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Abstract

Gears are the core components of transmission systems, and their health status is critical
to the safety and stability of the entire system. In order to efficiently identify the typical
fault types such as missing teeth and broken teeth in gears, this paper collects a rich sample
under complex backgrounds from different shooting angles and lighting conditions. Then
a hierarchical approach is used to describe gear faults on the image. The gear samples
are first segmented for image extraction and then finely labeled for gear fault regions. In
addition, imbalanced datasets are produced to simulate the environment with fewer fault
samples in the actual industrial process. Finally, a semi-supervised learning framework is
trained based on the above method and applied in actual environment. The experimental
results show that the model performs well in gear target detection and fault diagnosis,
demonstrating the effectiveness of the proposed method.

Keywords: target detection; fault diagnosis; convolutional neural networks; hierarchical
annotation; semi-supervised learning

1. Introduction
In modern industrial processes, as mechanical equipment becomes increasingly com-

plex and automation levels rise [1], gears are widely used as core transmission components
in high-end intelligent manufacturing fields such as automobile, aerospace, shipbuilding
and rail transit [2]. Therefore, the working status of gears will directly affect the overall
performance of the equipment. Due to various problems such as changes in loads and
external impacts during long-term operation, gears are prone to faults such as missing teeth
and broken teeth [3]. If these faults are not detected and investigated in a timely manner, it
will not only reduce the operating efficiency of the equipment, but also cause equipment
shutdown and damage, leading to safety accidents and huge economic losses.

Hence, gear fault diagnosis has been an important research direction in the industrial
field [4]. Traditional manual detection is time-consuming and labor-intensive, and no
longer meets the efficiency requirements of the intelligent manufacturing industry. Signal
analysis based on sensors effectively improves detection efficiency and is a common diag-
nostic method. Xiao et al. [5] use a phonon crystal resonator with directional enhancement
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capabilities for acoustic signals to identify fault categories by analyzing the acoustic signals
of gears. Similarly, spectral analysis is used for fault diagnosis. A blind deconvolution strat-
egy based on spectral kurtosis is proposed, which performs gear fault detection by filtering
in the order domain [6]. However, methods based on signal analysis are easily affected by
noise when extracting fault features and have certain limitations in practical applications.

Currently, fault diagnosis techniques are categorized into mechanism-based methods
and data-driven methods [7]. In terms of mechanism-based methods, a gear crack prop-
agation model is constructed for dynamic simulation to extract fault characteristics [8].
However, due to the insignificant change of early crack propagation in gears, this method
is unable to identify faults in time when they occur. To improve the real-time performance
and accuracy of fault diagnosis, Dadon et al. [9] propose a new general model of gear
dynamics that analyzes the effect of faults on meshing stiffness to simulate common tooth
surface defects. Although mechanism modeling methods accurately reflect the dynamic
behavior of real systems, the complexity of physical structures and the large computational
requirements limit the widespread use of this method.

With the development of machine learning, the fault diagnosis methods based on
data modeling have demonstrated powerful capabilities in complex industrial systems [10].
Deep learning has become the foundation for most data-driven fault diagnosis methods
due to its ability to better extract underlying features from complex data [11]. Currently
popular deep learning models such as convolutional neural networks, long short-term
memory networks, graph neural networks and autoencoders have been successfully ap-
plied to gear fault identification and have achieved remarkable results [12–14]. For example,
Heydarzadeh et al. [15] use detection signals in the discrete wavelet domain as input for
a deep neural network to diagnose transmission gear faults. Saufi et al. [16] develop a
fault diagnosis system based on time-frequency image pattern recognition using stacked
sparse autoencoders. However, these methods have high requirements for data balance
distribution. In fact, the number of fault samples is much smaller than the number of
normal samples [17], making it extremely difficult for the model to capture fault features
during training, resulting in false positives and false negatives.

To solve the problem of imbalanced data, traditional oversampling tends to repeat
sample noise, resulting in overfitting; while undersampling tends to lose marginal samples,
leading to underfitting [18]. In order to optimize traditional sampling methods, Dablain [19]
proposes a deep synthesis oversampling technique for minority groups. However, for
neighboring samples of different categories, the samples synthesized by this method
tend to confuse features. In addition to adjusting the samples, category weights are
introduced and integrated with the loss function to strengthen the influence of minority
categories on model parameters [20]. However, the setting of category weights depends on
experience and the effectiveness of them is limited. Moreover, ensemble learning is also
a solution. AdaBoost [21] and Random Forest [22] have been applied to imbalanced data
classification problems and have achieved remarkable results. However, existing ensemble
learning methods usually rely on strong feature selection, complex model training, and
high computational costs [23].

Semi-supervised learning is another approach to mitigating the effects of the im-
balanced datasets. Currently, semi-supervised learning is categorized into generative
methods, graph-based methods, consistency regularization methods, and pseudo-labeling
methods [24]. Generative methods accomplish classification tasks by learning the latent
distribution of data through tools such as generative adversarial networks [25]. However,
due to the limited amount of labeled data, the training process is less stable. Graph-based
methods often incorporate graph neural networks [26], treating samples as nodes and
sample similarity as edge weights, thereby assigning identical labels to similar nodes.
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However, their performance relies on the selection of similarity metric. A classic example of
consistency regularization is the teacher–student model [27]. The teacher model provides a
more stable target for training of the student model. This approach relies on data augmen-
tation strategies and requires training two models, resulting in high computational costs.
Pseudo-labeling methods [28] first train an initial model using the labeled data to assign
high-confidence predictions to the unlabeled data, then they are added back to the training
set for retraining. However, this approach is prone to accumulating and amplifying errors.

The popular public datasets have balanced sample sizes across all categories and
contain images with pure white backgrounds, taken from the same angle and under
bright, uniform lighting conditions like Figure 1. This facilitates model training, but
images with cluttered backgrounds, tilted shooting angles and shadow interference are
very common in actual industrial scenarios. In such cases, models trained by public
datasets are likely to experience a decline in accuracy during fault diagnosis because they
have not learned gear features under complex environmental conditions. Therefore, this
paper collects images of gear samples from different shooting angles and under different
lighting conditions in complex environments, and then uses annotation tools to describe
gear faults hierarchically. Unlike traditional end-to-end models with weak interpretability
in decision-making, where the features for the diagnosis remain unknown, the hierarchical
annotation training proposed in this paper provides a clear diagnostic logic. In the first
stage, the model extracts the entire gear from complex backgrounds. In the second stage,
it locates the faulty area on the gear and then determines the fault type based on this
location. Furthermore, three different ratios of imbalance datasets are created. Next, a
semi-supervised learning framework that combines convolutional neural networks (CNN)
and K-means is trained by using the dataset constructed above. Finally, the trained model is
applied to the transmission gear assembly platform, demonstrating excellent performance
with high accuracy, precision, and recall. The contributions of this paper are as follows:

1. Hierarchical training is employed to enhance the gear fault localization capabilities of
diagnostic models in complex environments.

2. Imbalanced datasets are generated for hierarchical annotation, where images are
captured under complex backgrounds from varying distances and angles.

3. The model trained by using the proposed method is applied to actual sites and its
excellent performance proves the effectiveness of the method.

The rest of this article is organized as follows. Section 2 describes the data collection
and annotation methods as well as the construction of the semi-supervised learning frame-
work. Section 3 conducts the experiments and analyzes the results. Finally, conclusions
and future work are presented in Section 4.

Figure 1. The gear public dataset sample images (https://universe.roboflow.com/gear-u48i0/gear-
defect accessed on 24 July 2025). The (left) image shows missing teeth and the (right) shows broken
teeth.

https://universe.roboflow.com/gear-u48i0/gear-defect
https://universe.roboflow.com/gear-u48i0/gear-defect


Machines 2025, 13, 893 4 of 17

2. Methodology
2.1. Data Acquisition

The gear type selected for target detection and fault diagnosis is the 32-teeth hexagonal
shaft gear with a connecting rod. The specific dimensions of this gear are shown in Figure 2.

Thick

Aperture 2B

Figure 2. Specific dimensions of the hexagonal shaft gear.

As can be seen from Figure 2, the length of the gear base is only 27.2 mm. Therefore,
if a loss or breakage fault occurs on a single gear tooth, the fault area is relatively small.
This small local difference places high demands on the feature extraction capabilities of the
target detection network. At the same time, due to the 3 mm thickness of the gear profile, if
the angle between the camera’s shooting center and the faulty gear is too large, the edge
features of the gear are likely to become distorted and blurred, making it easy to confuse
the type of gear edge defect. These issues make it difficult for CNNs trained by traditional
methods to accurately identify fault types.

Figure 3 shows a schematic diagram of the faulty gear made from the 32-teeth hexago-
nal shaft gear. The main faults are missing teeth (Figure 3a) and broken teeth (Figure 3b).
Both types of gear faults are common in industrial production, which would cause signifi-
cant losses in the industrial production process.

(a) missing teeth (b) broken teeth

Figure 3. Faulty gear sample images.
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Analysis of Figure 3a shows that missing teeth areas typically exhibit characteristics
such as discontinuities at the gear edge, local structural defects, and concave contours.
Unlike normal gears with periodic contours, missing teeth gears exhibit sudden disconti-
nuities at the boundary. Additionally, the color values and texture characteristics of the
missing areas are significantly different from those of the normal teeth sections. As shown
in Figure 3b, teeth breakage typically exhibits localized notches or irregular depressions on
the teeth tips and teeth surfaces of the gear teeth. Broken-teeth gears differ from normal
missing-teeth gears in that the geometric structure of the teeth profile is often irregular, and
the crack patterns vary. The surface texture at the broken-teeth location typically exhibits
a rough and uneven state, often accompanied by varying degrees of burrs, debris, and
microscopic surface fractures.

It can be seen that the image range of fault features are very small. When the gear is
placed at a distance close to the camera, an industrial camera that cannot adjust its focus
will lose focus, causing the image to be blurred and making it impossible to accurately
obtain the gear fault features. When the gear is placed at a distance far from the camera, an
industrial camera with low resolution will also be unable to capture clear images of the
gear’s edge features. To ensure the quality of gear image acquisition, this paper selects a
USB interface camera from RMONCAM as the image acquisition device whose specific
parameters are shown in Table 1.

Table 1. The parameters of the RMONCAM camera.

Parameters Descriptions

pixel 2 million
maximum resolution 1920 × 1080

clarity 1080p
communication interface USB

sensor type CMOS
support system Windows, Mac OS, Android, Linux

This camera ensures high image clarity and preserves image details. At the same time,
the USB interface greatly simplifies the experimental platform setup process and improves
deployment efficiency.

Considering that fault features are influenced by shooting conditions, a data collection
strategy is employed using different shooting angles, distances, and orientations of gear
defects to enhance the diversity and balance of input data for the deep learning model.
During the shooting process, the gear samples were fixed on a brown experimental box that
could rotate freely and adjust the distance, while the camera was supported by a tripod to
maintain a relatively stable acquisition posture. The collected samples included healthy
gears, gears with missing teeth, and gears with broken teeth. Considering that gears with
the same defect type have differences and diversity in the details of the defect area, each of
the three types of gears had ten samples with distinct features. Each gear was placed on
the experimental box at different rotation angles to ensure that defects could be captured
from all directions of the gear teeth. Additionally, the camera was positioned at different
angles relative to the gear center (e.g., −15°, 0°, 15°) and at varying distances (e.g., 20 cm to
60 cm) to obtain a diverse range of gear samples, thereby enhancing the model’s ability to
detect changes in the target space. Examples of images under different shooting conditions
are presented in Figure 4.
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(a) (b) (c)

Figure 4. Examples of images under different shooting conditions. (a) angle = 0°, distance = 40 cm.
(b) angle = −15°, distance = 60 cm. (c) angle = 15°, distance = 20 cm.

2.2. Hierarchical Annotation

The image acquisition process yields a diverse range of gear samples. However, the
shooting environment for the acquisition process is set in a standard indoor workbench
area, where the background inevitably includes many irrelevant elements. This factor leads
to the raw images containing complex backgrounds and blurred boundaries of the gear
targets. If a traditional single-stage object detection process is used, the features on the
gear boundaries are confused by background interference. Therefore, improvements to the
image annotation strategy are necessary. A hierarchical annotation strategy is employed
to describe gear faults, aiming to enhance detection accuracy and system versatility. The
first stage focuses on precisely extracting gear targets from complex backgrounds within
the overall image, while the second stage concentrates on refined defect identification and
classification within the gear images extracted in the first stage.

Both stages of annotation are performed using Labeling software. The annotation
format follows the YOLO standard format, with each image corresponding to a .txt file.
Each line in the file represents the detection information for a single object, with the data
arranged from left to right as follows: the category label of the object, the x and y-coordinate
of the center point of the annotation box relative to the image, width and height of the
annotation box relative to the image.

In the first stage, sample categories are not distinguished and the annotation box
encompasss the entire gear. The model is trained based on the position and size of the
annotation box to crop the target gear. The second stage of annotation is based on the single
gear subgraphs extracted in the previous stage, but mainly focuses on subgraphs with
missing teeth and broken teeth. Healthy gears only need to be categorized, while others
also need to be annotated with the local defect areas. For gears with missing teeth, the
annotation box should be close to the missing area of the gear edge; while for gears with
broken teeth, the annotation box should precisely cover the broken area. Figure 5 illustrates
the overall annotation process and demonstrates the difference from traditional approaches
where fault samples are directly input into the model.
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Figure 5. The overall annotation process and its comparison with traditional methods.

2.3. Semi-Supervised Learning Framework

Figure 6 shows the semi-supervised learning framework integrating CNN and
K-means.

Input

Test

sample

ConvolutionConvolution Pooling

Feature extraction

trainy
trainX

predictiony

CNNy

dD

K-means

Fully connected layer

Kmeansy

î
í
ì

>D

£D
=

Mdy

Mdy
y

Kmeans

CNN

,

,
y

Clustering

center

Figure 6. The semi-supervised learning framework.

This framework uses the backbone layer of the YOLOv8 network for feature extraction,
obtaining the feature matrix for each training sample. It then clusters the feature matrix us-
ing the K-means algorithm to obtain the clustering centers for each type. The feature matrix
is then input into the fully connected layers to complete the training for the classification
task. During testing, the framework combines the prediction from the CNN with that
from K-means and introduces a threshold to make the final decision. The specific decision-
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making process is as follows: if the CNN and K-means prediction labels are consistent,
then the result is directly accepted. Otherwise, a distance metric is introduced for judgment.
The Nth testing sample is denoted as xtest_N . The clustering center of the CNN predicted
category is CCNN and the clustering center of the K-means predicted category is CKmeans.
The Euclidean distances d(xtest_N , CCNN) and d(xtest_N , CKmeans) between the sample and
the two clustering centers are calculated. Since the K-means has categorized the sample into
a certain type, d(xtest_N , CKmeans) must be less than or equal to d(xtest_N , CCNN). However,
the K-means algorithm is not very accurate due to the data imbalance and the similarity of
features with tiny faults in gears, but the K-means algorithm sometimes predicts accurately
in case of wrong prediction by CNN. Thus combining the advantages of both, a threshold
M is set for decision making based on the difference between the two distances. When the
difference between the two distances is not significant, the CNN prediction with higher
accuracy is more convincing. Therefore, if Equation (1) is satisfied, the CNN prediction is
used; otherwise the result of K-means is adopted.

∥d(xtest_N , CCNN)− d(xtest_N , CKmeans)∥ ≤ M. (1)

3. Experimentation
3.1. Preparation

A total of 400 pictures of each type of gears are taken with the RMONCAM camera
(RMONCAM, Shenzhen, China). Mirror flip, contrast enhancement, and image center
rotation are performed to expand the three types of gears to 1200 pictures respectively.
Different numbers of pictures are randomly selected and annotated to create the imbalanced
datasets. A total of 500 images of normal gears are randomly selected and a corresponding
number of images of the two types of faulty gears are selected and annotated according to
different degrees of imbalance. The details of the self-constructed imbalanced datasets are
presented in Table 2. After training is complete, the models are deployed on the OrangePi
AI Pro demo board (OrangePi, Shenzhen, China) in ONNX format to enable real-time
image capture and fault diagnosis tasks. The experimental detection platform is shown in
Figure 7.

The testing is conducted on 30 gears with different characteristics, including 10 gears
with missing teeth, 10 gears with broken teeth, and 10 normal gears. Each faulty gear
exhibits distinct defect characteristics. Each model trained on an imbalance dataset is tested
100 times, with 35 tests on gears with missing teeth or broken teeth and 30 tests on normal
gears. The gears are randomly selected and placed on the box at random rotation angles.
The test metrics are accuracy, precision and recall, as shown in Equations (2)–(4).

Accuracy =
TP + TN

TP + FN + FP + TN
, (2)

Precision =
TP

TP + FP
, (3)

Recall =
TP

TP + FN
, (4)

where TP, TN, FP, FN are true positive, true negative, false positive and false
negative, respectively.
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Table 2. The details of the imbalanced datasets.

Degree of
Imbalance

Number of
Healthy Gears

Number of
Missing Gears

Number of Broken
Gears

2:1:1 500 250 250
5:1:1 500 100 100

10:1:1 500 50 50

Camera

Gear

Demo board

Figure 7. Panoramic view of the experimental detection platform.

3.2. Hierarchical Training

In the experiment, YOLOv8s is selected as the training model [29]. Since the hierarchi-
cal annotation is used, the hierarchical training is also adopted. Each dataset is divided
into training and validation sets in an 8:2 ratio. Input images are uniformly scaled to a
size of 640 × 640 pixels. The initial learning rate and final learning rate are both set to
0.01, and the training batch size is set to 16. The weights for the target box regression loss,
classification loss, and distributed focus loss are fine-tuned near their default values. Since
metrics decline on the validation set, the default weights for all three losses are adopted.
They are 7.5, 0.5, and 1.5, respectively. Various data augmentation techniques such as
random image translation, scaling and color perturbation are enabled. The pre-trained
weights of the YOLOv8s on the large-scale public dataset COCO (https://cocodataset.org
(accessed on 24 July 2025)) are loaded. This setting improves the generalization of this
model across different task environments. During the validation, in addition to precision
and recall, mAP50 and mAP50-95 are also employed as metrics. The calculation for mAP is
shown in Equation (5).

mAP =
1
N

N

∑
i=1

APi, (5)

where N is the total number of categories. APi represents the average precision for ith
category, which is essentially the area under the curve formed by the precision and recall
axes. mAP50 and mAP50-95 introduce a threshold for the intersection of union (IoU)
between predicted and true bounding boxes based on mAP. The definition of IoU is shown
in Equation (6).

IoU =
Spre ∩ Strue

Spre ∪ Strue
, (6)

where Spre and Strue represent the area of the predicted box and the true box respectively.
When IoU exceeds the set threshold, the predicted category is considered correct. mAP50 is
the mAP value calculated at a threshold of 0.5, as shown in Equation (7). Within the range

https://cocodataset.org
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from 0.5 to 0.95, 10 thresholds are selected at intervals of 0.05. The mAP value is computed
at each threshold, and the average is denoted as mAP50-95, as shown in Equation (8).

mAP50 = mAP(0.5) =
1
N

N

∑
i=1

AP(0.5)
i , (7)

mAP50-95 =
1
10

9

∑
i=0

mAP(0.5+0.05i), (8)

where mAP(k) denotes the mAP value at threshold k and AP(0.5)
i is the average precision

for ith category when the threshold is 0.5.
Since the training targets of two stages are not the same, the epochs for two stages

is set differently. Using a dataset with an imbalance ratio of 5:1:1 as an example, the
training results in the first stage when the epochs is set to 150 are shown in Figure 8. The
smoothing in the figure are achieved by using a one-dimensional Gaussian filter with a
standard deviation of 3. As shown in the figure, the three loss functions during training and
validation all decrease gradually from a relatively high value, indicating that the accuracy
and distribution quality of the target boxes are gradually improving. Additionally, the loss
function decreases steadily and does not increase in the later epochs, proving that the risk
of overfitting is low. The precision, recall, and mAP50 all approach 1.0 and reach saturation
after 10 training rounds, while the mAP50-95 also gradually increases and approaches 0.99,
proving that the model has virtually no false negatives or false positives. Therefore, it can
be concluded that when the epochs is set to 150, the model has strong detection capabilities
for gear targets and can proceed to the second stage of training.

In the second stage, the training results across different epochs are shown in Figure 9.
As seen in Figure 9a,b, the three loss curves on the validation set exhibit a declining trend
before epoch 50, followed by relative stability. In Figure 9c, the loss curves show an upward
trend toward the end, indicating that the model has overfitted and requires early stopping.
All four metrics show some fluctuations, suggesting that the model experiences minor
detection confusion between missing teeth and broken teeth. The fluctuations of the four
metrics in Figure 9a are more pronounced compared to those in Figure 9b. To ensure the
accuracy of the second stage model training, the weight file in 120 epochs is saved.

Figure 8. Results of model training in the first stage. The first three columns show the loss during
training and validation, and the last two columns show the training metrics.
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(a) epochs = 100

(b) epochs = 120

(c) epochs = 150

Figure 9. Training results for the second stage across different epochs. In the first column of the
figure, the light-colored points represent actual results, while the solid line corresponds to the
smoothed curve.
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The test results of each model trained with unbalanced data are shown in Figure 10,
and the metrics are presented in Table 3. As can be seen from the results, the accuracy of the
system shows a decreasing trend as the imbalance of the dataset increases. The system tends
to classify minority fault samples as healthy samples. When the imbalance ratio is 2:1:1, the
overall performance of the system is balanced, and the model can adequately learn from all
types of samples. As imbalance increases, the system generates more false positives for
the broken tooth category, indicating that the increased proportion of healthy gear samples
in the dataset reduces the ability of the model to learn fault features of small-category
samples. Under the influence of severe imbalance, the model prioritizes the identification
of majority-category samples while neglecting minority-category samples, leading to a
degradation in the model’s detection and diagnostic capabilities.

Table 3. The test metrics of each supervised learning model.

Degree of
Imbalance Accuracy Time Category Precision Recall

2:1:1 0.95
First stage: 1.17 s Healthy 0.9375 1.0

Second stage: 1.35 s Missing 1.0 0.9143
Total: 2.52 s Broken 0.9167 0.9429

5:1:1 0.92
First stage: 1.16 s Healthy 0.8571 1.0

Second stage: 1.23 s Missing 0.9706 0.9429
Total: 2.39 s Broken 0.9355 0.8286

10:1:1 0.88
First stage: 1.17 s Healthy 0.8333 1.0

Second stage: 1.35 s Missing 0.9677 0.8571
Total: 2.52 s Broken 0.8485 0.80
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Figure 10. Confusion matrix heat maps for each model.

3.3. Semi-Supervised Learning Framework

The subgraphs cut out in the second stage are used as inputs for the framework.
Images are uniformly scaled to 640 × 640 pixels, and each image label is described in a
.csv file, where the first and second columns are the image file names and gear categories,
respectively, for supervising the training of the CNN part. The number of cluster categories
is set to 3, corresponding to gears with missing, broken, and healthy teeth. To more
intuitively evaluate the classification ability of the clustering model, t-SNE is used to reduce
the high-dimensional features to a two-dimensional space for visualization. Taking the
training results with an imbalance ratio of 5:1:1 as an example, the visualization is shown in
Figure 11. It can be observed that the three types of data exhibit distinct separability in the
feature space, with each type forming a clear and independent cluster within the feature
space. However, similar to the fault features analyzed earlier, the edges of the broken
teeth become blurred at certain angles, leading to the broken gear being misclassified as
a healthy gear. In the visualization results, the cluster containing the broken gear still
overlaps partially with the cluster containing the healthy gears, which would easily cause
misclassification during testing. Missing-teeth gears, due to their more pronounced fault
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features and significant differences in features, exhibit greater distances between samples
in the feature space.

Figure 11. Two-dimensional visualization of gear clustering.

The value of threshold M is selected during the training by utilizing the validation set.
The test results of the models trained on each imbalanced dataset are shown in Table 4.

The test data shows that the accuracy of this system decreases under a 2:1:1 imbalance
ratio compared with the supervised framework, while the accuracy improves under the
other two imbalance ratios. From the dimension-reduced space, some sample points of
broken teeth and normal categories overlap. When the imbalance is small, more over-
lapping points occur, causing the system to misclassify broken teeth as normal, thereby
reducing overall accuracy. Conversely, as imbalance increases, overlapping points decrease,
leading to fewer misclassifications and improved accuracy. The system performs well
for the healthy and missing categories, achieving a recall of 1.0 for the healthy category,
indicating that no errors occur in classifying actual healthy gears. For the missing category,
the system performs stably overall, with precision and recall rates maintaining above 0.88
under various imbalance conditions. Especially under a 5:1:1 imbalance ratio, the missing
category exhibits high precision and recall, demonstrating that the K-means can assist
decision-making to some extent and effectively enhance the feature recognition capabilities.
In contrast, the system still faces challenges in classifying the broken category. Although
all metrics remain above 0.82, the recall for the broken category decreases as the imbal-
ance increases. This reflects that broken teeth samples have less distinct features and are
more easily overshadowed by the healthy category, leading to overlapping or blurred the
clustering boundary and thereby affecting the final decision.

Table 4. The test metrics of each semi-supervised learning model.

Degree of
Imbalance Accuracy Time Category Precision Recall

2:1:1 0.94
First stage: 1.21 s Healthy 0.8824 1.0

Second stage: 1.33 s Missing 1.0 0.9429
Total: 2.54 s Broken 0.9394 0.8857

5:1:1 0.94
First stage: 1.16 s Healthy 0.8824 1.0

Second stage: 1.24 s Missing 0.9714 0.9714
Total: 2.40 s Broken 0.9677 0.8571

10:1:1 0.90
First stage: 1.11 s Healthy 0.8571 1.0

Second stage: 1.19 s Missing 0.9688 0.8857
Total: 2.30 s Broken 0.8788 0.8286
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3.4. Comparison

To validate the superiority of the proposed method, the two frameworks are trained us-
ing public datasets without hierarchical annotation and their test results are compared. The
public dataset is from Roboflow (https://universe.roboflow.com/gear-u48i0/gear-defect
(accessed on 24 July 2025)). The experimental environment, training hyperparameters
and the threshold of the semi-supervised learning framework remained unchanged. The
geometric mean accuracy (G-mean) [30] is used as the metric, as shown in Equation (9).

G-mean =

(
m

∏
i=1

Prei

) 1
m

, (9)

where m is the number of types and Prei represents the precision of the i-th type.
The G-mean values of detection models trained on different datasets are presented in

Table 5.

Table 5. The G-mean values of models trained on different datasets.

Datasets Imbalance Ratio
Frameworks

Supervised Semi-Supervised

Public 1:1:1 0.155 0.035

Self-constructed
2:1:1 0.928 0.914
5:1:1 0.884 0.912

10:1:1 0.828 0.857
The bold texts indicate which framework performs better under different degrees of imbalance.

Both frameworks based on hierarchical annotation and training performed well in
testing. Under three conditions of imbalance, the G-mean values of both frameworks
remained stable at above 0.80, far exceeding the performance achieved when using the
public dataset. The poor performance of frameworks trained by the public dataset is
due to the significant deviation between the constructed conditions of the public dataset
and the actual detection scenarios. The image backgrounds are pure white, lacking the
interference information found in complex environments. This results in the features
learned during the model training having extremely poor generalization capabilities in
real-world tasks. During testing, the system often misidentifies irrelevant factors in the
background as faults. For example, as shown in Figure 12, the system mistakenly treats the
wires in the background as faults. After using the semi-supervised learning framework, the
performance actually decreased. This is due to the lack of two-stage defect area cropping.
The system directly extracts features from the collected images, but the gear defect areas
in the entire image are very small, resulting in unclear defect features. Features from
other areas affect the K-means algorithm, causing the overall performance of the system
to decrease. In contrast, the framework based on hierarchical annotation and training
demonstrates superior performance. When the imbalance ratio is 2:1:1, the G-mean metric
of the semi-supervised learning framework is lower than that of the supervised learning
framework. This is because the large number of samples results in closer distances between
cluster centers, and the fixed-threshold decision strategy easily leads to the K-means
decision covering the CNN prediction, thereby reducing the overall detection accuracy of
the system. However, when the imbalance becomes more severe, the G-mean values of the
semi-supervised learning framework are all greater than those of the supervised learning
framework. This is caused by the fact that the clustering algorithm can classify based
on fault features without relying on label information, compensating for the underfitting
issue of the deep learning model resulted from the influence of minority class samples.

https://universe.roboflow.com/gear-u48i0/gear-defect
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At this point, the fixed threshold setting effectively compensates for the decisions of both
approaches. These two phenomena indicate that the threshold in the semi-supervised
learning framework should be adaptively set according to specific task requirements.

Figure 12. One misclassification of the model trained on the public dataset.

4. Conclusions
This paper addresses the challenges of tiny target areas and complex backgrounds

by proposing a hierarchical annotation training method. The model using the proposed
method first crops the entire gear target in a complex environment, then extracts the fault
area from the gear target, thereby improving the fault classification capability. To alleviate
the sample imbalance issue, a semi-supervised learning framework is introduced based
on the extraction of fault areas in the second stage. In this paper, we construct imbalanced
datasets using self-shot sample images for model training and deploy it in an actual envi-
ronment for system testing. The experimental results show that the hierarchical annotation
method effectively improves detection accuracy and has certain practical engineering value.

However, there is still room for improvement in our study. The fault areas marked
in the second stage are very small, which remains a major challenge for the positioning
accuracy of the model. Data augmentation or more powerful deep learning networks
will be used in the future research. On the other hand, the threshold setting in semi-
supervised models is still flawed and adaptive threshold adjustment is one of the directions
for improvement.
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