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Fig.1 Experimental deployment and data collection process
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Fig.7 Structure map of pig mass measurement algorithm
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Table 1 Parameters of instance segmentation algorithm
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Fig.8 Loss function curves of instance segmentation algorithms
for different feature extraction networks
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Table 2 Results of different feature extraction networks in instances segmentation algorithm
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BackBone network

Average precision  Average precision  Average precision

e BURE MO PRI SO T IR RIURER TR HERO IO RER PR ORI TENIE  Average 12 AU

Average precision  Average precision  Average precision  speed/

BackBone

of bounding box of mask of bounding box of mask of bounding box of mask (s - M) Params/M
ResNet 97.22 90.59 93.93 88.39 92.84 87.85 0.392 25.56
ConvNeXt 98.85 91.60 94.10 89.88 93.03 88.98 0.443 28.59
ResNet (Improved) 99.81 92.30 94.63 91.65 93.65 91.04 0.662 28.72
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Fig.9 Loss function curves of keypoint detection algorithms for
different feature extraction networks
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Table 3 Results of different feature extraction networks in keypoint detection algorithm
YIZEEE Training set/% ISIELE Validation set/% WAL Testing set/% )
B ST TN T
S KAHER P SIRERE SRR SRR AP IAE B SR i P B B R AE R~ A B SR ) P3RS Average speed/
BackBone network .. - L. .. - - &
Average precision  Average precision  Average precision  Average precision  Average precision  Average precision (s- Mt
of bounding box of keypoint of bounding box of keypoint of bounding box of keypoint
ResNet 94.45 87.94 93.50 85.59 89.75 85.51 0.262
ConvNeXt 97.86 89.59 94.52 89.62 92.53 88.54 0.356
ResNet (Improved) 98.81 91.89 96.03 90.89 94.38 89.59 0.542
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Table 4 Parameters of pig mass measurement algorithm
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YIUE%: > % Initial learning rate 0.0025
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YERVENFRIR e Eog TN E,y YRR AL F () VP4l 1
br, BARHEARXT:

Erms (WP’W'”) = \/l :n:l (VV’P - VV!’)z (5)
m

_100% < | =W

N

A P R TN (R R ks RN HSESE A
i, kg m FoREARETEAR T EREHE .

(6)

R o E BVEAEAS R RRE SR U 4% 1Y) RMSE
B & E 10 B, Bl ResNet 48U SIUE )
E,s THWH BART A AMEA LS, REVEEBEIRIUEEE LR
PR AR B A TR A R e R LA A B AR AR B
Ermss Epgy TR B3 AL T BE R S P ASRiR
THIR 28 L 5 AP A I 2 3 BRI FE IR AT T PR AE 4
H E,s N 3.01 kg, ELPL ConvNeXt fil ResNet Ay T/ 4%
(AR A T B 8 SRV PR T 2.14 kg A 7.86 kg, E,gp PR
T 2.10%F1 4.75%.

120 1% Training
100 — ResNet (Improved)
— ConvNeXt
l:’s %0 — ResNet
E I83IF Validation
é I —= ResNet (Improved)
5 60 —= ConvNeXt
fK 40 ResNet
B ResNet (Improved)
20
Qe .y

0 L Do \Popos
0 100 700 800

AR EL Epoch
B 10 FRRE e F kAT B AF AR F 2 69 %) 75 AR IR £ i 4%
Fig.10 Loss function curves of pig mass measurement model for
different feature extraction networks
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Table 5 Results of different feature extraction networks in mass measurement algorithm

W4 Training set

IS4F4E Validation set

WASE Testing set o
SR E

BT M o s o N o N s
Backg ;Eel—ifw ork BiRE PN AL RE VrRiz PR aatting BimRiRE  FRLANEriRE  Average speed/
Root mean Mean absolute Root mean square Mean absolute Root mean Mean absolute (s~ i
square error/kg percentage error/% Error/kg percentage error/%  square error/kg  percentage error/%
ResNet 5.94 3.38 9.63 6.19 10.87 6.77 0.144
ConvNeXt 3.65 3.15 4.94 3.93 5.15 4.12 0.202
ResNet (Improved) 1.59 1.02 2.72 1.86 3.01 2.02 0.684
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M5 dEFEAEEL S kg FIEKR, HalEHBE L kE
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Fig.11 Screenshots of some sow video data on different dates
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Table 6 Accuracy of mass prediction in validation sows

5 R G BT R 7 TR REL
Pig ID Root mean square error/kg Correlation coefficient
1 2.45 0.991
2 3.44 0.979
3 2.61 0.991
4 2.63 0.988
5 3.06 0.986
6 3.21 0.984
7 4.04 0.965
8 3.71 0.980
9 4.02 0.965
10 3.23 0.982
200
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g
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Fig.12 Estimated body mass growth curve and actual body mass
growth curve of sow
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Intelligent mass measurement model for gestating sows under normality
breeding

Xiao Degin?, Liu Junbin?, Liu Youfu!, Huang Yigui', Tan Zujie!, Xiong Benhai?
(1. Key Laboratory of Smart Agricultural Technology in Tropical South China Ministry of Agriculture and Rural Affairs,
South China Agricultural University, Guangzhou 510642, China;
2. Institute of Animal Science, Chinese Academy of Agricultural Sciences, Beijing 100193, China)

Abstract: Body mass growth of gestating sows is an important indicator of their health status and reproductive performance.
Computer vision-based contactless pig body mass measurement methods can effectively reduce stress and have become a hot
topic in recent years. However, most current computer vision-based contactless pig mass measurement methods require data
acquisition and mass measurement calculation under specific ideal experimental environments and lack application in usual
breeding environments. In this paper, an Intelligent Mass Measurement Model for Gestating Sows (IMMM-GS) based on deep
learning is proposed based on video image data under usual farming by using instance segmentation and keypoint detection
algorithms in computer vision technology. The model includes three main sub-algorithms to solve the typical occlusion
problem in the normal environment, the first is the pig instance segmentation algorithm based on Mask R-CNN, the second is
the pig keypoint detection algorithm based on Keypoint R-CNN, and the last is the pig mass measurement algorithm based on
modified ResNet. The instance segmentation algorithm is used to segment the pigs from the image to reduce the influence of
the image background on the mass measurement, and the keypoint detection algorithm is used to eliminate incomplete pigs to
ensure that there are no incomplete pigs in the dataset. In this paper, video data and mass data of 48 gestating sows for six
months are used for dataset construction and experimental analysis. The datasets were collected at a commercial pig farm in
Guangzhou City, Guangdong Province, China in 2022. A camera was deployed to the slide rail to get real-time video data of
the pigs, and the test pigs were weighed every five days. The IMMM-GS model used the PyTorch deep learning framework,
MMDetection framework, and MMPose framework. The experiment was carried out on the Ubuntul8.04 system with a CPU
of Intel Core 17-9700 and a GPU (graphics processing units) of NVIDIA A30 whose memory was 24 GB. The root mean
square error of the model on the test set was 3.01 kg, which was 2.14 kg and 7.86 kg lower compared to the model with
ConvNeXt and ResNet as the backbone network. And the mean absolute percentage error was 2.02%, which was 2.10% and
4.75% lower than the model with ConvNeXt and ResNet as the backbone network. The model constructed in this paper also
monitored the mass of ten gestating sows for three months with an image size of 2 688x1 520, the average measurement speed
per image was 0.684 s and the root mean square error between the estimated mass and the actual mass was 3.24 kg and the
computational speed and accuracy met the demand of real-time computing. Therefore, the author thought that the IMMM-GS
model could provide data support for estimating the reproductive performance such as the mass growth pattern of sows during
gestation, the developmental status of gestating sows, and estimating the expected farrowing period and litter size in real-time
using the standing video for a long time, and has broad application prospects.

Keywords: computer vision; deep learning; gestating sow; mass measurement; convolutional neural network



