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Abstract. Surface defect detection in injection-molded products is crucial for quality control in industrial 
manufacturing. However, due to the complexity of the process, this task remains challenging, particularly due 
to constraints such as the minute size of defects, complex textural backgrounds, and stringent demands for 
computational efficiency. To address these issues, this paper proposes a lightweight detection model named 
MDPW-YOLO, based on the YOLOv11n architecture. First, a Multi-Scale Improved Attention Mechanism 
(MIAM) was designed. Unlike common single-mechanism attention approaches, MIAM combines multi-
scale convolutional attention (MSCA) and improved spatial attention (ISAM) to better capture complex 
defect features across varying scales and spatial locations. Next, the DR-PN neck structure was introduced. 
In contrast to standard FPN-PAN or simple layer additions, the DR-PN strategically integrates DySample 
upsampling and an ELAN-RG block to enhance small-object detection capabilities while significantly 
reducing the number of parameters. Subsequently, the P-Detect module was designed, which simplifies 
the detection head by utilizing shared parameters. Finally, a dynamic non-monotonic focusing mechanism 
based on the WIoUv3 loss was employed to prioritize anchor boxes of ordinary quality, thereby improving 
localization accuracy and generalization. On the IMP-DET dataset, MDPW-YOLO reduces parameters 
and GFLOPs by 41% and 19% compared to YOLOv11n, while achieving a superior mAP0.5 of 82.1%, 
which is 4.9% higher than that of YOLOv11n. Moreover, compared with state-of-the-art (S0TA) detection 
algorithms, the proposed method maintains high detection accuracy while requiring fewer computational 
resources. Experimental results on the PCB-DET and GC10-DET public datasets further validate the excellent 
robustness of this algorithm.
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1   Introduction

Plastics are extensively utilized in agriculture, food packaging, and manufacturing due to their lightweight nature, 
superior electrical insulation properties, and high optical clarity [1]. As the primary method of plastic processing, 
injection molding is prone to surface defects—including scratches, flashes, and flow marks—due to variations 
in temperature, mold conditions, and material flow dynamics [2, 3]. Such defects critically compromise the 
product’s aesthetic integrity, functional performance, and long-term reliability, necessitating precise detection 
methods to ensure quality control in industrial production.

Traditional surface defect detection methods rely on manual operation, which is time-consuming and prone 
to subjective factors, leading to unstable results. In modern mass production, manual inspection cannot meet the 
demands for efficiency and accuracy. With the development of industrial digitization, intelligent defect detection 
based on machine vision has gradually become mainstream. Although early machine vision systems have 
replaced manual methods, the feature extraction algorithms they relied on lacked robustness and generalization 
ability, making them inadequate for practical applications [4]. The employment of deep learning has significantly 
improved defect detection accuracy and efficiency while reducing costs and labor input. However, deep learning 
still faces challenges in industrial applications, particularly in detecting complex surface defects of injection-
molded products, such as small targets, complex backgrounds, and insufficient sample sizes. Furthermore, 
lightweight model deployment and small target detection capabilities have become key research focuses in defect 
detection for industrial applications [5].



186

MDPW-YOLO: A Lightweight Network for Surface Defect Detection in Injection-Molded Products

Regarding the mentioned issues, the primary strategies for improvement in current practice can be broadly 
categorized into two facets: enhancement of feature extraction and optimization of lightweight design. To 
improve feature extraction, researchers typically employ techniques such as data augmentation [6], generative 
adversarial networks [7], and transfer learning [8]. Although these methods perform excellently in feature 
extraction, they also have limitations, such as high computational resource consumption, strong data dependency, 
and insufficient robustness. In lightweight design, methods such as lightweight convolutions [9], model pruning 
[10], and VanillaNet [11] are widely applied to minimize model size and reduce computational complexity. 
Although these methods can reduce the number of parameters and computational complexity, they may 
impact the model’s performance. Therefore, it is necessary to find a balance between model performance and 
computational efficiency and explore optimization solutions tailored to specific tasks.

Given the limitations of existing defect detection methods, this paper proposes a lightweight surface defect 
detection method for injection-molded products based on YOLOv11, named MDPW-YOLO. It aims to improve 
defect detection accuracy while reducing model size and computational complexity, making it suitable for real-
time object detection on resource-limited devices. The main contributions of this paper are as follows:

1)	 This paper presents a novel attention module, the MIAM, which replaces the original C2PSA structure in 
the YOLOv11 backbone. Unlike the standard attention design in the baseline model, MIAM introduces a 
dual-path architecture that innovatively combines multi-scale convolutional attention with an improved 
spatial attention mechanism. This integrated design enables the simultaneous capture of cross-scale con-
textual information and precise spatial details, thereby significantly enhancing the representation of fea-
tures for defects with diverse sizes and subtle textures.

2)	 To tackle the problem of small target missed detection, this paper designed the DR-PN Neck structure. 
Conventional FPN-PAN structures often suffer from information loss during feature fusion for minute 
defects. DR-PN introduces a dedicated small-object detection pathway by innovatively combining the 
dynamic upsampling operator DySample with a re-parameterized and GhostConv-enhanced ELAN-RG 
block. This design effectively preserves and fuses high-resolution shallow features, offering a distinct ar-
chitectural advancement over standard necks.

3)	 To reduce computational resource consumption while maintaining efficiency, lightweight partial convo-
lution (PConv) was used to restructure the YOLOv11 detection head into P-Detect. WIoUv3 was also 
adopted as the regression loss function to enhance localization, generalization, and convergence by re-
ducing the impact of low-quality samples.

4)	 Extensive experiments were conducted on the IMP-DET dataset, and compared with SOTA detection 
algorithms, our model requires fewer computational resources while improving detection accuracy. 
Additionally, experiments were conducted on two public datasets, PCB-DET and GC10-DET, showing 
that the proposed MDPW-YOLO demonstrates strong robustness.

The following sections of this paper are organized as follows. In Section 2, the relevant work, especially yolo 
in surface defect detection and lightweight models. In Section 3, a detailed introduction to the structure and 
principles of the proposed MDPW-YOLO model is provided. In Section 4, performance comparisons are carried 
out to validate the effectiveness of the improved method. Lastly, in Section 5, conclusion and future workare 
formulated.

2   Related Work

This section briefly reviews the literature relevant to this study, including the application of YOLO in surface 
defect detection and lightweight models.

2.1   YOLO in Surface Defect Detection 

Currently, object detection algorithms based on deep learning are categorized into single-stage and two-stage 
methods. Single-stage algorithms mainly include the You Only Look Once (YOLO) series and the Single Shot 
Multibox Detector (SSD); two-stage algorithms include Region-based Convolutional Neural Network (R-CNN), 
Fast-RCNN, Faster-RCNN, and Mask-RCNN. The two-stage algorithm generates candidate frames and then 
extracts features for target regression. Although it usually offers high detection accuracy, the screening process 
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of candidate frames can affect the detection speed. In contrast, the single-stage algorithm combines localization 
and classification tasks and achieves faster detection speeds through regression, which has obvious advantages in 
real-time detection [12]. Some improved YOLO algorithms have been applied to surface defect detection, such 
as RDD-YOLO [13], DsP-YOLO [14], ODCA-YOLO [15], YOLO-KEB [16], and MOD-YOLO [17].

Zhao et al. [13] proposed the RDD-YOLO model for industrial steel defect detection, which expands the 
receptive field by integrating the Res2Net module into the YOLO backbone and enhances feature representation 
using the deformable frame prediction network (DFPN), thereby improving the model’s detection performance. 
To address small target misdetection, Zhang et al. [14] designed an anchor-free network based on the detail-
sensitive PAN (DsPAN) for YOLOv8, which reduces information loss during feature fusion and improves small 
target defect recognition. Wang et al. [15] introduced the ODCA-YOLO model, which incorporates the omni-
dimensional dynamic convolution-based coordinate attention (ODCA) mechanism to enhance wood surface 
defect detection. Li et al. [16] developed the YOLO-KEB model for detecting surface defects in aircraft engine 
components. By incorporating the efficient channel attention network (ECA-Net) and bidirectional feature 
pyramid network (BiFPN) modules, this model addresses the challenges of poor detection accuracy caused by 
texture variation and small defect size. Su et al. [17] proposed the MOD-YOLO model, combining maintaining 
the original information-deeply separable convolution (MODSConv), distinctive and average features-coordinate 
attention (DAF-CA), and maintaining the original information-deeply separable layer (MODSLayer) to improve 
crack detection in civil infrastructure. In summary, YOLO-based models offer scalability and efficiency, making 
them well-suited for surface defect detection tasks.

2.2   Lightweight Models

Currently, advanced deep learning-based object detection algorithms face challenges in deployment within 
specific industrial production environments due to their complex models and substantial computational demands, 
which are limited by the processing power of endpoint detection devices. In response to this challenge, Xie 
et al. [18] applied depth-separable convolution and dense connections to achieve YOLO algorithm model 
lightweighting while enhancing its feature representation; Zhang et al. [19] integrated GSConv, simplified neck 
structure, and SimAM attention mechanism based on YOLOv5s, resulting in lower parameter complexity and 
faster object detection; Cui et al. [20] introduced GhostConv and GhostNetV2 to lightweight YOLOx while 
improving multi-scale anomaly detection with dynamic convolution and feature fusion modules; Gong et al. 
[21] enhanced YOLOv8 through cross-stage partial stratification and improved the neck structure, maintaining 
detection accuracy while preserving a lightweight architecture. Jin et al. [22] developed a lightweight YOLOv8 
by integrating depthwise separable convolutions with specially designed FEM and CBAMamba modules, 
achieving significant reductions in model parameters and computational load for efficient deployment.

Beyond the YOLO series, significant research efforts have been devoted to developing lightweight 
architectures for efficient object detection. Yu et al. [23] developed a defect detection method combining 
an Optimized MobileNet (OMNet) and differential geometry (DGEtch) for high-accuracy identification of 
complex IC substrate etching defects. Liu et al. [24] proposed ViTR-Net, an unsupervised vision transformer-
based reconstruction network that integrates CNN and transformer features for accurate defect localization and 
adaptive severity classification. Focusing on efficiency, Zhang et al. [25] proposed a lightweight EfficientNet-
ECA network featuring an efficient channel attention mechanism and a dynamic equalized focal loss, which 
enables the recognition of class-imbalanced welding defects with minimal computational cost. Likewise, Ang et 
al. [26] proposed the lightweight LSD-Net, which integrates structure re-parameterization, Enhanced Residual 
Mamba blocks, and Non-local ASPP for efficient solder joint defect detection with a low parameter count. 
Although researchers have successfully achieved lightweighting of defect detection models through improved 
convolutional structures and optimized architectures, this often comes at the cost of accuracy, particularly 
resulting in a critical drop in precision for small defects against complex backgrounds. Consequently, a dedicated 
solution that effectively tackles the unique challenges of injection-molded product surface defects remains an 
unaddressed gap.

In summary, to address the challenge of efficiently and accurately detecting surface defects on injection-
molded products with minute dimensions and complex textures in computationally constrained industrial 
applications, this paper proposes a lightweight MDPW-YOLO model for surface defect detection that 
incorporates deep feature enhancement capabilities.



188

MDPW-YOLO: A Lightweight Network for Surface Defect Detection in Injection-Molded Products

3   Methods

3.1   Model Architecture

The YOLOv11 [27] is an SOTA model with higher detection accuracy and speed. The network architecture of 
YOLOv11 mainly consists of three parts: backbone, neck, and head. The backbone network is responsible for 
feature extraction, and it enhances feature propagation by introducing the C3k2 and C2PSA modules while 
maintaining the model’s lightweight nature. The neck network retains the FPN-PAN structure to facilitate feature 
fusion. In the head network, two depthwise convolutions (DWConv) are added to the decoupled classification 
head of YOLOv8, improving performance while reducing computational complexity and the number of 
parameters. The detection part of YOLOv11 employs a separate head structure, utilizing binary cross-entropy 
loss (BCE Loss) for classification tasks and a combination of distribution focal loss and CIoU loss for bounding 
box regression tasks. 
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Fig. 1. Structure of MDPW-YOLO network

(The input, which is the input image as represented by the “Input” block in the diagram, is first fed into a backbone network 
composed of Conv, C3k2, SPPF, and MIAM modules. The intermediate section constitutes the DR-PN neck, where the 
features undergo dynamic upsampling and are subsequently processed by the ELAN-RG module. Following this, the features 
are further refined by a Conv layer, retaining only the P2, P3, and P4 feature layers. The output section, shown on the right, 
consists of PConv, Conv2d, a BboxLoss module, and a ClsLoss module.)
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To address the intertwined challenges of minute defects, complex backgrounds, and stringent efficiency 
demands in injection-molded product inspection, we architect the MDPW-YOLO model as depicted in Fig. 
1. The processing flow begins with the backbone network, where the MIAM module enhances defect features 
across different scales by synergizing multi-scale and spatial attention mechanisms. These enriched features 
are then fed into the DR-PN neck, where a dedicated pathway employing DySample and ELAN-RG prioritizes 
the preservation and fusion of high-resolution details crucial for small defect detection, concurrently slashing 
parameters. Subsequently, the optimized features are processed by the P-Detect head, which leverages PConv 
and a shared-parameter strategy to streamline the detection head, markedly boosting inference speed. Governing 
the entire learning process, the WIoUv3 loss implements a dynamic focusing mechanism that prioritizes average-
quality samples, thereby refining localization accuracy and model generalization. This cohesive architectural 
strategy enables MDPW-YOLO to achieve a superior balance between high accuracy and lightweight efficiency.

3.2   MIAM

The positions and shapes of surface defects on injection-molded products are diverse and complex. However, 
standard convolutional kernels have fixed sizes and relatively small receptive fields, which limit their ability 
to capture local information. To address these limitations, we introduce the MIAM structure, which enhances 
defect-related feature extraction by replacing the C2PSA structure in the backbone. It enables improved multi-
scale and spatial feature capture while reducing parameters and improving accuracy. As illustrated in Fig. 2, 
MIAM integrates the Multi-Scale Convolutional Attention (MSCA) [28] and the Improved Spatial Attention 
Module (ISAM), combining multi-scale convolutional and spatial attention mechanisms to enrich feature 
representation and enhance robustness in complex scenes. The mathematical model of MIAM is as follows:

( )( ) ( )( )I S SX M M F F M F F= ⊗ ⊗ ⊗ (1)

Where MS is the channel map generated by MSCA, MI is the spatial map generated by ISAM, and ⊗   denotes 
the weighted summation operator. Next, we will introduce MSCA attention and ISAM attention separately.

    MSCA

F X

MS(F)

      ISAM

MI(F)
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MSCA (Fig. 3) enhances channel attention by employing DWConv and multi-branch kernels (7, 11, 21) to 
capture multi-scale features. A 1×1 Conv layer fuses these features to generate the attention map, improving 
channel feature expressiveness while maintaining low computational complexity. The mathematical formulation 
of MSCA is as follows:

( )( )
3

1 1
0

i
i

Att Conv Scale DW Conv F×
=

 
= − 

 
∑ (2)

SM Att F= ⊗ (3)
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∫Conv7×7 MI(F)F

Fig. 4. Structure of ISAM

ISAM (Fig. 4) avoids the limitations of traditional pooling by employing multi-kernel convolutions (3×3, 
5×5, 7×7), which capture features across diverse receptive fields while preserving more texture and defect 
information. The convolution results are reduced via a 7×7 Conv layer, followed by a Sigmoid activation to 
generate the spatial attention map. The mathematical formulation of ISAM is as follows:

( ) ( ) ( ) ( )( )( )7 7 3 3 5 5 7 7, ,IM F f f F f F f Fσ × × × ×= (4)

3.3   DR-PN

Injection-molded products often contain numerous micro defects, and detecting these micro defects typically 
requires the introduction of additional detection heads, which significantly increases computational complexity. 
To resolve this, we propose a DR-PN neck structure based on DySample [29] and ELAN-RG. Unlike traditional 
FPN-PAN structures, DR-PN upsamples the 80×80 feature map from the FPN output and fuses it with the 
160×160 large feature map from the backbone, which contains detailed information. The ELAN-RG method is 
then applied to obtain new features for small object detection. Additionally, because macro defects are relatively 
rare in surface defect detection, we streamline the high-level feature structure and retain only the lightweight 
middle-level structure, significantly reducing the parameter count while improving the recognition performance 
for medium and small-sized targets. Table 1 provides a detailed comparison of the parameter count and 
computational load for different neck structures.

Table 1. Comparison of different Neck structures (P2 is the small object detection layer, P5 is the large object detection layer, 
and Params and GFLOPs are the number of parameters and calculations of the overall model with the corresponding structure 
added.)

Structure FPN-PAN FPN-PAN+P2 FPN-PAN+P2-P5 DR-PN
Params/M 2.58 3.20 2.26 1.89
GFLOPs/G 6.3 15.5 14.8 9.1

Traditional upsampling methods, such as bilinear or nearest-neighbor interpolation, often introduce 
checkerboard artifacts, particularly when detecting small targets. To address this, we adopt DySample as the 
upsampling method in the Neck structure. DySample leverages point sampling and learned sampling techniques 
to enhance performance while minimizing computational overhead, effectively improving small-target detection.
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Fig. 6. ELAN and ELAN-RG Structure

The ELAN-RG structure, based on the ELAN design principles of YOLOv7, replaces the C3k2 structure 
in YOLOv11’s neck to reduce computational complexity. It uses GhostConv in the gradient branch to expand 
the receptive field and reduce the number of parameters by reusing original features (Fig. 5). However, using 
GhostConv alone may limit the feature extraction capacity. Therefore, RepConv is introduced into the gradient 
flow branch to enhance feature extraction through reparameterization and reduce network parameters. RepConv 
employs three branches (identity, 1×1 Conv layer, and 3×3 Conv layer) to capture features with varying receptive 
fields while reducing the computational load. The structures of ELAN and ELAN-RG are shown in Fig. 6.
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3.4   P-Detect

YOLOv11 optimizes its head structure with a decoupled design, removing the need for anchors by separating 
classification and regression tasks into independent branches. The regression branch uses two 3×3 Conv layers, 
while the classification branch uses two 3×3 DWConv layers followed by two 1×1 Conv layers, as shown in Fig.  
8. The FLOPs for the Conv and DWConv layers are:

2 2
ConvFLOPs H W K C= × × × (5)

2
DWConvFLOPs H W K C= × × × (6)

While DWConv reduces parameters, YOLOv11 compensates for potential accuracy loss with two additional 
Conv layers, increasing memory access and latency. To optimize this, PConv is introduced. As shown in Fig. 7, 
PConv processes continuous input channels with standard convolutions while handling other features via identity 
mapping, preserving original channels. The FLOPs for PConv are:

2 2
PConv PFLOPs H W K C= × × × (7)

If CP​ is 1/4 of the input channel C, the FLOPs for PConv are only 1/16th of those for a regular convolution, 
reducing parameters and memory access while extracting spatial features effectively.

To further balance accuracy and complexity, we propose the idea of shared parameters. As shown in Fig. 8, 
we use a 3×3 PConv layer and a 1×1 Conv layer for the classification and regression tasks, respectively. This 
partially coupled approach reduces the parameters and GFLOPs while maintaining the accuracy of the detections.
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3.5   WIoUv3

In industrial settings for defect detection in injection-molded products, the presence of complex surface 
defects and noise interference during manufacturing poses significant challenges. Training data often contains 
low-quality examples, which undermine the performance of object detection models. Traditional CIoU loss 
struggles to handle these low-quality instances effectively, particularly in cases of incomplete objects or blurry 
boundaries. To address the impact of low-quality instances on the bounding box regression in object detection, 
this paper introduces a novel loss function known as WIoU loss [30]. This loss function evaluates the quality of 
anchor boxes using a dynamic non-monotonic focusing mechanism while balancing the competition between 
high-quality anchor boxes and low-quality instances through a gradient gain allocation strategy. The specific 
formulation of WIoUv3 loss is as follows. First, WIoUv3 introduces the concept of ‘outlier degree’ to assess the 
characteristics of anchor boxes, as defined in Eq. 8.

[ )
*

0,IoU

IoU

L
L

β = ∈ +∞ (8)

Where L*
IoU represents the monotonic focusing coefficient. By allocating gradient gains based on the outlier 

degree, the detector can effectively focus on anchor boxes of average quality and prevent low-quality instances 
from generating harmful gradients. The formulas for calculating the WIoUv3 loss are presented in Eq. 9 and Eq. 
10.

( ) ( )
( )

2 2

*2 2
exp gt gt

WIoU

x x y y
R

W H

 − + − =
 +  

(9)

3 ,WIoUv WIoU IoUL rR L r β δ

β
δα −= = (10)

where x and y represent the coordinates of the predicted box, and xgt and ygt represent the coordinates of the 
ground truth box. β represents the outlier degree of an anchor box; a smaller β indicates closer alignment 
between the predicted and ground-truth boxes. WIoUv3 introduces hyperparameters α and δ, which together with 
β form the gradient gain r, playing a key regulatory role in the dynamic non-monotonic focusing mechanism. To 
determine their optimal values, a grid search was conducted on the validation set. The parameter combination 
(α=1.6, δ=4) was ultimately selected, as it effectively guides the model to focus on medium-quality anchor boxes, 
thereby improving generalization by balancing the influence of low-quality samples and high-quality predictions. 
The introduction of the WIoU loss function in this study provides a new research direction for defect detection in 
injection-molded products under industrial settings.
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4   Experiments

4.1   Dataset Description

IMP-DET is a dataset of product surface defects collected from an injection molding workshop, encompassing 
five defect types: Flash, Spot, Scratch, Flowing mark, and Burning, with specific examples shown in Fig. 9. 
After data cleaning, preprocessing, and removing non-standard images, we obtained 1,500 defect images. Given 
the limited number of Scratch and Burning samples, we applied data augmentation techniques, such as rotation, 
Gaussian blur, and color transformations, to balance the categories, ensuring each defect type reached 500 
samples. The final dataset was split into training and testing sets at an 8:2 ratio, resulting in 2,000 training and 
500 test images.

Burning Flash Flowing mark Scratch Spot

Fig. 9. Five defects of the IMP-DET dataset

4.2   Experimental Settings and Evaluation Indicators

We use the Pytorch deep learning framework to train and test our proposed model. The experimental 
environment uses the following configuration: AMD EPYC 9754 CPU, Nvidia GeForce RTX 4090D GPU with 
24 GB memory, and Ubuntu 20.04 operating system. The CUDA version utilized was 11.8, and the software 
environment was based on torch 2.0.0. For the experiments, mosaic data augmentation was applied during 
data preprocessing and disabled for the final 10 epochs. The input image resolution was standardized to 640 
× 640 pixels. Network optimization used Stochastic Gradient Descent (SGD) with a batch size of 16 over 500 
epochs. The initial learning rate was set to 0.01, with momentum and weight decay fixed at 0.937 and 0.0005, 
respectively, while hyperparameters α and δ were set to 1.6 and 4. To ensure fairness and comparability in the 
comparative experiments, all baseline models were evaluated using their unmodified original versions and were 
trained from scratch under the aforementioned identical settings, with no pre-trained weights employed.

In order to evaluate the detection performance of the improved model proposed in this paper, evaluation 
metrics such as precision (P), recall (R), mean Average Precision (mAP), model parameters (Params), model 
computation (GFLOPs), detection speed (FPS), and model size (Size) were used. Some of the formulae for these 
metrics are presented in Eq. 11, Eq. 12, Eq. 13, and Eq. 14.

TPP
TP FP

=
+

(11)

TPR
TP FN

=
+

(12)
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( )
1

0
AP P R dR= ∫ (13)

( )
1

1 n

i
mAP AP i

n =

= ∑ (14)

Where TP represents the number of defective samples correctly detected; FP represents the number of non-
defective samples detected; FN represents the number of defective samples erroneously detected. Furthermore, 
the evaluation of the proposed model considers important indicators such as parameter count, computational 
complexity, detection speed, and model size. These metrics provide a comprehensive assessment of the 
algorithm’s accuracy, recall rate, adaptability, and efficiency, serving as crucial evaluation metrics for improved 
defect detection performance.

4.3   Comparative Experiment of Attentional Mechanisms

To validate the effectiveness of the introduced MIAM, we replaced the C2PSA in the YOLOv11 model with 
different attention mechanisms, including SE [31], CBAM [32], MSCA [28], SimAM [33], and SWS, while 
keeping other training conditions consistent. The detection performance results for each attention mechanism are 
shown in Table 2.

Table 2. Detection performance of different attention mechanisms

Attention mAP0.5 mAP0.5:0.95 P R
C2PSA 77.3% 50.0% 85.5% 67.5%

SE 75.3% 49.7% 82.2% 68.4%
CBAM 78.8% 52.3% 86.7% 72.4%
MSCA 79.1% 53.5% 85.4% 73.5%
SimAM 76.5% 50.1% 84% 71.2%

SWS 77.9% 52.5% 85.3% 72.4%
MIAM 79.4% 54.4% 88.5% 73.1%

According to Table 2, after introducing MIAM, the model shows a significant improvement in detection 
performance, with a mAP0.5 of 79.4%, surpassing all the compared attention mechanisms. Additionally, MIAM 
achieves a Precision of 88.5% and a Recall of 73.1%, demonstrating its advantages in accuracy and miss 
detection rates.

4.4   Comparative Experiment of Loss Functions

Choosing an appropriate loss function is crucial in deep learning model training, as different loss functions 
significantly impact model performance. In this paper, comparative experiments are conducted to evaluate 
the effectiveness of the WIoUv3 loss function against several mainstream loss functions, while keeping other 
training conditions consistent. Hyperparameter tuning experiments are also performed to determine the optimal 
WIoUv3 hyperparameters. This process is essential due to the strong dependence of the WIoUv3 loss method on 
hyperparameters. According to the results in Table 3, WIoUv3 exhibits excellent performance across different 
hyperparameter configurations, particularly WIoUv3(α = 1.6, δ = 4), which achieves a mAP0.5 of 80.0%, and 
outperforms other loss functions in both mAP0.5:0.95 and Recall, demonstrating its advantages in enhancing 
model performance.
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Table 3. Impact of various loss functions on object detection results

Loss function mAP0.5 mAP0.5:0.95 P R
CIoU 77.3% 50.0% 85.5% 67.5%
SIoU 72.7% 46.8% 83.7% 65.0%
GIoU 73.6% 46.9% 79.8% 66.9%
EIoU 75.0% 47.7% 80.7% 68.8%
DIoU 75.7% 49.3% 84.2% 66.5%

WIoUv1 78.1% 49.7% 82.6% 73.3%
WIoUv2 79.6% 52.5% 87.9% 70.5%

WIoUv3(α=1.6, δ=3) 79.2% 52.1% 86.5% 72.8%
WIoUv3(α=1.9, δ=3) 79.6% 52.3% 87.0% 73.8%
WIoUv3(α=1.4, δ=4) 75.1% 48.3% 81.7% 69.6%
WIoUv3(α=1.9, δ=4) 77.9% 50.2% 85.7% 69.7%
WIoUv3(α=1.6, δ=4) 80.0% 53.3% 86.2% 76.1%

4.5   Ablation Experiments

To verify the effectiveness of each improvement strategy proposed in this paper, we performed ablation 
experiments on the baseline model using the IMP-DET dataset, and the experimental results are shown in Table 
4. √ indicates that this improved strategy was used.

Table 4. Detection results after the introduction of different improvement strategies

Model MIAM DR-PN P-Detection WIOUv3 mAP0.5 mAP0.5:0.95 P R Params/106 GFLOPs
1 77.3% 49.9% 85.5% 67.5% 2.58 6.3
2 √  79.4% 54.4% 88.5% 73.1% 2.42 6.2
3 √ 80.4% 53.4% 87.5% 74.2% 1.89 9.1
4  √ 76.6% 49.6% 89.0% 67.3% 2.32 5.0
5 √ 80.0% 53.3% 86.2% 76.1% 2.58 6.3
6 √ √ 80.5% 54.5% 88.6% 73.8% 1.73 9.0
7 √  √ 80.1% 55.5% 87.7% 73.2% 2.17 4.9
8 √  √ 80.2% 55.1% 87.6% 72.9% 2.42 6.2
9 √ √ 80.8% 53.8% 88.5% 73.0% 1.68 5.3
10 √ √ 80.9% 54.2% 87.7% 75.4% 1.89 9.1
11 √ √ 80.5% 54.0% 88.5% 73.6% 2.32 5.0
12 √ √ √ 80.8% 55.3% 89.2% 72.5% 1.52 5.1
13 √ √ √ 81.1% 55.0% 87.9% 74.0% 1.73 9.0
14 √ √ √ 80.9% 55.7% 90.3% 73.3% 2.17 4.9
15 √ √ √ 81.4% 54.8% 87.9% 75.3% 1.68 5.3

16 (Ours) √ √ √ √ 82.1% 56.7% 89.2% 74.8% 1.52 5.1

In the experiments, Model 1 served as the baseline model (YOLOv11n), while Models 2 to 16 were 
constructedby combining different enhancement modules to analyze each module’s impact on detection accuracy 
and model complexity. Introducing the MIAM module alone in the baseline model (Model 2) increased mAP0.5 
from 77.3% to 79.4%, with the parameter count decreased from 2.58M to 2.42M, indicating that the MIAM 
module enhances feature extraction while maintaining a lightweight design. When the DR-PN structure was 
added (Model 3), performance in small object detection improved, boosting mAP0.5 to 80.4% and reducing the 
parameter count to 1.89M, thus enhancing detection accuracy while significantly reducing model size. Although 
introducing the P-Detection module (Model 4) led to a 0.7% decrease in mAP0.5, it substantially lowered 
computational resource consumption. We incorporated the WIoUv3 loss function in Model 5 and significantly 
improved bounding box regression accuracy, achieving a mAP0.5 of 80.0%. Combining modules yielded notable 
results for further performance enhancement. For instance, Model 8, which combines MIAM and WIoUv3, 
achieved a mAP0.5 of 80.2% with superior feature extraction. Model 9, integrating DR-PN and P-Detection, 
raised detection accuracy to 80.8% while markedly reducing model parameters and computational complexity. 
Model 10, combining DR-PN with WIoUv3, further boosted bounding box regression precision, resulting in 
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mAP0.5 of 80.9%, confirming the effectiveness of this combination. Among all combinations, Model 16, which 
incorporates MIAM, DR-PN, P-Detection, and WIoUv3, achieved the highest detection accuracy with a mAP0.5 
of 82.1%. This model reduced parameter count to 1.52M and GFLOPs to 5.1G, maintaining excellent real-
time performance. Compared with Models 12 to 15, Model 16 demonstrated that the four-module integration 
maximizes detection performance while maintaining a lightweight structure, verifying the efficacy of a multi-
module collaborative optimization strategy. These ablation studies indicate that the improvements not only 
enhance detection accuracy but also effectively reduce complexity and resource requirements, offering robust 
support for surface defect detection in injection-molded products.

4.6   Comparison Experiments

To validate the superiority and effectiveness of the MDPW-YOLO model in industrial applications, a series 
of benchmark models were selected for comparative experiments. The primary comparison models included 
single-stage algorithms such as SSD and the YOLO series (YOLOv3-tiny, YOLOv5n, YOLOv6n, YOLOv7-
tiny, YOLOv8n, YOLOv8s, YOLOv10n, YOLOv10s, YOLOv11n, and YOLOv11s), as well as the two-stage 
algorithm Faster R-CNN and the Transformer-based end-to-end model RT-DETR. The comparisons with these 
models further substantiate the effectiveness and superiority of the proposed improvements.

To evaluate the defect detection performance of MDPW-YOLO on the IMP-DET dataset, its average precision 
for different defect types was compared against advanced detection models. As shown in Table 5, MDPW-YOLO 
exhibits significant improvements in detecting surface defects in injection-molded products. While its detection 
accuracy for Burning is marginally lower than that of YOLOv7-tiny, YOLOv8n, YOLOv8s, and YOLOv11s, 
MDPW-YOLO outperforms all the compared models in identifying other defect types. Notably, it achieves over 
a 5.0% improvement in detecting Spot, Flash, and Scratch compared to the baseline model, demonstrating its 
ability to effectively capture object shapes and small defects features.

As shown in Table 6, MDPW-YOLO achieves optimal performance in mAP, Params, GFLOPs, and Size, 
making it a highly efficient model compared to other SOTA models. For example, models such as Faster R-CNN, 
SSD, YOLOv5n, YOLOv6n, and YOLOv10n exhibit relatively low mAP0.5 values, highlighting their limitations 
in detection accuracy. YOLOv7-tiny, YOLOv8s, RT-DETR, and YOLOv11s deliver commendable mAP values 
of 78.2%, 78.2%, 80.3%, and 81.0% respectively, demonstrating strong detection capabilities. However, their 
significantly larger model sizes and higher computational requirements reduce practicality in real-world industrial  
defect detection scenarios. Notably, compared with the baseline model YOLOv11n, MDPW-YOLO improves 
mAP0.5 by 4.9% while reducing Params by 41% and GFLOPs by 19%. This highlights MDPW-YOLO’s ability 
to maintain outstanding accuracy while remaining lightweight, making it suitable for industrial applications 
requiring both efficiency and reliability.

Table 5. Detection results for each defect on the IMP-DET dataset

Model Burning Spot Scratch Flash Flowing mark mAP0.5
Fast RCNN 81.4% 68.2% 74.3% 65.4% 74.0% 72.7%

SSD 82.5% 68.4% 77.9% 66.0% 67.7% 72.7%
YOLOv3-tiny 88.2% 70.7% 84.2% 60.2% 80.9% 76.8%

YOLOv5n 87.7% 57.7% 81.6% 64.0% 84.2% 75.1%
YOLOv6n 87.7% 63.1% 81.4% 63.4% 81.9% 75.5%

YOLOv7-tiny 90.9% 67.6% 86.0% 62.0% 84.3% 78.2%
YOLOv8n 90.4% 65.3% 83.7% 62.7% 85.5% 77.5%
YOLOv8s 89.8% 67.9% 86.5% 62.2% 84.4% 78.2%
RT-DETR 86.8% 76.0% 88.3% 65.2% 85.3% 80.3%

YOLOv10n 86.8% 62.4% 77.3% 55.1% 81.6% 72.7%
YOLOv10s 86.3% 70.5% 86.0% 61.1% 84.9% 77.7%
YOLOv11n 87.4% 69.4% 82.1% 63.3% 83.7% 77.2%
YOLOv11s 90.1% 75.5% 85.9% 68.5% 85.3% 81.0%

MDPW-YOLO 89.2% 76.9% 88.4% 68.7% 87.4% 82.1%

To further evaluate the detection performance of the MDPW-YOLO model, inference experiments were 
conducted to compare MDPW-YOLO with YOLOv11n, YOLOv10n, YOLOv8n, and YOLOv5n. During 
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the experiments, predictions for five randomly selected defect types were compared against the ground truth 
bounding boxes. As illustrated in Fig. 10, MDPW-YOLO exhibited superior detection capabilities for surface 
defects in injection-molded products compared to these models, particularly excelling in identifying Flash defects 
and reducing missed detections.

Table 6. Comparison of experimental results for the IMP-DET dataset

Model mAP0.5 mAP0.5:0.95 P R Params/106 GFLOPs/G FPS Size/MB
Fast RCNN 72.7% 37.6% — — 41.40 90.92 81.0 323.7

SSD 72.5% 43.3% — — 24.28 62.7 157.2 195.4
YOLOv3-tiny 76.8% 48.3% 88.4% 71.5% 8.68 12.9 - 17.5

YOLOv5n 75.1% 49.0% 84.8% 68.3% 2.50 7.1 265.0 5.3
YOLOv6n 75.5% 48.0% 77.2% 69.0% 4.63 11.3 118.0 9.6

YOLOv7-tiny 78.2% 48.3% 83.7% 72.8% 6.02 13.1 295.3 12.3
YOLOv8n 77.5% 52.7% 85.0% 72.0% 3.01 8.1 272.1 6.3
YOLOv8s 78.2% 55.2% 87.2% 72.8% 11.1 28.4 265.8 22.6
RT-DETR 80.3% 54.2% 90.1% 76% 19.9 57.0 62.1 40.5

YOLOv10n 72.7% 50.1% 79.6% 66.2% 2.70 8.2 165.2 5.8
YOLOv10s 77.7% 54.7% 85.6% 71.6% 8.04 24.5 171.9 16.6
YOLOv11n 77.2% 49.9% 85.2% 67.2% 2.58 6.3 202.7 5.6
YOLOv11s 81.0% 56.4% 89.8% 74.3% 9.41 21.3 195.6 19.2

MDPW-YOLO 82.1% 56.7% 89.2% 74.8% 1.52 5.1 191.2 3.6

In summary, the algorithm in this paper meets the real-time detection, improves the detection accuracy, 
lightens the model size, reduces the calculation volume, and has high generality and practical value.

4.7   Robustness Experiments

To verify the robustness of the proposed MDPW-YOLO model, experiments were conducted using both the 
baseline algorithm and MDPW-YOLO on the PCB-DET and GC10-DET datasets. The PCB-DET dataset 
contains six defect types: mouse bite, short, spur, spurious copper, missing hole, and open circuit, with a total of 
693 images, divided into 500 training images and 193 test images. The GC10-DET dataset includes ten defect 
types: punching, weld line, crescent gap, water spot, oil spot, silk spot, inclusion, rolled pit, crease, and waist 
folding. This dataset comprises 2,294 images, divided into 1,835 training images and 459 test images. For these 
experiments, the number of training epochs was adjusted to 200 because the model converged faster, and the 
other settings remained the same as in Section 4.2. The experimental results are shown in Table 7 and Table 8.

The experimental evaluation demonstrates the superior performance and efficiency of MDPW-YOLO across 
two benchmark defect detection datasets. On the PCB-DET dataset, MDPW-YOLO achieves state-of-the-art 
detection accuracy with 92.2% mAP0.5 and 49.0% mAP0.5:0.95, outperforming the YOLOv11n baseline by 
1.3% and 1.9% respectively. The model exhibits exceptional precision-recall characteristics with 96.3% precision 
and 87.5% recall while maintaining remarkable computational efficiency through its lightweight architecture 
containing only 1.52 million parameters and requiring 5.1 GFLOPs. This represents a 41% parameter reduction 
and 19% computational savings compared to YOLOv11n. While alternative models such as YOLOv7-tiny 
achieve higher inference speeds of 275.9 FPS, their significantly lower mAP0.5 and recall metrics underscore 
MDPW-YOLO’s optimized balance between accuracy and efficiency.

The model’s generalization capability is further validated on the more complex GC10-DET dataset, which 
attains 64.0% mAP0.5, surpassing YOLOv11n by 1.1%. Notably, MDPW-YOLO achieves this performance 
with substantially lower resource requirements than competing approaches, maintaining 13× fewer parameters 
and 11× lower computational costs compared to RT-DETR despite comparable detection accuracy. The balanced 
precision-recall performance of 63.5% and 62.4% across diverse defect categories highlights the model’s 
robustness to varying defect characteristics.
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Fig. 10. The prediction results of five types of defects

Table 7. Robustness study on PCB-DET dataset

Model mAP0.5 mAP0.5:0.95 P R Params/106 GFLOPs FPS
YOLOv3-tiny 91.0% 42.4% 95.9% 87.0% 8.68 12.9 ——

YOLOv5n 89.9% 47.0% 90.0% 86.9% 2.50 7.1 262.2
YOLOv6n 86.8% 43.5% 91.9% 80.8% 4.63 11.3 106.3

YOLOv7-tiny 89.9% 43.4% 93.5% 87.1% 6.02 13.1 275.9
YOLOv8n 90.6% 47.3% 92.6% 86.5% 3.01 8.1 256.3
RT-DETR 92.1% 47.7% 91.0% 87.2% 19.9 57.0 156.2

YOLOv10n 87.91% 44.7% 88.1% 80.6% 2.70 8.2 160.6
YOLOv11n 90.9% 47.1% 94.8% 85.0% 2.58 6.3 213.8

MDPW-YOLO 92.2% 49.0% 96.3% 87.5% 1.52 5.1 194.2
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Table 8. Robustness study on GC10-DET dataset

Model mAP0.5 mAP0.5:0.95 P R Params/106 GFLOPs FPS
YOLOv3-tiny 58.1% 27.2% 62.3% 57.9% 8.68 12.9 ——

YOLOv5n 61.6% 29.8% 64.3% 61.0% 2.50 7.1 252.2
YOLOv6n 62.2% 30.3% 63.1% 58.8% 4.63 11.3 104.3

YOLOv7-tiny 61.3% 29.9% 64.1% 59.0% 6.02 13.1 270.6
YOLOv8n 61.1% 30.1% 74.2% 55.1% 3.01 8.1 250.5
RT-DETR 64.3% 29.7% 73.6% 60.7% 19.9 57.0 152.2

YOLOv10n 60.9% 29.9% 62.5% 58.4% 2.70 8.2 154.9
YOLOv11n 62.9% 31.9% 61.8% 65.6% 2.58 6.3 210.9

MDPW-YOLO 64.0% 31.7% 63.5% 62.4% 1.52 5.1 191.7

In summary, the robustness experiments on the PCB-DET and GC10-DET datasets demonstrated that MDPW-
YOLO not only maintains high detection accuracy but also exhibits excellent generalizability and efficiency, 
making it a competitive model for surface defect detection in industrial applications.

5   Conclusion and Future Work

Surface defect detection in injection-molded products remains a challenging task due to the coexistence of 
minuscule defects, complex surface textures, and stringent requirements for computational efficiency in industrial 
settings. Currently, no dedicated lightweight model adequately addresses these intertwined challenges while 
maintaining high detection accuracy. To bridge this gap, we propose MDPW-YOLO, which incorporates several 
key innovations to tackle these limitations. The model features a Multi-scale Improved Attention Mechanism 
(MIAM) that enhances feature extraction through a hybrid attention design, a DR-PN structure that improves 
small defect detection while reducing parameters, a P-Detect module that optimizes the detection head using 
partial convolution and shared parameters, and a WIoUv3 loss function that enhances localization accuracy and 
generalization. Experimental validation demonstrates that our approach achieves significant improvement in 
detection accuracy with notable reduction in computational complexity, while maintaining strong generalization 
capability across multiple datasets, establishing it as a competitive solution for industrial-grade surface defect 
detection.

Despite the promising results, the proposed MDPW-YOLO model has certain limitations. While effective for 
small defects, the detection performance for extremely minute defects may still be susceptible to confusion with 
image noise or background texture, occasionally leading to missed detections. Additionally, in cases where the 
defect exhibits very low contrast or high similarity to the complex background of the injection-molded product 
itself, the model’s confidence and accuracy might decrease. 

Future research will focus on addressing these limitations. We plan to enhance the model’s robustness to 
ultra-fine defects and complex backgrounds through advanced data augmentation and multi-scale feature fusion 
strategies. Efforts will be directed toward improving real-time deployment on resource-constrained edge devices 
to expand the practical applicability of the model.
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