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 a b s t r a c t

In contemporary computer vision, You Only Look Once (YOLO) has become a benchmark for object detec-
tion, widely used in domains from intelligent manufacturing-such as industrial quality control and automated 
inspection-to real-time video surveillance. For example, detecting surface defects on steel products or electronic 
components in production lines relies on such algorithms to maintain high quality and safety. Despite YOLO’s 
excellent speed and accuracy in many tasks, it still faces difficulties in certain challenging conditions, notably 
high dynamic range scenes, complex backgrounds, and the detection of small or subtle objects. These condi-
tions are common in practice-for instance, on shiny metal surfaces with uneven lighting or in busy surveillance 
scenes-where conventional YOLO models struggle to capture fine details reliably. To overcome these limitations, 
we propose an improved YOLO-based framework featuring a novel Dynamic Cross-Scale Feature Fusion Module 
(Dy-CCFM) and a Dual-path Downsampling Convolution Module (DDConv). These modules enhance multi-scale 
feature representation and preserve detail under extreme lighting and background clutter, which is crucial for 
monitoring in complex environments. Additionally, we employ the Minimum Point Distance Intersection over 
Union (MPDIoU) as an optimized loss function for bounding box regression, significantly improving the localiza-
tion of small objects. Thanks to these innovations, the model achieves a mean Average Precision (mAP) of 75.1% 
on the challenging Northeastern University surface defect (NEU-DET) dataset, while the smallest variant is only 
1.6M in size. Compared to YOLOv8, our approach improves mAP by 2.1% while also delivering higher inference 
speed (FPS), and it surpasses the Detection Transformer (DETR) by 5.0% mAP. The model further demonstrates 
excellent generalization on the Google Cloud 10 Defect Detection (GC10-DET) dataset. This enhanced detection 
algorithm not only improves performance but also offers significant practical value in intelligent manufactur-
ing and automated inspection systems, intelligent video surveillance, and autonomous vehicles, where reliable 
real-time detection of small defects or targets is critical.

1.  Introduction

Deep learning and computer vision technologies have significantly 
enhanced object detection capabilities, driving their widespread appli-
cation across various fields [1]. Among them, surface defect detection 
for steel has emerged as a critical research focus in intelligent manu-
facturing, playing a pivotal role in ensuring product quality and pro-
duction safety [2]. As a fundamental material in industrial infrastruc-
ture and high-end equipment manufacturing, steel is highly susceptible 
to surface defects, which not only compromise product appearance but 
may also induce structural fatigue and fractures, leading to substantial 
economic losses and safety risks. Similarly, in electronic device man-
ufacturing, micro-defects such as solder joint oxidation, micro-cracks, 

∗ Corresponding author.
 E-mail address: hamidreza.karimi@polimi.it (H.R. Karimi).

or scratches can impair conductivity and system stability, potentially 
resulting in complete system failure. Therefore, defect detection tech-
nology serves not only as a core quality assurance mechanism in heavy 
industry and precision manufacturing but also as a key support for safe 
operation and production cost control.

The introduction provides a flowchart summarizing the methodology 
and contributions to guide readers and enhance engagement [3].

In actual production environments, steel surfaces inevitably exhibit 
various types of defects such as cracks, scratches, and dents. Traditional 
inspection methods heavily rely on manual visual inspection, which 
is inefficient, labor-intensive, and highly dependent on the operator’s 
experience and condition. Fatigue and subjective judgment may eas-
ily result in missed or false detections. Moreover, manual inspection is
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inadequate for high-speed production lines or the identification of ex-
tremely small defects, thereby limiting the progress of industrial intelli-
gence.

Against this backdrop, traditional computer vision methods were ini-
tially adopted for automated defect detection. These methods typically 
depend on handcrafted features such as edge detection, grayscale dis-
tribution, and texture modeling, in conjunction with thresholding or 
rule-based classifiers for recognition tasks. While these methods can 
achieve basic detection under certain conditions, they generally suffer 
from weak generalization ability, strong parameter dependency, and dif-
ficulty adapting to complex backgrounds and variable defect patterns. 
For instance, under interference conditions such as oil stains, high re-
flectivity, or overlapping scratches, traditional algorithms lack robust-
ness and the ability to continuously improve through large-scale data 
learning.

With the advancement of deep learning, end-to-end object detection 
methods have gradually become mainstream. Object detection, a core 
task in computer vision, aims to identify and localize targets in images 
or videos, and its development is largely driven by breakthroughs in 
convolutional neural networks (CNNs) [4]. The current mainstream de-
tection algorithms fall into two categories: one-stage methods, such as 
SSD [5], DETR [6], and the YOLO series [7], which directly output class 
and location predictions and are suitable for real-time applications; and 
two-stage methods, such as the R-CNN family [8], which first generate 
region proposals and then perform classification, offering higher accu-
racy at the expense of greater computational complexity [9]. Among 
them, one-stage methods have seen wide adoption in infrared small tar-
get detection and industrial defect inspection due to their fast inference 
and low deployment cost [10].

In the field of steel surface defect detection, numerous YOLO-based 
studies have been proposed. For example, Kou et al. [11] developed a 
defect detection model based on YOLOv3 for steel strips, achieving im-
provements in both accuracy and speed. Other studies introduced chan-
nel reorganization mechanisms to accelerate inference and enhance pre-
cision [12], or integrated multiple detection architectures to improve 
detection performance for small and irregular defects [13]. YOLOv5 
to YOLOv7 have shown outstanding performance in practical indus-
trial applications: YOLOv5 features a lightweight architecture and opti-
mized loss functions, demonstrating robust capabilities under complex 
backgrounds and for small targets [15]; YOLOv6 incorporates Efficient-
Net and Focal Loss, further enhancing efficiency and adaptability [16]; 
YOLOv7 strengthens deep feature extraction and feature fusion mecha-
nisms [17].

With the continuous evolution of deep learning, higher-performance 
models in the YOLO family have been developed. YOLOv8 introduces 
anchor-free detection heads, simplifying the prediction process [18]; 
YOLOv9 focuses on network structure simplification and optimization 
of feature extraction modules [19]; YOLOv10 integrates attention mech-
anisms to dynamically select features based on object size, thereby en-
hancing generalization [20].

Despite the significant progress in detection speed and accuracy, the 
YOLO series still faces challenges in surface defect detection for steel, 
particularly in dealing with multi-scale targets, complex background in-
terference, and the recognition of tiny defects. Key limitations include 
the insufficient representation capacity of shallow features for small tar-
gets, limited multi-scale feature fusion capabilities, and inadequate ro-
bustness against highly dynamic changes and complex textured back-
grounds [21–23].

To address these issues and further enhance the applicability of 
YOLO in industrial defect detection, this paper proposes an improved 
model-Dynamic-YOLO-and introduces three key modules to achieve su-
perior detection performance:

DDConv (Dual-path Downsampling Convolution): Unlike traditional 
downsampling methods (e.g., max pooling or single-path convolution), 
DDConv adopts a dual-path structure to simultaneously extract lo-
cal detail and global context, thereby improving fine-grained defect

responsiveness while maintaining a lightweight design and high infer-
ence efficiency.

Dy-CCFM (Dynamic Cross-Scale Feature Fusion Module): In contrast 
to static feature fusion structures (e.g., FPN, PAN), Dy-CCFM incorpo-
rates a dynamic weighting mechanism to adaptively fuse multi-scale se-
mantic and spatial information, significantly improving detection sta-
bility in complex backgrounds and for small targets.

MPDIoU (Minimum Point Distance IoU) Loss Function: By incor-
porating minimum point distance information, MPDIoU effectively ad-
dresses the regression issue where the predicted box and ground truth 
have similar shapes but different sizes, thereby enhancing the localiza-
tion accuracy of small defects such as cracks and scratches [24].

Based on these enhancements, the proposed Dynamic-YOLO model 
achieves a mean average precision (mAP) of 75.1% on the NEU-DET 
dataset, 2.1% higher than YOLOv8 and 5.0% higher than DETR. More-
over, the model contains only 1.6M parameters, demonstrating excel-
lent inference efficiency and deployment adaptability. The lightweight 
design and high robustness of this model make it suitable not only for 
industrial defect detection but also for cross-domain applications. Es-
pecially in complex industrial backgrounds, such as steel surface defect 
detection, the model shows significant performance improvement.

Notably, video surveillance, intelligent transportation, and public 
safety domains face similar challenges, such as varying backgrounds and 
complex target shapes. In recent years, deep transfer learning (DTL) and 
deep domain adaptation (DDA) methods have been widely applied to 
object detection in video surveillance, greatly enhancing cross-domain 
generalization [25]. Based on this theoretical background, the Dynamic-
YOLO model also demonstrates potential as a benchmark model for 
video detection, particularly in challenging scenarios like low-light con-
ditions, small targets, and dynamic backgrounds. Therefore, in addition 
to steel surface defect detection, this model can also serve as an effi-
cient benchmark model for cross-domain tasks such as video surveil-
lance, intelligent transportation, and public safety, adapting to the data 
requirements and visual environments of various domains.

2.  Related work

2.1.  Conv used for object detection

In recent years, researchers have analyzed standard convolution op-
erations from multiple perspectives and proposed various novel convo-
lutional operators to enhance network performance. Li et al. pointed 
out that the spatial sharing of convolution kernel parameters limits the 
network’s ability to model diverse regional features and hinders the cap-
ture of long-range dependencies. To address this issue, they introduced 
the Involution operator, which reverses the conventional feature trans-
formation process of convolution to improve network flexibility [26]. 
Qi et al. proposed Distribution Shifted Convolution (DscConv) based 
on deformable convolution. However, the free offset mechanism of de-
formable convolution tends to lose fine-grained structural information, 
prompting the introduction of DSConv to enhance the detection of slen-
der structural targets [27]. Zhang et al. explored spatial attention mech-
anisms, which to some extent alleviate the parameter sharing problem 
in convolution [28]. Nonetheless, common spatial attention mechanisms 
such as Convolutional Block Attention Module (CBAM) [29] and Coor-
dinate Attention (CA) [30], while beneficial for performance, still fall 
short in maintaining stable spatial representations under large-scale con-
volutions or in highly disturbed environments.

Furthermore, the study by Islam et al. [31] revealed that convo-
lutional models often struggle to maintain stable spatial representa-
tions under external disturbances such as seasonal changes. By intro-
ducing convolutional auto-encoders and independent component anal-
ysis (ICA), the authors constructed a robust spatial representation sys-
tem that significantly improved robot localization stability in dynamic 
environments. This finding further highlights the limitations of exist-
ing attention-based convolutional mechanisms in modeling structural 
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Fig. 1. Network structure diagrams of FPN, PANet, BiFPN, and Dy-CCFM.

invariance under real-world conditions, and supports the need for more 
efficient and robust spatial modeling architectures.

Although the aforementioned techniques have led to performance 
improvements, they have not fundamentally solved the problems of pa-
rameter efficiency and spatial representation capacity in convolution. 
In contrast, the proposed DDConv module achieves efficient feature ex-
traction with extremely low computational cost and is well suited for 
detection tasks that require both fine structural detail and global con-
text modeling.

2.2.  Multi-scale features used for object detection

In the field of object detection, feature maps at different scales con-
tain critical positional information for objects of various sizes. Large-
scale feature maps can reveal the details and locations of small objects, 
while small-scale feature maps capture complex information and local-
ization for larger objects. The Feature Pyramid Network (FPN) lever-
ages the complementary nature of multi-scale information, providing an 
efficient architecture for multi-scale feature fusion through cross-scale 
connections and information flow, thereby improving detection accu-
racy [31]. However, FPN faces limitations in handling high-level target 
information. To address this issue, methods such as PANet [32], BiFPN 
[33], and Balanced FPN have introduced multiple enhancements to FPN 
to strengthen feature fusion. CE-FPN utilizes attention mechanisms to 
achieve selective feature fusion, while FaPN [34] incorporates feature 
alignment modules to improve fusion accuracy and address potential 
misalignment issues across scales.

Although these multi-scale feature fusion methods provide valuable 
insights for steel surface defect detection, they are primarily designed 
based on the characteristics of natural images. While some methods 
show effectiveness in defect detection, they do not fully account for the 
specific characteristics of steel surface defect images, thereby limiting 
detection efficacy. To address these challenges, this study proposes the 
Dynamic Cross-Feature Fusion Module (Dy-CCFM), designed to tackle 
the multi-scale and complex background challenges in steel surface de-
fect detection. Dy-CCFM employs an innovative dynamic feature selec-
tion and fusion mechanism, effectively extracting and integrating fea-
tures from various scales, thereby enhancing the model detection capa-
bility across defect scales. Dy-CCFM uses high-level features as weights 
to dynamically optimize the selection and fusion of low-level features, 
allowing high-level semantic information to better support small-scale 
defect detection. This dynamic selective fusion strategy enables precise 
information flow between features at different scales, enhancing the 
model ability to detect fine and marginal defects [35–37].

Furthermore, the Dy-CCFM architecture is optimized for complex in-
dustrial environments, balancing high detection accuracy with compu-
tational efficiency, and demonstrating superior performance in steel sur-
face defect detection tasks, Fig. 1 illustrates the design of Dy-CCFM and 
compares it with other FPN networks.

3.  Methods

In the framework, Fig. 2 shows our overall design, integrating the 
CCFM [17], DySample [40], and DDConv modules. The CCFM module 
realizes efficient feature fusion and transmission through the serial and 
parallel connections of different operational units. The DDConv module 
optimizes the reduction of feature dimensions and the adjustment of spa-
tial resolution, enabling the model to handle features of various scales. 
The DySample module is responsible for dynamic sampling, adjusting 
the sampling strategy based on context information to effectively cap-
ture key features. We named it Dynamic-YOLO because of the presence 
of Dy-CCFM, which allows for feature selection operations. The model 
does not extract all features but selects the effective ones, filtering out 
the irrelevant features. Therefore, our model is more dynamic in feature 
selection. Next, we will introduce these key components in detail.

3.1.  Dual-path downsampling convolution module

In steel surface defect detection, target regions are often small, have 
blurred edges, and vary widely in shape. They are frequently accompa-
nied by specular reflections, overlapping scratches, and complex tex-
tures. Under such challenging conditions, traditional downsampling 
modules in convolutional networks show clear limitations.

On one hand, conventional methods such as max pooling or strided 
convolution lack awareness of spatial structure. As a result, they tend 
to discard fine local details-especially small edges and subtle texture 
patterns-that are crucial for detecting fine-grained defects. On the other 
hand, standard convolutions can preserve rich feature information but 
require high computational cost, making them unsuitable for real-time 
or lightweight industrial applications.

To overcome these problems, we propose a Dual-path Downsampling 
Convolution (DDConv) module that enhances both accuracy and effi-
ciency. The module optimizes the input feature map to extract richer 
and more discriminative representations.

Let the input tensor 𝑥 have the shape (𝑏, 𝑐1, 𝑤, ℎ), where 𝑏 is the batch 
size, 𝑐1 is the number of input channels, and 𝑤 and ℎ are the spatial 
dimensions.

The DDConv module first performs average pooling and then splits 
the feature map into two parallel branches, 𝑋1 and 𝑋2, each with the 
shape (𝑏, 𝑐1∕2, 𝑤, ℎ). These two branches use different processing strate-
gies to balance information preservation and computational efficiency.

For the 𝑋1 branch: The input tensor 𝑋1 is divided into four non-
overlapping sub-tensors, each with the shape (𝑏, 𝑐1, 𝑤∕2, ℎ∕2), by split-
ting the spatial dimensions:
𝑋top_left = 𝑋[… , ∶∶ 2, ∶∶ 2] (1)

𝑋top_right = 𝑋[… , ∶∶ 2, 1 ∶∶ 2] (2)

𝑋bot_left = 𝑋[… , 1 ∶∶ 2, ∶∶ 2] (3)
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Fig. 2. Compared to YOLOv8, the parts with a darker background color indicate the modified modules.

𝑋bot_right = 𝑋[… , 1 ∶∶ 2, 1 ∶∶ 2] (4)

These four sub-tensors are then concatenated along the channel di-
mension, resulting in a tensor with the shape (𝑏, 4𝑐1, 𝑤∕2, ℎ∕2). A con-
volutional operation is then applied, producing an output tensor with 
shape (𝑏, out_channels, 𝑤∕2, ℎ∕2).

Parameter Analysis for 𝑋1: For the convolution operation in the 
‘Focus’ module, the input channels are 4𝑐1 (due to concatenation), and 
the output channels are out_channels. Assuming the kernel size is 𝐾 ×𝐾, 
the number of parameters for this convolution is:
ParametersFocus = 4 𝑐1 𝐾2 out_channels (5)

For the 𝑋2 branch: The 𝑋2 branch applies max pooling followed 
by a convolution operation, resulting in an output tensor of the same 
shape (𝑏, out_channels, 𝑤∕2, ℎ∕2). If the convolution kernel size is 1 × 1, 
the number of parameters for this convolution is:

Parameterscv2 =
( 𝑐1
2

)

× out_channels
2

× 12 =
𝑐1 × out_channels

4
(6)

Concatenation of Outputs: After processing by both branches, the 
output tensors are concatenated along the channel dimension, result-
ing in the final output tensor 𝑌  with shape (𝑏, 𝑐2, 𝑤∕2, ℎ∕2), where 
𝑐2 = out_channels.

Total Number of Parameters for DDConv: The total number of 
parameters in the DDConv module is the sum of the parameters from 
both branches:

Total ParametersDDConv = 4𝑐1 ×𝐾2 × out_channels
2

+
𝑐1 × out_channels

4
(7)

Simplifying this expression, we obtain:

Total ParametersDDConv = 𝑐1 × out_channels × 𝐾2

4
+

𝑐1 × out_channels
4

(8)

Parameter Optimization Analysis: In comparison to a standard 
convolution operation, where the parameter count is given by:
Standard Parameters = 𝑐1 ×𝐾2 × 𝑐2 (9)

DDConv significantly reduces the number of parameters. The reason 
for this reduction is twofold:

• The use of the ‘Focus’ module compresses the spatial dimensions by 
a factor of 2 (from 𝑊 ×𝐻 to 𝑊 ∕2 ×𝐻∕2), thereby reducing the 
number of operations and parameters in the convolution.

• The use of 1 × 1 convolutions in the second branch further reduces 
the parameter count by limiting the channel interactions to just a 
linear transformation.

Thus, the total number of parameters in DDConv is approximately 
one-quarter of that in standard convolutions, primarily due to the re-
duced spatial dimensions and the smaller convolution kernel sizes. This 
makes DDConv an efficient alternative, offering reduced computational 
overhead while still capturing fine-grained feature representations.

Applications: The DDConv module is effective for tasks such as im-
age classification and object detection. It helps the model detect small 
visual differences while keeping computational cost low. Additionally, 
DDConv can be easily integrated into modern object detection frame-
works. The complete architecture of the module is shown in Fig. 3.

Remark 1.  We propose the DDConv module to improve feature ex-
traction while reducing computational complexity by splitting the input 
image into two branches. The main branch divides the image into four 
segments and extracts features from each, making it well-suited for de-
tecting small objects in surface defect inspection. The auxiliary branch 
uses pooling followed by convolution, avoiding traditional 3x3 convo-
lutional downsampling, which reduces computational load and param-
eter count while preserving rich features. Finally, features from both 
branches are fused, combining diverse information and completing the 
downsampling process, resulting in more efficient and representative 
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Fig. 3. Schematic Diagram of the Dual-Path Downsampling Convolution Module.

feature extraction. This design contributes to the high efficiency of our 
proposed Dynamic-YOLO. 

3.2.  Dynamic-cross scale feature fusion module

In steel surface defect detection, defects vary widely in type and 
scale, and the images often contain complex textures, uneven lighting, 
and significant background noise. These challenges make multi-scale 
feature fusion a critical factor in improving detection accuracy. Tradi-
tional fusion frameworks, such as FPN and PANet, provide basic multi-
scale processing but rely on static fusion strategies. As a result, they 
cannot adapt to different target scales or varying feature distributions, 
which reduces performance on small, low-contrast, or blurred defects. 
Furthermore, their fixed architectures often struggle to balance detailed 
spatial information from shallow layers with high-level semantic cues 
from deeper layers, leading to redundant, less discriminative, or incom-
plete feature representations.

To address these limitations, we propose a Dynamic Cross-Scale Fea-
ture Fusion Module (Dy-CCFM) that enhances adaptability and robust-
ness by dynamically adjusting the fusion strategy based on the character-
istics of the input image. Dy-CCFM integrates information from multiple 
scales and employs multiple feature extraction paths to generate richer 
and more representative feature maps. By jointly modeling both spatial 
and channel-wise interactions, it improves feature utilization, allowing 
the network to more effectively capture subtle variations and complex 
patterns on the steel surface. This dynamic and context-aware fusion ap-
proach helps the model maintain high detection accuracy across a wide 
variety of defect types and challenging imaging conditions.

Analysis of the architecture shown in Fig. 1(c) revealed that adding 
extra connections from shallow to deep layers resulted in a 15% increase 
in inference time, leading to the abandonment of this structure and 
its improvement by replacing traditional upsampling operations with 
DySample. With its adaptive upsampling capability, DySample better 
preserves scale and detail information, enabling the model to distin-
guish minor defects from normal surface textures. DySample aims to 
improve the performance of feature up-sampling by accurately model-
ing geometric information. The core idea is to use a dynamic sampling 
strategy to re-sample input feature maps, generating more refined and 
adaptable up-sampled feature maps. Specifically, DySample achieves its 
functionality through the following two key components:

(1) Dynamic Up-sampling Based on Sampling As shown in Fig. 4(a), 
DySample first creates a sampling set 𝑆 from the input feature map 
𝑋 using a sampling point generator. The design of the sampling point 
generator allows the positions of the sampling points to be dynami-
cally determined to better capture the geometric information in the 
input features. Then, the grid_sample function is used to re-sample 

the input feature map 𝑋 based on the position information in the 
sampling set 𝑆, generating the up-sampled feature map 𝑋′. This pro-
cess ensures that the up-sampling can adaptively adjust according to 
the content of the input features, improving the quality and rele-
vance of feature representation [12].

(2) Sampling Point Generator in DySample Fig. 4(b) details the two de-
sign approaches of the sampling point generator, based on static 
range factors and dynamic range factors, respectively [12].

• Static Range Factor: Uses a linear layer and pixel shuffle tech-
nology to generate offsets 𝑂 with a fixed range factor. The offsets 
are added to the original grid positions 𝐺 to form the sampling 
set 𝑆. This method provides a simple and effective way to gen-
erate sampling points, although it may not be flexible enough in 
some cases.

• Dynamic Range Factor: Introduces a dynamic range factor to in-
crease the flexibility of generating sampling points. First, offsets 
𝑂 are generated using a linear layer and pixel shuffle technology. 
Then, a range factor is generated using the Sigmoid function 𝜎, 
and finally, the offsets 𝑂 are adjusted using the range factor. The 
introduction of the dynamic range factor allows the model to dy-
namically adjust the distribution of sampling points according to 
the specific content of the input features, more effectively cap-
turing the geometric information in the features.

Dy-CCFM is essential for accurately identifying defects on steel sur-
faces, which are often difficult to distinguish from the steel’s natural 
texture and gloss. By dynamically fusing features from multiple network 
depths, Dy-CCFM adaptively captures the differences between defective 
and normal regions, enhancing the model’s ability to discriminate de-
fects.

3.3.  Minimum point distance intersection over union

MPDIoU [23] is specifically designed to enhance bounding box re-
gression for steel surface defect detection. Precise localization is crucial 
for correctly identifying a wide range of defect types, including cracks, 
inclusions, patches, pitting, rolling scars, and scratches. Traditional loss 
functions such as IoU, GIoU [41], DIoU, CIoU [38], and EIoU [39] of-
ten struggle in complex scenarios, particularly when the predicted and 
ground-truth boxes have similar aspect ratios but differ significantly in 
size. To address this limitation, MPDIoU introduces a minimum point 
distance term, which refines the geometric relationship between bound-
ing boxes, leading to more accurate and robust regression results.

The calculation of MPDIoU begins by determining the coordinates of 
the top-left and bottom-right corners of both the predicted and ground-
truth boxes, as shown in Fig. 5. By incorporating the minimum point dis-
tance into the regression loss, MPDIoU ensures that even when bounding 
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Fig. 4. Structure Diagram of the DySample Module.(a) The input feature map 𝑥 is processed to generate sampling points for dynamic upsampling, and Grid Sample 
produces the upsampled output 𝑥′. (b) The sampling point generator consists of a static and a dynamic scope factor branch. The variables 𝑔, 𝑠, and 𝑂 denote the 
group size, upsampling factor, and offset map, respectively. Their combination yields the final sampling scope 𝑆.

boxes are similar in shape but slightly misaligned, the loss function pro-
vides a meaningful gradient that guides the model toward better local-
ization. This improvement is particularly valuable in industrial settings, 
where minor inaccuracies in defect detection can significantly impact 
quality control and safety.In practice, computing MPDIoU starts by de-
termining the coordinates of the top-left and bottom-right corners of the 
two bounding boxes:

• The top-left coordinates of the predicted bounding box and the 
ground truth bounding box are (𝑥pred1, 𝑦pred1) and (𝑥gt1, 𝑦gt1), respec-
tively.

• The bottom-right coordinates of the predicted bounding box and the 
ground truth bounding box are (𝑥pred2, 𝑦pred2) and (𝑥gt2, 𝑦gt2), respec-
tively.

Subsequently, determine the intersection and union areas of the two 
bounding boxes:
𝐴inter = (𝑥inter2 − 𝑥inter1) × (𝑦inter2 − 𝑦inter1) (10)

𝐴union = 𝐴pred + 𝐴gt − 𝐴inter (11)

Next, compute the squared distances between the top-left and 
bottom-right corners:
𝑑21 = (𝑥pred1 − 𝑥gt1)2 + (𝑦pred1 − 𝑦gt1)2 (12)

𝑑22 = (𝑥pred2 − 𝑥gt2)2 + (𝑦pred2 − 𝑦gt2)2 (13)

Finally, the MPDIoU is calculated as:

MPDIoU =
𝐴inter
𝐴union

−
𝑑21

𝑤2 + ℎ2
−

𝑑22
𝑤2 + ℎ2

(14)

where:

• 𝐴gt and 𝐴pred denote the areas of the ground truth and predicted 
bounding boxes, respectively.

• 𝑑1 and 𝑑2 are the distances between the top-left and bottom-right 
points, respectively.

• 𝑤 and ℎ represent the width and height of the input image.
MPDIoU adjusts the IoU value by subtracting the squared distances 

of the two minimum points, offering a more accurate geometric rela-
tionship between the predicted and ground truth boxes.

To further demonstrate the advantage of MPDIoU, Fig. 6 presents 
a visual comparison between IoU and MPDIoU. As shown in Fig. 6(a), 
conventional IoU may yield high overlap values even when the predicted 
box and ground-truth box differ in size but share similar aspect ratios, 
leading to inaccurate regression feedback. In contrast, Fig. 6(b) shows 
that MPDIoU effectively penalizes geometric discrepancies, achieving 
more accurate localization and lower regression error.

Fig. 5. Factors of MPDIoU.

4.  Experiments

4.1.  Dataset

In this study, we utilized two publicly available steel surface de-
fect detection datasets: the Northeastern University Surface Defect De-
tection Dataset (NEU-DET) curated by Ke Chen’s team at Northeastern 
University, and the GC10-DET dataset compiled by Tianjin University. 
The NEU-DET dataset served as our primary experimental resource. It 
comprises 1800 grayscale images, each measuring 200 pixels, evenly 
distributed across six defect categories: crazing (CR), inclusion (IN), 
patches (PA), pitted surface (PS), rolled-in scale (RS), and scratches 
(SC), with 300 images per category. Each image is accompanied by cor-
responding annotation information, making this dataset exceptionally 
valuable for training and evaluating surface defect detection algorithms. 
Its high diversity and complexity render it particularly significant in the 
research of surface defect detection.

Additionally, we employed the GC10-DET dataset to assess the gener-
alization capabilities of our model. This dataset contains 2294 grayscale 
images annotated with bounding boxes, encompassing ten defect cate-
gories: punching hole (Pu), welding line (Wl), crescent gap (Cg), wa-
ter spot (Ws), oil spot (Os), silk spot (Ss), inclusion (In), rolled pit 
(Rp), crease (Cr), and waist folding (Wf). The images were collected 
in industrial environments, providing a diverse set of real-world defect
scenarios.
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Fig. 6. Comparison between IoU and MPDIoU. (a) IoU failure case for objects with similar aspect ratios but different sizes. (b) MPDIoU provides more accurate 
localization and lower regression error in such scenarios.

Table 1 
Experiment setup.
 Experiment setup  Version
 Hardware accelerator  NVIDIA GeForce RTX 4090
 PyTorch  1.2.1
 CUDA  11.3
 Python  3.9.7

Table 2 
Evaluation of different algorithms on the NEU-DET dataset.
 Data  Model  mAP50  mAP50−95  FPSbs=12  Param  GFLOPs  F1

NEU-DET

 SSD [5]  0.672  0.322  –  25.5M  75.7G  –
 Faster R-CNN [9]  0.690  0.453  –  129M  258.6G  –
 DETR [6]  0.701  0.462  –  159M  306G  –
 DANet [42]  0.685  0.560  –  10.9M  25.6G  –
 RT-DETRv1-L [17]  0.742  0.522  31  32M  110G  0.74
 RT-DETRv2-L [43]  0.745  0.523  32  31M  108G  0.75
 YOLOv5 [15]  0.716  0.501  49  1.9M  4.5G  0.72
 YOLOv6-3.0 [16]  0.710  0.497  41  4.7M  4.7G  0.67
 YOLOv8 [18]  0.730  0.512  51  3.2M  8.7G  0.73
 Gold-YOLO [44]  0.733  0.519  44  5.6M  12.1G  0.74
 YOLOv9 [19]  0.737  0.521  46  2.2M  9.6G  0.75
 YOLOv10 [20]  0.741  0.524  58  2.7M  8.4G  0.76
 Dynamic-YOLO  0.751  0.541  61  1.6M  6.0G  0.81

For both datasets, we partitioned the data into training, validation, 
and test sets using a 7:2:1 ratio. Specifically, for the NEU-DET dataset, 
we randomly selected 1260 images for training, 360 for validation, and 
180 for testing, ensuring no overlap between the sets. The GC10-DET 
dataset was partitioned in the same manner as the NEU-DET dataset.

The proposed model was implemented using the Ultralytics YOLO 
framework. All experiments were conducted on a single NVIDIA GPU. 
The input image size was set to 640×640, and training was performed 
for 300 epochs with a batch size of 4. The SGD optimizer was employed, 
while automatic mixed precision (AMP) was enabled to improve com-
putational efficiency. The training process used the default YOLO data 
augmentation strategies, and mosaic augmentation was enabled except 
in the final epochs.

Table 1 outlines the experimental configuration employed in this 
study.

4.2.  Comparative experiment

In this study, we compared the performance of various object detec-
tion models on two steel surface defect datasets—NEU-DET and GC10-
DET—with the results presented in Tables 2 and 3, respectively.

Table 3 
Evaluation of different algorithms on the GC10-DET dataset.
 Data  Model  mAP50  mAP50−95  F1

GC10-DET

 RT-DETRv1-L [16]  0.730  0.537  0.70
 RT-DETRv2-L [39]  0.733  0.539  0.73
 YOLOv5 [14]  0.715  0.499  0.70
 YOLOv6 [15]  0.707  0.481  0.67
 YOLOv8 [17]  0.725  0.507  0.72
 Gold-YOLO [43]  0.728  0.518  0.73
 YOLOv9 [18]  0.736  0.527  0.74
 YOLOv10 [19]  0.740  0.532  0.75
 Dynamic-YOLO  0.765  0.545  0.78

Table 2 shows the performance of each model on the NEU-DET 
dataset. Traditional detection models such as SSD [5], Faster R-CNN 
[9], DETR [6], and DANet [42] exhibited moderate detection accuracy 
but suffered from large parameter sizes and high computational com-
plexity. The RT-DETR series models (RT-DETRv1-L and RT-DETRv2-L) 
achieved some improvements in accuracy and speed [17,40]; however, 
their parameter sizes and computational costs remained relatively high.

The YOLO series models demonstrated progressively better detection 
performance with each version upgrade. Specifically, YOLOv5, YOLOv6-
3.0, and YOLOv8 achieved mAP50 values ranging from 0.716 to 0.730 
and inference speeds between 41 and 51 FPS. Our proposed Dynamic-
YOLO model achieved the best performance on the NEU-DET dataset, 
with an mAP50 of 0.751, mAP50-95 of 0.541, an F1 score of 0.81, infer-
ence speed reaching 61 FPS, a parameter size of only 1.6M, and 6.0 
GFLOPs. This indicates that Dynamic-YOLO maintains high accuracy 
while achieving faster inference speed and a smaller model size.

Table 3 presents the performance of each model on the GC10-DET 
dataset. It can be observed that Dynamic-YOLO also achieved the best 
detection results on this dataset, with an mAP50 of 0.765, mAP50-95 
of 0.545, and an F1 score of 0.78. Compared to other models, Dynamic-
YOLO shows significant advantages in detection accuracy and general-
ization capability.

To further validate the deployment advantages of Dynamic-YOLO, 
we measured the inference latency of various models on four repre-
sentative hardware platforms-high-performance GPUs, edge GPUs, em-
bedded AI accelerators, and general-purpose CPUs. As summarized in
Table 4, Dynamic-YOLO consistently achieves the lowest inference times 
across all platforms, maintaining high responsiveness even on resource-
constrained devices such as the Jetson Xavier NX, thereby demonstrat-
ing excellent deployment adaptability.
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Fig. 7. Figure shows how Box Loss, Classification Loss, and mAP@0.5 evolve across epochs for various YOLO versions during training.

Fig. 8. Results for each method (shown in brackets) are presented, with the final row depicting dataset-label visualizations.
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Table 4 
Comparison of inference time (ms) across different models and hardware platforms.
 Model  GPU (RTX 3090)  Edge GPU (Xavier NX)  Embedded (Ascend 310)  CPU (i7-11800H)
 YOLOv8  19.61 ms  31.25 ms  35.71 ms  58.82 ms
 YOLOv9  21.74 ms  33.33 ms  38.46 ms  62.50 ms
 YOLOv10  17.24 ms  27.78 ms  33.33 ms  52.63 ms
 RT-DETRv1  32.26 ms  52.63 ms  62.50 ms  90.91 ms
 Dynamic-YOLO (Ours)  16.39ms  26.32ms  31.25ms  47.62ms

Table 5 
Experimental results of different mechanism combinations.
 MPDIoU  Dy-CCFM  DDConv  CR  IN  PA  PS  RS  SC 𝑚𝐴𝑃50

 0.412  0.694  0.889  0.904  0.620  0.864  0.730
✓  0.412  0.696  0.892  0.906  0.621  0.864  0.732

✓  0.431  0.704  0.900  0.886  0.616  0.879  0.736
✓  0.661  0.606  0.853  0.898  0.558  0.848  0.738

✓ ✓  0.504  0.813  0.870  0.824  0.544  0.877  0.739
✓ ✓  0.602  0.631  0.876  0.908  0.561  0.881  0.743

✓ ✓  0.508  0.737  0.878  0.909  0.613  0.840  0.747
✓ ✓ ✓  0.480  0.732  0.853  0.909  0.661  0.872  0.751

Fig. 9. Heatmap visualization results across different models.

4.3.  Ablation experiments

In the ablation study detailed in Table 5, we employed YOLOv8 as 
the baseline, which attained an 𝑚𝐴𝑃50 of 0.730 on the NEU-DET dataset. 
Introducing MPDIoU alone increased the 𝑚𝐴𝑃50 to 0.732, with local-
ization precision for Patches (PA) and Pitted Surface (PS) improving 
by 0.3% and 0.2%, respectively. Incorporating only Dy-CCFM yielded 
an 𝑚𝐴𝑃50 of 0.736, notably enhancing detection for Crazing (CR) from 
0.412 to 0.431 and for Inclusion (IN) from 0.694 to 0.704. When solely 
employing DDConv, the 𝑚𝐴𝑃50 rose to 0.738, driven primarily by a dra-
matic 24.9% gain on CR (from 0.412 to 0.661), although performance 
on IN and PA experienced slight declines.

Pairwise combinations of the proposed modules further boosted per-
formance: MPDIoU + Dy-CCFM achieved 0.739, MPDIoU + DDConv 
reached 0.743, and Dy-CCFM + DDConv rose to 0.747. The MPDIoU 
+ Dy-CCFM combination delivered the greatest improvement on IN 
(+11.9%), MPDIoU + DDConv provided minor gains on PS (+0.4%), 
and Dy-CCFM + DDConv enhanced both IN and PS.

When all three mechanisms were activated simultaneously, 
Dynamic-YOLO achieved its highest 𝑚𝐴𝑃50 of 0.751-a 2.1-point increase 
over the baseline. This full integration also substantially improved per-
formance on Rolled-in Scale (RS) from 0.620 to 0.661 and on PS from 
0.904 to 0.909.

Despite these gains, certain challenging conditions-such as highly re-
flective surfaces or severe occlusions affecting RS-continue to incur false 
negatives and false positives. Future work should explore illumination-
invariant features or multi-modal data fusion to further enhance robust-
ness under these extreme scenarios.

Table 6 
Experimental results for diverse convolutional combinations using 
YOLOv8.

 Model  mAP50  mAP50−95  Param  GFLOPs
 RFAConv [45] + YOLOv8  0.731  0.518  3.03M  8.4G
 DynamicConv [46] + YOLOv8  0.725  0.516  4.74M  7.0G
 WTConv [47] + YOLOv8  0.728  0.511  2.62M  7.2G
 LDConv [48] + YOLOv8  0.733  0.514  2.86M  8.0G
 DDConv + YOLOv8  0.738  0.522  2.50M  7.1G

In addition, we conducted a comparative study by combining various 
types of convolutions (Conv) with YOLOv8 to evaluate their effective-
ness on the NEU-DET dataset. The experimental results are shown in 
Table 6, where we compare our proposed DDConv with other popular 
convolution types. As seen in the table, DDConv combined with YOLOv8 
outperforms other convolution types in both mAP50 and mAP50-95, 
achieving values of 0.738 and 0.522, respectively, surpassing RFAConv 
(0.731), DynamicConv (0.725), WTConv (0.728), and LDConv (0.733). 
In terms of model parameters and computational cost, DDConv has the 
fewest parameters, with only 2.50M parameters and 7.1G GFLOPs. In 
contrast, other convolution models have higher parameter counts and 
computational costs, with DynamicConv having 4.74M parameters and 
7.0G GFLOPs.

Finally, we evaluated the effectiveness of our proposed Dy-CCFM. 
The experimental results of different FPN combinations with YOLOv8 
are shown in Table 7. As seen in the table, Dy-CCFM combined with 
YOLOv8 achieves the highest performance with an mAP50 of 0.736 and 
mAP50-95 of 0.518, surpassing other FPN models such as RepGFPN 
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Table 7 
Experimental results for diverse FPN combinations using YOLOv8.
 Model  mAP50  mAP50−95  Param  GFLOPs
 RepGFPN [49] + YOLOv8  0.732  0.515  3.29M  8.5G
 HSFPN [50] + YOLOv8  0.730  0.513  1.96M  7.0G
 BiFPN [33] + YOLOv8  0.734  0.515  2.78M  8.2G
 CCFM [17] + YOLOv8  0.721  0.499  1.97M  6.7G
 Dy-CCFM + YOLOv8  0.736  0.518  1.96M  6.7G

(0.732), HSFPN (0.730), BiFPN (0.734), and CCFM (0.721). Despite 
having the same number of parameters (1.96M) and GFLOPs (6.7G) as 
CCFM, Dy-CCFM achieves superior detection accuracy, demonstrating 
its effectiveness in improving performance.

4.4.  Visualization and analysis

In this section, we present the experimental results on the NEU-DET 
dataset with the corresponding performance curves. We conducted an 
in-depth analysis of the small-object detection task for steel surface de-
fects. As shown in Fig. 6, the first subfigure demonstrates that the pro-
posed MPDIoU strategy significantly accelerates the convergence speed 
of the bounding box regression loss. This indicates that the strategy of-
fers remarkable advantages in improving the model ability to localize 
target bounding boxes. Next, the second subfigure illustrates the con-
vergence trend of the classification loss. Despite the smaller param-
eter size of our model (which generally leads to weaker learning ca-
pacity, slower convergence speed, and slower loss reduction), the pro-
posed feature extraction methods enable the classification loss to de-
crease more rapidly. Finally, the third subfigure displays the precision 
curves (mAP@IoU=0.5). It is evident that our model demonstrates ef-
fective improvements in precision, showcasing the effectiveness of the 
proposed approach.

Figs. 7 and 8 complement Fig. 6 by showing detection results. In 
addition, Fig. 9 provides the heatmaps across models, highlighting dif-
ferences in feature attention and localization.

5.  Discussion

5.1.  Comparison with latest YOLO versions

Although this study primarily compares Dynamic-YOLO with 
YOLOv5-YOLOv10, the YOLO series has continued to advance be-
yond YOLOv13. Recent versions-particularly YOLOv13 and the latest-
generation YOLO26-introduce substantial improvements in back-
bone design, decoupled detection heads, and multi-scale feature in-
teraction mechanisms. YOLO26 further strengthens these advance-
ments through redesigned hierarchical feature aggregation, enlarged 
receptive-field convolutions, and optimized lightweight architectures, 
achieving stronger performance on dense and small-object detection 
tasks.

Despite these upgrades, the core challenges in industrial surface de-
fect detection-such as extremely small defect scales, low contrast be-
tween defects and background, and interference from complex textures-
remain insufficiently addressed by general-purpose YOLO models. In 
contrast, the modules proposed in Dynamic-YOLO, including DDConv 
for efficient downsampling, Dy-CCFM for adaptive multi-scale fusion, 
and MPDIoU for accurate localization, directly target these domain-
specific issues. Because these modules follow a fully modular design, 
they can be seamlessly integrated into newer architectures such as 
YOLOv13 and YOLO26 without structural conflict.

To further validate the adaptability and scalability of Dynamic-
YOLO, future work will involve embedding these modules into YOLO26 
and evaluating their performance under the latest YOLO paradigms. This 
will provide a more comprehensive understanding of Dynamic-YOLO’s 
compatibility with state-of-the-art detectors.

5.2.  Advantages and limitations in application

From an application perspective, the proposed Dynamic-YOLO 
demonstrates strong adaptability and robustness in detecting small and 
complex defects under real-world industrial conditions. Its lightweight 
design facilitates deployment on edge devices and real-time inspection 
systems with limited computational resources. In practical steel pro-
duction environments, the model effectively distinguishes subtle defects 
from normal surface textures, providing a reliable basis for automated 
quality control and defect management.

Nevertheless, as with most deep learning-based approaches, its per-
formance still relies heavily on the diversity and representativeness of 
the training data. Insufficient or biased datasets may hinder generaliza-
tion when applied to different materials, lighting conditions, or imaging 
systems. In future research, we plan to expand the dataset and incor-
porate transfer learning and domain adaptation techniques to improve 
model robustness across varying industrial scenarios. Moreover, inte-
grating temporal information from video sequences could further en-
hance defect tracking stability and reduce false detections in dynamic 
monitoring environments.

6.  Conclusions
In this paper, we introduce Dy-CCFM, a dynamic feature fusion 

mechanism designed to address the challenge that steel surface defects 
often closely resemble the underlying texture and gloss. Dy-CCFM not 
only markedly enhances model compactness but also ensures that more 
discriminative features are delivered to the detection head. Concur-
rently, we develop DDConv, an efficient and lightweight convolutional 
module that reduces channel dimensionality while preserving critical 
information and providing finer-grained feature representations. To-
gether, these modules enable the proposed Dynamic-YOLO to achieve a 
competitive balance of minimal parameter footprint and computational 
load, attaining a peak detection accuracy of 75.1

Nonetheless, Dynamic-YOLO exhibits limitations in certain extreme 
scenarios. Under extensive specular highlights (e.g., strong mirror-like 
reflections) or heavy oil contamination, Dy-CCFM’s ability to distin-
guish fine cracks from background textures degrades. In cases of severe 
occlusion or overlapping defects (for instance, pits co-occurring with 
scratches), the model may erroneously merge distinct defect types. Fur-
thermore, on very low-resolution inputs or under highly uneven illumi-
nation, DDConv can lose critical detail during feature reconstruction. 
Therefore, the applicability of Dynamic-YOLO is best confined to rou-
tine industrial inspection environments. Future work should consider 
integrating illumination-invariant or multi-modal (e.g., depth or ther-
mal) cues, augmenting the training set with extreme-condition samples, 
and refining Dy-CCFM’s adaptive weighting strategy to bolster robust-
ness against complex interferences and extreme defect presentations.
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