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Cow Face Keypoint Detection and Pose Recognition Based on
Improved YOLO v7 — Pose
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(1. School of Internet, Anhui University, Hefei 230039, China
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Abstract; Facial keypoint detection in dairy cows plays a crucial role in the automation of cow farms. It
aids in cow face recognition, face alignment, head movement detection, and behavior recognition. In
view of the problems of cow face occlusion and weak light in the current dairy farming environment, an
improved algorithm of YOLO v7 — Pose network model was proposed, which can be used for keypoint
detection and head pose recognition of cow face. Firstly, dairy cow facial images were collected from cow
farms by using network cameras and a dataset was constructed. Secondly, the SPPFCSPCL structure was
integrated into the YOLO v7 — Pose network model to enhance its feature extraction capabilities for cow
facial keypoints. The WingLoss loss function replaced the OKS loss function for keypoint detection,
thereby improving the accuracy of cow facial keypoint detection. Finally, L1 regularization was applied to
prune the improved model, reducing the number of network parameters. The experimental results showed
that the cow face keypoint detection of improved model YOLO v7 — SCLWL — Pose was improved by 5
percentage points and APO.5 was improved by 2.7 percentage points compared with the original model
AP, and the memory occupation of the improved model was only 106.7 MB, which was reduced by
33.6% . The keypoint detection was applied to pose recognition, and the experimental results showed that
the recognition accuracy of the motions of looking up and looking down reached 95. 5% and 86. 5% . This
research can provide support technology for behavior recognition in dairy cows on farms.
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Fig. 1  Original and enhanced images of cows



86 o AL B ¥ i

2024 4

fifi i Labelme B {Z 5 7 T 5 X B & 9 4 1
P X B G B A AT B VR, H bR HE AR T 09 9 R
WA= ) THT I o AR SCRR TR B 5 A A B 2 RRAE
ZISCHR[23 ], BEERZE AT HR I 22 A W8 DA B B 2R
AR SR R T DG B AT SR S B AR T AR B BY json 3
5 Ry e k%20, L T 8t YOLO v7 — Pose [y 45
I 25

2 FRESHITAZE

2.1 YOLO v7 —Pose # B F H ity E A BB
YOLO v7 — Pose & by 21 I 1Y 5C B 504G I 530 4%
HAG QB0 £ 5 SO & 250, 5 785 19 4%
AEHEBLRE 71, YOLO v7 — Pose #& %Y /iy Input % A
Uit Backbone & 1 [ 2% | Head % fif £2 ML B0 2% |
Prediction i Jll 2 4 & 4> 240 . JR 4 B YOLO —
Pose BB X AR 17 A SCHE R AT 4 I, A SCAR
X5 5 A I T S AN OC B A IR AT AR, DO R R Y

‘
[ M

I

|

I

[ -

YOLO v7 — Pose #& 84 i 47 2tk DL By A SC 0 3%
. B, ¥ SPPCSPC #% Ht ¥ #4 & SPPFCSPCL #&
B, LI o o0 25 455 R0 X A i R AE 1 S BCRE Oy .
W, K] WingLoss 15 2k pRi KO8 10 OKS i 2% bR %K,
AT D8E /I 5 e B0 52 WD, B T A i O B A ARG I 11
KRE o B, % 08I W% sh el A QB & B A, A
SO LT B A 208 e e 5 A v, DA 9 /A A
SRR SRR R A SO R 2 A B A 2
NS
2.2 E# SPPCSPC #ir

YOLO v7 — Pose ‘B 1 {0 2% A= Ji A9 45 ik P 95 g A
| SPPCSPC i3t SPPCSPC A Bt Hy =5 ] 4 7 B b
Ak 45 K4 ( Spatial pyramid pooling, SPP) 240 wE Ry Er )
TP i% 2 45 #4) ( Cross stage partial connection, CSP) (23]
M1 AERIZH . WK 3 fros, SPP 4544 T8
PS5 x 5.9 x9 Fl 13 x 13 45 2 R Y232 B, ]
DL WS R 2 T 45 A 42 CRE ) 5 CSP 3l i B85 3% #5207

(-

&2  YOLO v7 — SCLWL — Pose [ 44k 4
Fig.2  YOLO v7 — SCLWL — Pose network structure



%11 3

/N 4 FEFHE YOLO v7 — Pose [ 25 i & 8 5 K I 5 4 450000 5 vk 87

% A B I A5 B A M4 TR R
CBS Sy & M=, Ml T2 — 0 M RR AR 428 B, B2
SPPCSPC £ 44y v 1) 3 1K 45 A4 2 ol A 00 5k JE2 A i, HL
EXE/N AR ST BE AN TR N R AR S A AR
(9 S B A o DAy T R ARG S R U O IR 45 A L
S xS ERHRES R, BTt TR I O AR IR TR B

SPPCSPC

5x5.9x9 Fl 13 x 13 EZ YR, S T8R4
G AR R L SRR 5 x5 R R 2 Bl
3 x3 iRk )2 B IR AZ P AR Sl 3 x 3.5 x5
7 X7, XREE AR TAE 20 x 20 x 1 024 By 4H:4E &
G b X5 AR O HE R HE AT AR AR SR, AN S
SPPFCSPCL 8 i [&l 3 fif 7R .

SPPFCSPCL

%l 3 Hfg SPPCSPC & SPPFCSPCL #5 b
Fig.3 Reconstruct SPPCSPC as SPPFCSPCL module

2.3 5| X\ WingLoss i 5% & £

YOLO v7 — Pose J2& & T [m] 4 i) A6 ) 55 Y, i 1]
524 ) 3E It E ( Complete — ToU, CIOU ) f2e] PR R
G0 AEE ) 45 2K pR B, A T OKS 48 2 AR Shy SC Bt s 43 2%
PRIEL . OKS 2 —Ft FH T~ 4 2t OC B o 0000 {8 55 L 52
{ELZ TRV RHABLE B9 46 Bn o 1158 5 A O BE S ) OKS I
TSR OC B A TN S B S YRR ) L RS
et JFFT 0 TG B A 3 8 1 SRR AR 1] 5 0 AR LR , B2 2R
PRIET A

Z exp (Z;Zdo'z; )8

OKS = — ri >0 1

) S, (v,>0) (1)

K d,—5 p NBEBE A OCHE A BINNES H
SICH 0] 14 BREG B

55 p A FARSS ¢ A OCHE R R AT IR
55 p A~ B AR S i FR
o 5% i D RBE AR A 5 S PR A 1] B bR
Qi 22
OKS 451 2% BRI 0} B T AL 52 (80 b B0, Y
h OKS J&fift FiY BRI R 2 3 55 4 AiE 1) & AH DURE o Jit
B YOLO v7 — Pose X AR 17 A~ SCHE s AG I , A 3C
A0S A J 5 > S B S E AT RS I, DR I ARG ) A
JEUASE TRl A 2% 5 BUR 1) 5C i e 1 45 2 AR 6 A T AHE
ARG/ e T ik b OKS 5 2% oA BOLE A SC R 1
I A U B A A (1 1) B, 51 A WingLoss' ™ 45 %% b

U])i

S
P

[x]
Wing () ={w1n(] +7) (lxl <w) )

x| - C

(lxl=w)

Hop C=w-wn(l +w/¢g)
Hrb e J2— DR/ EUE T T 29 AR 4 P IX
i, C 2w E, T LA 18 0% e A v R AR Lt i
gy w JH TR AR LA BRAITEL —w,w ] XA,

2 ow AEXHE/NT w I AT Ina B, HOBR
N/ x GZAR Sy v G SR /INDR 22 WS o O kA i B
AMEE/INER 2 TERE BRI T [a) B B 7 A DRI BRI, 5 2
TE AL /N 45 2 I X B B8 AT R, SR A 2 80
w Ml e KRB E, X v LBXHEKTHT w i,
WingLoss i 2 % K (19 15 22t F L1 i %%, £ K 1%
ZEREWPEKE .
2.4 EFLIBHMBEETNH

Wit TR 2 2 > A5 A ) TR B I I, AR AR 3 BR s A
SRR AR S . O TR AL R RS
Hin BRI A 2 v ASCER /0N 10 o OB 2 A S i
e R IR B, DL BCRRAE B B ) 4 R, DT 8 v 3
FRCRE . W 4 Frs W 5 AGETE Y n, 58 B AR B
o w F b BYRRAE B X AT A3 U8 g R AT B AR,
TR S DB A B (1 L1 S 808 4 Wr i 0l 45 7 B
JEA R P i AR AR S R RS A Y L1 Ju Ak
HEATHEF A 35 5 m AR B/ B 3 U8 g B2 N
MVRAE 18 o BB BY e B8 5 m, X5 A8 BT 1 4 AiE K]
(T — A~ 3k U A4 v ) 2 B L B 8 R (TR B 40 )
16 5 5 ST ZRA DL R 52 F AR A I ARG o
F L1 JERBY AL Al LA 5 R4 45 A2 A, i
IR A AN S8 FIDRG 2 v ik B e A
2.5 EFXEANFRESRIRG

DAY A = vy a50A T s A ST SR A B R L 3R
AR G 2 A R 20 A W 2 ) AR A o o B 7 A A
AU A5 1) 4 G A A X I A T A A, S5 S AR BL N 2



88 PSS A1 M | = O 14 2024 4
w, filters
& @ & i @ &
X, £, X,
K4 %F LI ﬁéﬂlﬂ’lﬂﬂﬂiLh
Fig.4  Pruning process based on L1 norm
A LLAR B R A6 M, Ol G e R MR B SR X Ry Intel Core i7 —9700,GPU & NVIDIA RTX3080 i <,
REAM £ (Pitch) (B8 Y %l i G % #f1 ( Yaw ) 158 Z il i) WAFA O 12 GB, BN 25k F Pytorch ¥ JE 27
RS (Roll) ™7 &l 5a FrR . JHRESR, JA g 1.12. 1, Python hitAS 3.10.6, it &t
S gty SN B BB 8 1A T i VI 500 4
Mo, &9 2 o JAIH 2% 2 3y 0. 01, i sl iy 0.937, BRI
gy = il - - -
Qyj@fﬂﬂfﬂﬁj 2Bt , YOLO v5 — Pose, YOLO v7 — Pose, YOLO v8
O Pose i OKS # B 2L
£ (U \Qf L) 32w
A AL B VAR X A e AR AGE I A 1R BE SR ISP 2

= ——“,,,7
T J»Jf, A VA
| LT o N
- HL -
AT Y

X
TSR 2

FELZS o] Aa R AR
(b)

S AR 9 35 B R B A R AR 4
Fig.5 Representation and coordinate transformation

of cow face pose

WntE b s, N A G B AR L AR B R T
SN TEARFTE A AR AT BB 8 L, 0 2 AR
AR A T B KL o iR A HLAR AR AR 19 I AE
BOF AR bR 2R T BB A B S et A A R
0 Y O B L A A R O B AT A TSR AR AR AR
= AE AR, R AT KBS AR TS ML S A
Z . fJailid S S Al LLAS B e i A 1, AR 8 e e
Medt B fa o0, 5% f 0, MR B f 6. , e 5% o 1
R BB MR AN

'y T Ty
R=|ry 1y 1y (3)
Ty T3 T3
0, =atan2(r32 ,r33) (4)
0, =atan2( —ry,, /13, +13;) (5)
0. =atan2(r,, +r,,) (6)
3 KBERSHIEZE
3.1 A E
AR 46 7 Ubuntu 20. 4 #:4F & 4t ,CPU Wy

¥5 % ) {H ( Mean average precision, mAP) ¥ & 18
S A3 . mAP@ 0. 5 F B 0. 5 ff
A2 JF bt (Intersection over union, IOU ) & {8 A+ 5 1) %5
FE(H, mAP@ 0.5:0.95 F/~ 10U F{E M 0.5 |
0.95 ZJi], 2K 0. 05 B - H 5 B 1
T R DR T
i8 8 %1 ( Giga floating-point operations per second,
GFLOPS) . W #F & H &, *F ¥ K B ( Average
precision, AP) 13 ] 7 [a] % ( Average recall, AR)
SRR, T3 OKS 75 LM A HIBLE . APO. 5 227
24 OKS HfH 8 R 0.5 -FYIREE . AR %o OKS
B 0.5 51 0.95 2 il 55 0. 05 44 4 A1 % 1y
ARO.5 754 OKS BI{H B E 4 0. 5 -2 4 [m] 5

4 REERELH
4.1 AFEEBTHNEREXTEE

FEZR A G A I /Y N T 37 b, O T S TR
B YOLO v7w6 — Pose [t & A A4 55 B A 45 & 1
oK 8 % ] YOLO v5s6 — Pose, YOLO v8n —
Pose . YOLO v81— Pose 3t 3 A BIAVE XS b o AF I 3K
Bl 5 b BRI S5 R A0k 1 s, A OGBS
R gs ]k an sk 2 fron. 1 ] LA, YOLO
vIw6 —Pose ., YOLO v5s6 — Pose ,.YOLO v81— Pose #lI
YOLO v8n — Pose X 4 A AL 185 & A7 1] A8 mAP
@0. 5 #BTE 99% LA 1, 7% WL 1 7 A i 0 A6 i 4L
WAL B4, M3 2 W LIA 1, YOLO vIw6 — Pose
i) AP AP O.5 AR F1 ARO. 5 {EAH I F H & JLA- 4
B BAT WY AR S (= N A5 i e 1, TR
£ YOLO v7w6 — Pose iy KL il 52 1Y, [] iy X H: A
bk,



55 11 4 /N 25 LTt YOLO v7 — Pose A9 4= i S B SR DN 5 2 250 51 O % 89
F 1 AEEB RGN 5 R 3T BE x3 HEBRBaER
Tab.1 Comparison of detection indexes of Tab.3 Ablation results %

cow face in different models % YOLO v7 — Pose SPPFCSPCL Wingloss AP APO.S AR ARO.S

FEAY K % mAP@0.5 mAP@0.5:0.95 v 51.7 89.8 627 94.0

YOLO v5s6 — Pose  99.3  99.8 99.7 84.7 vV vV 524 9.6 63.3 94.7

YOLO v81 - Pose 99.8 100 99.5 87.0 vV V. 547 913 657 94.6

YOLO v8n—Pose  99.8  99.9 99.5 87.2 vV v vV 549 914 654 94.6
YOLO v7w6 ~Pose  99.2 999  99.8 86.0 VE VAR U e R HRE G

R2 TREEBXERENIERI L
Tab.2 Comparison of keypoint detection indexes

of different models

TEAEIE NTES AP/ APO.5/ AR/ AR0.5/

BE JHE/MB % % % %
YOLO v5s6 — Pose 1.990 x10"°  30.4 46.4 88.0 55.9 91.2
YOLO v81 - Pose 1.685x10" 89.4 49.5 89.5 60.8 93.3
YOLO v8n—Pose 8.300x10° 6.5 36.3 83.0 47.0 88.0
160.6 51.7 89.8 62.7 94.0

i

YOLO v7w6 — Pose 1.009 x 10"

4.2 HERIKIE

NI IE SPPFCSPCL #5He Fl WingLoss i1 2% pR %X
XFHREHAS YOLO v7 — Pose [ 5T mk , 75 8048 5 b #E 4718
AL, 23 B YOLO v7w6 — Pose . SPPFCSPCL #5
B WingLoss 451 2< o8 010 A [R] 4H & T 2245 3 10 3k
s R, 2 3 AT AL, 7E YOLO vIw6 — Pose B A
SPPFCSPCL 4t , 5 AP AP0. 5 AR F1 ARO. 5 433
$#27+0.7.1.8.0.6.0.7 A 7r . B gi REM,
51 A\ SPPFCSPCL H A F| T4 i (%) R A1k 42 H, [W) et
A R TR RLRE BE B S, o OKS 4 2k bR B R
WingLoss #5126 pR %L J5 , 22 AP APO. 5 AR fI ARO. 5
Sl TE3.1.5.3.0.6 . IR REY,
WingLoss $it 25 pf £ 7 U1 25 1Y J5 199 BB 08 3 5 /)N 158 22
FR5 MR, DT 2 T O B R UK B2 W] B 5] A
SPPFCSPCL £ He Hl WingLoss 15 2 bR, 45 I K JEE E
— T, 5 FE B YOLO viwé — Pose #H Lk AP,
APO. 5 AR Il ARO.5 35425+ 3.2.1.6 .2.7.0.6 N

IR

4.3 B=4iR%

Y SR U S A A A R R RAOCR A
Ghost'™' % F 1 LI 75 %'*’. Slim ( Network
slimming ) *' | Lamp ( Layer-adaptive magnitude-based
pruning) "' Random "' 8§ k% ¥ 47 Xt H , 3 4 T )5 4L
SRR oy S BEE R 1.5 M 2.0,

Ghost 5 B 8 3 45 R A W — ¥ 70 RR AR KT, %
3 A5 B AR B R AR IR 3 i 2 1 1s S AR B O A — BB 4
FRAE &L, T RS ) 11 5 B AL S8R . L1 B A
Je T DR AR A 19 L1 SR, AR5 R0 # BN Y AL
N % 1 0 R AE 1B, DA SRR AE (1% I 1 A B
Random BT KUZ BEHLE 59 2 4 Lamp 57 A 2 38 i &
B Lamp 7 B0/ B9 3% 42 5 Slim B9 AR @ 1 BN 2
8 4 T PRy F S W L DR B y (R

4 h 5] A SPPFCSPL 4 #t 1 WingLoss
5% bR B Bl 5L T B A Our — YOLO v7,
F4n] g0, Bk R OBAL oy Conv B AR 4 A
GhostConv & F1, # #I (y 77 5 F &9 20 38% ,{H 2
AP FI AR B3 it T Be o J8 G a5 K 3, 3 et e
R T L1 BT A B VR BT AT S A E 2 8
SR AE SRR BB E O 1S, R D AR
RS B AU, fol R RS R 4% i b 3k B L1
BY R J A5 BN R L BT R RO AP 4R T 1.8 A4
T s AR B2 TF 13 A 4y L BRI A7 5 T
W 33.6% ,9F mis BB 33.9% . ME S
B bl &y 2.0 BEAH LT 1.5, AP (APO. 5|

F4 BEBERSUEMIKBER
Tab.4 Model lightweight ablation experiment

i TR I R N7 5 Fl 5/ MB AP/ % APO. 5/% AR/ % ARO. 5/%
Our— YOLO v7 1.009 x 10" 160. 6 54.9 91.4 65.4 94.6
Our— YOLO v7 + Ghost 5.880 x 10" 99.5 47.9 88.5 59.7 92.1
Our— YOLO v7 +Slim/1. 5 6. 670 x 10" 106. 7 55.9 92.9 66.3 95.2
Our— YOLO v7 + Slim/2. 0 5.010 x 10" 80.3 53.8 91.4 64. 1 94. 1
Our— YOLO v7 + Lamp/1. 5 6.670 x10'° 106. 7 55.9 92.0 65.8 94.6
Our— YOLO v7 + Lamp/2. 0 5.010 x 10*° 80. 3 55. 1 91.9 64.7 94.5
Our— YOLO v7 + Random/1. 5 6.670 x 10" 106.7 56. 1 90.9 67.0 94.6
Our— YOLO v7 + Random/2. 0 5.010 x10'° 80.3 54.6 92.5 65.3 95.1
Our— YOLO v7 + L1/1.5 6.670 x 10'° 106. 7 56.7 92.5 66. 5 95.2
Our— YOLO v7 + L1/2.0 5.010 x 10" 80. 3 54.9 91.2 65.6 94. 4




90 Y S ]}

L

2024 4

AR (ARO. 5 #0A7 FT T Ko i3 0 P, B 20 1
SR G AR SR e o 1.5 R A5 R R W] i
R L1 i R i AR A i e B HG B 4 A R AR
P, LR R T X RO ) o AU, BE 68 e AR T 5 A AR
7 Fsf AN 2 3 S5O I 32 4 [
4.4 AREFRETHRMNER

SR T 56 I A A TR T A7 A4 G S R S B A T 25K
L0 0 AT P AR DE H L 55 0 R P L RR PR R T

(d) LI R

— b —]

(g) 2P, S

oy~

) |

e ” ‘ "‘ i : ‘ : |
() Rk, (k) FEHI,YOLO v7-Pose (1) 581, YOLO v7-SCLWL-Pose
6 YOLO v7 — Pose \YOLO v7 — SCLWL — Pose T~ [R] 5/t B8 FIA A8 4% 120 T 0 A6 ) 5 SR

X A JR AR R AT S B

YOLO v7 — Pose F11 YOLO v7 — SCLWL — Pose [{ £
Phfig, SMIAE T HEAKGWEE LMK 6 Frx, i
YOLO v7 — Pose B3 K I 475 24 3G Bt o B+ 390 s A2 2
2 JE AL R YOLO v7 — SCLWL — Pose #:4 T
T 4G [R) R[] e 2 G A 0 1) A5 B A B . AT AL,
YOLO v7 — Pose 5| A SPPFCSPCL £ #t DI K
WingLoss 41 25 e840 F L1 87 RS, 7T LA SE 4F

. -
TR Vs
h L4

Fig. 6 Detection effects of YOLO v7 — Pose, YOLO v7 — SCLWL — Pose under different conditions

ST SO AR AR Y (1 G 1 X T
FH ) ABS E A S 06 i 5 ( Axiom-based grad-cam
XGrad — CAM) "' 56 4= [y 7 B2 45 fiF [X 3802 il 40 )
HEAT AT AR s o AR AL Y TN 2 FT A XGrad —
CAM, WM JE 7R 1 1R [F] BR 458 % 4 6 3 14 2
SrAaEL N 7 s . YOLO v7 — Pose {13 1 43 Aii
b3 4, el gt J5 A Y YOLO v7 — SCLWL — Pose 13
K3 BN v NI R AR R0 SE L SRS
AT I T A4 G G A ) R 2 2R
4.5 ZEFIAFNER

Pl 8 R 1 SR XS A i 2 A U 4 2R, o
P ALY 53590 3R A A AR B AR TR SR OG IR 85O
HECRIRCH 0 858 T, B30 1 X BE T 58 % A O A A A
¥ ff o LA 8a 58O BR A5 S 491, N2 B0 45 5 24
S FRARE A A7 0 52 DA 3 5 FE 20 IR0 8 e, X Y
{0 £ ( Pitch ) 43 5] & - 58.03°, - 21.45°,
12.44° —26.22°F01 —62. 80°, X 11 iz Bt T 4= 3k ff

O 0 o 30 ek A i A I HE B b ACAR B T DL B
FIW Yy A4 2 ARk, S gE — 20 B A7 o RO 4 £ 4
ARICHE . D% A (Yaw) K8 05 28 Sk &8 22 A i 5% £
JEE AT T B R R W5 4R O A AL TR AR R R S Y
10 o QR W5 A= AT 3K B 2 08 0 1 R, B AT T
AE 2 B AR 70 A7 48 Sk WS B AR OB Y B 1R S5 R OE
FOH O AT R

WA S FRIE W AF LT 2 - 45°, K Pitch
R B B - 45°, /N T - 45N Nk, R T
—45° 0\ MF k. K Yaw FURMEIZE N 0°,/NF
043 1) 2 e 1), e Z AR SR 1) 4 e 1) o i % 137
i 5 E A7 3, 2 0 g ot A iR AR P 0 A Y
Pitch {H 1 Yaw {8, 5 4 3k #8225 Al 1 U 56 45 2R
RS PR, RS fal LUAE 8RR 46 3k IR
K A S LSRG AP XK T 86% , AR
BITE 90% 7o A7 o il 4 SR R WY, B A X ) 4 2 38
PUB BA Al A7



%11 3

/NP GE s BT YOLO v7 — Pose Y A 5 5C B A6 I 5 48 25 R 51 5 1% 91

() HECR. ]
K7 YOLO v7 — Pose .YOLO v7 — SCLWL — Pose 1 AN [f] 't 18 Fl AW 2% 124 F 31 75
Fig.7 Thermal maps of YOLO v7 — Pose, YOLO v7 — SCLWL — Pose under different conditions

(b) IEH JEHE,YOLO v7-Pose

(e) BEIE.YOLO v7-Pose (OF:

(h) 34, YOLO v7-Pose

(k) B, YOLO v7-Pose

(¢) IE# Y6 R4, YOLO v7-SCLWL-Pose

56E,YOLO v7-SCLWL-Pose

(i) #44,YOLO v7-SCLWL~Pose

(1) BB, YOLO v7-SCLWL~Pose

g R

(b) LR
IR S i A TR AT

Fig.8 Cow face pose estimation results

x5 MELMESHIHARER

Tab.5 Experimental results of head pose

estimation of cows %
B AP AR
EEDS 95.5 91.2
iR 86.5 93.0
it S 87.5 93.9
VER B8 94.0 87.7

5 it

(1) 7€ YOLO v7 — Pose ()4 %1 f1 & #4§ SPPCSPC
Bk SPPFCSPCL., fifi d5 At Ak i) 1 3K 45 44 42 4y AR
HREEH , B e 1 H 5 o B O IR S B, A A T4
JG: R A 42 B, ] WingLoss bR %5 LA 2 &5 Il 25 i
T e X /N L% 25 1 BE ), ok A OKSS 4t 2% bR B i
AR B ORE S T . 51 A SPPFCSPCL # He L &

WingLoss 1 2% pR U SCBE SR AP APO. 5 AR Al
ARO.5 73 54274 3.2.1.6.2.7.0. 6 N EH 40 S,

(2) A T H R RN Ak, 3 56 o ff H GhostConv
LI K L1 Lamp , Random  Slim 87 4% 8 % , i 5 4%
FEERWY T L S A AT e D B AL S BRI B O
PETE T A K H bR A UK 2 OGS A RS B, T
L1 BYAS IS RSS20 08 SR B ey 9 24 6 110 OC B A A B
HEAT TN, 45 G AR LN 255, TH 5 0 4 K ORFATD A D
¥efn e PO A RS

(3) Mt iy YOLO v7 — Pose BRI 2850 L1 BY AL 2
Jo  AHET AR, OG5 A K ) AP APO. 5 AR Al
ARO.5 /042 T+ 5.2.7 3.8 1.2 NAE 4 A, YOLO v7 —
SCLWL — Pose FJ LA &80 Hh 4 T 55 0 BR AS0R LI 44 55
FEO0T A A I ROCR o 158 S0 1 A R AU Y
ATHE, AR B AT R AT R A T HOR S



92 PSS A1 M | = O 14 2024 4
& % x Wt
(1] a2 fd, R T3t e T HRELAM AR 5 1 S A AR B A 45 2 AR 1B S AR [T ] RO LR % 42,2021 ,52(3) + 243 - 250.

[2]

[3]

[7]

[8]

[15]

[16]

[18]

[19]

[20]

HE Dongjian, SONG Ziqi. Automatic detection of dairy cow’s eye temperature based on thermal infrared imaging technology and
skeleton tree model[ J]. Transactions of the Chinese Society for Agricultural Machinery,2021,52(3) ; 243 —250. (in Chinese)
WANG Z, ZHANG J, DUAN C, et al. Vehicle detection in severe weather based on pseudo-visual search and HOG — LBP
feature fusion[ J]. Proceedings of the Institution of Mechanical Engineers, Part D: Journal of Automobile Engineering,2022,
236(7): 1607 - 1618.

NIU B, GAO Z, GUO B. Facial expression recognition with LBP and ORB features [ J]. Computational Intelligence and
Neuroscience ,2021 (1) ; 8828245.

SEUE O BT 1V, 23 A PR (B A B STRT 44 A S 1) e R 8 T 2023 ,31(24) ; 3630 - 3639.
XIA Xiaohua, ZHAO Qian, XIANG Huatao, et al. SIFT feature extraction method for the defocused blurred area of multi-focus
images[ J]. Optics and Precision Engineering,2023,31(24) : 3630 —3639. (in Chinese)

BRUE R H H L TR BT I B LA GE Y 2R I A S AR ek B ST ] Al TR A ,2017,33 (1) ¢ 171 - 177.

CAI Cheng, SONG Xiaoxiao, HE Jinrong. Algorithm and realization for cattle face contour extraction based on computer vision
[J]. Transactions of the CSAE,2017,33(11): 171 —177. (in Chinese)

MAJI D, NAGORI S, MATHEW M, et al. YOLO-pose: enhancing YOLO for multi person pose estimation using object keypoint
similarity loss[ C] /1IEEE/CVF Conference on Computer Vision and Pattern Recognition,2022; 2637 —2646.

DONG C, TANG Y, ZHANG L. MDA — YOLO Person: a 2D human pose estimation model based on YOLO detection framework
[J]. Cluster Computing, 2024 ,27:12323 - 12340.

XS WL T, 45 6T B0 YOLO v8 — Pose By 21 4191 548 11 ALK [ 1] & Al MM 22 42,2023 ,54 (33 T
2): 244 -251.

LIU Mochen, CHU Zhenyuan, CUI Mingshi, et al. Red ripe strawberry recognition and stem detection based on improved
YOLO v8 — Pose[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2023, 54 (Supp.2): 244 -251. (in
Chinese)
/N5 IR, 45 BT G YOLO v5s i i 5 AR AR BT 43 7 ik [T ] AR ML AL 2 i ,2023,54(6) : 287 -296.
HUANG Xiaoping, FENG Tao, GUO Yangyang, et al. Lightweight dairy cow body condition scoring method based on improved
YOLO v5s[J]. Transactions of the Chinese Society for Agricultural Machinery,2023,54(6) : 287 —296. (in Chinese)
WANG C Y, BOCHKOVSKIY A, LIAO H Y M. YOLO v7. trainable bag-of-freebies sets new state-of-the-art for real-time
object detectors[ C] /IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2023 ; 7464 - 7475.
CHOI E, BAHADORI M T, SUN J, et al. Retain: an interpretable predictive model for healthcare using reverse time attention
mechanism[ J]. Advances in Neural Information Processing systems,2016,29:3512 —3520.
SUN K, XIAO B,LIU D, et al. Deep high-resolution representation learning for human pose estimation[ C] // IEEE/CVF
Conference on Computer Vision and Pattern Recognition, 2019: 5693 —5703.
JIANG T, LU P, ZHANG L, et al. Rtmpose: real-time multi-person pose estimation based on mmpose[ J]. arXiv Preprint
arXiv;2303.07399,2023.
FEOKAE BB B TSR T A R RO HUR I B A 5 T A R A [T ], Al TREAA4R ,2023,39(14) ¢ 173 - 183.
QI Yongsheng, JIAO Jie, BAO Tengfei, et al. Cattle face detection algorithm in complex scenes using adaptive attention
mechanism|[ J]. Transactions of the CSAE, 2023, 39(14): 173 —183. (in Chinese)
XU B, WANG W, GUO L, et al. CattleFaceNet: a cattle face identification approach based on RetinalFace and ArcFace loss
[J]. Computers and Electronics in Agriculture, 2022, 193, 106675.
SSEHFH UL Se W, Tz, 28, 3 T AR A% 1 2 S WL AN YOLO vSs B0 (4 11 2 I 38 4 00 75 %k [ ], 42l BL AR 2% 41k , 2023,
54(7): 313 -321.
GUO Yangyang, HONG Wenhao, DING Yi, et al. Goat face detection method by combining coordinate attention mechanism
and YOLO v5s model [ J]. Transactions of the Chinese Society for Agricultural Machinery,2023,54 (7): 313 - 321. (in
Chinese)
KWW, EEH, DER, % HT SimCC — ShuffleNetV2 5 1 b 475 4 S 8 2 & I 7 1% [T, Rk AL 2% 2, 2023,
54(10); 275 - 281,363.
SONG Huaibo, HUA Zhixin, MA Baoling, et al. Lightweight keypoint detection method of dairy cow based on SimCC —
ShuffleNetV2[ J ]. Transactions of the Chinese Society for Agricultural Machinery, 2023,54 (10): 275 - 281,363. (in
Chinese )
LI X, SUN K, FAN H, et al. Real-time cattle pose estimation based on improved RTMPose[ J]. Agriculture,2023,13(10) :
1938.
BRI IR AR ARV, ARG T S B0 AN T P A I DG B SR Uy vk [T Rl TR A4 ,2023,39(12) ¢
141 - 149.
HUANG Zhijie, XU Aijun, ZHOU Suyin, et al. Keypoint detection method for pig face fusing reparameterization and attention
mechanisms[ J]. Transactions of the CSAE,2023,39(12): 141 - 149. (in Chinese)
FENG Z H, KITTLER J, AWAIS M, et al. Wing loss for robust facial landmark localisation with convolutional neural networks
[ C] //1EEE Conference on Computer Vision and Pattern Recognition, 2018 ; 2235 —2245.
(T# % 102 7T)



102 YA T A 2024 4
of the IEEE Conference on Computer Vision and Pattern Recognition, 2016 2818 —2826.

[23] GE W. Deep metric learning with hierarchical triplet loss[ C] // Proceedings of the European Conference on Computer Vision
(ECCV), 2018 269 —285.

[24] ®WER, BEE, TIH,5. T SE— UNet (94 /NERHE K BRI [T]. RO MMEHMR , 2022, 53(9): 189 - 196.
ZHAO Jinling, ZHAN Yuanyuan, WANG Juan, et al. SE —UNet-based extraction of winter planting areas[ J]. Transactions of
the Chinese Society for Agricultural Machinery, 2022, 53(9);: 189 —196. (in Chinese)

[25] VRS, RBT , R/MR. G55 1R A M A i BURE A I A T I 46 [ 7] b B 181 5 B 42 4 ,2020,25(7) - 1408 - 1420.
WANG Yahang, SONG Xiaoning, WU Xiaojun. Two-stream face spoofing detection network combined with hybrid pooling[ J].
Journal of Image and Graphics, 2020,25(7) :1408 — 1420. (in Chinese)

[26] JAYARAJ R, LOKESH S. Automatic image annotation using adaptive convolutional deep learning model [ J]. Intelligent
Automation & Soft Computing, 2023, 36(1) . 481 —497.

[27] PENG S, HUANG H, CHEN W, et al. More trainable inception-ResNet for face recognition[ J]. Neurocomputing, 2020,
411: 9 -19.

[28] MANDAL B, OKEUKWU A, THEIS Y. Masked face recognition using Resnet —50[ J]. arXiv Preprint, arXiv:2104.08997,
2021.

[29] skeng, JFIE, ZKME, 5. 55T U MobileFaceNet () £ J 750 77 1: [ T]. AL HLAZ R, 2022, 53(5) : 267 -274.

ZHANG Hongming, ZHOU Lixiang, LI Yongheng, et al. Sheep face recognition method based on improved MobileFaceNet
[J]. Transactions of the Chinese Society for Agricultural Machinery,2022, 53(5): 267 —274. (in Chinese)

(E#E 2 T)

[21]
[22]
(23]
(24]

[25]

[31]
[32]
[33]

[34]

LIN T Y, MAIRE M, BELONGIE S, et al. Microsoft COCO: common objects in context[ C] //13th European Conference.
Springer International Publishing, 2014, 740 - 755.

LI H, KADAV A, DURDANOVIC I, et al. Pruning filters for efficient convnets[ C] // 5th International Conference on
Learning Representations, 2017 ; 149804.

YANG L, XU X, ZHAO J, et al. Fusion of RetinaFace and improved FaceNet for individual cow identification in natural
scenes[ J/OL]. Information Processing in Agriculture,2023. http; // doi. org/10. 1016/j. inpa. 2023. 09. 001.

HE K, ZHANG X, REN S, et al. Spatial pyramid pooling in deep convolutional networks for visual recognition[ J]. TEEE
Transactions on Pattern Analysis and Machine Intelligence 2015, 37(9) : 1904 - 1916.

LIU W, LIAO S, REN W, et al. High-level semantic feature detection; a new perspective for pedestrian detection[ C] //
IEEE/CVF Conference on Computer Vision and Pattern Recognition,2019; 5187 - 5196.

ZHENG Zhaohui, WANG Ping, LIU Wei, et al. Distance — loU loss; faster and better learning for bounding box regression
[ C]//34th AAAI Conference on Artificial Intelligence, 2020 12993 - 13000.

EEW,EER, RS T =B Android T Hlom AN B SL Al i+ R [T]. HHPL T ,2015,35(8) -
2321 -2326.

WANG Haipeng, WANG Zhengliang, XU Weiwei, et al. Real-time face pose estimation system based on 3D face model on
Android mobile platform[ J]. Journal of Computer Applications,2015,35(8) : 2321 —2326. (in Chinese)
BRBLTT AR 2L, G 58, 4. TR A it kU0 Ak 1 SR A AL 28 AARBLAR 2 J7 ik [T]. Rl ALA A% 4k ,2019,50(1) : 23 - 34.
CHEN Keyin, ZOU Xiangjun, GUAN Zhuohuai, et al. Camera calibration method of picking robot based on shuffled frog
leaping optimization[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2019,50(1) : 23 —34. (in Chinese)
HAN K, WANG Y, TIAN Q, et al. Ghostnet: more features from cheap operations[ C] //IEEE/CVF Conference on Computer
Vision and Pattern Recognition,2020; 1580 - 1589.

LIU Z,LI J, SHEN Z, et al. Learning efficient convolutional networks through network slimming[ C] //16th IEEE International
Conference on Computer Vision, 2017 2736 —2744.

LEE J,PARK S,MO S, et al. Layer-adaptive sparsity for the magnitude-based pruning[ J]. arXiv Preprint arXiv:2010.07611,
2020.

MITTAL D, BHARDWAJ S, KHAPRA M M, et al. Recovering from random pruning: on the plasticity of deep convolutional
neural networks[ C] /IEEE Winter Conference on Applications of Computer Vision (WACV). IEEE, 2018 848 - 857.

FU R, HU Q, DONG X, et al. Axiom-based grad-cam: towards accurate visualization and explanation of CNNS[J]. arXiv
Preprint arXiv;2008.02312,2020.

B E R, A, A TR AT I R E AR M S R E Z B AR [T]. S B 5 4 ik, 2022,
34(3) . 1614 - 1622.

YANG Hui, ZHANG Siyuan, PENG Rong, et al. Research on developmental regularity of ruminating behavior in Holstein
calves and its correlation with feed intake [ J]. Chinese Journal of Animal Nutrition, 2022, 34 (3): 1614 - 1622. (in
Chinese)

GRELET C, DRIES V V, LEBLOIS J, et al. Identification of chronic stress biomarkers in dairy cows[J]. Animal,2022,
16(5) ; 100502.



