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Pig Counting Algorithm Based on Improved YOLO vSn
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(1. College of Mathematics and Informatics, South China Agricultural University, Guangzhou 510642, China
2. Key Laboratory of Smart Agricultural Technology in Tropical South China, Ministry of Agriculture and Rural Affairs,
Guangzhou 510642 , China)

Abstract. Pig counting is an important part in large-scale farming, which provides the basis for precise
pig feeding and asset management. Manual counting is both time-consuming and inefficient, more than
error-prone. In recent years, as the performance of deep learning systems far outperforms traditional
machine learning systems, deep learning-based methods have demonstrated state-of-the-art performance in
tasks such as image classification, segmentation, and object detection. Although there are currently
existing intelligent pig counting algorithms based on deep learning, the counting accuracy is low in
complex scenes such as occlusion and different illumination. So as to increase the accuracy of pig
counting in complex scenarios, a pig counting algorithm was proposed based on improved YOLO v5n.
Starting from improving the performance of pig target detection, the algorithm constructed a multi-scene
pig dataset. In the field of target detection, each target was surrounded by the surrounding background,
and the environment around the target object had rich contextual information. However, in the deep
convolutional neural network, although the convolutional layer can capture the features of the image from
the global receptive field to describe the image, it essentially only modeled the spatial information of the
image without modeling the information between channels. By introducing the SE — Net channel attention
module into the Backbone network, the model was guided to place greater emphasis on the channel
features of the pig target information under occlusion conditions, so that it can better locate the features to

be detected and enhance the network performance. At the same time, there may be pig targets of various
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scales in an actual picture of a dense scene of a pig farm. In order to deal with the complex and densely
occluded actual production pig farm scene and obtain more abundant and comprehensive feature
information, a detection layer was added based on the original three detection layers of different scales for
multi-scale feature detection, so as to better learn the multi-level features of the occlusion target and
improve the detection performance of model complex occlusion scenes. Finally, the loss function of the
boundary box and the non-maximum suppression processing were improved to make the model have better
recognition effect on the occluded targets. According to experimental results, in contrast with the original
YOLO v5n algorithm, the mean absolute error (MAE), root mean square error ( RMSE) and missed
detection rate of the improved algorithm were reduced by 0.509, 0.708 and 3. 02 percentage points,
respectively, and the average precision (AP) was improved by 1. 62 percentage points to 99.39% . The
improved algorithm had high accuracy and good robustness in complex occlusion overlapping scenarios.
Compared with other pig inventory algorithms: CClusnet, CCNN and PCN, the MAE of this algorithm was
0. 173, which was 0.257, 1.497 and 1. 567 lower than that of the other three algorithms. In terms of

time performance, it only took 0. 056 s to recognize a single image on average, satisfying the real-time

2023 4

requirements of actual pig farm production.
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Fig. 11  Schematic of a bounding box containing the

detection target
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Tab.4 Parameters setting for training procedure

28 HE RS
batch — size 16 AL A B A PR A5
epoch 200 Il 2 = AR L
img — size 1280 x 1280 i AR R
Ir 0.001 E RS
adam N/Y 2T adam fiAL 25
momentum 0. 843 it

0. 000 36 AN 5 P

weight_decay

3.2 AR

R FH R A A (0] A S 240K B2 (AP) AR O i &
A A 0 5 32 M BE A 5 A o

BE RS IR B 2 T [ T BT 52 {1 28 4 X6 2% 22
(Mean absolute error, MAE) Fl1 3 J7 2 1% 2 ( Root
mean square error, RMSE) ., — % & T, MAE #&
ZIN TN B T B 5 A 1y, RMSE /), 85 48 1 0
U o AR SCIRIRCE R A8 AR AR 8 KA R Y

(CER 7S
T3 B A T A A A DR TR P B i 22 A Ak Y
B AR bR o

3.3 HEZK

S TR U M A e R R RS R 1 R Y s
Wi, AR SCHEAT T I A SC 58 . W3R 5 FroR , LA AT o
M JE AR YOLO van DRy 36, + R SR A il
HE LA BI04 i 6 459256 . Ik 5 FiR  FEAR
SR AR 4G YOLO vSn ) MAE (RMSE (AP #il
T 2 50 54 0.682 . 1.21 il 97.71% i 4.06%
DAL Ry B2k B — Ab ik J5 45 PEAl B8 bR #1042 7 .
M2 5 L, 7F T HRAE 2 UM 4 5] A SE — Net
BiHe, o MAE (RMSE D) K U K5 58 245 EE R 0 78 2903
K 2% FR A, 43 B 0. 095 .0. 38 LK 1. 34 A4S 43 A,
AP #2155 0. 67 A~ H 43 5. TR JE s YOLO v5n,
TSI — SR )2 5, 7E 3 TR AE 4R IO 4% i A
T T 7ML AR B L A 30 T 2 i T AL AR
He ,MAE (RMSE | AP Fil s K6 2 35 Lb oA 38 T AH R 45 B
A TR T: o T A DU 2 A S T RRAE R 6
2| A SE — Net #iHt , MAE RMSE D) % I K6 3% o, [h 3
2843 P A 0.509 .0. 708 LI & 3.02 4~ 4% A, AP
KF]99.39% B4R 162 N Ar . HIK,
G55 3R 3 TN, SRS MR R ) S50 & YOLO v5x
BRI 1746 100 B9 # 1 AP ARAHIE . 2265, 1
I — AR )2 5 7E 3 T RRAE B BRI 45 in A 7 7 AL
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Tab.5 Ablation experiment of different modules
| MAE RMSE Wz % HE/ % AP/% KR/ % e e

YOLO v5n 0. 682 1.210 97.71 95.94 97.77 4.06 1.900 x 10°

+ SE — Net( Backbone) 0.488 1.020 98.98 97.85 98.91 2.15 1.940 x 10°

+ SE — Net( Neck) 0.583 1. 400 98. 84 96.51 98.24 3.49 1.910 x 10°

+ Adding Detect Layer 0. 327 0.742 99. 06 98. 69 99. 12 1.31 3.087 x 10°

+ Adding Detect Layer + SE — Net( Backbone) 0.173 0.502 99. 14 98. 96 99. 39 1. 04 3.115 x10°

+ Adding Detect Layer + SE — Net( Neck) 0. 340 0.753 98.92 98.43 98.95 1.57 3.102 x 10°
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Tab.6 Performance comparison of different pig

counting algorithms

2% VAE  RMSE i EUROT- 1
P ] /s

CCNNL! 1.67 2.13 0. 042
PCN!1! 1.74 2.28 0.108
Keypoint Tracking + STRF!'?] 3.32

YOLO v4!37) 0.193  0.574 0. 045
YOLO X! 0.242  0.647 0. 066
Faster R — CNN!?*! 0.88 1.65 0.071
CClusnet!*’ 0.43

M5 9 YOLO v5n( 4 30) 0.173  0.502 0. 056

FH 2% 6 7] %1, CCNN, CClusnet ,YOLO v4 . YOLO X
1 Faster R — CNN f§ MAE 43 %] & 1.67.0.43,
0.193.0.242 F1 0. 88, Ui B X 5 Fp it %0 7 i 7 — &
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Fig. 13 Comparison of test results
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