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Mingyang Zhang 1, Shuai Li 1,2,*, Kun Wang 1 and Hongxia Yuan 1 

1 School of Mechanical and Electrical Engineering, Beijing Institute of Graphic Communication, Beijing 
102600, China 

2 a. Beijing Key Laboratory of Digital Printing Equipment, b. Beijing Engineering Research Center for Printing 
Equipment, Beijing Institute of Graphic Communication, Beijing 102600, China 

Abstract 

Paper-based printing materials originate from the wood-based value chain–wood–pulp–paper–
printing—and their yield reflects the utilization efficiency of pulp and paper resources. In roll-to-roll 
printing production, small printing defects (e.g., missing prints, smudges, cracks) often cause rework 
and scrap, thereby increasing the consumption of wood-derived materials. To improve resource 
efficiency, this study proposes a lightweight, improved YOLOv8n model for real-time small-defect 
detection. The Efficient IoU (EIoU) loss is introduced in the bounding box regression stage to improve 
localization accuracy, and a Squeeze-and-Excitation (SE) channel attention mechanism is embedded 
in the feature fusion stage to strengthen feature representation for small printing defects. Evaluations 
conducted on datasets collected from real production lines demonstrate that, with 3.02 M parameters 
and 8.1 GFLOPs, the model achieves mAP@0.5 = 94.1%, Precision = 95.1%, Recall = 94.3%, and an 
inference speed of 100.2 FPS, outperforming the baseline model. The proposed method contributes 
to reducing rework and material waste, supporting the efficient utilization of wood resources and 
the sustainable development of the paper-based packaging industry. 

Keywords: wood-derived paper products; printing defect detection; YOLOv8n; EIoU loss; SE 
attention mechanism; real-time; small-defect detection 
 

1. Introduction 

Paper-based printing materials are renewable and recyclable, making them an integral 
component of the circular bioeconomy and green manufacturing [1,2]. In roll-to-roll production, 
defects such as missing prints, smudges, and cracks—if not addressed promptly—can escalate into 
rework and scrap, resulting in additional material input and increased energy consumption. From a 
value-chain perspective, these losses manifest as greater pulp and paper-based material use and 
elevated carbon emissions across the entire forest–wood–pulp–paper–printing chain [3,4]. Therefore, 
enhancing the online recognition and rapid handling of small printing defects has become critical to 
improving the efficient utilization of wood-derived materials and advancing the sustainable 
development of green printing and packaging [5]. 

Traditional methods, such as morphological analysis and gray-level co-occurrence matrix 
(GLCM)–based approaches, rely on handcrafted features and typically employ classifiers such as 
support vector machines (SVMs) for defect discrimination. Although these methods are relatively 
stable in structured texture scenarios, their adaptability is limited when dealing with complex 
backgrounds, weak contrast, or small printing defects [6–8]. With the advancement of deep learning, 
detection performance has improved substantially. One group of studies focuses on mitigating small-
target omission through graph learning and multi-scale feature fusion [9,10], while another leverages 
template matching and geometric alignment to enhance robustness under scale variation and text-
like defect scenarios [11,12]. In wood-based applications, improved YOLOv8 models have achieved 
outstanding performance in multi-scale small defect identification on timber surfaces [13]. The SSD 
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and YOLO families have also demonstrated a balance between accuracy and real-time performance 
in the quality inspection of wood and board materials, establishing a reusable technical framework 
[14,15]. Meanwhile, Siamese-YOLOv4 enhances the discriminability of multiple defect categories 
through a twin-branch structure combined with the Mish activation function [16]. Furthermore, 
incorporating various attention mechanisms into the YOLOv5 framework significantly strengthens 
feature representation and noise suppression [17–19]. The joint design of deformable convolution and 
large-kernel attention has also improved small-target detection accuracy while maintaining real-time 
inference [20]. 

Nevertheless, two major bottlenecks remain in current research. (1) It is difficult to construct 
high-quality datasets, as small-defect samples are scarce and unevenly distributed, which limits the 
generalization capability of models [21,22]. (2) The models often involve a large number of 
parameters and high inference complexity, making it challenging to meet the dual requirements of 
low latency and high stability in roll-to-roll high-speed production lines [23]. 

This study proposes an improved YOLOv8n algorithm that combines the Efficient IoU (EIoU) 
loss function with the Squeeze-and-Excitation (SE) attention mechanism. The EIoU loss is introduced 
to enhance the precision of bounding box regression, while the SE module is embedded in the Neck 
structure of YOLOv8n to strengthen the model’s responsiveness to key channel features. A defect 
dataset with industrial application value is constructed for printed materials, and comprehensive 
evaluations, including ablation studies and comparisons with mainstream models, are conducted to 
verify the advantages of the proposed method in both accuracy and efficiency. The results 
demonstrate that the model effectively improves the detection capability for small printing defects. 
From a wood-based production perspective, the enhancement of online detection capability is 
expected to reduce the waste sheet and rework rates, decrease paper and wood pulp consumption, 
and contribute to optimizing the material flow and lowering the energy consumption and carbon 
intensity across the forest–wood–pulp–paper–printing value chain . 

2. Materials and Methods 
2.1. YOLOv8 Object Detection Algorithm 

Classical object detection algorithms are generally divided into two-stage and single-stage 
approaches. Two-stage methods, such as Faster R-CNN [24], first generate region proposals and then 
perform classification and regression for each region. Although these methods achieve high accuracy, 
repeated feature extraction and redundant computation lead to significant latency. In contrast, single-
stage methods, such as SSD [25] and the YOLO series [26,27], directly map detection tasks to a single 
forward pass, thereby reducing computational complexity and enabling high-speed, end-to-end 
inference. In the context of printing defect detection, where stringent requirements exist for real-time 
performance and small-object recognition, YOLOv8n leverages its lightweight backbone network, an 
anchor-free detection head, and an improved IoU loss function to provide enhanced responsiveness 
to small printing defects such as missing prints, spots, and cracks. Furthermore, YOLOv8n maintains 
the efficiency of single-stage detection while flexibly scaling model size to adapt to different hardware 
conditions. Its built-in feature pyramid and multi-scale fusion strategies reduce false positives and 
missed detection in complex textured backgrounds of printed products. 

2.2. SE Attention Mechanism 

Printing defects are often associated with complex background noise and uneven multi-scale 
feature distribution. To strengthen the model’s focus on critical features, this study integrates the 
Squeeze-and-Excitation (SE) attention module [28] into the Neck of YOLOv8n. The SE module first 
performs a “squeeze” operation to obtain channel-wise feature responses from global information, 
followed by an “excitation” mechanism that adaptively assigns weights to each channel. This process 
emphasizes defect-relevant details while suppressing background noise. 
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Given an input feature map F∈R^{C×H×W }, global average pooling is applied along the spatial 
dimensions to compress it into a channel descriptor vector z∈R^{C}, representing the global response 
of each channel: 

(1) 
The channel descriptor z is then passed through two fully connected layers to generate the 

channel-wise weights s∈R^{C}: 

(2) 
where δ(·) denotes the ReLU activation function, σ(.) represents the Sigmoid activation function, and 
the reduction ratio r controls the bottleneck dimension. The dimensionality reduction–expansion 
structure in Equation (2) enables the model to capture high-order inter-channel dependencies and to 
generate channel importance weights suitable for defect detection. 

To achieve ordered enhancement and suppression of channel responses in the feature map, the 
SE module applies the channel weights s=[s1, s2,…,sC] to the original feature map. By performing 
channel-wise weighting, it emphasizes informative channels while suppressing redundant ones. The 
weighted formulation is expressed as follows: 

(3) 
The SE module adaptively recalibrates channel weights, thereby enhancing the model’s 

responsiveness to subtle defect features. 
In its practical implementation, the SE module first employs a Squeeze operation to perform 

global pooling across the spatial dimensions, thereby capturing the global receptive field of each 
channel. Next, the Excitation mechanism introduces non-linear activation and weight learning to 
model channel importance. Finally, the Scale operation applies weighted adjustment, enabling 
selective enhancement and suppression of channel responses. The overall structure is illustrated in 
Figure 1. This “squeeze–excitation–recalibration” mechanism strengthens the model’s ability to 
perceive critical defect regions.Embedding the SE module into the Neck of YOLOv8n not only 
improves the model’s capability in detecting small targets but also enhances its discrimination of fine 
features within complex backgrounds, thereby providing more discriminative feature inputs for the 
subsequent Detect layer. 

 

Figure 1. SE attention module architecture. 

2.3. EIoU Loss Function 

In the conventional YOLOv8n framework, the CIoU loss considers the overlap ratio, center-point 
distance, and aspect ratio of the bounding box. However, it still suffers from limitations in terms of 
convergence speed and regression accuracy, particularly for elongated or irregularly shaped objects. 
To address this issue, the CIoU loss is replaced with the EIoU (Efficient-IoU) loss in this study. EIoU 
introduces a direct optimization of width and height errors, in addition to the IoU and center distance 
terms, thereby further improving regression performance. 

The EIoU loss is designed to alleviate the gradient vanishing problem that often arises when the 
IoU is small during regression [29].It achieves this by decomposing the bounding box offset error into 
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two independent components—center-point distance error and width-height error—thus making the 
regression process more stable and reliable. 

As the primary loss function for localization regression, CIoU (Complete-IoU) integrates three 
factors—IoU, center-point distance, and aspect ratio—into a normalized formulation: 

(4) 
where ρ(.) denotes the Euclidean distance between the centers of the predicted and ground-truth 
boxes, c represents the diagonal length of the smallest enclosing box covering both, v measures the 
aspect ratio consistency, and α is the weighting factor. 

In defect detection tasks, the target objects are often small in size and exhibit large variations in 
shape. Under such conditions, the regression capability of CIoU shows certain limitations, 
particularly for small-scale targets and objects with non-standard aspect ratios, where its 
performance declines. 

To address this issue, EIoU further refines the regression formulation on the basis of CIoU. 
Specifically, EIoU explicitly models three components between the predicted and ground-truth 
boxes: center-point distance, width error, and height error. The loss function is formulated as follows: 

(5) 
where ρ denotes the Euclidean distance; b, w, and h represent the center coordinates, width, and 
height of the predicted box, respectively; bgt, wgt, hgt denote the corresponding parameters of the 
ground-truth box; while, c, cw, ch correspond to the diagonal length, width, and height of the 
minimum enclosing rectangle. 

Compared with the aspect ratio penalty in CIoU, EIoU introduces a linear width–height error 
term, which provides more stable gradients across the entire IoU range. Notably, even under low IoU 
conditions (i.e., when the boxes barely overlap), EIoU ensures reliable width–height regression 
accuracy and stable localization. This effectively alleviates the error propagation caused by size 
deviations in small-target detection. 

2.4. Improved YOLOv8n Overall Architecture 

In this study, the YOLOv8n architecture was optimized for localization accuracy and feature 
enhancement by adopting EIoU and integrating SE into the Neck. Specifically, the EIoU loss function 
was adopted in the bounding box regression stage to improve localization accuracy, while the SE 
attention mechanism was integrated into the Neck to enhance the model’s responsiveness to small 
targets and critical defect regions. 

These improvements not only maintain low parameter count and computational complexity but 
also significantly enhance detection accuracy and generalization capability. As illustrated in Figure 
2, the improved architecture strengthens sensitivity to small printing defects while preserving 
lightweight efficiency. 
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Figure 2. Improved YOLOv8n model architecture. 

3. Experimental Setup 
3.1. Dataset and Augmentation 

The dataset was collected in a real production environment, with images captured from the 
normal operation of the printing production line at Shanxi Xinlongteng Advertising Media Co., Ltd. 
Images were captured using a Hikvision industrial camera CU060-10GC. To enhance the quality and 
consistency of defect images, a combination of ring LED illumination and vertically-mounted 
industrial camera imaging was employed, as shown in Figure 3. This lighting setup provides 
uniform, shadow-free illumination, reducing ambient light interference and improving image 
contrast and detail visibility, which is useful for highlighting subtle defects such as missing prints, 
spots, and cracks. In addition, the vertical imaging configuration prevents image distortion, ensuring 
spatial localization accuracy. Each captured image has a size of 4.2 MB, a resolution of 3072 × 2048 
pixels, and is stored in JPEG format. The sample sheets used in this study were derived from two 
types of self-adhesive media: indoor water-based adhesive paper (photo paper adhesive and 
polypropylene adhesive, PP) and outdoor white adhesive film. Both media utilized paper-based 
release liners, establishing a stable linkage with the wood-based value chain. Among them, the 
surface layer of the photo paper adhesive is composed of wood pulp–based paper, which is classified 
as a wood-derived material. 
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Figure 3. Image acquisition platform for defect dataset construction. 

A total of 1,200 valid images were collected for this study. To improve the robustness and 
generalization of complex printing-defect detection, diverse image-augmentation strategies were 
applied during training. Considering the high variability of printing defects in shape, scale, and 
background texture, the augmentation pipeline was designed to simulate real production-line 
printing conditions, including geometric transformations, illumination perturbations, blur 
degradation, affine transformations, and local occlusion. These strategies increased the diversity of 
training samples and reduced the risk of overfitting to specific feature distributions. The dataset was 
expanded to 4,500 images and annotated using LabelImg. Defect categories included spots, missing 
prints, and cracks (see Figure 4). The dataset was split into training, validation, and test subsets in a 
7:2:1 ratio. 

  

(a) Crack;             (b) Missing print;             (c) Spot. 

Figure 4. Collected images of different defect types. 

3.2. Experimental Environment and Training Parameters 

To ensure the stability and convergence efficiency of the improved model in printing defect 
detection tasks, the following hyperparameter configuration was adopted during the training phase, 
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as summarized in the table. The number of epochs was set to 150, providing sufficient iterations for 
the model to adequately fit the sample features, while employing an early stopping strategy to 
effectively prevent overfitting. A batch size of 16 was chosen as a compromise between maintaining 
training stability, GPU memory constraints, and computational efficiency. 

Table 1. Test environment. 

Component Specification 
Operating system Windows 11 

CPU AMD Ryzen 7 7745HX with Radeon Graphics 
GPU NVIDIA GeForce RTX 4070 

Python 3.8.20 
CUDA 12.1 

Deep learning framework PyTorch 2.1.2 

Table 2. Training parameters. 

Parameters Value 
Epochs 150 

Batch size 16 
Image size 640×640 
Workers 8 

Learning rate 0.001 
Optimizer AdamW 

Weight decay 0.0005 

Images were resized to 640 × 640 pixels to ensure compatibility with mainstream detection 
models, while achieving an optimal balance between small-target detection performance and 
computational resource consumption. The number of data loader workers was set to 8 to fully 
leverage multithreading capabilities, accelerate data loading and augmentation, and consequently 
improve overall training speed. 

AdamW was chosen as the optimizer instead of SGD or Adam. With a weight decay term 
(0.0005), AdamW provides stronger regularization during gradient updates, preventing parameter 
overgrowth and enhancing generalization. The learning rate was set to 0.001, allowing for rapid 
convergence during the initial training phase while facilitating stable fine-tuning in later stages, thus 
accommodating defect detection tasks under complex backgrounds. 

3.3. Evaluation Metrics 

Precision, Recall, mAP@0.5, mAP@[0.5:0.95], and Frames Per Second (FPS) are adopted as the 
primary evaluation metrics. Together, these metrics provide a comprehensive view of model 
performance: Precision and Recall characterize false-positive and false-negative rates; mAP@0.5 
measures detection accuracy at a fixed IoU threshold, whereas mAP@[0.5:0.95] reflects robustness 
across IoU thresholds and object scales; and FPS quantifies throughput and real-time capability on 
the target hardware. Using these five metrics mitigates single-metric bias and enables an objective 
assessment of the accuracy–speed trade-off as well as the generalization capability of printing-defect 
detection under real production-line conditions. 

(6) 
True Positives (TP) denote the number of defect boxes correctly detected, while False Positives 

(FP) denote the number of boxes incorrectly identified as defects from background or non-defective 
regions. A higher precision indicates fewer false alarms generated by the model. 

Recall measures the model’s ability to detect all true defects and is defined as follows: 

TPP
TP FP

=
+
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(7) 
where False Negatives (FN) denote the number of true defect boxes that the model failed to detect. A 
higher recall indicates fewer missed detections. 

Average Precision (AP) represents the area under the Precision–Recall curve and is used to 
evaluate the overall detection performance of the model across different confidence thresholds. 

(8) 
Mean Average Precision (mAP) is the arithmetic mean of AP values across multiple classes or 

different IoU thresholds, reflecting the overall detection performance of the model. In this study, the 
following two commonly used forms are reported: 

mAP@0.5: Calculated by averaging the AP of each class at a fixed IoU of 0.5. 
mAP@[0.5:0.95]: Computed as the average of AP values across IoU thresholds ranging from 0.5 

to 0.95 with a step size of 0.05. 

(9) 
where N denotes the number of classes or the number of selected IoU thresholds. 

FPS represents the number of image frames the model can process per unit time and is a key 
metric for evaluating detection speed and real-time performance. 

It is calculated as follows:   

(10) 
where preprocessing denotes the image preprocessing time; inference refers to the time from feeding a 
preprocessed image into the model to obtaining the output results; and NMS represents the post-
processing time of the image. 

4. Results and Discussion 
4.1. Comparison of Attention Mechanisms 

To investigate the impact of different attention mechanisms on detection performance, four 
mainstream attention modules—SE, CBAM, CA, and Shuffle—were integrated into the YOLOv8n 
model separately, while keeping the rest of the network architecture unchanged. The detection 
performance of these variants was then compared using the same dataset. 

As shown in Table 3, the introduction of all attention mechanisms improved model performance, 
particularly evident in the mean average precision metrics mAP@0.5 and mAP@[0.5:0.95]. Among 
them, the SE module exhibited the best performance, with both precision (P) and recall (R) increasing 
to 94.3%, mAP@0.5 rising to 93.5%, and mAP@[0.5:0.95] reaching 39.6%, ranking first among the four 
modules. This indicates that its channel recalibration mechanism is effective in enhancing attention 
to small defect targets in printed materials. 

Table 3. Comparative experiments of attention mechanisms. 

Model P (%) R (%) mAP@0.5 (%) mAP@[0.5:0.95] (%) 
YOLOv8n 93.2 94.2 92.8 39.1 

YOLOv8n+CA 93.3 93.8 92.7 38.9 
YOLOv8n+Shuffle 93.5 93.5 93.8 39.5 
YOLOv8n+CBAM 93.4 94.2 93.5 39.9 

YOLOv8n+SE 94.3 94.3 93.5 39.6 

CBAM and Shuffle modules also demonstrated good performance in terms of precision and 
recall, with mAP values comparable to SE, indicating that the incorporation of spatial attention or 

TPR
TP FN

=
+

1

0
( )AP d= ∫ P r r

1

1 N
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feature shuffling structures can also enhance detection capability. In contrast, the CA module showed 
limited improvements, particularly with no significant advantage observed in mAP@[0.5:0.95]. 

Overall, incorporating attention mechanisms enhances the model’s ability to recognize small 
defects under complex backgrounds. Notably, the SE module achieved the best performance across 
multiple metrics, confirming its effectiveness in channel feature enhancement. 

4.2. Comparison of Loss Functions 

To evaluate the performance improvement introduced by the EIoU loss function, the original 
CIoU loss in YOLOv8n was replaced with WIoU-V3, GIoU, and EIoU. Model performance metrics 
were then compared under a consistent experimental setup. As shown in Table 4: 

Table 4. Comparison of bounding box regression loss functions. 

Loss function P (%) R (%) mAP@0.5 (%) mAP@[0.5:0.95] (%) 
CIoU 93.2 94.2 92.8 39.1 

WIoU-V3 93.2 93.8 93.1 39.3 
GIoU 93.5 93.8 93.2 39.5 
EIoU 94.1 95 93.8 39.6 

As shown in Table 4, for the Precision (P) metric, all three improvements showed enhancements 
over the baseline model, with EIoU exhibiting the most significant increase, reaching 94.1%. In terms 
of Recall (R), EIoU also achieved the highest value of 95.0%, representing a 0.8-percentage-point 
improvement over the original model, indicating stronger robustness in object completeness 
regression. 

Regarding detection accuracy, WIoU-V3 and GIoU showed slight improvements in mAP@0.5 to 
93.1% and 93.2%, respectively, whereas EIoU further increased it to 93.8%. For mAP@[0.5:0.95], EIoU 
achieved 39.6%, marking a 0.5-percentage-point improvement over the baseline. 

Overall, although WIoU-V3 and GIoU showed improvements in certain metrics, EIoU 
outperformed them across precision, recall, and both mAP metrics. This confirms its superior 
capability in fitting bounding box positions and scales, making it particularly suitable for high-
precision detection of small defect targets in printed materials. Therefore, EIoU was ultimately 
adopted as the regression loss function for YOLOv8n. 

4.3. Detection Results by Defect Type: Before vs. After Optimization 

To further validate the detection capability of the proposed optimization strategy across 
different types of printed defects, three representative defect categories—cracks, missing prints, and 
spots—were selected. Precision and recall were compared between the original YOLOv8n model and 
the optimized YOLOv8n model, with the results presented in Table 5. 

Table 5. Comparison of Defect Detection Results Before and After Optimization. 

Defect Type 
Original YOLOv8n Optimized YOLOv8n 

P (%) R (%) P (%) R (%) 
Crack 95.9 96.5 98.5 96.8 

Missing print 95.0 96.3 97.9 96.4 
Spot 89.4 89.7 89.5 90.5 

As shown in Table 5, the optimized YOLOv8n model achieved consistent improvements in 
detection performance across all defect categories: 

For Cracks, the optimized model achieved a precision of 98.5% and a recall of 96.8%, 
representing a 2.6-percentage-point improvement in precision over the original model (95.9%, 96.5%). 
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This indicates that the optimized model possesses stronger discriminative capability in modeling 
boundary details. 

For missing print defects, the optimized model achieved a precision of 97.9% and a recall of 
96.4%, showing higher consistency and detection stability compared to the original YOLOv8n model 
(95.0%, 96.3%). This demonstrates improved robustness when handling low-contrast targets. 

For Spot defects, which are relatively more challenging, the optimized model still achieved a 
slight precision increase from 89.4% to 89.5% and an improvement in recall from 89.7% to 90.5%, 
indicating that the optimization strategy also has potential to enhance detection of small targets with 
low-texture contrast. 

4.4. Ablation Study 

To evaluate the specific performance improvements contributed by the EIoU loss function and 
SE attention mechanism in the proposed optimization strategy, an ablation study was conducted. 
Based on the YOLOv8n model, three configurations were tested: incorporation of EIoU loss, 
integration of SE attention, and the combination of both. The impact of each configuration on 
detection accuracy was assessed. The experimental results are presented in Table 6. 

Table 6. Comparison of Ablation Experiment Results. 

Model variant P (%) R (%) mAP@0.5 (%) mAP@[0.5:0.95] (%) 
YOLOv8n 93.2 94.2 92.8 39.1 

YOLOv8n+EIoU 94.1 95 93.8 39.6 
YOLOv8n+SE 94.3 94.3 93.5 39.6 

YOLOv8n+EIoU+SE 95.1 94.3 94.1 39.6 

As shown in Table 6, the original YOLOv8n model achieved a precision (P) of 93.2%, recall (R) 
of 94.2%, and a mean Average Precision at IoU 0.5 (mAP@0.5) of 92.8%. After incorporating the EIoU 
loss function, the model’s bounding box regression capability was enhanced, with precision 
increasing to 94.1%, recall to 95.0%, and mAP@0.5 to 93.8%, indicating that EIoU positively optimizes 
object localization performance. Furthermore, introducing the SE attention mechanism also improved 
model performance, particularly in the comprehensive metric mAP@[0.5:0.95], which increased from 
39.1% to 39.6%, demonstrating the effectiveness of the SE mechanism in enhancing channel feature 
representation. 

When EIoU and the SE mechanism were combined, the model achieved optimal overall 
performance, with precision reaching 95.1%, mAP@0.5 at 94.1%, and mAP@[0.5:0.95] at 39.6%. This 
confirms the synergistic effect of EIoU loss and SE attention, as they respectively enhance model 
performance in bounding box regression accuracy and channel feature responsiveness, exhibiting 
complementary benefits. Therefore, both the proposed EIoU and SE modules independently 
improved object detection performance, and their combined use produced more stable and 
significant enhancements, providing an effective pathway for subsequent model optimization. As 
shown in Figure 5, the proposed method can detect various defects such as missing prints, cracks, 
and spots in printed materials, intuitively demonstrating the detection performance of the improved 
model on real samples. 
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Figure 5. Detection results on printed defects. 

4.5. Comparison with Other Models 

To further evaluate the effectiveness of the proposed optimization strategy in printing defect 
detection, this study conducted a comparative analysis with current mainstream object detection 
models, including YOLOv3-tiny, YOLOv5s, YOLOv6s, YOLOv8s, and YOLOv8m. The analysis 
focused on comprehensive performance in terms of accuracy and efficiency, with the optimized 
YOLOv8n model included for evaluation. The experimental results are presented in Table 7. 

Table 7. Comparison of Detection Results Across Different Models. 

Model P (%) mAP@0.5 (%) FPS Params(M) GFLOPs Size/MB 
YOLOv3-tiny 91.9 92.4 108.9 12129206 18.9 23.2 

YOLOv5s 90.2 91.8 104.3 7018216 15.8 14.4 
YOLOv6s 93.1 92.1 145.6 4234041 11.8 8.3 
YOLOv8m 93.2 93.4 106.4 25841497 78.7 49.6 
YOLOv8s 92.6 92.9 105.3 11126745 28.4 21.5 

Optimized YOLOv8n 95.1 94.1 100.2 3016985 8.1 6 

As shown in Table 7, YOLOv3-tiny has an advantage in lightweight design (model size 23.2 MB, 
18.9 GFLOPs), but its accuracy remains relatively low (mAP@0.5 = 92.4%), which is insufficient for 
high-precision industrial inspection requirements. YOLOv5s and YOLOv6s achieved a balance 
between model complexity and inference speed. Notably, YOLOv6s reached a maximum inference 
speed of 145.6 FPS with relatively low computation (11.8 GFLOPs), demonstrating strong real-time 
capability. However, its detection accuracy (mAP@0.5 = 92.1%) remained suboptimal. 

Overall, the YOLOv8 series outperformed previous models in accuracy. YOLOv8m achieved an 
mAP@0.5 of 93.4%, but its computational cost and model size increased substantially (78.7 GFLOPs, 
49.6 MB), limiting practical deployment. YOLOv8s reduced model size and computation to some 
extent, yet its inference speed offered no significant advantage. 

In contrast, the proposed optimized YOLOv8n model achieved the best overall performance 
while remaining lightweight. The model contains only 3.02M parameters, requires 8.1 GFLOPs, and 
has a size of 6 MB, yet exhibits significant accuracy improvements, achieving an mAP@0.5 of 94.1% 
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and precision of 95.1%. Its inference speed reaches 100.2 FPS, meeting the dual requirements of real-
time processing and high accuracy for high-speed printing production lines. In summary, the 
optimized YOLOv8n demonstrates advantages in detection accuracy, inference speed, and 
lightweight design, highlighting its strong potential for practical engineering applications. 

To visually illustrate the comprehensive advantages of the optimized YOLOv8n model in terms 
of accuracy, computational cost, and model size, Figure 6 compares key detection metrics—precision 
(P), recall (R), and mAP@0.5—across mainstream models, overlaid with GFLOPs to depict 
computational complexity. As shown, the optimized YOLOv8n achieves excellent performance with 
only 8.1 GFLOPs and a 6 MB model size, reaching 95.1% precision, 94.3% recall, and 94.1% mAP@0.5, 
outperforming YOLOv3-tiny, YOLOv5s, YOLOv6s, and YOLOv8s. These results confirm the 
effectiveness of the proposed optimization strategy and its strong potential for industrial 
deployment. 

 

Figure 6. Performance Comparison of Different Algorithmic Models. 

As shown in Figure 6, the improved YOLOv8n outperforms the comparison models in Precision, 
Recall, and mAP@0.5. Despite requiring only 8.1 GFLOPs of computation and 6 MB of storage, it still 
achieves an inference speed of 100.2 FPS, demonstrating an outstanding balance between accuracy 
and computational complexity. Based on these results, the following section discusses the 
engineering and industrial implications of the proposed method from the downstream production 
perspective of the “forest–wood–pulp–paper–printing” value chain, with a particular focus on wood-
based manufacturing processes. 

4.6. Results Discussion and Industrial Implications 

(1) Material efficiency: The improved YOLOv8n enhances the detection rate and localization 
accuracy of small defects, enabling timely identification and handling during production and 
reducing scrap and rework. Under equal production output, the consumption of pulp, paper 
materials, and release liners per qualified product decreases. Without increasing model complexity, 
the proposed method achieves material efficiency improvement in the printing stage, aligning with 
the resource-saving goals of the wood-based value chain. 

(2) Energy consumption and carbon intensity: The energy use and emissions across the forest–
wood–pulp–paper–printing chain exhibit a cumulative effect. With the improvement in yield 
brought by online quality inspection, the energy consumption and carbon intensity per unit of output 
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are reduced accordingly. This outcome is consistent with the decarbonization pathways of the wood-
derived circular bioeconomy. 

(3) Cross-category transferability: The proposed strategies for small-target enhancement and 
channel attention can be extended to defect recognition tasks on wood and board surfaces. Related 
studies have already verified the effectiveness of improved YOLO models in wood-based scenarios, 
indicating strong potential for cross-domain applicability and technical reuse. 

5. Conclusions 

This study focuses on defect detection in roll-to-roll paper-based printing and proposes an 
improved YOLOv8n model. The Efficient IoU (EIoU) is introduced in the bounding box regression 
stage, and a SE channel-attention module is embedded in the feature fusion (Neck) stage to effectively 
enhance localization precision and feature responsiveness for subtle printing defects. Validation 
using datasets collected from real production lines shows that, while maintaining a lightweight 
architecture (3.02M parameters and 8.1 GFLOPs), the model achieves mAP@0.5 = 94.1%, Precision = 
95.1%, Recall = 94.3%, and a real-time inference speed of 100.2 FPS—approximately 1.3 percentage 
points higher than the baseline. This research provides an efficient and reliable technical solution for 
print quality control, contributing to reduced rework and material waste, improved utilization of 
wood-derived paper products, and technical support for material efficiency and green manufacturing 
across the “forest–wood–pulp–paper–printing” value chain 
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Abbreviations 

The following abbreviations are used in this manuscript: 

AP         Average Precision 
CBAM Convolutional Block Attention Module 
CA Coordinate Attention 
CIoU Complete Intersection over Union 
CUDA Compute Unified Device Architecture 
CPU Central Processing Unit 
EIoU Efficient IoU  
FPS Frames Per Second 
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GFLOPs Giga Floating-Point Operations 
GPU Graphics Processing Unit 
IoU Intersection over Union 
JPEG Joint Photographic Experts Group 
mAP mean Average Precision 
SE Squeeze-and-Excitation 
SGD Stochastic Gradient Descent 
YOLO You Only Look Once 
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