physical perception and task reasoning, we
integrate the PGSPM (physics-guided saliency perception mechanism) into the de-
tection network, which converts the Retinex physical prior into learnable guidance
signals. These signals are directly embedded into the detection network for end-to-end
optimization, solving the problem of disconnection between physical optimization
and detection objectives in traditional methods. This helps improve the discriminative
capability for small defect features under complex illumination conditions.

• To address insufficient sensitivity to weak features of small defects, we propose TSSP-
Net (token sequence saliency perception network), which alleviates the traditional
spatial distance symmetry constraint through three asymmetric designs: asymmetric
dual-branch architecture, adaptive fusion strategy, and asymmetric residual fusion.
These designs jointly enable TSSP-Net to perform operations, replacing the traditional
distance-based saliency prediction. This helps improve the perception and retention
ability of fine and asymmetrically distributed small defect features.

• To address the preservation of small defect details, we propose TSQRM (two-stage
query refinement mechanism). Through physics-guided offset correction and adaptive
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multi-scale feature aggregation, it achieves fine-grained retention of small defect
details, effectively improving detection accuracy and recall.

• To address the coarse multi-scale feature fusion mechanisms, we propose LCASF (dy-
namic cross-scale fusion module). By employing a dynamic cross-scale fusion strategy,
LCASF alleviates the problem of small defect features being overwhelmed during
multi-scale fusion and enhances the detection performance for multi-scale objects.

The remaining part of this paper is structured as follows: Section 2 reviews the
relevant image preprocessing and physical guidance methods, deep learning-based defect
detection methods, and Transformer-based detection frameworks. Section 3 elaborates
on the PG-SalDETR method proposed in this paper, including the design principles and
implementation details of its core modules. Section 4 presents the comparative experiments,
ablation analysis, and visualization results on the two datasets. Section 5 is the conclusion,
which summarizes the work presented in the entire paper and provides directions for
future research.

2. Related Work
2.1. Image Preprocessing and Physics-Guided Methods

Early industrial vision systems relied on image preprocessing to improve defect visi-
bility. For example, contrast-limited adaptive histogram equalization [12,13] can enhance
global contrast, but it is prone to introducing noise when processing local highlights or
shadows. Methods based on Retinex theory [8,9] process the separated reflectance com-
ponents, providing a physical basis while enhancing contrast. Their multi-scale variants
are widely used to alleviate uneven illumination. However, these traditional methods are
usually used as independent front-end preprocessing modules, and their optimization
objectives are decoupled from the back-end detection task objectives.

In recent years, research has begun to explore combining physical models with deep
learning. Wei et al. [14] were the first to encode Retinex theory into a learnable deep
network. In terms of unsupervised physical decomposition, the KinD series of works
proposed by Zhang et al. [15] achieved Retinex decomposition without pairwise data
training by introducing a consistent prior for the reflectance components. To reduce the
dependence on paired data, Zhang et al. [16] further explored weak supervision or self-
supervision paradigms. They developed a self-supervised enhancement network that
only requires low-light images and constructed a cycle consistency constraint guided by
physical information for training. However, the goal of these methods is general image
enhancement or enhancing visual image quality. They are not optimized in coordination
with specific detection tasks or aligned with the goals of defect detection tasks and fail to
achieve end-to-end co-optimization of physical priors and detectors. Recently, in defect
detection, Y. Pernando et al. [17] developed an enhancement model based on Retinex
for low-light steel surface defect detection. However, this method still adopts a serial
architecture of “enhancement first and detection later”. The physical prior only acts on
the input image and fails to be transformed into a learnable saliency signal that can run
through and guide the feature extraction and reasoning process of the entire detection
network. How to achieve end-to-end deep fusion of physical perception and semantic
understanding (rather than serial preprocessing) is still an urgent direction to be explored.

2.2. Deep Learning-Based Defect Detection Methods

The emergence of deep learning, particularly the rapid development of convolutional
neural networks (CNNs), has greatly advanced defect detection technology and com-
pletely transformed traditional methods that relied on manual design and shallow features.
Current methods are generally categorized into two-stage detectors [5–7] and one-stage
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detectors [18–20]. Two-stage detectors tend to achieve higher accuracy but require more
computational resources, whereas one-stage detectors are faster but often miss defects that
occupy very small pixel areas.

To address the core challenge of misdetection of small defects, researchers have pro-
posed improvement schemes from multiple perspectives, including multi-scale feature
fusion, attention mechanisms, feature enhancement, and structural optimization. For exam-
ple, the feature pyramid network (FPN) [21] has become the standard paradigm for fusing
multi-scale features. However, its simple top-down addition operation ignores the semantic
differences between layers, which can easily lead to the semantic submergence of small de-
fect details. Specifically, FPN generates deep feature maps through multiple downsampling
steps. Consequently, small defects smaller than 32 × 32 pixels correspond to areas smaller
than 1 pixel, resulting in the near-complete loss of their location and discriminative features.
Although FPN introduces shallow features through lateral connections, the semantic gap
between deep-level semantics and shallow-level positional details persists, making it impos-
sible to recover the precise boundaries of small defects through simple linear addition. The
improved BiFPN [22] improves efficiency through weighted fusion but still cannot show
the modeling and calibration of semantic bias. In its weighting mechanism, large-scale
defects dominate the gradient, while the feature contributions of small defects are system-
atically diluted. Furthermore, BiFPN still relies on fixed-magnification cross-scale scaling
operations. The spatial resolution loss of small defects in deep feature maps is irreversible,
and the weighted approach cannot compensate for the signal loss caused by sampling.
Various attention modules [23] (such as CBAM) have been introduced to focus on potential
defect regions. However, these methods are usually used as post-processing modules and
cannot fundamentally solve the semantic misalignment problem during feature fusion. In
terms of feature enhancement and structural optimization, for example, Luo et al. [24]
designed an encoder–decoder network based on cross-attention Transformer to enhance
cross-scale interaction. Li et al. [25] proposed to enhance features through dual-path adap-
tive fusion and detail compensation. The challenge of small target detection is universal
and is also prominent in scenarios such as remote sensing and autonomous driving. For
instance, Han et al. developed the CGFINet network [26], which significantly improved the
recognition accuracy of multi-scale land cover changes by designing cross-scale guidance
and high-order feature interaction modules. This work indirectly confirms the importance
of explicitly modeling scale relationships and protecting small target features in multi-scale
feature fusion. However, most existing methods are limited to local optimization at the
feature level and lack a systematic mechanism to calibrate cross-scale semantic bias and
protect weak features.

2.3. Transformer-Based Detection Frameworks

Transformers have opened up a new path for object detection with their strong ability
to model global information. DETR [27] was the first to approach detection as an end-to-end
set prediction problem. However, it faces challenges in small object detection, such as slow
training convergence, high computational demands, and less effective performance. To
address these issues, Deformable DETR [28] introduced a deformable attention mechanism,
greatly improving computational efficiency and small object detection, thereby enabling
Transformer models to be applied in industrial settings. To address the specific require-
ments of industrial defect detection—such as real-time processing and detecting small
objects—enhanced models like REDef-DETR [29] and SSR-DETR [30] have been developed.
These models mainly focus on balancing accuracy and speed through lightweight architec-
tures and optimized feature interactions. Recently, the Dynamic DETR [31] proposed by Dai
et al. can enhance query flexibility, but its generation process does not explicitly consider
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the visual saliency of defects, and it does not design a special refining stage for the detailed
recovery of small targets. SH-DETR [32] introduces a multi-channel random coding module
to efficiently encode diverse features and combines it with the parameter-free UPC-SimAM
module to strengthen multi-scale feature fusion, achieving good comprehensive detection
performance on datasets such as NEU-DET. Notably, Salience DETR [33] introduced a query
filtering mechanism based on saliency guidance to reduce computational redundancy by
filtering background queries. However, its significance prediction depends on the spatial
distance between the query point and the target center. This implies a distance-based
symmetry: query points with equal distances receive equal significance scores regardless
of their local context or feature distribution. The closer a point is to the center of the target,
the more likely it is to be regarded as a defect. Points at the same distance, regardless of
which direction they are in, are treated equally. The features of small defects are usually
asymmetrically distributed, which makes distance-based saliency prediction difficult to
detect accurately and also vulnerable to interference from annotation noise. In addition,
approaches such as the MLP-Mixer proposed by Tolstikhin et al. [34] employed position-
agnostic token-mixing methods, in which the token-mixing layer applies globally shared
weights to all image patches for mixing, retaining absolute positional information solely
through additive positional encoding. However, this design, which is insensitive to spatial
position, weakens the ability to model local spatial structures and may result in the loss of
fine-grained spatial information that is useful for defect detection. These limitations pro-
vide motivation for researching more effective mechanisms for predicting the significance
of small defects.

In conclusion, the existing methods still fail to address the three core issues of small
defect detection: the disconnection between physical perception and task reasoning, the
rough multi-scale feature fusion mechanism, and the insufficient sensitivity to the weak
features of small defects. PG-SalDETR specifically proposes four modules: PGSPM, TSSP-
Net, TSQRM, and LCASF. It simultaneously addresses the above limitations within a
unified framework, which is also the core innovation of this paper.

3. Method
This work develops a steel plate surface defect detection method based on physically

guided saliency and an asymmetric perception mechanism (physically guided salience
DETR, PG-SalDETR), which aims to address the misdetection issues caused by weak
features of small defects and inconsistent multi-scale semantics of traditional methods in
complex imaging environments. Illustrated in Figure 1, the entire structure of this method
follows the encoder–decoder architecture and is based on the improved Salience DETR [33].

3.1. PGSPM

To tackle the problem of small defect details being obscured in steel plate images
because of intense reflections and uneven lighting, we have developed an end-to-end
trainable saliency perception mechanism based on physical information. Unlike the ex-
isting methods based on Retinex, those methods treat physical priors as independent
preprocessing steps (such as image enhancement before detection). In contrast, our PGSPM
transforms the Retinex prior into a learnable guidance signal, which is directly embedded
within the detection network. This guidance signal is jointly optimized with the detec-
tion task in an end-to-end manner, rather than being fixed. This system is designed to
produce a saliency guidance map G ∈ RH×W based on imaging physics, which closely
relates to defect characteristics and thus offers prior information to support the following
detection components.
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Figure 1. Overview of the proposed PG-SalDETR framework. The framework is built upon a
Salience DETR backbone with a 6-layer encoder and a 6-layer decoder. The four novel modules,
PGSPM, TSSP-Net, TSQRM, and LCASF, are integrated as plug-and-play components to guide feature
extraction, query selection, refinement, and multi-scale fusion respectively, forming a physics-aware
and saliency-enhanced detection pipeline. The guidance signal G generated by PGSPM is fed into
two core modules: (1) TSSP-Net, where G is used to refine the generated baseline saliency scores; and
(2) TSQRM, where it contributes to offset correction and scale selection.

First, the input RGB image Irgb ∈ R3×H×W is transformed into the LAB color space,
from which the luminance component Lab is extracted.

B, D = multi_scale_guided_filter(Lab). (1)

where B is the incident component and D is the reflected component. Through multi-
scale guided filtering, it is possible to effectively separate global lighting changes from
local texture details while preserving defect edges. This multi-scale guided filter adopts
convolution kernels of three different scales, with sizes of 3 × 3, 5 × 5 and 7 × 7 respectively.
The 3 × 3 kernel is used to retain fine-grained defect details; the 5 × 5 kernel is used
to connect details with the global structure; the 7 × 7 kernel is used to capture global
illumination variations. An adaptive gain enhancement strategy is used for the reflection
component D. First, the gain coefficient is dynamically adjusted based on the local mean
and standard deviation, while a gain map Mgain is generated to record the per-pixel gain
distribution. A higher gain is applied to the low-contrast area to highlight the weak
defect features. Then, noise level estimation is combined to suppress over-enhancement in
high-noise regions, preventing noise from being mistakenly amplified as a false defect.

The enhanced reflection component Denh is mapped to the basic saliency map us-
ing the Sigmoid function, achieving numerical normalization and initially activating the
defect response.

Sbase_guid = σ(Denh · γ). (2)

where γ = 8 is the scaling factor, and σ is the sigmoid function, which can compress the
value of Denh to the (0, 1) interval to avoid response saturation caused by extreme values.
Dynamic guidance intensity, noise suppression mask, and small target enhancement mask
are introduced to finely modulate the basic saliency map, generating the final physical
guidance signal:
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Snorm =
Sbase_guid + Msmall · βsmall

Smax
base + 10−6 (3)

G = Snorm · gs · (1 − Mnoise · βnoise) (4)

where gs is the dynamic guidance intensity, used to globally control the activation intensity
of the guidance signal; Mnoise is the noise mask, estimated through local variance within a
15 × 15 sliding window and normalized by the Sigmoid function; βnoise is the noise penalty
factor, which suppresses the response in high-noise regions by 1 − Mnoise · βnoise, avoiding
noise interference with the detection of small defects; and Msmall is the small target mask.
It is generated by combining multi-scale top-hat transforms (kernel sizes: 3, 5, and 7),
Laplace high-frequency components, and 7 × 7 local contrast, followed by large-region
suppression (kernel sizes: 11 and 15) and isolated peak enhancement. The small target
enhancement factor, βsmall, specifically boosts the saliency response of these small defects
through Msmall · βsmall. Finally, Smax

base + 10−6 stands for the global maximum value of the
base saliency map and is used for normalization to keep the numerical range of G stable
within the interval (0, 1).

3.2. TSSP-Net

Conventional methods for predicting saliency scores depend on the symmetry of
spatial distance: the significance of a query point is symmetrically determined by its
Euclidean distance from the center of the target bounding box. The coordinates of the
query point q are (xq, yq), the target center is c = (xc, yc), and the Euclidean distance

is d(q, c) =
√
(xq − xc)2 + (yq − yc)2. The significance function is Gaussian attenuation

S(q) = exp(−d(q, c)2/2σ2), where σ is proportional to the target scale. If there are two
query points q1 and q2 such that d(q1, c) = d(q2, c), then S(q1) = S(q2); this is spatial
distance symmetry. This symmetry makes it difficult for them to detect the fine features
that are asymmetrically distributed in small defects, and they are vulnerable to inaccurate
labeling. To alleviate the negative effects of this symmetry, we propose the token sequence
saliency perception network (TSSP-Net). Its architecture is shown in Figure 2.

Figure 2. The architecture of TSSP-Net.
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TSSP-Net adopts asymmetric structural designs in three key parts. The dual-branch
module adopts an asymmetric architecture, where the global branch learns the overall
semantics through MLP, while the local branch aggregates adjacent tokens without explicitly
relying on any spatial coordinate information. Adaptive guided fusion asymmetrically
processes model predictions and physical guidance, dynamically calculating fusion weights
based on their respective credibility rather than using fixed or equal contribution weights.
Finally, the final score fusion adopts the form of asymmetric residuals: the adaptive term is
gated through uncertainty weights so that the physical guidance only takes effect when the
model uncertainty is high. These designs alleviate the drawbacks of conventional saliency
calculation in the detection of small defects and help improve detection performance.

3.2.1. Dual-Branch Feature Fusion

The token sequence T ∈ RB×N×D produced by the Transformer encoder is fed into a
dual-branch feature extraction module:

Global Branch: A multi-layer perceptron (MLP) is employed to learn a globally consis-
tent semantic representation Fglobal from the tokens.

Local Branch: To capture local relationships among tokens and strengthen the subtle
features of small defects, the features of each token’s five neighboring tokens are aggregated
to form the base local feature Flocal. This aggregation does not depend on any spatial
position information.

To emphasize the channel features in Fglobal that are important for defect detection,
a cross-channel attention mechanism [34] (Channel-Attn) is applied to produce chan-
nel weights Wc ∈ RB×N×Dh . These weights are then used to weight and enhance the
global features.

Wc = σ(MLPattn(Fglobal)),

Fglobal-enhanced = Fglobal ⊙ Wc.
(5)

The improved global features and the local features are combined through direct
concatenation, merging the benefits of both feature types to produce the fused feature
Ffusion ∈ RB×N×2Dh :

Ffusion = concat(Fglobal-enhanced, Flocal). (6)

The fused feature is then mapped through a multi-layer MLP prediction head to
generate the model’s own base saliency score Sbase ∈ RB×N×1.

3.2.2. Adaptive Guidance Fusion

Next, the G generated by PGSPM is introduced. First, G is adjusted to match the
dimension of the token sequence, resulting in the guidance score Sguide. Subsequently, an
Adaptive Guidance Fusion (AdaptiveGuideFusion) strategy is proposed to dynamically
balance the model’s own predictions and physical guidance based on their respective
reliabilities. The detailed procedure is as follows:

First, G is adjusted to the same dimension as the token sequence, yielding the guidance
score Sguide ∈ RB×N×1.

Calculate the model confidence (model estimator). Based on the global feature Fglobal,
the reliability of the model’s own predictions is evaluated through the confidence estimation
network. This network outputs confidence scores between 0 and 1, with values nearer to 1
representing greater prediction confidence.

Cconf = MLPconf(Fglobal) ∈ RB×N×1. (7)
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Compute the uncertainty weight. The model uncertainty is defined as

U = 1 − Cconf. (8)

Evaluate the quality of the guidance signal (guidance estimator). Concatenate the
global features and the guide scores, compute the reliability of the guidance signal via the
guidance quality assessment network, and clip it to the range of [0.3, 0.8] to avoid extreme
values. This network evaluates how reliable the guidance signal is at each position, where
values closer to 0.8 indicate higher guidance reliability. The uncertainty weight is refined
based on the guidance quality. Then multiply this quality score by the uncertainty weight
to achieve dynamic adjustment of the uncertainty weight:

Qguide = clamp(MLPguide(Fglobal ⊕ Sguide), 0.3, 0.8),

U = U ⊙ Qguide.
(9)

To further exploit physical priors, we introduce two auxiliary variables generated by
PGSPM, namely the Mgain and Mnoise. The formulas for signal quality and the uncertainty
weights after further modulation are as follows (signal quality):

Qsignal = Mgain ⊙ (1 − Mnoise × 0.5),

U = U ⊙ Qsignal.
(10)

Adaptive feature fusion (adaptive coefficient). Compute the fusion weights to adap-
tively fuse the global features and the guidance features:

Wfusion = σ(MLPfusion(Fglobal ⊕ Sguide)). (11)

Fglobal-adaptive = (1 − Wfusion) · Fglobal + Wfusion · MLPtrans(Sguide). (12)

MLPtrans is a two-layer MLP with GELU activation, which projects the guidance score
Sguide from a scalar value into a feature space matching the dimension of Fglobal, thereby
enabling element-wise adaptive fusion. Wfusion ∈ [0, 1] is dynamically generated based on
the global feature Fglobal and the guide score Sguide. It determines the balance between the
model’s own prediction and physical guidance: when Wfusion approaches 1, the guiding
features take the lead; when approaching 0, retain the original global features. This allows
the model to place greater trust in physical guidance in reliable regions and rely on its own
features when guidance is unreliable. The adaptively fused global features are concatenated
with the local features again, and the adaptive scores are generated via the prediction head.

Compute the final score. The base score and the adaptive score are weighted and fused:

Sfinal = Sbase + MLP(concat(Fglobal-adaptive, Flocal)) · U. (13)

The final output Sfinal serves as the saliency score of TSSP-Net, which is used for
subsequent query selection and refinement. Formula (13) suppresses irrelevant features.
The core lies in the uncertainty weight U ∈ [0, 1]: when the model’s prediction confidence
for the current token is relatively high (U→0), the residual term is suppressed, and the final
score is almost solely determined by the base score Sbase. At this time, the model relies on the
discriminative features it has learned. When the model uncertainty is relatively high (U→1),
the residual term is activated, and a physically guided correction signal is introduced.
Irrelevant features usually lead to an increase in the uncertainty of model predictions, but
the quality of physical guide signals, Sguide and Ssignal, will further modulate U. If the
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physical guidance is also unreliable, U will be reduced, thereby suppressing the erroneous
correction signal.

3.3. TSQRM

In the Salience DETR detector, the salient queries after hierarchical filtering still suffer
from two types of defects: (1) residual background noise, where queries incorrectly attend
to non-defect regions, and (2) loss of fine-grained details in small defects, where delicate
features are ignored. In contrast, standard deformable attention relies solely on query
features to predict offset vectors, which are prone to offset errors for small defects with weak
features. Furthermore, its fixed-scale selection strategy cannot be adapted dynamically.

To resolve these issues, this work proposes a two-stage query refinement mechanism
(TSQRM). Through physics-guided offset correction and adaptive multi-scale feature ag-
gregation, it gradually enhances the filtered salient query sequence Q ∈ RM×D, where M
denotes the number of queries and D denotes the feature dimension. The design is shown
in Figure 3.

Figure 3. The architecture of TSQRM.

3.3.1. Physics-Guided Offset Correction

The offsets in standard deformable attention are predicted solely from query features.
For small defects with weak features, these predictions are often inaccurate, resulting in
sampling points falling into background regions. To mitigate this problem, we adopt the G
generated by the PGSPM introduced in Section 2.1 to correct the offsets.

Given the input query sequence Q ∈ RB×M×C, where B denotes the batch size and
C = 256 denotes the feature dimension, the basic sampling offsets are first generated by an
offset prediction network composed of a two-layer MLP:

∆base = MLPoffset(Q) · 0.1 ∈ RB×M×N×2. (14)

where N = 4 denotes the number of sampling points per query, and the coefficient 0.1
is used to constrain the initial magnitude of offsets, preventing sampling positions from
deviating excessively from reference points in the early training stage.

To leverage physical prior information, the G ∈ RB×1×H×W generated by PGSPM is
projected into the query space via bilinear interpolation, yielding the guidance intensity fea-
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ture Sguide ∈ RB×M×1 aligned with queries. Meanwhile, a two-layer confidence estimation
network evaluates the reliability of model predictions for each query:

Cconf = MLPconf(Q) ∈ RB×M×1. (15)

This network outputs confidence scores between 0 and 1, with values nearer to 1
representing greater prediction confidence. For difficult regions with low confidence, we
introduce a hard-example enhancement factor γ = 1.2. The reliability of the guidance signal
Qguide ∈ RB×M×1 is computed via a guidance quality evaluation network (Evaluator). The
final guidance weight is then calculated as follows:

Wguide = (1 − Cconf) · Qguide · Sguide · γ. (16)

After concatenating the query features and the guidance intensity features, the guid-
ance offset adjustment network generates the offset corrections:

∆guide = tanh
(
MLPguid(Q ⊕ Sguide)

)
· αguid ∈ RB×M×N×2. (17)

where ⊕ denotes the feature concatenation operation, the tanh function constrains the
output within the range of [−1, 1], and αguid = 0.05 is the guidance offset coefficient,
which ensures the correction is a small increment and avoids training instability. The final
sampling offset is the sum of the base offset and the guidance correction:

∆final = ∆base + ∆guide · Wguide. (18)

3.3.2. Adaptive Multi-Scale Feature Aggregation

After offset correction, features at different scales contribute differently to defect
detection: high-resolution features preserve fine details but carry weak semantics, while
low-resolution features possess strong semantics but lack detailed information. To tackle
this problem, we design a scale selection network, enabling each query to adaptively select
the most suitable scale from multi-scale features.

Let the multi-scale feature maps be Fl ∈ RB×D×Hl×Wl , where l = 1, 2, 3, 4 denotes four
resolution levels from high to low. The scale selection network first predicts the base scale
weights and then refines them using the guidance signal (Scale_aware_weight):

Lscale = fscale(Q) + Sguide,l · 0.1. (19)

where fscale(·) denotes the scale prediction network, and Sguide,l represents the guidance
intensity feature at the l-th scale. The coefficient 0.1 ensures that the guidance modulation
only exerts a moderate effect and does not dominate the network’s own predictions. This
modulation mechanism increases the weights of scales that are primarily affected by defects.

Based on the refined offsets ∆final, sparse sampling is performed on the feature maps
at the corresponding scales to obtain the sampled feature set for each scale Fsample,l ∈
RB×M×N×D. Linear projection is applied to the sampled features to obtain multi-scale
keys Kl and values Vl . Scale weights are obtained by normalizing Lscale along the scale
dimension using Softmax, based on which multi-scale K and V are aggregated:

Ksampled =
4

∑
l=1

Softmax(Lscale)l · Kl ,

Vsampled =
4

∑
l=1

Softmax(Lscale)l · Vl .

(20)
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Finally, a multi-head cross-attention mechanism is introduced to establish semantic
associations between the query feature Q and the aggregated global features. Meanwhile,
an efficient self-attention mechanism is adopted to enhance semantic correlation among
queries while keeping computational overhead under control. The final output is the
refined query feature Qrefined, which is passed to the next layer of the decoder.

3.4. LCASF

Traditional multi-scale feature fusion methods adopt a fixed-range fusion strategy,
which leads to a semantic gap between features of different scales and makes it difficult
for high-level semantic information to effectively guide low-level features, thus causing
the misdetection of small defects. To address this issue, a dynamic cross-scale fusion
module (LCASF) is proposed based on the channel-spatial dual attention mechanism. Its
core innovative dynamic cross-scale fusion strategy adaptively adjusts the fusion range
and scale weights during the training process, which effectively bridges the semantic
differences among multi-scale features and enhances the representation capability of small
defect features.

The discriminability of features is enhanced via the well-established channel-spatial
dual attention mechanism (channel attention learns the weight Wca by fusing average
and max pooling, while spatial attention generates the weight Wsal through lightweight
convolution, yielding the enhanced feature Fsa

l ∈ RB×C×Hl×Wl ).
The fusion range is dynamically adjusted. As the training epoch increases, the fusion

range is linearly narrowed from ±2 scales to ±1 scale.

current_delta = 2.0 − 1.0 × (epoch/total_epochs). (21)

Only scale differences δ satisfying |δ| ≤ current_delta are retained for fusion. Different
fusion weights are assigned to high-resolution (small-scale) and low-resolution (large-scale)
features, which decay smoothly with the training epochs.

wsmall = 2.0 − 0.5 × (epoch/total_epochs),

wlarge = 1.5 − 0.5 × (epoch/total_epochs).
(22)

For the current-scale feature Fl and adjacent-scale feature Fl+δ (adjusted to the same
resolution via bilinear interpolation), they first undergo a convolutional transformation
Conv(·) as a 3 × 3 convolution, followed by dynamic Dropout regularization (with the
dropout rate gradually increasing from 0.05 to 0.15). This dynamic strategy aims to re-
tain more features during the early stages of training to promote thorough learning and
to prevent overfitting in the later stages through stronger regularization. The fusion
weights are generated by a gating network from the global feature of the current scale
Gl = AvgPool(Fl):

Wgate = σ(Linear(Gl)) ∈ RB×C×1×1. (23)

The final fused feature is given by

Ffusion
l = Fsa

l +


wsmall · Wgate · Conv(Fresized

l+δ ), δ < 0

wlarge · Wgate · Conv(Fresized
l+δ ), δ > 0

Wgate · Conv(Fresized
l+δ ), δ = 0

. (24)
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Here, Gl stands for the global feature at the current scale, while Freg
l+δ refers to the

feature that will be combined following dynamic dropout regularization.
Finally, the fused features from all scales are aggregated to output features with

consistent dimensions.

4. Experiment
4.1. Experimental Setup

Multiple experiments were conducted to thoroughly evaluate our method’s perfor-
mance. We first introduce the datasets used in the experiments and their characteristics,
then elaborate on the specific implementation scheme and parameter settings, and finally
present the evaluation metrics adopted.

4.1.1. Dataset

To comprehensively evaluate the developed method, two publicly available metal
surface defect detection datasets are selected, namely NEU-DET [35] and GC10-DET [36].
In this work, we randomly split the official training set of GC10-DET into a training subset
containing 1530 images and a test subset containing 769 images using a fixed random
seed (42) to ensure reproducibility. These two datasets are representative and complemen-
tary and are employed for quantitative and qualitative experiments, respectively. Detailed
information on the datasets is listed in Table 1.

Table 1. Overview of experimental datasets.

Dataset Ann Class Train Test Resolution

NEU-DET [35] 4189 6 1200 600 200 × 200

GC10-DET [36] 3194 10 1530 769 2048 × 1000
Ann: number of annotations. Train/Test: number of images in training and testing sets.

Illustrated in Figures 4 and 5, the defect sizes in the NEU-DET are mostly clustered
within the medium to small range, making it highly suitable for evaluating the consistency
of the model on common-size defects. The defect size distribution of the GC10-DET dataset
is wider, and the proportion of extremely small defects, such as pixel-level defects, is
significantly higher. This presents a challenge for the model to accurately detect and localize
features at these extreme scales, further highlighting the effectiveness and adaptability of
our approach under various defect sizes and industrial contexts.

4.1.2. Implementation Details

All experiments were conducted on a compute server equipped with an NVIDIA
GeForce RTX 4090 GPU (24 GB VRAM), an Intel Xeon Gold 5418Y processor (10 cores), and
120 GB of system memory. We used ResNet-50 as the backbone network for initialization,
employed the Adam optimizer, set the initial learning rate to 1 × 10−4, and used cosine
annealing for learning rate scheduling. The batch size was set to 4, and the number of
data loading workers was set to 4. All comparison models were evaluated under the same
hardware and software settings mentioned above to ensure fair comparisons. Because
GC10-DET has a larger number of images and is closer to the actual industrial scene, it
requires more rounds to converge. NEU-DET and GC10-DET adopt different numbers
of training rounds (70 vs. 100). On each dataset, all models use the same number of
rounds setting.
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Figure 4. Size distributions of different defect types in the NEU-DET dataset.

Figure 5. Size distributions of different defect types in the GC10-DET dataset.

4.1.3. Evaluation Criteria

To thoroughly assess the improvement effect of the developed method on the final
defect detection performance, we adopted a series of widely accepted evaluation metrics.

AP (Average Precision) is the average precision across IoU thresholds ranging from
0.50 to 0.95 and is the main indicator for measuring overall detection accuracy. AP50 and
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AP75 are the average precision at IoU thresholds of 0.50 and 0.75, respectively, used to
evaluate the model’s performance under lenient and stringent localization requirements.
GFLOPs evaluates a model’s computational cost, denoting the billions of floating-point
operations it executes per second. The parameter count (Params) reflects a model’s size and
architectural complexity, thereby revealing its learning capacity. To evaluate the real-time
feasibility of our method in industrial deployments, we report the inference speed in terms
of FPS (frames/s).

To further analyze the model’s sensitivity to defects of different sizes, we adopted the
following two scale division criteria:

Scale division based on absolute pixel area:
Considering that the NEU-DET dataset has a fixed image resolution and a clear defect

size distribution, we adopt the absolute threshold standard of the COCO dataset: APS

represents the average precision of small defects with a bounding box pixel area of less than
322 pixels; APM represents the average precision of medium defects with a bounding box
pixel area of greater than or equal to 322 pixels but less than 962 pixels; and APL represents
the average precision of large defects with a bounding box pixel area of greater than or
equal to 962 pixels.

Scale division based on relative image area:
Given the varying image resolutions in the GC10-DET dataset and its closer resem-

blance to real-world industrial scenarios, we propose an evaluation criterion based on
relative area, which has a more clearly defined physical meaning. Relative area refers to the
proportion of the defect area to the total image area. APS represents the average precision
of small defects with a relative area less than 0.5%; APM represents the average precision of
medium defects with a relative area greater than or equal to 0.5% but less than or equal to
5%; and APL represents the average precision of large defects with a relative area greater
than or equal to 5%. AR represents the average recall rate when detecting a maximum of
100 bounding boxes per image. The selection of these thresholds is detailed in Table 2. ARS,
ARM and ARL represent the average recall rates for targets at different scales.

Table 2. Defect distribution under different relative area thresholds.

Small Defects Medium Defects

Threshold (%) Count Proportion (%) Types Threshold (%) Count Proportion (%) Types

area < 0.3 420 13.1 8 0.3 ≤ area ≤ 3 1045 32.7 9

area < 0.5 758 23.7 9 0.5 ≤ area ≤ 5 1082 33.9 10

area < 0.8 901 28.2 9 0.8 ≤ area ≤ 8 1407 44.1 10

Note : The 0.5% threshold was chosen because it covers almost all small defects. A stricter 0.3% threshold would
exclude some small defects, while a looser 0.8% threshold would begin to include medium defects (e.g., siban).
The 5% threshold was chosen because it covers all 10 defect types in the medium category while excluding
substantially larger defects.

4.1.4. Statistical Reliability

We compared the performance of PG-SalDETR with that of the baseline Salience DETR
on the NEU-DET and GC10-DET datasets. For each dataset, we fixed the training/test split.
All experiments were conducted using the same data split. We conducted three independent
training runs using different random seeds (42, 123, and 2025) for model initialization and
training, while keeping the data split constant. The reported metrics are the mean and
standard deviation across the three runs. To assess statistical significance, we performed
paired t-tests on the results of PG-SalDETR and the baseline. On NEU-DET, AP improved
from 0.401 ± 0.005 to 0.439 ± 0.004, and APS improved from 0.319 ± 0.006 to 0.347 ± 0.004;
on GC10-DET, AP increased from 0.345 ± 0.005 to 0.371 ± 0.003, and APS increased from
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0.132 ± 0.004 to 0.171 ± 0.003. These improvements are statistically significant (paired
t-test, p < 0.01). We acknowledge that the number of independent replicate experiments
conducted so far is limited (three), and we plan to further validate the robustness of our
conclusions through additional runs in the future.

4.2. Comparison Experiment

To thoroughly assess the effectiveness of the developed method for detecting surface
defects on steel plates, we compared it with seven leading object detection frameworks
using the NEU-DET and GC10-DET datasets. As presented in Tables 3–5, a comprehensive
comparison was conducted between the proposed method and seven advanced methods.
The compared methods cover several mainstream architectures: the one-stage anchor-based
YOLOv8 and YOLOv11; the classic two-stage detector Faster R-CNN [37]; and a variety
of Transformer-based detectors, including Cascade-DETR [38], Deformable DETR [29],
RT-DETR [39], and Salience DETR [12]. We use the COCO standard evaluation metrics,
with particular attention to average precision (AP), average precision for small defects
(APS), and average recall for small defects (ARS), which are crucial for the accurate location
of minute defects in steel plates.

Table 3. Detailed experimental comparison of various models on NEU-DET.

Model Epochs AP AP50 AP75 APS APM APL AR ARS ARM ARL

YOLOv8 70 0.419 0.748 0.309 0.278 0.516 0.517 0.613 0.397 0.509 0.632

YOLOv11 70 0.434 0.750 0.384 0.320 0.470 0.506 0.632 0.346 0.579 0.655

Faster R-CNN [37] 70 0.384 0.763 0.345 0.311 0.329 0.464 0.559 0.457 0.525 0.589

Cascade-DETR [38] 70 0.244 0.437 0.241 0.176 0.189 0.326 0.683 0.413 0.610 0.753

Deformable DETR [29] 70 0.435 0.750 0.439 0.357 0.381 0.554 0.648 0.485 0.650 0.782

RT-DETR [39] 70 0.361 0.668 0.353 0.037 0.129 0.373 0.654 0.120 0.334 0.669

Salience DETR [12] 70 0.401 0.731 0.398 0.319 0.340 0.476 0.519 0.453 0.512 0.638

Ours 70 0.439 0.780 0.441 0.347 0.372 0.536 0.570 0.493 0.524 0.663

As shown in Table 3 and Figure 6a, our method achieved the highest overall average
precision (AP = 0.439), demonstrating that its ability to detect and classify various defects
on steel plate surfaces is superior. Compared with the base model, Salience DETR, our
proposed model improves the average precision for small defects by 3.8%. Table 3 and
Figure 6b illustrate that, on the most challenging small target defect detection (APS) metric,
our method achieved an excellent performance of 0.347. Figure 7, demonstrates that the
PG-SalDETR model effectively enhances the detection precision for small defect carving
compared to the base model. Although Deformable DETR achieved the highest APS of
0.357, which is slightly higher than our method (0.347), its average recall for small defects
(ARS = 0.485) is lower than that of our method (0.493). This indicates that Deformable
DETR’s higher precision comes at the cost of missing more small defects. This precision-
recall trade-off is critical for industrial applications, as the cost of missing defects (false
negatives) is far higher than that of false positives. The root cause lies in the fact that while
Deformable DETR’s sparse sampling mechanism is efficient, it tends to focus on the most
prominent features, potentially overlooking weak signals from minor defects. RT-DETR
exhibits more severe limitations: its APS is only 0.037 and its ARS is only 0.120, meaning it
detects almost no small defects. This stems from RT-DETR’s real-time-oriented architecture,
which significantly downsamples features to reduce computational costs, inevitably losing
information about small defects at an early stage. In contrast, our method achieves optimal
results in both overall average accuracy and localization accuracy, significantly reducing
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the defect miss rate, thereby demonstrating the comprehensive performance advantages of
PG-SalDETR in the accuracy-recall trade-off.

(a) (b)

Figure 6. Comprehensive performance comparison on the NEU-DET dataset. (a) Visualization of
defect detection AP and AP50. (b) Visualization of APS and ARS for small defect detection.

Figure 7. Visualization of detection accuracy for different defect types on the NEU-DET dataset.

Table 4 presents the detection results of different models on six defect categories using
the NEU-DET dataset. For the category of small defects, crazing is the most difficult to
detect. Its cracks are in the form of fine lines, extremely narrow in width, and occupy very
few pixels in the image. The model presented in this paper achieves an AP50 of 0.520 for this
category, which is significantly higher than that of Deformable DETR (0.442) and YOLOv11
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(0.422). This indicates that PG-SalDETR has a stronger feature extraction ability for defects
of weak and slender structures. For the “Rolled-in_Scale” defect category, our model also
achieved the best result of 0.659, outperforming Faster R-CNN (0.647) and YOLOv11 (0.630),
further validating the effectiveness of this method in detecting small-scale defects. For
medium-scale defect categories, the model developed in this work also demonstrates stable
performance. The AP50 for “patches” defects reached 0.919, comparable to YOLOv8 (0.917)
and Faster R-CNN (0.915). The defect detection of the “pitted surface” category reached
0.853. Although slightly lower than 0.861 of Faster R-CNN, the gap is small. These results
demonstrate that the method developed in this work does not sacrifice its ability to identify
defects of other scales to enhance the detection of small defects. In the Scratches category,
Faster R-CNN achieved the highest score of 0.970.

Table 4. Comparison of AP50 performance across different models for various defect categories on
the NEU-DET dataset.

Model YOLOv8 YOLOv11 Faster
R-CNN [37]

Cascade-
DETR [38]

Deformable
DETR [29]

RT-DETR
[39]

Salience
DETR [12] Ours

crazing 0.389 0.422 0.422 0.328 0.442 0.268 0.399 0.520

inclusion 0.800 0.792 0.789 0.454 0.780 0.660 0.782 0.782

patches 0.917 0.903 0.915 0.512 0.881 0.890 0.887 0.919

pitted_surface 0.827 0.823 0.861 0.447 0.843 0.715 0.851 0.853

rolled-in_Scale 0.617 0.630 0.647 0.351 0.631 0.570 0.570 0.659

scratches 0.939 0.931 0.970 0.532 0.923 0.905 0.897 0.947

AP50 0.748 0.750 0.731 0.437 0.750 0.668 0.731 0.780

PG-SalDETR, YOLOv8, and YOLOv11 were 0.947, 0.939, and 0.931, respectively. Al-
though the method developed in this work did not achieve the best performance, it remains
at the leading level, with the gap between it and the best methods falling within an ac-
ceptable range. Overall, PG-SalDETR achieved the overall optimal AP50 on the NEU-DET
dataset, particularly making breakthroughs in the two minor defect categories of craz-
ing and roller-in_scale. This method both enhances small target detection and maintains
competitiveness in other categories, demonstrating excellent performance balance and
generalization ability.

Our method’s significant advantage in reducing the misdetection of small defects is
directly confirmed by the GC10-DET results (Table 5). Our model achieves a mean accuracy
of 0.171 for small defects, significantly outperforming all comparative models. Compared
with YOLOv8 and YOLOv11, our method achieves nearly twice the mean accuracy for small
defects, and compared to the two variants of DETR, Deformable DETR and Salience DETR,
our method achieves performance improvements of up to 5.4% and 3.9%, respectively.
This result strongly demonstrates that the proposed method can effectively reduce the
misdetection rate of small defects in complex backgrounds. More importantly, regarding
the small target recall rate ARS, which directly impacts the misdetection rate, we achieve
an outstanding score of 0.241, marking a significant 2% increase over Salience DETR (0.221).
Figure 8 compares the detection accuracy of our proposed model and the baseline model
across different defect categories.
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Table 5. Detailed experimental comparison of various models on GC10-DET dataset.

Model Epochs AP AP50 AP75 APS APM APL AR ARS ARM ARL

YOLOv8 100 0.348 0.648 0.320 0.163 0.331 0.361 0.410 0.216 0.418 0.507

YOLOv11 100 0.361 0.670 0.332 0.157 0.348 0.378 0.404 0.211 0.416 0.509

Faster R-CNN [37] 100 0.286 0.633 0.222 0.118 0.305 0.405 0.423 0.190 0.434 0.526

Deformable DETR [29] 100 0.344 0.661 0.315 0.117 0.326 0.356 0.448 0.235 0.456 0.556

RT-DETR [39] 100 0.361 0.665 0.354 0.146 0.346 0.476 0.539 0.234 0.469 0.658

Salience DETR [12] 100 0.345 0.657 0.332 0.132 0.305 0.422 0.460 0.221 0.427 0.519

Ours 100 0.371 0.704 0.369 0.171 0.353 0.461 0.472 0.241 0.450 0.522

Figure 8. Visualization of detection accuracy for different defect types on the GC10-DET dataset.

Figure 9 presents typical detection results of our PG-SalDETR model on the GC10-DET
dataset. As illustrated, the model effectively identifies pixel-level tiny defects that are often
missed, such as “chongkong” and “hanfeng”, while assigning high confidence scores. This
clearly demonstrates why our approach attains a top small target average precision (APS)
of 0.171 and notably outperforms others in small target recall rate (ARS), achieving 0.241.

https://doi.org/10.3390/sym18071104

https://doi.org/10.3390/sym18071104


Symmetry 2026, 18, 1104 20 of 29

Figure 9. Visualization of detection results.

4.3. Ablation Experiment

To assess the effectiveness of each key component introduced in this paper, we per-
formed a systematic ablation study using the NEU-DET dataset. Beginning with Salience
DETR as the baseline model, we progressively incorporated the proposed modules. The
outcomes are shown in Table 6.

Table 6. Ablation study results on NEU-DET dataset.

Module Configuration Performance Metrics

A B C D + C D + A AP AP50 AP75 APS AR ARS GFLOPs Params
(M)

FPS
(Frame/s)

✗ ✗ ✗ ✗ ✗ 0.401 0.731 0.398 0.319 0.519 0.453 254 56.89 16.73

✓ ✗ ✗ ✗ ✗ 0.412 0.756 0.398 0.311 0.532 0.468 312 57.52 13.28

✗ ✓ ✗ ✗ ✗ 0.407 0.735 0.398 0.323 0.532 0.454 258 59.52 15.29

✗ ✗ ✓ ✗ ✗ 0.409 0.745 0.412 0.330 0.530 0.461 259 57.08 15.32

✓ ✓ ✗ ✗ ✗ 0.418 0.750 0.407 0.316 0.536 0.465 316 60.15 11.74

✗ ✓ ✓ ✗ ✗ 0.414 0.748 0.414 0.332 0.545 0.459 263 59.71 13.88

✓ ✗ ✓ ✗ ✗ 0.420 0.767 0.416 0.323 0.543 0.473 317 57.70 11.77

✓ ✓ ✓ ✗ ✗ 0.425 0.766 0.421 0.329 0.547 0.473 321 60.34 11.10

✓ ✓ ✓ ✓ ✗ 0.436 0.778 0.435 0.335 0.556 0.485 321 60.42 10.87

✓ ✓ ✓ ✓ ✓ 0.439 0.780 0.441 0.347 0.570 0.493 321 60.61 10.51

✓: Enabled, ✗: Disabled. A: TSQRM, B: LCASF, C: TSSP-Net, D + C: PGSPM + TSSP-Net, D + A: PGSPM + TSQRM.
PGSPM is a guidance signal generator and not a standalone module; it is evaluated in combination with TSSP-Net
(D + C) or TSQRM (D + A).

4.3.1. Independent Contributions of Individual Modules

Without our proposed module, the baseline model achieved a comprehensive detec-
tion accuracy of 0.401, demonstrating the capabilities of the basic architecture. After adding
the TSQRM module, the overall average accuracy (AP) improved to 0.412 (+1.1%), and the
average precision under lenient criteria (AP50) improved to 0.756 (+2.5%). This indicates
that TSQRM can effectively enhance the model’s initial localization capability and classi-
fication confidence by optimizing the significance queries obtained through hierarchical
filtering in a phased manner. Relative to the baseline model, GFLOPs increased to 312 (+58),
and the number of parameters increased to 57.52 M (an increase of 0.63 M).

When the LCASF module was added alone, AP increased to 0.407 (+0.6%), verifying
its ability to improve multi-scale object detection through dynamic cross-scale fusion.
However, the minor defect metrics have only improved slightly. This is not a design failure
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of LCASF but rather because the hierarchical filtering mechanism in the baseline model has
filtered out the low-significance regions (including small defects) before the features enter
LCASF. LCASF retains details during the multi-scale fusion process, but it cannot restore
the information that has been discarded by the filtering mechanism. Therefore, when used
alone, its ability to prevent features from being overwhelmed has not been fully exploited.

After adding the TSSP-Net module alone, the AP and AP75 of the model reached
0.409 (+0.8%) and 0.412 (+1.4%), respectively, and the APS increased to 0.330 (+1.1%), both
of which were better than the baseline. This demonstrates that TSSP-Net helps the network
better model and identify small defect regions, laying a feature foundation for subsequent
processing. This module has initially improved the ability to detect small defects without
significantly increasing the computational burden.

PGSPM, as a guiding signal generator in the model, cannot work independently.
Therefore, to evaluate its effectiveness, we combined PGSPM with TSQRM or TSSP-Net,
respectively. It should be noted that the performance improvements reported below reflect
the synergistic effects between PGSPM and the other modules, rather than PGSPM’s
standalone contribution. As shown in Table 7, when PGSPM is combined with TSQRM,
APS increases from 0.311 to 0.323 (+1.2%), and ARS increases from 0.468 to 0.476 (+0.8%);
when PGSPM is combined with TSSP-Net, APS increased from 0.330 to 0.336 (+0.6%),
and ARS increased from 0.461 to 0.473 (+1.2%). These results demonstrate that PGSPM
consistently improves small defect detection performance when used in conjunction with
TSQRM or TSSP-Net, indicating that it plays a beneficial role in addressing the disconnect
between physical perception and task reasoning. Additionally, it facilitates robust detection
of small defects under complex lighting conditions.

Table 7. Ablation study results of PGSPM on NEU-DET dataset.

TSQRM TSSP-Net PGSPM AP AP50 AP75 APS AR ARS

✓ ✗ ✗ 0.412 0.756 0.398 0.311 0.532 0.468

✓ ✗ ✓ 0.415 0.758 0.404 0.323 0.546 0.476

✗ ✓ ✗ 0.409 0.745 0.412 0.330 0.530 0.461

✗ ✓ ✓ 0.420 0.757 0.426 0.336 0.539 0.473

To verify the generalization ability of PGSPM, we conducted ablation experiments on
the GC10-DET dataset. Based on TSSP-Net, the performance differences with or without
the introduction of PGSPM were compared. As shown in Table 8, after the introduction of
PGSPM, AP increased from 0.351 to 0.355, APS from 0.140 to 0.151 (+1.1%), and ARS from
0.224 to 0.229. These results confirm that PGSPM can stably improve the performance of
small defect detection on the GC10-DET dataset, indicating its good generalization ability
on different datasets.

Table 8. Ablation study results on GC10-DET dataset.

TSSP-Net PGSPM AP AP50 AP75 APS AR ARS

✓ ✗ 0.351 0.664 0.346 0.140 0.463 0.224

✓ ✓ 0.355 0.676 0.354 0.151 0.465 0.229

4.3.2. Analysis of Module Combination Effects

The combination of TSQRM and TSSP-Net achieved the best pairwise performance
(AP = 0.420), representing a 0.8% improvement over TSQRM alone and a 1.1% improvement
over TSSP-Net alone. This indicates a synergy between TSQRM and TSSP-Net. TSQRM
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enhances global feature representation through a query-response mechanism, while TSSP-
Net preserves small defect regions; the two complement each other at the feature extraction
level. The combination of LCSAF and TSSP-Net performed best on the APS metric (0.332),
indicating that this combination has advantages for small object detection. The combination
of TSQRM and LCASF improves AP and AP75 to 0.418 and 0.407, respectively. Compared
to the single-module TSQRM, LCASF effectively enhances boundary localization accuracy
(AP75) by strengthening the local spatial correlation in feature maps. The number of
GFLOPs increases slightly by 4, and the number of parameters increases by 2.63 M. After
incorporating TSSP-Net into the TSQRM and LCSAF framework, the AP, APS, and ARS of
the complete model further improved to 0.425 (+0.7%), 0.329 (+1.3%), and 0.473 (+0.8%),
respectively. This indicates that TSSP-Net, through its complementary effect with TSQRM
and LCSAF, preserves small defect regions that might otherwise have been filtered out,
thereby enabling LCSAF to fully leverage its cross-scale fusion capabilities on these retained
salient features. The module introduced only 0.19 M additional parameters yet achieved an
improvement in APS from 0.310 to 0.329. Although GFLOPs increased by 5, this significant
improvement in minor defect detection performance was achieved at a low parameter cost,
demonstrating excellent parameter efficiency.

As shown in Table 6, the baseline model achieves an FPS of 16.73, while our full model
achieves an FPS of 10.51. The full model incurs additional computational overhead due to
the introduction of the proposed module. The reduction in inference speed represents a
trade-off between improved accuracy and real-time performance.

4.3.3. Improvement in Small Defect Detection Performance

As shown in Table 6, when PGSPM was added on the basis of integrating the above
modules, the APS rose from 0.329 to 0.347, with an absolute increase of up to 1.8%. ARS

was raised from 0.473 to 0.485 (+1.2%). At the same time, comprehensive indicators such as
AP, AP50 and AP75 also increased effectively. This result proves that PGSPM is the core key
to solving the problem of the misdetection of small defects. It enhances the model’s ability
to focus on and represent the fine and low-significance defect areas in the image. When
all modules work together, the model achieves optimal performance, with an APS of 0.347
and a higher ARS of 0.493, the highest among all configurations.

This ultimately confirms the effectiveness of the synergy between the modules. PG-
SalDETR not only pushes the overall accuracy to a high level of 0.439 (+3.8) but also
achieves a relative improvement of nearly 8.8% in recall for small defects, thus fulfilling
the core objective of this paper in addressing the misdetection problem. After integration,
the PGSPM module achieved sustained improvements in APS and ARS at the minimal
cost of adding just 0.27 M, demonstrating favorable parameter efficiency. Although the
overall computational load increased, this was necessary to enhance the performance of
small defect detection.

4.3.4. Discussion on Architectural Complexity and Performance Gains

When used alone, LCASF and TSSP-Net do indeed yield limited improvements (AP
increases of +0.6% and +0.8%, respectively). This is because TSSP-Net is designed to
work in conjunction with PGSPM. The former is responsible for perceiving asymmetric
features, while the latter provides physical guidance signals. Therefore, when TSSP-Net is
used alone, its capabilities cannot be fully realized due to the lack of input from physical
guidance signals. Nevertheless, it still delivers a moderate improvement when used alone,
demonstrating its fundamental effectiveness. As shown in Table 7, when the guidance
signal generated by PGSPM is introduced, the performance of TSSP-Net further improves:
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AP increases from 0.409 to 0.420 (+1.1%), and APS increases from 0.330 to 0.336 (+0.6%).
This validates the synergistic effect between TSSP-Net and PGSPM.

The limited improvement when using LCASF alone is due to the fact that the base-
line model’s hierarchical filtering mechanism has already filtered out regions with low-
significance small defects prior to its processing, and LCASF itself cannot recover informa-
tion that has already been discarded. However, it is worth noting that LCASF adds only
4 GFLOPs, imposing virtually no computational burden. Given its extremely low computa-
tional cost, this trade-off is acceptable even if the standalone improvement is limited.

It should be noted that the primary increase in computational load comes from the
TSQRM module (+58 GFLOPs). LCASF, TSSP-Net, and PGSPM add almost no compu-
tational cost. The full model’s AP improved by 3.8%, and APS improved by 2.8%. This
indicates that the overall performance improvement arises from synergies among the mod-
ules, rather than from any single module. Although the individual contributions of each
module are limited, their integration leads to a substantial overall improvement, which
we believe justifies the architectural complexity. In the future, we will explore lightweight
designs for PG-SalDETR to reduce computational overhead.

4.4. Parameter Analysis

The sensitivity analysis of γ is shown in Table 9. When γ = 6, the threshold setting
is relatively strict. The model is overly sensitive to the response signal of small defects,
resulting in the suppression of effective features. Consequently, the APS is only 0.298.
When γ increases to 8, the threshold tends to be moderate. The model can effectively
suppress background noise while retaining the details of small defects, and APS increases
to 0.336, achieving the optimal performance. This indicates that a moderate γ value can
better balance the retention of small defect features and noise suppression. However,
when γ further increases to 10, the threshold is too loose, the model introduces more false
detections, and at the same time may overly amplify the response of the background region,
resulting in APS dropping to 0.303. Based on the above analysis, γ = 8 achieves the best
balance between detection accuracy and robustness, so we set it as the default parameter.

Table 9. Sensitivity analysis of the PGSPM parameter γ on the NEU-DET dataset.

γ AP AP50 AP75 APS AR ARS

6 0.412 0.742 0.409 0.298 0.528 0.437

8 0.420 0.757 0.426 0.336 0.539 0.473

10 0.409 0.732 0.397 0.303 0.535 0.416

The sensitivity analysis of αguid is shown in Table 10. This parameter directly controls
the maximum magnitude of the sampling offset. When αguid = 0.04, the offset range is
limited within ±0.04. This range is too conservative to effectively correct the feature shift of
small defects, resulting in the model having difficulty locating the defect area, with an APS

of only 0.294. When αguid further increases to 0.06, the offset range expands to ±0.06. For
small defects that occupy only a few pixels, this margin is too large. This can easily cause
the sampling point to move outside the defect area, thereby introducing background noise
or causing the target to be missed. Consequently, the model’s performance deteriorates,
and the APS drops to 0.281. Based on the above analysis, αguid = 0.05 achieves the best
balance between detection accuracy and robustness, so we set it as the default parameter.
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Table 10. Sensitivity analysis of the TSQRM parameter αguid on the NEU-DET dataset.

αguid AP AP50 AP75 APS AR ARS

0.04 0.408 0.741 0.382 0.294 0.536 0.447

0.05 0.415 0.758 0.404 0.323 0.546 0.476

0.06 0.406 0.740 0.385 0.281 0.534 0.423

The factor γ in Formula (16) is mainly used to enhance the influence of physical
guidance on difficult samples, making the model rely more on physical priors when its
own judgment is unreliable. We evaluated its impact by changing γ from 1.1 to 1.3 on
the NEU-DET dataset, as shown in Table 11. When γ = 1.1, the enhancement intensity is
insufficient, the guiding signal for difficult samples is weak, and the performance slightly
declines. When γ = 1.3, if the enhancement is too strong, it may introduce noise or over-
correct, which also leads to a slight decline in performance. This analysis indicates that
γ = 1.2 achieves the best balance between enhancing difficult samples and maintaining
stability, and the selection of γ is robust within a reasonable parameter range.

Table 11. Sensitivity analysis of the TSQRM parameter γ on NEU-DET dataset.

γ AP AP50 AP75 APS AR ARS

1.1 0.414 0.746 0.408 0.310 0.550 0.462

1.2 0.415 0.758 0.404 0.323 0.546 0.476

1.3 0.411 0.757 0.399 0.314 0.532 0.465

As shown in Tables 2 and 12, when 0.3% is adopted as the threshold for small defects,
there are only 420 small defects. Some objectively existing industrial micro-defects have
been forcibly classified into the medium defect set. The APS has dropped from 0.171 to
0.120, while the APM has decreased to 0.338. This indicates that the 0.3% classification
standard is too strict, resulting in the loss of a large number of real small defects, which
does not conform to the inherent sample distribution of the dataset. When the threshold
was relaxed to 0.8%, the number of small defects increased to 901, accounting for 28.2%,
with only 143 new samples added compared to 0.5%. The types of defects did not continue
to increase. The increase in APS, APM and APL is relatively small. Continuing to expand
the range of small defects will only mix in some medium defects, and the inspection
revenue will be low. Therefore, a 0.5% boundary can not only cover the vast majority of
small defect samples and all nine types of fine defects but also will not overly include
medium-scale defects.

Table 12. Sensitivity analysis of relative area thresholds on GC10-DET dataset.

Small Defect Definition APS APM APL

area < 0.3% 0.120 0.338 0.443

area < 0.5% 0.171 0.353 0.461

area < 0.8% 0.179 0.358 0.467

To validate the effectiveness of the dynamic fusion decay strategy, we conducted
ablation experiments on the GC10-DET dataset. As shown in Table 13, we compared
the performance of a fixed current_delta value with that of the dynamic decay strategy.
Specifically, the strong constraint imposed by a fixed current_delta of 2 suppressed the
differences between small defect and large defect features, leading to excessive averaging
of small defect details. The weak constraint of a fixed current_delta of 1 failed to provide
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sufficient protection for small-scale features, causing them to be overwhelmed by large-
scale features early in the feature-learning process. In contrast, the dynamic attenuation
strategy protects small-scale features from suppression through strong constraints during
the early training phase and releases their expressive power through weak constraints
during the later training phase, thereby achieving superior performance.

Table 13. Ablation study of the dynamic fusion range strategy in LCASF on GC10-DET dataset.

Current_delta AP AP50 AP75 APS AR ARS

1.0 0.342 0.669 0.325 0.130 0.448 0.222

2.0 0.335 0.656 0.307 0.124 0.475 0.217

(2.0 → 1.0) 0.349 0.669 0.334 0.137 0.464 0.225

Selection of the noise mask window. The 15 × 15 window used for noise mask
estimation is selected based on the principle of scale separation. In industrial surface
inspection, noise typically manifests as small-scale local gray-level fluctuations, while small
defects cover relatively large areas. The 15 × 15 window is significantly larger than the
characteristic scale of noise, enabling a stable estimate of local variance while remaining
small enough relative to the feature map resolution to avoid variance peaks caused by
the suppression of defect signals. A window that is too small may be overly sensitive to
isolated noise responses, while a window that is too large may smooth out signals from
small defects.

Selection of multi-scale top-hat transform kernels (3 × 3, 5 × 5, 7 × 7). The 3 × 3 kernel
captures fine-grained defect details, the 5 × 5 kernel matches the most common defect sizes,
and the 7 × 7 kernel covers broader defect structures. Smaller kernels are overly sensitive
to noise and cannot capture complete defect structures. Larger kernels treat small defects
as background noise and suppress them.

Selection of large-region suppression kernels (11 × 11, 15 × 15). These kernels are used
to suppress large contiguous background regions while preserving isolated defect peaks.
Their size exceeds that of the maximum top-hat kernel (7 × 7) to ensure that background
structures larger than typical defects are filtered out. If these kernels are too small (e.g., close
to the size of the top-hat kernel), they cannot effectively suppress background structures; if
they are too large, they may suppress genuine defect regions.

Clamp limits [0.3, 0.8]. The clamp limits for the guidance quality evaluator are
empirically set to [0.3, 0.8]. Values below 0.3 are considered low-quality guidance and
are suppressed to avoid introducing unreliable corrections; values above 0.8 are clipped
to prevent saturation, ensuring that the guidance signal retains its discriminatory power.
If the lower bound is set too low, unreliable guidance may influence the prediction and
potentially introduce false positives. If the upper bound is set too high, the guidance
signal may saturate, reducing its ability to distinguish between regions with high and
moderate significance.

In LCASF, the dropout rate is dynamically increased from 0.05 to 0.15 during training.
This dynamic strategy is designed to preserve more features in the early stages of train-
ing to promote thorough learning and to prevent overfitting in the later stages through
stronger regularization. A dropout rate below 0.05 does not provide sufficient regulariza-
tion and increases the risk of overfitting; conversely, a dropout rate above 0.15 may lead
to underfitting.

4.5. Visualization Results

As shown in the visualization comparison in Figure 10, our developed method exhibits
stronger visual attention and higher localization reliability when detecting minute defects.
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For example, in the fine scratch recognition shown in Figure 10d,e, the heatmaps of YOLOv8
and YOLOv11 only show low-attention green areas, indicating that the features of the
defect areas are not only weak but also scattered. In contrast, our proposed method
generates strong and concentrated red responses in these defect areas, demonstrating that
PG-SalDETR has a stronger semantic focusing ability for small defects. In the low-contrast
detection shown in Figure 10f,c, the heatmap of Deformable DETR mainly presents light
green to yellow tones, and the activation intensity of the defect areas is not only scattered
but also low. Our proposed method generates continuous and highly prominent red
responses in all defect areas, indicating that PG-SalDETR has a stronger perception ability
for small defects. Furthermore, for the defect detection in Figure 10h, the Faster R-CNN
heatmap only shows a faint green at the edges, reflecting its limited sensitivity to defect
details; our proposed method produces concentrated, high-confidence red activation in
the same area, further validating its more focused and accurate detection performance for
small defects in complex industrial scenarios.

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

Figure 10. Qualitative comparisons of different models. (a) Image. (b) Salience DETR. (c) Ours.
(d) YOLOv8. (e) YOLOv11. (f) Deformable DETR. (g) RT-DETR. (h) Faster R-CNN.

5. Conclusions
To address the challenge of detecting small defects on steel plate surfaces, this paper

proposes a framework named PG-SalDETR. We conducted a comprehensive experimental
validation of the PG-SalDETR model using two steel plate defect datasets. Experimental
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results show that the PG-SalDETR framework achieves performance improvements on
both datasets compared to advanced methods. Particularly in the detection of small defects,
both mean precision and mean recall are enhanced. The PG-SalDETR framework not
only provides an end-to-end solution to the practical challenge of detecting small defects
in industrial surface quality inspection but also offers new research ideas and technical
references for the application of physically guided saliency modeling methods in computer
vision inspection tasks.

Limitations and Future Work. Despite its performance, PG-SalDETR has the following
limitations that need further study. On the one hand, the reasoning speed of the model
has declined, which limits its application in high-speed real-time detection scenarios, and
the reasoning efficiency needs to be improved. On the other hand, the model has a rela-
tively high complexity, and its deployment on resource-constrained embedded platforms
remains challenging. Future work will focus on lightweight network design and model
acceleration to enhance inference efficiency and lower deployment thresholds. In addition,
although a detailed theoretical basis has been provided for the selection of key hyperpa-
rameters, a comprehensive experimental sensitivity analysis covering all parameters is
still lacking. We plan to address this limitation in future work through more systematic
experimental investigations.
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