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Abstract Background/purpose: In this study, we utilized magnetic resonance imaging data of
the temporomandibular joint, collected from the Division of Oral and Maxillofacial Surgery at
Taipei Veterans General Hospital. Our research focuses on the classification and severity anal-
ysis of temporomandibular joint disease using convolutional neural networks.
Materials and methods: In gray-scale image series, the most critical features often lie within
the articular disc cartilage, situated at the junction of the temporal bone and the condyles. To
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identify this region efficiently, we harnessed the power of You Only Look Once deep learning
technology. This technology allowed us to pinpoint and crop the articular disc cartilage area.
Subsequently, we processed the image by converting it into the HSV format, eliminating sur-
rounding noise, and storing essential image information in the V value. To simplify age and
left-right ear information, we employed linear discriminant analysis and condensed this data
into the S and H values.
Results: We developed the convolutional neural network with six categories to identify severe
stages in patients with temporomandibular joint (TMJ) disease. Our model achieved an impres-
sive prediction accuracy of 84.73%.
Conclusion: This technology has the potential to significantly reduce the time required for clin-
ical imaging diagnosis, ultimately improving the quality of patient care. Furthermore, it can
aid clinical specialists by automating the identification of TMJ disorders.
ª 2025 Association for Dental Sciences of the Republic of China. Publishing services by Elsevier
B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.
org/licenses/by-nc-nd/4.0/).
Introduction

The temporomandibular joint (TMJ) is situated between the
temporal bone and the mandibular condyles, located near
the left and right ears.1 Clinically, TMJD is divided into five
stages according to severity. Different stages of TMJD will
also be reflected in images. The first stage causes a subtle
sound when opening the mouth, which is usually unde-
tectable. The second stage is the inflammatory stage.
Dislocation of cartilage can be seen on imaging, causing
pain in inflammatory diseases. In the third stage, although
the inflammation subsides, changes in the shape of the
cartilage can be seen in images. In the fourth stage, the
pain shifts to the muscles over the temporomandibular
joint. In the fifth stage, the pain extends to the head and
affects daily life, requiring immediate surgery.

Research in the field of TMJ encompasses both anatomy
and biomechanics.2 One of the most prevalent symptoms of
temporomandibular joint disorder (TMJD) is the anterior
movement of the articular cartilage against the condyle
when the mouth is opened and closed.3 This condition,
diagnosed in 41% of TMJD cases, often leads to pain and
inflammation in affected patients.4 Additionally, 33% of
individuals experience disc displacement with reduction
(DDWR), which may or may not present with symptoms and
may necessitate further diagnosis through imaging.5

According to data, temporomandibular joint disorders
(TMJD) afflict approximately 5e15% of the population, with
a higher prevalence among females compared to males.
The treatment of TMJ typically spans duration of 3e6
months, and each consultation and diagnosis can be time-
intensive. Due to the potential overlap of TMJD symptoms
with other joint conditions, diagnosing TMJD presents a
significant challenge for dentists. Early detection and
prompt treatment are crucial for patients’ recovery after
surgery.6 In the realm of medical imaging, magnetic reso-
nance imaging (MRI) stands out as a superior choice. It of-
fers clearer and more detailed information, serving as a
vital foundation for diagnosing the stage of TMJD.7

Traditionally, in establishing automatic identification of
TMJ images, in addition to image segmentation, image
augmentation, and training CNN models,8,9 we were
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inspired. In addition to using the above methods, we using
the You Only Look Once (YOLO) model to remain the
articular disc cartilage area, and subjects’ age information
are used for image coloring, and finally a Convolutional
Neural Networks (CNNs) model is established to automati-
cally identify the five TMJ stages.

Convolutional Neural Networks (CNNs), drawing inspira-
tion from natural visual perception and biological mecha-
nisms, stand as a well-established deep learning model.
The widespread adoption of deep learning in the medical
field, including oral and maxillofacial surgery, has paved
the way for transformative advancements. Deep learning
methods diverge from traditional statistical approaches
found in software packages, which rely on distribution
calculations based on mean and standard deviation. Uti-
lizing the power of CNNs, we’ve developed a trained model
capable of classifying various states of Temporomandibular
Joint Disorder (TMJD). This innovative approach aids clini-
cians in diagnosing the severity of TMJD through medical
imaging, facilitating early symptom detection, and
reducing consultation time. This fusion of advanced tech-
nology and medical expertise holds immense promise for
enhancing patient care.
Materials and methods

Data introduction

The study population consisted of magnetic resonance im-
aging (MRI) images from 194 patients, which were collected
in the Division of Oral and Maxillofacial Surgery at Taipei
Veterans General Hospital, Taipei City, Taiwan, between
2009 and 2021. This study received approval from the ethics
committee at Taipei Veterans General Hospital (IRB num-
ber: 2018-07-051BC).

In this study, mouth-opening images sized at 512 � 512
pixels were utilized. Each participant contributed thirty-
two images, comprising cross-sections extending from the
right ear to the left ear. In clinical diagnosis, the stage of
Temporomandibular Joint Disorder (TMJD) is assessed based
on the extent of articular cartilage disc displacement.
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In our image preprocessing pipeline, we initially
removed noise by cropping the surrounding organs,
following the techniques outlined.10,11 Subsequently, we
employed object detection methods to identify and isolate
the articular cartilage disc area. To ensure uniformity, all
images were padded and resized to the same dimensions. A
unique touch was added to the image processing by incor-
porating subjects’ age information into the image color.
These preprocessed images were then fed into our Con-
volutional Neural Network (CNN) model for analysis. A vi-
sual representation of the image preprocessing steps can be
found in Fig. 1.

Cropping

In contemporary deep learning, the You Only Look Once
(YOLO) method has become a prominent choice for object
detection.12 YOLO comprises three key processes: object
localization, feature extraction, and image classification,
all performed seamlessly through Convolutional Neural
Networks (CNNs).13 Our study specifically adopts YOLO
version 3 due to its utilization of an improved CNN model
compared to other YOLO variants. This version incorporates
multidimensional prediction and employs a binary entropy
loss function, resulting in enhanced prediction accuracy.14

To begin, we marked the articular cartilage disc area
within our dataset, which comprised a total of 2005 images
from 194 participants. These images were randomly divided
into two sets: 1644 for training and 361 for testing. During
training, all layers of the YOLO model were unlocked, and
the training process continued until early stopping criteria
were met. The loss curves for both the training and test sets
demonstrated a gradual decrease, as depicted in Fig. 2,
eventually reaching a satisfactory level below 5. To assess
the performance of our YOLO model, we utilized Intersec-
tion over Union (IoU). The average IoU value for the test
images was calculated at 0.7409. In Fig. 3, the blue frame
represents the actual object frame, while the red frame
signifies the predicted object frame generated by the YOLO
model. These predicted object frames were employed for
image cropping.

Given the nature of our dataset, which consists of cross-
sectional images spanning from the right ear to the left ear,
the temporomandibular joint and its symptomatic areas
may not always appear in every image. Consequently, if no
predicted bounding box is generated, it is reasonable to
exclude the image from further analysis. For each subject,
we selected the top three images with the largest predicted
frame areas for subsequent processing. However, all images
put into the CNN model come from the test set of the YOLO
model, and the selected images are determined by the
prediction results of the YOLO model. This is a passive
Figure 1 Image preprocessing steps containing you only look once
size, image coloring.
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selection, not a manual selection. Data manipulation does
not exist.

To address differences in the extent of predicted object
frames and selected images across participants, we
employed a solution involving resizing and padding.15,16

Initially, we symmetrically padded the cropped rectan-
gular images with black edges to create square images.
Subsequently, we resized them to a uniform dimension of
112 pixels � 112 pixels. The outcome of this process is
illustrated in Fig. 4.

Image colorization

Age, gender, and race may influence the determination of
TMJD stage, and our original data set included out-of-image
effects of age. Research has demonstrated that colorizing
gray-scale images can enhance visualization, improve
interpretability, assist feature extraction, and enhance
prediction accuracy.17 In our approach, we read gray-scale
images in the HSV color format, with image intensity in-
formation stored in the Value component. After cropping,
we incorporated the subject’s age information and created
a dummy variable to encode left-right ear image informa-
tion as 0 or 1. Linear discriminant analysis (LDA) was then
applied to reduce the age and left-right ear information to
two dimensions, which were stored as Saturation and Hue
values. The reference category for LDA dimensionality
reduction was the TMJ stage. Finally, we converted the
images back into RGB format before feeding them into the
CNN model. The image colorization results can be observed
in Fig. 5. The LDA method does not target image informa-
tion (value component), which avoids the loss of image
information, and only targets training sets, which avoids
the introduction of bias.

Model prediction

After completing the image preprocessing step, we recog-
nized the need to augment our dataset due to its limited
size. Data augmentation can be based on the original image
by fine-tuning or synthesizing more simulated images. The
main purpose is to prevent over-fitting. It is especially
effective for training with a small amount of data and can
improve the accuracy of the model. To increase the volume
of training data, we applied data augmentation, effectively
expanding it by a factor of 8. This augmentation was
executed using the ‘ImageDataGenerator’ package in our
Python program, which generates new images through
random rotations and translations. The specific parameters
used for data augmentation were as follows: Rotation
range. Randomly choose forward or reverse rotation within
(yolo) cropping model, filling black border and scaling to unify



Figure 2 You only look once (YOLO) training loss curve. This graph displays the training loss curve for the YOLO model during
training iterations, allowing for an assessment of model convergence.
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20� based on the center point; Width shift range. Randomly
shift within 10% of the image width left and right; Height
shift range. Randomly shift within 10% of the image height
up and down. The augmentation results, highlighting the
Figure 3 You only look once (YOLO) testing bounding boxes
which show the predicted region of the YOLO model (red box)
and the corresponding real region (blue box). (For interpreta-
tion of the references to color in this figure legend, the reader
is referred to the Web version of this article.)
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increased diversity of our dataset, can be observed in
Fig. 6.

Following data augmentation, we evenly distributed
the augmented data into training and test sets based on
the TMJD stage. The data proportions are summarized in
Table 1.

Optimal model hyper-parameters

In the realm of deep learning, CNN models have proven
effective for image classification tasks. These models can
capture image similarities, extract features using a rela-
tively small number of model parameters, thus reducing
training time and addressing memory constraints. Hence,
our study employs a CNN model, specifically the VGG16
architecture.

To mitigate over-fitting, we modified the model by
updating a fully connected layer at the bottom and incor-
porating dropout regularization. The model architecture is
visualized in Fig. 7. We employed transfer learning,
initializing our model with pre-trained weights from the
ImageNet image set.

During the hyper-parameter tuning stage, we focused on
tuning factors related to the number of pre-training layers
with fixed weight values from the top. The remaining con-
volutional layer weights were updated during training. We
adopted a five-fold cross-validation approach for hyper-
parameter tuning,18,19 computing the average accuracy
across the five folds and selecting the hyper-parameters
corresponding to the highest accuracy value. Finally, we
used both the training and validation images to predict the
results of the test set, ensuring robust model evaluation.



Figure 4 Image processing result. This image provides a direct comparison of the image before and after the image processing
steps. It illustrates the visual effects and improvements achieved through the preprocessing procedures applied to the image.

Figure 5 Image colorization result. This figure showcases the outcomes of image colorization for both the left ear and the right
ear, obtained from different subjects. It visually demonstrates the effects of applying color to gray-scale images, enhancing their
interpretability and visualization. (For interpretation of the references to color in this figure legend, the reader is referred to the
Web version of this article.)
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Results

The results of hyper-parameter tuning, summarized in
Table 2, revealed that the optimal number of pre-training
weight layers is 3.

As part of our model evaluation process utilizing the five-
fold cross-validation method, we generated five sets of loss
and accuracy curves, as depicted in Fig. 8. These curves
397
demonstrated a consistent and steady decrease in loss over
epochs. Importantly, the small variance between the
curves indicated minimal deviation in the five validation
results. Eventually, the loss value stabilized below 1.5,
reaching a reasonable and stable level, while the accuracy
curve exhibited steady improvement.

We conducted a performance evaluation on the test set,
where prediction results were calculated on a per-subject



Figure 6 Data augmentation result. This figure presents the outcomes of data augmentation, where the image dataset has been
expanded eightfold through random rotation and translation techniques. The augmented images demonstrate the increased di-
versity and variety achieved through this process.
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basis. Each subject contributed multiple images, and we
calculated the average of the predicted probability values
from these images to obtain the predicted probability value
for that subject. The resulting prediction confusion matrix
is provided in Table 3. For the six-class model, the predic-
tion accuracy was determined to be 0.8473.

Discussion

This study leveraged MRI images, which offer superior
visualization of the temporal bone and mandibular condyle
compared to previous use of computed tomography.20 We
Table 1 Data proportion. This visual representation il-
lustrates the distribution of data proportions for each
temporomandibular joint disorders (TMJD) stage,a including
the division into training and test sets with similar pro-
portions. Additionally, the training set is further divided
into five equal parts for cross-validation. It’s important to
note that calculations for the left and right ears are per-
formed independently, and the unit used is the number of
subjects.

Stage Normal I II III IV V Total

Train 14 43 44 68 57 17 243
Test 7 23 24 39 28 10 131

a The normal stage is healthy. The I stage causes a subtle
sound when opening the mouth, which is usually undetectable.
The II stage is the inflammatory stage. Dislocation of cartilage
can be seen on imaging, causing pain in inflammatory diseases.
In the III stage, although the inflammation subsides, changes in
the shape of the cartilage can be seen in images. In the IV stage,
the pain shifts to the muscles over the temporomandibular
joint. In the V stage, the pain extends to the head and affects
daily life, requiring immediate surgery.
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developed an advanced TMJD automatic classification
model powered by deep learning artificial intelligence,
notable for its independence from large image databases.

Our approach included both a YOLO object detection
model, enhancing the extraction of articular disc cartilage
regions and noise reduction compared to prior studies,21

and a convolutional neural network classifier capable of
distinguishing patients by the severity stage of interverte-
bral disc displacement. The model’s performance in imag-
ing diagnosis demonstrated comparability with that of
medical experts possessing extensive clinical experience.

The CNN model introduced in this study employs a
human-like learning approach, interpreting the probabili-
ties of different TMJ stages based on the expertise of oral
surgery specialists. This model enables simultaneous clas-
sification into all six TMJ stages, streamlining image inter-
pretation and enhancing prediction accuracy, achieving an
impressive accuracy rate of 84.73%.

In contrast to previous applications of CNN models for
TMJ image recognition, which often focused on binary
classification of disease presence or absence with the
highest reported accuracy of 85%,22 our innovation lies in
predicting distinct TMJ stages. Our model achieves pre-
diction accuracies for each stage, namely 91.30%, 83.33%,
94.87%, 82.14%, and 60%, marking a significant
advancement.

Moving forward, we plan to establish a feedback system
where physicians can reference the CNN model’s pre-
dictions. This system will exclusively provide images and
TMJ stage information, respecting patient privacy. Diag-
nostic results from physicians will be used to fine-tune the
CNN model, thereby improving its accuracy.

One notable limitation of our research lies in the rela-
tively small number of available images. Despite our efforts
to augment the dataset and increase diversity, the limited



Figure 7 VGG16 architecture. This figure illustrates the VGG16 architecture with additional modifications. It includes the
incorporation of a fully connected layer with 256 units, a dropout rate of 0.1 to mitigate over-fitting, and an output layer with 6
units. These changes are made to enhance the model’s performance in classifying temporomandibular joint disorders (TMJD)
stages.

Table 2 Hyper-parameter grid search. This figure depicts the results of the hyper-parameter grid search, specifically focusing
on the ‘Freezing Layers’ parameter. ‘Freezing Layers’ indicates the number of layers frozen from the top of the model, where
the weights of the frozen layers retain their pre-training values, while the weights of the remaining unfrozen layers are iter-
atively updated during model training. This grid search aids in optimizing the model’s performance by selecting the most
suitable configuration.

Freezing
layers

Mean accuracy Mean value � 1
standard deviation

Freezing
layers

Mean
accuracy

Mean value � 1
standard deviation

0 0.7251 0.6856e0.7647 10 0.7129 0.6800e0.7459
1 0.7362 0.6936e0.7788 11 0.6957 0.6605e0.7309
3 0.7408 0.6926e0.7890 12 0.6924 0.6594e0.7254
4 0.7405 0.6933e0.7877 14 0.6578 0.5990e0.7167
6 0.7285 0.6796e0.7774 15 0.6303 0.5890e0.6717
7 0.7291 0.6991e0.7592 16 0.5775 0.5265e0.6285
8 0.7147 0.6787e0.7508 18 0.4682 0.4472e0.4893
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image pool can potentially impact model accuracy. To
address this challenge, we plan to establish collaborations
with other affiliated hospitals to obtain MRI images from
similar medical equipment, ensuring uniform image speci-
fications through standardized preprocessing techniques.
Figure 8 Iteration process curves for cross-validation. This com
validation, including five loss curves and five accuracy curves repr
the training set is highlighted in dark blue. These curves provide ins
multiple folds of the data. (For interpretation of the references t
version of this article.)
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In future research, we aim to prioritize cross-hospital
collaborations to significantly expand our model’s sample
size and enhance its predictive capabilities. The resulting
model will be made available to other hospitals for external
validation, fostering broader applicability and robustness.
posite figure displays the iteration process curves for cross-
esenting different cross-validation folds. The average curve of
ights into the model’s training progress and performance across
o color in this figure legend, the reader is referred to the Web



Table 3 Testing confusion matrix. This matrix illustrates the testing confusion matrix, where the vertical axis represents the
actual number of people, and the horizontal axis represents the predicted number of people. It provides a visual representation
of the model’s performance in classifying temporomandibular joint disorders (TMJD) stages and aids in assessing its accuracy.a

Actual

Normal Stage I Stage II Stage III Stage IV Stage V

Predicted Normal 4 0 1 0 0 1
Stage I 0 21 1 0 1 1
Stage II 3 2 20 0 1 0
Stage III 0 0 1 37 3 1
Stage IV 0 0 1 2 23 1
Stage V 0 0 0 0 0 6

a The normal stage is healthy. The I stage causes a subtle sound when opening the mouth, which is usually undetectable. The II stage is
the inflammatory stage. Dislocation of cartilage can be seen on imaging, causing pain in inflammatory diseases. In the III stage, although
the inflammation subsides, changes in the shape of the cartilage can be seen in images. In the IV stage, the pain shifts to the muscles
over the temporomandibular joint. In the V stage, the pain extends to the head and affects daily life, requiring immediate surgery.
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This enables cross-institution or cross-device testing to
verify the generalization ability of the model.

In this study, we successfully established an automatic
classification model using deep learning convolutional
neural networks. Our model’s capability to simultaneously
diagnose multiple stages of TMJD surpasses that of previous
studies, achieving an impressive accuracy rate of 84.73%.
With this developed model, the automatic staging of TMJD
using MRI images can serve as a valuable tool in daily clin-
ical diagnosis and treatment planning. We anticipate
further improvements in its performance through future
studies, aiming to facilitate clinical practice across various
institutes.
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