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Abstract: With the rapid development of intelligent animal husbandry, cattle facial recognition has become a key aspect
of intelligent farming in cattle ranches. However, due to the complexity of the ranching environment and the limited autonomy
of animals, the process of collecting and identifying cattle facial data is severely affected by environmental factors such as blur-
riness, occlusion, and lighting. To address this issue, a complex scene-adaptive dual-branch efficient cattle facial recognition al-
gorithm is proposed. This algorithm first designs a data augmentation strategy based on pixel fusion. By calculating fusion co-
efficients using the beta distribution, the left and right facial images of cattle are integrated at the pixel level, enriching the sam-
ple’ s feature information. Simultaneously, the algorithm enhances the network’ s ability to learn cattle facial features under
blurriness and occlusion, improving its generalization ability to complex scenes. Furthermore, a novel attention mechanism
called composite dual-branch adaptive attention (CDAA) is introduced into the main feature extraction network. This mecha-
nism adaptively strengthens the weights of the channel and spatial attention branches as scene information changes, enhancing

the network’ s feature selection ability in complex scenarios. Next, a dual-branch feature extraction structure combining
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FaceNet and U-LBP (Uniform Local Binary Patterns) is designed. The extracted feature vectors are adaptively weighted and

fused to increase the network’ s robustness in overly bright or dark environments. Finally, an improved cross-entropy loss (Fo-

cal Loss) is incorporated into the loss function. Weight coefficients are dynamically adjusted based on the complexity of the

scene information to autonomously control the classification of difficult and easy samples. To evaluate the effectiveness and re-

al-time performance of the algorithm, ablation experiments are conducted on a specific dataset, comparing it with various typi-

cal recognition algorithms. The experimental results indicate that the proposed algorithm effectively meets real-time require-

ments, achieving an accuracy of 87.53% on the open test set with a recognition speed of 108 frames per second. Moreover, in

complex scenarios, the recognition performance of the proposed algorithm surpasses that of the comparative networks.
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B AT LA 800 R 33 AN T4, DRt , AN T sie
FaceNet FH1IE [1] £ fill & 2 41, HIl 55 U-LBP R 1E 7] & il
FEC MBS EE KT 0.5 0 AR EUE R SR R
W IR R A EEZ |, 6 BT Ak 3 5 DO IR 5 1E O
REAH 2288, B, s U-LBP 435:AE ) il A 280,
W, B AR A AT AU SRR ] Rl

0.5x(1—n), n=0.5

“1700.5x(1 +7), 7<0.5 (16)
H e, A FaceNet F-10E [n] 1 A IAL 228
&=1-¢ (17)
H, e, 2 U-LBPRAAIE ] i A fINAL 224K
D=0, X TP, X& (18)
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Hrp o WG 40T FaceNet W45 2 U RFAE 9] i . o,
R R 20k U-LBP S B IR AR ] B, @ S ARl
Jrr bR 128 2 i)
2.4 MWKREHIZIT

1 T S B R AR BB Th 5 2 S AOREAS o 22 8,
I RBREAR (5 D, UK FaceNet X 45 45578 1 Ji 161 2K
PRIEX Triplet Loss TCIAFEHIXE S 25 5 5 43 EREAS (1 1 25
R . Ay s o 28 6 M 23 SEAEAS R U], [ I 14105583 ) 5
KA R , AR LB T —Fh G 28 SURHR 2K Fo-
cal Loss R AZE M XE 5 73 FEREAR VN ZRALE (1w, T 455
Triplet Loss VE A #4571 2% , DL ik 4 I 530 0k Rl %)

FL(P,)=—(1-P,) log(P,) (19)
Horp, PO RIRE REAS B SR AL 4, P RO, AR
AT 328, P AU N ARRIEA BT 26 .y IR
B - P T B S R AR 1 5 7, 24
PAEHAT 1B i K F 3T O, FEAKT Loss /9 DT HKE
/N PAEKAT OFS i A FAU(EAET 1, FEASKT Loss AY
DURRFE A, DA 0 48 B G b 2 > e SAEAS . il T
FUHE Z 8y AT LAFE ) 5 53 FEREAS AN o oA B, AR5,
X AT A, A SCHR R B Rl & RO S OB
n W y IUE . BRI e anr
1+A+n, if2<0.5

h +(1 —2)+#, otherwise

Horp Y A UE /N T 0.5 I, B A IR AR BT o5 A R 45
R, HABUERT 0.5 1, R 7RG AR BT B A RO .
DRI, S REAR PR AR il 5 2R B0 0.5 LB RERR
i A= BRI LB . e, Sh A R P A AR Ky (3
R, AT VLA B o XE 3 JEREAS X Loss TTHRIE , i 55 190
LR HEP IEREA 2 2 fiE

3 KB5S

Sk i AL T I R AT RS R G R Rk e S R
A b TN . SRR FE Ubuntu18. 04 Linux #:4F
RGN 58, B R R BB O ¢ 7-11700@2.50 GHz
CPU.NVIDIA GeForce RTX 3090 &t iz 47N fE 24 GB.
BAFFR L & R - Cudall.0, Cudnng. 1.0 il , K F py-
torch 1.8.1 REE2% STHESL | B 2556 W% - A FH Adam £
S IEATF AL, BB B 100k, 40 Bh = 2 %70.9,
b RN 32, AU U R £10.000 5, BRI bR 2 R ik
B 0.01. ZJ5 B UI 2R AR R RS AT B4 A X A Jet-
son Xavier NX #4713 .

3.1 EIBE&ESIE

ARSCERE X E G 5 T AR S A T
FEo0 YR AR SCR L A SOPE B S B SR Y 2R
i 4 R A BN S RIOKR B0 , (8 = B B A5 Sk R AR 2R

y (20)

S ZE A7 IE = A £ BE A TSR B0 LA I A E 4580 )
ZREE . T [HZSRALS = BRI SL RE 20 s £ A
) 2 JG AHLAAL , o 2R B 3] %) A RS A7 e A% s il 2 e
PG 0 AT 5 4 RN R A I AT Sl A T B
S B8 A5 311 31 58 48 4 16 A 38 43 5 22 ) 1 python
SR DR B A A T 4 A B, IO 25 E B Uk A
BB vy 1) R T 42 HH B 5 B i o YOLOV7 36 RS
HRS I 3ot 5 PG 04 2 1S K L3R BT DR A TP Al e ¢
A A ISR S ERA 4E

AU 58 R AR 280 3k PR 2R 19 28 I B s a0k A 7 A A 1|
Y, o ik A& 2 A IE = A 205K, BT
16 800 5K 81 |- . S HEINAEAS ZFE 1, 8 0 BiG i
B PR L R AT SN o Y 1 R R A 1A T
P35, 1 IE )5 B R B A 22 500. R 4B FR RS AT
PRI ARG A5 4 Z IR0 Y 04 2F B L 32 BIUAS [R) 8 B Ol R
B A G L A T A Sk 1 Bl i B QAR 0 2 15 LA SR 4%
E 1R 2R I M R B 500 5K AE AR 4R |, A B i AH ] 28
J6: 5 AN ) A4 J (g %o BEZHLAT 2 236 41 . A TR 4 1R 0.9
0.1 B LL A %) 23 J I R 45 FBGAIE4E . oAb , FEREEAS:
5114519 98 3k 2F 31 500 7k 4 16 BRI 42 3K
£ B BRI A BrE iR 2 IR .

*2 FRBBENSF
Uik WA PRI | SRR
19 800 2200 500 500

3.2 MHERETMIRAE

A 8 R0 HE A R Ace (Accuracy) | 5 IE R
Val (Validation Rate) F1 % F> i 2% FPS (Frames Per Sec-
ond ME AR PEREPEM Fabs . HIHRE AT .

TP+TN
ACC= b TN+ FP+FN 2D
TP
Val= TP+ FN (22)

TP . TN FP . FN 435X 2 B 1 4 5 4 ARGE ]
BB . Ace SRABEIRY T A 4 DRI [v] — 2 IS AR 5 10 1 0
AR A B REASTE EEA R BT 5 A E A . Val JE AR AL E i
bR 55 E A PR T B AR B O 09 A B TR 1 4 Y L
5], IV I 0 DB i) — 2 B AR 72 T A R — 2 B e AR op
JIT 5 0 LA . FPS AR R T 2R B TR 10 B, R A0
S R S, T LASE 2o U — 5K 1] R 9T R 1 s ) P
HUE B0 5] FPS 1A
3.3 B
3.3.1 BEMERHIR

SR I UE L TR 2R il R e G 5 TR A st L T
K Beta 7345 i R R S50 o b 0058 A Rl-A 28078 L
A= 6 HCHE S AR . AR SO 5 4N TR Y Beta
Sy AR HEA TN, Rt SR an 3% 3 i .
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K3 BetaDFHIMKLER

HH % 3 A A1, Beta (0.5, 0.5) i 5 1 il 22 450, R0

Beta 431 FF4E Acel% HEOR R R . G, RS U 2R AR B I i 22 Rz Ak 25
0303 on BRI AR . R 5280 o Beta A0 H RS R BN 2
05.05) 7735 B BN Beta(0.5,0.5).
0.7.0.7) 76.96 3.3.2 HEEXW
() 7563 SRy B UE AR SO O A RO L SR AE A I A
02 o I B5CHI A b AT T Rl ST 43 ) e T O A A B D i
SEFEATRNIE, SCR A R AR 4 PR .
F4 HMER
BORSIR | PR | U-LBPRHEREUN Y | SO | FPSIS) Acl® vl
P14 THE P14 e
126 97.61 79.63 97.12 75.22
N 126 98.92 83.61 98.32 77.35
N N 115 98.38 84.01 99.85 79.08
N v N 110 99.24 85.28 98.54 78.22
N N N N 108 99.32 87.53 99.46 83.12

2% 4 00, f FJE TR G o BE B R Ok
W 25 B 22 47 1 TR 5 il A T 48 A8 DI i A b A A T LA
A RF S e a T A RRAE T B Rl R B A
TR AT AR B, TE PATAE RN T A2 A 1 180500 74
RHEAT I BEETE . BN CDAA A HLES , 2T W%
TE 8 by 5 T RRAE B BUCRE 7 I S $E T, FFAE I UE 4
TR A SR = T . N LBPRHIESREUSY R . 5
Mk Y FaceNet =2 435 AF Hi B 00 265 44) 1l X3 32 4544 , -
W5 43 S AR BN A BRI 1 2 1 338 7 A A, T
et e e WS IR BT T A6 i 1 T B O AR 4t
£ AR BIER T RIZ T T 5.65% , AR 3R B
WREETE T 1.63%. LA, B Btk 58 1 2% Focal Loss
IG5 R, 35 I 46 X6F Mk 3 2R AR 1Y) 2 2 fig
FEAEM R E U R R IR T 7.9% , P AR A4 iR
BIAER R T 1.719%. Bkt im iR 508 ¥ FPS {5
A WO T I DO 245 8 0T, DA T 3 T
KRR T TR e R

F T A 4 0 A o A 2F I I R S 2 il 2 i 4R

8, A B I UM R R TEANf , B4 I 100%.
TFAE A b i 2R R A S 5 IIZR G A, T fE
S BB AR S BRIV ] R Bz AL RE T . O AR BB Bk
TESLZR 5 N BOAT B SR IO [R5 53 T B9 4 G TR R
B N\ T 2% B IECRF A ) B, I 6T [ 5[] 9 1K LG B B R A
XF G Bl HOR AR N A — 3k A MUREE RN S 5 B

H1 98 5 =205 4437 FnT LU 2R 7T DA Y, EAR
BRI 75, 0 26 384 i P 1 Rl 1) 5080 96 50k Dy vk
I CDAA W WL, A B A i e 4y Wi
P TR R B M/ . 55 L P A e 2 e AR
R T EL P 51 R B 06 IR 22 S B, 3 B0 5 P ABUReAIE
fi) 2 A R B ROR . W T80 = ADL T U B R e
P8, W28 IR I3 SCAAR i, 2 TSR A o 2 A D G B
BERMEAG /N . AR K BREUS , — AL 1] 8 1Y
DR FCHE RS SR Bl R0 . 23 0, i IH RS g 45 R 5 36 5 28
I AR 1] ek DG G B g S5 6 T 5 73 B AR SOV B A5 AL
P, AT — T s S e AR SR AR S 2 5 A
A B E R

®5 FEHER LN

BB TP (BR B 2) RS THR(ERAE 25) SRR TR )
a ﬂ ig =5 " 0 ~ 7 i 0 —
[ 2% 544 & N
- ) L
MobileNetV2-FaceNet 0.680 1.109 0.665
+RUG A 0.589 1.077 0.651
RIS 0.443 1.060 0.590
RS 25 0.436 0.951 0.268
-+ R PR AR 0.428 0.720 0.155
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3.3.3 #EEIXF LK

SR it — A VAR A B 25 AR SR S A Y
B R G P 0 0 iR AT X B, A0 8 : FaceNet . Mobile-
FaceNet,SK_ResNet ' Fl ECCSA-MFC™'. H:1, FaceNet
PSR R ) P DN 521 7 e i R 1 73
45 FH Inception-ResNet ; MobileFaceNet Ay 24 37 J& 4 5%
Ak TH B IR ) M 4% ; SK_ResNet " ResNet-50 1 it i3
Bl S [R]85 9 SK_Bottleneck SEBl& 2 AN BN1{E
B IR A RO 2 B4 1Y T RRAE ; ECCSA-MFC
VLA MobileFaceNet [ = T M 2% 5] A& 25 (045 B 1)
o A5 I T AL SRR BGE L IR A %R
KHATENZS ) R . XF eSS R 6 iR

P 6 AT AR SCREVE AR BIDRE BE I 3 T A
TUMNE O TARSCRIEAE S R 5] A CDAA R
TIWLH, I T 35 S E5 ), BRI RN S 4
W AW o, R3] 3 W G /)N . MobileFaceNet 34 1
ECCSA-MFC 5.3k B K /INN S 5 A 3/ (BTG
AR R 22 T, RBOR BRI, Tk
FHFICPRAES . AH LU AL Ry 52 4411 FaceNet, A SCHA
FEPRIE 9 28 52 A 10 [ s, 390 50 DR U0 3 5, 1L531)
YR 2 I FaceNet 2% 5 H1 2.02 4> 43 15, . SK_ResNet
i Tl FH T 21 SK_Bottleneck 3K fil & £ N IS B,
SR TR DL ORI R/IN T AR SCR i HLR
SR 3 U R A AR AR SO L 25 b XS L2
AILLVE W A SCR R B R R E B I AL E, fE
T3 I A LR AT S b

*6 TRAMEMLER

s | sacm | TR | gy | TR
/GFLOPS Acc/% | (Wi/s)
FaceNet  [2279M | 285 87.4 MB 85.51 | 83
MobileFaceNet| 0.99 M | 0.390 45 4 MB 78.63 | 126
SK_ResNet | 591 M | 1.65 22.56 MB 84.22 | 97
ECCSA-MFC | 1.20 M | 0.446 55 4.42 MB 81.13 | 112
AR | 216 M | 0.327 62 15 MB 87.53 | 108

3.4 EHiEBENR

R T AR UE B AR TS TUDHS % ) By 2 e A
SRBGE AR SR 2R B RS A 2 A 20T 15 Jetson
Xavier NX_F AT, 32012 72 o RetinaFace i3
I B3k 5 AR SRR A AP B TR 15 R A A T
B A 5 B2 X IR BT, A B 5 iR X 4 R T A 1S
PO . PRI AR A T8 WL AR 47 i 98 KA AT
AR U MER R Ace A B T 84.7%, B Tk AZUF
BT 32 FR LA R AETE OB g B Al A T TR A
W, S BRI HEE FPS R [ 67 i/s. BN 6
FrR B 22 MR AF 2 b T B ELAR TR I ROR A S 2
ARG e A S A6 2 A 5 I IO FH ) LS4

Ko 25 T A IRIRmIAE R

P 6 i ) R S — 21, K R R 22 R A RIbR A
I By S R — LR R A R AR R
VIECE % ot N Db R B2 W N oy a2 b o S|
B, 12 ] e A T Sk A ELAT v B AR BLRE 5 5 — 4
B R AR s T ey yUn g 8. i =4 K A
2R AN SR 5 L H bR g5 A S E , AT 14 B R )
S5 JLI IR, W0 E T AR SO AR R i A U B S R Y
A R FE LR UE SIS B R A [ s 3k 211 4 v A 1R

4 it

ARICFEGr75 18 T A3 92 PRI EE 09 R i DL R AR %R
B AR Ui 32 2000 TR 2R FE i R AR R Y
HIEE TN 47— gl & BRRLE 5 W A5 1
S 3 N AR Ok

CL)BE X BB FIIEE R G, 2 I PR A A T i
i Beta 73 A 3T 5 Al G R A Iy A TR K G, B
WIRFEA R Z 0, F B A BRI FREE S . R,
5 Bl X 227 2] LS 7 b P AR i 4

(2) 7 3 TR IE £ B 28 51 A8 B v 3 1 ALl
CDAA BRI, 17355 17 81 4 38 308 33 5 ) LA N 2 () 2
PURITEAR R 2 2 37 50 T AL 38 S B 20 5 T AR I
FRIESRHLRE

(3)1& i} FaceNet 5 U-LBP R 43 32 4R fE HE B 25 44,
I 3 AR 5 1 5 K PR A 43 S I R 1]
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(4) 7 = T 45 2% vh 5| B ik 58 SUIR 4 2% Focal

Loss R4 5 5t £ K 3 A VA T R 0 SR 0 B
AR Loss FTAREE , I 2010 54 40 25 A AL TR L 425
XM SR 1023 il
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