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Fig. 1 Extraction process of pig body temperature
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Table 3 Application of object detection on pig behavior recognition
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55T Mask R-CNN (1948 H 92l 43 #1580k . B
R-CNN 5% HOC R sk I 383, DA Rt i 3% 1
ResNet 4% HBT i Al 11080, iR A 7E AR 1Y 1

TR 22 352 kg, FH LN E IR EN
2.82%, BRI AR AN 2 iR . B AR AR T
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e, BERTE MR R T O (IR, BT AR
%, HOVF BT 22 0 2.58%, T4 X iR 2= R
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i o 2 RERRE FUAR R AT AR, F A B T
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220296 kg, K545 T HAh - F A RE RIEER 2 H
HIBFT
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::::::::

Y/
'--

\4 sk R -CNN

Body mass estimation

B2 2R EN AR RAZH

Fig. 2 Flow chart of pig weight measurement model
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Table 5 Application of image segmentation on pig detection

N H E = DTN RS SrERENTERR AR %
A i 2 7% VGG16+FCN MIoU 95.16
. YANG %”‘”7 FCN MIoU 95.00
A A R AT VGG16+UNet MIoU 86.60
BRUNGER !/ k2% W 2% 34 )7 (Residual Network with 34 Layers, ResNet34)+UNet AR 95.86
LI%0] Mask R-CNN SEHGERERE 83.83
g et ) Mask R-CNN R R 85.40
[P R FPN+Mask R-CNN HER R 89.25
Sl | g tes) ResNet50+Mask R-CNN+JE# 5% 22 1 & /7 (Recurrent Residual Attention, RRA) AP 89.20
HU 205) XX?IE’%jJHL%’Jﬁﬂ%(Du?I Attention Module, DAB )+ResNet101+7E 5T 55 298¢ AP 9310
(Hybrid Task Cascade, HTC )+Mask R-CNN
TU ) HEAEIT-5> R-CNN(Mask Scoring R-CNN, Ms R-CNN) -+l KA ##1 (Soft " 0411

Non-Maximum Suppression, soft-NMS)

PG FIBORAE R HR I U 2P B Xﬁj\iJ
Y EIPIR 3, HWWAG T BB R . KX
sy #lil i FCN, U-Net S5 BERYSCHUE H 51 5= 1R
RYIX ),

SE Y AE I H (Mean Intersection over

Union, MIoU) &3 GEIAE] 90% VL I, St o
B BRI AR T SR By, AR R R
W P A A A T e A AR . S A A
Mask R-CNN M H AR A% 0, #E— 20508 T
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KONGSRO " ### T 1/~ 3£F Microsoft Kinect #1%
SLBEARGAIMNRERG )RR RS, H T R RE

______________ LBD
s \ SSDA
i 3D photography | b. Unlabeled dataset
| [E——
! ' ,
| B | |
: '
: :
: :
l K \

LBD
a. Image collection SSDA

d. Instance segmentation

g, RS B R 3R TR 1 4%~5%. R4 B Al
T 10 3k 14~25 J I 9K U 9 RURINA S, SHI
S R T — M 3L T LabVIEW B ST AR &R
%i. PEZZUOLO % ™ &% A ROIE 4 fuh =L
[a] &, 38 dis FH Kinect TREEARAL, it 75 R
PR . KBRS B vk, A T 2R IR A
AELPERTAY ;. PRASASIR AAt 00 { b SI {8 1) ~F- 34 4
XiF 15 22 435 R 10% . 40%. CANG %5 ' H br ks
DU [R]85 A 2G5, E X SR B REAG T )
M, BRI TR S I Wik, i A R
B A TR GRS T 3000, 0 6 1 P 38 268 %o 13
254 0.644 kg, 2 P EA R TRE ER B8 R
JE B AR, R T ST AR 0 T R A R A A A
5%, MR F2 o — i AR A, Ay
(S-SRI 254 2.02% . NRRAE ) HEH T —Fp
BT R EUS A5 RARE A i, i R oG
J X2 /4 (Keypoint R-CNN) X 5% H i
FE BRI TACER, SO HOCHESE B, dE kR
X E(E BB HAR RURRIE R, A4S 2058 R AR
H . TANSE " g3 T8 g 0 F Al 350 aff
R0 G E A, RIS sh 5 H e 21
MU BEAR B, Wi TR TR 8 gss HAk
WAL (Moving Pig Weight Estimate Algorithm
Based on Deep Vision, MPWEADV ), 1Z 5 4 5
A T RGB AR ERI G R . B 32Xzt
AR

pom= » “M34kg
- - =
116 kg
!\ Segmentation dataset, KeyPoints dataset Weight dataset
c. Annotated dataset
\‘ ____________
- 1 1
| e B i
1 1 £
i
g ; 134 kg
- ) | —
; v —
it 1 o
i | 116 kg
v T

e. Mask extraction an
image preprocessing

f. Key-point base:
image filtering

g. Weight estimation

B3 AT RGB-D #8945 3h 1 K E 4+ I ik A A2
Fig. 3 Flow of the moving pig weight estimation algorithm based on RGB-D data
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L BERES DR A W R R T R 45 R BRAE B
HRERUEAE L, 5= 80 e 0% BRI = 44
i, AREBATHES . TR T S EAE
HIERAE R, BB ARPLLE 3 A R A B2 AR UR)
Wz, A RAKEE . B R v
FIE N %505 . OKAYAMA %5 ¢ 35 o ) I % B 5%
BHLNLES b il Rk, Ry Haa s
THRAAR, R R s BRI T B3R
IEFEAT AR R, i il PR S AR S0 2
PR A T 73 BT AR, SR AR XS 1% 22 6.13%. LI
A5 L7 S T R A A i,
ARSI B e 7 N e 2 Al = B ey
[\ 3 i At T FAR B, 75 AR i Y- 4
Y X525 2.96 kg, LIU%F P P T —Fi I T4
W SR A TR G =4S = Wik, il
PRl T GETTHIE P AL T8 B R RS0 (Density-
Based Spatial Clustering of Applications with Noise,
DBSCAN), #4% K 50 2 8005 B B 2 10 2% 4
BUHFAE AT, SELLEAE ™ $#& H 5 F 4 itk
R = eI Ay ik, AT R ALy
fiE, I 38 a2 P 1R] 05 S B0 4K B GRS ME SR . LIN
S U SET IR AN B AR, A R AR Y
W= s AR, IR R Z [l )RR X g
PR JEAT T A i ERBORTE A R A
HP R B B e ARG B AR A DI, (B A S B o ]
PSR Z B H—, R MR RS S Z
P OLIRANZ Sh BB m, SRR R EEAE
o, K, OREEA . RBIFNA: K B s RAFETE
BEER, KAZAREOARE. =, madR—
AR B IR B 5L, s A PR TR 5 ) T
K, BRG T RMBSE RSN Al sz i
st . REEARMATHEESE, WA XS 1L
e 2 22

1.4 ETAFBERSFHOEREUER

AT AL RS R 2, RA SR
SRR T RE R HL T HAR . BEIE BB 3h M f ek
DL IR AL IR A, EATI4% A LA D7 s 14
NI AR, PEREY I (Internet of Things, IoT)
AR GHMBE AR L, HAREEERUNTG . 5T
e, HAZTISWIE R ETEERE, EZ P
g HAE IR e 7 % .

AR BEH-AR 4R 1 1 22 Tl 12 2 i M el £ A B
AISEIN SRS H IR . BEha . SRE T NS4 HE

B, it i 2 o5 AR (Long Range,
LoRa) . # #F ¥ Bt W (Narrowband Internet of
Things, NB-1oT) SR HFE | 38k W B2 A 52 A48 1%
B o R RE H AR R N B A RS A R AL S
Fg o LR , RREAUINER AR AL R R
FHEC HL 280 B ML 8 5 LR 5, PR B AL
AR, il s shBds . R ook an i
I R % (Negative Temperature Coefficient, NTC)
p2 8GN R GNP EE 7 P/ S N g e e 7 )
Ak, JHC L BH B I R RO AR Al R LR
FHARfLEE M RS, AR, B IR AL
Wi OCZAKSE " &P XS BEAE LB 2Rl 2
T — T A s R A ) A
%, R SAEAS SUIIE, 152 BAR S ZEUERG R Ny
70%. SCHEEL 4§ "' kT H- A5 it B2 $dls T & 1
—FVREFR R AT A I R S . %5 aE kXA
AR S0 B ) PP 91 R A T /N AR 48, 7R T B T
FHE R . A2 S5 M 2GR E 781, I
3 i 3550 KT 4 W IR A PR AR b S BB A T A N
IFGY & IR B A T 20 5 it SR A ) R A S (A7 A o 2%
S (¥{H4r0 4 8.8 F10.8) . DE BRUIIN % " JF
KT —MEET H4R %] (Radio-Frequency Identifi-
cation, RFID) H-br (1) & A4 fdt 5 W DA Y, 3 2o
itk H B PORUCE . [ PRI TS84T R, 25
B RR S UEPAS L I R T, BuERE], BRI
HEET UCER Y W AR 5 1 38 93%~99% ., BEAT R
@R, HRAEAREARG L KEIE,
HUANG &5 " 4 ) 1 56 T H AR Bl 19 A 4 1 sk
FS5RIBAAC AT, RS RE I H OB T A
RLPEFNES ] P80 5387, FH TR 548 A S5 8 JE TE
TG B AR A AL 22 5, BEMLARARIR L
X TE H R R S R I 03 2R MER RO 87.9%. YIN
A 0D R R RS EERR AR A L TE s B, A St
Sy T S HLARF 2 IR X R REIR B AT 42
b o R A 2 ) 286 - K T A2 N 4 - T P
(CNN_LSTM_Attention, CLA) # %I fiy i i K Ky
89.3%. A ZF WAL JRCA B N L R M 0 ok T i
FEAL . SEEHME Y B OL A, ABAE PR AT AL
AR T, RIS AR T 5 kA
% PIREUES T, gL Hak, K
Pk TRV T R XA L7 A g T8 s o R 4461 4

1.5 EREREFEFREONE X
R SR AT RT, AT ARG PR



Vol. 8, No. 1

HPESRAE AR BRI BRI T R S AR SR 95

ST AT PEWGE P, AT B MR U . TR
A T T SR m AL (Support Vector Ma-
chines, SVM) Bk AT R RS (I #5 d Al 2k, SR H]
M SR AR 335 Z BRI R A o AT U . AR
JE A SR T 2 2R R RIS M R AR, A
M R E AR, R IR Y O 2R 52
BT R ARG, BEAS 3 A KR AR SR
BFRGN 1R 92.4% 1 93.77%. J/NF-45 1 4 iy T
— R BE T 22 0 BRI AL AL BEPL AR AR (Differential
Evolution Optimization and Weighted Random forest,
DE-VRF) 945 5 7 MR, M A [R] ) 75
YEWFFEx 4, A F2 0003 o ik A BUS AR e S
ki A DE-VRF #EATYIZR ARG, A5 7 Xm0 %
996.34% . BT XFTERE B TR Lk % 22 o F v X 73
TE O FUORE 4 HURR 22 5 i IR &, FERRA-
RIAE 1 2 il ok 43 X s & 15 5 B iy 34 07
1R 22 AR AR U R A Z R B Tk .
TR DA TS Sl AU BT AR 1Y)
)8, CHUNG 4§ " $i th DS i i 7 e 4 i Afy
IR AR 1% R BUG L o3 )R SRR ) 0 0 A
(Support Vector Data Description, SVDD) 5. ¥ Fl ¥
i #2 ik /r2% (Sparse Representation-based Classifi-
er, SRC) Fykxipg Ky & AT U A2, LUl
FIWriE FOE AR . 26 E M R A U R R
EPR B2 BT R ] T Mobile Net V3 7 B2 i 25 [
2%, PR AT S BB R RO Bk 1 A R
T 94%, BEMSAR A M8 KR RS . 555
25 2 1) Mobile Net V2 25 5 5 H A 5 2E4 1R 531
A, EMERIIIE SVM, RF, B $2 7 ok 56 b
FAR s AT SRR L, RIS RE &, X 5w
M7 9 3 2R A R 97.3% 0 X4 F nZ i L1
), PLHIERAE Y AR TR TR EE A A 21 T
2, IR RS, SRR R IR D AR A
TR AR A3 RABURE AT 73 2612k, 28 1 1%
7 PR B 3R RO R 2430 R 97% AN
96.71%. WANG % "' $i i T —Ffols A I BLH Y
A= PR E 55 AR PRI b 4 RO TR S22 A BRI AR 235
A IRHERS T, SEL 7RIS HOn i i R R
H98.79% . BIASFIZENG B 1 i 1ok R R AR S AR A
ke xf g o HARE AT, SRUERFEN
87.654%, XIE&F ' ffi FHJ & A% Pl AL 48 s 1) 7 1k
e S8 R R B kR, WERR IR F] 93%., MA
S USRI T 2R R E RN SRl G HELE , @
o il MR AR AR 3% R %L (Mel Frequency Cepstral

Coefficients, MFCC) 55X} 5t /RAE A, 7E32brd:
FEAME T BT 94.32% B NZ KR IR B, IR eI
GRFEAR KRR IGO0 AR ORREE s e Re, g
WA A I T R AL T AT T A A
AR A = AR AE U HZ I e A SR AT R
LEBst R, B, B, BRI
BimiZe, WRWESBETIMISEE. £, 7
HOE AR ERI N T, BE A Rl & HL 3
e B, ARG RAERES (INFSEa g, (R
Z5) THE TR S 50 7R R SRR IR L 25
i, WAL . bAh, BUA BRI ) o —
WIESAT R, ZALRETIARE .
2 BWERNEE N AR

AR RE ARSI B AR (4 0 FH IE AR D % R, il ad
P et W R SRR R A A EE A, S AR
e R R 2 0 S B W RIORS VA B M i AR S R REAG:
WA R FE LR “oilizhae” 5 “#%3)
R 27 I . FiE BRI TR (anfk
& ARER), JEEEES TG 8N )
REsCMl ey n s, BRI .

21 HER®E

MR E RS A T I E 8 bR . B SN TR
FRCRACE K . AR, BT AL 2 1Y)
PrethER G IH L€, EFR L, Fancom 2 I
K T —">eYegrow ¥ R E R4, E&—1~ 3D
MLRSE, nTLLHSIFRE, MERMCRE 97% ", 1
[ H+L 7 ] 9 Hi 9 OptiSCAN {8 # X 3D #14L, #]
TERE & N B ROMEBEIRE, MRy
98% "', ) 7 F| PigBrother £ 4t il i M4 5 ML 5 2F
MSCEAEEH A ShihE . BHARFA A B PIGI R4
L ARG S a s FO HIE X Lk Al
B, EFE R R 98% L BbAh, i N I R
PR 13 £ A BR 2>\l 4 5 T EID Hog (Pig) Weigh
Crate, CHPMEH A HEMLPREEE, 456 HbriR5
DIfekic st HE i, R b2 kg ™ EERL
KEp GHAR A A BRA "l AR A ry Al B AL
RERETE AN [ PREE T SE B b B AR S A 3. AR
F T AU ConvNextV2 filt -G W 44 Al B 530k . i at
1 o HER AR SL R AR B, BEHUARK SR RURMIE 5
LR M FA T, FEOCIRAR L | HRASOR ]
FRARG R e WKITN B AL S A FEEL
Pty i g R, HY 1R 25 (Root Mean Square
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Fig. 4 Pig weight estimation
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Fig. 5 Animal health monitor
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B NI B L ) -FR 5 -3 (Proportional-In-
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Fig. 6 Different types of inspection robots
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Table 6 Research on intelligent testing equipment of pigs
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Table 7 Commercial intelligent testing equipment of pigs
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Research Progress and Future Prospects of Pig Intelligent
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Abstract: [Significance] The pig industry is a key sector of animal husbandry. With the continuous expansion of farming scale, tradition-
al manual inspection methods can no longer meet the demands of modern production in terms of efficiency, accuracy, and animal wel-
fare. In recent years, intelligent pig monitoring technologies based on multi-source data, such as images, depth information, sensors,
and sound, have developed rapidly, providing new solutions for health monitoring, behavior recognition, weight assessment, and phys-
iological state management during the farming process. As a crucial foundation for upgrading the pig industry toward intelligent and
precise farming, it is of significant value to systematically review the current research status, application progress, and future trends of
the technological system. [Progress] This paper focuses on the main research areas in intelligent pig monitoring, systematically sum-
marizes the commonly used data types and their applications in farming scenarios from the perspective of matching data sources with
application objectives. First, research based on infrared images mainly focuses on non-contact acquisition of body temperature infor-
mation, which is used for disease early warning and health monitoring, offering clear advantages in reducing stress responses and in-
creasing monitoring frequency. Second, visible-light images are widely applied in behavior recognition and health analysis, supporting
automated identification and quantification of behaviors such as feeding, resting, and aggression, thereby facilitating dynamic under-
standing of pig herd behavior patterns and changes. Third, depth images and three-dimensional information demonstrate unique value
in body measurement extraction and weight estimation, promoting the development of non-contact, continuous weight monitoring.
Fourth, wearable sensors enable continuous monitoring of pig's health, lameness risk, and daily behavioral rhythms by recording phys-
iological data such as body temperature, acceleration, and feeding activity in real time. Finally, audio signals, an emerging data type in
recent years, have shown potential in monitoring abnormal sounds such as coughing, providing a new approach for the early detection
of respiratory diseases. On this basis, this paper further summarizes the research and application of intelligent detection equipment.
Current equipment presents a development trend in two aspects: one focuses on single indicators such as body temperature and
weight, characterized by precise collection and rapid feedback; the other integrates multiple functions including image acquisition,
body temperature detection, behavior recording, and identity recognition through mobile platforms such as inspection robots, enabling
full-scenario and all-weather intelligent detection and improving the automation and refinement level of pig farm management. With
the growth of industrial demand, various types of equipment are gradually moving from laboratories to commercialization, providing
important support for intelligent breeding. [Conclusions and Prospects] Despite the rapid development of intelligent pig detection tech-
nology, multiple challenges still exist. At the data level, interference from lighting, occlusion, and noise in different scenarios can af-
fect the stability of detection results; at the hardware level, some equipment suffers from high costs and needs improvement in reliabil-
ity; at the model level, differences across pig farms, breeds, and growth stages still lead to insufficient adaptability; at the application
level, data continuity, system stability, and equipment maintenance costs in large-scale scenarios require further optimization. These
factors collectively restrict the large-scale promotion of intelligent detection technology in the industry. Future research directions will
exhibit the following common trends: First, achieving contactless operation and multi-scenario adaptability to minimize disturbance to
pigs and enhance stability in complex environments. Second, advancing the integration of multimodal data fusion and deep learning to
establish stronger correlations among multi-source data such as images, sensors, and audio. Third, developing individualized health
and growth models to provide a scientific basis for precision feeding and management.

Key words: intelligent pig detection; intelligent farming; multi-source data; intelligent detection technology; intelligent detec-

tion equipment
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