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1. Introduction

Toothbrush is a necessary product in people’s daily life its
quality directly affects the consumer hygiene and health. As the 
world 's largest toothbrush output of the country, which is also 
the largest toothbrush consumer and huge export of toothbrush 
exporters, Chinese toothbrush production industry still faces 
many challenges, such as the current domestic toothbrush 
manufacturing equipment is not automated enough, the 
detection of bristles’ quality is mainly manual, which means 
low efficiency, the unsustainable operator fatigue, resulting in 
a low performance in detecting subtle defects with the 
consequence of an overall final product low quality and safety 
issue [1].

Visual detection technology began to aid the production 
requirements in terms of high quality and production. 
Compared to manual inspection, the use of machine vision to 
monitor and assess the bristles’ quality presents a number of 
advantages especially in terms of production defects detection 
efficiency and accuracy. Moreover, automated inspection can 
overcome issues related to workers health and safety such as 
misjudgment due to visual fatigue. Automation can improve the 
inspection accuracy and cost effectiveness [2][3].

Literature contribution in the area of the quality monitoring 
and control have involved the use of computer vision. In this 
context Shen Wei proposed a visual-based detection method to 
perform image segmentation in the HSV color space to extract 
the area of interest and its related characteristics to , be 
compared with reference value to assess the toothbrush quality 
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Abstract

Toothbrush manufacturing process is prone to a number of defects concerning the bristle stapling, affecting the amount of scrap parts and rework.
State-of-the-art inspection techniques are characterized by low efficiency, unsustainable operator fatigue, resulting in a low detection performance 
with the consequence of an overall final product low quality and safety issue. To enable an automatic process monitoring this paper presents a 
machine vision-based inspection system endowed with a deep-learning YOLOv5s-based decision-making for toothbrush bristles defects 
identification and characterization. The proposed system is made of three modules, respectively the image acquisition module, the image 
processing module and the intelligent defect classification module. A laboratory scale experimental rig was designed in order to carry out trial 
aimed at validating the proposed monitoring method. The results of testing demonstrated a high classification accuracy capability and high 
performances in terms computation time, indicating an excellent suitability for industrial applications.



Nengsheng Bao  et al. / Procedia CIRP 118 (2023) 1072–1077 1073

compliance [4]. Local image thresholding and Blob analysis 
have been also utilized for toothbrush burr defects detection and 
classification [5].

Deep Learning (Deep structured learning, hierarchy learning 
or Deep machine learning) is an artificial neural network with 
a deep structure, Its essence is that of simulating the human 
brain, Attempting to use multiple processing layers with 
complex structures, or processing layers consisting of multiple 
nonlinear transformations, By combining the underlying 
features, Form a more abstract high-level features, Realize the 
ability of human analysis and learning, To fit the various things 
in people's everyday life [6][7].

Deep learning has better complex structure expression 
capabilities compared to traditional machine learning methods, 
and can replace hand-made feature with efficient algorithms for 
unsupervised or semi-supervised feature learning and 
hierarchical feature extraction, varying different processes. 
Moreover, deep learning has a stronger generalization ability of 
deep learning compared to machine learning [8].

The toothbrush manufacturing process can be summarized 
in five main steps shown in Fig. 1. Raw material, i.e., plastic 
pellets are processed via injection moulding to form the 
toothbrush handle. Subsequently, nylon bristles are folded and 
fastened to the plastic body using metal staples. The next step 
provides for bristle trimming and grinding to meet the design 
specifications. The product is then subject to a quality control 
and eventually packed. 

This paper aims at developing a monitoring system to 
characterize defects occurring following the bristle fastening 
process. The framework of this research paper shows in the 
Fig.2. 

2. Framework and algorithm

The proposed monitoring system has a modular architecture 
as illustrated in Fig.2, consisting in an image acquisition 
module, an image preprocessing unit and an intelligent 
decision-making module. The latter is aimed at classifying 
toothbrush samples according to the manufacturing defects 
described in the remainder of this section detected via computer 
vision. 

Fig. 1. Toothbrush manufacturing process flow-chart.

Fig. 2. Detection system overall framework.

2.1. Image acquisition

The hardware part of the toothbrush bristles image 
acquisition module consists of an industrial digital camera, a 
tailored light source, computer server and network cable. 

This hardware is installed on the toothbrush production line 
as shown in Fig.3. The image acquisition system is designed to 
acquire digital images of the front view of the toothbrush core.
The camera and lens details are reported in Table 1.

Fig. 3. Experimental setup.

Table 1. Camera and lens parameters.

Item Property
Camera MER-1070-10GC-P
Resolution (pixel) 3840(H)×2748(V)
Frame rate 10FPS
Sensor type 1/2.3” CMOS Electronic Rolling Shutter
Lens HN-1614-2M-C2/3X
Focal length (mm) 16
Field of view (degrees) 30.5° (horizontal) ×22.9° (vertical)

Packaging

Product testing

Bristle grinding

Bristle fastening

Injection moulding
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2.2. Image processing

In order to enable an effective image classification, basic 
pre-processing operations are carried out and classification 
standards for the various manufacturing defects to be identified 
have to be defined. Eventually, an intelligent decision making 
is enabled for the automatic defects classification.

2.2.1. Image pre-processing

Each single raw image captured by the camera is subject to 
a pre-processing procedure aimed at enhancing brightness and 
contrast to facilitate the image classification. In this respect a
linear transformation shown in Eq.1 is applied to the raw 
images.

𝐼𝐼𝑝𝑝 = 𝑎𝑎𝐼𝐼𝑟𝑟𝑟𝑟𝑟𝑟 + 𝛽𝛽 (1)

Where 𝑰𝑰𝒑𝒑 is the pre-processed image and 𝑰𝑰𝒓𝒓𝒓𝒓𝒓𝒓 is the raw
image. The contrast and the brightness parameters values have 
to be experimentally determined based on the camera settings 
and the light system design. 

2.2.2. Defect characterization

As Fig.5(a) shows, the toothbrush type considered in this 
paper is designed to have 35 holes for bristles tufts fastening.
The design requires that bristles should be placed vertically 
(perpendicularly to the core), i.e. supposed not to have bristles 
bended beyond the core. Each tuft should contain from 36 to 
48 bristles). In the bristles fastening process, the pre-assembled 
bristles tufts need to be fastened into the corresponding hole 
position with metal staples [9]. According to a toothbrush 
quality inspection report carried out by the industrial partner 
Xuejie Daily Chemical Products Co. ltd, Shantou, China, three 
manufacturing defects are to be considered as the most 
relevant, as described below:
• No bristles (NB): the bristles fastening process is severely

conditioned, no bristles are implanted in the hole position.
Such defect is shown in Fig.5(c).

• Insufficient number of bristles (IB) the bristles fastening
process is not successfully carried out resulting in a
partially filled tuft. An example of this type of defect is
shown in Fig.5(b).

• Bristles deflection (BD) The nylon bristles are soft and
can be easily bent by external forces during handling and
fastening. It appears to be the most common defect during
throughout the manufacturing process, and it is shown in
Fig.5(d).

Table 2 provides for a quantitative standard for the process 
monitoring defect classification. As concerns the assessment, if 
a toothbrush specimen has at least one defected tuft, the whole 
toothbrush is considered defected.

2.3 YOLOv5s-based decision-making support system 

The YOLOv5s (acronym for You Only Look Once [10]) is
a deep-learning network model and its structure is divided into 
four parts: Input terminal, Backbone, Neck, and Output 
terminal, as shown in Fig.6

(a) (b)

(c) (d)

Fig. 5. Four toothbrush conditions: (a) as-designed with no defects; (b) no 
bristles; (c) insufficient number of bristles; (d) bristles deflection.

Table 2.. Classification standards for various types of defects 

Defect 
Type Defect description Standard 

definition

NB Unsuccessful bristle fastening, almost no 
bristle in hole position

0-3 bristles in one 
tuft

IB Incomplete bristles fastening, the hole still 
only partially filled

4-12 bristles in 
one tuft

BD Degree of branch and bifurcation of the 
bristles

Horizontal 
projection outside 
the hole contour 
more than 1mm

The input terminal consists in the batch of input image 
instances, the backbone consists in a Convolutional Neural 
Network (CNN) that aggregates and forms image features at 
different granularities. The neck is made of a series of layers to 
mix and combine image features to pass them forward to 
prediction. 

The Output terminal utilizes features from the neck and 
takes box and class prediction.

The flowchart reported in Fig. 6 shows a modular structure 
characterized by the use of a number of common modules 
throughout the whole network. Such modules are the 
following: 
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Fig. 6. YOLOv5s network structure diagram.

CBL module [11]: abbreviation for Convolution (Conv). + 
Batch Normalization (BN) + LeakyReLU. Here Conv is a 
convolution function, BN is a layer to speed up the 
convergence of model training, making such process more 
stable, avoid gradient explosion or gradient vanishing while 
LeakyReLU is an activation function [11];

SPP (Spatial Pyramid Pooling): avoid image distortion 
caused by clipping and scaling of image region, and also to deal 
with the problem of repeated feature extraction of image by 
convolutional neural network to improve the computing speed.

Concat: a tensor splicing, which concatenates two tensors. 
For example, the splicing of two tensors 26*26*256 and 
26*26*512 results in 26*26*768 tensor. This means that two 
maps respectively with 256 and 512 features, when spliced 
together produce 768 features, increasing the number of 
features in a map;

CSP (Cross Stage Partial Network) [12]: divides the input 
into two directions to extract features, which speeds up the 
process, reduces the computational effort, and provides more 
features for modeling. The remainder of this section describes 
the YOLO v5s structure in details.

2.3.1 Input terminal

With each training batch, YOLOv5s passes training data 
through a data loader, which augments data online. The data 
loader makes three kinds of augmentations: scaling, color space 
adjustments, and mosaic augmentation [10]. The most novel of 
these being mosaic data augmentation, which combines four 
images into four tiles of random ratio, as shown in Fig.7.

Then introducing the frame corresponding picture into the 
neural network to learn, it’s equivalent to passing in four 
pictures at once to learn. Unlike the general data enhancement 
method only enhances single image by randomly flipped or 
rotation and color gamut, Mosaic greatly enriches the 
background of the detected object and calculate four images at
same time during the BN calculation [13]. Such operation is 
equivalent to increasing the batch size.

During training phase, the network outputs the prediction 
box based on an initial anchor box, then compares such result
to the real box (ground truth), computes the gap, then reverse 
updates the network parameters and iterates until a termination 
criterion is met.

The initial anchor block size is calculated using the K-means 
cluster algorithm [14]using the Intersection over Union (IoU)
as distance metric, where each box is assigned to the nearest 
anchor frame, i.e. IoU maximum.

In object detection, input images can have different sizes 
and proportions, therefore raw images are usually rescaled to a 
unified size and then sent to the detection network. Due to the 

(a) (b)
Fig. 7. Mosaic data enhancement instance. (a)4 single image; (b ) four 

images become a single image by Mosaic data enhancement.
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different aspect ratio of the input image, the size of black sides 
at both ends of the image are different after scaling operation, 
and the more filling will lead to information redundancy and 
affect the inference speed. YOLOv5s reduces the amount of 
calculation by adding the least black edge to the original image 
adaptation, and improves the target detection speed. 

2.3.1 Backbone

The backbone aims at extracting relevant features from 
input images. In this context, the Focus module is used to slice
one data information into four. Moreover, a number of Cross 
Stage Paritial Networks (CSPNet) are used to integrate gradient 
changes into the feature graph, reducing the number of model 
parameters and therefore the computational effort. YOLOv5s 
utilizes two kinds of CSPs structure, namely CSP1_X, applied 
to the Backbone network, and the CSP2_X, applied to Neck. 
[12].

2.3.2 Neck

In the Yolov5s the Neck is used to generate feature pyramids
in order to improve the object scaling generalization. In this 
context it is used to identify same objects with different sizes 
and scales, helping models to perform well on unseen data. The 
Neck uses Feature Pyramid Networks (FPN) and Personal Area 
Network (PAN) structures with stronger integration of network 
features. FPN is top-down, transferring the high-level feature 
information through upper sampling to obtain the feature map 
for prediction. Unlike the FPN layer, the Neck section adds a 
bottom-up feature pyramid behind the FPN layer, containing 
two PAN structures. By conveying the FPN layer top-down and 
the strong localization features from the bottom-up, the 
different detection layers from different trunk layers.

2.3.3 Output

The loss function of the YOLOv5s network model consists 
of three parts: (1)objectness score; (2)class probability score;
(3)bounding box regression score. The bounding box is 
modelled by using a Generalized Intersection over Union
(GIoU) loss function as reported in Eq. (1).

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 = 𝐼𝐼𝐼𝐼𝐼𝐼 −
|𝐶𝐶/(𝐴𝐴 ∪ 𝐵𝐵)|

|𝐶𝐶|
(1)

where A and B represent two arbitrary boxes and C is the 
smallest closed shape that can contain A and B. The IoU 
threshold has to be experimentally determined. Then 1 minus 
GIoU is going to get 𝐿𝐿𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺, namely GIoU Loss.

The loss of objectness score adopts Binary Cross Entropy
(BCE) Logits loss, class probability score using using BCEcls 
loss biclassification cross entropy, then use the Focal loss (𝐿𝐿𝑓𝑓𝑓𝑓)
to calculate the loss function [15].

Focal Loss can reduce the large use of negative samples in 
the process of model training and improve the serious 
imbalance of positive and negative samples. The specific 
calculation formula is shown in formula (2).

𝐿𝐿𝑓𝑓𝑓𝑓 = {−𝛼𝛼(1 − 𝑦𝑦′)𝛾𝛾𝑙𝑙𝑙𝑙𝑙𝑙𝑦𝑦′ , 𝑦𝑦 = 1
−(1 − 𝛼𝛼)𝑦𝑦′𝛾𝛾 log(1 − 𝑦𝑦′) , 𝑦𝑦 = 0 (2)

where y' is the output after the activation function, γ is a factor 
to adjust the reduction rate of the simple sample’s weight, α is 
the balance factor to balance the weight of positive and 
negative samples.

3 Experimental tests

A series of experimental tests has been carried out at 
laboratory-scale level to validate the framework proposed in 
section 4. The experimental programme included 581 image 
samples of toothbrush tufts for training and validation. The 
hardware and software utilized for the experimental campaign 
are as follows. CPU: Intel(R) Xeon(R) Gold 5122 CPU @ 
3.60GHz GPU: GeForce RTX2080Ti (11GB), working with a 
Linux operating system.

3.3.1 Image pre-processing

Given the experimental setup in terms of camera and 
lighting settings, the contrast parameter 𝛼𝛼 was set to 1.5 and the 
brightness parameter 𝛽𝛽 was set to 50. The pre-processing steps 
are shown in Fig. 8.

Yolo5vs settings

The pre-processed images were fed to a Yolo v5s-based 
classifier configured with the following parameters: Deep 
learning framework: Pytorch1.5.0, parallel computing platform:
CUDA10.1.105, Three max number of iterations were selected, 
i.e. 500, 1000 and 1500. The target confidence threshold was
set to 0.5 and the IoU threshold was experimentally set to 0.3.

The Yolov5s-based classification system was trained with a 
dataset of 487 toothbrush samples images, validated using 580
images. Following the training and validation, a dataset of 2949 
toothbrush specimens images was used for the system test.

4. Results and discussion

The test results of the network model are shown in Table 3.
The model training shows only 2 misclassifications, 

achieving an average accuracy of 99.59%. Concerning the 
validation, the number of misclassifications reported are 41 
over a total of 580 samples, resulting in an average accuracy of 
92.93%. The test phase, carried out the largest number of 
samples, shows a higher number of misclassifications, i.e. 325, 
yielding an average accuracy of 89.27%. 

Most misclassifications occur in correspondence of the 
samples with no defect (ND) and bristles deflection (BD). Such 
results can be explained by the unbalanced number of samples 
adopted for the various defect classes as well as for the 
particularly high number of samples used in the test phase 
compared to those used for the training and validation.

(a) (b) (c)
Fig. 8. Image pre-processing. (a) raw image; (b) Contrast enhancement;

(c) Contrast and Brightness enhancement.
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As regards the GUI, in order to reduce the computer 
workload and the computation time, only defected samples 
were labelled, as shown in Fig.9. Concerning the number of 
epochs, the model achieved the highest accuracy in 
correspondence of 1500 epochs, so such value was finally 
selected for follow-up.

The detection speed assessment was carried out on 100 
toothbrush samples images randomly extracted from the test 
dataset. The time required to process and detect defects on such 
samples ranges from 0.006 s to 0.018 s resulting suitable to 
meet the production inspection requirements. Further analysis 
has to be carried out to quantify the computation time for 
samples characterized by overlapped defects,

5. Conclusions

This paper presents a method for detection and classification 
of toothbrush defects based on YOLOv5s network. First, 
toothbrush sample images dataset was built and subject to 
image pre-processing. Consequently, the dataset is used to train 
and validate an intelligent decision-making system for defects 
classification. Such system was finally tested with a number of 
images for assessing the classification capabilities. The 
industrial suitability was assessed in terms of detection speed.

(a) (b)

(c)

Fig. 9. The final output of the detection result: (a) no bristles; (b) 
insufficient number of bristles; (c) deflected bristles.

Table 3. Classification results.

Class Samples False 
positive

False 
negative

Accuracy
(%)

Tr
ai

ni
ng

ND 157 0 0 1
NB 61 1 0 0.9836
BD 227 0 0 1
IB 42 1 0 0.9762

V
al

id
at

io
n ND 210 12 0 0.9429

NB 48 0 3 0.9375
BD 140 4 5 0.9357
IB 182 1 16 0.9065

Te
st

ND 1999 253 1 0.8734
NB 122 0 15 0.8770
BD 470 9 38 0.9020
IB 358 0 9 0.9940

Experimental tests show that the characteristics of fast 
processing time and high accuracy can be used as a new method 
of industrial toothbrush brush quality detection. Ongoing work 
is focusing on improving the classification performance by 
improving the image acquisition unit, fine tuning the Yolov5s 
parameters and architecture, as well 
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