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Abstract. Furniture plates, being a crucial raw material in furniture manufactur-
ing, often exhibit various defects during their production. These defects potentially
compromise the quality of the finished furniture products and inflate production
costs. Traditional methods for detecting plate defects face challenges, particu-
larly in identifying less distinct features and handling surface noise, leading to
suboptimal detection results. To address these limitations, this study introduces
a specialized dataset named the “Furniture Plate Defect Dataset” for evaluating
and improving defect detection algorithms more comprehensively. Furthermore,
the study employs an enhanced version of the YOLOVS5 algorithm, augmented
with a small object detection head and incorporated with a Convolutional Block
Attention Module (CBAM) to specifically optimize for plate defects. Experimental
results demonstrate that with extensive training and fine-tuning on the newly con-
structed dataset, the enhanced YOLOVS algorithm exhibits significant improve-
ments in defect detection in furniture plates. The upgraded algorithm is adept
at accurately identifying both texture-related and shape-related defects thereby
substantially improving the detection’s accuracy and robustness. In summary, the
refined YOLOVS algorithm excels in defect detection, reaching an mAP50 of
81.6%, indicating its considerable potential for application.
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1 Introduction

Furniture sheets, as one of the essential raw materials in the furniture manufacturing
industry, have a significant demand and broad application prospects in the market. How-
ever, during the manufacturing process, various defects often appear on the surface of
the sheets, such as textural and shape defects. These issues directly affect the quality
and lifespan of the furniture products. To ensure product quality, there is an urgent need
for sheet defect detection technology in industrial production lines. However, the com-
plexity of furniture sheet surface defects makes their definition ambiguous, and defect
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features are hard to unify. Currently, there are two primary defect detection methods
applied to furniture sheets: supervised and unsupervised methods. Supervised methods
[1] typically use neural networks to learn defect features, achieving high-accuracy defect
detection. However, this approach requires a substantial amount of defect sample data
for training, and obtaining sufficient defect data is often a challenging task in real-world
scenarios. Another method is unsupervised defect detection [2], which detects differ-
ences between generated fake images and defect images through generative networks.
Although unsupervised methods avoid the need for vast sample data, its image segmen-
tation process makes it challenging to apply on ultra-high-resolution and non-uniformly
sized sheet images. Moreover, its extended processing time limits its application in actual
production environments.

Inrecent years, the application of deep learning convolutional neural networks (CNN)
in defect detection has made remarkable progress. CNN is a deep learning model used for
image classification and object detection, which can automatically learn image features
and perform classification and detection. In the field of defect detection, CNN have been
widely applied to surface defects [3], welding defects [4], crack defects [5], and various
other types of defect detection tasks. This method can directly extract features from raw
images and perform classification and detection without the need for manual feature
extraction and classifier design.

Moreover, object detection methods could be broadly categorized based on the
requirement of region proposals into two classes: two-stage algorithms [6-8] and
one-stage algorithms [9-11].

Two-stage detectors, exemplified by algorithms like R-CNN [12], Fast R-CNN [13],
and Faster R-CNN [14], typically comprise two steps: proposing object regions and then
classifying these regions. This methodology initially generates a set of region propos-
als that might contain objects and then classifies these regions to specific object cate-
gories. Though these methods often deliver high accuracy, they can be computationally
demanding due to the two-stage nature of the approach.

In contrast, one-stage detectors, such as YOLO [15] and SSD [16], eliminate the
preliminary step of proposing object regions. Instead, they predict bounding boxes and
class probabilities directly from the input images in one go. This streamlined approach
not only improves efficiency, making it apt for real-time applications, but also maintains
competitive accuracy. Among these, YOLO is particularly noteworthy. Over time, several
iterations of YOLO have been released, each optimizing and refining the model, resulting
in a detector known for its speed and accuracy.

While advancements in CNN for defect detection have been rapid, each industry’s
defect datasets typically possess their unique features and patterns. Therefore, when
applying CNN to defect datasets from different industries, it is crucial to consider the
specificities of each dataset and make the necessary modifications and optimizations to
achieve optimal performance.

The defect dataset in this study pertains to defects in manufactured boards. Man-
ufacturing defect datasets often include flaws found on various mechanical parts and
workpieces, such as surface cracks and damages. These defects vary in shapes and
sizes and usually appear against intricate backgrounds, necessitating specialized image
enhancement techniques. Given the distinctiveness of defect datasets across industries,
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CNN can’t be directly replicated. When applying CNN to defect datasets of different
industries, adjustments in network architecture, training strategies, image enhancement,
and segmentation techniques are imperative for desired outcomes.

Addressing these challenges, this paper introduces an innovative algorithm for fur-
niture plate defect detection, aiming to achieve efficient and accurate defect detection
with a limited number of defect samples, even in complex plate image scenarios. To
counteract the imbalance in defect sample data, we’ve integrated effective data balanc-
ing strategies. By leveraging transfer learning [17] and data augmentation techniques
[18], we make the most out of the available defect samples, enhancing the algorithm’s
accuracy and robustness.

To bolster the research and evaluation of our algorithm, we’ve curated a compre-
hensive plate defect database that encapsulates various types and severities of defect
samples. This serves as a robust foundation for future research and algorithm compar-
isons. The presented research, with its limited sample data training, manifests effective
applications in defect detection.

In this paper, we’ll primarily discuss the proposed algorithm and validate its effec-
tiveness in furniture plate defect detection through comparative experimental results.
Our research will substantially support the quality control and production efficiency of
the furniture manufacturing industry. Furthermore, it will serve as a significant reference
in addressing the limited sample challenges across various domains. Looking ahead, we
aim to further optimize the algorithm’s performance, explore more real-world applica-
tions, and continuously refine our defect database, driving the evolution and application
of furniture plate defect detection technology.

The rest of the paper is structured as follows: Sect. 2 discusses related work. Section 3
delves into dataset collection and processing. Section 4 presents the research methodol-
ogy. Section 5 presents the training process and results. Finally, Sect. 6 summarizes the
conclusions of this paper.

2 Related Work

In the domain of defect detection, early methodologies relied heavily on image process-
ing algorithms. These algorithms worked by extracting surface features like textures
and shapes from the plates and subsequently used combined rules and thresholds to
detect defects. Commonly adopted methods included edge detection, texture analysis,
and morphological processing.

Luo et al. [19] proposed an image binarization optimization algorithm based on a
local thresholding method, specifically targeting the non-uniform background issues in
wood defect images. Experimental results demonstrated that their method substantially
improved wood defect image segmentation under complex backgrounds, achieving an
impressive 92.6% accuracy rate. Pahlberg et al. [20] and colleagues explored the fusion
of two feature detection methods to automatically match and identify individual Scots
pine boards. The first approach involved a block matching method utilizing normalized
sum of squared differences to detect corners and subsequently match the surrounding
square regions. The second approach was anchored on the Accelerated Robust Feature
(SURF) matching method. The fusion of these two detection techniques significantly
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boosted the recognition rate of wooden boards, pushing the matching accuracy beyond
90%.

As the wave of CNN took over, defect detection methods founded on machine learn-
ing began to gain traction. Such techniques revolved around algorithms that learned
defect characteristics from a plethora of samples, facilitating automated defect detection.
Compared to traditional image processing methods, machine-learning-oriented defect
detection approaches augmented both detection accuracy and robustness. However, these
methods are often contingent on having an extensive defect dataset for training.

Building upon VGG16, HE et al. [21] introduced the Mix-FCN, a hybrid fully convo-
lutional neural network. While ensuring automated defect classification, this model also
accelerated the detection speed, processing 50 images in just 0.368 s. Yang et al. [22]
and team presented a deep extreme learning machine model that married deep learning
feature extraction techniques with an extreme learning machine classification method,
achieving an outstanding 96.72% accuracy rate on a wood defect dataset.

Shi et al. [23] proposed the glance multiple channel mask region convolution neu-
ral network (R-CNN). By employing neural network architecture search techniques and
genetic algorithm optimization, they achieved a commendable 98.70% overall classifica-
tion accuracy and 95.31% mean average precision. Xu et al. [24] modified the YOLOv5n
and YOLOv5m models by incorporating the SimAM attention model and utilizing Ghost
convolution to reduce model parameters. This enhancement led to a 1.5% upliftin map0.5
while concurrently slashing the parameters by over 50%.

Another frontier in defect detection is the use of reconstruction network methods.
The hallmark of these methods is that they don’t rely on a vast defect dataset. Instead,
they necessitate training on normal data to develop a network adept at reconstructing
data. Schlegl [25] was a trailblazer in utilizing deep convolutional Generative Adversar-
ial Networks (GAN) for medical image defect detection, primarily focusing on disease
prediction. The approach involved learning the features of normal images and eventually
detecting defects. Building on AnoGAN, Han et al. [26] introduced enhancements by
incorporating an encoder to generate latent variables, eliminating the need for exten-
sive time-consuming prefix variable generation. Zavrtanik [27] adopted autoencoders to
reconstruct images and, to address the limitations associated with autoencoders’ inabil-
ity to fully reconstruct anomalous regions, employed random deletion of parts of the
image area.

In summary, from the rudiments of image processing to the sophistication of neural
networks and reconstruction methods, the landscape of defect detection has witnessed
a remarkable transformation over the years.

3 Sheet Defect Dataset

This section provides an overview of the sheet defect database composition and the
associated preprocessing steps.

3.1 Image Collection

In actual furniture sheet production lines, defective sheets are rare. They can only be
collected over extended periods and through active manual inspection. For this project, an
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industrial digital camera, LA-CM-08K-08A-00-R, was employed for image acquisition.
A collection of 313 defect data images was acquired from the production line of a certain
Company’s wood plate manufacturing facility. These images were categorized into three
classes: edge breakage, scratches, and damaged holes. Due to the wide range of surface
patterns found on furniture boards, which often include intricate textures and patterns
resembling board defects, our plate defect detection model faces significant challenges.
In particular, certain plate patterns and surface markings bear a striking resemblance to
actual defects, making it difficult for our model to accurately distinguish between them.
This presents a major obstacle in achieving reliable plate defect detection, and part of
the defect pictures in the dataset are shown in Fig. 1.

Fig. 1. Part of the sheet defect dataset image.

3.2 Dataset Processing

To streamline the training process and facilitate accurate labeling, the original sheet
images collected exhibited high pixel values and were resized to a length of 1280 pixels.
The Lanczos interpolation method was employed for resizing, with the shorter side
downscaled proportionally. The annotation process involved utilizing the labelimg tool
to obtain precise annotation data.

The resulting dataset consisted of 567 instances of edge breakages, 456 instances of
scratches, and 324 instances of damaged holes. While the number of hole defects was
relatively lower compared to the other two categories, the unique characteristics of hole
defects rendered them more distinguishable. Conversely, edge breakages and scratches
were more susceptible to the interference of sheet patterns, making the identification of
holes comparatively easier to identify. The distribution of defects on the training dataset
and the height and width of the defects accounted for in the image are shown in Fig. 2.
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Fig. 2. (a) The distribution of defects’ center point coordinates on the training dataset. (b) The
distributions of the defects’ width and length on the training dataset.

3.3 Incorporating Negative Samples

Owing to the scarcity of defect data, the trained network had difficulty discerning actual
defects. The missed detection rate for holes stood at 0.39, and the false positive rate for
scratches was as high as 0.45. Observing the excessive false positive rates for defects
like holes, 210 non-defective sheet samples were added to the dataset. This intervention
reduced the missed detection rate for holes to 0.24 and the false positive rate for scratches
to 0.22. This shows that when training, the model learns to distinguish objects of interest
from the background and assign them appropriate class labels. In the inference stage,
the model can better distinguish the detected target objects from the background and
provide corresponding detection boxes and category labels.

4 Network Method

4.1 Improved YOLOVS Structure

The primary goal of this work is to develop a network that offers enhanced identification
capabilities for our plate defect dataset.

Although YOLOV7 [28] has demonstrated better performance than YOLOVS on the
COCO dataset, YOLOVS presents stronger potential for improvement while maintaining
similar detection results. Therefore, we have opted to use YOLOVS as the baseline
model for our enhancements. Addressing the stated objective, we have crafted a deep
learning network based on YOLOVS, striving to elevate the recognition capabilities for
the plate defect dataset. YOLOVS is considered among the advanced object detection
algorithms and is lauded for its efficiency, precision, and user-friendly training approach.
Building on the YOLOVS foundation, we have introduced CBAM [29], an attention
mechanism, aiming to augment the network’s feature extraction prowess and target
recognition accuracy. Also, bearing in mind the presence of tiny objects within the plate
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defect dataset, a small object detection head was added to the original YOLOVS, ensuring
enhanced recognition and precise localization of minute defects [30]. Such refinements
enable our network to aptly cater to the plate defect dataset, offering more precise and
trustworthy defect identification outcomes, the overall structure of the proposed network
is shown in Fig. 3.
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Fig. 3. The overall structure of the proposed network.

4.2 Add CBAM Module

CBAM is a lightweight attention module capable of deploying Attention both in channel
and spatial dimensions. The backbone of YOLOVS is already adept at feature extraction,
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reducing its modifications aids in our transfer learning. Defects often have small sizes
and subtle texture changes, requiring models that can accurately focus on and capture
these detailed features. The integration of CBAM into YOLOVS is designed to amplify
the influence of limited features on detection outcomes. The schematic diagram of the
CBAM structure is shown in Fig. 4.
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Fig. 4. CBAM attention module.

The CBAM consists of two independent sub-modules: Channel Attention Module
and Spatial Attention Module. They perform channel and spatial attention operations,
respectively. In the Channel Attention Module, the input feature map undergoes global
average pooling and global max pooling in width and height. These pooled features
are passed through Multi-Layer Perceptrons (MLP) and summed element-wise. Subse-
quently, a sigmoid activation function generates the final channel attention feature map.
The mathematical representation of the Channel Attention Module is expressed as:

Mc(F) = 6(MLP(AvgPool (F)) + MLP(MaxPool(F))) (1)

The output feature map from the Channel Attention Module serves as the input
for the Spatial Attention Module. Initially, global average and max pooling operations
are executed across channels to produce two distinct feature maps. These maps are
then concatenated channel-wise, followed by a convolutional operation to reduce the
dimensions to a single channel. Finally, a sigmoid activation function generates the
spatial attention feature. The output features of the Spatial Attention Module are element-
wise multiplied by the input features, generating the final output feature map of the
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CBAM. The formulation of the Spatial Attention Module is as follows:
Ms(F) = o(f"*7 ([AvgPool (F); MaxPool (F)])) )

Incorporating CBAM at the end of the neck region in the YOLOVS architecture
substantially enriches the model’s feature representation capabilities during the final
stage of feature fusion. It adaptively selects important channels and spatial locations,
thereby bolstering feature expressiveness and perceptual abilities. By integrating CBAM,
the YOLOVS5 model shows better in its performance for defect detection tasks.

4.3 Small Object Detection Head

As can be inferred from the Fig. 2, The overall structure of the proposed net-work, small
objects are a significant part of the training data. The fundamental YOLOVS has three
detection heads, performing detections on feature maps sized 20 x 20, 40 x 40, and
80 x 80. Assuming that a defect target, when resized to 640 pixels in the input image,
has a pixel value of 8, it would vanish post-convolution on an 80 x 80 feature map.
Our dataset has a high proportion of small targets, and there are many defects with pixel
values less than 8. Therefore, it is necessary to add a small Object detection head.

In our revised approach, we continued from the 80 x 80 feature map concatenation
point of the original YOLOVS. It undergoes a C3 structure, convolution, up-sampling,
and concatenation with the backbone’s first C3. This sequence is followed by another
C3 and CBAM to yield a 160 x 160 feature map.

5 Experimental Process and Analysis of Results

YOLOVS offers four different variants, differentiated by their level of complex-
ity: YOLOvSs, YOLOv5Sm, YOLOvSI, and YOLOvSx. After careful consideration,
YOLOVSI was selected for modification due to its balanced trade-off between detection
accuracy and training difficulty.

The training dataset consists of 264 images, and the testing dataset comprises 50
images. Given the relatively small size of the training set and the absence of pre-trained
weights for the modified architecture, the model was trained for an extended duration
of 600 epochs. The batch size was set to 32, and all training images were resized to a
uniform dimension of 640 x 640.The hardware and software environment configuration
used for all experiments in this article is shown in Table 1.

In the domain of object detection, commonly used evaluation metrics include Aver-
age Precision (AP), Mean Average Precision (mAP), Precision (P), and Recall (R). These
metrics provide a comprehensive assessment of a model’s effectiveness in terms of both
its discriminatory power and its ability to correctly identify positive samples. True Pos-
itive (TP): The number of actual positive samples correctly predicted as positive. False
Negative (FN): The number of actual positive samples incorrectly predicted as negative.
False Positive (FP): The number of actual negative samples incorrectly predicted as pos-
itive. True Negative (TN): The number of actual negative samples correctly predicted
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Table 1. Experimental environment configuration.

Operating system

Centos 7

CPU

Intel(R) Xeon(R) CPU E5-2680 v3 @ 2.50 GHz

GPU NVIDIA GTX 1080Ti 11G
Memory 125G

Programing language Python 3.7

Algorithm framework Pytorch 1.7.0
Development environment Anaconda

as negative. The metrics Precision (P), Recall (R), Average Precision (AP), and Mean
Average Precision (mAP) can be defined as follows:

mAP

TP
P=——
TP + FP
TP
R=——
TP + FN
Py +Py+--- +P
AP = o1 2+ n
n
_ AP+ AP+ + APy

n

3)

4)

(&)

(6)

In the experimental process, four CBAM modules were appended to the end of the
Neck, along with the inclusion of a small object detection head, aiming to enhance
the model’s capability in detecting plate defects. In order to validate the effectiveness
of the attention modules and the small object detection head within the plate defect
detection model, comparative experiments were conducted. The detection performance
of the model with the integration of CBAM positions and the small object detection head
in YOLOVS5 was compared, and the comparative results are presented in Table 2.

Table 2. The comparison of models.

Model CBAM Little Head P/% R/% mAP@0.5/%
YOLOVSI X X 82.1 76.4 80.1
Improvel 3 X 80.8 75.1 80.4
Improve2 4 X 82.0 71.4 78.9
Improve3 X Vv 80.2 71.8 79.7
Improve4 5 i 78.4 76.5 81.3
YOLOVS5I-ours 4 Vv 83.3 71.2 81.6
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From the experimental data in Table 2, it can be seen that compared with Improvel
where CBAM was not added at the end of the backbone, adding CBAM to the backbone
in Improve 4 that did not lead to an increase in detection performance, but a drop in map50
from 80.4% to 78.9%. This outcome can be attributed to the fact that the original main
feature extraction network of YOLOVS is already proficient, and the relatively small size
of our dataset is insufficient to effectively train the newly introduced CBAM-enhanced
main network. However, the introduction of CBAM to the Neck of YOLOvV5 has shown
beneficial effects in terms of fusing features of various scales more effectively, thereby
enhancing the model’s perceptual capability and accuracy.

We selected Faster R-CNN, SSD, and YOLOVS as comparative experiments in the
context of object detection. All these algorithms were trained on pre-trained base mod-
els. This approach not only significantly reduces training time but also enhances the
detection performance of the networks. The final training outcomes and evaluations of
each algorithm are summarized in Table 3.

Table 3. The comparison of different algorithms.

Model Backbone P/% R/% mAP@0.5/%
Faster R-CNN ResNet-50 39.4 78.5 62.6
SSD ResNet-50 88.9 39.0 71.5
YOLOvVS8 CSPDarkNet-53 71.34 73.9 77.2
YOLOVS5s CSPDarkNet-53 79.0 70.8 78.9
YOLOVSI CSPDarkNet-53 82.1 76.4 80.1
YOLOvV5x CSPDarkNet-53 83.1 73.9 80.3
YOLOvS5I-ours CSPDarkNet-53 83.3 71.2 81.6

Compared to the original YOLOvS51 model, our proposed method achieved an approx-
imately 1.5% improvement in mAP. Furthermore, when compared to other algorithms,
our method demonstrated superior performance on the test dataset. This leads to the con-
clusion that the detection approach proposed by the author, involving the incorporation
of a small object detection head and CBAM attention modules, significantly enhances
the efficacy of plate defect detection. Figure 5 shows the different sheet defects predicted
by our algorithm model.

In order to verify the effectiveness of this algorithm, we introduced the NEU steel
defect dataset, which is similar to our plate defect dataset, for comparative experiments.
The results and evaluations before and after improvement for each defect dataset are
summarized in Table 4.

Judging from the results of the NEU steel defect dataset, our algorithm has improved
defect detection.
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Fig. 5. Predicted plate defect images.

Table 4. The comparison of different datasets.

Model Improve P/% R/% mAP@0.5/%
NEU-DET X 73.4 77.6 80.3

Vv 73.4 82.7 85.7
Our dataset X 82.1 76.4 80.1

4 83.3 71.2 81.6

6 Conclusion

Based on the plate defect dataset provided by a certain intelligence company, this paper
addresses challenges related to defect feature complexity and the small size of defect
targets. By enhancing the YOLOVS5 object detection algorithm, notable improvements
have been achieved in its detection performance on this dataset.

Experimental results underscore the effectiveness of this approach in enhancing plate
defect detection. The proposed model demonstrates an approximate 1.5% increase in
AP compared to the original YOLOv5I model.

To simulate a real-life scenario in plate production, we have curated a novel wood
plate defect dataset characterized by a high proportion of small-sized targets, effectively
reflecting the actual defects found in production. This dataset provides valuable material
for an objective evaluation of the model’s performance.
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