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Table 1 Definition of aggressive behavior
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Type of Name of aggressive Behavior description
aggressive behavior
W H- %% Bite the ear W 5y ah— R R E 2
Wins Bite  "“/% Bite the tail WS R AR E
i W b — Rk R sk, Baw
Bite the body B, P A
e I g kit 55— FU gk
i o
IR S dHL Ty g Sk o B e Ak 2
Head to body knock Kt R St o 5 — RO I S AR AL
1814 Chase 1814 Chase TERAEAT — R B E S BB IR
BRI Tread R Tread R IR oAb AE RSk, S A%

1.2 HiERE&E
1.2.1 R&H

RIGHHERESHT 201843 H 12 H—4 H 9 H,
2018 F4 H19H—5 H 16 HRL K 2018 E 6 H 9 H—7
H 6 HEEdbE R de gl K 50834 W T 3
AR B RS . 3 MR R SIR B 43 51 8 <3.80,
15.18, 37.95 mg/m’. H:rh<3.80 mg/m’ 4 NARAUAT I & 7
BRRFEG FREIRE. RESHNREEME, &
PR E R R, TR IR R B B B KR I E
<3.80 mg/m’ {E AN ARIEXT RN 18 3k 9.6 kg A AR
FRE M, RN 5] . 18 Sk IR 1E IR 4 Ry
WIWE e MR B 2 AR B SR B A R Y, FRBE RS P
A T N 201,522 m, JR IS IR T N 0.45 m,
FEFHFE N TR BEE B AR OKAE o R TP IR A AR
27.0~27.4 C, MAHREFEHITE 50%~70%. NIRIEHK R
IERAESINE, FK 8:00 5 17: 00 MEEFHIR, THMEAR
—3. FPRA B3 LED TR,  HEBA R (R e
4 7:00 # 18:00, HAREFA] LED 4T %M.
1.2.2 #IARE

I IE I Kinect V2 $5 kR4 RGB #4il, AT 7%
FARA b3 Bk BEFRTEAE AR = 2008 1.8 m, K
TR A 7, v DOSREUVBEASFREAE A 6 Skig R
MaEMER, Aotdllwmm RIlR. BGgkiEE —&
EHE B AN, FREMFRERM A 6 KHE R
VL FE R O /E SEAGATE Bahtdiss B, W17
AR S, FHIAMESR 5 Wis, FHEEEN
1920x1 080, fFfiti)y AVI kg, B¥a K&V & NFFEME
WK 1 .

1 080p rii a4 k&
1 080p high definition camera 1~
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Environmental variables control
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Fig.1 Data acquisition platform
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Table 2 Various aggressive behaviors counting

s OCRORT s SRR

Behavior classes Number of times Number of times in  Number of times in

in the first batch the second batch the third batch
5 JL
e H. 7 364 91 146
Bite ear
% 2 Bite tail 120 37 32
B
Bite body 268 76 107
Skoxf Sk o
Head to head hit 16l 64 7
kvt B o
Head to body hit 149 38 68
IB3Z Chase 104 37 53
BRI Trample 50 32 29

RAER 2 WLLE W, TEFTA FAT 5] A BRI
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Table 3 Dataset partition
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HORHH Rk i P
Dataset category Behavior classes Acquisition time
(epoch/frames)
1RUETEAT R
Ygrse Aggressive 285/10 556
Train dataset ARARWEEAT N 270/9 364
None-Aggressive
. 1RWEIEAT A
AT
Vﬁildmfon Aggressive 933518 201843 A 12 H—
dataset RLBE LAy 90/3 676 4A9H
None-Aggressive
1ZWEIEAT A
MR E— Aggressive 175/6 230
Test dataset 1 JZHEEAT N 170/6 770
None-Aggressive
1RUETEAT R
M= Aggressive 161/4862 5018424 4 19 H—
Testdataset2  JRRMEIEAT A 160/4 860 5H16H
None-Aggressive
1RWEIEAT A
Wikt = Aggressive 2006727 018426 9 H—
Test dataset 3 JRRIEIEAT N 180/6 098 7He6H

None-Aggressive
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o — A B AT I — AN SE R AT N, 2R R AR —
EIE 15 25 BOHZ B AT i AT, XA 2 Bk
TREEVEAT AIER R 4R FRiEshE e, FEUR &M
WIRAIEE, MEMCE A I B DUET R R R B
TN, 7B AR R 2 A 4EE ERER .

3D HHUZ (3D CONV) & —FF7E 2D CONV HA
T ZEEAE SR, Wl 2 s g 3D CONV X F41
ARMUEAT B AR IS F AR, R0 B R R IR AT 5
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B, HBRANN dxdxk. JERREAEXT 41T Wi & 453k
T BARAERS, B SAER R 4ERE EXF R k- 1 iR
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{155 AR P B RRAE fl & 1 7R I ) 4 B 1 B/ B (1] 3
FMEE, RETENEL, BE LI [0 2 8 -
FIRFIEBESE T F:Mit . 3D CONV $4 2 (1) 6 R A 28 X 28 41 9%
FA 2D CONV [JRifiddk, BUEILE, ZRREHFEMR
R, XEREH 3D CONV 45 B 28 N 4% HAT 1R 51 K 1
231 RE AT,

IR

K} ] Time
Ee s GAURIR BRI E I R
Note: The points and lines represent the calculation process in the convolution
operation.

B2 3D AARITHETE GRS 3 eEH
Fig.2 Process of 3D convolution operation with the time
dimension is three
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X2k W26 T 22 (DR B 24 T IS B R AE LS S, A
S5 PP PR AR AR A, Lk 0 4% 08 B 50 22 1 24 it 1%
HIHFIE. BAZEIEI0 T Batch Normalization 2. Relu
WiE )2, LM Max-pooling JZ .

% RPBERHIE G B ARFAE b S S U 48 58 R, W] 3c
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128, 256, 512, HERAEKHK (1, 1, D . fEEBA
FIRFAE AL A B, RONSIE @ B AN HHIE, BT AR A
ReE TG, TERFIER e B E TR |1
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Fig.3 Network structure
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1 024, XARIT W78 5 8GR A1 25 8] ERE S 1
R B A R )7 ORI B AT B AL B, AR
GAERZ G HINE] Softmax 5E il 2 1 2K 51 T A &
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W 255 BAT 55 e IR R IS AT N 5 AR IS IEAT N, &
T Ao 2R 4R Adam B B2 B I B g 4%
£ IR TN 7/ O A S S <10 B (7 B S T S G S
categorical_crossentropy loss, Iz (1) FizR.

L=—(ylgy+1-y)lg-) (D

K LUK R y AFESEIREARRZE, 0801 7R
TR FTEI (R REAARRE o
1.3.3 %AHEE

W 286 SR FH FRD 0TS R 802 9 B R 2 1t 50T (recttified
linear unit, relu) , KA RIRALT A Adam B TR,
batch_size W E N 32, momentum Hy 0.9, B E LKA
N 20, FEREZESIE N 0.005, Dropout JKiHEZHE N 0.5, i
L2 BNk %, A E R R 2L weight decay N
0.005.
1.4 FM4EHR

T A AR 2 AR A VE B A PR, SR A
M= (Accuracy) , Px#EZE(Precision), H[FIZ (Recall)
A FLAH 4 NMEFR RV VERE, Wl (20 ~ (6)
FT7R

Accuracy = TP+ TN 2>
TP+FP+FN+TN
P recision = TP (3)
TP + FP
Recall = P (4)
TP +FN
Fl 2-TP 5)

REARH+TP-TN
AP TP 2 IEF MR B AT NN 2, TN 22 B R
AZHEEAT REIANEL, FP R AR R B EAT R A 42 %
PEAT RIS, FN 2208 AT AR AN AR R IS AT
BN
1.5 IR

FEFRAE 1R W4T R B ARSI R B8 A0 R R &

1) MCRAR BIEE 32 B L5 R B AT 9 A0
B, HEH NG, BRuEEMNRE; 2) BEHFRER
W& AT TR BRI 28 5 3D A G i I 2R EEAE R X 4%
HIETNBEAT U ZRs 4D {4 36 UE B X6T X 288 85 784 1R 47 Ik
1351 loss BREL LS LR B HERRTE s 5O FRHEAS 21 4%
VU HERR FEAE IR Fabr, AR SHL, e 2] %,
Batch_size, weight decay 5; 6) PHEESH 5 FI 5
%%, BH 3) ~5), HZE Loss BHZRISL, I S550E
AR 1) R P AR T o

2 HZRES

2.1 1EBUMERED T

RV & b, FHEER 3D CONVNet X il k4
PG EREAT 20 YOEARIIIINSR, TR R FH 36 0E S5 X 4%
PSP GAR B — DV VA . K ERS 380 MR
WEPEAT N B (14074 WD , 360 MARZIEIEAT N A B
(13 040 M) IR HE b AN S 0 6 31E S U 531 v Aff 2 A
TR loss BIZR AN 4 Fios.

1.0r

09}
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£
307
<
o06f —o— I ZRAR % Ace
?; —o- UG IFAEENf 5 Val_acc
05

0.4

0 25 50 75 100125 150 175
JEAR I H Iteration number
a. BERIAER T dh 2k
a. Model accuracy curve

10
2 8r
S - LA K B B Loss
§ 6k o~ I EAA K B BVl loss
ESaR

2L
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JEAR I $ teration number

b. A loss HhZk
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B4 AR %K

Fig4 Model training curve

MK 4 aTLLE W, MEAAE A BRIt
T2, FEEIERRBORBIE N, IGERMEIEER IR
7= Loss MIZRIZHTPFAK, 1EACE 15 IR, Loss HIZRi&iT
Tlesh. BAENSE ERHEREIAE] T 96.78%, 1E3%
UEAE b (R HERfR 0 NIRRT 1) 37 %383 ik 22 95.70%
MEE 10 YRR S, U ZREE AN G IE 4 (1) HER B2 1) 22 BRI
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1T (Attack) , BASEN 0.821.
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Table 4 Confusion matrix of model’s result on test set
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Table 5 Result of poor-lighting condition video
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None-aggressive
121t Total 70 61 9 87.14

& 5 WTLUEH, BTN KRB0 N1
1T AR BIHER R ARIE RN T 79.07%. FESZPRIRE R IR0
PR, AN R BRI GO AR TR, AR ST
2 AT R, T 0% FAR B PEAT IR AR SR AT
DAITEA R BRI PF P EUS B gt B, RO TR T
B LA A B AP AE R, B RE AR SRR R A S PR S 4
WFRIEIE N IEH
2.4 BRESEILE

ASCHEH Y 3D ConvNet FHIE fill & 4 B 2% h B AR %
KNRIXIX3, BN ECN 5, SNBSS HEE
JE 0 HREAIE Fil B H2 PR 265 14 AN [ I 28 2 503 47 30 B0 56 T 11
ehih b, B R R SRS AT R N 4 S 4. Tl
IO ERIE R I, A AE RN 3 X3 X3, R P
GBRZECN S I, MZETE T 95.70%MRAHERE . &
B KN 3X3IXT I, AR AHER AU 49.22%. R
BN EEZEORE RN 9 2N, A4S HIEInE
7401 X10°, RBIUERH A 63.67%.

2.5 AEIREIR L4

WA 440 5 C3D A5 A DL HoAth JE T C3D 4%
1) S ASE R PR ARG WU R S SR AT X B SR I SRR S
B UF BRI AT SCHTIR BRI SRS H B B IR
— AN AILE IR AR EAS IR M BE A 3R 6 BT .

C3D WX 2 15 20 75 AR SC 1) 4 i S i 48 B AR T
52.23%H IR B HERAE . 724 C3D S IIERZ IR S 19
JZ5, 193] C3D 1 BiAL, RAIHER AR & 64.58%,
FESEBRNZRrR C3D_1 BERIAE SR T REMIZRE A . 7E
C3D_1 HyAEal b, fEMZhim T BN 2453 C3D 2
(BND 8, FEFFEMIEHRLE I, C3D_2 HEiRIFH{HAR
TR ST, A3 65.63%, {HIEAESZPRIZH
I BN JZ 038 7 25 W Shs FE , I 2840847 1 5 1> epoch
J&i loss BRBUE 3T T U8k . 3D ConvNet #i% 5 C3D Ay
FHEL, EIUFEE FRIHERE FIRF T 4347 M ES A, 5

[FIRE T M 28 S5 44 1) C3D_2 AL B K C3D_1 A BUAH L,

3D ConvNet fE5I A | 2 REEAHERE &t )5, RAIHERE

PR 95.70 %,  HSRRRIZREAY AW SK I 18] KK 46 Je
®6 TREEBAIERE LR

Table 6 Comparison of performances of different recognition

networks
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Recognition method for aggressive behavior of group pigs based on
deep learning

Gao Yun'?, Chen Bin?, Liao Huimin®, Lei Minggang®?, Li Xuan'?, Li Jing, Luo Junjie!
(1. College of Engineering, Huazhong Agricultural University, Wuhan 430070, China; 2. Cooperative Innovation Center for Sustainable
Pig Production, Wuhan 430070, China; 3. College of Animal Science and Technology, College of Animal Medicine,
Huazhong Agricultural University, Wuhan 430070, China)

Abstract: Pigs like to fight with each other to form a hierarchy relationship in groups. Aggressive behaviors, mostly fighting,
are frequently found in intensive pig raising facilities. Strong aggressive behaviors can cause other pigs lack of food and water,
growing slowly, wounds, sick and even dead in serious situation. This considerably reduces health and welfare of pigs and
further decreases economic benefits of pig industries. Monitoring and recognizing aggressive behaviors among pig group is the
first step to manage the aggressive behaviors in group pigs effectively. Traditional human recording method is time-consuming
and labor-intensive. This method can’t be used 24 hours a day, 7 days a week. Machine vision technique brings an automatic
monitoring method to solve this problem. In this paper, we introduced a new method for aggressive behaviors monitoring
based on deep learning. The experiments were held under controlled environments, which were achieved in an
environment-controlled chamber designed previously. The details of the chamber were depicted in a published paper written
by our research group. Nursery pigs were fed under three different concentration levels of NH; gas, which were <3.80 mg/m3 ,
15.18 mg/m3 , 37.95 mg/m’, with a suitable temperature of around 27 “C and the comfortable humidity between 50%-70%.
Each nursery group had six pigs and were weight around 9.6 kg. During each 28 days’ experiment of three concentration levels
of NH;, videos were taken from the top of the chamber. An end-to-end network, named 3D CONVNet, was proposed for
aggressive behavior recognition of group pigs in this paper, which based on a C3D network and built with 3D convolution
kernels. The network structure of the 3D CONVNet was improved in both width and depth dimensions. The number of main
convolutional layers was increased to 19, extra batch normalization and dropout layers were added to deepen the network.
Furthermore, the multi-scale feature fusion method was introduced to widen the network. This improvement had bettered the
performance of the algorithm considerably. To train the 3D CONVNet, 380 aggressive (14 074 frames) and 360
none-aggressive videos (13 040 frames) were chosen from experimental videos recording in experiments of two concertation
levels. These videos were randomly divided into training set and validation set, and the ratio of each set is 3:1. Another 556
aggressive videos and 510 none-aggressive videos from the three experimental batches were chosen to build the testing set.
There was no overlap among training set, validation set, and testing set. Results showed a total of 981 videos, including
aggressive and non-aggressive behaviors, was correctly recognized from the whole 1066 testing videos. The precision of the
3D CONVNet was proved to be 92.03% on testing set. Among them, the precision, recall rate and F1-Score for aggressive
behaviors were 94.86%, 89.57%, and 92.14%, respectively. The precision for different NH3 concentration experimental levels
were 94.29%, 89.44%, and 85.91%, respectively, which showed the generalization performance of the 3D CONVNet. With the
similar heat environments, the 3D CONVNet also showed the good performances under different illumination condition. The
comparison with C3D, C3D 1 (19 layers) and C3D_2 (BN) networks resulted in 95.7% on validation set, 43.27 percent higher
than the C3D network. The recognition on single image using the 3D CONVNet was only 0.5 s, which was much faster than
the other three networks. Therefore, the 3D CONVNet was effective and robust in aggressive behavior recognition among
group pigs. The algorithm provides a new method and technique for aggressive behavior auto-monitoring of group pigs and
helps improve establishment of auto-monitoring system in pig farms and manage level of pig industry.

Keywords: convolutional neural network; machine vision; models; behavior recognition; aggressive behavior; deep learning;

group pigs



