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Review on Machine Vision-based Weight Assessment for Livestock and Poultry
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Abstract; Body weight is an important indicator for reflecting the health and growth conditions,
reproduction and production performance of livestock and poultry. Accurate and rapid assessment and
monitoring of livestock and poultry body weight is a critical way to improve the level of breeding
management and achieve precision livestock farming. The traditional weighing method is time-consuming
and laborious, and easy to cause stress response on animals. Weight assessment based on machine vision
technology, which can establish an intelligent assessment model between body weight and body shape
characteristics by using visual detection technology, is a hotspot of intelligent technology research in
livestock and poultry breeding at present. Firstly, the methods of weight assessment were categorically
described. Then, the sensor types, methods and applications of animal and poultry body feature treatment
were analyzed in detail. The comparative analysis of the research on body size, physical signs and weight
assessment model based on machine learning method were focused on. The application effect and the
latest research results of various machine learning algorithms in weight assessment were presented. The
development potential of deep learning algorithm in the field of automatic weight assessment of livestock
and poultry was discussed and analyzed. Finally, the problems and challenges of weight assessment
researches on livestock and poultry and the development trend of the future work were pointed out, which
can provide some references for the scholars and engineers in the field of the modern intelligent weight
assessment for livestock and poultry.
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Fig.1 Whole process of animal weight assessment based on machine vision
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Fig.2 Image processing of livestock and poultry weight

assessment
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Tab.3 Characteristics of livestock and poultry used for weight assessment
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Fig.6 A deep learning model combining target detection and weight assessment

4.2.2  JHETIRE A O B XY IR TR VR AR

H AR iR 5 2% YOLO V3 6868 % 21 4 Al AL 2K 15
F18y B LR T — i Y0 LS 3 D i R R R A T o7
SEAL, R T4 4 B0 BB FON 23 5 PI XS X, Al
DI R O HE IS IR N AL R AR AT 4
) J X 11 A ROBCHE 4 BE /b, R 15 B AR R A H
AR AR LA R 4805 B (09 UAR] 8 R 5 |, A X T
b R 5 7 B Ry J7 A $2

R 1 B AR AE RE Al 11 X ) 14 BT R Ah X N A
e RS BAVA BT A U R, S S &
W 28 BE A8 S X8 AN [7) iy A AR A, 2l 285 9] 5 L &5 4 B
S8, I Bl 25 i 28 ) 4% T X 4 B 2 PR A R AR
i Z ) 52 4 OG5, RE A Al 1 X9 i 1A Bt & 22 1k,
2R PR X A 7 AR A F S S AR T A R S
4.2.3  ETIRPE ) B A R BRI A

WRIZ G2 N 4% Mask R — CNN 2 i) H
FRAG M HE 42 Faster R — CNN 947 &, X} 24 k47 | 1%
3 WA B8 1 43 28 HE R B 1R R S B
B HE— Al 2 2 B AL R B R R
U — Net Jg& Mo B0 87 4 4 AR 0 4% 3k 47 18 S0 30 1)
SR A A AR 0 T B A0 B b R T R RS R
TREE 7 ) R A AL RE AT — 4k RMR Y 43 31, 38 1 1]
T 1 = A RO e AR

2 H S AR B i PP A AR DL AR R 2 — D
RGB B8 ki A, {7 T S 2 ) B0 i i A4 o
% It ResNetl8  EfficientNetB1 F EfficientNetB7 4%
9% CNN HEZ, % Bl EfficientNetB1 HA7 5 & 14 Vi
PEo £ CNN RNN rf s i BB, & 384T o8 Jn
TR SIHLH A CNN B S s . Hil&E &
(R 5T Al T O A AR 2 — R HAndE— Rt b

6 P15 9 T 2007 B, iy o AU 228 ) 245 BE 060 O 1
BBy PR B 20, T S L AR G E B B A A
I3 DX, A REAR 8 B O AR AR A B9 A AR i A
4.2.4  BETIREEE ) HIL K AR BRI AG

A8 = A2 T A DX 3 20 1 A 2 — TR X 1Y
5. FEMBOMUAE TR THEM, %
SegNet FL 7 | JLF [ 2h 4 5 2% 1 2248 4 5 — e kR
JE—A LR RGB il 18 , A4 i 7y B AR, 5 ) 8
IS AT T 75 S Ay Bl ok

5 AR & A, BB 25 B AR 2 &
FOOR B PPAS A R B R . HATAR L4 A 3)
0 2 PR B A A TR BE 2 I AR . B TR JRE o > 45
AR S J , R AN A 45 Bl B & 1A i i 3P4l R 1 T
AR

T 2 ) 245 TR FE A8 DR S A B i G
S BRI DR Y Rl Al F S A B A AL AR S R
PRI RE , $2 T o 10 TR I 45 A U 7 75 5 A IO o 3
il R G R PERE , W AR 2 AYBF 5T H A o

ARG AL 7 > TR LB, TR B o ) Bk A
PRIBTREEAG D7 R B T A R P RE R 4 S
THegEbLas 7 D FE SR IE 7 I B X . R
2 Ja T i 2 o (AR, TO G S A 0 LR AL B AR
FI 352 BOH T4 580 B9 R A, IR n] B8 A 2 4 Hh T A
FRRAE o o2 ply 7 33 b i 381 S 1) R P, O TR
> B AT A TSR DAl 1) A I A 7 0 A L
E 5 A o B AR SR 45 X 2R S B 19 L SR

RIE 7 I B BT i A 27 > Y RE T, A2 FL M A
A B 2 A SR 5 A 0 T LS A% B A5 B ST AG
U R LT [ U 2 ) Y R RO o AT
TIRBE T B B BB R R T AR GebL e o



10 &l #Hl

Moo 20224

x4 NBRFIHEEEREFIEZHIE

Tab.4 Machine learning vs deep learning algorithms

PEREE AR Bl W72
R AE 42 B T3 A3l
R AE 2 o Z

S AN s B ENES
BT g fiE

it TR JE % [}

Jr 4 A AhE At
R fi [
[EERI {8 5]

] fif B Ak [ i

AR E R R TR BE . R PR o S B R
RNN AE % AR 45 i (8] Fp 51 A4, oy 7 7 85 19 1A It kg
A 2 I (1) 3 25 28 A i 4, K I 1) D3R A B
TRBERE R RO B B L A RS o BRAE IR AT IR 29K
JEE 2 2 HE QAR LABE Bl 20T S, BBk i B2 A A 4L 5
SRS DU R T 9 R A D RE . (AL, R R A o) T
LA 7R A R 5 SR e 1 Bk s, Tl e e i 2 SR A 1Y
TR MR o TR A o BRERDGE L T (] U TR
(] ] R A8 26 T gt B AN e, ok R B o ) B
KRB —AWFIETT 0] RIE > e & & TR AL
WEFEh Won B R & SR ), 2 F & A i T Al
HEMHFFETT 1] o

5 REERE

A SO T AR R L T ML AR WL 0 7 & 1A BT AL
MIBTSEHEAT T 0 AT ANZRad o 3 T AL Lot 1 1] 42 44
B A A D — R AR A0 T B, Bl O T
I 5, X TS BUR E R R A B A
AT, IEAE B A WO B TT % 810, HATX & &
R TS DAL D7 1 9 BF 58 AR BT — S8 i s S
5 2 N2 5 T AT R B B AR 3, DA HC N 52 8 5
5 B B 10] 552 s 2 77 400 388 ol A 107 P 8 1R

(1) ARG 37 5% M I 2l 1y 26 Y ke BB >4 1)
W& HAT 2 — D A HLAY L HTATS 2R P
3, SR T FC I AR I P8R ) 52 BRI

I HLIE T 45 8 WA J0 5 ARG B (A 1A A0 45 ¥y B 22 2k 1Y
REAE , [ I 77 7 PR A HE DT RE R Ak B 5 7 52 2% 14 1)
A, 073 — D A HLRE G5 15 sh W B R TR EE A R
g 3 - D EEARI S 3 - D SN, IE7E &
AR TR BRI o I, R IIRR 2
A IR AR 25 5 I O 1, A T RS B 00 MR A YA

(2) AR S5 A FEARSS & 0 F AT BIESE
hERERZ B — R RN — H P rE
SE B R TR I AR AT AN WK AE A B, vk X 4
AFEAE, BRA TS ASIEBRERS, Wil s)
Yy B REID S 450 bR 28 5 AE S0 4 1 75 A 10 4 R
5 BB DX A TR B A A B 7 SRS ofe
BEIFT, T ERE I T IS ER B AR A
PRIRUI 5 1A 5T ek i 3048 A 7 3k, A SRS HE O A A
PRI DAl R 5.

(3) K kA A5 TR0 PRl A% A B i 2 1 4% R
Pl o 5T T4 B2 190 246 3t 5 ) S Jo AV 2 S 7 B 5
REGPEREOL S5 A A S he v, o fa) g SRS HEJE v 2
B0k D A B i A TR T 45 R 1 BB 08 7 S B A
RS R RGE T Tl bt b, 5B 0P R
A G IERL G, 83X 28R Al N TR RE AR L
PR L B A i I BT S A A

(4) BRI R AL R GE . AT B = 3 T HLas 0
o6 IR A4 A SRR AG RIEI R e . METER
B F i B S R U 5 Rl T A e 1
BEAE R GRE B RPR . M R 3 & R R
RO, A R 5 A [ i B IR IR A5 A TR AR e
R 530 1) 30y 00 3 V9% % T A A TR sl A
kAR 2 GE 5 Bk DR Y [

Zi BRTIR, BEAS PRI B AR ZAERRERY 3 - D
IR BN T & SR . IR TR
DA R AR 7 ) 5 R AEBE T, 6 3 & 1Y 1A i &
PEA RN EOR T, S oR R e A g S
PR B (AR DAY R SR AR M 1 5 1) AR T g S
B R Ml 1 TS AT 1 22 AR M RE G gk ke

& % x Wt

(1] $h—F, 25, i, . iR AR R E IR 5 ARG LA p i gtk (1], R U=, 2021, 52 (44

F) . 219 - 228.

SUN Yiping,LI Dan, LIN Xuhong, et al. Computer vision in poultry breeding and rooster selection [ J]. Transactions of the
Chinese Society for Agricultural Machinery, 2021, 52( Supp. ) :219 —228. (in Chinese)

[2] YINT, KONIG S. Genetic parameters for body weight from birth to calving and associations between weights with test-day,
health, and female fertility traits[ J]. J. Dairy Sci. , 2018, 101(3): 2158 -2170.

[3] TOLOSA A ¥, DEROUCHEY J M, TOKACH M D, et al. A meta-analysis to understand the relationship between pig body
weight and variation from birth to market[ J]. Animals, 2021, 11(7): 2088 —2095.

[4] RITZ K E, HEINS B J, MOON R D, et al. Milk production, body weight, body condition score, activity, and rumination of

organic dairy cattle grazing two different pasture systems incorporating cool- and warm-season forages[ J]. Animals, 2021, 11



510 M WAKEE 55 IR T HLAS AL OE 1Y 7R 8 1A T 1 TT A AT S 0 e 11

[5]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(23]

[24]

[25]

[26]

[27]

[28]

[29]

(2): 264 -275.
JOHANSEN S V, BENDTSEN J D, MARTIN R, et al. Broiler weight forecasting using dynamic neural network models with
input variable selection[ J]. Computers and Electronics in Agriculture, 2019, 159 97 - 109.
HEINS B J, SJOSTROM L S, ENDRES M I, et al. Effects of winter housing systems on production, economics, body weight,
body condition score, and bedding cultures for organic dairy cows[J]. J. Dairy Sci., 2019, 102(1) . 706 - 714.
NORTON T, CHEN C, LARSEN M L V, et al. Review: precision livestock farming: building ‘ digital representations’ to bring
the animals closer to the farmer[ J]. Animal, 2019, 13(12): 3009 -3017.
BAO J, XIE Q. Artificial intelligence in animal farming: a systematic literature review [ J]. Journal of Cleaner Production,
2022, 331:129956 - 129968.
SONG X, BOKKERS E A M, VAN DER TOL P P J, et al. Automated body weight prediction of dairy cows using 3-dimensional
vision[ J]. J. Dairy Sci. , 2018, 101(5) ; 4448 —4459.
KUMAR S, PANDEY A, SATWIK K S R, et al. Deep learning framework for recognition of cattle using muzzle point image
pattern[]} Measurement, 2018, 116; 1 -17.

B, AN, FKAE, . Z HARW AT RO [ T]. L MU 2R, 2020, 51(10) : 259 -267.
ZHANG Hongmlng,WU Jie, LI Yongheng, et al. Recognition method of feeding behavior of multi-target beef cattle [ J].
Transactions of the Chinese Sociely for Agricultural Machinery, 2020, 51(10) :259 -267. (in Chinese)

WHa ], RINE, MR, 55 SRATEGHE CNN XHERE 3RS SRS ] folk TR, 2021, 37(20) ; 187 - 193.
GENG Yanli,SONG Pengshou, LIN Yanbo, et al. Voice recognition of abnormal state of pigs based on improved CNN[J].
Transactions of the CSAE, 2021,37(20) :187 - 193. (in Chinese)

EKAE, AR, A, S FETUREE 2 iR AU & IRIB B [T]. Ol HL S, 2020, 51(10) : 353 -361.

XIE Qiuju,ZHENG Ping,BAO Jun,et al. Thermal environment prediction and validation based on deep learning algorithm in
closed pig house[ J]. Transactions of the Chinese Society for Agricultural Machinery,2020,51(10) :353 =361. (in Chinese)
BENOS L, TAGARAKIS A C, DOLIAS G, et al. Machine learning in agriculture; a comprehensive updated review [ J].
Sensors, 2021, 21(11): 3758 —3852.

TURINI L, CONTE G, BONELLI F, et al. Designing statistical models for holstein rearing heifers’ weight estimation from birth
to 15 months old using body measurements[ J]. Animals, 2021, 11(7): 1846 — 1856.

CANUL-SOLIS J, ANGELES-HERNANDEZ J C, GARCIA-HERRERA R A, et al. Estimation of body weight in hair ewes
using an indirect measurement method[ J]. Trop Anim Health Prod, 2020, 52(5): 2341 -2347.

COSTIGAN H, DELABY L, WALSH S, et al. The development of equations to predict live-weight from linear body
measurements of pasture-based Holstein-Friesian and Jersey dairy heifers [ J]. Livestock Science, 2021, 253 104693 -
104697.

BRI, X0 & RG], 26 BT CT MR EOR I =30 IR B IE A [T ] RAE AL, 2017, 48(7) : 294 -300.
CHEN Kunjle,HU Haolu, YU Haiming,et al. Analysis on physical characteristics of Sanhuang chicken carcasses based on CT
image technology[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2017, 48(7) : 294 —300. (in Chinese)
QUARESMA M, BACELLAR D, LEIVA B, et al. Estimation of live weight by body measurements in the miranda donkey
breed[ J]. J. Equine Vet. Sci., 2019, 79. 30 - 34.

STYGAR A H, DOLECHECK K A, KRISTENSEN A R. Analyses of body weight patterns in growing pigs: a new view on body
weight in pigs for frequent monitoring[ J]. Animal, 2018, 12(2): 295 -302.

WEBER VA M, WEBER F D L., OLIVEIRA A D S, et al. Cattle weight estimation using active contour models and regression
trees Bagging[ J]. Computers and Electronics in Agriculture, 2020, 179 105804 - 105815.

s, BOGHE. W28 R AR BEXE (A s S T R it [T ). R AR L R 242441, 2018, 23(3) @ 54 - 60.

BAI Shibao, TENG Guanghui. Design of the real-time monitoring system for laying hens’ weight based on perch aquaculture
model[ J]. Joural of China Agricultural University, 2018, 23(3): 54 —=60. (in Chinese)

SRIHE, BT, AR, & FEIUBSSBTCEIN B RE TSI T]. RV, 2016, 47(11) ; 307 -315.
ZHANG Li’na, YANG Jianning, WU Pei, et al. Design and experiment of non-stress measuring system for sheep’s conformation
parameters[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2016, 47(11): 307 =315. (in Chinese)
TOUCHBERRY R W, LUSH J L. The accuracy of linear body measurements of dairy cattle[ J]. Journal of Dairy Science,
1950, 33: 72 -80.

HEINRICHS A J, ERB H N, ROGERS G W, et al. Variability in Holstein heifer heart-girth measurements and comparison of
prediction equations for live weight[ J]. Prev. Vet. Med., 2007, 78(3 -4) . 333 —338.

WANGCHUK K, WANGDI J, MINDU M. Comparison and reliability of techniques to estimate live cattle body weight[J].
Journal of Applied Animal Research, 2017, 46(1) :349 - 352.

OKAYAMA T, KUBOTA Y, TOYODA A, et al. Estimating body weight of pigs from posture analysis using a depth camera
[J]. Animal Science Journal, 2021, 92(1): el13626.

PEZZUOLO A, GUARINO M, SARTORI L, et al. A feasibility study on the use of a structured light depth-camera for three-
dimensional body measurements of dairy cows in free-stall barns[ J]. Sensors, 2018, 18(2): 673 — 687.

KEA, XA, 23, . ETHIRMFE T4 F AR S A SRR (T]. R EHR, 2019, 50(3ET))
267 -275.

ZHANG Xinyue, LIU Gang, JING Ling, et al. Automatic extraction method of cow’s back body measuring point based on



12 PSS A1 M | = O 14 20224
simplification point cloud[ J]. Transactions of the Chinese Society for Agricultural Machinery,2019,50 ( Supp. ) :267 —275.
(in Chinese)

[30] QIAO Y, KONG H, CLARK C, et al. Intelligent perception for cattle monitoring: a review for cattle identification, body
condition score evaluation, and weight estimation [ J]. Computers and Electronics in Agriculture, 2021, 185. 106143 -
106153.

[31] R, -y X, . EFIFRILE U R Gl [T]. AL 24, 2021, 52 (35 1) .
268 -275.

WU Yufeng, LI Yiming,ZHAO Yuanyang,et al. Review of research on body condition score for dairy cows based on computer
vision[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2021,52( Supp. ) :268 —275. (in Chinese)

[32] STAJNKO D, BRUS M, HOCEVAR M. Estimation of bull live weight through thermographically measured body dimensions
[J]. Computers and Electronics in Agriculture, 2008, 61(2) : 233 -240.

[33] ZHANG A L N, WU B P, JIANG C X H, et al. Development and validation of a visual image analysis for monitoring the body
size of sheep[J]. Journal of Applied Animal Research, 2018, 46(1) . 1004 - 1015.

[34] HANSEN M F, SMITH M L, SMITH L N, et al. Automated monitoring of dairy cow body condition, mobility and weight using
a single 3D video capture device[ J]. Computers in Industry, 2018, 98. 14 - 22.

[35] wi&Fst, XINI, ®IkME, 5. JET =40 dt iy U 4R R s Bl 7 vk [T ], AR B4 4z, 2020, ST(3ET) 1) : 378 - 384.
CHU Mengyuan, LIU Gang, SI Yongsheng, et al. Predicting method of dairy cow weight based on three-dimensional
reconstruction| J ]. Transactions of the Chinese Society for Agricultural Machinery, 2020, 51 ( Supp. 1):378 - 384. (in
Chinese)

[36] WRik, xJemr, TRWIER, 4. BT 96050 HI0Y A PR R B A5 0 5 s [T ], Al HLA 4k, 2021, 52(4) : 266 -275.
CHEN Jia,LIU Longshen, SHEN Mingxia, et al. Breeding white feather broiler weight estimation method based on instance
segmentation[ J]. Transactions of the Chinese Society for Agricultural Machinery,2021,52(4) ;266 —275. (in Chinese)

[37] skdtde, BEfil, MO, ETRESHME N EREEEMMT]. PERL K%M, 2021, 26(8) : 111 - 119.
ZHANG Jianlong,JT Hengyi, TENG Guanghui. Weight estimation of fattening pigs based on deep convolutional network[J].
Joural of China Agricultural University, 2021, 26(8): 111 —=119. (in Chinese)

[38] YAN Q, DING L, WEI H, et al. Body weight estimation of yaks using body measurements from image analysis[J].
Measurement, 2019, 140 76 - 80.

[39] WEBER V A D M, WEBER F D L., GOMES R D C, et al. Prediction of Girolando cattle weight by means of body
measurements extracted from images[ J]. Revista Brasileira de Zootecnia, 2020, 49 ¢20190110.

[40] YOSHIDA K, KAWASUE K. Robust 3D pig measurement in pig farm [ C] // Proceedings of the European Conference on
Computer Vision (ECCV) Workshops, 2018.

[41] WEALES D, MOUSSA M, TARRY C. A robust machine vision system for body measurements of beef calves[J]. Smart
Agricultural Technology, 2021, 1. 100024 - 100030.

[42]  JHHTT, BEWIMG, 204E, . KT 2 R Retinex BRI 00 £ R R S BOCH M 4 [J]. hEAR L K224, 2018,
23(9) . 156 - 165.

ZHOU Yanqing,XUE Heru,JIANG Xinhua,et al. Non-contact measurement of sheep body size based on multi-scale Retinex
image enhancement[ J]. Joural of China Agricultural University, 2018, 23(9): 156 —165. (in Chinese)

[43] SHI C, ZHANG J, TENG G. Mobile measuring system based on LabVIEW for pig body components estimation in a large-scale
farm[ J]. Computers and Electronics in Agriculture, 2019, 156 399 —405.

[44] PEZZUOLO A, MILANI V, ZHU D, et al. On-barn pig weight estimation based on body measurements by structure-from-
motion (SfM)[J]. Sensors, 2018, 18(11): 3603 -3615.

[45] PEZZUOLO A, GUARINO M, SARTORI L, et al. On-barn pig weight estimation based on body measurements by a Kinect vl
depth camera[ J]. Computers and Electronics in Agriculture, 2018, 148 29 - 36.

[46] WK, 2EEEE, XN, 45 BT Kinect ALY ARSI 5K R R [ T]. fllk BU 24, 2019, 50(1) : 58 -65.

ST Yongsheng, AN Lulu, LIU Gang, et al. Ideal posture detection and body size measurement of pig based on Kinect[ ]J].
Transactions of the Chinese Society for Agricultural Machinery, 2019, 50(1) :58 —=65. (in Chinese)

[47] MORTENSEN A K, LISOUSKI P, AHRENDT P. Weight prediction of broiler chickens using 3D computer vision [ J].
Computers and Electronics in Agriculture,2016,123; 319 - 326.

[48] RUCHAY A, KOBER V, DOROFEEV K, et al. Accurate body measurement of live cattle using three depth cameras and non-
rigid 3-D shape recovery[ J]. Computers and Electronics in Agriculture, 2020, 179 105821 - 105831.

[49] WANG K, GUO H, MA Q, et al. A portable and automatic Xtion-based measurement system for pig body size[ J]. Computers
and Electronics in Agriculture, 2018, 148 291 —-298.

[50] Ewr, sF8k, Dk, S T RMMAZERNE AR EITET] RS, 2018, 49(3) . 187 - 195.
WANG Ke,GUO Hao,MA Qin,et al. Pig body size measurement method based on mirror reflection of single angle point cloud
[J]. Transactions of the Chinese Society for Agricultural Machinery,2018,49(3) :187 —195. (in Chinese)

[SU]  sF¥k, Sk, skMER, 55 JET =4 m AWk RORBUSR BRI RS [T]. R4z, 2014, 45(5) : 227 -246.

GUO Hao,MA Qin,ZHANG Shengli, et al. Prototype system of shape measurements of animal based on 3D reconstruction[ J].
Transactions of the Chinese Society for Agricultural Machinery, 2014, 45(5) . 227 -246. (in Chinese)
[52]  =%if, EMS, Dk, 55 BT IRE RGBT S Ar R AR [ T]. R HUAEIR , 2013, 4(34 7] 1)« 273 -276.



510 M WAKEE 55 IR T HLAS AL OE 1Y 7R 8 1A T 1 TT A AT S 0 e 13

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[69]

[70]

[71]

[72]

[73]

GUO Hao, WANG Peng,MA Qin,et al. Acquisition of appraisal traits for dairy cow based on depth image[ J]. Transactions of
the Chinese Society for Agricultural Machinery, 2013, 44 ( Supp. 1) : 273 =276. (in Chinese)

ZHANG J, ZHUANG Y, JI H, et al. Pig weight and body size estimation using a multiple output regression convolutional
neural network : a fast and fully automatic method[ J]. Sensors, 2021, 21(9) . 3218 -3230.

KAMCHEN S G, FERNANDES DOS SANTOS E, LOPES L B, et al. Application of depth sensor to estimate body mass and
morphometric assessment in Nellore heifers[ J]. Livestock Science, 2021, 245 104442 - 104448.

XU, BEOCHE, sk R, 45 BT BB ikihm =i 5N AT]. RV, 2014, 45(6) : 291 -295.

LIU Tonghai, TENG Guanghui,ZHANG Shengnan, et al. Reconstruction and application of 3D pig body model based on point
cloud data[ J]. Transactions of the Chinese Society for Agricultural Machinery,2014,45(6) :291 —295. (in Chinese)
HUANG L, GUO H, RAO Q, et al. Body dimension measurements of qinchuan cattle with transfer learning from LiDAR
sensing[ J]. Sensors, 2019, 19(22): 5046 —5065.

HUANG L, LI S, ZHU A, et al. Non-contact body measurement for qinchuan cattle with LiDAR sensor[J]. Sensors, 2018,
18(9): 3014 -3034.

LE COZLER Y, ALLAIN C, XAVIER C, et al. Volume and surface area of Holstein dairy cows calculated from complete 3D
shapes acquired using a high-precision scanning system: interest for body weight estimation[ J]. Computers and Electronics in
Agriculture, 2019, 165: 104977 — 104984.

PEREZ-RUIZ M, TARRAT-MARTIN D, SANCHEZ-GUERRERO M J, et al. Advances in horse morphometric measurements
using LiDAR[J]. Computers and Electronics in Agriculture, 2020, 174 105510 - 105517.

LE COZLER Y, ALLAIN C, CAILLOT A, et al. High-precision scanning system for complete 3D cow body shape imaging and
analysis of morphological traits[ J]. Computers and Electronics in Agriculture, 2019, 157, 447 —453.

FERNANDES A F A, DOREA J R R, FITZGERALD R, et al. A novel automated system to acquire biometric and
morphological measurements and predict body weight of pigs via 3D computer vision[ J]. Journal of Animal Science, 2019,
97(1) . 496 —508.

BHOJ S, TARAFDAR A, CHAUHAN A, et al. Image procesing strategies for pig liveweight measurement; update and
challenges[ J]. Computers and Electronics in Agriculture, 2022, 193: 106693 - 106704.

WHIEE, K, OKINDA C, 5§, 3T iR 2 &M & W 4 00 AR A7 B bR SR 7wk [T]. R HLA A= 31, 2019,
50(8): 271 -279.

SHEN Mingxia, TAI Meng, OKINDA C,et al. Real-time detection method of newborn piglets based on deep convolution neural
network[ J ]. Transactions of the Chinese Society for Agricultural Machinery, 2019,50(8) :271 —279. (in Chinese)

et &%, KM, & TR =R B AEFMARY 4 SR XEEEr[T]. R, 2018,
49(6) . 225 -231.

HE Dongjian,NIU Jinyu, ZHANG Ziru, et,al. Repairing method of missing area of dairy cows’ point cloud based on improved
cubic B-spline curve[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2018, 49 (6) . 225 - 231. (in
Chinese)

ZHIKUN W, JINCHENG Y, LING Y, et al. Improved hole repairing algorithm for livestock point clouds based on cubic B-
spline for region defining[J]. Measurement, 2022, 190 110668 - 110678.

B K, BRER, EEM LA T R AT 09 M R B E A G A S A S A2 [ T]. R B4R L 2021, 52(34
F)) . 81 - 88.

LI Mengfei, KANG Xi, WANG Yanchao,et al. Side-view point cloud completion method combining cubic B-spline curve fitting
and edge detection based on threshold analysis[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2021,
52(Supp. ) : 81 —88. (in Chinese)

WONGSRIWORAPHON A, ARNONKIJPANICH B, PATHUMNAKUL S. An approach based on digital image analysis to
estimate the live weights of pigs in farm environments[ J]. Computers and Electronics in Agriculture, 2015, 115 26 - 33.
ST, BRI, MR, 45, B T B Graph Cut B LM EGRFI[T]. R RE2R(AARR AN,
2018, 46(2): 123 -127.

ZHOU Yanqing, XUE Heru, PAN Xin, et al. Sheep image segmentation based on proposed Graph Cut algorithm[ J]. Journal
of Huazhong University of Science and Technology ( Natural Science Edition) , 2018, 46(2) : 123 —127. (in Chinese)

SHI S, YIN L, LIANG S, et al. Research on 3D surface reconstruction and body size measurement of pigs based on multi-view
RGB — D cameras[ J]. Computers and Electronics in Agriculture, 2020, 175 105543 - 105552.

COMINOTTE A, FERNANDES A F A, DOREA J R R, et al. Automated computer vision system to predict body weight and
average daily gain in beef cattle during growing and finishing phases[ J]. Livestock Science, 2020, 232, 103904 - 103943.
NISHIDE R, YAMASHITA A, TAKAKI Y, et al. Calf robust weight estimation using 3D contiguous cylindrical model and
directional orientation from stereo images [ C] // Proceedings of the Ninth International Symposium on Information and
Communication Technology, 2018 208 —215.

B, SRAksE, BE, S BETIRIE ST ROREAE ARSI r B 5 (1] R AR, 2019, 50(4) ¢ 179 - 187.

GAO Yun,GUO Jiliang, LI Xuan,et al. Instance-level segmentation method for group pig images based on deep learning[ J].
Transactions of the Chinese Society for Agricultural Machinery, 2019,50(4) :179 —187. (in Chinese)

B, NS, LS. B TR BTN M4 0 A R R E S AR BUREA [T ). A HLAR AR, 2021, 52(6) ¢
259 -267.



14 PSS A1 M | = O 14 20224
DUAN Enze ,FANG Peng, WANG Hongying, et al. Meat rabbit image segmentation and weight estimation model based on deep
convolution neural network[ J . Transactions of the Chinese Society for Agricultural Machinery, 2021,52(6): 259 —267. (in
Chinese)

[74] ZHANG Z, ZHAN Y, HAN Y, et al. Estimation of liveweight from body measurements through best fitted regression model in
dezhou donkey breed[ J]. Journal of Equine Veterinary Science, 2021,101: 103457 - 103463.

[75] SAMPERIO E, LIDON I, REBOLLAR R, et al. Lambs’ live weight estimation using 3D images[ J]. Animal, 2021, 15(5)
100212 - 100219.

[76] SANT’ANA D A, PACHE M C B, MARTINS J, et al. Weighing live sheep using computer vision techniques and regression
machine learning[ J]. Machine Learning with Applications, 2021, 5. 100076 — 100086.

[77] KADER ESEN V, ELMACI P D C. The estimation of live weight from body measurements in different meat-type lambs[ J].
Tarim Bilimleri Dergisi, 2021,27(4) . 469 —475.

[78] MEIER S, KUHN-SHERLOCK B, AMER P A, et al. Positive genetic merit for fertility traits is associated with superior
reproductive performance in pasture-based dairy cows with seasonal calving[ J]. J. Dairy Sci., 2021, 104(9): 10382 -
10398.

[79] LIG, LIU X, MA Y, et al. Body size measurement and live body weight estimation for pigs based on back surface point clouds
[J]. Biosystems Engineering, 2022, 218 . 10 -22.

[80] SONG X, BOKKERS E A M, VAN MOURIK S, et al. Automated body condition scoring of dairy cows using 3-dimensional
feature extraction from multiple body regions[ J]. J. Dairy Sci. , 2019, 102(5) : 4294 —4308.

[81] PRASHAR A, HOCKING P M, ERICHSEN J T, et al. Common determinants of body size and eye size in chickens from an
advanced intercross line[ J]. Exp. Eye Res., 2009, 89(1) . 42 -48.

[82] s, MWE, BWHWH, & ETHRERGBEGI RS T]. RVPMAR, 2016, 47(3) : 311 -318.
LI Zhuo, DU Xiaodong, MAO Taotao, et al. Pig dimension detection system based on depth image[ J]. Transactions of the
Chinese Society for Agricultural Machinery, 2016, 47(3): 311 —=318. (in Chinese)

[83] W4, ZHon, ML, 5. ZWMIKE MR =48 Z T SRR & [T]. £l T2, 2019, 35(23) .
201 -208.
YIN Ling, CAI Gengyuan, TIAN Xuhong, et al. Three dimensional point cloud reconstruction and body size measurement of
pigs based on multi-view depth camera[ J]. Transactions of the CSAE, 2019, 35(23): 201 —208. (in Chinese)

[84] GUO H, LIZ, MA Q, et al. A bilateral symmetry based pose normalization framework applied to livestock body measurement
in point clouds[ J]. Computers and Electronics in Agriculture, 2019, 160 59 - 70.

[85] WANG K, ZHU D, GUO H, et al. Automated calculation of heart girth measurement in pigs using body surface point clouds
[J]. Computers and Electronics in Agriculture, 2019, 156 565 —573.

[86] ZHANG L N, WU P, WUYUN T N, et al. Algorithm of sheep body dimension measurement and its applications based on
image analysis[ J]. Computers and Electronics in Agriculture, 2018, 153 33 —45.

[87] JUNK, KIM SJ, JI HW. Estimating pig weights from images without constraint on posture and illumination[ J]. Computers
and Electronics in Agriculture,2018, 153:169 - 176.

[88] WPB P, ILHAM F. Principal component analysis of body measurements and body indices and their correlation with body weight
in Katjang does of Indonesia[ J]. Journal of Dairy, Veterinary & Animal Research, 2019, 8(3) . 124 — 134.

[89] SHI C, TENG G, LI Z. An approach of pig weight estimation using binocular stereo system based on LabVIEW [ J].
Computers and Electronics in Agriculture,2016,129 .37 —43.

[90] WANG Z, SHADPOUR S, CHAN E, et al. ASAS—NANP SYMPOSIUM ; applications of machine learning for livestock body
weight prediction from digital images[ J]. Journal of Animal Science, 2021, 99(2) . 1 -15.

[91] HAKEM M, BOULOUARD Z, KISSI M. Classification of body weight in beef cattle via machine learning methods a review
[J]. Procedia Computer Science, 2022, 198 . 263 —268.

[92] AL ARD KHANJI M S, LLORENTE C, FALCETO M V, et al. Using body measurements to estimate body weight in gilts[ J].
Canadian Journal of Animal Science, 2018, 98(2) : 362 - 367.

[93] XAVIER C, LE COZLER Y, DEPUILLE L, et al. The use of 3-dimensional imaging of Holstein cows to estimate body weight
and monitor the composition of body weight change throughout lactation[ J]. J. Dairy Sci. , 2022,105(5) :4508 —4519.

[94] SABBIONI A, BERETTI V, SUPERCHI P, et al. Body weight estimation from body measures in Cornigliese sheep breed[J].
Italian Journal of Animal Science, 2019, 19(1): 25 - 30.

[95] CONDOTTA ICF S, BROWN-BRANDL T M, SILVA-MIRANDA K O, et al. Evaluation of a depth sensor for mass estimation
of growing and finishing pigs[ J]. Biosystems Engineering, 2018, 173 11 - 18.

[96] Z=ul, B¥E, XNENE, S JETHLESIUGE 058 (R BT AR AL LB SO0 [T . Al T #2453k, 2015, 31(2) : 155 - 161.
LI Zhuo, MAO Taotao, LIU Tonghai,et al. Comparison and optimization of pig mass estimation models based on machine vision
[J]. Transactions of the CSAE,2015,31(2): 155 -=161. (in Chinese)

[97] MARTINS B M, MENDES A L. C, SILVA L F, et al. Estimating body weight, body condition score, and type traits in dairy
cows using three dimensional cameras and manual body measurements[ J|. Livestock Science, 2020, 236 104054 - 104064.

[98] TYASIT L, EYDURAN E, CELIK S. Comparison of tree-based regression tree methods for predicting live body weight from

morphological traits in Hy-line silver brown commercial layer and indigenous Potchefstroom Koekoek breeds raised in South
Africa[ J]. Trop Anim. Health Prod. , 2020, 53(1): 7 - 14.



510 M WAKEE 55 IR T HLAS AL OE 1Y 7R 8 1A T 1 TT A AT S 0 e 15

[99] RUCHAY A, KOBER V, DOROFEEV K, et al. Comparative analysis of machine learning algorithms for predicting live weight
of Hereford cows[ J]. Computers and Electronics in Agriculture, 2022, 195; 106837 - 106842.

[100] HUMA Z E, IQBAL F. Predicting the body weight of balochi sheep using a machine learning approach[ J]. Turkish Journal
of Veterinary and Animal Sciences, 2019, 43(4); 500 —506.

[101] CELIK S, YILMAZ O. Prediction of body weight of turkish tazi dogs using data mining techniques: classification and
regression tree ( CART) and multivariate adaptive regression splines ( MARS) [ J]. Pakistan Journal of Zoology, 2018,
50(2): 575 -583.

[102] VAN DER HEIDE E M M, VEERKAMP R F, VAN PELT M L, et al. Comparing regression, naive Bayes, and random
forest methods in the prediction of individual survival to second lactation in Holstein cattle [ J]. J. Dairy Sci., 2019,
102(10) ;: 9409 —9421.

[103] LIAKOS K G, BUSATO P, MOSHOU D, et al. Machine learning in agriculture: a review[ J]. Sensors, 2018, 18(8) : 2674
-2702.

[104] ALONSO J, CASTANON A R, BAHAMONDE A. Support vector regression to predict carcass weight in beef cattle in advance
of the slaughter[ J]. Computers and Electronics in Agriculture, 2013, 91 116 - 120.

[105] MA Y, CHEN X, ZHANG W, et al. An approach of on-barn pig weight estimation via 3D computer vision by KinectV2[C] //
2020 ASABE Annual International Virtual Meeting, 2020.

[106] X[, 4650, BOGHE, 4. JET RBF M4 MR R E B[], PR, 2013, 44(8) : 245 -249.

LIU Tonghai, LI Zhuo, TENG Guanghui, et al. Prediction of pig weight based on radical basis function neural network[ J].
Transactions of the Chinese Society for Agricultural Machinery, 2013, 44(8) . 245 —249. (in Chinese)

[107]  E#k, IMEIE, 22305, 5. B TR B EGOR BP M2 W 25 09 A XS R 0 & A W B [ 1], el TR % 4k, 2017,
33(13): 199 -205.

WANG Lin, SUN Chuanheng, LI Wenyong, et al. Establishment of broiler quality estimation model based on depth image
and BP neural network[ J]. Transactions of the CSAE, 2017, 33(13): 199 —205. (in Chinese)

[108] MILLER G A, HYSLOP J J, BARCLAY D, et al. Using 3D imaging and machine learning to predict liveweight and carcass
characteristics of live finishing beef cattle[ J]. Frontiers in Sustainable Food Systems, 2019, 3. 30 - 38.

[109] BHATT C, HASSANIEN A E, SHAH N A, et al. Bargi breed sheep weight estimation based on neural network with
regression[ J]. arXiv preprint, arXiv:1807. 10568, 2018. https: // doi. org/10. 48550/arXiv. 1807. 10568.

[110] SHEN M, OKINDA C, LIU L, et al. Swine live weight estimation by adaptive neuro-fuzzy inference system[J]. Indian
Journal of Animal Research, 2018, 52(6): 923 —928.

[111] FERNANDES A F A, DOREA J R R, VALENTE B D, et al. Comparison of data analytics strategies in computer vision
systems to predict pig body composition traits from 3D images[ J]. Journal of Animal Science, 2020, 98(8) : skaa250.

[112] GJERGJI M, WEBER V, SILVA L, et al. Deep learning techniques for beef cattle body weight prediction[ C] // 2020
International Joint Conference on Neural Networks (IJCNN) , 2020.

[113] TAN M, LE Q. Efficientnet; rethinking model scaling for convolutional neural networks[ C] // International Conference on
Machine Learning, 2019, 6105 - 6114.

[114] YU X, YU Z, RAMALINGAM S. Learning strict identity mappings in deep residual networks[ C] // Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, 2018 ; 4432 —4440.

[115] CHOLLET F. Xception; deep learning with depthwise separable convolutions[ C] // Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, 2017 1251 - 1258.

[116] SANDLER M, HOWARD A, ZHU M, et al. Mobilenetv2; inverted residuals and linear bottlenecks[ C] // Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition, 2018 4510 - 4520.

[117] HUANG G, LIU Z, VAN Der MAATEN L, et al. Densely connected convolutional networks[ C] // Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, 2017 ; 4700 —4708.

[118] MECKBACH C, TIESMEYER V, TRAULSEN I. A promising approach towards precise animal weight monitoring using
convolutional neural networks[ J]. Computers and Electronics in Agriculture, 2021, 183, 106056 — 106065.

[119] HE H, QIAO Y, LI X, et al. Automatic weight measurement of pigs based on 3D images and regression network [ J].
Computers and Electronics in Agriculture, 2021, 187: 106299 - 106304.

[120] CANG Y, HE H, QIAO Y. An intelligent pig weights estimate method based on deep learning in sow stall environments[ J].
IEEE Access, 2019, 7. 164867 — 164875.

[121] e, eWiEE, xdem, & P MK MG T 0 A F R EEMNAELT]. b EREKRS¥S%R, 2021,
26(7): 107 -114.

ZHUANG Chao,SHEN Mingxia, LIU Longshen,et al. Weight estimation model of breeding chickens based on neural network
and machine learning[ J]. Joural of China Agricultural University,2021,26(7) :107 —114. (in Chinese)

[122] QIAO Y, TRUMAN M, SUKKARIEH S. Cattle segmentation and contour extraction based on Mask R — CNN for precision
livestock farming[ J]. Computers and Electronics in Agriculture, 2019, 165 104958 — 104966.



