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Abstract

Medical dental images play a crucial role in helping doctors make rapid diagnoses and clinical
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interventions based on the visual manifestations of organs, tissues, and lesions in the images.
Among them, tooth segmentation and numbering are important starting points for oral analysis and
diagnosis. In dental treatment, X-rays are a common diagnostic tool, which are used by doctors to
examine the condition of teeth, gums, jawbones and oral skeletal structures during diagnosis. Accu-
rate and automatic segmentation of tooth positions and regions is of great significance for the tooth
segmentation model. Due to the poor contrast of dental X-ray images and the difficulty in feature
extraction, the quality of the prediction mask is relatively low. In this paper, to improve the quality
of dental X-ray image segmentation, the YDBD model is proposed. This model is based on the im-
proved EfficientNet backbone network of YOLOv8 and incorporates a spatial attention mechanism,
which enhances the accuracy of tooth position recognition. During upsampling, dynamic upsam-
pling is used to reduce edge artifacts and high-level feature maps are concatenated to better extract
edge features, thereby improving the fitting degree of the prediction mask. Experimental results
show that there is a partial improvement in terms of accuracy and mean average precision com-
pared to the original model.
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PO FRREAT T 0 BB R BA ML 5 [ 16 RIS A 17]. DARAHSR A G I E S, FEHERZ IR
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HER . S B0 B A R — ROy BB PR S5 . MR T AR I R D 4% 25 R A SR R
fEAE B AR R T S NG A B R R . MOy T e R G o R S i i, FRAe T
YDBD.

YDBD #£F YOLOVS [18H 2510 24 1 B ¢ SRR R HEAT 7B 2. X OGB4 1A A1 38 1 %
FWRAEI AR, B R TMAM . A YOLOVS 355 45 K f& AN FT-40 1 R0 A 3R U, fE(RA
FIRAE B SR B 2R 01T & A RRAEER 208, HL P U7 Bt S AE X SR 33t B A 25 S R AS [R) S48 (1) 7 A7
JIFAXT R RIS F IR A YOLOVS HIZEHR, 1) IS G 2L SR 4 31 3402 FH 40 00 R0 0 g
I, AME B ER. 2) WAL HARSEEI e A, BN T 2SR AT AR T R L] DAT, 3h45 % 2% 5]
SRFEALE R AL B P H AR X3

2. IREINE

YOLO [18)5F 25N 1 AFFH FIAEAL, - EARIE UNet [19]125GE1F 2, 754 RS I L o Aff 1k 03 i
i B AR ERE, BT BT, X Bk R M RE AR B S5 1 YOLOVS 1. YOLOVS F R %1554
AN AN E AT S BEATRAL,  DRUE S PR REAN EORG FE, B TAE & A R AN EF BUE . YOLOV8 431
B JETE YOLOVS RS A g Bt b odh iR (), EZLRTE Head E3G N4 T =TI Box FIRFE K
= FH Sk 24E B Mask R EHIHREE .

2.1. YOLOVS [4g 454

S 535 HR A5 B AR RIS SCor I — P AT S5, 8 B ARAS I X 43 Hh AN 8] 000 J A
BEAT BRREAL, 1 o F2 o AN [F) 2800 f5 FH HE IR (mask)BEAT ARG [14], 24 73 F sl =2 X 43 AN [F) S 451 H
mask SKHEATHRIC. Hf YOLOVS fte —Ff B ARl A7, YOLOv8 HIRAXS Head JZ3EAT 43, HiMtAT
F| YOLOv8-seg [ . YOLOVS-seg 5451 43 %1 #2539 Backbone /= Neck /ZHl Head J7, FEHEAEZ
XN BEATRFESR AN, HEAT R ORAEE A AR o HE R BT B IE R . TR CBS. C2f A
SPPF #5ilk, FiH1 UpSample B KAHIEEI 5 E— RREE BTG o KA RIRHE AL 85 R P42 5 F
LRGSR R, 22 REE BREER-. wiE 1 Fis.

2.2. KR

T2 F U S B T I BRI R REE, DA BUTARE AT TR, Rk 5 RE Em &
B RR20]. BT X ST NEIGS, FRagE. FihES, MMF AR, F ke i B4 =0
FERAAL . BEAMEA F VAR R EE 22 7 FLAR AR SO, PR [21] B R 5 BUA 14 S 491 53381 52 4 B T A5k
o WA SR IERA AR R EBR L E WSRO . EIb i R R A RR N T ETIX 5
Fric, TR AR UG R AT, (ER R R [22].

IR EAE AR SCH 2 it YOLOVS S o3 B ) FEAA AL, St Hodb A7 7 i /0 B RRAL, IR DA A &
SR, BRSO, 5INAT A EVE R 15 B (Deformable Attention, DAT) [23148 2L £ T M &+,
AR SRR X 3k, 32 TH 0 BIRORE L, (643 28 1 (A7 B T SE IR 44, el s gl b et ik . X2
W 32 53 TR AN S I A 1 1) B, #E Neck RZ% 46 N\ BiFPN [24170 2 B Rl & 2 454, INEER 2
GEER R NRHER, TERORAIE R EEEE N, IR Z R E R 2R RER S, 18 m14
R R NRHEF MR o BJE1E FoRFERS Sy, MRS EA R, ST hEE AR 7 %)
Hk, 51N\ DySample [25 ]34 KAEBEAT FRAF, SHRAR 28 AOAFAE Bl 7 S0 P-4, sk D1 Lo I D,
{3145 TR H AR SR B PR UCF VR IE . BSOS I 28 G ] 2 BT
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Figure 1. YOLOVS architecture
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Figure 2. Improved YOLOVS architecture
2. BUHER YOLOVS [4g 45+
2.3. AIEREEHNNE

YOLOV8 JR A 3T/ 2% (Backbone) - % /£ 7 EfficientNet [26]XGHES R, RSBl RE S EUES T,
R R RHE R AR E 2, PUNRER 2 /D PGE T — MR PERESR S - T2 [23]7EJF A [ Transformer
FERE T3 H T 23 (B AT AR H 7 2 S L# (Deformable Attention Transformer, DAT), 2k T DAT.
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Figure 3. DAT architecture
3. DAT 4 LE#)

B NFHEE R RN x e RT7C, R p e RV (RS AE NS % . B RRIE S 28 1 155 2
query token g SRJEHIANBIAE BT WK% 0, S5 LT EIMRF A, (¢) P ERTE R, TEARTE UL E R
FEA3 3] key, k Fl value, v 35 ¢ —&IENZ IGER NS, B2 W, S8 215H H 2.

M SkiE: = JIHLH] (Multi-Head Self-Attention, MHSA) A /AN :

q=xW, k=xW,_v=xW, (1)
Sm a(q('")k('")T/\/E)v('"),m =1, M )
z= Concat(z(l),---,z(M))Wg €)

Hrfif o () A softmax B¥, d = C/M NEAKIBYERE . 2" FoRoRAE m ANEREI1MBIE NG,
g™ o k" AV e R 4RI RATH . BAVEREN . AT BRSNS SRR offset, FHAEMLT
LML R] query token, g fIA 6, AW E Ap .

q=xW, k= 3W,5=5W, )
Ap=0,,(9).%=¢(x; p+Ap) ©)

Horb kA5 RRBILHIBEAE, Ap Fonmi . REER S ¢ BB ORI, Fa AT
Hz(per,)) =2 & (Per) g (P )zl o] (6)

SR FHARK B A% Ro ¥ R Sk (i A 2008
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Figure 4. Offset network
4. Offset P£% 544

AT, FERHEH DAT ER ARG SR :
Ap,, = GELU (Conv1D(DepthwiseConvs,s (g, ))) (8)
K% v =Bilinearnterp(x, p, + yAp,, ) W.X , BilinearInterp(x, p, + yAp,, )W, )

Hg, =xW? RRE m AMKMEREE, Ap, BB, y AR T, p, BRSBTS,
BilinearInterp & XU EIHfE AL, WX W) J& Key Al Value IFEEHFE. 2 k0ER Mt z 58 XM
F A48 5 AR R BRI BIID, d=C/M N4, w ZiBEemiE. AT,

g, (K) |
2 =softmax| =~ "L LRV m=1. M
= soft - o =1 (10
z:Concat(z“),-~~,z<M))n{, (11)

XL AENS RAETRAEIX K, AT SRAR ZE (15 DA LRSI L 4 N L o R IR 92 A 75 BERFALL
BRI X ITE B 73 FRISAMT AT/ T S0 82 ) [ S S 00 2 1 e A R HE

2.4. ¥tk Neck &4

YOLOVS [18]JE A ] Neck bR 4@ ms B, Wil 5 Frzn. YOLOVS [f) Neck #8545 /& H 28 A () S B 445,
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Figure 5. YOLOvS8 Neck architecture
5. YOLOVS J& A Neck M4& 4544

N T FRRAE JE AT o Neck %A 513w G RAFER], 580000 2 U5 H R8I0 A B A v 1) I it oK 17
REAE B o> R eblimy, BTREA R 2 o R TE ol id #2 1R A 7 BiFPN [24] (Bidirectional Feature Pyra-
mid Network, BiFPN)JZRH T W2 1EHE, RVHE BAEANF 5 HR 900 2 AR fERE, A BT 5 iF ot
JRJE RIS R Z AN RAE, IR T AR B R SCAERE, 38T TR ) 4 B AER

BiFPN W5 1E] 7(a)fis, fEET, WEOAABIRaHRME ER, Lifkdasnmni &G
B AL B AE R M AR R — 2530, X FE AR T SRS K R B  TT ARG B %
FHIE. BiFPN /N XA B2 TR 2 H Eif Nk | Rl EEEA— N ERMNEZE, FEEFE—ZER
e, DLSCHLSE SR R M RRIE S B SR R . FEA SO s FH I #02 SR AR B (s e, I R A B
G I T RERIRHES B, BRI 1SR 2R AE B A%, DRUE VI 2518 R 1 [F] I 0
VAN [F) )2 2 2 TR YRR S 3 M DT S 43 B AR 55 755K, W DASSOHERRAE R I8R5 44 Bl
TR St i T4t RHE BT B ERAE /5, A BiIFPN 25Xt R — ERHME TR S, SR

DOI: 10.12677/mo0s.2025.146504 376 5 1 A


https://doi.org/10.12677/mos.2025.146504

R, ks

R R ERFERREE, 5T 5025 S hE, Mt EE.

BERF

A

—| Prediction | NMS }

cp, > Head

=

Figure 6. Neck architecture

& 6. JRA Neck £5#4

ESRIER

(a) BiIFPN (b) EBSU=HINeck
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2.5. ER#E# DySample
1E yolov8 H1_ESRAEAHRAL ) fE XU M A 0%, S N Fe 200 1 I 2% 5 43 21 RO 7 D 2 R AE 1
XN S E S, KRR AL BT S A R ORI, A5 RO 5 R A (0 LR AR RN A . 2R
RN H AR B DA BT AR AR R AT AT, ACEAIBR RS ARG, AR
P(x’y) = zi,jVVi,j Q(Z’]) (12)
(EIR O (i, ) R IR R IR, 754 (x,y) B FAAABE MG, 760, Fom MR,
TN B AT R . BRI H A A A A S8, HRATTRR . ERFERMERI BT 7236,
REAN 7 SRS A AR R BRI [18]0 IXAFml 2 T 2073 H1 A I AR 2 28 DA V0 A0 1 LA K 28 Tt (10 481 e A
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i, TN T S BIRINs, RRAE B4 AT LK R EE R B, Bt SRR N . sk $E T
DySample [25]5 KPR B RFE K ERIRFIE. H DySample AMYAEMERESE T, B T1E L RFEIHBE O RRE
KISk i, AT AR SRR/ D IR 7 BN HERA 10 o) o BhAS B SR AE Hh R RE A AR 20 2 51 S AU RFAE
e, Ho 3 SR AR R A A WA KA AL B, R B RS B, R E SRR 23 ARSI L
AN X B EREE X KN Cx H x W RIS S K/ANA2x Hy x W, FHIXAS 2 IR x ARFRA y A4
B, PR RAF(grid_sample) BREUEH] S B ) AUAL,  KERFAE I X BT RAE KN Cx H,y x W, FIFRFIEE]
X', BRER .
X' = grid_sample(X,S) (13)
W I R SEPLA R AL 45 8 EoRFELLBIR T s FUR/NA Cx H xw IFFIEEL X, SINIETE C iR 257
RN EARAE R INA 25° < H x W BRSO, IR R BRI 25 sH < sW o it O FERFE RIS G 1)
MRFEEES «
S =G+0.25linear (X) (14)

P FH PR R A i B R R R A F L RAFERFAE B e, AR A0 T 14 8 BT

sH (4
w42 Rt
: —3 0 S
w 2
x s sW 2 sW 2
H c WAEREE o
\f SH|
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Figure 8. Sampling based dynamic upsampling
8. BIASKAEERIE

9 FIARIEANIRAET i, T BIARAE IR AUE TR B o o, RATaE 5 A
YOLOVS Il {ERAE(E S EANF . FFRUE 17— MW, WEFSKHT 0.25, KHEENBEE
32 2R 2 R 9 A7 RTINS KN RS, A4S AR K 4 i ih G D s sl 2t — 2D 30t
TR 5 15

Figure 9. Set sampling positions and offset scopes
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KR T 5 Roboflow Bk 1A TFEE4E Tooth Types. S ILHHREAE K4 8329 7K, )IlZ:4E 7428 5K,
IUESE 547 5K, MIRLE 354 3k AFCNF NN x HBEUR, CEMlr 7%, R R BT T RS
58150 32 25, IXFER T4 G I 45 RAD REARYE AL BT R4 . A SR SR A7 3 T A R B
N 640 x 640, IH-7E Tooth Types HHHEE L XTUIZRFEAS . IXANEAREXS A th X HEUG AT — @ R FE IR el |
BIY). BRI ALEE, B AR ST AE

3.1. SEROIFEE

NBAORSEEG A BRI, BT SEAG 0 CEAH [F) (Y SE A0 PSR AL B S8 N AT o« SO AL HE Ubuntul1.4.0
#1F 245 . NVIDIA RTX 4090 £+ . python3.10.12. CUDA 12.4 1 torch 2.3.0, f# ] Ultralytics YOLOv8.3.96
VERNEEREM AL . NS EAIRTN B HER N 640 x 640 155, (FH FIR 2o BRI B0, il
% (epoch) %X B 4 200, LUK/ M(batch)i% B A 8, HASHIINKIASHL.

3.2. EIERR

ﬁﬂﬂ@iﬂ?fﬁ%’éﬁﬂa TP. FP. TN. FN ZHA%, S2HLE 2~ IR T 3L A S8R . TP (True Positive) il
i, HEAEZi(i=1,--,N); FP(False Positive)?ﬁ%?’? i 2%, BEAE i 255 TN (True Negative) Tl A
i, BEBAR %‘é FN (False Negative) il A2 i 95, BAHA i K. FL ks HEZ (Precision) &7~ IEHf
TIN5 o5 i T S A 0 b, ARSI iR 2, A 3X(15). A B ZE (Recall) &7 IERf PN 1E
Bl 5 B A LSRG L. IERRTIOINCASE—2E, AT E AR SRR, HRH TR N FEK
H¥MAE.

= Z

15
’ITP+FP (15)

=— Z (16)

= 1TP +FN
mloU (mean Intersection over Union)Z 7~ Pl il 5 A B SEHE AR 2 W] 1) A2 HE LU F3ME, BTG 2

ANRA N, RIS B AR 0 ToU BEUITA A FHME. AT

N TP,

: an

1
mloU=—>" — 1
2 TP, + FP, + FN,

N

mAP (mean Average Precision)fE 73 #I4E55 (W5 25 & 1 R MIHE PR B2 AN > B FERS R R P . T4
A TAEAN R0 T - G TR AN 73 B A I AERA I . A 30T

mAP :—Z  precision (i [recall recall(i—l)] (18)

mAP50 %75 ToU KT 0.5, mAP[50:5:95] 511172 ToU B 0.5 2 0.95 CEK 0.05) 1M, =&—
AT EPEfE SRR . T T B S T R R

3.3. XWERS S

FEIX BN HR SR EAT 75, PAEoR YDBD ASE M E AR )Xo B (AR R P RE A A DTk, 380 DAT
FERIHLE, 2k BiFPN AT DySample X, ARG IN— MR R ZESUS M4 G, 1FAbTE

DOI: 10.12677/mo0s.2025.146504 379 5 1 A


https://doi.org/10.12677/mos.2025.146504

iy I < 5
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Figure 10. (a) YDBD; (b) YOLOV8
10. (a) YDBD; (b) YOLOV8

I DAT BRI M2 h 3 2IRREHERE . A B2 A mAPS0 B BT, [N TN T DAT ¥
BN G, R T F U5 B SLBE SRR T R . (& mAPS0-95 [ R T, X BRI T wm
FEEANGE WA FLSEHENRE . Zh AR 5 R T e 2 B 4R b T/ H AR B % 42 H w5 bL s ) 1), (A A 2
TR ToU ERILREF, S SR SE#2AE N 25 AR I AaE O L3R o A P A 2 0 DB 21 e AR A
TR WA 1K B E5 8, T8GR ToU N AR TR R 8. DAT /¥4 & 71/ BorE Rk &1
P 5 SRS = o BRE FE, DR AR IR B B I BT T R R

BNt Neck 4544 J5 43 2180 mAP 3271 1, R FLIei v B 1ER, 1 FH ek BiFPN S5 k1 S T
T FURANGE DT, mAP $ETH I TR AN SRR S NG S o A IR 23 BEAIC AT B W] BiFPN 7ES2 I &
BEREE G, TIFEERS T, H2E AR PRI T X ToU MBI, S8 FN s, R
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Table 1. Model ablation experiment

= 1. REUHRASIIY

[E RN A7 Precision Recall mAP50 mAP50-95
YOLOvS8s 0.906 0.909 0.909 0.525
YDBD-DySample 0911 0.914 0.913 0.523
YDBD-DAT-DySAmple 0.907 0.905 0.909 0.530
YDBD-DAT-BiFPN 0.910 0.909 0.909 0.527
YDBD-DAT 0.919 0.915 0.917 0.536
YDBD 0.923 0.925 0.918 0.531

Table 2. Comparative experimental results

522, LSRG LER

yi il Precision Recall mAP50 mAP50-95
YOLOVS8s 0.906 0.909 0.909 0.525
YOLOvlls 0.913 0.912 0.912 0.518
Mask R-CNN 0.907 0.910 0.909 0.527
YDBD 0.923 0.926 0.918 0.531
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