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WriR & BR AT A4 R S 7p 28, HFE 45 R 7R Top-1
RIAER %N 57.0%, Top-4 HIMERIE A 76:9%. HU 25
I R B R AR I 25 0 SCRF 0] AL 23 28 88 R W A AR AT
W, HAEE 93 L@y 2 AE BE i £t 48 sl 1
98.36% HIH AR . ANDREW 2524 42 4 7 —FifETT
T B BE R @ I Sk TR B I e S AU A
RENVI B J7 38, BT AR 2 I 28 FIUR B B f = ST FR
S AE W RRAEHEAT B SRS IAT R, O — e r AR
FOATINGRAT, HERZRIAE] 93.8%. JIANG &P T
FLYOLOV3 M %%, B £ SN & 443 5t @ 4 S i A
RO SR . At 45 5 B 7R FLYOLOV3 S0 i ik
31 99.18%.

JUE IR IR P B AR AP I 2% AR R ) M e B R B £,
AR AT Jd 5 S A AT B BRI B R, R B
ML, M BRI 1A S s 75 B R e B (1) B 37 5
R T . AT RYLX — L, A SCTE FaceNet!™® 4%
ZER I FERE R A VanillaNet-1327 BRI 25, 45
By SCAERRE R JIHLH (dual-branch coordinate attention,
DBCA), #&H 7—e iR i v 1 2 FUIG N [R) 52 2% B 1) 4
IR AR, 2 AR A B A A ARl A R ARG v IR
RS R ERHAFFERN, BIIE 4
SRR R AN o ARSI F B TTRR U

(D fEEFEFFRA TS, %5 T FaceNet Hik
YERNFEAAERY, 8T £E FaceNet F1/# ] VanillaNet-13 /E
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HREHE N T BESS ERE A IR U &, FF8 FH 3 S80S
TRV 58 28 2 1 A 4 P T BRI FR T v, i — 2B R T IN
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T REER RO A R R PR RE T . E AR PR AR
ZE S WA A R SRR AE RS, R 2 (a4 B AR S5 A
RIS H AR 3802 AL R P

(3) HT triplet loss A FGVEA [F] 4= H [a] i B #ev: im
ZHEAR ] A4 AR B, BEBIN T center loss™
KZAGNF RGO, 5 E— G045 2
fEZ A PEBS ARG BN 'R 5, MR AR R4 R &4 L
o B HERF I

BJE, ARUERER T BREYE, K EEHE R R
A& Jetson AGX Xavier #H47 T PR ALGIIE
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AR T 2023 4 3 HAE N S IRAITE 4 T RO 4K
WREE, W la s, fEEHARKMT, BEHLIEI 280 A
B 2R R AT WA 4%, Sk AR AT K R 8~20 s,
TP HEFR AN 1920x1 080 14 % . Fl ] Open CV X R AL
ARRREAT /3 WAL B, K 7] — S A 1 B R 3 31— /N SO
T, FFEAIBRALEE, 155 16 800 5K E .

NTRFER Nz AR, R 4 RO a4 R

PWEMATY 7R, OFEMEIE . BV . U
DL R AR e 7 . 97 7 s 1 MR A 00A 21 50 000 5K
P8 8:1:1 L, AT H 4 RAMRRI S M. 5
WEEAIMAAEE . Hodr, JIZEHRE 40000 KB ;s %
WEEE AL 5000 5K s WHREE EE 5000 5k Ao
N7 SEBFERA RS, TEIIZEE. AR
I AAFEZE RAME . Wl 16 Fs, EEAT BRI Sk
ZHT, FATEAE WA, KRG EE R NG — R
160x160 15 %, il i 78 BRI AL R IR 563047 3 7w,
PABK 12 o

a. REERE

a. Data collection device

b. AREIIFTE
b. Non-distorted filling
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Fig.1 Data collection and data preprocessing
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2.1 FaceNet fZ8!
FaceNet f A 5/ B W P 2 oo

!ED DEEP ARCHITECTURE |&)

Batch

"Triplet
® loss

L

(5]
[

O0Z~oomwmm

: Batch FRH A K F e E{§ 44 DEEP ARCHITECYURE FR/RiAE 4
FAM % L2 %8 L2 IEN{L; EMBEDDING #5 L2 TE WAL /5 A B R AE
[ & Triplet Loss &7~ = e 2K B L.

Note: Batch represents the input cow face image samples; DEEP
ARCHITECTURE represents the deep convolutional network; L2 represents
L2 normalization, EMBEDDING represents the feature vectors generated after
L2 normalization; Triplet Loss represents the triplet loss function.

B 2 FaceNet &4 A
Fig.2 FaceNet network architecture diagram

¥ — 7k 4 4 %0\ 3 DEEP ARCHITECTURE 1,
St RS R AR — A TR, 2 5 R IR R
PEt4T L2 IEN{L AL FEAT embedding #21E, B8N
A5 3 8 9 7 R PG 25 TR) R 1 128 4R IRk m) & . Jl It bb
BN REAE [n) 5 2 TR) ) D DB 0 R B 5 7 Sk 4R 2 TR R A
BB o 25 R 5 A T TR %of I PR AR A1 ) 2 1) DG B PR B /N T
WO BE, WA E X Pk A e B R T 1R —3k 4 &k
Zs WARENAE T Fl—k4.

2.2 E-F FaceNet B4R R {5

EARSCH, T4 H i EE M RR-E, %) FaceNet
AT, WE 3 R, SUHEEVEERE AN D R
FH 0 75 W80T R i Y 2 A 8 1) 0 R 20 5 VanillaNet
ETMERIELMRE J1; 2) EETMEREREMAN—
# DBCA (dual-branch coordinate attention) yE= FIHLH,
B a4 R S MERFAE R HG 3D 81T triplet loss
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1% £ Pixel/ ™ 14 & Pixel/™
E141 Tmage 1 142 Image 2

A IR AE 1] 2 B

VE: Conv2 d FoR ¥ iHHE
4 %$:/Z; EMBEDDING %R L2 1E AL 5 Az B AUHRAE 7] &

(RIS PN R AN 8] ) 731

Con2d,4x4
BN

| Stage 1
+

L2IEMHE ———>

Dk
BT

BN FRfitE I3 —14; DBCA FIRASCIZ I DBCA {ER /LA AvgPool FIRFHihil; MaxPool £inf Kilifk; FC FiR

Note: Conv2 d represents standard convolution; BN represents batch normalization; DBCA represents the DBCA attention mechanism proposed in this paper; AvgPool
represents average pooling; MaxPool represents max pooling; FC represents fully connected layer; EMBEDDING represents the feature vectors generated after

L2 regularization.

A 3 VanillaFaceNet /K24 H
Fig.3 Overall architecture diagram of VanillaFaceNet

221 EFHIERIAL
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FaceNet #z #) ] &= T /& Inception-ResNetV1. % T-7F
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PRV EHE R IE R, il R e 12 IR A ik & |
SRR Z, 8T R X 8, EER
A 13 J21 VanillaNet-13 {E A 24 HRRESEEUR L0 3 F
[BIE

VanillaNet-13 1F 24— P 4 WX 25 488, il &
I ZUREE . shorteut SEHRAE, filUR TR A FE (1) 1)
G, AF AR R IRA R TR A . VanillaNet-13
(28 S5 R U2 1 BT

fHT VanillaNet-13 W28 25 R T 5, S 30T M4 R
LPERL R E. NFERIX— 0 B, $2 H DT fif ik
E S

1 BNEEE

EM G R FErp, I YR8 AN 5 AT S0 BRI
HBRE, WG EIRE—ANBET, N A b
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A'(x) = (1= DAX) + Ax (D
R A R BRI R, AR MBS, KT
B85 B0 BB KA (O I FELR ME . 4 4 AT 2R epoch
RN epoch 4 B FR NeRIE, WA= £ . EFFIEII%
N, e=A=0, A(x)=A(x), MW F%H %R0 JE L%
Moo IRt REeh, ABEA I GRG0 AT LR A AL, 6
T 24 75 N et PP A PR A A T T . 4 R O
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® 1 ETHERBURREN

Table 1 Backbone feature extraction module structure
BLH 5 #4) Module structure I Input  VanillaNet-13
stemn 160x160  4x4,512,stride 4
dual-branch coordinate attention(DBCA) 40x40 -

N [1x1,1 024] x2

BB 1 Stagel 40%40 MaxPool 2x2

N [1x1,2048] x2

BBt 2 Stage2 20x20 MaxPool 2x2

N [1x1,4096] x7

BBt 3 Stage3 10x10 MaxPool 2x2

WY Et 4 Staged 5%5 [1x1,4096] 1

e ) AvgPool 7x7

4388 Classsifier 5%5 1x1,1 000

2) BRI LA AR 4 A P R 2
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fiNInput=X | |71
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CMP —L» j
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222 DBCA & HAEs:

T AL 38 i 9 v EE AR 0 AN 0 BERRAE SR 1
SRILA W& R RBE . T2 ENES T,
BI1545 250, BG4 2P0 R BRI, i AL
i S B R SR T AR AL PR R

FEIL T BRI W% BE R AL, 35— Pl
REXFHIEE BT RE, H B%”%“H%E’HM’EE%E$KJ
Mtk SR, 2R A EAENAD EZG G D 2R

BRI, BB T BERFE; 2) HEEX—4E
B GEEG BB AE R T4, 1X 2[R $nT g
Wi B AR5 52 0% 37 RN 22 2 OCRFIE (0 3 . DALk, 72
ERANEIR R, TEEEFHEXERE, DUES
THTHBAE T X 28 R RN e ) At BE R I
% CBAM (convolutional block attention module) &
FERENUGIRE K&, S —F¥r 2 DBCA & bl .
DBCA VEE ML 7353 04T 1 5 T A4 b5 5 7] 147 25034k
e KAk, A SO 53 g0 BR O A A P 2 AL
(coordinate average pooling, CAP) Al A by #ix K 1k
(coordinate max pooling, CMP) . 3 # 4= J7 “F- #)# fb
A4 JR) fe RIWAL 7 i 9 — HERFAE GBS, I 43 VR 7K P A
HE B 7 [0 X B E TE )RR B AT b, NI AR S U7

A R IR B o 83 51N T 3 ARAR 7 T8 B f oKtk
DBCA figfis R &R IR B E 5 8, i S i

FHIEZ TR 22 52 o
DBCA 8 an & 4 fros. Az ped & E I R
ARG R A AL EANE R NER=A PR,

/Conv 1x1 / Sigmoid
—

/ Conv 1X1/ Sigmoid / i 4 Output=Z
c

Conv 1x1 Sigmoid a
> > w
Conv 1x1 Sigmoid
—_— —

VE: Cv H. WA BFRREERBIER. &%, CAP FmABR Tl . CMP FRAFR R AIBAL; Convixl R 1x1 #F; BatchNorm F st &0 —14;

Non-linear FR7~ % K% Sigmoid 7 Sigmoid B B%L .

Note: C, H, and W represent the number of channels, height, and width of the features respectively; CAP represents Coordinate Average Pooling; CMP represents
Coordinate Max Pooling; Conv1x1 represents 1x1 convolution; BatchNorm represents batch normalization; Non-linear represents the activation function; Sigmoid

represents the Sigmoid activation function.

B 4 DBCA & HAh B

Fig.4 DBCA (dual-branch coordinate attention ) attention mechanism structure diagram

D AREERE

258 — DR AR U XA N AR AE I, KT
AA TR AN HE EL AL BR 73 Sl 1HE AT T 35 1t A A0 B R Tt Ak A R

ERRE. CAP TE /&1 B 5 17) RTS8 B 7 ) 1) 56 & R AiE A 3R
W

=pi(X) =

1 w
WZX, (4)
j=1
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)53 99 2 7 FE T i B U7 1) R R T 98 B 7 15 (¥ CAP,
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FET7 1AL RSE FE T 16 ) B A R AIE
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F}' = pjj(X) = max(X) (6)
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FAx1 B, ORRNAFLIERAIE. B4R HEE
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BRIES, X U RRAE B Oy B 5 N AH (R £ ) i .
BARAERIR R

Yy =o(Vi=(T})) (10D
Y, =o(Vi=(T)) D
Yy =o(Vi=(T})) (12
Yo =o(Vi=(T))) (13
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DBCA $/4: B 4 AHABR TR AE, DBCA B4
HAT AR RN

Z = (Jeolfeo (o X, V), Y1), YD, YY) (14
K fo () AR RVE, Z RN id DBCA B Fibr &
AR . PTRLE B, AR T B AT IR,
I FPPARERFAE ], XA IEAT TR SO R DU H R &
IR 4EZ HIRe, MK R T 2 40E .
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FaceNet fix #J]% F triplet loss 35 2k B H0k W 311 45 194
7, DORICEA BOmR AR ) KR FERFAE . SR, 1E
SEBRRLA A, AN [E A R DA B REAE B AR 25 B, 1A
(i) 2 ) B A 0 B UIAR 6 PR A o 3 A2 DR AN [R] B g 2F R
T AR [X 43 FE R A IR S, (B [ 2 3 T 0 A R I oK
e R B H R E—ilE,

BEX S 28 o AT  A- I E s, A SCREE SR B AR AR
AR A R AR R o] 4 e, BE R A A B IR R
WHIBE &M BOARE—KF 2N AR IR AT Be K T 2616
A, PRFFIS N RSB R TR A ) 2 O

Rk, ARSCHEH — T center loss Al triplet loss
BB MR, DGR N AR . FEARSCI T,
center loss H T #EATHH [F] 4+ HARFAE VR FEZREE, @it 22
FEANRME RO, RERANERENRE. @Y
4 triplet loss 1 center loss L, A &t ML T4 K
FREM RN EEE, (AR SR A4 RARRIE R 2R MR R RS, A
M m 7 AHE A S By Lexsf i dEsf e . B L oA

L = Lyipier + ALcenter (15

T Liyipier N triplet 1088,  Leewer ¥ center loss, AHX 0.005,
IDCE 400 2K R AU B AR TE T RO RRE 70 A7 21 AN 251,
TSN BRI T Z. X—&iHA
) R TR R T - O i iy T a1 = N =
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triplet loss 3§ 5 " BR =X 2% (8] o (1) 28 (8] W] 73 % o triplet loss
PITHEW Sk 2 AN EUR S, b AR SE AL A — A
B A (Anchor) PUK K B[R] — 2RI IEFEAS (Positive)
K E A AFEA (Negative), 1K 5 Fior.

ﬁm&ji;\h

i A A
i RUFEA

IEFEAR
5 =ZUARK S5
Fig.5 triplet loss function
SR, BT triplet loss Lkt /&ML R, &
WAERLES T, RABER/NTRNEEE . triplet loss [
AT

IEFEAR

N

Lo =y [l = fGD = £ = £

i=1

2
2+a/,0]+

(16)
A IRk B, (£ = £ e bt b A AN
BeA 2 I B, || FO — FO e il R A A
FREAR Z [ MR ICEE 2 . o oA triplet loss RE, ALK o
¥90.3. tripletloss HERE]|f () — FQ| Al f ) - £
HFIZE, A ENIRASE. @i center loss, AT
TE RN i3t U P9 J5 MR R TSR 5 15 6 7 7 0 22
A IEERS . FEAR RIS, MR Lo, KRR
SRR . BRI e, K EHT, 7T DA F—
K ) A A AL P [ 2 AR 2 PO B B
center loss 1 32 B ARTE T WA — KRR E R E 2
) Ay, I R T 5 R K R0 2
) ) B AT 46 5, DARMEZ triplet loss BIASJE o 3 REF)
V5 7 3R A R 1A 0 2 % B B R T 4% ) o
RER Ly, T A5 58 2K 45 43 A 7E 4% AIF 4% 1) o 5
ok, KT U AR I KR S R A,
ok R, EHEIERSE ANt 0] A7 R R I 2
. BT Al S FOR S RE A AR 2 [ R K P X
e, AR R AR TR AR TR R 2 1] e T L A
R, 97 RbEX — i B IR m I R e v, % Ko
[P triplet loss #% 5] Ao center loss F7x 1T

1 B
Lcenter = E FZI ||f;_/ _C.V/“z (17)

K Leger 18 center loss, fi, (RETARE, ¢, RnE
BNy, T RHE 0 . B /& batch size IR . B HAA
HUE, FEMZRd R, 7ERANS5) L) minibatch R E
BEAT ST, BENZEHRHMER L, HARE S TA R
AR B 7 Fp 0 (1 BE B R AT RE /DN

center loss H F A& 18 1 X 554N 01 (I FE AR 5 =X 7 2
SIREAS oty 2 8] B HEAT FE BT, AT A 2 = B B4R AE
HAFLFRZ AR PR GE /1. %77k B ek A —3 5
PREAR R AT REHR A 70—, IR RHIE I B AT 4y

Bk

KA WE J7 Z0F, AT D] I g R BR 4 e
AWK BEER O] B dhAh, BTt R R LR A
I3 RN ZRER AT /3 5 2 2K, DA SRR FERR
EZ A2 R E B X —RIEA TR RN R, IF
FERFAE 43 A BRI AE LSO BT . 8k X R B S 25
F%, WA EIF A RHIER R, RSB A RE .
2.3 IFNEERR

A SCAE % ACC Caccuracy) « % i % VR
(validation rate) 4 0 1% % Wi % ( frames per second,
FPS) . IR (latency) fF VP48 b i &A% 8L 1 14 g

ACC f1 VR iAKW T
TP + TN
ACC = x 100% (18)
TP + TN + FP + FN
TP
VR=———— x100° 1
TP + FN o (19

A A TP, TN. FP. FN B8 (P AR B
TRIEB]. B fl. ACC F& IR 7R S AE A A IE A ] 1 [F]
— 2 JI A A T A A T A TR A R AR AR S R AR BT
Ebfil; VR D)2 7 A5 20 7 56 48 Fp 1 A HUK &8 T H AR &
By B A B R R IE B L s, BPLE BT A [ — 2R G A A o
IEFI ] — 2R IR BEA R E s FPS $54E R0 A5 1 I 15
Wi%e; Latency 45 M2 T — 7k R 75 2L I 1A

FE AT AL M, A 2 & I ZR4F (1) Vanilla-
FaceNet WZLAbBEIE F1 2R BAG T, SRIUH B FORFAE 7] 72
NEER A R R B E, ATRA R LR,
H¥ S R R AT L, DA e RGO S 8 T IH
—3k4.

N TR AR R, W BIEYEEN [0,2], & 0.01
) B B — MEAE N — AN S TR R, THERE
WG RE, IR R A0 45 TR RS P A K 1 BB A Dy e B0
2, e AR I B BRE A 0.95,

FERE ARSI RBT B,  RFAE B2 B B 45 21 B ok R 2R 2
B EUE R E R . )5, THRIX P ANRHIE ) & 2 1]
MBRPE . fe)a, B R ERME 0.95 L, e
sk EE SR T —k4

3 RESSH

AW FE R G X EAUE AR IZGE G, Hf
CPU X H T Intel i7-11 700; GPU > NVIDIA RTX 3 090
R, BATHAF 24 G #H1E RSN Ubuntu 18.04;
CUDA JiZ 11.0; Cudnn8.1.0 Jii#; PyTorch filiAs 1.11.0;
Python 5% 3.6

T BGAEA SCHE Y 2 FaceNet H.9%, i H H il
WA EE AT T30 AT AP, AU AL
HIEJHN 0.000 5 1 SGD Y1k T 100 4~ epoch [ T A 15
B, VIR IR EE N 0.001, 43ESE 5 D epoch 12K B
BRI, BEAT 5 ) BRI 0, %2 F/NN le-6, it
KANBEE N 96 2 )5, WUIGRar BRI R A 2 i N 3
M Jetson AGX Xavier HEAT MR
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3.1 MEHER

VanillaFaceNet # 84 7E B i 4= K Hcta 2L i PE e ] 6a
HIE 6b Fror. EBAIIZRad b, A SCfd A R R B4R
NIRRT, FFORAF AR R A BB R . B I
ARG, MRE TR R FEES, REEEET
FaE . TEALRLIET 60 4 epoch 1, HURAAWSNEKR; %
TARICRH T W B I HR, BAE 60 > epoch J& 1
PURAEIZWT & TR E . 1E28 54> epoch 1% 60 4™ epoch
Nl SRR ERE Iy 2, TN |
HEVE/ e

ROC i £ ] T 7n A [ B A T [ HIEF] % (true
positive rate) S5 IEHIZ (false positive rate) 2 [H] [FJFL
MR AR I SR E N IEFI I BI{E, 7E ROC 4k 145
FIANFE R AL T4 . BARRE LT, ROC 4k
FEUT A B, GOUIRERLEE R R BAE N R G, RIEIE
o m ARG 3% Wk 6b Fros:

— IIZ5451 2K Train loss

5 Y5 1EA5 K Val loss o
2 4 R 8 EPN E= 0.8
K] 3 Slrn‘oothytraiun loss 206
& NE e RRELSAE N 2 04 r
S \ | Smooth val loss = Y il o
T Z 02l ROCHIZ (H#1-0.95)
Ok, T et fix] -~ ROC curve (area=0.95)
0 20 40 60 80 100 = 0 02 04 06 08 1.0

ER K Epoch
a. R R E N Bt 22

a. Loss function descent curve

{2 iE 5 False positive rate

b. ROCHlI £k
b. ROC (receiver operating
characteristic) curve

A 6 VanillaFaceNet #1448 £,
Fig.6 Performance curve of VanillaFaceNet

3.2 HRUIRIE

DB IE AR SRR SO B A R, SR AE B R A
By 4E E AT A . B 4 FaceNet [ 3 T 2%
2% DBCA ¥ERE JIHLH] 5 center loss > Eb 5 5y %o HE
M . RIS R Wk 2 Frk:

*x2 HRLRAIG
Table 2 Ablation experiment
TR 44 TR 7 ES LAl PO HEIR
Model name Accuracy/% Validation rate/% Frames per second FPS/(i-s™") Latency/ms
InceptionResNetv1 85.22 82.59 23.56 42.44
InceptionResNetvl+CA 85.16 79.48 23.93 41.79
InceptionResNetvl+DBCA 85.63 83.01 23.90 41.84
InceptionResNetv1+ center loss 86.28 84.46 24.16 41.39
InceptionResNetv1+DBCA+center loss 86.54 84.84 24.24 41.25
VanillaNet 86.75 84.05 25.93 38.57
VanillaNet+CA 87.27 85.98 25.73 38.87
VanillaNet+DBCA 87.39 85.82 25.11 39.82
VanillaNet+center loss 87.60 86.90 25.89 38.62
VanillaNet+DBCA+center loss 88.21 87.41 26.23 28.12
i 2 AL 45 AT DUA B TR B ®3 FEExAR
VanillaNet 2 J5, #2557 FaceNet [k 2, 78 /N 2% 1 Table 3  Algorithm comparison experiment
o N A7 HET 2 P NAN .

B DBCA 32 JJHLHIF center loss J&, % -4 W I & K Algorithm Accuracy/% ModeT:size/MB FPS/ (B
BIWFEEA THERS. b, SEMEEAMEE, =/ VanillaFaceNet 88.21 101.73 26.23

- N FaceNet 85.22 87.4 23.56

; itk JA HH. = L R B ERR R, B ZH Rl b3
L7 88.21%, AHLLT JE4f FaceNet 2/ 1 2.99 N FH 445, CenterFace 81.95 21.8 26.13
N - CosFace 84.36 86.5 24.95
| il 74y H =5

FPS i 2 1 26.23 Mi/s, HIELT JR46 FaceNet 265 1 2.67 ArcFace €372 674 5529

Mii/s, o UE A SCRE A RCHE R Je
3.3 EUEAXTEERIG

A% MobileFaceNet™ |, CenterFace”. CosFace!*
H1 ArcFacel” £ i il il SyERE 47 0 Bk e, 38 17 5640
PREVEIE W . MobileFaceNet SK A5 & 2 IR 48 4514,
WU F TR VR 2 PR 1 RS B ik % B AT N R R .
CenterFace #& — F 7H Ay EL i R0 N J6: A6z W00 R0 38R 51 553
O XS LR Z AN — AN BB, E R TR
R HERf P . CosFace dl it 5] N 4R 5% FHACLEE 453 2K R 44,
{EASERRIE S M R 2R B M A K. XA BT
R AR AU AN [ N i 2 (8] R [X 43 BE . ArcFace 51 A A FE R
ZARAEE R R, B AR AN R R ) o S0 18] 1 4 B
541 softmax R AH L, ArcFace 72 A\ iR AT 45
W RDEL . & X A% 5 VanillaFaceNet 1)1 £k
WE. IR MR . 528 AR B e 2, 15
BUR/NATFPS Wi 3 B

HH% 3 AT B B & W A SC AT 3 5094 VanillaFaceNet [
Ul HE B R =, 18 3 T 88.21%, 5 MobileFaceNet.
CenterFace. CosFace fll ArcFace HyEAHLL, A CHEIER)
WRIHER R 43 42 5 T 9.58 6.26+ 3.85 Al 4.49 AN EH 4
Mo BFAIE GRS T HAL B, BktERiiR. EH
ERSEE 7T O\ et R vE B I HLHI L ERD center loss
A DA R s A R RS B, EENEE R :
FaceNet ) 3=+ W % B # 0y A A 13 )21 VanillaNet,
RIS ) 52 A BE KR/, FPS 153 7 26.23 Mi/s.

3.4 4Rz [EEREKEEX R

FRAR A RS, 3R 3 B T4 AR IR R 7R
MR B iR AR, R 4450 T 10 AAFZEH 20
gk B I 45 R, A 2 R o BEAR A U K A ) e — X
EIUE . P5kAT Z1 5 AH R T 8 T 1R — 3k 4.

WA RRN, N ALMENTHAMMERE. X
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KW, A SR AR SR S MR W AR N TR T 10 SkAs, SRAT 0.95 HYBIE R LA RCHE PR AR A 24 R
ANE A R PR TR BRI A . o T3 5 b BRSO TR E R — k4.

R4 ARG REGEEOEEL

Table 4 Comparison of image similarity among different cattle

=

FHEB

Cow image

0.84 1.45 1.48 1.51 1.40 1.42 1.50 1.36 1.54 1.44
1.21 0.48 1.28 1.06 1.29 143 1.29 1.14 1.03 1.43
1.48 0.96 0.74 1.14 0.96 1.15 1.08 1.20 1.04 137
1.61 1.278 1.04 0.92 1.03 0.98 0.97 137 1.20 1.22
1.56 1.102 0.99 1.04 0.35 1.00 0.99 1.30 1.14 127
1.41 1.380 1.07 1.13 1.16 0.34 1.12 125 1.12 121
1.46 1211 0.97 1.00 1.25 1.12 0.67 1.22 1.10 1.02
1.43 1.283 1.17 1.04 1.19 1.19 1.16 0.22 0.96 1.06
1.56 1.080 112 1.05 0.96 1.13 1.04 1.10 0.74 1.02
1.44 1323 1.158 1.01 1.14 1.039 1.04 0.99 0.98 0.34
e FIITIN e \ .
&5 AEEEEDNFIX LA DBCA B/ 48 B A B imy FIRE BE, I Ho vl DL 20 P A7 A
Table 5 Comparative experiment of different attention . W NSRS N v
P mecflanisms WHEIT4Y. B, XPUGIESE T ASCH 4 DBCA 1/
TR IR . WL AT LA b At 3 B AL ) 58 4 b B X 288 $ EUARFAIE o
AERIBMER e wms mmkh  mes o
name Accuracy/% Validation rate/% Model size/MB  (ijji-s™) 3.6 4FERTML
VanillanetJrDB[C? 88.21 87.41 101.73 26.23 y\j T Eﬁ% :H‘l_j‘ }Eﬁg VanﬂlaFaceNet 5 %éﬁ IW ég FaceNet
Vanillanet+SE™’ 88.17 86.63 101.66 23.08 . . N N
Vanillanet+CBAM  86.57 84.82 101.79 2307 X T AL AR I R A ROR A Grad-CAM SR AT
Vanillanet+ECAM" 87,63 86.08 101.53 23.12 ARG AR, WNEE RS 8 130 10616+
Vanillanet+CA* 87.27 85.98 101.73 26.23

10453, 10032, 8009 [ 5 FRAHARI 2R 6 EIHE o

3.5 AELEFEAHGIXTEL RIS 1o BE AR WOE LS (gradient-weighted class activa-
e NAS [R5 B T HL A B ) 4% 1 2 i a4 1) 25 tion mapping, grad-CAM) 3 i 73 B 6 B2 IS 5 Rl 1R

mEsSPx. 5EFHMESNHHMEHAL, BF B} G A [R] 40 i BB GR 40 IR DGV RR 2, T 2B il —
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A RUF IR ARRE,  F8 7S 2L 7 Al HE T B X AR 1 R
LGSO A S BRI OCE, T LA BB AR AR A A A R AT
55 v S An] i H R 5 B T VanillaFaceNet A1 3 25 B 4%
FaceNet {J Grad-CAM 25 & 7 s, AR R ZKX
WP AR RO T A SR TR 2 0 1) 55 B . R LA

JAL [
Original image ’

FaceNet

a B4 5: 8130 b EE45: 10616
a. Image ID: 8130 b. Image ID: 10616

c. Eg%i5: 10453
c. Image ID: 10453

RIL, 4 FaceNet A B Ui}, AR A H /b 564 A
[M#S X3k, 7F FaceNet FiFAT bR IRAES, TTLAK
I VanillaFaceNet ¥ £ 4 7% X [X 385 K, 6 -4 HUi 56
HIRVERE B o X T AL 2, $2H 1) VanillaFaceNet
BA I R .

e ¢

e. E&4 5 : 8009
e. Image 1D: 8009

d. Efg%5: 10032
d. Image ID: 10032

B 7 4% FaceNet #= VanillaFaceNet #9484 2F R &3 # /) B
Fig.7 Heatmaps of similar cattle faces using FaceNet and VanillaFaceNet

3.7 BiEBEMNR

9T PRUESRVEAE SR TH A B 1 [R] B 3 2 RS R R,
A SCEFEIN R UT B B A B ik N S0 & Jetson AGX
Xavier LHEATIE, i RetinaFace &l 5% 5 A SCHY
VanillaFaceNet 25 & #8452 A~ &, IR R K 8
Fs o

b. Ff52
b. Image 2

a. 41

a. Image 1

B 8 Jetson AGX Xavier T - if 54 &
Fig.8 Recognition results of cattle faces on Jetson AGX Xavier

B 4 H -G 5 A\ 31 RetinaFace W25+, K6 24F
NSRRI E, 25, MR S A gt
178, 15 24 Hi s S I\ 2 VanillaFaceNet i
T4 R G0, K 8 A %N RetinaFace £l &
BNE R MR, 7 M %F N VanillaFaceNet ¥
ARMHBM A R G0 s, @S54 Rl 55t
won, AR AT R S 1N B IR, R T

VanillaFaceNet B:7E Jetson AGX Xavier I AT47M: .
4 %

ASCEIETT R —Fiok By, B ()52 2% BE AR I T 46 4
PRGN, FF8 G 868 B EA IR A Ui &
o RCEVERALUTIRE

1) %t%F FaceNet 46 3 THAAEIR UM 2 242 . &
IR, AT B O A 13 2 VanillaNet-
13, DA% iRy X 45 (1) 4 B

2) NFREPASTRN AR AT 2 R HMEDL X 43 1 ) R
Pe i — P DBCA vEE IHLE], 8 4 & oK
PRI R R, AT B2 5 X 288 1R kG

3) K H center loss Al triplet loss B & Il 2%, ARG 5R
Dk 2 ) A AR IR R 2 N SR 2 1 NS TA) ] 431k

BT LRI AR ARG MAEKH, FEIR VanillaFaceNet
M 2% ) Model size K, {HZMZZEAA 13 2, 1L
TERVEA BRI IR 6 S, x4 R0 i) v
HILT 88.21%, HEAMALAWIECN 26.23 Wi, FILH HEH
B A RVE I [A) 52 28 FEAIR B0 ARe i, N AR A O S 4 i
PR T 2%, KRBT —PREHEHFN S,
LSRR IR 24k Ry RE IR 4244
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VanillaFaceNet: A high-precision and rapid inference
for bovine face recognition

LUAN Haotian? , QI Yongsheng'*** , LIU Ligiang**® , WANG Zhaoxia“*?, LI Yongting**?

(1. College of Electric Power, Inner Mongolia University of Technology, Hohhot 010051, China; 2. Large-scale Energy Storage
Technology Engineering Research Center of Ministry of Education, Hohhot 010080, China; 3. Inner Mongolia Autonomous Region
University Smart Energy Technology and Equipment Engineering Research Center, Hohhot 010080, China)

Abstract: Intelligent farming has been an ever-increasing trend in agricultural production, with the development of artificial
intelligence (Al) and Internet of Things (IoT). Rapid and accurate identification of cattle identity is of great significance to
prevent the insurance fraud for the live cattle loans in the cattle industry. Among them, computer vision can be expected for the
cattle face recognition in the modernization transformation of the livestock industry. Smart devices and systems can also be
integrated to achieve the intelligent cattle management, feeding, and disease prevention. However, the traditional identification
(such as ear tags and collars) has limited the large-scale production in recent years, due to the small differences in facial
features among different cattle, the deep layers of the FaceNet network, slow inference speeds, and insufficient classification
accuracy. In this study, a cattle face recognition was proposed using FaceNet, called VanillaFaceNet. Firstly, the backbone
feature extraction network of FaceNet was replaced with the latest simplified network. VanillaNet-13. Dynamic activation and
enhanced linear transformation of activation functions were proposed to improve the non-linearity of the network. Specifically,
dynamic activation was fully utilized the expressive power of activation functions during training when dynamically adjusting,
in order to flexibly adapt the variations in data distribution at different stages of training. Dynamic activation was used to merge
the convolutional layers during inference phase. The computational load was reduced to improve the inference speed of
networks. The performance and efficiency of model were then enhanced during training and inference. Activation functions
with linear transformations were significantly enhanced the non-linearity through parallel stacking. Multiple activation
functions were stacked in parallel, thus enabling each layer to capture more complex features. Additionally, spatial context
information was embedded within the activation functions. The spatial relationships among features were better utilized to fit
the complex feature distributions. Non-linearity and integration of spatial context information were achieved in a more accurate
and efficient model when processing complex data. Secondly, DBCA (Dual-Branch Coordinate Attention) module was added
into the global maximum pooling. Global average pooling was used to aggregate significant features of cattle faces, in order
better represent the differences among cattle facial features. Therefore, the accuracy network was improved to recognize the
cattle. Finally, a center loss was introduced to train the network with the center-triplet loss joint supervision, because the triplet
loss was only reduced the inter-class differences among cattle. The intra-class separability of cattle was improved to compactly
aggregate the same category of cattle. Thus, the accuracy of comparisons was improved among the same identities of cattle.
Cattle face videos were collected at the Otai Ranch in Hohhot, Inner Mongolia Autonomous Region. An image dataset was
constructed to train and test the model for the cattle face recognition. The experimental results show that VanillaFaceNet was
achieved an accuracy of 88.21% in the cattle recognition, with a frame rate of 26.23 frames per second (FPS). Compared with
FaceNet, MobileFaceNet, CenterFace, CosFace, and ArcFace, the model was improved the recognition accuracy by 2.99, 9.58,
6.26, 3.85, and 4.49 percentage points, respectively, and the inference speed by 2.67, 0.77, 0.10, 1.28, and 0.94 frames/s,
respectively. The recognition accuracy and speed were greatly improved to fully meet the requirements of the ranch for the
accuracy and real-time performance of cattle recognition. The excellent performance was achieved in the cattle recognition,
suitable for the deployment on embedded devices, such as Jetson AGX Xavier. A better balance was also gained between
accuracy and inference speed of cattle facial recognition.

Keywords: recognition; feature; extraction; cow face; FaceNet; attention mechanism
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