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Abstract: The behavior of cattle can directly reflect their physiological and health status,and accurately identifying cattle
behavior in complex farming environments is crucial for achieving smart livestock farming. Existing cattle behavior
recognition methods are susceptible to noise and affected by cattle motion characteristics, resulting in insufficient
recognition accuracy in practical farming environments. To address these issues, this paper proposes a skeleton-based cattle
behavior recognition approach suitable for complex farming environments, which enhances the robustness of behavioral
features against complex background noise and occlusion, thereby improving recognition performance under practical
farming conditions. First, to address the insufficient utilization of low-resolution features in HRNet, this paper designs a
Multi-scale Feature Fusion (MSFF) module, which enhances the multi-scale representation capability of HRNet and
improves the accuracy of cattle skeleton feature extraction under complex backgrounds. Second, considering the relatively
slow movement characteristics of cattle, a three-dimensional heatmap volume (3D heatmap volume) is constructed as input
to reduce noise interference while preserving global dynamic features. Finally, aiming at the inter-class similarity of cattle
behaviors, an Inter-frame Motion Excitation (IME) module is introduced into the residual layers of the PoseConv3D
behavior recognition network, enhancing the discriminative features of different behaviors and improving the distinction

capability of inter-class similar cattle behaviors. The experimental results show that the designed method achieves a
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performance of 92.3% (AP¥) and 93.9% (Topl acc) in skeleton feature extraction and behavior recognition tasks,

respectively, representing improvements of 0.8% and 4.7% compared to the original method, with an overall enhancement of

6.4%. The method proposed in this paper can more accurately extract skeleton features of cattle in complex farming

environments such as occlusion, and exhibits stronger discriminative capability for behavior feature extraction, providing an

effective solution for cattle behavior recognition in intelligent livestock farming.
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Fig. 2 Dataset for cattle images in cattle farming environment
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Fig. 3 Cattle skeleton structure
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Fig. 4 Overall flowchart of skeleton-based cattle behavior recognition method
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FIRE TSy o 225 w2 1 507 20,
“F14 A [l % 15 {f (Mean Average Recall, mAR) N
OKS {4 0.5.0.55.0.6.0.65.0.7.0.75.0.8.0.85+
0.9.0.95 515 2| 5 AR P 39MHE

AR = ZT ®)
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R, class AR EE i AT N HTINAT 2
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Fig. 8 Skeletal keypoint detection effects in different conditions

B2, T4 LRI L 2%, JF Bk
PR IGATAEE B R I 00, I 1 — Ll 22 A1
o I FRICHE 255t R IFEAEAT ISR, 7T PA
HCE R AR o A, 75 SR 1) S AR AL )
oh, 45 S I A B 2R 5 R AR W RS2 N 6B
PRV o
332 FAARAMLER  PoseC3D-IME [¥] Topl_acc
N93.9%. T E MY R R AR SCAT R
BRG] 7 A AR ST AT RE VRSN Sk PO
RER T AL RE 9 Fis . SREHTE A

Y 4~ ks = 1Ky

\ V ’

()3 T AT iR AT LA S5 SR

(a) Visualization results of behavior recognition under close shot
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(b) Visualization results of behavior recognition under long shots
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Fig. 9 Visualization results of the behavior recognition
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Table 3 Comparison of different skeleton extraction

methods
HAY

Model mAP AP AP™ mAR
SHN' 70.3 90.5 53.7 71.6
ResNet"** 71.4 90.7 56.5 73.1
MobileNet"** 66.7 88.6 50.3 68.7
YOLO-Pose'*’ 70.1 88.7 55.0 74.5
HRNet""’ 73.5 91.5 58.6 76.2
MSFF-HRNet 75.6 9.3 68.5 79.7

EHTHEREFMERRIN. BEHMNWEK
MobileNet™ i TR H 75 % 1) REEHRAE, 240
AT HAh 25 25 R B AWK . YOLO-Pose™
VA S AR T — R B 7R SERR I AR
FEFE IR 2 i — SRR G I . AR,
MSFF-HRNet 7£ £ B 5 73 #F 2R ) [R5 7855
RE R B B 2 RE UEE. @it
5 73 ACRFAE BB Bl S WL S B E AR AE )2

SEPL T 2 (AIGH A 58 SRR SCRE RN, AT
T 5 7R AS[R)ROBE 2 A 50 B i IR WU 2 7 4
APm M 58.6% (HRNet) 42 Ft %2 68.5%, SLH | 5
e R () B RO R

334 TRAFHRANAL X E BT GON K
T3S AR B B s S RO, PR
N T2 T i BRI I S E RO E S . R T
Bk DL = g A B AT R AL N
R AE 1 PoseC3D-IME 1) 14 fig , A% 3C 5 PoseC3D
J7 15 L GCN 5 7% (ST-GCN, BlockGCN)
HEAT X LE sS85 R ANER 4 7R« PoseC3D-IME
L 93.9% (1) /= 4 i Z AL T ST-GCN. BlockGCN
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BEOCHBEE R P e P B G PR R S S B A M O
4T N A B KR AE , 1 PoseC3D-IME 7E ¥ #%
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Table 4 Comparison of different action recognition methods

Topl_acc /%

FT Mm% i A — — — ZHE/M
DA 11 3k PN FrA1TH FLOPs/G
Backbone network Input hormat Parameter/M
Standing ~ Walking  Lower head Turn head All behaviors

ST-GCN?! A S AR 88.8 86.1 87.5 82.1 86.4 3.1M 1.03G
BlockGCN™*! KA AR 92.0 90.1 88.5 85.4 90.2 1.3M 0.44G
PoseConv3D/*?! YRR A 94.4 91.7 90.6 85.7 90.9 0.52M 031G
PoseC3D-IME =k 94.4 94.4 93.8 92.9 93.9 0.54M 0.39G

3.3.5 THARSE IS AS/NYERS S A 1A ROk
AT T SEBSIGUE , 3 3 PFAl T MSFF A EL AT IME £
Ptk 2R AR AT AR B RE IR 5 o BAREA 48 b5

WIS PO » SR 45 RAR WY, 3K AP 2 ) A8
RIPEREAT B F IRTT . RRIRER — A A
R TRD (8 2 BRI 25 4 B E T I 45

£ 5 MSFF f1IME 89;ERE S016
Table 5 Ablation Studies on MSFF and IME

Topl_acc /%

D MSFF IME Sy ik (% GER AT
Standing Walking Lower head Turn head All behaviors

1 x x 90.0 88.5 85.6 84.5 87.5

2 N x 94.4 91.7 90.6 85.7 90.9

3 x N 923 89.6 87.8 85.2 89.2

4 N N 94.4 94.4 93.8 92.9 93.9

N T B AIE MSFF BEE i R, JATTXT B T
{55 F MSFF A5 e FUANE FH MSFF A5 B i 55 24
Ae. SEIG 4 BB R, I IIMSFF AR EL(ID 2) J& ,

IR DY FRAT N b A7 AT 7E Kk RSO B RR A
WEHRR A BE T BT U R M 87.5%
T2 90.9%. XIE T MS-CAM REMS A R4
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Table 6 Interference intensity-performance degradation results

T TR PERE LI/ %
. . . . Topl_acc /% .
Disturbance type Disturbance intensity Performance degradation
X AR FoER+ A 2O 93.9% 0
20% JEEY 92.5% 1.4%
P 30% HEFY 91.7% 2.2%
50% L 89.4% 4.5%
oL 92.7% 1.2%
JGHRGR o
't 91% 2.9%

NG5 AT D0 5 5 20 1 B A9 B B ek 58
(B0, BT U 5 4% R PR s . MLk
i3k 2] 50% I, #EAA 22 A7) IR K7 AE 89.4%, 1 T %
2)4.5%. XK BFTHE H BB LE ™ R S AIK
FEHRIREE T AN RE4E R B IR AR B, B0E T HAE
FLL TR e B

4 Eig

A SCIGAE T AT W AR R AT R T i AR
Tt T 7E 52 bR 7% 5E 20 85 A vk e 1, R B A 0
W

(1) A 338 i+ MSFF-HRNet ‘- 42 47 By 4% 774
SE A A BE SR EL, 456 PoseC3D-IME 17 1K
ARSI AR R AT U B AR BT A AT N2
1) Topl_acc A% 93.9%, A bt T JH B Y 4 55
T 6.4%, 1T T RAF IR BISCR .

(2) MSFF-HRNet 5% 8 75 4= 4 B 48 42 HUAF:
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IO T BT th R IE il & 75 VA BB A R T
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s PR R AP R5UR
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PEIIHI L), S B R R 1L T R 2
1 2 IR AR A (H B 32 SR TR E
IEL, AR TR I A A a4 B 7 2 AR A b
GZE N AT RERTE R R P A e . ROR T
PEr, AT SINZ A AL e Al & i 5 B S
DA SRR S AL, i3k — P S TS B AE LS TR AE
IEE SR VEALE I, Oy SE I R etk R 1 9%
A PR L ST AT SE R BOR SCRF .
S 30
(1] VFmd . AR R AR S R R (D], & U™,
2021(07):35-40.
[2]1 B0, IR, 22 UK. AR AR P [ By 5 5 [a]
[J]. #L b 5 A 36,2023(03):3-10.
[3] Chen C, Zhu W, Norton T. Behaviour recognition of

pigs and cattle: Journey from computer vision to



4 1]

HRFRRREE BRI T T

SRR A AT 9 iR

> 761 ¢

(4]

[11]

[12]

[14]

[15]

deep learning[J]. Computers and Electronics in
Agriculture, 2021,187:106255.

Zhang L, Guo W, Lv C, et al. Advancements in
artificial intelligence technology for improving animal
welfare: Current applications and research progress[J].
Animal Research and One Health, 2024,2(1):93-109.
K5 P 7,85 R A R LR Dy
5 A BURBLIR 3 T IE R TSR IR (7], AL AU 4%,
2023,54(03):1-21.

Shu H, Bindelle J, Guo L, et al. Determining the
onset of heat stress in a dairy herd based on
automated behaviour recognition[J].
Engineering, 2023,226:238-251.

Zhang Y, Zhang Y, Gao M, et al. Multimodal

behavior recognition for dairy cow digital twin

Biosystems

construction under incomplete modalities: A modality
mapping completion network approach[J]. Artificial
Intelligence in Agriculture, 2025,15(3):459-469.

R LR, S e 2, IR TN 3, 45 . 5 T IMU (R 40kE FE 5 4
A7 20 0 0 [0, B Al oK 2 2 41, 2022, 27(04):
179-186.

Wang L, Arablouei R, Alvarenga F A P, et al.
Classifying animal behavior from accelerometry data
via recurrent neural networks[J].
Electronics in Agriculture,2023,206:107647.
Camargo V A, Pajor E A, Bayat S, et al. Predicting

Computers and

main behaviors of beef bulls from accelerometer
data: A machine learning framework[J]. Smart
Agricultural Technology,2024,9:100683.

Liang H T, Hsu S W, Hsu J T, et al. An IMU-based
machine learning approach for daily bBehavior pattern
recognition in dairy cows[J]. Smart Agricultural
Technology,2024,9:100539.

Nasir M F, Fuentes A, Han S, et al. Multi-camera
fusion and bird-eye view location mapping for deep
learning-based cattle behavior monitoring[J]. Artificial
Intelligence in Agriculture,2025,15:724-743.
Tassinari P, Bovo M, Benni S, et al. A computer
vision approach based on deep learning for the
detection of dairy cows in free stall barn[J]. Computers
and Electronics in Agriculture,2021,182:106030.
P, e A, F K, A L BT B3t ConvNeXt
Wy AT RGBT [T] AU 24K, 2024,55(05):
282-289+404.

BOR BT, E AW BT R EMIR R 1R
PR H BT D). Rk TR 24 4R, 2022, 38(S1):
201-208.

[16]

[17]

(18]

[19]

[20]

(21]

[22]

(23]

(24]

[25]

[26]

FHRARAE A, E J5 . 2T 250# YOLO v8 (74 RAT
R 5 BRERTT VR[] AU A4, 2024,55(05):
290-301.

Jiang B, Yin X, Song H, et al. Single-stream long-
term optical flow convolution nNetwork for action
recognition of lameness dairy cow[J].
and Electronics in Agriculture,2020,175:105536.

Chi H G, Ha M H, Chi S, et al. InfoGCN:
Representation learning for human skeleton-based
action recognition[C]. 2022 IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR).
New Orleans, LA, USA: IEEE,2022:20154-20164.
Cai J, Jiang N, Han X, et al. JOLO-GCN: Mining
joint-centered light-weight information for skeleton-
based action recognition[C]. 2021 IEEE Winter
Conference on Applications of Computer Vision
(WACYV). Waikoloa, HI, USA: IEEE, 2021: 2734-
2743.

Chen Y, Zhang Z, Yuan C, et al. Channel-wise
topology refinement graph convolution for skeleton-
based action recognition[C].2021 TEEE/CVF International
Conference on Computer Vision (ICCV). Montreal,
QC, Canada: IEEE,2021:13339-13348.

Gupta P, Thatipelli A, Aggarwal A, et al. Quo vadis,

Computers

skeleton action recognition?[J]. International Journal
of Computer Vision,2021,129(7):2097-2112.

Yan S, Xiong Y, Lin D. Spatial temporal graph
convolutional networks for skeleton-based action
recognition[J]. Proceedings of the AAAI Conference
on Artificial Intelligence,2018,32(1).

Zhao Y, Feng L, Tang J, et al. Automatically
recognizing four-legged animal behaviors to enhance
welfare using spatial temporal graph convolutional
networks[J]. Applied Animal Behaviour Science,
2022,249:105594.

Zhou Y, Yan X, Cheng Z Q, et al. BlockGCN:
Redefine topology awareness for skeleton-based action
2024 IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR).
Seattle, WA, USA: IEEE,2024:2049-2058.

Li Y, Shu H, Bindelle J, et al. Classification and

analysis of multiple cattle unitary behaviors and

recognition[C].

movements based on machine learning methods[J].
Animals,2022,12(9):1060.

Liu H, Reibman A R, Boerman J P. Video analytic
system for detecting cow structure[J]. Computers

and Electronics in Agriculture,2020,178:105761.



> 762 ¢

AR A R 224 (H SRR A R

57 %

[27]

[29]

[30]

[31]

KNG, 2K, A A A R TR0 YOLO v3 A
% H bRE BRI B 0] AR ML HUR 2 4, 2022,
53(03):285-293.

Hua Z, Wang Z, Xu X, et al. An effective PoseC3D
model for typical action recognition of dairy cows
based on skeleton features[J]. Computers and Electronics
in Agriculture,2023,212:108152.

Yang Y, Yang J, Xu Y, et al. APT-36K: A large-scale
benchmark for animal pose estimation and tracking
[C].Koyejo S, Mohamed S, Agarwal A, et al (Eds.).
Advances in Neural Information Processing Systems.
Red Hook, NY, USA: Curran Associates, Inc.,2022,
35:17301-17313.

Sun K, Xiao B, Liu D, et al. Deep high-resolution
representation learning for human pose estimation
[C].2019 IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR). Long Beach, CA,
USA: IEEE,2019:5686-5696.

Dai Y, Gieseke F, Oehmcke S, et al. Attentional
feature fusion[C].2021 IEEE Winter Conference on
Applications of Computer Vision (WACV). Waikoloa,
HI, USA: IEEE,2021:3559-3568.

Duan H, Zhao Y, Chen K, et al. Revisiting skeleton-
based action recognition[C].2022 IEEE/CVF Conference

[33]

[34]

[35]

[36]

on Computer Vision and Pattern Recognition
(CVPR). New Orleans, LA, USA: IEEE,2022:2959-
2968.

Newell A, Yang K, Deng J. Stacked hourglass
networks for human pose estimation[C]. Leibe B,
Matas J, Sebe N, Welling M (Eds.. Computer Vision-
ECCV 2016. Lecture Notes in Computer Science,
Vol. 9912. Cham: Springer International Publishing,
2016:483-499.

He K, Zhang X, Ren S, et al. Deep residual learning
for image recognition[C].2016 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR).
Las Vegas, NV, USA: IEEE,2016:770-778.

Sandler M, Howard A, Zhu M, et al. MobileNetV2:
Inverted residuals and linear bottlenecks[C]. 2018
IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Salt Lake City, UT, USA: IEEE,
2018:4510-4520.

Maji D, Nagori S, Mathew M, et al. YOLO-Pose:
Enhancing YOLO for multi person pose estimation
using object keypoint similarity loss[C].2022 IEEE/
CVF Conference on Computer Vision and Pattern
Recognition Workshops (CVPRW). New Orleans,
LA, USA: IEEE,2022:2636-2645.





