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Research on weight estimation method for fattening pig population based on instance

segmentation and machine learning

Luo Shilin', He Xiuwen! 2, Ouyang Meng', Yu Zhengyang!, Liang Yaru' 2, Yang Xiaoling!-?
(1. Jiangxi Agricultural University, Nanchang, 330045, China; 2. Jiangxi Livestock Facility Technology Development Engineering
Research Center, Nanchang, 330045, China)

Abstract: Targeting the large-scale production and breeding of fattening pigs, traditional pig weighing methods have problems such as low
automation level, low efficiency, time-consuming and labor-intensive, and easy stress on pigs. A non-contact fattening pig population weight
estimation method based on instance segmentation and machine learning is proposed. Two different instance segmentation algorithms, Mask
R-CNN and Mask2forme, were used to obtain the mask contours of pigs, and the results were compared. The segmentation accuracy of
Mask R-CNN and Mask2-forme were 93.86% and 98.98%, respectively. Finally, the Mask2forme instance segmentation model was selected.
Combining the image information of the pig segmentation mask, the relevant feature parameters of the mask image are extracted as the data
input for the model. Different algorithms are used to construct multiple weight estimation models for comparison. The random forest
estimation model is found to have the best performance, with a coefficient of determination R? of 0.94, an average absolute error of 7.92kg,
and an average relative error of 2.58%. The experiment demonstrates that the non-contact weight estimation method for fattening pig
populations based on instance segmentation and machine learning can effectively predict body weight, providing technical and theoretical
support for achieving automatic weighing of pig populations.

Keywords: fattening pig population; weight estimation; image processing; instance segmentation; machine learning; feature extraction
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Fig. 1 Mask R-CNN instance segmentation network architecture
diagram
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Fig. 4 Mask2form instance segmentation rendering
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Fig. 5 Working principal diagram of random forest
32 BREEBHEEGURETN IR
N T BEBOR B A B SRR A 35 A Y
OB UE RER?, PIAXT 1R ZEMAERE- A%
RZEMREVE MR BAL AR PR 48 b5 . BddTt-Sin
KA5)~RATFw.

Y= (rj=7)?

RE=1- Zfea(rj=7)? >
MAE =~ 32| — 1] (16)
MRE = %2};1(@- —7)? (17)
:—EQEP: n—ﬁﬂ@ﬂl%,
s [EReY A NE MU (£
y B R PR EE A s

F—— R B PH SEBRE

4 HERS50H

fEPyCharm. PythonflIPytorch¥ 35 T, #HE % 4 2 400
sk HlE, 8 S o B AT T, R T A
1) (R H M ] e e iy T 5 L ) A RS, X A A
BHATRHAESHER I, EIRIENN 6 FRHESHAE
A BB P N B o T8 T T A S48 D B ) EL L
K IBiMask2 forme B A 14 R AL 72 AR EE A A 28 Ty
I, A3 PP FR AR X R AL AT PEAG
4.1 Mask R-CNNFIMask2formet4 BE 1Tl

i FHPyCharm. PythonflIPytorch#% & mmdetection
S o> FIREAY . E mmdetection H 73 5l it B Mask R-
CNNAHIMask2forme P fft A [F R S 1) 73 B 53%, AEPIAS
FEINGREE R, A 1385 FE I mAPYE R 41
REVEAT4EAR, mAPIEBR ST, 150 SRR 70 B R0 R it
mAPSy Nseg_mAP(5y FF- 350G B2 S5 {H ) Flbox_mAP(i4
FAEF R E S E). MRk 1 frx,
Msak2forme [¥] seg mAP 1 box mAP {8 33 Lt Mask R-
CNNf, ik FEMsak2forme SEH1 43 ) H.vk .

#F 1 Mask R-CNNFIMask2formeR {4 BELE R
Tab. 1 Performance results of Mask R-CNN and Mask2forme

SEAR Ay R Bk seg mAP box_mAP
Mask R-CNN 0.938 6 0.944 2
Mask2forme 0.989 8 0.986 4
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Tab. 2 Feature data extraction results of partially fattened pigs
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1 4,788 3060.391 862.905 93670 389 164 6 826.039
2 3.387 2 372.380 1 140.483 284 129 373274 6 362.520
3 4,775 2 962.390 874.728 90 451 384114 6 633.412
4 4.766 2 918.467 873.384 90 953 373082 6 588.569
5 4,765 2 866.210 859.414 85031 363 706 6 409.294
6 4734 2 840.338 894.468 91 888 367 881 6 482.851
7 3.333 2 224.879 1065.157 204 195 393 623 6 646.046
8 4,754 2 941.042 908.375 99 886 381 524 6 706.701
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10 4,735 2 891.955 915.178 103 482 377 409 6 568.598
11 4,756 2 996.437 909.928 106 098 386 064 6 794.327
12 4,756 2 996.437 909.928 106 098 386 064 6 794.327
13 4,723 2784.391 885.337 105 484 360 484 6 270.742
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Tab. 3 Evaluation index results of each model

Tab. 4 Partial weight prediction results of fattening pig populations
using random forest model and regression tree model
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Fig. 6 Fitting between the predicted values and actual values of the
random forest model
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