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Abstract: Pediatric panoramic dental radiographs acquired during the mixed dentition stage contain complex anatomical
backgrounds, small lesion areas, and low-contrast textures, which pose challenges to automatic detection. This study
proposes a C2f-=CBAM embedded YOLOvVS8 framework for pediatric dental disease detection. The convolutional block
attention module is integrated into the C2f module of the YOLOvV8 backbone to jointly model channel and spatial attention,
thereby enhancing local lesion-related feature responses. Experiments were performed on the publicly available Children’s
Dental Panoramic X-ray Dataset released on Kaggle, which contains 849 panoramic radiographs from children aged 0-12
years with 14 categories of dental diseases or abnormalities. The supplementary experiments show that C2f-CBAM YOLOv8
achieves 88.27% mAP50 and 67.19% mAP50-95 with an inference speed of 32.0 FPS. Compared with baseline_c2f, C2f-
CBAM shows slightly lower overall accuracy and inference speed, indicating that the CBAM module does not provide a
comprehensive performance improvement on this dataset. Nevertheless, compared with Faster R-CNN, the proposed model
still shows certain engineering advantages in mAP50, mAP50-95, and inference efficiency. These results suggest that C2f-
CBAM YOLOv8 may serve as a candidate auxiliary screening model for pediatric mixed dentition panoramic radiographs,

while its clinical effectiveness requires further validation using external test sets and reader studies.
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Fig. 1 Overall framework of C2f-CBAM enhanced YOLOVS for pediatric dental disease detection
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Fig. 2 Comparison between original image and CLAHE-enhanced image
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Table 1 Definitions of dental disease categories in the pediatric panoramic X-ray dataset

5 AR FECAAHR ] UL
1 g5 Decayed tooth DT TRt 2 A B
2 F A O Early caries EC TR R HIE, R ERIAHE
3 B Caries restoration CR FREE B AR
4 R Pulp calcification PC TF W Y v FE AL
5 B Residual root RR Fbhk, AEFR
6 (T 7N Missing tooth MT IR S
7 FHA Impacted tooth IT RIEH BT
8 EZVn Supernumerary tooth ST THN BN T
9 AR Root resorption RRs AR GE R IR IR
10 T Dental trauma TR HMI3 T BT BT AR
11 ENTES Periapical lesion PL TR XA 25 5%
12 F WA Periodontal disease PD R RO D A
13 ¥ Dental implant DI N T i
14 HoAth S Other abnormalities OA HABA 5 5295 48
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Table 2 Overall performance comparison of different detection models

pi-vis'} Precision/% Recall/% mAP50/% mAP50-95/% FPS B 18] /ms
baseline c2f 84.96 82.54 89.59 69.16 64.90 15.40
C2f-CBAM YOLOvS8 83.57 81.94 88.27 67.19 32.00 31.25
Faster R-CNN 79.00 85.00 82.00 61.00 4.74 211.12
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o Detection Performance Comparison
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Fig. 3 Overall detection performance comparison of the three models
Inference Speed Comparison
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Fig. 4 Inference speed comparison of the three models
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Table 3 Detailed results of baseline_c2f under five random seeds

Seed Precision/% Recall/% mAP50/% mAP50-95/%
1 81.00 83.37 38.83 67.63
2 87.61 81.99 90.75 70.39
3 83.74 81.97 88.44 68.29
4 83.43 81.56 89.14 68.69
5 89.04 83.81 90.82 70.81
YIE PR 84.96+3.29 82.5440.99 89.60+1.11 69.16+1.37

*® 4 BRIMERRIL S 55 e Mt

Table 4 Summary of model performance and stability information

Y Precision/% Recall/% mAP50/% mAP50-95/% FPS
baseline_c2f 84.96+3.29 82.5440.99 89.60+1.11 69.16+1.37 64.90
C2f-CBAM YOLOVv8 83.57 81.94 88.27 67.19 32.00
Faster R-CNN 79.00 85.00 82.00 61.00 4.74
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Fig. 5 Training losses and evaluation metrics of C2f-CBAM YOLOVS8
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Fig. 6 Normalized confusion matrix of C2f-CBAM YOLOVS8
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Panel A: Baseline Panel B: Ours

B 7 baseline 55 C2f-CBAM 1% Grad-CAM ALY
Fig. 7 Grad-CAM visualization comparison between baseline and C2f-CBAM models
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