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A B S T R A C T

Objectives: Deep learning methods have been proven to be effective in detecting dental car-

ies in visible light images. However, existing research involves inadequate categories and

mainly focuses on local lesion areas. This study aims to use advanced deep learning mod-

els to achieve caries detection based on tooth instances (where all teeth in images are

detected) and fine-grained classification according to the International Caries Detection

and Assessment System (ICDAS). To address the potential instability under complex sce-

narios, we propose 2 correction methods that incorporate background knowledge.

Methods: A total of 1200 selected high-quality intraoral images were expanded to 8,754

images using data augmentation techniques, and each tooth inside was annotated. Three

advancedmodels, YOLO-v8, YOLO-v9, and YOLO-NAS, were trained and tested on the data-

set. In the stage of postprocessing, predicted categories were corrected with a weighted

average of scores, and confidence scores were adaptively adjusted based on the spatial

relationships of teeth.

Results: The proposed methods improved the mean Average Precision (mAP) scores

by 4.7% (p < .01/Mann-Whitney-U-test), 2.8% (p < .01), and 4.4% (p < .01) across the

3 models, with the highest score of 72.9% on YOLO-v8. Precision and recall increased

by 3.8% and 5.6%, respectively, while FPS decreased from 83.1 to 78.1. Especially

improved the scores for moderate caries and demonstrated greater robustness.

Conclusion: The primary objectives were achieved, and the 2 proposed correction methods

bring an effective improvement to the existing algorithm framework. It’s expected to pro-

mote the application of artificial intelligence and inspire further research.

Clinical Relevance: This research is of clinical value due to its functional innovation: the

finer classification should assist dentists formulate personalized treatment strategies.

Focusing on the detailed evaluation of each tooth should help deliver better and personal-

ised clinical care.

� 2025 The Authors. Published by Elsevier Inc. on behalf of FDI World Dental Federation.

This is an open access article under the CC BY license

(http://creativecommons.org/licenses/by/4.0/)
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Introduction

Dental caries is a worldwide oral health issue that affects

human health and quality of life.1 If left untreated, caries can

progress into pulp and periapical diseases, and may even
lead to tooth loss.2 According to the Fourth National Oral

Health Epidemiological Survey of China, the caries rate in

permanent teeth among individuals aged 35-44 is 89.0%,

95.6% among those aged 55 to 64, and 98.0% among those

aged 65 to 74.3 Similarly, reports from the United States show
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that approximately 90% of adults suffer from caries.4 How-

ever, less than 5% of global health expenditure is allocated to

oral health.5 Due to highmedical costs and inefficient manual

screenings,6 people often struggle to understand their health

status in a timely manner. When the condition worsens, den-

tists typically adopt conservative treatments based on the

concept of minimally invasive care (MIC),7 leading to a higher

rate of misdiagnosis (undertreatment). Additionally, early-

stage caries manifests as demineralization of the enamel,

which is difficult to detect with the naked eye, and traditional

X-ray imaging struggles to capture small enamel lesions.

Therefore, it is necessary to develop more convenient and

cost-effective telemedicine technologies,8,9 which can be

used to detect early caries lesions and assist dentists in diag-

nosis and decision-making.8

Deep learning, as a subset of machine learning, enables

computer systems to automatically learn from provided data,

discover patterns, and make predictions,10 thus can offer

data-driven clinical decision support, radiographic image

analysis by automation, and enhancing dental education.11,12

In recent years, its rapid development has made AI-based

computer-aided diagnosis (AI-CAD)13 an important research

field. In the field of dentistry, deep learning is mainly used for

radiographic examinations of caries, as well as the detection

of apical periodontitis and periodontitis.14-19 However, it

requires professional equipment and does not meet the

needs of telemedicine. In contrast, visible light images (also

known as digital images) have become a more convenient

option for caries detection due to their ease of

acquisition.20,21 At the same time, visible light images can

provide detailed external features of caries and thus can

serve as a supplement to X-ray images, helping dentists to

analyze caries more comprehensively. In terms of image

acquisition, oral endoscopes can offer high-resolution images

of the inside of the mouth, allowing dentists to observe

lesions and other abnormalities more precisely.22-24 Hand-

held devices such as oral cameras (OC) are also more afford-

able and suitable for broader use.25,26

In recent years, many studies have applied deep learning

to visible light images. For example, Duong et al.27 used the

support vector machine algorithm to detect caries from

occlusal images of molars, which preliminarily validated the

application potential of visible light images in clinical diagno-

sis. Convolutional Neural Network (CNN) is a typical deep

learning network. By cascading multiple convolutional layers

and pooling layers, it extracts features from images. This

hierarchical design can handle complex patterns in images

and is thus widely used. VGG19 is an early CNN architecture

that only stacks multiple layers of 3 £ 3 convolutions. Incep-

tion V3 processes features of different scales by parallelly

combining convolutions of various kernel sizes. ResNet50

introduces skip connections to avoid the problem of gradient

disappearance that is prone to occur when there are too

many layers. Saini et al.28 compared these 3 CNN models and

achieved a good accuracy of 89.98% in early caries image clas-

sification. K€uhnisch et al.21 employed the MobileNetV2 net-

work model to identify individual caries in oral photos,

achieving over 90% accuracy. E.Y. Park29 first used U-Net to

segment the tooth features and then applied Faster R-CNN to

detect the caries lesions, they discovered that darkening
background areas could improve accuracy metrics. Yoon et

al.30 utilized the Cascade R-CNN model torecognize tooth

numbers, achieving an mAP (mean Average Precision, which

is the area under the relationship curve between precision

and recall at different confidence thresholds) score of 0.880,

and also achieved an average mAP score of 0.769 in a 3-stage

caries detection task, further confirming the practicality of

artificial intelligence in clinical settings.

Previous studies have made significant progress in caries

detection using new technologies, but there is still room for

improvement in enhancing the applicability and impact of

artificial intelligence algorithms.

1. The categories of caries are relatively limited, most studies

use Code 331 or Code 432 from the ICDAS as cutoff points,

where lesions showing only more obvious caries features

are classified as caries for a single-category detection task.

Although some studies33 expanded the categories to 3

stages, if Code 0 to Code 6, including healthy teeth, are

incorporated into a 7-category classification, it could fur-

ther provide valuable support for dentists in formulating

personalized treatment strategies.

2. Most studies focus on detecting caries in images contain-

ing a single tooth21 or detecting lesions in the complete

oral image.9 In contrast, detecting and classifying all teeth

in oral images aligns better with clinical examination and

recording habits.

In dental practice, misdiagnosis may lead to the neglect of

mild caries (active caries in ICDAS 1-3), worsening the condi-

tion. Specifically, dental caries is caused by the acidic products

resulting from the fermentation of food, which lead to the dis-

solution of tooth minerals. If no measures are taken, bacteria

and acids will penetrate the damaged tooth surface and con-

tinue to attack the deeper layers of the tooth, eventually lead-

ing to pulp infection and pulp necrosis.34 While overdiagnosis

results in unnecessary restorative treatments, increasing

patient discomfort and financial burden. Therefore, accurately

recognizing caries, especially in the early stage, is crucial in

this context. This study aims to implement caries detection based

on tooth instances (where the teeth in the image are captured by pre-

diction boxes) and fine-grained classification (combining the 7 catego-

ries of ICDAS). In preliminary experiments, we observed several

critical issues that require resolution.

1. With an increase in categories, accuracy inevitably

decreases. Given the correlation between ICDAS Code 0 to

Code 6, it may be feasible to use this correlation to correct

the predicted categories in the post-processing stage.

2. In detecting all tooth instances, factors like insufficient expo-

sure and crowded teeth may lead to some incorrect detec-

tions. It is also possible to adaptively adjust the confidence

score based on the spatial distribution features of the teeth,

such as increasing or decreasing the confidence score of

bounding boxes in background areas to avoid false positives.

We hypothesize that through the category and confidence

corrections mentioned above, it is expected to help overcome

potential issues in detection and improve detection

performance.
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Materials andmethods

Data configuration
Dataset description
The dataset used in this study is sourced from the Kaggle Den-

talai dataset,35 which comprises a total of 2,495 annotated oral

images with widths ranging from 332 pixels to 5920 pixels.

However, there are some problems with the original images.

Firstly, some of the images are of low quality, possibly due to

the use of different models of cameras, smartphones, and other

devices, resulting in significant variations in image size and res-

olution. Some images not only show oral situations but also

include the user’s actual living environment. Additionally, these

images contain varying degrees of noise. To avoid the problem

of poor image quality in the original dataset, we performed data

cleaning,manually filtered out low-quality images, and retained

only those images with both height and width pixels greater

than 1000. Ultimately, 1,200 images (about half of the original

dataset) were used as the dataset for our experiments.
Image annotation
The annotations in the original dataset only roughly identified 2

categories: “Teeth” and “Caries.” This binary annotation hardly

fully meets the need for fine-grained detection in some clinical

scenarios, thereby re-annotating the tooth instances with finer

classification is necessary. To minimize the ambiguity of diag-

nosing caries based solely on images, 6 trained medical assis-

tants were enlisted to perform 7-category annotations

according to the ICDAS,36 using the automatic annotation soft-

ware Anylabelling (version v0.4.8; https://github.com/vietanh

dev/anylabeling). The ICDAS codes range from 0 to 6, increasing

with the severity of the lesions, the detailed introduction is pro-

vided below. For brevity, this paper abbreviates “ICDAS” with “C.”

1. C0 − healthy teeth, and the annotators need to exclude

conditions such as tooth wear and discoloration of the fis-

sures caused by non-cariogenic habits (like tea drinking).

2. C1 − visual changes in enamel, including opacity changes,

white or brown lesions.

3. C2 − significant visual changes that the discolorations

beyond the area of the fissure.

4. C3 − localized enamel destruction, where opacity or

chalky white demineralization.

5. C4 − noticeable discoloration from the internal dentin,

usually blue or brown.
Fig. 1 – Illustration of dataset
6. C5 − the formation of an open cavity in the fissure, usually

with demineralization.

7. C6 − the cavity affects half of the tooth surface and

exposes the underlying dentin.
Some manually annotated ground truth information is

shown in Figure 1. Each image was annotated independently

by at least 2 annotators. In case of disagreement, the annota-

tions should be flagged and referred to dental therapists for

more reliable annotations. After completing this series of

work, 2 evaluators reviewed and appropriately corrected the

annotation results. The final Kappa coefficient was calculated

to be between 0.7 and 0.9, indicating the achievement of sub-

stantial consistency.

Data augmentation
For deep learning tasks, small datasets are prone to overfit-

ting, which limits the generalizability of the network. To

address this, we employed data augmentation techniques to

expand the dataset. Specifically, images were rotated by 45°
with a 40% probability, with 50% of these rotations being

clockwise and 50% counterclockwise. The brightness and

contrast were adjusted with a 30% probability, noise and blur-

ring were added with a 25% probability, and scaling by a fac-

tor of 2 was applied with a 20% probability. In the end, 8754

images, including the original ones, were obtained, as shown

in Figure 2. These random transformations help to more com-

prehensively simulate possible real-world scenarios, improv-

ing the robustness of the model.

Dataset partition
Table 1 shows the statistics of caries instances in each cate-

gory in the dataset. It can be seen that mild instances account

for the largest proportion, while severe instances are less

common, presenting an overall long-tail distribution. To

ensure a sufficiently large training set, a validation set to

adaptively adjust the training strategy, and a reliable test set

to evaluate model performance, we divided the data into

training, validation, and test sets in an 8:1:1 ratio, with 7004

images in the training set, 875 images in the validation set,

and 875 images in the test set. These 3 sets are independent,

meaning that the same image and all of its augmented

images appear in only one set (that is, the unaugmented origi-

nal images are randomly assigned to each subset according to

the predetermined ratio, and then their augmented images

are added to each respective subset).
samples and annotation.

https://github.com/vietanhdev/anylabeling
https://github.com/vietanhdev/anylabeling
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Table 1 – Statistics of caries instances in each category.

Dataset C0 C1 C2 C3 C4 C5 C6 Photos

Total 9443 21,102 14,502 8531 6706 725 271 8754

Training 7349 16,637 11,640 7114 5321 575 211 7004

Validation 983 2150 1394 813 653 75 28 875

Test 1111 2315 1468 604 732 75 32 875
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Proposed methods

Non-maximum suppression
Most of the network models37,38 divide a single image into

n £ n sub-regions, generating corresponding predictions at

the anchor points based on local features, as shown in the

lower right corner of Figure 5, here 802+402+202 refers to the

number of anchor points at the 3 feature layers of the net-

work. The number 4 represents the information about the

center coordinates and width and height of the predicted

bounding boxes. n_cls refers to the number of categories

involved in the prediction, which is 7 in this paper. However,

a target often occupies multiple sub-regions, resulting inmul-

tiple redundant predictions. Non-Maximum Suppression

(NMS) is a necessary step to remove these redundant boxes.

Specifically, it includes:

1. Selecting the maximum score across all categories at each

anchor point as the prediction score, and the correspond-

ing category as the predicted class.

2. Comparing the prediction scores at each anchor point with

a set confidence threshold, and then eliminating low-con-

fidence predictions.

3. Among the remaining predictions, calculating the Inter-

section over Union (IoU) between the highest-scoring box

and other boxes. If the IoU is greater than the set thresh-

old, it indicates that the 2 boxes are likely to correspond to

the same target, and thus the one with the lower score is

removed.

As a greedy algorithm focused on local optimization, it is

continuously improved. Soft-NMS39 replaces the traditional

IoU-based suppression criterion by weighting the confidence

with 1�IoU. IoU-Net40 and Softer-NMS41 introduce an IoU

branch and a variance branch into the detection head, respec-

tively, to separately represent the uncertainty of the location

regression results to address the issue of spatial misalign-

ment.42 DB-NMS43 applies a Density Peak Clustering (DPC)

algorithm44 to filter redundant boxes based on geometric sim-

ilarity, enhancing the ability to distinguish different objects.

Category correction
In the ICDAS’s 7 categories, there is a certain visual similarity

between adjacent categories.45 Specifically, if the expert clas-

sification of a tooth is C3, the neural network model’s pre-

dicted scores for nearby categories (C2, C4) will be

significantly higher than those for distant categories (C0, C6).

From a statistical perspective, the overall scores follow a nor-

mal distribution with a peak at the correct class, as shown in

Figure 3A.



Fig. 3 – Illustration of category correction.
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The traditional post-processing algorithm selects only the

category with the highest score as the prediction category:

Classprediction ¼ argmaxclass scoreclassð Þ

The overall distribution is neglected in this approach.

Sometimes, the network model’s predicted scores follow a

skewed distribution, as shown in Figure 3B. Although the

score under C3 is still the highest, overall, the scores on its

right side are much larger than those on the left, making C4

closer to the truth category. To fully consider the scores

across all categories, it’s needed to explicitly introduce this

background knowledge. The intuitive idea is to average the 7

categories with their corresponding scores as weights and

then round to get the corrected category.

Classprediction ¼ round
P6

class¼0 class ¢ scoreclassP6
class¼0 scoreclass

" #

However, there is a new shortcoming arising: when the

expert classification falls into edge categories C0 or C6, the

calculated weighted average is then constantly greater than 0

or less than 6. This means that the weighted average calcula-

tion will guide the output of edge categories toward the mid-

dle categories. To prevent this, we cancel this weighting

when the original predicted category is C0 or C6 and revert to

the greedy output.
Confidence correction
In a well-aligned dentition, adjacent teeth typically form a

nearly equidistant linear distribution, as shown in Figure 4A.

If a round of NMS with a higher confidence threshold (0.5) is

first performed, for the retained single high-confidence box,

the 2 nearest high-confidence boxes will be located on either

side, and the 2 distances will be similar. This relationship can

be quantified as: 1. d2/d1 < 1.5; 2. u > 90°.
Fig. 4 – Illustration of co
If d2/d1 > 2 (Figure 4B), it indicates a potential false neg-

ative (FN) between the current box and the second neigh-

bor box, corresponding to teeth with less prominent

features that were not assigned a high score by the net-

work, such as wisdom teeth in the corners or crowded can-

ines. Therefore, we can simulate this FN, as shown by the

dashed box in Figure 4B, and the low-confidence boxes

with an IoU greater than 0.6 will be the boxes where score

enhancement is needed. After experimenting with many

options, it has been proven that their scores are best

corrected using the following formula ((1-score) is the nor-

malization term to ensure that the enhanced score does

not exceed 1.0):

score scoreþ 0:5� 1� scoreð Þ

If u < 33° (Figure 4C), the current box is more likely located

in the background area, far from other teeth, but is assigned a

higher score due to the presence of features similar to teeth,

such as a mouth opener or bubbles on the lens. In this case,

the false positive (FP) score is suppressed by multiplying a

small factor. If d2/d1 > 2.7, it indicates that the current box is

located at the edge. As with the previous formula, the score

will be increased to eliminate the FN.

After adjusting the scores, NMS is performed again with

the original threshold. Since FP and FN are determined based

on the quantitative relationship between confidence and

threshold, it is practical to adjust the confidence score for

boxes in potential regions by using the characteristics of

tooth distribution as motivation. The constants in the condi-

tions d2/d1>2 and u<33° are empirical values obtained

through tuning. In classic algorithms Faster R-CNN and SSD,

we tested d2/d1 at intervals of 0.5 between 1 and 4, and u was

tested at intervals of 5° between 10° and 40°. It was found that

the maximum mAP scores were achieved near 2 and 33°,
respectively. To ensure the experiment’s objectivity, this
nfidence correction.



Fig. 5 –The architecture of the YOLOv8.
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hyperparameter setting has been extended to the latest YOLO

algorithms.
Baseline deep learning algorithms
In the field of 2D object detection, the sensitivity and specific-

ity of the YOLO model are significantly superior to other

detection algorithms.9 This study conducts experiments

using its latest state-of-the-art (SOTA) versions YOLO-v8,46

YOLO-v9,47 and YOLO-NAS,48 to fully verify the generalizabil-

ity of the proposed methods.

The YOLO-v8 model structure is shown in Figure 5 and

consists of 3 parts. The backbone network is responsible for

extracting features from the input image, with the semantic

information becoming more complex and abstract in the later

stages. Its core module is C2f, which uses gradient diversion

technology to reduce computation while increasing network

depth. The neck network is used to fuse the feature informa-

tion from the last 3 stages, consisting of the top-down FPN

and bottom-up fused PAN. The head network uses decoupled

detection heads with shared feature maps for specific classifi-

cation and location regression predictions.

In the 2 versions presented later, YOLO-v9 combines the

advantages of CSPNet and ELAN to form the GELAN architec-

ture, balancing lightweight design, inference speed, and accu-

racy. It introduces Programmable Gradient Information (PGI)

to address the issue of information loss and network updates

during the feature extraction process. YOLO-NAS designs

quantization-aware modules named QSP and QCI to mini-

mize accuracy loss during quantization, and the AutoNAC

automatic architecture adapts the algorithm for user needs,

particularly suitable for real-time edge devices.
Experimental settings

The model training and testing were conducted using the

PyTorch framework (version 1.10.1; https://pytorch.org/) on

the Ubuntu 16.05 operating system of the AutoDL cloud
server rental platform, equipped with an NVIDIA TITAN

RTX 2080 Ti GPU, Xeon(R) Platinum 8255C 2.50 GHz CPU,

and 32 GB RAM (2 £ 16 GB) DDR4 @ 3600 MHz memory. The

Python version was 3.8, and the CUDA version was 11.3.

The initial learning rate of the model was set to 0.01, with

weight decay of 0.0005, momentum set to 0.807, and the

Stochastic Gradient Descent optimizer used to update

model parameters. The random seed was set to 11. In the

first 50 epochs, the backbone network weights were frozen,

and the training was performed with a batch size of 2. From

epoch 51, the model was unfrozen and trained with a batch

size of 4, iterating for a total of 400 epochs. The input image

size was 640 £ 640.

During post-processing, the confidence threshold was set

to 0.1, and the IoU threshold for NMS was set to 0.5. We used

common evaluation metrics such as precision, recall, mAP

score, and FPS to assess the algorithm’s performance on the

test set. By evaluating precision and recall at different confi-

dence thresholds, we can plot the R-P curve. When the IoU

threshold between the predicted box and the ground truth is

50%, the area under the curve and the axes defines the

mAP@50, which is more suitable for the multi-class and local-

ization tasks in this study than the F1 score.
Results

The results of the comparison and ablation experiments are

shown in Table 2. Among the 3 baseline algorithms, YOLO-v8

achieved the highest mAP score of 0.682, YOLO-NAS demon-

strated a similar performance of 0.677, and although YOLO-v9

had lower performances in accuracy metrics, it had the fastest

inference speed of 92.81 FPS. The combination of proposed cor-

rection methods improved the mAP score by 4.7%, 2.8%, and

4.4%, respectively. Specifically, category correction mainly

affected precision (+2.7%, +0.9%, +2.6%), while confidence cor-

rection significantly improved recall (+3.6%, +2.3%, +3.5%), but

there was a slight loss in computational efficiency.

https://pytorch.org/


Table 2 – Test results with or without proposed 2 corretions.

Model Correction Precision Recall mAP@50 (95% CI) P-value (if significant) FPS

Cls Conf

YOLO-v8 No No 0.592 0.678 0.682(0.667-0.718) — 83.12

Yes No 0.619 0.715 0.706(0.685-0.727) .0235(x) 81.36

No Yes 0.603 0.714 0.721(0.712-0.753) .0054(x) 72.17

Yes Yes 0.630 0.734 0.729(0.709-0.750) .0031(x) 78.07

YOLO-v9 No No 0.570 0.638 0.625(0.611-0.647) — 92.81

Yes No 0.579 0.644 0.642(0.631-0.648) .0549(£) 92.93

No Yes 0.570 0.661 0.649(0.632-0.661) .0062(x) 91.01

Yes Yes 0.593 0.666 0.653(0.641-0.670) .0010(x) 89.47

YOLO-NAS No No 0.552 0.676 0.677(0.650-0.792) — 86.41

Yes No 0.578 0.690 0.717(0.701-0.721) .0093(x) 83.74

No Yes 0.563 0.711 0.708(0.694-0.721) .0029(x) 74.12

Yes Yes 0.602 0.729 0.721(0.704-0.749) .0004(x) 71.60

Note. The bold represents that the model has the best performance under this indicator.
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Moreover, to verify whether the proposed methods bring

statistically significant improvements to the algorithm’s per-

formance, we trained 3 baselines with 20 different random

seeds. The Shapiro-Wilk test (p >.1) confirmed that the result-

ing mAP scores do not follow a normal distribution. We then

performed a Wilcoxon non-parametric test on the mAP score

sets of the improved algorithm and the baseline. The result-

ing p-values are included in Table 2, showing that our correc-

tion method has general significance (p < .05). The 1.7%

improvement brought by the category correction applying

solely to the YOLO-v9 shows no significant difference from

the baseline. However, the combination of correction meth-

ods showed the best significance in all algorithms (p < .01).

The detailed diagnostic performance is shown in Table 3.

In the original YOLO-v8, the recall rate is generally higher

than the precision, which is related to the similarity of visual

features between adjacent categories. Additionally, predic-

tions with lower confidence score often have higher classifi-

cation uncertainty, further lowering precision. Regarding

precision, there are 2 peaks at C2 and C6. The category correc-

tion excels in intermediate categories such as C2, C3, and C4,

while the confidence correction is concentrated on C4 and C5.

The recall rate initially decreases with the severity of caries

and then increases again at C5 and C6. The impact of category

correction remains similar to that on precision, while confi-

dence correction brings at least a 2% improvement across all
Table 3 – Diagnostic performance metrics for all ICDAS categorie

Class Precision

Original Cls-cor Conf-cor Ours

C0 55.3 55.6 55.8 56.2

C1 61.5 64.0 62.7 64.9

C2 63.5 67.8 63.9 68.9

C3 59.4 63.9 59.8 65.0

C4 54.2 57.1 56.8 58.9

C5 57.6 61.1 59.4 62.6

C6 63.3 63.5 63.5 64.2

Avg 59.3 61.9 60.3 63.0

Note. The bold represents that the model has the best performance under th
categories. The overall improvement is more striking in

recall.

Figure 6 visually displays the impact of the proposed

methods on the mAP scores across different categories of car-

ies in the form of histograms. It can be observed that in the

original YOLO-v8 algorithm, the precision metrics for moder-

ate caries C3 and C4 were the lowest, and category correction

significantly improved classification performance at this

stage by 5.3% and 6.0%, respectively. Confidence correction

mainly optimized the scores for moderate and severe stages.

The improvements in the mild stages C1 and C2 were rela-

tively minor, likely because the closer proximity of the ante-

rior incisors, with lower caries incidence and better exposure,

allowing the neural networkmodel to generate more accurate

predictions, thus requiring fewer corrections.

The detection capability of the algorithm may encounter

various influences in real-world environments, such as noise

in the captured images or compression caused during file

transmission. Therefore, it is crucial to evaluate the algo-

rithm’s robustness. Previous studies49 applied up to 15 image

distortion assessment models to evaluate performance. This

study selects 3 representative types of distortions (Gaussian

noise, Gaussian blur, and JPEG compression) and compares

our correction methods with other competitive post-process-

ing methods, Soft-NMS and DB-NMS, as shown in Figure 7. It

is clear that after postprocessing correction, the performance
s.

Class Recall

Original Cls-cor Conf-cor Ours

C0 78.1 78.9 80.6 80.6

C1 73.3 76.4 75.0 77.6

C2 66.4 71.0 69.6 72.1

C3 62.7 67.9 66.6 69.3

C4 58.0 64.1 64.2 66.6

C5 65.1 69.7 69.5 72.0

C6 71.0 72.4 74.3 75.7

Avg 67.8 71.5 71.4 73.4

is indicator.



Fig. 6 –mAP scores of the algorithm in different stages of dental caries.

Fig. 7 –Performance comparison results after different degree of image distortion.
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of the corrected algorithm consistently outperforms other

algorithms, fully demonstrating that our method is more

robust.

To clearly exhibit the results of the algorithm before and

after improvements in tooth instance detection and ICDAS

fine-grained classification, 2 intraoral photos were selected

for visualization, as shown in Figure 8. The left images show

the baseline prediction, and the right images show the

improved prediction. The numbers in the top-left corner of

the prediction boxes represent the ICDAS code and the proba-

bility value, respectively. From Figures 8A and C reveal some

shortcomings in the original detection results. In the white

circle area, 3 FN cases occurred due to the remote and

crowded location, and in the white rectangle area, 4 FP cases

were caused by ambiguous features. These errors were satis-

factorily resolved in Figures 8B and D, where the integration

of background knowledge endowed the algorithm with stron-

ger reasoning capability. It is worth noting that the molar in

the upper-right corner of Figure 8B is classified as C1.

Although this is technically correct, since it is a nonactive

lesion, it may lead to cases of overdiagnosis. Therefore,

appropriate human intervention is still essential during clini-

cal application.
Discussion

This study focuses on improving fine-grained caries detection

in intraoral photos. By introducing 2 simple yet effective

post-processing correction methods, the mAP scores of the

original 3 models—YOLO-v8, YOLO-v9, and YOLO-NAS—were

increased by 4.7%, 2.8%, and 4.4%, respectively. The maxi-

mum mAP score of 72.9% was achieved with YOLO-v8, partic-

ularly improving the performance of moderate caries, which

previously showed the lowest scores. The algorithm also

demonstrated better robustness compared to other enhanced

methods. The visualizations of the results further confirmed

the effectiveness of the improvements. One of the highlights

is that detection and classification are performed simulta-

neously, which largely shortens the diagnostic process. Over-

all, our work shows promising results and helps promote the

application of visible light images in clinical caries diagnoses.

In terms of lesion detection, the model’s highest sensitiv-

ity of 73.4% is higher than the 64.6% reported in a previous

study using smartphone-captured images.50 Both the mAP

score of 72.9% and the precision of 63.0% are also higher than

those in another study combining Transformer mecha-

nisms,51 which reported 56.9% and 62.3%, respectively. The



Fig. 8 –Visualization of original caries detection results and the improved output with our methods.
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improvement in the YOLO algorithm, with increases of 4.7%

and 4.4%, surpasses the 2.1% and 3.0% improvements shown

in a study using tiling strategies,52 demonstrating stronger

performance. In the case of caries classification at different

stages, our results, with an mAP score of 68.2% at baseline,

are comparable to the 71.8% and 69.5% reported in a previous

study using standardized intraoral photos.30 The inclusion of

the improved algorithm has brought about a new boost in

performance, effectively enhancing the reliability of auto-

mated diagnostic results, and highlighting the necessity of

correcting predictions.

Some interesting phenomena can also be observed from

the results. The number of instances for C6 is much smaller

than for C4 and C5, but the detection performance is better.

We believe that, in severe cases, the caries has already

exposed the underlying dentin, making its visual features

easier to distinguish. The number of instances for C1 is

greater than that for C2, but its precision is lower. This anom-

aly may be due to the subtle differences between mild caries

and healthy teeth.9 Furthermore, multiple factors can inter-

fere with diagnostic results. External factors include insuffi-

cient exposure, imaging instability, and fog on the mirror,

which can be addressed by image enhancement techniques

simulating real-world blurriness and noise.53 Internal factors

include other clinical symptoms such as dental calculus,

white spot lesions, and surface pigmentation. Therefore, dur-

ing the data cleaning phase, we only retained data on healthy
teeth and caries at different stages of lesions to help the

model focus on task-specific features. Another approach is to

incorporate these factors into the algorithm; and multi-task

learning54,55 may also help improve result accuracy.

Although the use of deep learning-based automated pre-

diction tools can improve diagnostic efficiency, the supervi-

sion of clinicians remains indispensable in this process. In

addition to the clinician’s intuition and extensive experience,

which can effectively rule out the interfering factors dis-

cussed above, external factors such as the patient’s age, med-

ical history, and dietary habits are also crucial considerations

for evaluation and the formulation of personalized treatment

plans. For borderline or ambiguous lesions, clinicians need to

confirm the diagnosis using a broader range of methods, such

as X-rays and probing, which emphasizes the importance of

expert supervision.

There are also some limitations in our work, here we dis-

cuss them and propose possible solutions for future research.
1. Compared to X-ray images, intraoral images cannot

express the internal information of teeth. Therefore, there

are limitations in fundamentally detecting all caries. Imag-

ing data should be used as a supplement to improve diag-

nostic results, or multiple photos of caries should be taken

from different angles, and the network model can then

integrate predictions from various perspectives.
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2. The current visible light datasets, especially open-source

datasets, are relatively limited. This requires cooperation

and resource sharing among multiple medical institu-

tions. Although data augmentation can improve the mod-

el’s robustness, it cannot provide new features. A dataset

covering more caries cases will provide important support

for the algorithm’s progress.

3. The reference information provided by annotators directly

impacts the reliability of the model. Therefore, including

more annotators and inviting experienced experts for

guidance will undoubtedly have a more positive impact on

the real-world application of artificial intelligence

methods.
The proposed methods have been validated in relatively

idealized experiments. It has been noticed that the confi-

dence correction slightly reduces the algorithm’s real-time

performance, but with an FPS of 78.1, in absolute terms, it is

relatively high compared to manual screening, thus still

acceptable in most clinical scenarios, and as hardware facili-

ties improve, this issue will also be weakened. In future

research, from a technical perspective, we plan to further

optimize the algorithm to overcome the computational over-

head caused by the confidence correction, enhancing the

real-time performance and scalability of the detection algo-

rithm. From an application perspective, we aim to deploy the

model algorithm onto various mobile devices or embedded

platforms for feasibility and impact evaluation, and explore

ways to ensure patient privacy and security, thereby more

widely improving human oral health.
Conclusion

The clinical diagnosis of caries plays an important role in

maintaining human health. This study introduces new artifi-

cial intelligence technologies into caries detection to provide

more efficient and low-cost solutions. Using advanced YOLO

deep learning models, namely YOLO-v8, YOLO-v9, and YOLO-

NAS, we have achieved caries detection based on tooth

instances and fine-grained classification, with preliminary

results. To improve model performance, 2 postprocessing

correction methods are proposed: category correction, which

comprehensively considers score distribution to integrate

into more reliable output, and confidence correction, which

adjusts scores based on the spatial distribution pattern of

instances to capture more accurate tooth instances. This

study better aligns with the requirements of clinical caries

detection, promotes the application of visible images and

artificial intelligence, and is expected to realize patient self-

examination and computer-aided diagnosis.
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