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Goat posture recognition based on YOLOv3-SE-RE model
LI Xiaodi, WANG Tianyi

(School of big data and Information Engineering, Guizhou University, Guiyang 550000, China)

[ Abstract] In order to realize the effective identification of sheep individuals and the rapid judgment of sheep posture in the farm
environment, aiming at the problems of poor identification accuracy and low efficiency of the existing models, an improved model
based on YOLOV3 is proposed based on the self-built data set. In the backbone network darknet53, the channel attention module is
introduced to compress the excitation network to enhance the network ‘s attention to important channels and improve the network
detection accuracy; Secondly, some residual modules in the network are replaced by cyclic feature shift aggregation module to
improve the detection speed and accuracy. At the same time, cosine annealing dynamic learning rate is used to replace the original
learning rate, and dynamic fine—tuning is carried out in the training process, so that the network can easily jump out of the local
optimal solution. The experimental results show that in the task of sheep detection and attitude recognition, the mAP of YOLOv3-SE
-RE algorithm is 9.98% higher than that of the original YOLOV3 algorithm, and the detection speed is also improved.
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Fig. 1 Yolov3 network structure
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Fig. 3 Structure diagram of RESA module
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Fig. 7 Effect diagram of standing posture detection
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Fig. 8 Sitting and lying posture detection effect

(d) YOLOv3-SE-RE



%1 25 /Nill, 4. 5T YOLOv3-SE-RE 87 [ SE S 2510 5] 177

4 HERIE

ARG 3 YOLOV3 Sk Ak, 528t 1 %8 i
AR Gl sl MR NIy G2 1| = 1w o ol ol
darknet53 Ff1 34 I 1A VE R AL HEOAS [R) 38 3 Y
FREAEAH DG L1 I 46 B 55 5C 1 A FE 45 K 1)l 3
B DASE i 0 28 (g G A B2 HCY G o 3 i RESA
B XPRAE B AT 4T 5 8] R J5 [l i U0 e Fn SR
H I E BRI A A ()38 22 ) Y DI | [ 4
T RS IORG FE R RS, SCER A5 SRR W, YOLOV3 -
SE-RE A5 7E A6 00KS F Rk ) i B b R A T D

7 YOLOv3 58U 56 AN [ R, 2Rt A W]
W AILA AR AR RE % 58 7 AT B0 14 N AT

B
o
Sk

[1] NEETHIRAJAN S, TUTEJA S K, HUANG S T, et al. Recent
advancement in biosensors technology for animal and livestock
health management[ J]. Biosensors and Bioelectronics, 2017, 98
398-407.

[2] ROBERTS C M. Radio frequency identification ( RFID) [ J].
Computers & security, 2006, 25(1) ; 18-26.

[3] VFEERD, 88,25 L. TREE% o) i e B0 H AR i B s i e 23k

TS5, 2021,57(8) :10-25.

[4] REDMON J, FARHADI A. Yolov3; An incremental improvement
[J]. arXiv preprint arXiv;1804.02767, 2018.

[5] BENIDIRA B, KHURSHEED T, KOUBAA A, et al. Car
detection using unmanned aerial vehicles; Comparison between
faster r—cnn and yolov3[ C]//2019 1* International Conference on
Unmanned Vehicle Systems—Oman (UVS). IEEE, 2019; 1-6.

(6] XA, AFR XA 4, 4. 5T YOLOV3 # 84 A frks
LT, BRI 240 ,2019,31(2) :85-90.

[7] ZHENG T, FANG H, ZHANG Y, et al. Resa; Recurrent feature—
shift aggregator for lane detection| C]//Proceedings of the AAAI
Conference on Artificial Intelligence. 2021, 35(4) : 3547-3554.

[8] HE K, ZHANG X, REN S, et al. Deep residual learning for image
recognition| C]//Proceedings of the IEEE conference on computer
vision and pattern recognition. 2016 770-778.

[9] HUJ, SHEN L, SUN G. Squeeze—and—excitation networks[ C]//
Proceedings of the IEEE conference on computer vision and pattern
recognition. 2018 7132-7141.

[10]LOSHCHILOV I, HUTTER F. Sgdr; Stochastic gradient descent
with warm restarts[ J]. arXiv preprint arXiv:1608.03983, 2016.

[11]HE T, ZHANG Z, ZHANG H, et al. Bag of tricks for image
classification with convolutional neural networks [ C |//
Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition. 2019 558-567.

[12]WOO S, PARK J, LEE J Y, et al. Cbam: Convolutional block
attention module[ C] //Proceedings of the European conference on
computer vision (ECCV). 2018; 3-19.

(L4555 170 11)

[6] PETERS M E, NEUMANN M, IYYER M, et al. Deep contextualized
word representations [ EB /OL]. 2018, arXiv;1802.05365.

[7] DEVLIN J, CHANG M W, LEE K, et al. Bert: Pre—training of
deep bidirectional transformers for language understanding [ J ].
arXiv preprint arXiv:1810.04805, 2018.

[8] YANG Z, DAI Z, YANG Y, et al. Xlnet; Generalized
autoregressive pretraining for language understanding [ J ].
Advances in neural information processing systems, 2019, 32.

[9] SONG K, TAN X, QIN T, et al. Mpnet; Masked and permuted
pre—training for language understanding[ J]. Advances in Neural
Information Processing Systems, 2020, 33. 16857-16867.

[10] VASWANI A, SHAZEER N, PARMAR N, et al. Attention is all
you need[ J]. Advances in neural information processing systems,
2017, 30.

[11] HOCHREITER S, SCHMIDHUBER J. Long Short — Term
Memory [J]. Neural Computation, 1997, 9(8) ; 1735-1780.

[12]LAFFERTY J D, MCCALLUM A, PEREIRA F C N. Conditional

Random Fields: Probabilistic Models for Segmenting and Labeling
Sequence Data [ C]// Proceedings of the Eighteenth International
Conference on Machine Learning. Morgan Kaufmann Publishers
Inc. 2001 282-289.

[13]ZHANG H, ZONG Y, CHANG B, et al. [f[i] & 2% SCAS kb 33 Y
& 2% S 4R A% 3 B Y8 ( medical entity annotation standard for
medical text processing) [ C]//Proceedings of the 19" Chinese
national conference on computational linguistics. 2020; 561-571.

[14]LUO L, YANG Z, YANG P, et al. An attention—based BiLSTM
- CRF approach to document — level chemical named entity
recognition [ J]. Bioinformatics ( Oxford, England), 2018, 34
(8): 1381-1388.

[15] YAN R, JIANG X, DANG D. Named Entity Recognition by
Using XLNet - BILSTM - CRF [ J]. Neural Processing Letters,
2021, 53(5) : 3339-3356.

[16]¥# 7). 3£+ BERT Al BILSTM-CRF 1 4 ¥ B= iy 4 5 A iR 51
[T]. HENL TR SR, 2021,43(10) ;1873-1879.



