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A dental caries assistant diagnosis system based on deep learning

XIANG Jinfan, MIAO Jiaxin, YANG Yiwei, YU Xin, LIU Xiaoyu

( School of Mechanical Engineering, Sichuan University, Chengdu 610065, China)

Abstract: As a common disease, caries has affected the health of the public for a long time. As the size of the population suffering

from caries continues to expand, dental resources are becoming more and more scarce. In order to solve the problems of lack of

artificial intelligence to assist doctors in dental caries diagnosis and difficulty in ensuring the efficiency of manual diagnosis, an

auxiliary diagnosis scheme for dental caries in oral small teeth based on image processing and deep learning is designed. Based on

the U-Net semantic segmentation model and the YOLOVS object detection model, this scheme identifies caries lesions in oral small

dental films, and the trained model can effectively identify the caries area, and the optimal mAP@ (. 5 value reaches 95. 3% and the

accuracy reaches 95.9%. At the same time, combined with the graphical interface development tool PyQt5, the development of a

medically suitable caries detection and auxiliary diagnosis system is completed, providing doctors with easy —to—operate auxiliary

software, thereby effectively improving medical efficiency.
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Fig. 3 Caries detection process
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Fig. 4 Image preprocessing process
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Fig. 5 Image preprocessing results
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Fig. 6 Teeth region segmentation process
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Fig. 7 U-Net network structure

x1 BENESH

Table 1 Model training parameters

[RIE 2 HBEE
Batch_size 1
Epoch 40
Learning rate 0.000 01
Weights_decay le-8

RSN IR o BB HEA T A i 23 1
BRIPERE . FIIZCTF L (MIoU) (82— i 5 K]
8o NG RE A EE B R AR, S SO TN (6 A LSS 1Y
SEHE IR Z LRI L MIoU AN

1 i Pii
MloU = 1
ol k+1Z k (D

£ k
= zpt‘j-'_zpji_Pii
i=0 i=0




68 /OB i &

5 8 M 15 %

Hor, b Fom 288t (B + 1) b T7H
285 Py BN BIRLTIN g A5, S B TE A1, AR A AR
115 P, FEnERY H Sk iE B, S PR R, B O AR
1E 5 P, FERASE BTN 8 1F 9], 2 B 1E 4], R Sk 3
1E, MIoU (BT 1, I 3 B R 431 50k S ik
K

XU AR (Y 139 5K 15 145 KR 08 ] LabelMe briE
HH R DX 8K, i 0 P 245 A TR o) Rtk A 1) St
FHENAHSCHE bR L2 2.,

£2 HEIFSIER

Table 2 Segmentation network indicators
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Fig. 8 Image segmentation results without closed operation

E9 ZAEEEHEGIEIER

Fig. 9 Image segmentation results after closed operation
2.3 BHENEE
2.3.1  HARKA L

VR, bR i 580k 32 28 B0 B A XU B A
DFEIEPIRY, YOLO 2 AR 22 B0 H AR A J5 v vh 9 32
W7V . B E BRI 5 VA48 B2 T B R 4R
—UCRHIE R BE S B H AR | A I AR L 22 B B i H
il H BRI 75 A RS AT BB T, YOLOVS J&
Zoid Z 4 L AUG B — Fh %, 7 IRAE AL depth _
multiple ARG F width_multiple #7553 2 4>
SHANIF], % F L X3 YOLOVSs , YOLOvSm
YOLOvS], YOLOvSx iX 4 ANREAS, 3% 4 A~ fA B4R
A 2 NSEAF EM KL SR —E, YOLOVS
R 28 LEF R 10 BTz, YOLOVS W48 2544 1 Input
Backbone Neck . Prediction PU4r2H i%> .

E 10 YOLOv5 ML
Fig. 10 YOLOVS5 network structure

1 10 1, Input SR ] Mosaic a5 | & 7 R1
ek A SIEHETTE . fdH Mosaic AT LAXT 4 A X 4%
(1) B HEA T REAL A8 I F 3 2 35 FHEAT , DA 1S 5L

sk R AR R B AR VE T L A HEAR B
YIZRIE R B RT A S5 SR i R AE R/, LA
A HE N A AR P, XAk i A A TR HJ



53

TE ML, A5 2 TUREE 2 ) A9 E 5l D2 I R 58 69

b, A7 G ISR 5K

Backbone £ 7% Z i 7E YOLO A H AN A7 7E 1)
Focus 12 Fifd FH ) CSP 4544, 70 5 #:47U) B LA fe
S RRE SRR BRI, Neck £45 B4R 5
A UL I 7S 8] 4 5 b 1k, ¥ ( Feature Pyramid
Networks, FPN )™ %5 ¥ 5 ( Pixel Aggregation
Networks, PAN) " ZERgAHEE G | T 52 B M 48 5 AE
FlG . Prediction "l GloU 1E M 45 2% pREL, I 7E
A PR P AR AR R (NMS) G 12 H ARKE , A
AR B P AAE
2.3.2 Bl

FEXT 18 145 7 B AT R ic J5 , i Labellmg %%
PPN TR REAR R TXT BRZSCPF, TXT X
R S 1 AR (5 TXT SO A 4 BRUGA)
YOLO # AR R LR

H DI 1 K 2 AV 10 P I 2 B AR X S 2k
BV MR AT 53 SO0 18 | JS R van B B AP AT 32 A
ZFth B bRt SRS A TR T R, TE5E
SRR T I R BEAILECA: i 4 S ) Bs
FEE 9.1 RIor AR Mg SE , (i AR5
H g R BEERE A PR UEREDLIE . BCE S g 1 A
5l caries, BRI E . I 2434 A U—Net #E17
KI5 3], FIH Labellmg 57 H Il 25 8 F150 UE2E 7Y
WG FR 0, R TE I A B R 28 ST 8 SO 44 5 8K
S b By B — — XF N, e e A B AR kA
YOLOvS R 2% 2] W28 rh A TR I 25
2.3.3 BRI

BERIYNZRER 5 73 BI%F H T YOLOVS 3 MY
(9 I 2k 2R, BB 40 1% YOLOvSs, YOLOvSm,
YOLOvSI,

AR ST A 1 483%1 072, W1k ) 3R 4G —
BEE N 0.01, epoch Jy 100 K A E WG — K BN
0.000 5,04 3, £ 3 R b 5 R 3 f ]

Cuda 11. 3 ubuntu 20. 04 HEZ25¢ R %5
2.3.4 SRR

WA RISk | A5 TP WI(E (AR Sk 1E
KA IEREA ) FP (R B F o 1 28 g T REAS )
FN (AR R S 0 TEAEAS ) F1 TN (BB AL i
M R A ) 22 b IR T Tz
i ARSI PEREAYHE PR, B A 815 (Recall ,R)
FXERE ( Precision,P) .

HERR (P) AR IR (R) 230 5E SN

TP

P = (2)
TP + FP
TP
R= (3)
TP + FN

HERR (P) FLE IR (R) BEANT0 ~ 1 Z 8
B, R T LAY BRI PERE , — R I
ST (mAP) Kt — PR ER S il
BB AN AR BE 0 B, FT LA BB ALFEAN [ (1) [
E NI PAEFT R (H, — MO0, P EA R
R TURHOCHY , T 2l — A il 4k, v il 26 iy e AR
FRA AP, BFRK AR g ol H FR AT 158 —A> AP
i, XF e A B AP (B KAE 4 0 AT DLAS BB (Y mAP
., mAP@O0. 5 FRTE loU FR{E N 0. 50 B HYF-44 AP,
mAP@0. 5; 0.9 F/RTE loU BI{E A M 0. 50 ] 0. 95, 4
K 0. 05 W44 mAP (F-H{E 2,

2.3.5 g

TERERIYI it B v, 2K eRBUE BE DI 2k B0
TR, 2SR 90 R}, 3 M AL FEA I 8K
PR B R MEZ K 0,04, N T S &S 68
(9 EL ARSI R 265 | He A T 3 B R 2 5 SR S 5L
P .R .mAP@0.5 mAP@O0. 5. 0.9, %f HLaE R LK 4,

F4 FREHHZRERLX

Table 4 Comparison of experimental results of different models

HEAI 24 YOLOvSs YOLOv5m YOLOv51
FReLU 3815 pRY P 0. 902 0. 943 0. 959
*3 EBRINGETESH R 0. 769 0. 873 0. 866
Table 3 Main parameters for model training mAP@ 0. 5 0. 860 0. 929 0. 953
(TR 20 HUE mAP@0.5: 0.9 0.519 0. 643 0. 683
Batch Size 32 ‘ . N i
et - IR ELSEMAT IS I A AOBR I 5 i 1
il Lo e . IEA S0 A EL U255 B9 3 A4 E B B o

Weights decay 0.000 5

{ff ELSZ 3% 4 40 NVIDIA Geforce RTX3090
GPU F: 47 $2 it 5 77, 8] B 4 B PyTorch 1. 10. 0,

FERIEAE b AR AT LA & 11 ~ 13 Fias, Hirp
EIEEBIE (conf — thres) H—1%'H N 0.25, Kk
AR ZE B ORI FE R AR TR) 2tk )R AR T]
TR B X /NF R, B 11~13 1 BARERRIC AL



70 oo ®m M5 M OH

ERRES

TR H A RT REAF AE 055 IR B9 X e, HARAE T {7
DIREE I EARBE

11 YOLOvSs BB SR AR
Fig. 11 Verification set recognition effect of YOLOvSs

E 12 YOLOvSm HIIIE&EIRAIR
Fig. 12 Verification set recognition effect of YOLOvSm

E 13 YOLOvSI B3 iE £ iR A% R
Fig. 13 Verification set recognition effect of YOLOVSI

SIS EE R A A 2 ML, YOLOVST 3|
Yt /N B BRAS AR R AR U0 X B2/ R sE R
U PR AR A R AR
2.3.6 M@K

T Tl S 36 2 R B e = Ak o i FH A S50 ik
FZ TR MR AL B 7 36 AR 5 >
TR 2% > I Al S 36 90 K e B — A s 2 A
Je Ut D 45 (AP B, LS By T AR L A ko
REAARXT DTRR > . B SRR AE NS A 20 1 J2: W 7

LR B R ) (AR T RS 56 i A R R 5
AATATBE e B BB B ) R T i — 2540 i LS
AL HE 5 20 E) 3%t YOLOVS A5 R I 2k Al 52 1), 85 AR SC
KRG EUR TN LS 4y EIREAR LA YOLOVS Hhifif T
BRI 25, TSRl Es R LR S,

£5 HEIZRERMLE

Table 5 Comparison of ablation experiment results

RIS YOLOvSs YOLOvSm YOLOvS1

P 0.241 0 0. 809 0 0.7210

R 0.423 0 0.326 0 0.250 0
mAP@0. 5 0.236 0 0.378 0 0.291 0
mAP@0.5; 0.9  0.087 3 0.091 7 0.088 0

M4 35 LR A& KGR BiAL B 73
FIREAYI SR i AR LR 4R 25 T 2 AL B AYREAR
PR SCER XS FES /N R i) B LA 35 2 R A

Y
2.4 Faigit
2.4.1 AR A

FHP T4 A A e 0 ol o B o 1R 48
N AL, 15 PR A R /NI U an P S e A
R0, i BRI R HL, RGUR A ShitT R
e, ARl 28 A 2 58 JSObR T B Al A i D IR0 Al A R
H/NA o BRGES A T7 BYER > T TAR W 94
MEECHEAERMSE i X R E A
R, B AR AT AR IOCHE I A N BERE, tnidk 44 4
WA ALHAB S 2 WA SC B 5 B, A s 2, i st
AR AR AT B T B AR A AR AR R A
O, B 14 JEAS ZR G800 I 1A G0 SR

E 14 BiERNRm

Fig. 14 Caries detection interface

2.4.2 /NI EUG AL BRI

FH P P MR AL B R 100 a3 3l % ke
JEE AR P wl e PGB I T 4 T R ] S A A 1
R AHLAERI /N F ) PSS A, DA i B e bl B
VUGS A B T A B A, i vy 12 2 B A i



53

TE ML, A5 2 TUREE 2 ) A9 E 5l D2 I R 58 71

o RGEN/NA R EGAL B i an e 15 s,

B15 MFREGLERT

Fig. 15 Image processing interface for small dental films
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