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ABSTRACT

The analysis of lateral cephalometric radiographs is a cornerstone in contemporary
orthodontics for investigating craniofacial growth, diagnosing abnormalities, and
planning corrective interventions. The outcomes of these analyses crucially influence a
physician's understanding of a patient's condition. When examining lateral
cephalometric radiographs, it is imperative for physicians to accurately identify and
mark key points related to dental and facial structures, and to assess the distances and
angles between these points both quantitatively and qualitatively. These assessments
form a vital foundation for decision-making and the formulation of diagnostic and
therapeutic strategies, thereby directly impacting the effectiveness of treatment
outcomes. Presently, the clinical practice predominantly involves manual identification
of these key points, a process that heavily relies on the expertise of the physician, lacks
standardization, and is prone to errors, potentially leading to unsuccessful surgical
outcomes.

To address these challenges, this paper introduces an application of deep learning-
based keypoint detection technology to the field of orthodontics for the measurement
and analysis of lateral cephalometric radiographs. This approach aims to automate the
localization and analysis of key points, thereby enhancing the accuracy and efficiency
of the process.

In light of the clinical demand and the challenges associated with manual
localization methods, such as slow speed and potential inaccuracies, this paper proposes
anovel convolutional neural network-based model, CenterNetAt (CenterNet-Attention),
for the detection and localization of key points on lateral cephalometric radiographs.
The model and its contributions are as follows:

From a model construction perspective, this paper leverages the object detection
algorithm CenterNet as a foundational network. CenterNet simplifies the network
structure to significantly reduce the number of model parameters while maintaining
detection accuracy, facilitating learning from small sample sizes. The model
incorporates an improved Deep Layer Aggregation network (DLA34) as its feature

extraction module, integrating an attention mechanism to enhance the expression of



cranial features in lateral cephalometric radiographs and to minimize interference from
non-relevant information such as background noise. Additionally, deformable
convolutions are introduced before upsampling to better model the variability in
individual cranial structures, and the ReLU activation functions within the network are
replaced with LeakyReLU to improve convergence and ensure the model's robustness.

Regarding the dataset used for experimentation, this paper utilizes the
Cephalometric X-rays dataset from the ISBI 2015 challenge, employing various data
preprocessing techniques like histogram equalization, normalization, and sharpening to
prepare the dataset. The experimental findings indicate that the proposed model
achieves an average keypoint localization error of 1.11mm, surpassing the clinical
threshold of acceptability set at 2mm. This underscores the model's ability to precisely
localize critical anatomical points in lateral cephalometric radiographs, thereby meeting
the exigencies of clinical practice.

On the application front, the paper details the development and deployment of an
intelligent system for the analysis of lateral cephalometric radiographs, built upon the
proposed algorithm. This system offers comprehensive visual support, facilitates more
accurate preoperative evaluations, and provides scientifically grounded treatment plans
and postoperative assessments for both physicians and patients. By significantly
reducing the duration of clinical treatments and enhancing the scientific and intelligent
quotient of orthodontic procedures, this system represents a significant advancement in

the field.
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mechanism
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fin B b Ron 5 1 DMGEUZER j Ao BT, USRI, A M2 iR 25
Y h:

Q' = f*(w'- X +b") (2.3)
Q%= f*(wW*-Q' +b?) (2.4)
Y =w'Q*+b’ (2.5)

HrpQURonlamz 1 %, (ORI TRRE 1 SR, Q2 RRE
JUZE 2 M, f2O)RAMAHTRBUZ 2 MEE . ESEh T, @EERE
—JRAE ] Softmax S bR BCR i H 45 R ETHIAL, R IR 0 SR EE R 70 A1 o



2.3.1 BER B

BUE K% (Activation Functions) X T-#f&e 28 Y 222 3] . FR AR 2 A AR
LA R BCR YR A T EEEH . RAE eSS 54U 2
— MRV R, AV R B B A R, e AU Hh o =) S R B 1Y
BE JJEE /N, RO BR B 5 N B R 25t A R T A BR AR MR 2 2R 1l HopR
BT T RO BR O] DB A FHBUE A I T V2R 5 ST M 48 2 8. AE BT IO R 4
I, BRI S R B R AT RERI AT B, A A TR m TR, I HB0E R
FRBHEREL DN EE XA A, ARERKEAR KD, 502520 2R 2%
RHMBEM . NHAHIUMEHPBOERE, FEAH Sigmoid. Tanh. Relu.
LeakyRelu %5

Sigmoid BRECKHAT B SLE T 2] (0, 1) Z[8], PR 4l AR 46 H 2 B30 oRi
B, FEAE T R R e R R A S T IR R R
Sigmoid FIEUEAFIEME, X TR RN ELE R AR, XS EAE R
FERE STV A B R FE VT S AR XS 8T 5. H Y Sigmoid & BT N B IR K BEEH /N,
PRIE B RE T, XATRE T EWI W R R, RIS 1.
Sigmoid PR EEG UK 2.4 Fix, Rk =08

1

o(x)= (2.6)

10 1 — sigmoid

SigmoidS#§
0.8
0.6

0.4 4

0.2 4

004 =
-4 -2 0 2 4

B 2.4 Sigmoid &4 B

Tanh RECVEE -1 2 1 208, AT Sigmoid MECH N MEH, HAAGF
TEPEAESANE, & TR T RS H% . Tanh BB IR BT REIT M, 15
HAHXS T Sigmoid PRECR UL, (EFLRE FRET A %543 Tanh A% HEIZILE,



A BT EdE, NS . AR Tanh e EUHXS T Sigmoid BRELZEME 1 B
FETH R IR, ABAETRPEAP L I 2% rp SR ) REAFAE I IR, JCHGZ 4 R B 2 I .
Tanh KB R ANE 2.5 fios, BARiEH0N:

g —e*
Tanh(x) =——— 2.7

e’ +e

100 + — Tanh

TanhS&

0.75

0.50

0.25

0.00

-0.25

-0.50 4

-0.75 1

-1.00 4

VR T ;o

B 2.5 Tanh &% &

Relu & — MR MEBOE AL REMS 5l NJEZi A, PP eg A&7 ) E 4k
PERRBIRE ). Relu BECHTIAN/NT OB, FIHN 05 HRIAKRTET 0K, it
ETHN XFRFEAS M2 IR 2 & o S B AR S M s s, RIRA
oA o, AT RIHER Rz ARE S, I Bl T AN R E R EE 5
43 Relu BOH KB THEARR =20 B ALRRR R THEAHX 8. {H Relu BEE
FOIX SRR Y 0, WTRETEOBS EEBE IR R, BILE S In) AL 4R i A b — S b 2 T i
B HIE K AN, Relu Fithoh 0, XATREFEMATTRIE, N
“Dead Relu” 7], R IELEHhZ2 o/E Il ZRid #E H Eik 0% - Relu BB a0 2.6 Fir
N, BUERIEAON:

X X=0
Relu(x)= {0 (<0 (2.8)
, X<



101 — Relu
-=- ReluS#

8

5_

4-.

2_

od

100 75 50 25 00 25 50 75 100

B 2.6 Relu &% B

LeakyRelu R £ 72 %I Relu BR %) 20k, B B0 H £ (—oo,to0) YU N S
LeakyRelu 7 Relu fJEAE ESIN T —ANRFRNE, 5080 AR A IEFHmH,
MR T 4545 Relu 7] G S 2 “Dead Relu” 7@, LeakyRelu RG] 2.7 Fir
N, BUERIEAHON:

X, if x>0
LeakyRelu(x) = (2.9
ky () {yx, if x<0
ST — Leaky relu
Leaky reluS&f
4_
3-
2-
"| -
DJ

B 2.7 LeakyRelu &%k &

232 BHE T RS



MM IR, BEIF KB GDURREN NS S, EERE
LR E N FREAROKR AR . BOIE T P E A Wi H b e& U8R BT [ EAT AR, BA
FHAE H AR BOE B B/IMERI S BUE, Had e al H 2.10 #52 A2 Eos

gnew = gold _77V9~] (9) (2.100

HA16,,q72 HANEANSEIE: Open EHE IS EUE; n 5% (Learning Rate, LR),
e MNESEL BT SIS 80 3 1 MR K R BRI P KK
0 LS A& J(O)RMIREE Vol (0) TR MACK TS H 0 L, &
APURBREAE 0 AR EGE LT T, AW AKE R, Oy 7 HARTR R
Ko/, WEFELROIT 13 DO Ky i 248 @ AWHSAR AN ERd R, mIE
BRI S, 545 B AR BOL Bl ME . AT TRREEEA LT 3 A
7] F) SRS

(1) #LEFRE T (BGD): FERE—UIEAUH, AN ZRAE AR SRR
HUEEBE L T BRI S AR BRa g, REs ORAEAE ™ e B DL T I8 B 42 R i L A o
E AN GRAEA BRI, TS AR GE AR AT REIR A

(2) BENLERBE N FE (SGDD: B HHIIHR A E )8 T — MR . BENLEREE T
BRI RENE KRN R NGRS, H b TR GEARBUE F B AEAS, A5 ST 7 7 B A
THATRAFAERCRI T 22, SERSOI A IS E, WTRe M mIUW, H SGD ik
AR S IR

(3) MLEFE T E (MBGD): fE&E—UUEAUH, A —/hitE GEH N
batch-size) MIFEASKIFRARIE . ANIEBE L T FBREIEF & T HEE AR T FEABEAL
BRI N B2 M B 58, AR TR BE L N RIS T BRI, T
PR HAR e MR . EFRERATRE R, RSN EIH, EhTgEasiA
W 7

ZrEnra, AFBBEE GG ARKES. ELEHEES . BRER A,
SR PR AT e S5 AP SRR R R, A SCE ] MBGD B2 R BRI AR A

2.4 EFIRZ N 4%

7F 20 40 60 fFAX, LA Hubel F1 Wiesel [RIWF 5387~ 1 2 RIALE 2 |2
A2 0 e ) 87 AR AT g S R X AT R e T 1) o AT R I I e i 45 g0 L —Fh
EUAGH T ALk, BRE YR R 22 70 i o7 ) B i I, T i /2 IR R AR 2 T



Y i % 0o B A R BRI AR S SR o 3R — R AN O B AR 5 A 3 1) A2 ) 2 Tl B2 5
THEEREA, WANTHAEMSRBRTH R 7RI, Fenl & e 5es m U HA
A B P& SR T T, X RO TR R B A 4 (Convolutional Neural
Networks, CNN) [{JE:filic AR A P24 & — ML [T H T A0 3 B A O 50 W A% 45 1) £
PR HUTRBE S I, i) e SR A R s, EE AR . BRUE . LR,
EEREZE U M EARN, FRBHRZE. bZE . REERENHEAREE. W& 2.8
JEIR T B ARG I 28 BE AN, HLER A TR FES A 30 A S M ) s S AR R e 2
() B SN B R AR, X LEEAERE B A S R JEAS et IR B A\ B
R RS, R s R R RS EIMREE R, &E4d Softmax S5
T ER A WA R T 25 2 . Tz M 2 v DUE B IR AG R E BN, e A o0
BEEIRATIATAL R, I B AARE . TH RN SRS 2 1T 2 KN H .

BEE R

B e || Sof tmaxfij Hi /7

PEREE
ETNESES

B 2.8 AARAMLZF LA
24.1 BHE

YEN CNN W28 %00, AR )Z EE A T N B R R BURFIE . ZEBRUZ T,
NERZ (B IEES) ERMABEE Figsh, @SR EE R IX
1) £ 25 R SR A AR AE I (Feature Maps) . I 35 AR B 2 =) 3] [&I45 o 25 B (0 40 4
i, Wik, fas. 208%, JFHEPEERSENRSHE. THEERR T ER

W RIS AR AR RS DRGSR KER v, &
PRI TR AN He, W,, C 1, P H AR SRS, WARGBTRLEE, C G
ZIFHERIES & HC, < €. EERETHINGN ST Z LGRS A K B
28 HsEIRmE 2.9 Fin. B AEE RS 5x5, B 14, BRRT
3x3, FHEEIR 3%3.



[
L

R 4 [

K29 Az i
242 LR

At (Pooling) J2 RN R X847 T KAE (Down Sampling) #3%|—MHE, {F
NIEA XIS . AL VR A2 PRI E 28R . R BB BB R e, RN
WE . IREERZARE ). AR NEURKR, BRI S 8N EcRE, mTRE
GRZ A v 5 3 = o WA E — ok v okt (Max Pooling) A1~
Mttt (Mean Pooling). 4] 2.10 F12.11 fion, JE/R T 4x4 BRI 2t g Rt Ak Al
FEAL JE IS SR

112 11 |5 112 (1 |5
3|2 |0 | #kuk 315 213 |8 2 215
B 2 e 2
4 6 1 HfE2x2 4 8 1 2 6 LRZ2 X 2 1 3
0 8 3 Ak i 110 3 Pt b BRI
FEAE P
EAEE I
B 210 smKefe E 211 -F3#Hiei
243 £EEE

4% )2 (Fully Connected Layers, fij#% FC) A THE&HEIAIFHE, KiEid 5
Rt A A 21 FRRF O B S B 2R /] 73 () 4 TR] o 38 A3 2 Ak 37 O i fe — A
LIE RHE R IR — DMK B F R &, SR8 T A R e AL i a5 BRI 7 25 28
AT e AR EE, —BEH Softmax JIE BRI EUK S & WM Bk . EEANE
AR W 28 rh i R 3 “ 7028487 WMER . FLaiiant& 2.12 fox.



/ 32 AR

extend softmax
— ) ——
3072 19

A‘Z 1

K212 2&2E%TEH

24 AR ERE

17K K%L (Loss Function) e REEELIMARMEE P, AR E
) 28 HA A T 5 L SERE AR KRS R S o PR 25 IR 1 = 22 H A A2 s/ MEE I
SREE E IR BREL

AR ST 32 BT AR 2R A E N R ) S 451 R BB AS AR T I ROR o T

Lt = Loy + 4L, (2.11)

tot

HA Ly AHAEHIL (Heatmap Loss), L, HFrffETIL (Reg Loss). H A #AE
YN/ WAE

Xyc

By o 7 i
A=Y ) (V) log(l-Y,,.) otherwise

hk —

(2.12)

1{(1—\( )*log (Y, if Y, =1
n

N RIS KRN Ve RN EIAE, Yy RS THINE -
BT EVIGRIN XA BEBEAT 1 4 (500 T RAEERAT, I S 2% T 45 2R 5 K
BORHIRZE, DGR 2 — M E U IE TN 45 F . A% B 451k Bk Lan -

el

° N

B, —<P—ﬁ>‘
4

L (2.13)

P RFEHAFHEF O AL, 4 RN T RFEAEE, PRARTION H AR 0 AAR, BpRon 1IN
s SR R, SRR HAreid PR R I HSEALE .

4



2.4.5 FEIZEBFIEFR

(1) IR PER] 73 B
TR PE ] 43 5 457152 (Depthwise Separable Convolution) B 56 F BN JE R 2% %)
AN N IE HE 4T IR & L (Depthwise Convolution) , 4R J5 i i & &5 45 1
(Pointwise Convolution) (1x1 %) X Less A ek 18 B AR ERAE I it od
BT BRZNEE, MR SR Al E A S — MR, B
BAEE ARG IRERAE G 4 HIEE N 1. 3R 5\ Feature Map HIEIEZCA N,
XF N ANETE 53 ) S — MR 543 3] N AMEIE N 1 1) Feature Map.
#iX N /™ Feature Map %7 HH 215 2] — M@ 1E N N % Feature Map, H45#)
il 2.13 Fros. R 70 B AR AT DU 5 Jl B (I S8R T R R, BRI
PG R 2 BT R R IR 5 IR ) SRR R 2 —

Depthwise Conv

Pointwise Conv

B 2.13 FETHHEMEHED

(2) KB R 2 A AR

0 H 7E 34T Maxpooling b EE G, —Sdi T RVNE RS ER, 2GR X
FE A o730 JR X 2845 2, LEJUJ‘E*TTA{WJ/EH%KMTEE 117 M2 1K 3 AR /7 1) 2 AR
(Dilated Convolution) @it 5| NN 7S [A] CFIRD, W2y RERZ RNk
S INDER A% R AZ B, ARIFIASHIER 5 &, A IS BEE G AR, XS
B RERE R 5 R A BN SCE R, W T B - R RS 5 A BT SS . HLAh
i 2.14 fos, B 5x5 B REMERTERIEHEN IO 2 5185,
HOE T L0 HAANS 5EREH, Hr kil 2.14 Jox.



HilEM
BZAK 5 1

A 2.14 kAR TER

K, =Sx(K,-1)+1 (2.14)

Ho K R EE SRz ed K BoH USRS, K, Ros Tl R R,
S e —MEZSH, LREIKET.
(3) AT AR TE &R

A[ A G4 (Deformable Convolution) & XHE GBI EAE M —FY &, U
P 2% 7 S BRI RAEAL B I &, X 0155 AL BE W6 & R N R 1K TLAT AR TR
It BX ML 7B 2 0 2% A FEAS RN S LA A2 A B e g, e o T g
PRI B AR . FEFRHERIR, BRI RAE AL B [ € 1 IF By 5
AR R AR N . XL, ARG RO BRI 1 AUAM AT 27 T /Y
Wt S48, XEmBESERE 7 ERZEMANREE LR SEbrR e ar & . B,
A BAZHATT LA H e AR DU bk 3 8 55 R AE X SR A B . AT AR
AR UEAF R RE Al 58 B IR R AR, 3w T RS 2, Ref eIt
Pz tEfe. £ 4EEDLT, X T40E MR NRHE R X AR W, T8GR 1) H
th Y 7E47 B Py HITHR AT ROk 9 2.15 Pk

Y(po) = D W(p,)-X(p, + P, +Ap,) (2.15)
PneR

Forr Py i tHARFAE B R AL B, RIS OB XS VB, B R G AW A AR
O R R E, W (PRGBS NALE IR, AP, 22BN WizE, HT
REERIXER AL E, (82 RS IE N A NRHL 1 R AL, X (p) & fEfiE P 1
S N AL B PR

2.5 KGN EHRE



2.5.1ResNet (4&

ResNet (FEZEM4%) H Hel15E AAE 2015 “E42H, FF7E ImageNet KA 5 1R
PRI FE (ILSVRC) HHUAR T RELERI ST, A UGk 1 IR BE R 2 I 25 rh i L (1)
Tofs RV 2R MR R ) R, A4 WK 28 RE A 3k 2 i I R A UK« ResNet A% DMES
FE TR 25 2]” (Residual Learning) . 1% %8R FE X 2% 38 1 HE B 2 oK 5% S R ik, {HFE
P BTN, IR 0 2% AR 15 BORGBR PR e, 1T EL 2 S H ISR 52 2 sdsh 2
FEJER ), Bk 2552 ) 0 B Rl 5| N “Bkid %8 (Skip Connections) BY“H 1%
#%” (Shortcut Connections) LI LR 255 SN S 2 (B I 22 5305, AR E
B SIML R &, AN AE RGN ) 28 328 B2 1) RIS ORE 1 IR E 1. 1] 215 [ T
PR E TR Z 50, (a) 185 T ResNet-50 253% 245/, (b) % T ResNet-
101 BAA 151 SR 245K

Input Input
i A4
1x1,64
3x3,64
relu
i relu 3%3. 64
3x3,64 relu
\ 4
i 1x1,256
R !

QRQe——
il‘elu lrelu
(a) #% £ 4:H) (b) RELH
K 2.15 7% £33k

2.5.2Hourglass 4%

Hourglass (WIRM %) POIZIDIG IR B &, & Mt B 5 5
AR E A7 e, I AR A T AT BRI s R, SRt 2.16. HLTARRAR
W HEHFATHIIBHRESR I . BE AT EE Z I TR, — R KA E
WK 2 BB RI A R S . IR AEREA T KRB HIBY BN 22 R 1
DRFAESE I BE ST, ISR MR FE RS AL I i RO B V8 2 Tr) R, 0 D IO 28 0 2 ) 38 o
ASFHE BRE UL . RIGERR DR BRI G, PIZE T 2 —rhE
2, XEerhE] E AT DR AR HE R G AR R B R S, H R SR BN AL B AL



MIERER T 4G, 8 e BB R SC B R, BB IR R R E R = R RE . 1R 2K
FEREARE R, P 2 i BRI R X BT AR B B A AFAE B 5 R AR P
BEATRES, DMREZ RIEMER . M4 AT DOl HE S 2 D ISR A B 4 fe s
LR, B S FR AR — BRI N, DLMOR I S AR AR (1) 2 3 g A
PEfE. Hourglass 1 38 I HAURF ) 22 KU RFIESE & BEJI A AR HE B 454, v AbEE
ORISR S5 S 7 — A 5m K H RIS IHES, AR 2 DU R I 1 S 1
PERE .

B 2.16 3 & Hourglass I £ 2 #4156]

2.6 KBRS

A L EA ARSI AR B 2 SR B LR R . B e 41 1
LM%, WIS, ZEMAEME, FEH A R BIEE R BREE T BRIRE R
RBEAT T HBENR T ERMEME, JFEGNHE T METRER . &
EEERARKLIAEM, FHFNA TIURAREER . SadARERT 1 adh.



FZF ETEEDIHIRY KUK R AR = E i

3188

N T AR AT Sk AN 00 AT AT AE B DS B AR RUE RLARI G L I RS
ANFEAS TN R AE SN S ) @, A SCAE H ARKL I B92; CenterNet 2l F R 15T
TR TR R Sk A7 5% B8 i 5 R AR A E A7 Al 5% (CenterNet-Attention,
CenterNetAt), FF7EAJFEE S EBEAT TINGRMIIE. RELN 2Rk, K
B = IR A RS o ) w1 8 o HERA S AR DI A%

3.2 FE S

HER IV CAttention mechanisms) A& IR B 5% S TS I EHZHOR, HRBCSK
BT ANERIER RS . ZRARBAERICEE SRR, RAET IR
GE. [FRE, EREY IR, X MRS I Ny — M RES A Bt T A Bl
) f B R o "8 VA48 P 2% 78 Ak B i N\ B30 I 4 TR i 5 0 T AH G IR 47
WA REEENTI, B —EBE R e BRI IE RIS RE . AN, AE
THRBE ARG T, L UK BR BT SR B U o 2s B 255, 12
YRR A% . © M Bahdanau 55 AB7IE 2014 44 H 5] N2 P 52741 (Seq2Seq)
BRI LUK, RS CEPuE R, ) Z N T &M eSS, BERE T
BPERE . Y3 = UL A AZ O S AR S Fo VIS A AE AL B A AN B I, AN R B 23T
ANF A . XML W A=A KT ER: Bl (Query). ## (Key) AE
(Value). &2 45 AT IEAELLE AT, B AT &3R5 B bsiRl s, Eig5mA
T ORI ) S b5 BN 2 o BRI v 552 ) 5 B TR A DL C B oR AR il — N
PR (51970, RJEXLEACE 5EHATIMBCRA, [38—Maha R, 1o &
WIAEE . 4R FEE LS 28 5 R A B M 4% (Squeeze-and-Excitation,
SE) 8, HFIHLAE R /ML (Convolutional Block Attention Module, CBAM) 15,
HyER P (Self-attention) (60, 3¢ Xy & Jypli| (Criss-Cross Attention) ©%,

3.2.1 $FE FBUR 4%



FEIEABURIIN 4% (Squeeze-and-Excitation) L T IHIE 45 E I IER /R . Bl
T AR AR S T 2 [B) A ELARASOC 2R, ShaS R TE f i N s . B TARRAR N
Kl 3.1 fos, EefmAEE C MEERRIEE, S84 R AR 1x1xC
[PETE A RR ST U, RRFF el LLE e 2 RE B R, Rl S A 2]
YO T A BRI R A P R ) 4 s b SU(E JRs IRJ5 A FH 4 T 2 J2 X A ol Py 30 3
AT U 2 RAMEERE R IBCE X & )as s > B Rl E = ) BCE S R ARk
KA, 193G BCERGHER], sZ&arth 1A G B RHiddne

u X

F, ()

F (.W)
Q /
| j v
1x1xC 1x1xC \
P.;cafe ( ’ )

w

B 3.1 8802 & 4 k)
3.22 HEFRHPEE HHLE

B & /1M1 (Convolutional Block Attention Module, CBAM)J&—f4 & 2%
&iﬁM%,@%L HE RIS R I AR, il 3.2 .
TE R AL 32 B T A N AR P PR R A o k. RS 2, B
T VPG AS R TE (145 B2, P R LRI I8 X M R S E N B B, i i A3 B ik
A EOR R, I Eiﬁﬂﬁ %E&*AﬁNL‘%E%ﬁﬂEE,%ﬁ
HRLE T HBAIEE . BAACRUE, @ E R AL AR R R — N7
e, KRGS H. JﬁWﬂLLﬁCOE%,LLELL%EL@%%ﬁm
AN A B, Rtk B T4 i 2 2 AR AL, 1P 35t Ak A T FR s
EHPFEE R, RGP R A AR B RST #4801 1xC, B4~ iE
B EA R — DB BTk, KPR RHE BB AN — DN E W=
SEBENZ ERFIN (MLP) TR, 152125 BANLIN T f5 B SRR &
FISMERHEE . B2, KX MRRAE AT AN, JFiEId Sigmoid BREGEAT G,
DA A 7 i 25 (B T8V R P RFAE B o AR AIE P e T3 A [R5 T8 AN R AR, 51
SRR OCHE T 5 0 AR, TR T 1 1 e



PR TS T2 A EA B EE M, s A 28uUE B4 T
B, DAME R ] DAAEAS [F) A B E o o AN [F] A E o e 3 e T8 e RV A4 i
FEAERAE R R A, RS IR IR R AR, InBGREEREAN AS () AL B B R AR
W N, FEASEFERT DA 3.1 M 3.2 RoR. ESEPRAT A Y, AT CBAM 1
Sigmoid JHE BRI EE B HSigmoid PAIIPRTFRE B, BERIFR R, FHAEH
HSigmoid & £CA Bl T ek 460 B2 Y 2K 1] A

AR SR I 5 SR HHE] TXEXC
WXHXC WXHXC
A
, - F
P Spaiia F
RERTY, et
B
EELERNE am NI
B 3.2 AAREE ) HUH
F=M_(F)®F (3.1D
F'=M(F)®F' (3.2)

3.2.3 BiEEHHE

HiE= JIbLH] (Self-Attention), HHXYHNEBIEE ) (Intra-Attention) . & fo 1
BN A B E ARSI R I EAE R, AN RESS 4 Fr 51 A 38 ) PR B A
WO R, KULHECN BAAE S AR (NLP) FiFENUL (CV) RS+, KU
FINEENA R R REER . HiER NGRS SRR R EN R (i, &
5 TR A A Ao R R R AR, SRAHILT R Z RO R . XL
TR JIAERBE S T AR s, DL R P31 N BB B 28 ok R by . Bopk
K, BEZEIVHIE LT ZAREARNH 77 Bl (Query): HHETTTERINER,
MT 5T IILE. # (Key): AP AICERNER, HTE5&EMBIILE. |
(Value): FHIHATH TR R R, HIACHR R B th . Ao R % 2 ey
EEECH, HpREE Ao R (D 57500 rans G Z R ILERE
FEdE . BFEEJINEIN TAERBEWRE 3.3 fn: BN T8 s = A F
H1ZR~: &1 (Query, Q). # (Key, K) FMH (Value, V), XLEERIRIBEITHHNT
FURTHR N [ o 3fe DL =N AT 22 ST AR RS 21 . a0 TR s R ook, i



s (Dot product) 5L AW 7 -5 Fy 51 o i 7 i [ | O AR (DL EE R UL R AR P, 4R
JEAEM Softmax PRS0 HEAT A HONA—4k, DSRNER IR E, KENERR
T AR RSB A B E R e BT R RE R RE, X
P HME (Value) [AIEFEATIIBORA . INAURTS HI45 Rt — DN EREG TEANFIIER
et ) B, RSO B T AL B P B AR o B SRVE . X A R
MIEHESR FRPE, RARE -SRI R ER SR, H s
TCRAEE TENFIIN LT ER.

R—

transpose
Self-attention

softmax feature maps
®——+#t
ﬁ—T Attention map
1x1 conv

B 3.3 8E& ) MH

Input

324 +ERNEE NS

EREEIYT, BOFAuERE (BHHEA ED #aitt S8 g KA o s
PRR, USRS AT R FEEIRE, XMPLHESR A TR
IR B 2PN BT UEE, PR AL FE K7 21 B ASE — 4EEI I AT B2 T I 4
TR R R, W EBCR N AR 1 8 X L] (Criss-
Cross Attention) PN FHIE R (EEFKE) REEFGA TR
IFABI ARG R . T3 R IV R VR M B R o R RE T L EAT S
ARG R, XML H] R VPR AR IR AT SRR RN, 3R R B2 SR Kok &
T PR 9 2 TS B B AN TR AT AR, R SGE R R — e P ek
MR, RHRESIEA RS 8. HTIEFES D 3.4 F: MR
R E el — N ERE, AR TEZEIIEK AR (Query). ## (Key) HE
(Value). #EAEHHATHE BN, AREERMEED, X THREE EREAME
#, BAIHESFE -G R ERESINE. EKFEERES, SAX &
MERUTEHSE AT A B EE R OPGE. XA, SMMEE A
REWE SRR I PTEEAT B 2 RME B . REHRAK X L BR S 3MIE, DRI



R ETNXER. &G, RGN RHE A 57258 XF & 715 3 R 37 @l
& CEE ZMIEPHE, DU R 201 A 1 = A E FRHE A
CCA-1 %’;
] ]
HH— l ] | é 4#
N nEn — | O H
[ > j ] —

BN ] L

H+W-1
CCA-2

B 3.4 +FRLEEHHH
3.3 BFEAY CenterNet J<8& & E AL 46 X 48

TR L s AR SOR FH i 313 ) H FpAen il 5592; CenterNet 1 A BIF 72 R FHE R 45,
%0 AR R H AR R AT 55 e A R B /0 CH ARG 1D RS '54?%%?%53
HE (Anchor-base) [ H ARG J7v%: (U0 Faster R-CNNI2, SSDI63IZE) A[a] (FET4i
M EVRIE R IR R B e R E A R ETUE LB ARSI HIRAR K HEAE, SR

AR RAE I H] (Non-Maximum Suppression, NMS) 2555 e X SeHHE, -
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