FEaE B2
2025 & 6 H

Kok TR R

Transactions of the Chinese Society of Agricultural Engineering

Vol.4l No.12
June 2025

E T 243t YOLOvS8n-Pose BYE R FE =R T AR A A%

R, N FE Y, EREt, EERSH

S AERNE R AE B AR SHOR R, R5E 0710005 2. FALBAFBMEEAR AR TALBER, RTE 0710005 3. dbA ALK

R S SEE, RE 071000; 4. JTdbARML K SEF B 2 e/ B BE 2 B, AR E 071000)

WOE. FRAREHOLT, AZIRDE R BT AR B R I AR e B I BN A 7 Sl T R 2 g R
PR A 2RS0T R ST BRI o ST 002 H = BAS AT N RRE 1 8 FE AR AL DL B 2 RAE P IR S P R e B Ok BB 461
A RTINS, ZHF 7R T — Mt YOLOvSn-Pose < s A6 M AL 5 BP #4848 40 45 & 110 2E W Bl 7= 347 iR
W B, NIRRT SRR, B P2 AR, BN SRR N R B R (O AR AE 1, AR AT NI R
BB ER MR R R, S E AR RS IERE M, 5N 2 REER HEER (multi-scale attention
block, MAB), ULBZSAEMLHI SRR NT 42 5 5 B SRR IE 1022 B RE ), IR FHE R R R IRIE T 1R fi P Rz AL
. MAh, ZEIBASHEBRASBERBRAE, AT L1 ERBTEER, SIS R BT S8R % 5 T &
Bk, BEAMRE Tt EE LS, MET mtE SHRA RN T )5, T ok AR SRR 12 A G Ak AR
SRJE, BESANAE. 2 0SS B LRSS AR AN, WA 32 MTONKRIE R R 2 4R,
B HAR N NAE S BP M MG RETE R BT A2, RIGERERW, FEEE B UHESE L, SEm
YOLOv8n-Pose H5 UKl 2 W 564 55 850 R AR R SF 296 B2 6 mAPS0 42T+ 4.6 N 20 /5, mAP50:95 171 6.7 M4 si. BP
LS8 ) 2 R R AT AT 4025, o F1 A B0A S 95.7%. T 77 25 506 0F 35 T 6 58 s (0 AR 1) 5 R 78 55 20 1 L P2 AT
R RE B RRS, NEBOLE RS B A SR R

E4RIR: 47H9R5); YOLOv8n-Pose; %4k E4eml; [ =H; BP V4 M4

doi: 10.11975/j.issn.1002-6819.202412223
FESES: SI126 EFRERE: A

NVERE, PNE, T, FET G YOLOvSn-Pose B9FRE~HITARAITGEN]. R TIEFIR, 2025, 41(12): 258-
268. doi: 10.11975/j.issn.1002-6819.202412223 http://www.tcsae.org

SUN Sihan, SUN Xiaohua, WANG Chao, et al. Sheep peripartum behavior recognition method based on improved YOLOv8n-
pose[J]. Transactions of the Chinese Society of Agricultural Engineering (Transactions of the CSAE), 2025, 41(12): 258-268. (in

NEHS: 1002-6819(2025)-12-0258-11

Chinese with English abstract)

0 3| &

EAE P EARN A SR AL, R X AT
SORE, R R R AU A s AL oy . 1R 3R
FEARE R, B SAT O B A M 0T R v S ) BTE AL
SOPVRE (R B R a0 2 R B AR, BUAT I M T 5 72
LT N TSR A At AR HARD Y N5 R
H, ERCERART B DL I 4028 755 3 1 S
AT REXT 2 RS ™ R, B oL AR R R B
SRARTT TSI B S A, (H N I AR R AR R B
W BARWEENEE (WA B . Ak S B2
DL R VAR RE S A R A ) T Bk, e . K
I AR HLJE Bt R 3 R B AT 0, o2
I 2 R 7 b A5 g e £ O ]

BEE TH AL SRR B 2 ST R e, kT ALt

R H I 2024-12-30  fEITHE:  2025-03-16

FEETH: WAL SR TR (22327403D): b AR AR MLk
FORAR Z L A HIBA & 1% 40 H (HBCT2024250204)

e INERE, BT N RE . BRALEE.

Email: 1401145967@qq.com

MOBAEIER: TR, M4, @R, W05 o KEERE o i 59298 s
BAFeLAbFE . Email: xxwfsh@hebau.edu.cn

doi: 10.11975/j.issn.1002-6819.202412223

http://www.tcsae.org

FEAE RIS AT J R I E R —Fh AR A=, A3k & WF
R T B, A 2 R SR N P A R i
7 AR By N T R BB R A AN R T S B SRR A
S 3 T R I 1 R 500 7 9 s A PR 45 oA
H AR DX SR X S5 A SRR, P 2R TAE Gl 8 2 5
BRI JE 5 S SR AT AT AN SR, % T T
T MR K PG A B BB AR 2 LUK 1, TR
B AT N ANFRALAT N B 35 PR AT, 36 S A R AIE
(19 7 3030 DR A AL B 2R ), R TR T M A
FAT NIk, AT R R EE IR SR R A O
RS

FE 3T AR UG AR AR 5 9crp, 86 T s K-
means 5 28 BRI 8 E U AR E ek S . BNEL ATAE
1Th, RBIRLHE 85%, NMCEE M T AR .
#5435k I H SEDenseNet 18 51405 11 2 (3 37, . PUER I
HEAT N, PR EIE 89.2%. JIANG 250 i i pi sk
(1] YOLOv4 ARG 2 R oK. i sh FAEE 3T
N, ARBIED RN 97.87%. 98.27%. 96.86% Fl 96.92%,
NBEFEME B AT N IRBIRAE T RO . BHEERN Y SR &
H#E YOLOVS AR W AAT &« ubar. Sk dE A
IKARIEAIZHAT N, RAEREIL 98.17%, F i E


https://doi.org/10.11975/j.issn.1002-6819.202412223
https://doi.org/10.11975/j.issn.1002-6819.202412223
https://doi.org/10.11975/j.issn.1002-6819.202412223
https://doi.org/10.11975/j.issn.1002-6819.202412223
https://doi.org/10.11975/j.issn.1002-6819.202412223
https://doi.org/10.11975/j.issn.1002-6819.202412223
http://www.tcsae.org
https://doi.org/10.11975/j.issn.1002-6819.202412223
https://doi.org/10.11975/j.issn.1002-6819.202412223
https://doi.org/10.11975/j.issn.1002-6819.202412223
http://www.tcsae.org
mailto:1401145967@qq.com
mailto:xxwfsh@hebau.edu.cn

12 1

FNEMS LS, T o YOLOvS8n-Pose [192F H Rl = BA4T J9 iR ) 7 v 259
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F et () YOLOVSn #5581 1R 5 <8 92 4 2 30t £ . % Bap A
SENEAT N, PHIRE ik ) 95.8%. WU 25U il CNN-
LSTM M4 I W A4 koK« AT« s AR S AT R,
T 251 95.6%.

FEHE T S ARAE AR T ik R, FANG 260 i
DeepLabCut B 34T RIS LAt 1, I SCHE S B
MG, BT TOREHE . B 284 BRI K % 6 Pl
HESZHLRS HH AT NIRE R 2225 S5 RER, IREATH
(3 NS B e, IR 96.23%, T 4T 7 N5 AL PR R 4
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Fig.2 Diagram of different behaviors of sheep
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Fig.1 Sampling schematic diagram
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R R TE 43 W AN AR B P A OB AT NI FFIR L, S
AR SRR SE AR 12 SR AL
122 HIEEIFERR S

TESERCE 3BT G, (8] Labelme #4FX B A 1
R e O TR bR E, Wi 3 RS TR
PLH 5 B NN SE TR 3047 2 Rbr e, WiEREN

“sheep” , 124> K H £ % “ head” « “ Body0” .
“Bodyl”  “ Fl leg0” . “ Fl legl” « *“ Fr_leg0” .
“Fr_ legl” « “ bl legd” . “bl legl” . “br_legd” .

“br_legl” . “lamb” [RIFAK AT AR o
FRiFTE G, B0 DL JSON # SUARAFE - i 2 B Y
MIIZRTE SR, FRiE a8 8 i A e 4y TXT # =
PRSP, A TXT SO H AR 300 1D, 145t

HE BR) H o SR AR 0 A 1) 9 FEE T R B, DA R O o
NIt 3 HE 21 1 e S A A AT DL B R . DR AT I T DL R
HRUEERID, 03RRI AT, 1 3RR o8 s bl
WP, 2 FoR KBS WL H TGP . ek, bRy ocst
AR 30005k, HA @ raEs 4325k, EEES
400 5k BUEMEZS 524 5K PRRTEL 624 5K M IRESS
562 k. FRERED 458 9Kk, M THFAME AL RAE
FEAT N, WSS BESHEFERERZ, BT
BEEE IR AR BREAFTEA T, H R85 5 Hh i 2 Fn
ST FEA SR B L2 o B ARAR AL I 25 1 78 20 P D
MR A RO, BB+ 7:3 1 Lo Rl 2 el 2 S D
WA, DAIRBEFE 2 VI Z5FE A I 08 B 0 & 1) DUl A A
Tff AR 2 1k RE VAN A v M S T S . BUR AR B R AR
WK 3 FioR.
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Skeleton design
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Attitude estimation annotation

VE: G5 1~11 0 50akE0. SUR. B, WA R BURCE. RUBCA R MR B SRS RN AR ARG IR R .
Note: Numbers 1 to 11 refer to the head, neck, buttocks, left forelimb joint, left forelimb hoof, right forelimb joint, right forelimb hoof, left hindlimb joint, left hindlimb

hoof, right hindlimb joint, and right hindlimb hoof.
B3

B EME AR

Fig.3 Dataset construction flowchart
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2.1 XBELREEITE

TEE RS, OB R AU — UG .
A RECE R OCHE A, ATIRECE AT NS YA SR [ 5S4
BRESER, AT R R, hERE
gk i M 0 A0 A P AR D OB SRR MR
St EREE S NEJER L (bottom-up) F1H [~
(top-down) W T5iE. HIKIA b7k e ek il B g
(TG DB A, R Ik B P (L XS 5 B S B 1)
HIRAERP), 2R AT SR 2 B AR RS
TR R R, [H %) 52 BE PR OB S S B 52 . 1)
BT m F 5 a2 s B bR il s A B bR IX I, AR
JEAEAEAN H AR X Sk R AT S8 R0 BT ik
HAT HAR X3y ), FRAK TR SRR R, [RIILTE
B HARED B S S S ST RR M E AR, BT
TR E 1B A 9 H PR B D H A3 A5 AR 4 B R s, AT
%t % F E TiL[E] R ) YOLOv8n-Pose 77 72 %} 2 Hi#k 47 2D
BT
2.1.1 YOLOv8n-Pose #2%! % it & 34

YOLOv8n-Pose #& 7E YOLOV8 H Fr k6 Il HE 42 Fe ik -
PR B B A Al T v, AU BEEE SEI H AR ks

I, I A% TR SR A B AR BT, R 3 B AN
g C(Input) « FF M4 (Backbone) . i (Neck)
Sk#E (Head) DYHB/r4HAL. JRUAHT YOLOvV8n-Pose 17!
T AR 17 AR AT, B T =
B 12 AN OEE R, PRI A 1) YOLOv8n-Pose A A 34T
= Gk DUE AR SO . AR, WD P2 A=
CILIEL 4 A1) DLSE sa AR 28 Sof /s FROBE DG B rt AR REAIE $2 X
Ae77, MNIMERFEXS 2 RN RO SCEE S R ARG B . IR,
FER M ZE /T 5N MAB 2 RJZEE = RS (WE 4
*2), IR OCHE A X IR R AL, SRR A B
Yo O SR HER M. B, N R BRI
KB & EREE TR, RHET L1 W igsds
B BRI 4 =3), BRI S &,
PRAS I RS B2 1A At b 3 PR S R B Wt 5 )
W 4 fir %N YOLOv8n-P2-MAB-L1-Pose ( YOLOvSn-
PML-Pose) 8 f RGN W0 4%, c50dh f 8 A X 28 A 72 ol
Kl 4 B,
2.12 3ghe P2 A B

YOLOV8n-Pose 1R H T HFE 4 7 M4 (feature
pyramid networks, FPN) £5#44), DU 58060 A 6] )RUBE H AR
Kl fig #3252, FPN I 5] N2 /0 MR, KGR
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REAE B A5 B S R R AE B P RS SUfE B AT R
G, ARSEGRT HAREEUR AR LB R 1 10 7, A
MR T 7 AR 22 ROBE H Al b i RERY . 78 RGN
YOLOv8n-Pose 5 4! /1, 45l |2 6. 4% P3. P4 f1 P5, 4}
ST AR AE B R ST (80%80). (40%40) AT (20x20) 14 % .
SR, 7E2F R OCHE SR AT 459, B T2 ROGHE g
KA N, BIRZNRHEEE RS TR S ER
HERATEE, FEOCH SUE A AR 58 4 B0

3F #0it YOLOvSn-Pose ) ¥ FL 38 AR I
Sheep Keypoint Detection Based on Improved YOLOv8n-Pose

FTTZ%Backbone i Neck K Head
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PR
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YOLOVSn-PML-
Poselj LIS

WABEE O BNERAET e R WABRE  BNERAET e SRR

= ) o

FTLIEHORE BT
L1 Norm-Based Channel Pruning

T *1OA P2 KMEMEEL, *2 0 MAB £ RS A E, *3 8 L1 JE%
I B 70, CBS NB bR+ R B, C2f 95 W BURFAL Al & B
B, SPFF JNy73 ) & 7 B (b Ak, Concat i@ 1 O N 1 RFAE R & 77 20,
Upsample A L REEBEEL, MAB A% REEVER SR, P ARERIR,
Cyy NWHINBIEH, Cp)l AE 1 JZ 5 FEIE S

Note: * 1 is the P2 detection layer module, * 2 is the MAB multi-scale attention
module, * 3 is the L1 norm channel pruning method; CBS stands for convolution
+ batch normalization + activation function, C2f is the cross-stage feature fusion
module, SPFF denotes the spatial pyramid pooling module, Concat represents
the feature fusion method by channel concatenation, Upsample refers to the
upsampling module, MAB is the Multi-scale attention block, P indicates the
feature map size, C,, signifies the input channel count, C.,1 represents the
output channel number of the (i+1)th layer.

B 4 YOLOvV8n-PML-Pose %4
Fig4 YOLOv8n-PML-Pose structure diagram

EEXFIX — 7] @, AW FEAE YOLOvSn-Pose 1574 HH BT

BT P2 EIZE, FHEEIRS N (160x160) 53, UG
BRI P3. P4, PSREINEBRAEmMSHEE, WHE S
B EE4E P2 EME 0 R4 E B S mE R E
MG XAE R, BEARLTE ST /N ROBE S8 i R RS B2 1 [ B
Hum 7R RAT I PERE. P4k T 54 YOLOV8n-Pose 7
K HER AR A RE 7= A 0 R BEME B R R @, N
ST AR B AR v A Ay SRR A T S
4

W COEFMIS 4 RO RHE EIEIE S, Conv NEURIE.
Note: C represents the number of original feature map channels output by the
backbone network, Conv denotes the convolution operation.

B5 HfEeFHRER
Fig.5 Schematic of the feature pyramid principle

2.13 3IAMAB % RJLiz & A4k

FRAEFEREE S, AT RRZ KETRHNE, 55
JEHE AR — P R T RHIEE B E R =T, &
HE RGBT B O 2 R b
fEo NI —in @, AHFFAE YOLOvV8n-Pose 17
FIANT MAB £ REEER R, W& 6 fis. MAB
Pusit 456 2 RE K ERE S (multi-scale large kernel
attention, MLKA) 5 [ 748 75 [A] V£ & #. 70 ( gated spatial
attention unit, GSAU) , LI T 475 B/ LEE B &
MG, MR TR ORI R T S T
E R, fE MLKA B, it o i Kz &R (large
kernel attention, LKA) VK E KR, FH4EE
AL XS B N RRAE 20 2 Ab 38, A2 RO VE R T E
X — BT AR AL AR BN AN [FRUFE R 401515 2 50 R 7
JCH AT 4475 5o 1) H AR R I 58 i s . a5l
ANBNAZE], BREZERE 7 RE STl R
N, IRBEBARE— 0 naE 7 H bR R 1, (1S
RIFEARD G HERN B2 % 15 550 1 RE A8 S DI vt B2 B H FRAFALE
%7V AT A RS 2 R AR PR A R T I 5T 2 S R ) R
P B UK B

M LN ARA—L, PWConv JE H 54, Split ARHE/N ], LKA, AKX
MIEE NG, G, R RS i AN TR

Note: LN denotes layer normalization, PWConv represents pointwise
convolution, Split indicates feature splitting, LKA, stands for the large kernel
attention mechanism, and G; refers to the i-th gating function generated by
depthwise convolution.

B 6 MAB % REEE Ak
Fig.6 MAB multi-scale attention module

2.1.4 AT L1 EHBHE AL

PR R AT RS, S P & T
WA RIC Rl BEE R AR BERG N, T 2%
FEFNZHA7 s e SR W 3B 3G K, SO Y ) A7 i A B
BE S T e RO, 1T K B AR R A 2 S 8t
HRFART, &R R IR E I & b S S ab 2
SEIAT R ) 1) SIS 1 RORS

BEx bR e e, ABFFLGIN T EE T L1 G IE B
BHOR, DA RO T AR R m R . HE T L1
YO R B 7 V2 ok B AL /0N P A AR A S X R )
AR, B T IURUEE S EE, TS (1) e
EFINE . W 7 Fros, ERRERONGEE Ay, 55
B3l R w R b R E B xS F e AN JE SR IEAT B AR
FEAS LIRS AU L1 YT kA B ARG AR
TUBARESE, @ L1 YEBOHEATHET, R I BR A 8
N A S 0T I AR P BT R BCRE m AR T
frizsT bl e, H-5 88T BCRAE B ERZ G AW
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SRR AnE TR IROE D R . SERETEE, B
REHENFRINGRIN BE, DAPR S AE S5 n AT 55 Hh HORE JEE
WX A, BRI RE AT RO T, L RE
B DR AE BLIR A PR I 46 B R0 AT, AT SR SEI HL g
R R AT I S B

w;

Filters

x+2

e b R, w N, x ONRHER], g N NETE.
Note: A, represents the height, w, represents the width, x; represents the feature
map, n, represents the input channel.

B 7 AT LTyt
Fig.7 Pruning process based on L1 norm

22 XEFEMES

£ A BT IR B, IR SAT IR T %
A T 5 m o R A s . BRI,
AFAT RS T, RYMEAAERZEZR, RN KA
AR RE R BB DA R S B e PR A Bt g AT 9 40l i
LT AR . Rk, AT U 3 1 OB AE R &R LA
KA LN, (R DL AR o B e S il
ARG . AFEATNEESRERWIE 8 fras. fEuiir
i, E RS R E A B, DUBCE ST, AR S
(RO fl FERRAT 180°. WA TR, “F N MRS 53,
BARMKOARE S, (3 RERE A M Ea . EPEMRES
T FRRMHE DR i, Sk RaL i, 2
L. UATEH SPEMALL, HIFRERMEIRS, T
R AR ER R, BRI RKNA LS. %S
BEPEIXAET FERHI. BT A Sz a2k,
VU BT PR ARl SRS s B3 SR ) R I 3 2%

SRS P RAE 2 BB BB L O RRE .
T 2.0 P B RR B R B R AR R E R, AT L A
ERATEA RN A, BRI ENX (D Pos

(0 =x1) (3 =x%) + (2= y1) (3 —¥2)

\/(xz—x1)2+(}’2_)’1)2' \/(x3 —x2)2+()’3 _)’2)2
(1

6 = arccos

HA (xny1)s (%23,), (x3,y3) 70 AARER 3 A S8 A 10 2
bR, O HIX 3 A R I EL (°)o NFRIRE S8 MR
A T G N0 AL R A5 JEL SR SR T SN AR 22, BEE BIAH
AL RO A LR 3 A SR8 b A 0 PR R RS IIRS PR
T 0.5, WPRHZSA B E V-1, PREHEJERL

head

br_leg0

br_legl bl_legl Frlegl p_jeg1 br_legl bl legl Fr_legl FI_legl br_legl
a. L b. Mz & c. YUk
a.Stand b. Eat c. Down

Body! Body0

amb® Bodyl ~ Body0
am|
Fr_legOAAF eg0

br leg0

Fr

Fl_leg0
legl Fr_leg0

°
br_legl bl legl br legl bl legl br legl bl egiFr_legl FI_leg1 ™
d. 7=HT e. Mk £, WK
d. Work e. Produce f. Lick

B8 FTRLESTEH
Fig.8 Diagram of different postures

D HE— 0 b 78 R A RE R RE 52 4 R L A AE B
AWFFCEE SR ATEET A Sk A AT 4
REE RN, A SRR B B o X 2 B B RF AR
BERE A RGRAEE R S R A B AR, JCHAEIX 7“3
SLT 5 MR AT N B E AR . R o Sk
o DR A8 AR O R 45 B R R U A 4 il R, ASHIT T G it
B ER A AT WA AR G 2 (RIS B AN 3
TR AR R SR A AR D REE 1, SIE 0.
R—RHEEX 7 W 5 P AT AR I E

NSE BV SR AEAEAT 70 KR I BTk, AW FTxT
FAT IR T B RHE BT S8, IR 2 7
B DR SRR N B AR AT R N A &, &
2t [ )9 2 Kb E AR IE IR R . R 1 R TR A
B REXH AL AR S8 R A B AN RAT RS T
P o3 A S RS ML 73 e 0 o

® 1 FHEFHERNES R

Table 1 Average angles and weight assignment table

FRHESAY FRIE AR 3L Nz ey FNEIN FER 53U IR B
Feature type Feature Name Stand Eat Down Work Produce Lick Weight

Angle0 129.5 144.6 151.8 129.2 137.8 123.1 -0.17

e o Anglel 156.4 167.5 33.7 54.1 94.6 117.7 0.25

Jo?ftzngljm Angle2 156.6 164.8 37.9 51.1 80.6 163.1 -0.09

Angle3 139.1 156.7 41.8 137.5 158.9 138.2 0.23

Angle4 133.1 154.7 42.1 154.3 156.4 126.7 0.26

AEXA B Sk —A5 AT B RE 25 120.3 85.2 135.7 130.5 145.8 90.1 0.15

Relative position/pixel Sk i G B S 125.6 87.7 128.5 132.4 143.7 88.7 0.18

e
KRB R A B 1 1 9 9 10 12 0.10

Number of key points
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#1858 58, Anglel. Angle3 F1 Angled [ 1E [ #L
HRPEAVEAT AH R RS T & W IErRAEH, m
Angle0 5 Angle2 14t [m B N $2 75 HoTBRER 555 AHXY
BB RHIE S 3 26O AR E MR e By, 2P
Ak 7 EAHEAT AR R O EH, AB TR TEI R
BRI [X 53 Be S A AR T RE
2.3 BP HERKHLFE

FE S8R R OB SR I 5 OC i M FETH LE i@ ok
HEABER . ST L. OB AR AL E L O R
BON = FAT AT 0 28 %9 AT R RHIE S 50K
JURETET, BAE 12 AN RBE ARV AR . 5 AN BRI A
FEL 2 0F e SO B AT 1 A s SR AN, St
2 ARHES . N T i R R B AN O SR FE AR A
TRk, AWFTTIE BP M4 MZAE N ZE RAT AR 2 kst
R HA KWW 9 fin. B, MlEEikaRE
M B AR Btja, FIHEGER) YOLOV8n-PML-Pose
BAOG BUR AT LA TE,  PRICGE R 12 A8 r AL bR,
FFFER IE SR AR OB s T OB m A AR ) OGS R
TR &, TERAT IR AR /5, KA BP #f
LML EAT I8, HRMANZEE 32 MPETT, 73 lnt
2 AMFHES S I e AR, LA R 2]
HWUANFAT AR U R, B v th AT 7 2845

B wJ ;VV @ — @

KEERHERIE

[ |
BPHIZE [ %% | |

|

‘ Stand [ ‘
St 17 50 | Pl | :

Work |- ﬁ

‘Producc * ‘

‘ Liuck ) ‘

\ 1 2 3 4 5 6 Pictures |

e XN, WOSBUERERE, Y A .

Note: Xis the input vector, /¥ is the weight matrix, and Y is the output vector.

B9 ATArRAfRH
Fig.9 Flow chart of the behavioral classification

3 HRE55H

3.1 NEGHERE

ARG b B R s AT # S AR A — IR S5 4% 1, IR
K EmME 2 Fran. WEINGIEREY (epochs) H
300, ALY KB LR (batch size) H 16, ¥4
1% (Ir0) 4 0.01, 3ERF T (momentum) /4y 0.937, ik

KerpJT R T Mosaic BUEIGIREIA, LAE R NI ZREE
R, RIMERFZ A hE

*2 BBFMESETITHE

Table 2 Server configuration and operating environment

T ACE BT fgRA
Hardware Configuration Run package Version
oS Windows10 Python 3.10
CPU Intel(R)Core(TM)i9-13900K PyTorch 2.0.1
GPU NVIDIA GeForce RTX3090 Cuda 11.6

3.2 KBS IERR

KR EFAEE (Precision, P). A FZE (Recall,
R) . mAP50 Al mAP50:95 1E g ¢ it pii Ao I 455 284 (1) = 22
PR bR . KB S W Tio & S A IEREAR I HER s B
2 ) 457 B 2 o TR AR AS ol IE AR ) T P, mAPS0
NRBE S AL Cobject keypoint similarity, OKS) B1{E
[l 524 0.5 B P35 46 B, mAP50:95 K 7n OKS B {E M
0.5~0.95 (EK K 0.05) JolHE AR A, Hd OKS
SEALE COCO L flivhHkik e 42 th iy, T & i 53
AR5 LS AR AR Z A AR ABLRE s 2R T EH AR RS I (1)
LI (I0U). OKS it A

d

Ziexp(— 2;2,'5)‘5(” > 0)
>.6(v; > 0)
Hv g n] Wik brid, HAER OB RRAT I, EHR1
RN B RY, (EN 2 SRR T Mo O7E 25 R ST A
1 (vi>0), BN, sRRNEMBGERER, dFRE
WSS § AN B 5 H bR B OCEE R B PR S, K,
R i H— R T

2 OKS KT4 5 RE TH, #illgs B ERHYE,
BT b wl LAUH A P 3 RS B (average precision,  AP),
X E I 2 A BE RS 2 24 AP 4T 286 B3,
8054y mAP.

Ak, VR OB SR I P RE, KR e R
(floating point operations, FLOPs) 5Z%{& (parameters)
VB N B 7 B TR AR BTN DY, iz E
P E T RS ES B E R NI 4, ARG
XHTHE RS R RN, SR ERRBENHN S E,
JHE T E R R R A R .

3.3 1REIXSLE

TE2F BRI ) N A 3 50, A4 5 IE YOLOv8n-
Pose 7F 8 KT IS5 I PEREAR 35, AN FRAE R — ik
U63RES R, % SimCC. HRNet. HigherHRNet. YOLOv11s-
Pose 5 YOLOv8n-Pose J< i s 167 5y %) [7] — 0 ¥E 42 3
AT X REG. RIG 45 Rk 3 Fron . AT IINAS Bk,
YOLOv8n-Pose ] mAP50 f5 #5 b ik F 86.6%, AH K T
SimCC. HRNet. HigherHRNet 1 YOLOv11s-Pose 47 Jl)
BIFT 270 230 1.1 K 04N E S B MR J4 B A
T H AR M B, YOLOv8n-Pose [ & Bl & X N
3.09M, M I F SimCC. HRNet. HigherHRNet #ll
YOLOv11s-Pose 158 73 7l Jik /> T 24.45 . 60.51 . 25.51

OKS = (2
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M 632 M. VFEizHEN88G, LT HAEA S HIR
>89, 27, 39.1 Al 12.5G. &4 & 8 YOLOV8n-
Pose 1F S5 ARSI 55 A B4 Wi 35 0 vt 1k A A A S A
BRI

£33 ARERITELNIRER

Table 3 Comparative test results of different models

P SHR  IE

B RSB AEEZE mAPS0/ mAP50:95/ parafiis/ i %*‘ﬁ
0, 0,

Model P/% R/% % % M FLOPS/G
SImCC 867 836 839 478 28,54 173
HRNet 872 839 843 48.7 63.60 354

HigherHRNet 87.6  84.0 855 49.2 28.6 47.9

YOLOVIIs- oo 858 862 59.8 9.41 213
Pose

YOLOVEN- g07 881 866 50.4 3.09 8.8
Pose

VE: PR, R NG,
Note: P stands for precision, R stands for recall.
3.4 HERIRAIE

NIRAIE P2 K Z A MAB 22 R 2 J A B X 455 7Y
YOLOvS8n-Pose [ 5Tk, 7EEHE4E Lt TiEmitsg. £ 4
N YOLOv8n-Pose. P2 £l 2 il MAB £ & {4 & /1 4%
RMAFAEG T REENRGEER. k405, £
YOLOv8n-Pose 3 il P2 £l )%, 3 P. R. mAP50 Al
mAP50:95 73 HIHRTF 3.20 0.2, 1.2 M1 3.7 N . RE
SEREH, P2 AN E AR T R 0o s AR ESE . 5
AMAB Z REFER IS E, H P. R. mAP50 fl
mAP50:95 7» Bl TF 420 1.1, 38 F1 48 N 2 Ao 45
& P2 kil = AT MAB 2 RV & 775 H (1) 00U s gk, A
A B 4E P. R. mAP50 1 mAP50:95 | 7 5 % J& 44
YOLOvS8n-Pose &7+ 1 5.5, 2.0, 4.6 F1 7.0 N 4 Mo

4 HEARWER
Table 4 Ablation experiment results

R A
Pl%  RI%

YOLOv8n-Pose P2 MAB mAP50/% mAP50:95/%

v 887  88.1 6.6 50.4
v \ 919 883 87.8 54.1
R \ 929 892 90.4 55.2
R v Noo942 901 91.2 57.4

RNEEGE P2 K Z A MAB £ R B v 2 i Eu st
KA A M Re SR FHE T, SR 25 T80 FE AR B0
e 5 5 7% Caxiom-based grad-cam, XGradCAM) X} 2 H
S X AT R BT AT, il 10 B . TEIEH
)t & 4 £ F, YOLOv8n-Pose. YOLOV8n-P2-Pose I
YOLOvV8n-MAB-Pose ¥ REAEHf i & S B SRR, VER )
TR E LR SR, TERAISSEIEZAE T, YOLOvS8n-
Pose TR FRVE R I A BB, 0 S BEARRAE X 38 1) 9%
WA N, SIANP2RNESE, BT H@d s #
FRAFAEE R T 2 AR S B, RBAX/NEPR (
B MEM EARMNE. 5N MAB BHLUE, BT
AT, GRS R A R AR T R R X
B RIegE LKA, P2 IZEF MAB BLHUE 2 198 T
BEARUN SC B X S ) BN BE 7T, B 1 O AR B
PERUKS B2, A B TR ARUE B R IR ) n] SE A

IEHLIE
Normal lighting {2

LI

Low light

¢. YOLOv8n-
P2-Pose

d. YOLOv8n-
MAB-Pose

a. Original image Pose

B 10 #A4B Tt B

Fig.10 Comparative visualization of heatmaps

35 B
T VAR B fE R AR A RCR, ARFFUR A L
(layer-adaptive magnitude-based pruning) BYE;#EAT X} L,
L1 Y48y B I TH SO 2R BCE 1) L1 Yk, BT AL
AN RUZ R BRI . T Slim BY AL HE T4t
H—4k (BND 2 48 PR 7>k 4 e 1 ) s B2k, R
B 45 TR T K R 3B . Random B4 U)K FH BE ML 5 2
BB 24, Lamp BY A @ THH AN EH K Lamp
IE BB AT BUR R R .

F SR T A A BY &7 5 B X YOLOv8n-P2-MAB-
Pose f A A2 BEAL R AIXT L . L1 Y EET kL (037 s B
M244GE 170G, ZHEMN4TTMIFEZE 3.74M, 41
BB T 30.3% f121.6%; [FIRS, A7 mAPSO fRFFFE
N 91.2%.

Slim ( network slimming) . Random ! Lamp

x5 BENHMRIEER
Table 5 Lightweight ablation experiment results

T .
U HFLJOEP#S/E Pararjril&eirs/ TR AL mAPSO/ mlgg/s o
Model G M P/% R/% % %
YOLOV?(‘)'SZ ZMAB- o4y 477 942 901 912 574
YOLOV8n-P2-MAB-
o 17.0 374 941 896 912 571
YOLOV8n-P2-MAB-
v 18.8 512 939 882 907 569
YOLOV8n-P2-MAB- 395 937 881 903 567
Pose+Slim
YOLOVEn-P2-MAB- 4 ¢ 553 940 885 909  57.1
Pose+Lamp

Random B #; B AR /D TR iz HEBEMS K E, H
mAP50 FHELT L1 JE 28R N B 0.5 N 48 /(s Slim B
BREREN FRIEL, HIEEHRRRK, BT
L1 JE% 85 H mAPSO i N F% 0.9 AN E 4 ;s Lamp BY A K
FE R BRIE BN, (HA R BEIEE] L1 JEEBTA RS B ORRE
Ko IRIGLE R, L1 JuBET e & g b R B A,
RE S 70 0 2 08/ N TH 5 2 FE 1 TR mAPS0 %5 5 3 2 A5 7Y
BRI 4.6 NE D E, mAPS0:95 2 TF 6.7 NE M, &S
TER A2 RIS T E
3.6 TEIMETHMER

NIGAF B HERE R YOLOVSn-PML-Pose 15 5 24 H1 45 4%
PR B ek SR BE, ASBIFFTAE IEHOGIR . BOR LA
MR M 59608 4 B4R, XFEL 04T T B4R YOLOVSn-
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Pose T 5 Mt YOLOvV8n-PML-Pose 155 24 ) 46 Il 25 51 .
RIGLE Rk 11 fror.

IR GI
Normal £
lighting 4

B
Vague
lighting

50

Exposure

Low lighting

b. YOLOv8n-Pose c¢. YOLOv8n-

-Pose
a. Original image

e HEOHERIR O ST NES , AL OAER R R AR
Note: The yellow box indicates the predicted offset of key points, and the red
box indicates the missed detection of key points.

B 11 RERFTFARR
Fig.11 Detection results in different environments
FEIEH GRS T, XL 11 i b # e mTRUR I,
J54f YOLOv8n-Pose #8452 1 SFU (4T LI SL 0, AEF
TS XS5 AF AR G B RE AL R R I R T e S
YOLOV8n-PML-Pose # Bl i L A6 B s kar AL B, A
RAETE T RBE RUE AL HERAVE . [RIINE,  HCFROIIAE 1) B A5

PR F P, B RAE 7R IR RO IR T
AEPLS

TERU IR AE R, JE IR 20 FIBOR R0 S 50K
G302 X SRR AR AL . I X EE I 11 b A e AR
B, TR AR U R 0 5 OC B R A7 AE B YR 1 e
RIS . 1 YOLOv8n-PML-Pose A& 73 i 3 4k 4 &
5 R E B HEBEE T, A R TR 5] R
TEE KW, iR T O S IR YRS P, 3R
i 1B E ARG R SR A T I B

TEME a2 T, WsRrOER S BE G EE
PeR4s, et w5 R AR S E s 18 AL AT
LRI 11 38 b A e mT %, JR4f YOLOvS8n-Pose F 7Y 7
e XA LT R E IR IS, R e R R N
TR, T2 1 YOLOv8n-PML-Pose A5 784 3 1ot 18 8 Xof
G DX R AE SR RE J7, T T ik g X R
PRI T OCRR AU TR 1, B S T R ] A R A

EFGEIEM T, HTHEEAR, K SE
(R i S 25 1 . BT LRI 11 ) b AT e T RL g
F|, JEUH YOLOv8n-Pose 15 8 7 W 5l B = 43 Wi AT NI,
FELE Z A R0 DR B AU A7 RS DA 2 26 S0 U A (1 3L
%, SEUTNFHER KA 8 . Mo 5 1 YOLOvSn-

PML-Pose F Y38 i 51 A K SR (KOG RHIE SRR 15 2 R
FEAS Rl E g, AL T oo SRS e AL, LR
AR RO A U A R E R TR SO
M T IR EEPEFI G E, BREE S WRAT NI SR B A
MR T HARREE

25 LIS 45 K W, YOLOv8n-PML-Pose £ 5 7 %
TG IR 2% A TN B R IS & 25 0 T Ji 4R YOLOv8n-Pose £
B, FRAREE AR T, FdE P2 A Z
MAB £ R E 77 L1 Yo 8y &7 55 6 Ve oot 1225 42
T TR SRR
3.7 1TAHIRRILR

AT 78R F 2502 ¥ YOLOv8n-PML-Pose 45 54 %6} 2
Bl P2 BRAT AT OB sk, S VRS R B iR OGS
Fr) ARG B G, BT RS S m AR R, it
SR BE . ARG B AU BURAE, A THRAEE RAEAN
[FEAT AR X —T59, ME T 3000 %
W5 6 FIAFEAT AFHES B EE, HdELL CSV 5
RAF. AT B AT PSR YERE, KA & 37238 I IE
(k-fold cross-validation) J5¥%, B LN kA1
£ =5, BRisFEHP—ANTEERNKRIESE, Hihr
LA RINGEE. RKUE BP #1148 W 48 75 1% AT 55 H 1) 1E H
PE, ARSCAEAR RIS SRR N KT, ST E 7 3R
7] & Al C support vector machine, SVM) . [ #l # #k
(random forest, RF) FIHK AT i 4Z %% (long short-term
memory, LSTM) &5/ RBA . £ 6 B/~ T & HALE
AT AR BIE S5 IS

F 6 ITHIRFIRENALER

Table 6 Behavioral recognition model test results

et il EEIEIES F1 /34 TS A
Model P/% R/% F1 score/% Calculation time/ms
SVM 91.0 89.5 90.2 5.4
RF 92.1 90.7 91.4 4.8
LST™M 95.6 94.3 94.9 12.5
BP 96.0 95.5 95.7 32

M 6 (REGEE AT LLE H, BP A MZELE 6 FiT
RN RAESS R T SVM. RF Al LSTM #5273,
Horp, 8T SVM Fl RF, BP #1Z& M4 F1 4> H4% 5
T55MA3A T . BN LSTM TR 75 B 5
R — @, Hl T AN T A ioeh s 8
1772, HB FRAEARRE R /0 K 4%, [FIR LSTM AT
HIFREOR, mE T BP Mm%, Rk, &% EN
KRG, MR A L SEmT VISR, BP #1425 75 A
FAT S5 SEBL T B AR ()P, I HH o R S B
%71,

4 & B

AHIEFCEE X 2 R P AT R R AR N R B
PREFAESEEUAS I B 2 6B 41 N R AE S 14 R B DA R
PR S 1 5 32 A T SR AR I, BB T —FP T
teidE YOLOv8n-Pose ¢ 8 sk Ml 15 71 5 BP #1425 AH
SEEHERRTTE . EELERIR.



266 flk TR (http:/www.tcsae.org)

2025 4F

1) SRR MERESE T Ao NRE B (s
B OBTAEREE) RRIETREUA B SRS SO 2 iR 4%
A A PR X ) 170 A, ASHIF ST AE YOLOvSn-Pose #5724
FINT P2 AL E DA 5 5 7 W R AR AE SR L RE 0, I
G MAB £ R 7 = ) BEHE s e &2 4 6 B 264 T 1R
TEE M. I RERY, I\ P2 &l Z M MAB £ 1
FEER A, SRS RMRERE . ARIER, PR
FE{E mAP50 F1 mAP50:90 73l $#& F+ T 5.5+ 2.0, 4.6 Al
7.0 NEAY AL, BEIGE 7B/ R H AR R RE
S ARG B AR E T

2) WA ST PR i 2 N R &
S MR R, AR SCHBIBRHEAT TR AL . I X
L1. Lamp. Random F1 Slim 8§ A% 5k LL 8, K ILK
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R B P BEAR AL T m AL REHEMI R SRR, Rk
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Sheep peripartum behavior recognition method based on improved
YOLOv8n-pose

SUN Sihan!, SUN Xiaohua? , WANG Chao'® , YUAN Wanzhe* , WANG Fushun'~*

(1. College of Information Science and Technology, Hebei Agricultural University, Baoding 071000, China; 2. Department of Digital
Transmit, Hebei Software Institute, Baoding 071000, China; 3. Hebei Key Laboratory of Agricultural Big Data, Baoding 071000, China;
4. College of Veterinary Medicine/Traditional Chinese Veterinary Medicine, Hebei Agricultural University, Baoding 071000, China)

Abstract: An accurate and rapid identification of sheep periparturient behaviors can often be required to prevent the potential
health risks and production abnormalities in modern animal husbandry. It is crucial to safeguard the ovine welfare for
reproductive efficiency, thus reducing neonatal lamb mortality. However, some challenges still remain in the accurate
recognition of the behavior during the periparturient period. Particularly, there is a high similarity between the behavioral traits
and environmental interferences, such as the complex illumination and cluttered backgrounds in sheep farming. In this study, an
advanced recognition was proposed to integrate an enhanced YOLOv8n-Pose key-point model with a backpropagation (BP)
neural network. Specifically, an additional P2 detection layer was incorporated into the network architecture, in order to
improve the precision of the key-point detection. The fine-grained and small-scale features were captured to accurately localize
the anatomical key points in the complex behavioral scenarios. The detection layer was added for a higher degree of spatial
resolution. Particularly, there were subtle movement variations in the periparturient sheep. Furthermore, a multi-scale attention
block (MAB) module was introduced into the framework, in order to mitigate the feature representation in dynamic
environments. A dynamic weighting module was employed to interactively learn the global and local spatial dependencies.
Consequently, the robustness and generalization performance of the improved model was achieved under heterogeneous
illumination. The MAB module effectively prioritized the most discriminative feature regions, thereby reducing the impact of
the background noise and occlusions commonly observed in practical farming environments. The L1-norm channel pruning
was systematically implemented to reduce the excessive parameters in the practical deployment constraints. The parameter
compression was effectively optimized to eliminate the redundancy in the refined model. An optimal combination was achieved
to balance computational efficiency and performance retention. The pruning was utilized to maintain the model integrity using
structured sparsity, in order to significantly reduce the computational overhead. The real-time livestock monitoring was realized
as suitable for edge computing. A multidimensional dataset of the behavioral feature was constructed to accurately extract the
12 key-point coordinates. Five joint angle parameters were integrated with two pairs of the key-point relative distance metrics,
and the key-point detection confidence scores. The dataset was obtained with a 32-dimension feature vector. These feature
representations were extracted to serve as the input into a BP neural network for the precise classification of the periparturient
behaviors. The BP neural network was trained using adaptive learning. The complex spatiotemporal dependencies were
effectively captured among the extracted features. The high classification accuracy was achieved after extraction. A series of
experiments were conducted to evaluate the performance of the improved model on a self-developed dataset of periparturient
sheep. The results demonstrated that the improved YOLOv8n-Pose model achieved a notable 4.6 percentage point increase in
the mean average precision (mAP50) and a 6.7 percentage point improvement in mAP50:95 for the key-point detection,
compared with the baseline architecture. Moreover, the BP neural network exhibited outstanding performance in the
classification. An Fl-score of 95.7% was obtained to distinguish the critical periparturient behaviors. The superior efficacy of
the key-point recognition was obtained to identify the periparturient behavior. Ultimately, the robust technical framework
greatly contributed to the intelligent livestock systems. Full automation and precision monitoring were enhanced in sheep
farming.

Keywords: Behavior recognition; YOLOv8n-Pose; keypoint detection; perinatal behavior; BP neural networkbehavior
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