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Abstract—Surface defect detection in steel is critical for in-
dustrial quality control. However, existing detection frameworks
tend to dilute fine-grained defect information during multi-
level feature processing and introduce unnecessary computational
overhead. This leads to missed detection of weak defects, unstable
performance, and limited real-time applicability in industrial sce-
narios. In this paper, we introduce FastFlow-DETR, a lightweight
and efficient framework built upon RT-DETR, designed to
address these challenges. The backbone incorporates a Selective
Spatial Block (SSB) to preserve critical local features, while a
Branch Interweave Module (BIM) is used during feature fusion to
align shallow detail features with deep semantic representations.
In addition, a Dual Dynamic Multi-Scale Relay (D2MR) encoder
is proposed to enhance feature interaction across different rep-
resentation levels, within which a Self-Scaled Tanh Normaliza-
tion (STN) stabilizes feature modulation and prevents excessive
suppression of weak defect responses. Experimental results on
GC10-DET and NEU-DET show that FastFlow-DETR achieves
higher detection accuracy than RT-DETR, with mAP@0.5 gains
of 2.9 and 2.4 percentage points, respectively. Meanwhile, the
proposed method reduces computational complexity by 32.1%
in FLOPs and model parameters by 29.4%. These results show
that the proposed method effectively balances detection accuracy
and computational efficiency for industrial steel surface defect
detection.

Index Terms—steel surface defect detection, RT-DETR,
lightweight detection, multi-scale attention

I. INTRODUCTION

Steel surface defect detection is important for industrial
quality inspection, as surface defects directly affect the relia-
bility and service safety of steel products [1]. During rolling
and manufacturing, steel plates often contain defects such as
cracks, scratches, pits, and oxide scales. These defects vary
in scale, shape, and texture. Many appear as thin structures
or weak-contrast patterns, which makes accurate detection
difficult. In practical inspection, existing methods struggle
to preserve fine-grained defect information while maintaining
real-time efficiency. This leads to limited detection accuracy
and unstable performance.

With the rapid development of deep learning, convolutional
neural networks (CNNs) have become the mainstream solution
for automated surface defect detection. Representative detec-
tors such as Faster R-CNN [2], RetinaNet [3], and YOLO se-
ries models [4]–[10], achieve strong performance by learning
hierarchical feature representations from data. Several studies
have further adapted CNN-based detectors for steel inspection
by enhancing feature fusion or attention mechanisms [11],

[12]. Despite their success, CNN-based methods still face
limitations in real industrial environments. Strong reflections,
complex textures, and background noise often interfere with
feature extraction, leading to false positives or missed detec-
tions. Moreover, industrial inspection systems usually impose
strict constraints on inference speed and computational cost,
which restricts the deployment of heavy models.

Transformer-based detectors have recently attracted increas-
ing attention due to their strong global modeling capability.
DETR introduces an end-to-end detection paradigm by formu-
lating object detection as a set prediction problem, eliminating
handcrafted components such as anchors and non-maximum
suppression [13].

More recently, RT-DETR further optimizes the encoder
design and enables real-time object detection while retain-
ing transformer-style global reasoning [14]. However, when
directly applied to steel surface defect detection, RT-DETR
still exhibits several limitations. First, its backbone performs
spatial computation uniformly across channels, introducing
redundant operations while weakening responses to localized
defect patterns. Second, under strict efficiency constraints,
the encoder lacks sufficient multi-scale interaction, causing
small or weak defects to be gradually diluted during deep
encoding. Third, feature fusion between shallow detail features
and deep semantic representations is not explicitly aligned,
which degrades detection performance for irregular and low-
contrast defects commonly observed on steel surfaces.

To address these challenges, we propose FastFlow-DETR, a
lightweight and efficient steel surface defect detection frame-
work built upon RT-DETR.

The main contributions of this work are summarized as
follows:
• Selective Spatial Block (SSB) is proposed to address

redundant spatial computation in the backbone. It se-
lectively enhances local defect-sensitive regions and im-
proves the representation of small and weak defects with
lower computational cost.

• Branch Interweave Module (BIM) is designed for fea-
ture fusion. It enables explicit interaction and alignment
between shallow detail features and deep semantic fea-
tures. This reduces feature misalignment caused by scale
inconsistency.

• Dual Dynamic Multi-Scale Relay (D2MR) module is
introduced to strengthen multi-scale feature interaction



in the encoder. It improves the preservation of small-
scale defect information under real-time computational
constraints.

II. RELATED WORK

A. Traditional vision-based methods

Early steel surface defect detection mainly relied on clas-
sical machine vision and image processing techniques. These
methods usually extract handcrafted features, such as texture
responses, edge information, or intensity statistics, followed
by rule-based decision strategies. Choi et al. [15] proposed a
pinhole defect detection method for steel slabs based on Gabor
filter combinations, which enhances texture contrast to identify
defects. In parallel, machine vision–based image processing
techniques have been extensively applied for surface finish
assessment and defect inspection in manufacturing processes,
typically using edge detection and histogram-based feature
analysis [16].

Although traditional methods are computationally efficient,
their performance strongly depends on manually designed
features and imaging conditions. They are sensitive to illumi-
nation changes, surface reflections, and background noise. This
limits their robustness and generalization ability in complex
industrial environments.

B. Deep learning-based defect detection methods and chal-
lenges

With the development of deep learning, CNN-based detec-
tors have been widely applied to steel surface defect detection
[17]. Du et al. [12] proposed AFF-Net, which introduces
adaptive focusing to improve defect detection on strip steel
surfaces. Shi et al. [18] developed GCF-Net by integrating
global attention and inter-layer feature interaction. Yu et al.
[11] designed an anchor-free detector that combines channel
attention with bidirectional feature fusion, achieving improved
performance on steel strip datasets. However, under real-time
industrial constraints, CNN-based methods still struggle to
preserve fine-grained defect features at low computational
cost.

Recent studies have explored hybrid architectures for indus-
trial surface inspection. Song et al. [19] improved YOLOv7
by integrating the SAM-SPPFCSPC structure with depthwise
separable convolutions. Yang and Liu [20] enhanced RetinaNet
by introducing CA-BiFPN and IA-BCELoss to improve small
defect detection. Chen et al. [21] proposed HCT-Det, which
balances detection accuracy and computational efficiency us-
ing the WSA-R module. Zhou et al. [22] introduced a multi-
scale attention mechanism into YOLOv8 to improve detection
of low-contrast defects. Lu et al. [23] improved convolutional
feature fusion in the backbone network to enhance detection
efficiency. Despite these advances, existing detectors still
struggle to preserve fine-grained features and build efficient
multi-scale representations.

To enhance global feature modeling, transformer-based de-
tectors have attracted increasing attention. Subsequent vari-
ants, including Deformable DETR, improve convergence and

efficiency by introducing sparse attention mechanisms [24].
RT-DETR further adopts hybrid encoders and IoU-aware query
selection to achieve real-time detection [14]. When applied
to industrial steel surface defect inspection, RT-DETR still
shows limitations. Its AIFI encoder provides limited multi-
scale feature interaction. The feed-forward process tends to
smooth local textures. Fine-grained details are gradually lost.
In addition, redundant channel computation and dense at-
tention reduce efficiency. These factors make it difficult to
accurately detect small and low-contrast defects under strict
real-time constraints.

Based on these observations, this paper proposes FastFlow-
DETR, a redesigned RT-DETR framework tailored for in-
dustrial steel surface defect detection. The proposed method
achieves a better balance between detection accuracy, robust-
ness, and computational efficiency.

III. METHODOLOGY

A. Overview of FastFlow-DETR

To address the challenges of detecting diverse, irregular,
and fine-grained surface defects on steel plates, we redesign
the RT-DETR architecture and propose an efficient detection
framework named FastFlow-DETR. The proposed framework
aims to improve feature representation for small-scale and
low-contrast defects while maintaining real-time inference
efficiency.

As illustrated in Fig. 1, FastFlow-DETR introduces a pro-
gressive feature interaction mechanism across the backbone,
encoder, and fusion stages. Instead of processing semantic and
detailed information in a uniform manner, FastFlow-DETR
enables information to flow sequentially through multiple
modules. This design forms a structured semantic-detail relay
that supports continuous feature refinement across different
network depths. Compared with conventional end-to-end de-
tectors, FastFlow-DETR explicitly enhances the interaction
between local spatial details and high-level semantic features.
The overall architecture is carefully optimized to reduce redun-
dant computation, making FastFlow-DETR suitable for real-
time industrial defect inspection.

B. SSB for Efficient Backbone Encoding

We replace the original BasicBlock in the backbone net-
work with the proposed SSB, which is designed to enhance
local defect-sensitive features while reducing redundant spatial
computation. The overall workflow of SSB is illustrated in
Fig. 2.

SSB is embedded into the residual structure of the original
BasicBlock. The input feature first passes through a standard
3 × 3 convolution to obtain an initial spatial representation.
The feature is then processed by a selective spatial convolution
core, inspired by partial convolution (PConv) techniques [25],
where the channel dimension is split and only a subset of
channels undergoes spatial convolution. This selective ap-
proach reduces redundant computations and focuses feature
extraction on the most relevant regions, enhancing defect-
sensitive responses.
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Fig. 1. Overall architecture of the proposed FastFlow-DETR. The framework is composed of an SSB-enhanced backbone, a BIM-based feature fusion stage,
and a D²MR encoder, forming a structured semantic–detail relay from shallow spatial details to deep semantic representations.
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Fig. 2. The structure of SSB.

For an input x ∈ RB×C×H×W , the channel dimension is
partitioned as x = [x1, x2], where x1 ∈ RB×C1×H×W and
x2 ∈ RB×C2×H×W , with C = C1 + C2. The partial branch
computes:

y1 = Conv3×3(x1), y2 = x2 (1)

where y1 captures local spatial information and y2 preserves
identity features.

To maintain dimensional consistency, a lightweight 1 × 1
projection of the input is adopted as the residual shortcut. The

final output of the block is given by:

out = ReLU
(
BN(Concat(Conv3×3(x1), x2))+Proj1×1(x)

)
(2)

By selectively applying spatial convolution on partial chan-
nels, SSB preserves fine-grained local details that are critical
for small and low-contrast defects. At the same time, redun-
dant computation on less informative channels is avoided,
making SSB efficient and suitable for deep residual stacking
in FastFlow-DETR.

C. BIM for Feature Fusion

In the feature fusion stage of RT-DETR [14], the original
RepBlock aggregates multi-level features in a largely uniform
manner. Under complex steel surface textures, this may lead
to insufficient alignment between shallow detail cues and deep
semantic representations. To address this limitation, we replace
RepBlock with the proposed BIM, as illustrated in Fig. 3.

BIM follows a three-branch interweaving design and intro-
duces a lightweight Response Modulator (RM) in the mid-
dle branch to explicitly regulate feature contributions during
fusion. By coordinating high-frequency structures, weak re-
sponse cues, and background priors, BIM improves fusion
consistency while keeping the module efficient.

The computation begins with a 1 × 1 convolution that
expands the input features:

f = Conv1×1(x), f ∈ RB×2c×H×W (3)
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Fig. 4. Illustration of depthwise convolution.

This projection increases channel diversity and provides
sufficient capacity for branch-specific processing.

1) Top branch: The top branch focuses on capturing fine
local structures such as thin scratches and crack edges. Apply-
ing dense spatial convolution across all channels is computa-
tionally redundant for smooth background regions. Therefore,
as shown in Fig. 4, an efficient depthwise convolution [26] to
perform channel-wise spatial filtering:

t =W
(2)
t

(
DWConv3×3(W

(1)
t (ft))

)
(4)

This design preserves edge-sensitive responses while signifi-
cantly reducing computational overhead.

2) Middle branch: The middle branch is designed to en-
hance weak and small-scale responses that are easily sup-
pressed during feature fusion. The middle branch first applies
selective spatial processing via partial convolution and then
uses the proposed RM to reshape intermediate responses
before fusion.

After the intermediate feature is produced, it is split into two
parts m = [ma,mb]. One part generates a modulation signal
through depthwise convolution and nonlinear activation:

g = GELU(DWConv3×3(ma)) (5)

and the other part is modulated by element-wise multiplication
and refined with a residual connection:

m̃ =W (1)
m (mb � g) +mb (6)

Here � denotes element-wise multiplication. The residual term
preserves the original response pathway and stabilizes feature
propagation.

For clarity, the RM operation can be summarized as:

m̃ = mb � φ(ma) +mb (7)

where φ(·) denotes the modulation function implemented
by DWConv and GELU. This response shaping suppresses
background-dominant activations and strengthens informative
weak cues without introducing heavy attention computation.

3) Bottom branch: The bottom branch provides a low-
cost pathway to preserve background priors and low-frequency
information. A lightweight pointwise projection is employed
to maintain stable representations and reduce over-response in
homogeneous regions.

Finally, the outputs of the three branches are concate-
nated and fused through residual interaction. The top branch
strengthens high-frequency structural cues, the middle branch
reshapes weak responses, and the bottom branch stabilizes
background-aware features. This interweaving fusion strategy
improves semantic–detail alignment and reduces missed de-
tections of small or low-contrast defects, while keeping the
overall module lightweight.

D. D2MR Encoder for Progressive Feature Interaction

The AIFI encoder in RT-DETR [14] is effective for mod-
eling global dependencies, but it provides limited multi-scale
interaction under real-time constraints. As a result, small and
weak defects are often suppressed by dominant background
responses. To address this issue, we propose the D2MR
encoder to replace the original AIFI module. D2MR adopts a
relay-style design that progressively refines semantic and detail
information through two complementary modules, namely
MDAB and MGDB. The overall architecture is shown in
Fig. 5.

1) Multi-scale Dynamic Attention Block (MDAB): The
MDAB is a sparse and dense multi-scale attention mechanism
that enables each query to dynamically select between local
and global candidate tokens. This design enables the model
to focus on minute defects while maintaining an awareness of
larger defects.

Specifically, given an input feature X ∈ RB×C×H×W , the
queries Q, keys K, and values V are obtained through linear
projections:

(Q,K, V ) = (WqX, WkX, WvX) (8)

We then construct two types of attention: dense attention to
ensure global dependencies and sparse attention to highlight
local strong responses:

Adense = Softmax
(
QKT

√
d

)
(9)

Asparse = ReLU2
(
QKT

)
(10)

These attention maps are fused to produce a dynamic attention
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representation:

Fatt = (Adense +Asparse)V (11)

By combining dense global modeling with sparse local
enhancement, MDAB ensures that small defects are amplified
before deep feature propagation. This design enables effective
information relay from shallow details to deeper semantic
representations.

2) Self-Scaled Tanh Normalization (STN): To stabilize fea-
ture amplitudes and prevent weak defect signals from being
overly suppressed, we introduce a lightweight normalization
function termed STN. Given an input feature x, STN is defined
as:

STN(x) = tanh

(
x

E(|x|) + ε

)
(12)

where E(|x|) denotes the mean absolute value of the input
feature and ε is a small constant for numerical stability.

Unlike batch normalization or layer normalization, STN
does not rely on mean subtraction or variance normalization.
Instead, it rescales feature amplitudes in a data-dependent
manner and applies bounded nonlinear compression. This
design helps preserve weak and low-contrast defect responses
while suppressing extreme activations caused by reflections or
noise, which is particularly suitable for steel surface defect
detection.

3) Multi-scale Gated Dual-stream Block (MGDB): The
MGDB is designed to preserve fine-grained defect responses
while maintaining global semantic stability. It adopts a dual-
stream structure composed of a main stream and a detail
stream.

Given an input feature F , it is first split into two branches.
The main stream Smain retains global and low-frequency se-
mantics, which describe background regions and large-scale
defects. The detail stream Sdet focuses on high-frequency
structures, such as crack edges and small pits, through
lightweight convolution and activation.

A gating mechanism is applied to adaptively modulate the
contribution of detail features:

G = σ(WSdet) (13)

and the gated fusion is computed as

Fgated = Smain +G� Sdet (14)

To avoid suppressing weak defect responses during nonlin-
ear modulation, STN is applied:

Fnorm = STN(Fgated) (15)

Finally, a Multi-Scale Depthwise Response Aggregator
(MDRA) is employed to re-balance spatial responses under
different receptive fields:

FMGDB =
∑

k∈{3,5,7}

DWConvk×k(Fnorm) (16)

This design enables MGDB to preserve global context,
enhance weak defect signals, and stabilize spatial responses
across different defect scales.

Through this relay-style refinement, MDAB first highlights
potential defect cues, while MGDB selectively strengthens fine
details and suppresses background noise. Together, they form
a progressive semantic-detail relay mechanism that improves
robustness to scale variation and defect appearance diversity.

IV. EXPERIMENT AND RESULT ANALYSIS

A. Dataset and environment

To validate the effectiveness of the proposed method, two
representative benchmark datasets for steel surface defect
detection were selected: GC10-DET [27] and NEU-DET [28].
The GC10-DET dataset is one of the most widely adopted
benchmarks in the steel industry. It contains a total of 2,294
high-resolution color images annotated with ten representative
defect types, including Crescent (Cg), Inclusion (In), Rolled-
in scale (Rp), Weld line (Wl), Crease (Cr), Silk spot (Ss), Oil
spot (Os), Water spot (Ws), Punching (Pu), and Waist fold
(Wf). Examples of annotated defect images are illustrated in
Figure 6. The NEU-DET dataset, developed by Northeastern
University, contains 1,800 grayscale images evenly divided
into six defect categories: crazing (Cr), inclusion (In), pitted
surface (Ps), rolled-in scale (Rs), patches (Pa), scratch (Sc).
Each class contains 300 samples, ensuring a balanced distri-
bution for comprehensive evaluation. Representative examples
of NEU-DET defect images are shown in Figure 7.

The experiments were conducted using the PyTorch deep
learning framework under a Linux environment. The training
was performed on a single NVIDIA RTX 3080 Ti GPU with
12 GB of VRAM, utilizing CUDA 11.8 and Python 3.10. The
batch size and number of workers were both set to 8, and
training was performed without caching to ensure stable data
loading. The SGD optimizer implemented in this study was
employed, with a learning rate of 0.01, momentum of 0.9,
and weight decay of 0.0005.



Fig. 6. Visualization of detection results on the GC10-DET dataset. (a)
Crescent (Cg), (b) Inclusion (In), (c) Rolled-in scale (Rp), (d) Weld line (Wl),
(e) Crease (Cr), (f) Silk spot (Ss), (g) Oil spot (Os), (h) Water spot (Ws), (i)
Punching (Pu), (j) Waist fold (Wf).

Fig. 7. Visualization of detection results on the NEU-DET dataset. (a) crazing
(Cr), (b) inclusion (In), (c) pitted surface (Ps), (d) rolled-in scale (Rs), (e)
patches (Pa), (f) scratch (Sc).

B. Evaluation Metrics

To comprehensively evaluate performance, the following
metrics are employed:

Average Precision (AP): quantifies the average performance
of the precision-recall curve for a single category. It is calcu-
lated as:

AP =

∫ 1

0

P (R)dR (17)

where P (R) represents the precision at a given recall R.
mean Average Precision (mAP): defined as

mAP =
1

n

n∑
i=1

APi (18)

where APi denotes the average precision of the i-th category
and n is the number of categories.

FLOPs: number of floating-point operations per forward
pass, measuring computational complexity.

Params: number of parameters, reflecting storage and de-
ployment cost.

FPS (Frames Per Second) measures the inference speed of
the detector during testing and reflects its real-time capability
for industrial deployment.

C. Comparison with Existing Methods

1) Results on GC10-DET: On the GC10-DET dataset,
as shown in Table I, FastFlow-DETR achieves the highest
mAP@50 of 68.0%. It outperforms both two-stage detectors
and recent real-time one-stage methods.

Compared with Faster R-CNN, FastFlow-DETR improves
mAP@50 by 4.1%. The inference speed is more than five
times higher, which supports real-time inspection. FastFlow-
DETR also outperforms RetinaNet and FCOS, with mAP@50
improvements of 14.2% and 8.8%, respectively. Compared
with RT-DETR, FastFlow-DETR achieves a 2.9% gain in
mAP@50 while maintaining a high inference speed of 119.8
FPS. Some YOLO-based detectors achieve higher FPS, but
their detection accuracy is lower. FastFlow-DETR provides a
better balance between accuracy and speed. At the category
level, FastFlow-DETR performs well on defects with strong
structural characteristics. The AP values for Cg and Wl reach
95.4% and 91.0%, respectively. For elongated and weak-
texture defects such as Os and Ws, the AP values reach
69.1% and 87.9%. The proposed method also performs well
on defect types with weak contrast and fine textures. For
Ss, Os, and Wf categories, FastFlow-DETR maintains stable
detection accuracy under complex background conditions. On
the Pu category, the AP reaches 95.5%, indicating improved
localization of highly localized defects.

2) Results on NEU-DET: The quantitative results on the
NEU-DET dataset are reported in Table II. FastFlow-DETR
achieves the highest mAP@50 of 76.4%.

Compared with Faster R-CNN, FastFlow-DETR improves
mAP@50 by 5.3% with significantly higher inference speed.
FastFlow-DETR also outperforms single-stage detectors such
as RetinaNet, FCOS, and ATSS, especially on small-scale
and low-contrast defects. Compared with RT-DETR, FastFlow-
DETR achieves a 2.4% gain in mAP@50 while maintaining
comparable inference speed.

Among YOLO-based detectors, FastFlow-DETR outper-
forms YOLOv8 and YOLOv12 by 2.7% and 2.5% mAP@50,
respectively. The inference speed remains high at 121.6 FPS.
At the category level, the AP values for In and Pa reach
81.9% and 92.5%, respectively. For challenging categories
such as Cr and Rs, which are sensitive to background noise
and illumination variation, FastFlow-DETR maintains robust
performance. The AP values reach 53.2% and 63.2%, respec-
tively. The detection accuracy on Sc and Ps also remains
competitive, reaching 87.6% and 79.9%. These results indicate
stable detection performance under background noise and
illumination variation.

D. Ablation Studies

To investigate the contribution of each component in
FastFlow-DETR, ablation experiments are conducted on the
GC10-DET and NEU-DET datasets. The quantitative results



TABLE I
COMPARISON RESULTS ON THE GC10-DET DATASET

Model mAP@50(%)↑ FPS
AP@50(%)↑

Cg In Rp Wl Cr Ss Os Ws Pu Wf

RT-DETR [14] 65.1 99.1 94.7 31.6 21.6 88.0 26.5 56.6 67.9 87.4 94.5 81.9
DETR [13] 61.9 85.2 86.2 28.6 35.8 69.1 42.4 59.0 60.8 67.3 89.4 79.9
Faster-RCNN [2] 63.9 23.1 85.6 30.5 36.3 72.3 41.8 59.2 64.9 70.1 94.3 83.3
CenterNet [29] 62.3 61.9 84.2 31.7 29.8 74.8 36.0 51.7 65.7 74.7 94.1 80.6
RetinaNet [3] 53.8 41.8 90.8 17.4 17.3 71.2 11.8 26.3 63.8 74.5 93.7 71.3
FCOS [30] 59.2 48.7 88.1 32.2 34.1 60.3 22.1 56.1 58.2 65.4 91.2 84.1
ATSS [31] 58.4 44.8 87.1 16.2 30.2 80.4 20.7 54.3 62.3 68.9 91.2 71.6
YOLOv5 [32] 63.2 80.6 94.4 30.5 24.2 77.6 17.5 57.3 67.0 84.3 97.8 80.9
YOLOv8 [6] 64.6 137.4 95.0 27.5 29.7 87.3 8.2 56.3 68.3 87.5 98.4 87.9
YOLOv9 [7] 64.2 99.4 94.0 31.4 27.6 88.9 13.8 54.8 66.9 85.2 97.2 82.5
YOLOv10 [8] 54.0 105.9 87.4 23.9 16.0 30.2 18.7 51.5 60.4 79.2 96.1 77.0
YOLOv11 [9] 55.7 112.7 92.2 25.7 18.2 32.1 3.8 55.4 64.9 86.2 97.0 81.9
YOLOv12 [10] 62.0 109.8 94.6 21.4 27.3 90.4 21.4 51.3 67.1 83.2 92.2 71.2
FastFlow-DETR 68.0 119.8 95.4 32.3 33.4 91.0 36.4 55.3 69.1 87.9 95.5 83.9

TABLE II
COMPARISON RESULTS ON THE NEU-DET DATASET

Model mAP@50(%)↑ FPS
AP@50(%)↑

Cr In Pa Ps Rs Sc

RT-DETR [14] 74.0 102.4 49.6 81.4 90.5 75.2 58.3 87.5
DETR [13] 72.1 88.6 45.7 75.4 89.6 82.1 58.9 80.4
Faster-RCNN [2] 71.1 17.8 42.9 67.9 84.9 79.1 65.8 86.1
CenterNet [29] 75.2 63.8 44.6 77.1 92.1 86.4 62.5 88.7
RetinaNet [3] 71.3 41.2 42.0 77.2 90.1 84.3 62.4 71.6
FCOS [30] 72.0 50.1 47.9 72.8 90.6 78.3 61.8 80.6
ATSS [31] 63.1 46.0 36.3 71.1 79.7 78.3 50.4 62.4
YOLOv5 [32] 71.7 82.9 46.8 76.3 91.5 84.0 56.4 75.1
YOLOv8 [6] 73.7 140.2 47.9 80.6 91.4 84.0 57.5 80.7
YOLOv9 [7] 70.6 101.8 36.2 74.1 91.0 83.3 56.5 82.2
YOLOv10 [8] 65.3 108.7 38.3 69.7 87.5 78.0 49.1 69.2
YOLOv11 [9] 75.1 114.9 50.0 77.6 92.4 84.4 62.8 83.3
YOLOv12 [10] 73.9 110.1 49.9 73.4 90.1 83.7 60.9 84.7
FastFlow-DETR 76.4 121.6 53.2 81.9 92.5 79.9 63.2 87.6

are summarized in Table III, where different module combi-
nations are evaluated in terms of detection accuracy, compu-
tational complexity, and model size.

Starting from the baseline model, introducing SSB leads to a
clear reduction in computational cost while slightly improving
detection accuracy on both datasets. This indicates that selec-
tive spatial computation helps remove redundant operations
and improves feature efficiency. Further incorporating BIM
consistently enhances performance, especially when combined
with SSB, where mAP increases to 66.8% on GC10-DET and
75.1% on NEU-DET, accompanied by a notable reduction in
GFLOPs. This suggests that interweaving semantic and detail
features during fusion is beneficial for detecting small and
low-contrast defects.

When the D2MR module is added, detection accuracy con-
tinues to improve across both datasets. The full combination
of SSB, BIM, and D2MR achieves 68.0% mAP on GC10-
DET and 76.4% on NEU-DET, demonstrating the effectiveness

TABLE III
ABLATION STUDY ON NEU-DET AND GC10-DET DATASETS

Methods
mAP@50(%)↑

GFLOPs(G)↓ Params(M)↓
GC10-DET NEU-DET

Baseline 65.1 74.0 57.0 19.88
+ SSB 65.8 74.2 42.9 15.02
+ BIM 66.0 74.4 51.1 18.93
+ D2MR 66.4 74.9 58.6 21.92
+ SSB + BIM 66.8 75.1 37.3 13.65
+ SSB + D2MR 67.1 75.7 44.7 17.64
+ BIM + D2MR 67.5 75.9 58.3 21.69
+ SSB + BIM + D2MR (w/o STN) 67.5 76.0 39.1 15.31
FastFlow-DETR 68.0 76.4 38.7 14.03

Fig. 8. Ablation results relative to the baseline on GC10-DET and NEU-DET.
The vertical axis is the change relative to the baseline.

of the proposed relay-based multi-scale encoding strategy in
preserving fine-grained defect information. To further analyze
the role of feature normalization, STN is removed from the
full model configuration. Without STN, mAP drops consis-
tently on both datasets while GFLOPs and parameter count
remain nearly unchanged. This confirms that STN contributes
to stabilizing feature amplitudes and preserving weak defect
responses under complex background conditions. For a quali-
tative analysis, Fig. 8 (a) shows the mAP@50 improvements
on GC10-DET and NEU-DET, and Fig. 8 (b) illustrates the
corresponding changes in GFLOPs and parameter counts.



V. CONCLUSION

In this paper, we propose FastFlow-DETR, an efficient and
lightweight framework for steel surface defect detection. It
addresses challenges like multi-scale variations, weak defect
signals, and high computational costs in industrial environ-
ments. To improve accuracy and efficiency, we restructure
the RT-DETR architecture with key innovations. The SSB re-
duces redundant computations while enhancing defect-related
features. The BIM improves feature fusion, aligning shallow
detail features with deep semantic representations. The D2MR
module refines multi-scale interactions, preserving small-scale
defect features. The STN stabilizes feature modulation, pre-
venting weak defect signals from being over-compressed.

Experimental results on GC10-DET and NEU-DET show
that FastFlow-DETR outperforms existing models, achieving
superior mAP and high inference speed. Overall, it strikes
an optimal balance between accuracy and computational ef-
ficiency, offering a practical solution for real-time, industrial-
grade steel surface defect detection.
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