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Research of Lightweight Multi-scene Group Pig Behavior
Recognition Model

QI Haixia FENG Fasheng YIN Xuanchun YANG Zekang ZHOU Zisen LIANG Guangsheng
(College of Engineering, South China Agricultural University, Guangzhou 510642, China)

Abstract: In order to solve the problems of large size, single recognition scene and high hardware
requirements for deploying application of existing pig behavior recognition models, a lightweight multi-
scene group pig behavior recognition model YOLO v5n for pig behavior recognition ( YOLO v5n — PBR)
was proposed. Firstly, a multi-scene group pig behavior dataset was constructed by shooting and
collecting group pig behavior data from different breeding scenes, different pig numbers and different
angles, and based on the characteristics of pig behavior objectives in the dataset, the transfer learning
method and the optimal transport assignment label assignment method were introduced to train the YOLO
v5n model, which accelerated the model convergence speed and improved the model accuracy, and a
high-precision multi-scene group pig behavior recognition model was constructed. Then the L1 — norm
pruning algorithm was used to screen and delete the unimportant channels in the model to remove the
redundant parameters. Finally, the performance degradation caused by pruning was removed by fine-
tuning training and intermediate feature knowledge distillation, so that the lightweight multi-scene group

pig behavior recognition model YOLO v5n — PBR was obtained and deployed as embedded devices.
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Experimental results showed that the mean average precision (mAP) of the YOLO v5n — PBR model was
96.9% , with parameters, amount of computation, and memory footprint being 4. 700 x 10°, 1. 20 x 107,
and 1.2 MB, respectively. The deploy real-time recognition frame rates on embedded devices with
different systems and hardware configurations were 12.2 frames/s and 66.3 frames/s. Compared with
that of the original YOLO v5n model, the mAP was improved by 1. 1 percentage points, and parameters,
amount of computation, and memory footprint were decreased by 73.3% , 70.7% , and 68.4% ,
respectively. The deploy real-time recognition frame rates were increased by 74.3% and 83.1% . In
addition, the YOLO v5n — PBR model trained based on the multi-scene group pig behavior dataset can
reach 98. 1% of mAP on four single-scene or dual-scene group pig behavior datasets, and the statistical
results of embedded device deployment recognition of six pig behavior videos in two different breeding
scenes were similar to those of manual statistics, with an average accuracy and average recall rate of
95.3% , which achieved strong generalization with fewer parameters. The YOLO v5n — PBR model
proposed had the advantages of high accuracy, small size, fast speed, and strong generalization, which
can meet the deployment requirements of embedded devices and provide a technical basis for real-time
and accurate monitoring of pig behavior and the deploying application of pig behavior recognition model.

Key words: pig behavior recognition; model lightweight; channel pruning; knowledge distillation;

YOLO v5n; embedded device
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Tab.1 Details of each dataset
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Fig.1 Examples of breeding scenarios in each dataset
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Fig.2 Examples of image enhancement
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Fig. 6 Intermediate feature knowledge distillation
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Fig.7 Pig behavior recognition system
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Tab.4 Generalization experimental results %
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YOLO vSn—PBR 95.1 95.9 98.2
- YOLO v5n 97.0 95.3 98.7
i g B

YOLO vS5n—PBR 97.4 95.1 98.6

) YOLO v5n 96.2 95.2 98.0

Bl gE C

YOLO v5n—PBR 95.6 95.7 98.1
. YOLO v5n 95. 4 92.7 97.6
A4 D

YOLO vSn—PBR 95.2 94.8 98.1

PBR #AITE 4 A~ 5 dg i o037 5 B B 3R 0 RAT M8
AR L mAP ¥ hEiAH] 98. 1% , 5 F IR B A YOLO
von AHIE . SEEREE R KW, YOLO v5n — PBR AR 4
I R B S BB s R I RE SR RAT O B
SR AZ A TR B T 22 37 SRR AR U ki I L g
AR 5 ST RS N T HA 3R 5 S S A
3.3 HRASEIE

R IREAS T R A R, L YOLO v5n A58 Sy 5k
WERRIUEA T IR RS 5, S 25 Rk 5 iR, MK S
AT, 7E YOLO v5n A5 RS i) Il ik F2 oh | J2 45 R A AT
R 2% ) 7 VA NS RL R NG BE A 25 A R A2
27755 , YOLO v5n £ mAP 3 97.0% , b A >R H
AR i 1.2 A 3, LR AR R,
TR %) J7 B REfd YOLO vSn SR 7E 2 48 COCO %X
AL 38 RIS, A b 2e S 2 5 5 T BRI R
11 M HFHE o

£S5 HMIBKER

Tab.5 Results of ablation experiment %
MR TR OTA P R mAP
93.1 91.1 95.8

YOLO v5n Vv 94.6 94.9 97.0
\ vV 95.7 95.4 97.6

VO ORI G B R . T

ik — 2RIk OTA 4548 7 e J7 ¥ B R A 3C
BEAT T OTA BR% i 77 i 7 A58 780 0 A K 3R 26 1
T RS, SR S AR AN R 6 IR

&6 OTA HBLKER
Tab.6 Results of OTA ablation experiment %

FE ALY DR FNIRZEIE OTA P R mAP
Y 91.1 89.3 94.8

ZHRBHAEBR V Vo 91.8 91.8 96.0
FPRRRIRER 2 92.6 91.8 96.0

Vv Vv Vv 94.2  92.9 96.9

i s Mk 6 nIA, 51 A OTA 15 28 70 Bt J7
% BEA U DA R0 22 3 5 SR 0 AT O M 4

HR R B A [ A E 4 AN [ SR/ H s FA (] £ 32
AT A hR 28 14 3 B a) R, 52 B 2 25 dme 0 70 T, ) AL 72
3 4k U G5 | BT AR R R 2 0 RS B R A (el R
mAP A —E W T

IR 2 2 Jr i f OTA bR & 43 i 7 10 J5
) YOLO v5n #E 51y mAP A2 £k i e an /& 10 fr 7w, i
10 o] DL WA B 51 AL #8272 J7 ik il OTA
B8 B 7 e — e A B bR 1 AR T i SO
T T BIRIVERE

YOLO v5n

20 40 60 80 100 120 140 160 180 200
IR

K10 mAP 28k h £k
Fig. 10  Change curves of mAP

7 YOLO von BRI Y 5] AR 2% ik
1 OTA FR& B kG S 8 2w BE I AT N
PR % BB mAP Sk 97.6% , R 4h A5 7
YOLO v5n #8755 1.8 A~ H 40 i, 75 2 Y S fE 506 RAT
o BE A T T MER UG RAT R A AL S UM RAT
AR AT o
3.4 RBIEHYR
3,41 R[E)HR B 2R AR IR R I I 9 R T

S S e HE R B R, DL B R 8 0.000 1,
0.001.,0.002 J% 0.003 43 51| X} Z & 5 #f 5558 HAT N
U R JE AT A% B I S o A i I i B b, O )
B y AR HEamE 11 iR,

(a)Fi5i 3% ~70.0001

(SIS R N I b (R R

Fig. 11

B 11 AT,y BE G b I 25 %) 36 47 32 3 3l

T O, JF HM s K,y i T 0 Ay 2R B,
B IR 58 B, AN [R) i B 28 1) i e )11 2 A 280 7 g 2

The vy trends of different sparsity rates
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Tab.7 Performance of models with different

sparsity rates %
i i R P R mAP
0.000 1 96.2 95.5 97.5
0.001 96.2 95.5 97.5
0. 002 95.9 94.1 97.5
0. 003 94. 4 93.6 97.1

3.4.2 R[] B R R Al X A Y 1) 5w
M I 25 58 U, A SCBEE A [R] 1Y BT B R )
M i % 0. 002 F g Il 25 J5 19 22 37 57 e SR o HAT
USRS HE AT BT R, R 4 IRy /0N B OE G B
oL, BE I EAT SO I 25, BT RO S A0 A5 B fiE 4
8 Frm
8 TENHEMNEDIELE

Tab.8 Model performance with different pruning rates

mAP/ ] . WA
SR RS O
% &/MB
9.6 x10° 2.3 x10° 2.2

8.7x10° 2.0x10° 2.0

WER P/% R/%

0.40 95.7 95.4 97.6
0.50 95.1 95.7 97.6

0.60 94.0 94.0 97.0 6.8x10° 1.6x10° 1.6
0.70 91.8 91.8 96.0 4.7x10° 1.2x10° 1.2
0.75 90.9 91.1 95.3 4.2x10° 1.0x10° 1.1

Hy ¢ 8 AT, AR AR 28 ok AN W] 119 BY B R 85 A I
e, S8R TR R A S R R AN R R
/N, T mAP W REE B 1) 40 A ] e i B Bt T
TRE. MBIAR/NT 0. 70 B B BT A SR B3
MR R T 0. 70 B BRI P TR S EOEA T BB
By o8 BOR BT AL RO A0 25, mAP TR Z . Ik, A
SCHERR BT R R 0. 70, W] FE AR 15 RS BE (0 R A
RO BRI SR TR AR R
3.4.3  ByREREALARE,

DA 3% 0. 002 85 K% 0. 70 X £ 37 5 #F 9% 4%
AT Ry RIS TR S A7 0 R, A5 R 4% )% 3 A0 Ak
W 12 Fis . hE 12 iTRLE BRI 22 502 /Y 8
TE B R R AR, 3R W] L1 — norm 553 W] A 28008 /D A5
RIS R TR RN AR b R
3.5 AEMIRHBEENR

Sk 55 I AR SC T SR FH A e (] AR AR N TR AR T Y
ZENB RO | AR S Hp ) 450 I 238 28 08 b 28 iR 2
TR 2 Fh IR Z8 1R Bk HEA T RN TR 2 TR SE AU B 1k e X L
SR, SRS RN 9 PR .

4 8 12 16

36 40 44 48 52 56 60

& 12 AL 5 G HE Al
Fig. 12 Change in number of channels in model
x99 TREMIAFBERER

Tab.9 Performance of different knowledge

distillation models %
AR ZE R Ty ik P R mAP
To7ER 91.8 91.8 96.0
B 28 R 25 1 93.4 93.0 96. 3
RIEIER SN sIAe 3} 94.2 92.9 96.9

FH 2 9 AT AL, 28 v (] R AE AR 808 e, A 0 1
% A R mAP 3 45 2.4 .1.1.0.9 N H 4
R, mAP LR AR 2 HIRZE IR I 55 0.6 S H 43
Ko SRIRAE R RW, SR v [A]RRAE 0 TR ZE 1R e R 2L
Ui S 7Y v i) 22 B B SR AE B ) I RRAE RN IR L HS 45 2 A
FEAY, DL ofe 4 g 1 TR 78 10 o A b A% i i R g R
fIEBE 7 R B A, 1 15 2% A5 B Y ] 27 > 3] 0 A5 7Y
XF T2 R BAT o AR R 38 A R A
TR .

3.6 5SERAEFIRBUILEELE

JIIE YOLO v5n — PBR 5170 X} £ 17 5% Bf 2 5%
HAT R ny R RCR |, A SOR H 58 BAT7 8 IRIME 5%
R R 32 U R BE A 2 B AL SSDSI12 | Faster R —
CNN.YOLO v5n.YOLO v6n"’ [YOLO v7 —tiny ™' &
YOLO v8n'*" YEAT T PEfEXT H 523, Hor YOLO v7 —
tiny 2 YOLO v7 #9528 & G A B, 592 06 45 2R 40 =k 10
JR

& 10 7] 71, 5 iR A A YOLO v5n A Ik,
YOLO v5n — PBR R0 7E mAP 4255 1.1 AN EH 4> 4510
LT, S 80E A RN AE S S 0 e
73.3% 70.7% F1 68.4% , 5 H 4 5 P 5 4H L,
YOLO v5n — PBR 581 % mAP Y It YOLO v8n #55#
flRO. 1A EF AL ES R IFTEEMNAE S &
Yok B A, HoA 2 80 4 Sl b SSD512  Faster R —
CNN.YOLO v6n . YOLO v7 — tiny Al YOLO v8n #5 %
W/ 2.354 x 107 1. 363 x 10° 3. 760 x 10° 5. 540 x
10° F1 2. 540 x 10°, 1% & 43 5 9 /b 8.66 x 10"
2.00 x10" 1.06 x10" 1. 18 x 10" F1 6. 90 x 10’ , §
A i B4 s/ 90,9 .520.7 7.5 .11.1.5.0 MB,,
3.7 BEAHBARNEEHELR

JYGAF YOLO v5n — PBR A8 7 i A 315 4% 35
E I R S I U R, AR SCHE YOLO vSn \YOLO vSn —
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Tab.10 Performance of different models

LR P/% R/% mAP/ % E e R M AT & Fl i/ MB
SSD512 84. 1 79.2 88. 1 2.401 x 107 8.78 x 10" 92.1
Faster R — CNN 78. 1 90.3 89.9 1.368 x 10* 2.01 x 10" 521.9
YOLO v5n 93.1 91. 1 95.8 1.760 x 10° 4.10 x 10° 3.8
YOLO v5n—PBR 94.2 92.9 96.9 4.700 x10° 1.20 x 10° 1.2
YOLO v6n 92.6 91.3 95.5 4.230 x10° 1.18 x 10" 8.7
YOLO v7 — tiny 92.5 92.0 96.3 6.010 x 10° 1.30 x 10" 12.3
YOLO v8n 93.9 94.0 97.0 3.010 x 10° 8.10 x 10° 6.2

PBR F1 YOLO v7 — tiny #5845 2 F Hr ] = 4200U 1
Intel NUC, 73 5l £ ] 5 T 3% ~F- S 7139 5% 58 3 K 30
A TFRCEAE 18 I b e I 3 Beif < 1 min A9 %%
S BRI S A58 70 i A 350 38 2 3 Bl , b
i 6 BrA Al & A fih kR 2E R K2 kS 4 FRAT O ,3
Fofv R 2 14 78 2 S I U AR AN 11 B

F 11 HELHIEFINE

Tab.11 Deploy real-time recognition of frame rates
it /s
12 il = 4200U Intel NUC
YOLO v5n 7.0 36.2
YOLO v5n—PBR 12.2 66.3
YOLO v7 — tiny 4.6 21.6

Hi 22 11 W1, YOLO v5n — PBR A5 780 75 19 b i
2 bR S i R AR A 3 R AL R . R
Bl 22 42000 | (1) 3 28 S U AR 12,2 Wi/s, 43
1t YOLO v5n #5 BI Al YOLO v7 — tiny 55 Bl &
74.3% F1 165. 2% ; ¢ Intel NUC |- {1935 2 52 i 30 5]
iR K 66. 3 Wi/s, 435 tb YOLO v5n ##!Fl YOLO
v7 — tiny 2% 55 83. 1% F1 206. 9% .

it — 2L B iF YOLO vS5n — PBR 570 75 i A 3
£ T I R TR BIORS B S AN A [l AR ST HAT
R A B ) d JE — Wi g s RAT IR R
w4 1 s AT R, 49 B YOLO v5n ,YOLO v5n —
PBR .YOLO v7 — tiny Fl X\ T.%F 6 > R4 B P9 BE A4 4
HAT Rk B AT U g it , 3 AR AL AT T U0 42
FFEE R 12 Fis,

H & 12 A1, YOLO v5n — PBR % A1 %) 5% H Hf
T 4 K47 R p GRS 45 1 5 N TR Gt 4
I I AR G i ORI T YOLO vSn #5578 Al
YOLO v7 — tiny BEAY, 3 B1Z LAY XA AT g A At o
8 RAT R R ST iR 22 5/

£ 13 3 YOLO v5n — PBR 57 (13 4018 51 45 i1
54, M 13 AT, YOLO v5n — PBR 451 AU X% T 44
HUBER 4 B0 AT S T U3 A5 SR 00 IR B B8/, - 3
Kt R - 35 3 10 5 35 95.3%

LR 1L ~ 13 LA A SO R 8 HAT R )

x12 BEEATRIFIHER

Tab.12 Model and human recognition statistics

15570 55 1
FRZ AT 80 YOLO v5n—  YOLO v7 —
YOLO v5n
PBR tiny
11 Fip 662 662 650 636
) Fip 334 323 331 336
e 319 343 329 339
i 7. 879 841 876 887

K13 HRIANFITER

Tab.13 Detailed recognition of statistical results

e HERPARHIES' IS P/% R/%
A b 44 32 95. 1 93. 4
) Fip 27 24 92.7 91.9
fiincy 7 17 94. 8 97.8
il 5T 16 13 98.5 98.2

REBEFE AR A R 48 A I & i A X 4 b
BAT , I BE R AR . B A 78 X6 A AT Sk R i AT N
AT A ) S B U GE it b, A48 YOLO v5n —
PBR #5825 b 47 ik Ak S AN AR B3 20 B S 400, (R0 L3
BT Al A S A LB OR R 3R 5 5 = i 2
A7 A A A7 S B TR ) s 5 28 S s 1R 5] i 23R Azt £
F YOLO v5n 571 YOLO v7 — tiny #5 %1 | 6] 5 %
AN T ARSI GE Tt A I 0 U0 S 0 25 51 VB o3
R A0 AT 35 3 [ 2% 3 BH YOLO v5n — PBR A 7
A 3 A B AR SR A U B R = iz Ak
PR A5 LA

4 it

(D) T —Fhiz a9 2 5 5 520 R AT 8l
BIFEA YOLO v5n — PBR, W@ L Rt 7%
HAT REAE AR R 4 2 8 & b s BAT 8 HAR
AL, TE YOLO von BERI I Zhrh 5] AiE #8222 5
A OTA RS )7, 8 B 2 5 SR 5 RAT R
PUIREAY SR J5 R L1 — norm 55 4% 55035 XA AL i 17
Al fie o R ORI 25 A e JB) R A R 2508 2
BROTA 5 9 M RE 45 fk. YOLO vSn — PBR A& B i
mAP 5 96.9% , BB & K 4.700 x 10° i+ & K
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1.20 x 107, A7 (5 F & o 1.2 MB, 55 J5 4R 452 A
YOLO v5n A#H [, YOLO v5n— PBR #iAI/F mAP 75
LIAESSWELT , S8 tEaMNE S
5 W 73.3% (70. 7% F1 68. 4%

()BT 2 5l RAT B % 1l 2
732/ YOLO v5n — PBR A& B il 4R 4 3 2 4k i T
4 A7 SR BB B SR RAT b Bl A L
o RAT AR, 100 mAP HEEiA 3 98.1% , 5
JE AR A YOLO vSn AH T 5 >R H b [R] 4 fiE 0 3R 28 1
RETE 4 b 35 B A A A 22 S OB R X T £ 1
SRS HAT M I RRAE 3R 38 A RO B 8T B & R
(PERE , MR 25 18 5 09 B A mAP LY 25 18 AT B
0.9 1~ ;5 ; YOLO v5n — PBR BB 5 %% H ATk

PR A TR B o5 2 B A L, mAP X 1L YOLO
vBn AEHIIE 0. 1 /N7 70 i, fE S 8ORE TF 5 B A Ty
T F A A T
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