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ERRE TR BN ALE, FONHER R A]IE 96.7%. —
By B SEAE R I I TC 75 A BBk X 4k, B H AR
MEAFHEATIEE, 0 YOLO RAUGFIEDS, 450
FIF YOLOV3 BP0 A AR HEA T I, S5 BERE )R
BIKERELIEIE 95.16%. LT —FrBefiik, —rBuk
FRY s 0 o P B R

FEZ HFRRERTT I, DA 2 H PR ERER S B A R
Z TR EREE (Tracking by Detection, TBD) VE=,
Rl SDE (Separate Detection and Embedding) #7%, 4t H
oI gt AR 25 5, 2R T R R 2 PR SO & o A
R G B B AT BRER, @i SORT (Simple
Online and Realtime Tracking) P\, DeepSORT P¥ ik
S H AR AR IEREAT 2 H AR R EAT BRER, Horp
DeepSORT Hy%:7E SORT HyERIHEAN I, i8I S HUR
FURFESE T T 2 HASIERER R . dnsk gm0 A
itk YOLOV3 k454 DeepSORT HiEi AT A4 £ Hin
PREE, TR T CenterNet 45 &1L/t DeepSORT
FOEEAT WA A8 H bR ER R . EIR BT I SR R B B
AR, Sekeill R, H A A R R AR R ) 2 5 BER

PRI EENE, IR B S ERER SR .

AR B bR IS FRER A& 7E — N R, Fe
— PPy ARk SR AR 2 HARERER JDE (Joint
Detection and Embedding) 5%, 8 i — 4™ uif %o 3ty X 4% [F]
I H 2 B AR 202805 B L SHHERNAE ERAMIAE B,
DAY /D BV (RS AT I 1), Gk B SEp BRER 2R . 7EAH )
HI A FHRIG R 45 HFoKs TDE 595 5 SDE Bkt Xt b,
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Fig.1 Multiple object tracking algorithm for group-housed pigs based on Joint Detection and Embedding (JDE)
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Fig.2 Diagram of feature extraction network structure
& 1 Darknet-53 MK EHRESH
Table 1 Darknet-53 network structure parameters
47 Name LR 2NN BB AR JEBAR KN s
Output image size/Pixel Number of filters Filters size/Pixel Numbers

HHUZ 1 Conv layer 1 416x416 32 3x3 1

%2 2 Conv layer 2 208%208 64 3%3/2 1
%2 )7 1 Residual layer 1 208%208 32, 64 1x1, 3x3 1

HRUZ 3 Conv layer 3 104x104 128 3x3/2 1
5% #:)Z 2 Residual layer 2 104x104 64, 128 1x1, 3x3 2

HHRZ 4 Conv layer 4 52x52 256 3x3/2 1
5% Z )7 3 Residual layer 3 52x52 128, 256 1x1, 3x3 8

HRUZ 5 Conv layer 5 26%26 512 3x3/2 1
5% #:)Z 4 Residual layer 4 26%26 256, 512 1x1, 3x3 8

HHRUZ 6 Conv layer 6 13x13 1024 3x3/2 1
%2 )7 5 Residual layer 5 13x13 512, 1024 1x1, 3x3 4

1.3 HIEKRERIRR R R T 1 00 SRR T 1 O S
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A JIDE LR 2 B RZAT S A2, HA ol o\t T ) ol ) T aley T
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AR A, W (D) Pros.
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Forh R R O %, 1HR AR (2) PR,
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Kb M ONFINERE, N ORFEAREL v NS REL (0
B, o NEHIEL WEFEA N PESEENET ¢, W
yi=l, B =00 pi IITFEA i J& T 2850 ¢ FITAEE .

Ly I FHEE 2%, N smooth-L1 $12%, HH AR
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Fig.3 Pig object tracking process of Kalman filter combined with
Hungarian algorithm
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Table 2 Public dataset

e =P B T fiEa
Videos Day Night Sparse Dense

R R
Activity  Number of

level pigs
1 N — N — =1 7
2 \ — \ — fi% 7
4 v — — \ i 15
5 — \ v — s 8
6 \ — — \ = 16
7 y — — V e 12
8 — \ — v 1 13
9 v — — \ i 14
10 — R — \ e 14
12 N — — \ 1i% 15
15 — \ — v s 16

T %6, M FFmpeg S0/ 58 AR AR BT 46, M Ui
=OMEL. HR. BRI, 2 HHdEAESL 21 MR
Hilo SR JGFIFH DarkLabel A0 B AT hRyE, o, 2
FREREE 11 AN, 35 3 300 k%, B & 5dEE 10 4
g, 3L 1000 5k FaEIEEWE 4 . Xt
AN} 37 5 R R RS I RN BR R BE F7 . e BUAN [H] A ATk
TRARLIZATIIR, 2 5INGRMIA S 5. A
JEBE 3 AMRLE, HAPRe 1 DA 4. 6. 12 REE,
XA R R, HARMAUNIIZGE. K5 2 B
A 2. 5. 8 IRAR, A dis 5. 8 43 il A b i
5, O 2 AR, HRWSUNIIZE.
G 3 DLEEEERER 7 MO INASE (3. 11,
14, 16+ 18+ 19, 21D , F4h 3 MAURNNRLE (R
13 17, 200 o HAE RiEshK- e L. MR
N T LS R, EAK (10:00—12:30) 5 R
DU AT NEBINE, BRI B SO R AR I i 3l
KFo FEER (12:30—17:00) HAHE (17:00—20:00)
RIS ESEAT ARA B R (10:00—12:30) 15,
G [R] B s SO R BOR M B S iR B K. FEER
(7:00—10:00) ELARE (20:00—7:00) & R AR Al Be
AT REUL, PEMTONEZ, BRI B E O R B
M PRI YE 27K P

B4 ok
Fig.4 Part of the dataset

2.2 RWIME

ARSI AE [F]— TR b 5E R, BEARAC B 12th
Gen Intel(R) i9-12900KF CPU, NVIDIA GeForce RTX
3090 GPU, 32GB W7, 64 {ii Linux #:/E &4, Pytorch
A 1.7.1, Python kA 3.8, CUDA KA 11.0.

IR E B RSN 416x416 (85, fita
FE K /)N (Batchsize) % B N 32, #146%% 2] % (Learning Rate)
4 0.01, ZhE (Momentum) #E A 0.9, LIl 30 4
1 (Epoch) , fdFHBENLERE NFE%L (Stochastic Gradient
Descent, SGD) #EATHILAL, PRATUIZRISFE kG B A e (PR
TSRO AT B A
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2.3 FFNIERR
PRSI Z (Precision, P) , HAFIZHE (Recall, R)
FF 48 EE)MH (mean Average Precision, mAP) 3 ~§g
PR AR R Bk PR e o K A R T A R B ke
TAREFIAEEE, Wk (5) , Hrh DTP 244 Es R B Fx
g, DFP &R HirEE
p__ DTP
DTP+DFP
vl 27 AR R 6 O H AR A 1 78 BaRE 7, st
(6) , .+ DFN 2w Hbrdcs.
o__ DIP
~ DTP+DFN

S IATRE P YA AR A Ko A0 £ 288 31 5o I 1) S 440 4 BT
¥y, s (1, Hh PRYELIERIZR R A E, il
RPN R R

mAP = j; P(R)dR )

x100% (5

x100% (6)

P2 H AR IR ERFS B (Multiple Object Tracking
Accuracy, MOTA) A#lIDF1 134 (ID F1 Score) 1ENZ%
bR ERER 10 E EPP M Fabr. MOTA 1l & BREZ B34S I H 5
FOR RS BR R (7 BE . IDF 1 A5 N EREE HARbrS ID 1Y
F1 {6, HT5IATEREHbrbrS ID, IDF1 B HEMH R
LR ERBE 7). MOTA R AR (8) Fis.

>, (FP+FN+IDS)

Zzgt

A FP ATESS ¢ e B AR R EEL (ERFHPE) 5 FN ONTE

Wi H AR E BB (BB o IDS NFES ¢ Wirh FRIEE

Hirbrs ID KADIAIIRE g A& ¢ B Z00 2 F H Ax
IDF1 iHE AR (9 Friw.

MOTA =1- (8

~ 2IDTP
2IDTP+IDFP+IDFN

X IDTP A ID fR¥F A 45 G~ IE i B 2% 30 1) B
Fr &4, IDFP 4 ID O 47 A2 (45 5L N SR ER B = 1) B
Fr &40, IDFN O ID R ¢ A A2 (4% 5L BRER H A5 & 2k
S

IeAh, HARAH ST AR IS AW £ (Fragmentation,
FMD | FEEREEFIM HAS (Mostly Tracked Target, MT)
PR ER B LB LR T 80%) « 2 FE K H AR (Mostly
Lost Target, ML) (¢ ERER S| FIELZELLF /N T 20%) <
TR ERERZIM H bx (Partially Tracked Target, PT) (#7iR
EERIPUE LA KT 80% HAVNTF 20%) « —ZKERER
B H bRbRS ID RS (Identity Switches, 1DS)
PLS T B AL i (Frames Per Second, FPS) .

A SR B R AR S B bR PR R A 1 BRI 2 BT ik B
MOTA. IDF1 A1 FPS 14 EZ P FE bR, HiBILL FPLFN,
FM. IDS. MT. ML 48Rt TR R I PERE IS . e

IDF1 D)

MOTA. IDF1. MT F1 FPS #{8 = 5 AL 1 el i, FP.
FN. FM. IDS 1 ML #{f ek AT 14 G R 4t .

3 GR5S

3.1 JDE #REIRIGLE

JDE #& ARG 45 5 W3R 3. nT LUK B, A SCEVEAE
AFFEIEEF K mAP TIIEIET] 92.5%, WIKEE 2. 4.
6812 FLHIT mAP 4354 96.2%495.6%+96.1%+98.0%-
92.2%. XFHAR 5, H mAP N 77.0%, I %5 K2 i% 0
AT 3755 5 HABKATUA L 22 S 3, 3800 7 B A A il i
MESE, AE E AT H mAP FHEILF] 93.8%, Ak
-3 mAP 1A F 92.9%, KA IDE FiZk T A A 5 4%
Yy HLA B A e

% 3 IDE REM BRGNS R
Table 3 Object detection experiment results of the
Joint Detection and Embedding (JDE) model
%

s - " AR
Wit s I S T T Nl s
Test set Video Precision P Recall R . 8
Precision mAP
2 96.0 94.8 96.2
4 84.7 96.1 95.6
AFFEEE 5 81.2 79.2 77.0
Public dataset 6 96.2 95.1 9.1
8 99.2 87.9 98.0
12 83.2 93.6 922
13 99.5 90.9 94.8
H SRR
Private dataset 17 931 99.0 98.6
20 94.5 80.1 88.0

JDE AR EFEE AR 4 Fom. ATBAUREL, A
FFEHREES, WA 2. 4. 5. 6. 8. 12 ) MOTA 4l A
91.4%. 82.5%+ 59.2%. 90.8%. 94.2%. 74.4%, V-¥J
MOTA N 82.1%, fEHEHARLES, MM 13, 17. 20 1
MOTA 7514 84.4%. 88.1%. 90.2%, ¥ MOTA N
87.6%, MK ) MOTA N 83.9%. AN R #E 40 i) MOTA
7 AR 22 00 1) 2 B R O RS A SR BN ], A A
Ba. AR BR. sl %A R 0EseRE,
EME =TI E. R EBCONIE (e,
LT A) T, MOTA GG, 767 4
8 i, M RE B D B S ATt E/N, MOTA
W, N 94.2%. ERMEMAET S d, P 5T ™
#H, MOTA 1%, N 59.2%, #R#fE IDF1 1 FPS ] L
i, A& IDE BETE A AL+ IDF1 “F1{E
N 77.7%, FPS Y1 N 74.26 Wi/s, {8 &HE%Eh
] IDF1 V318 N 83.5%, FPS “Fi#ME K 73.19 Wi/s,
RAKSF-¥) IDFL {EN 79.6%, SAKF14 FPS fH N 73.9
Wi/s. w] LLE I, A3 IDE A3 K H AR B 1D BR &
K5 LA FPS 353k B4 = /KF,  Be % S SE bR 77 5 A 58
THIBETEE 2 B AR S RS, AP RS R
30 RS o B PR L BOR ST RR.
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Table 4 Multiple object tracking experiment results of the JDE model

FEWREE WM EERR

% HbRERERAE L BRSNS A

b A 10 1 | 8/

wm FEM e mmek Bl PO B ppes morse Multpleobjeet F S Frames per
. ig . False False . . . IDF1

Video numbers Mostly Partially ~ Mostly lost positive  negative ID switch ~ Fragmentation tracking score/% Second FPS/

tracked target tracked target  target accuracy/% (i-s™)

2 7 6 1 0 29 136 14 19 914 80.3 77.64
4 15 12 3 0 377 384 26 30 82.5 753 7247
5 8 4 4 0 438 497 40 51 59.2 59.2 76.46
6 16 14 2 0 115 285 39 63 90.8 75.1 71.56
8 13 13 0 0 104 108 15 26 94.2 94.1 73.88
12 15 12 3 0 847 286 14 45 74.4 822 73.55
13 14 11 3 0 24 185 14 84.4 79.1 71.19
17 5 5 0 0 24 31 9 88.1 88.3 75.73
20 8 6 1 1 6 57 5 90.2 83.1 72.66

R B RGBS 2 Fh oA Do a] AL 7 A &
RN 5 PR .

E: B HFRORE R ID 5, FIET S R Rk P oA SR R M iC
—/ANA TR ID 5, Bl (1. 20 3.0, XFJE SR TR I A R R
TR RS, ATRe XN A ID AR, R AN R
BT R, MR R ID SEASARRE ID 5, HEITH IR
THE,

Note: The number in the figure indicates the pig ID No., the first image detection
frame of the algorithm will assign an incremental ID No. from 1 to each pig, for
example (1, 2, 3...), when detecting and tracking the subsequent frames, due to
the movement of the pig, the ID of a pig may be identified incorrectly, at this
time to identify this pig as a new pig, the ID No. of the pig will change to the
wrong ID No. until all video frames are processed. Same below.

B 5 R G RMHAEE 5 A L T AL AT R
Fig.5 Results of the visualization analysis of the sparse and dense
distribution of pigs during the day

X5 R ARG AL 2, A SCRE AT DLER UG
MAER R — R %, WK 5a. {HZE, WERARMZH
¥ FORE RS TS DURON ™ B AN 4 fAAETRAS, i Sb
T SRR IR EIAE . X ULIATERE R AR B R,
TR R BAs BB, AR 7 RE IR EE R .

P R A RN B S 0 B A A i 6 BT,
ATLLR I, TE4E R AR A BRI 5 R, A3 JDE
R AT DR G M BRI — HRE, Wl 6a. FERIE AL

et

TR R B RS ARSI T, JDE B

A AAERR R R R — %, W&l eb. (EAERE RS A i
FRLA 5, BT R E AT T g R AT, HAL
BUHE SSAURE R B AR AR, S0 7R T 25 A PR B B A

AR L% W H bR, U8 IR AL, Wikl ec

Jizso kb, AL IDE BT ANAL 5O MRERAE
W% HFRIRERIE BB K

B o6 R &R RIAF 9 1 ILaY 49 T T 45 R
Fig.6 Results of the visualization analysis of the different
distribution of pigs during the day and night

3.2 SDE {REA I LER

NIGUEASC JDE AU 2 HARERERPERE, H&HM)
SDE A3 47 5%F Eb k6 . SDE 4 #% 5 7~ 3 JDE #i %! A
], PREZSS{HH DeepSORT, K FHAH IR FFEd SE 30T
PGRAMR, WRIGLE R InE 5 Froas. ATLLRIL, SDE
A MOTA A1 IDF1 P34 5 514 81.6% 1 78.2%, itk
# 4, A IDE BAH MOTA #2717 0.5 NEZ H. M
SARMEREFEFR K E, A IDE #AL#) MT. PT. ML. FN.
MOTA Al FPS $54r4548 T SDE f5#4, E3# & J71H, SDE
AL FPS #{H N 16.88 Mi/s, A3C JDE #EAL[F) FPS 1
EIEF] 74.26 Wi/so SARNRUL, 38 76 BRI HE R B AN ER I
FEEHAERE DU, A SC JDE A ARSI AL 338 % L SDE
REETE T 340%, X %F TSR 3% KN ()3 77 2R R A0
AR S 22 B bR ER A B
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Table 5 Multiple object tracking experiment results of the Separate Detection and Embedding (SDE) model
| g EERE HHEE EEER % H bR
A 1907 317 ) E MBS ZE
wi FRAMEC ems mmEs B PR BRI e ms Multpleobjeer PFLFT ppgy
. Pig . False False . . . IDF1 .
Video Mostly Partially ~ Mostly lost o . ID switch ~ Fragmentation tracking 0 (s
numbers positive  negative o score/%
tracked target tracked target  target accuracy/%
2 7 6 1 0 128 138 8 13 87.0 85.1 21.18
4 15 15 0 0 173 215 33 30 90.6 81.3 17.00
5 8 3 4 1 216 824 19 39 55.9 60.4 15.28
6 16 13 3 0 22 636 32 53 85.6 74.2 16.16
8 13 13 0 0 430 74 9 10 86.8 87.1 16.52
12 15 10 3 2 45 1075 8 29 74.9 76.0 15.11

U Bt SR BEAT AT RAL 23 AT, SR 7 P,
T3 R B ZE AL 8 v, SDE B RAZAERTRL G 0,
G 7o 2T e SRAE B 2 AN ERERHE, M43 JDE
RBATEREE O, Wil 7a Fros. £E5E R B R AL

12 71, i T A S ARANAE R, K SRR o AR

ik 7a. 7b, JDE BEAVJRASE 2 SkJ%, SDE BAVRR 3 3k
¥4, JDE bt SDE #7 ELA B8 4 i) ke I ER B 45 2R

B 7 IDE 5 SDE R s R AR 4 A 1 oL ad 7T AL 45 Roxt bl
Fig.7 Comparison of visualization results of JDE and SDE
models for different distribution of pigs
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Fig.8 Visualization comparison of JDE model and TransTrack model
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Multiple object tracking of group-housed pigs based on JDE model

Tu Shugin, Huang Lei, Liang Yun™, Huang Zhengxin, Li Chengjie, Liu Xiaolong
(College of Mathematics and Informatics, South China Agricultural University, Guangzhou 510642, China)

Abstract: Pig production has been always the pillar of the industrial livestock industry in China. Therefore, the pig industry is
closely related to food safety, social stability, and the coordinated development of the national economy. An intelligent video
surveillance can greatly contribute to the large-scale production of animal husbandry under labor shortage at present. It is very
necessary to accurately track and identify the abnormal behavior of group-housed pigs in the breeding scene. Much effort has
been focused on Multiple Object Tracking (MOT) for pig detection and tracking. Among them, two parts are included in the
Tracking By Detection (TBD) paradigm, e.g., the Separate Detection and Embedding (SDE) model. Previously, the detector
has been developed to detect pig objects. And then the tracking models have been selected for the pig tracking using Kalman
filter and Hungarian (Sort or DeepSORT). The detection and association steps have been designed to increase the running and
training time of the model in the dominant MOT strategy. Thus, real-time tracking cannot fully meet the requirement of the
group-housed pigs. In this study, a Joint Detection and Embedding (JDE) model was proposed to automatically detect the pig
objects and then track each one in the complex scenes (day or night, sparse or dense). The core of JDE model was to integrate
the detector and the embedding model into a single network for the real-time MOT system. Specifically, the JDE model
incorporated the appearance model into a single-shot detector. As such, the simultaneous output was performed on the
corresponding appearance to improve the runtime and operational efficiency of the model. An overall loss of one multiple task
learning loss was utilized in the JDE model. Three loss functions were included classification, box regression and appearance.
Three merits were achieved after operations. Firstly, the multiple tasks learning loss was used to realize the object detection
and appearance to be learned in a shared model, in order to reduce the amount of occupied memory. Secondly, the forward
operation was computed using the multiple tasks loss at one time. The overall inference time was reduced to improve the
efficiency of the MOT system. Thirdly, the performance of each prediction head was promoted to share the same set of
low-level features and feature pyramid network architecture. Finally, the data association module was utilized to process the
outputs of the detection and appearance head from the JDE, in order to produce the position prediction and ID tracking of
multiple objects. The JDE model was validated on the special dataset under a variety of settings. The special dataset was also
built with a total of 21 video segments and 4 300 images using the dark label video annotation software. Two types of datasets
were obtained, where the public dataset contained 11 video sequences and 3 300 images, and the private dataset contained 10
video segments and 1 000 images. The experimental results show that the mean Average Precision (mAP), Multiple Object
Tracking Accuracies (MOTA), IDF1 score, and FPS of the JDE on all test videos were 92.9%, 83.9%, 79.6%, and 73.9
frames/s, respectively. A comparison was also made with the SDE model and TransTrack method on the public dataset. The
JDE model improved the FPS by 340%, and the MOTA by 0.5 percentage points in the same test dataset, compared with the
SDE model. It infers the sufficient real-time performance of MOT using the JDE model. The MOTA, IDF1 metrics, and FPS
of the JDE model was improved by 10.4 and 6.6 percentage points, and 324%, respectively, compared with the TransTrack
model. The visual tracking demonstrated that the JDE model performed the best detection and tracking ability with the SDE
and TransTrack models under the four scenarios, including the dense day, sparse day, dense night, and sparse night. The
finding can also provide an effective and accurate detection for the rapid tracking of group-housed pigs in complex farming
scenes.

Keywords: object detection; object tracking; joint detection and tracking; data association; group-housed pigs



