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Lightweight Target Detection Method for Group-raised Pigs
Based on Improved YOLOX

DENG Minghui GONG Junjie ZHENG Piaoyi MA Chuang YIN Yanling
(College of Electrical Engineering and Information, Northeast Agricultural University, Harbin 150030, China)

Abstract; Aiming at the problem of low pig target detection accuracy in the complex environment in the
current intelligent breeding of group-raised pigs, a lightweight target detection model for group-raised pigs
based on improved YOLOX, Ghost — YOLOX — BiFPN was proposed. The Ghost convolution was used to
replace the traditional convolution, which greatly reduced the number of model parameters. BiFPN was
used as the model feature fusion network to effectively fuse the feature maps of pigs of different sizes, and
Focal Loss function was added in the post-processing stage, increasing the learning of the model to the
positive sample target, and reducing the rate of missed detection. The results showed that the improved
model had a detection accuracy of 95. 80% for pigs, and the number of model parameters were 2. 001 X
107. Compared with the original YOLOX algorithm, the detection accuracy and recall were increased by
2. 84 percentage points and 3. 22 percentage points, respectively, and the number of model parameters
were reduced by 63% . Finally, the proposed algorithm model was deployed to the Nvidia Jetson Nano
mobile terminal development board. The actual operation on the development board showed that the
model proposed can guarantee the recognition rate of pigs and realize the accurate recognition of pigs of
different sizes and breeds. The research result can provide support for the subsequent establishment of
intelligent pig breeding system.

Key words: pig target detection; YOLOX; image processing; mobile deployment

0 3= filh, %o F 0 A 20 3 3 B R A A ) 45 R A e R
B B MR, I A KA A SR RS,
o H BRI RS R E SRR PR RGCAESTE R B HUA IR B T S A IR

Weks HIY. 2023 —05-08 &R H I, 2023 —06 — 19
E£mA.: ERARPEAELT FWH (32172784)
BRI AP (1976—) 55 B Z 181 EE ML A T EEMST, E-mail: markdmh@ 163. com



278 R MO F

20234

i MELUMEN R R R ZE Bk R A 2
552 g R SR RS T OHERR U

3 ERR AN F AT 32 22 LA e HoR 5¢
B T AL G R BN B R LA
A BAT O Sl AR A T4 HR A i
AR B R T AR A R I B 5 B
BT —E IR, b0 AT S I B B A A (R
HEREAR S EIRT L Hough I M I kXA 563k R
PEATAE I, K- 24 IE 6 R A 51 87. 28% , Bt KB
S G MR SR AR T — i O AL R AE £
0 PR 4 B PR R B BB B 1 I O R T A
HERIIRE R | IF 45 G K BE TS0 BURF iE Ok R 47 2
WEARERER . S D 2 R AR U R
JER L, B H B T R R MR T v B L RN AR R
FRACE g FONRL I A0 AR 1) AP S G B A
SO T AT R I G I 9 A A8 38 B 91.70% i AL
= O R E IR A A (GMM) FEMGORL AL T ik
WA P21 1 5% P ok 1 3 s e, il i
eI RURLAL P 1 — R & o 307 St AR
KLAEARSS & BT X REFR AR EA T HARAR I, R
BHEAGE U SR P S s B v 5 ) 22 43 A T34 1Y
FIBRAGIN I 120 B FUREHEAT HARAG I

DL BETHLE L8 40 A4 H ARSI 7 2 A7 G
0 AT BRI s [ < 58 [ 80 A EL T
1gln w2107 R 2 I e H bR A ) U A
FORAYOEH, o1 T4 AR 22 M 4 ] L) S XS B AR
AERFIE TR BE SR, (A5 748 Pl 7 o B A AR H
PRIRE B A R WY RE, 7O AR S R
YOLO v5 51 W 45 £ i il 38 3 115 [ 13 5 R
BN Transformer H 3 e #2557 HEFR AT
EUAR ARSI 0 3145000 i %, HELL SCAET AE Tiny —
YOLO BB o | ANRAE & B E B 145 B % Tiny —
YOLO BT 1 bt , AT AT R0 0 7 57 A= 3
FiZ BFRil . RIS HXH A RSN 5
K E AP R 3R LT YOLO v3 IHIE
a8 AARFON DT %, ok B AR A TR S X — e
PSR RE TR ARG I A 0 S 88 ARG 000 3 R ik B —
SE B (B2 S2bn A R ERIR A 2% HH A )
it AR TNR IR OL o BT XX ARG OL , AL 7
BEREAE HWIA B B A5 L, TR R G AR IBOA TR R
FERFAE , € 4 U8 FH7E R G- YOLOX
i FH ) % 42 38 A N 2% ( Path aggregation network ,
PANet) 4585 45 A A L) BEAS ) 2 1 35 o 592 B AR AR
RS ARSI BB TR B2 Rl R A 11 7 0L 1] AL
fiE 4 5 ¥ M %% ( Bi-directional feature pyramid
network , BiFPN) 124 0 45 (1 FRAE @l & 58 43, 76546

YOLOX 4518 ity b HEA Tt | 454 Ghost AN
FAAIE 4 73 R4 12— Fh BES 75 it 2% B s b S
AN P9 ) BsF, XoF AN ) DR/ A B JE 4 OB 3 25 52 2R BR
S5 B FURAT B A IS B2 B R A 4 F A A DU
itk

1 HFERESHLE

1.1 HEXE

SRR R AR BB VA8 M SR T T T A 5
Y., % RER PR SR R AN [ SRR AN TR R
AN R IR DL, LR 45 Sk P (25 SkRUAE
3,20 Sk M) 25 kAt at B (9 Sk AR, 16
KGR ) (16 Sk B (4 Sk BUAER, 12 k44
¥, 386 Sk, 2r B A IE # S5 X A B A7 4
FEH DI A PV U DS — E11 B A% S5 364740
B, KRB BR 7 RN 1920 18 % x 1 080 &
LIS AN 2.5 m,
1.2 HUIEMALIE

BRI 4R PR 3 278 iR, P IE W 5 A X s
2200 W&, BE3E A7 45 5 A8 X 3 1 078 i, A By 1k A
B EEAS LT = A AR o PG | A 56 43 SRR
B5CHE SR LB AL o $0 M P Ak L R R AR
BE AR B AR A ey S AT R, B AR 4
SR Ry FEAIL IR X LU BE 3 n sy S5 Mk 7Sl 22 0,01,
BLRE AR 0 ~ 20% (Jig %% (90°,180° ,270°) & ¥ I
5 50% F1 35% WA ELEE  3EsE s Flan &l 1 Fs

Bl EGg ]

Fig.1 Image enhancement examples

1.3 #HIEERTE

22 TAb B R SR A TN AT hR I, A
SCfH Labellmg 2044 X 051 43 10 10 B4 i ] 45 sk
bRk, FEESERE SR A 0 A v, &5 1 B AT
WEPSAERE H bR DG RS 5518 B0, 2 T axX 26 S
5 DUEHE bR T 3R R - 2 R AT S P e R
NG R 5 = AR 1B RN U e P i
FEORG AR I T A AT LR A b T R AR



55113

AEpRE . LTk YOLOX [OBEFR A s R Ak HARK I 7 12 279

2 s,

K2 priEddsg

Fig.2  Annotation dataset

2 YOLOX Mt&E%

2.1 Ghost - YOLOX - BiFPN #&#!

YOLOX S35 M AHE 5T YOLO v5 B k4
AT YOLO v5, YOLOX 78 Head #4570 FH f 4%
SR T R FR A BRI Sk . AR SCHE YOLOX St
AR T 3 FR ) Ghost — YOLOX — BiFPN #&8

3 Ghost — YOLOX — BiFPN R 4]
Fig.3  Ghost — YOLOX — BiFPN model structure diagram

YOLOX #% %Y i) Backbone & CSPDarknet53,
CSPDarknet53 HA K8 S 40, A E T35 2] N A7 F
BN GHRARA IR G s b SR AR A
PRI I3 G o B8 0K, e A FH 4 JBCRR iE 5
YREFE R Ghost A5 e 5B A8 A T M 4%
B, SR, B YOLOX A5 7% Hh ) 4% 58 4 I
2% ( PANet'™) EORREWE A RRRIE )2 HEA T4 S5l A
A BT b A7) 2 B A [ 5 AE #E A7 157 B840 i, ]
PANet Y Zf 25 BRI 2 Y ROCR . A SCH |
AT CBAM ™! 7 2 1 AL 8 IO 1] 5 AiE 4
BER4 (BIFPNY ) AR LR ) R AR Al A A b, AR
SCAERTIN KA H I AR B8 YOLOX BT #8119 it e =k 2%
¥y, AR5 R o3 38 5 AT G R N A AT
SR FHAN ) 53 S AR B[] J22 R 8 R i T AT K i 4
T T ESGERE R YOLOX ARSI Sk 2 TG A HE Y
PIAREL T YOLO v5 ZH80mi/b 2/3, W BRlafik 1
ECPR P WA S RS T S

H 250K A A LR SE B O R 460 1R R
x 460 % F 4 RGB Kl &, ® Jt i i M
GhostBottleneck ZH i% 14 H T W 2% 4= Bl 20 x 20 .40 x
40 .80 x 80 3t 3 M Z N AFAE I, B4 T M %%

iy B R AE R A BiFPN R4 22 2 4 T 5 LR
BRI RS, SR 5 ¥ Rl 65 J5 5 A 1 SR B R AT
P36 A SRR A RS S AR Bk A7 5 A 38 45 3] Ghost —
YOLOX — BiFPN %
2.2 Fi4 Ghost B YOLOX &%k

Ghost 155t 8 118 X % 58 45 FRpf 28 () 2% A5 Al
(CNN) FF1E B B TR AT A b B, B Sl
FH 1 x 1 BRI A RRAE B R 4 A iR AR R e
SR 5 W E AR PR — A7 2R A8 4 DA T R A3
T ITUARIRFIE R, 5 J5 4 10 5 AR A5 19 R fiF (B 7 38 1
HEFF A THER: . Ghost BEHRANIA 4 B

Kl 4  Ghost fith
Fig.4  Ghost module
GhostBottleneck =5 Ghost FHME MM B, A1
15 B3, JEHt 1 A Ghost B8 IE A7 258



280 R MO F

20234

TIECR , 552 1 Ghost AHLH i Il /b 8 18 i K
VEBC ™ 2% b 1 shorteuts, #2520 K 1 A [d],
GhostBottleneck FJ 52 AN, 5K A 1 B,
GhostBottleneck "1 H 2 ASAS[EAEH AY Ghost FHk &
T, 225K Ry 2 B, 76 2 AN ER K Ghost Bk
[ AR BE T 3 2 45 A1, T E A& B F )2 Ghost
B AT T 55 4

%5 GhostBottleneck Zt4

Fig.5 GhostBottleneck structure

2.3 HRA [E)4FE & TR R 4%

BT REFR A B s KN — | 2 AN R 4
R RGP BRI DI Zirb = A G 2R SRR AR TH
B PANet DL B S 0 A, f 2 5 2OR ]
PRI S RRIEXT Bl A 5 R AR IE 7 A NS4 1)
AUEE AT 3 R RS B ARAIE B T 22 B Rl A R 25
M/NGHRHEAIS AR ER, 5 RE—KATH T
M—2 BRI %A PANet A [E], BiFPN B 454>
XLa) AR — AR AR R 25 2, 2R BB [/ — 2 L)
Je S S G A RN Rl 5, BB A 1 X Rl 5 A [R) R ST
FEIERE A , 245 7] 2% 2 iR 3 B RS i s ik
JE TR A 5 o R 3 22 ML BE SRR IR (1) SRR RE T 1S i
Wil HFE MBI A AR, 45 th &l 6
Fiim .

6 FPN PANet BiFPN Z5#4%] [t
Fig. 6 Comparison of FPN, PANet and BiFPN structures

2.4 CBAM EFENHFIELR

R T B i P TR AR TR VR I
il e AT IR BT S, O 5 B R AR G X 5
{5 B S RUOIE EE AT F TR R4 [ Yy A Ze vk
FEEA 2 ARk 454 7 s s m) g
HLHI 9 CBAM A3 A 2] BiFPN Hr, M 1T #5 Bl

BiFPN S URHIE 1] 947 R 23
CBAM JE 7 AR e 43 Sy 23 [) 7 5 g M 18 v
BAPIERSr  BEARLSE 7 P, BT thigfak
DRSS BERIERE =W SR SR N SR g ]
RN, FIEEM ARG, e NE T E T, T
FRAEE T8 m AT A s il St = 2 R
JREFIAILAS 258 A ) — A T AR | e m il
o 3fe vk 2 T TE A B IS AR R, TR
B2
ML(F) =
o (MLP( AvgPool ( F) ) + MLP( Maxpool(F))) =

O'(Wl(Wo<szg))+W1(Wo<chax>>) (1)
Xt M, ——J8EEE I RHE

F—H AR

o sigmoid PR

MLP——2 JZ I

AvgPool FEAE
MaxPool A

W,——Z JZ AN 1
W,——Z JZ AL E 0
F. —— VYR E
Fo —— KL RRIE

7  CBAM i Jiiidasiy

Fig.7 Structure diagram of CBAM attention module

30 1 T JE 7 i ) AR ] R R TR
Vi JEE R o JE [+ I R AT e A A R X3 A K 3 A
AR 4 B A () A 4 FiE T8 DF 7 — 2, AR 5 42l
7 x 7 ARG B 43 () A R B B O M 5
REE PRI EAT ARSI, DA T AR B2 18] R T R Ak I, 3
RN W)
M (F) =a(f, ., ([ AvgPool (F) ;MaxPool (F) ])) =

o (frr ([ FosFu 1)) (2)
K fy RN H T xT BB
M ——23 [A)E R AR

e 23 (8] 1 T A e | 42 Ry SF 24 3 Ak R e R
WAL ARG 1 23 8] 2 0 AR, 3l 2o s B ST T S
[ AP ) 189 A OGP TR) I DR ASE T i A i 48 Y
AR E R R T x T WA FRERAE B M
DSOS AT F T S Y B Y 4 )RR AR
FHSRAE
2.5 HKEH

ASEFRIEIEE T R AT RS AR R R Y




55113

RSERHE 45 BET R YOLOX MRESFR AR S i ik Ak B ARG Jy i 281

T L, IE AR Z [BIXELLIX 43, ZEUIZRrb T
FETERE RIS SRR | 25 18 BUASE AU i 5 IEFE AR
HARBY2E I A TE 4y, RS mAP R & (H 2 A R
%o MRS FIEAEAR 22 ST BE T, AR SCHIA
Focal Loss"™ 52 bR e 4wt JEURRE TR 14 58 S0 it 2
PRIER
2.6 IFMIERR

GG ARSI W RGO, SRR RS % P
IR R 2 BE X {E (mAP) RIS 3 B2 (FPS)
YERPEM AR,

3 KWHEERSW

XFFRAE % 86 S BE IR A G AT AR L AR AN
3278 I, UGt 5 A HBE4E 4 557 i, H:
3 645 MF AR, k4 -5 MK 4 43 51k 456
R, DA SRR S IR AR R A . & geit, U4
A5 G TE AR AN A 430 5 A AR FEAE 40 126 .5 142
5011 4, GEitasRmE 1 PR,

®1 HEENSRDIEHE

Tab.1 Dataset partitioning and number of borders

YIghsE  Birsk il
EUGECR /T 3645 456 456 4557
FrREHES /A 40 126 5142 5011 50279

S FEERI AL ) YOLOX — S, F-fdf FHAH ) 4k 42
AR AT il ST 95 FIONT L 52 56 L 36 ;A3 5 s 1) A6 L
P, DT By 8 458 R0 3Pk, A RL7E NVIDIA GTX
1080TI GPU _Ei#E47I1%k ,

3.1 =A%

JIT A B ] voe U4 HEAE AR W) IR AL,
YILRHAR B E Ry 200 %8, HorPal 50 56 R 45145,
AR R 4% 32 T S H0, AU 2% S s R AT OB, TR
150 % ] il 2R N 25, %F 0 2% 1 i A7 5 B0 A7 I %
YN GE R mosaic . mixup PIFPIE 58 77 X, IE b 4%
R FHBALAS B IR 8 1 W46 2% > S8 8 0. 01, 3
o 0,937, i A 7% K Bk sh Ak 2E 2 &,
H:rp YOLOX — S #5 &Il Ghost — YOLOX — BiFPN £
RPN FE P~ R IZexF Hbanf&l 8 fiw, &l 8 wf
15, A 3CHE A Ghost — YOLOX — BiFPN 5 AUAH#L T
YOLOX — S (45 B RN A3 0] 32 08 g | ik B AR SC0aE o
WEA 5K
3.2 HREXI®

i FH AR 37 A 5 B 06 45 el b SR 2R A Tl
TEALT , 25 BAE SR g 6 FEERE A (YOLOX — S) S 4K
A IR S SARG SR (ARG D S R A 5 e G 2
FiN .

72 LIS 2 ~ 5 A5 R TR X B AR (52
5 1) s, S256 2 I f R Ghost BRI RIE 56

K8 YOLOX - S Fl Ghost — YOLOX — BiFPN Y| P - R Hi£E X} b
Fig.8 Comparisons of P — R curves for YOLOX — S and Ghost — YOLOX — BiFPN training

R2 HBMXEER

Tab.2 Ablation experiment

TR Ghost BiFPN CBAM Focal Loss EY 6 /% mAP/% FPS/(f-s~")
1 5.420 x 107 90. 96 92.96 60. 66
2 VvV 3.580 x 10’ 92. 06 93.76 49. 00
3 vV vV 3.990 x 10’ 92. 62 94. 43 41.49
4 vV v 3.580 x 107 91.89 9. 56 47.52
5 vV vV v v 2.001 x 107 94.18 95. 80 40. 13

TV R R e

M, B HFRR T 280 R Ghost BRI 1L
#5226 BT FOF R KR A A ORI, 76 PRI 1

A RIS SR S RO A8/, S 3 i o A TR
HRRIE AL X 45 1t PANet B4 0 RN T CBAM 7



282 R MO F

20234

1ML 9 BiFPN, mAP 40 1. 47 4S5 43 45, FPS
FEAK 19. 17 £/, K0 I 50 J3E A 4 F DA 70 s A R AIK
LA DS B2 (R 3R IR AR BN SR R, I ZR LA
A 2E 2 J7 AR B AR B R A, AR L
PANet Z5 ¥4 45 B £ (O 4RAE , [A]H e B T I #1545
FIBEDLINET =X, B CBAM 2 Sy AL /9 fin
BBV RRAIE 4 7 AR SRR il 6 DO 26 R A (A TR
PN RE iR E, SCHG 4 fESC S 2 AL b (E
Focal Loss it 2k pREICE: e J5 A< H Arfi 2k 19 38 S
P PR B IS B S B 5 B0 T K mAP #2175 T
0.80 NE M, IEB T Focal Loss 61 4% pREUN TF
BN I NE IR — e EH . SE8 5 AR
PR AR i AS I CBAM (%) BiFPN #4t T
PANet, Focal Loss PREE 4 58 U 2K pREL, AHEL T
FEWERL T SRR 3. 419 x 107, mAP #5755 2. 84
ANE S 5, B R R A 3,22 AN H 4y s, FPS U >
20. 53 /s, LSRR A& B, SR AL ) FPS R
FRIEB A 52 ) R I 14 B, r AN SC SR 45 % &
Ghost — YOLOX — BiFPN #5 AU 7E [ AI% 2 %5 1 19 [m] B
PER T X FHEFR AR BT T AS[E RN AN [R] f Fh o
BRGNS BE
3.3 XthEkREE

itk — 2 B R A SCHE 1YY Ghost — YOLOX —
BiFPN 7 A 850 , 433155 YOLOX — L Faster R —
CNN .SSD . YOLO v3 . YOLO v5 34T %t bt , 76 4 A
T B VNS ECNINZE 200 F& 6 HSE
ISR 3 FiR , SR 2R O (H A mAP 281
M anpd 9 .10 iR,

®3 MEEXEER

Tab.3 Comparative experiment

s mAP/% SR FPS/(f-s71)
YOLOX - L 93.84  2.334 %107 20. 14
Faster R — CNN 93.21  1.371 x10® 7.48
SSD 83.82  2.629 x107 16. 17
YOLO v3 86.74  6.195 x107 36. 74
YOLO v5 89.66  4.663 x107 65. 56
Ghost — YOLOX —BiFPN ~ 95.80  2.001 x 107 40. 13

%% 3 " LAR B, Ghost — YOLOX — BiFPN &%
FHHETF— B BRI 35 YOLO v5 , YOLO v3 ,SSD #ll
TR BRI Y Faster R — CNN, mAP 735l &1 6. 14 |
9.06.11.98 .2.59 A 43 i, A S50 43 il ok 2D
2.662 x107 4.194 x 107 6.28 x 10° 1. 170 8 x 10°,
Ghost — YOLOX — BiFPN %) mAP [t YOLOX - L
BRI 1. 96 D H 43 i, S8 3,33 x 10°, [7]
PG 0 R 4 55 19. 99 /s,

wE 9 frs, i F MU 20T 50 &8 v a5

K9 A BORUR A A AL 2R

Fig.9 Change curves of loss values for each model

B 10 A RIRST-S400 B 340 i 2
Fig. 10 Average accuracy curves of each model

Yk, BT SEA AT I, S ERREGEE] 50
J& GRS, I3 S AE I — R i 5
AR EGE 2 200 B, £ BRSO (H R B TR
L Bk th ez dnlie s, Wl 10 s, YOLOX — L
F1 Ghost — YOLOX — BiFPN £ 5 1 Il 25 th mAP %5
%, A& T HA R 2% . YOLOX Z %1 J& T Anchor free
W 2% | A B AE A A5 D1 25 b X 1 B A 19 7 0 4
P T AT AN Z50KS BRI, (U2 J5 AT RB 8 SR RS
B, Anchor free L I8 /N TR Sk (1) &2 22 | fdi45
BERITH 3 il 2 gk 2, Y253 200 F8 BT, YOLOX |
Faster R — CNN . Ghost — YOLOX — BiFPN “F34 #Efff %
it 90% , AR LR EREAY Ghost — YOLOX — BiFPN
LSV $50K5 B BIMH 95. 80% Bk 45 1 AU vh fi iy, HiAe
PRUE RS I S8 1% (] Bk EL A O g RS B, ELAE T
NS4, BRAE T 2 B A B AR i 75 22
3.4 BN R

B 11 J8R T i85 B P 42 7F Faster R — CNN
SSD.YOLO v3 . YOLO v5.YOLOX — L. Ghost — YOLO —
BiFPN AR £ XFE 11a, A] DIE ) Faster
R~ CNN.SSD . YOLO v3 . YOLO v5 ,YOLOX - L figfi%
PUIAS A GRR SRRV &I 11a £ -
FAER 4y /N B AR BT O A R e A, BF X
Kl 11b, Faster R — CNN 7647 I A 30 T 324, SSD
YOLO v3, YOLO v5 78 75 | ff 30U A, % X
I 11c,Faster R — CNN il YOLOX — L ¥ Si 3 hy
$ 5 ,SSD 1 YOLO v5 RBEHIN IR A &85 & 1H
DR A9, YOLO v3 X T rp Ll BURG: ) sk SR
RAf, WISk E | MGHERA] Ghost — YOLOX —



55113

AEpRE . LTk YOLOX [OBEFR A s R Ak HARK I 7 12 283

BiFPN ZCRECAFEE , X T/ H bR AL $2 HURE ) 3
5 2 RE T S, RS P RS B VR U
K% FES WSS B AR LR B S5 D0 T A8
H G TSR 3R 5

K A RRIRCRA [

Comparisons of effects of various models

Fig. 11

3.5 ®BEhiRikE

Jetson Nano /& Nvidia fff & 193 T GPU AL B #%
it AT &, S B CST R0 M A A2 11 R
USB %L 1A, #1F 4 GB PIAF .16 GB f7f#=s
] o REAS SO H i AR R 2 Bz it b
AEWE U517, Jetson Nano SEWANE 12 A, PERE
meE 13 fis,

K 12 Jetson Nano LY
Fig. 12 Jetson Nano image

FIS A RIAE Jetson Nano |- FSERRZFE BN, £
ZHEH M YOLOX — L BRI Ghost — YOLOX —
BiFPN #5573 51|38 28 21 i £ b 47 L, Bl AL 3k B
MR 100 WEAEFR A0 MG AE R DS bn A 7 4
PRI, HEBRZE AN 4 PR, 38K ISR X He dn
Kl 14 FiR .,

K13  Jetson Nano PhEERI/N

Fig. 13 Jetson Nano performance demonstration
R4 EBLERILE
Tab.4 Comparison of reasoning situations

RSB R AE GEER, FPS/

(il
Bomssk  Fodssk % (fes™)
YOLOX — L 1270 1193 93.93 8
Ghost — YOLOX — BiFPN 1270 1211 95.35 17

14 KR X I
Fig. 14  Comparisons of detection effects

Kl 14 H YOLOX — L X & 14a b — HAbF &
FEE SR T B AR BB IR B, Ghost — YOLOX —
BiFPN X T8 14a SEIL 1 BAHEF AT, YOLOX —
L% El 14b rhiapgg R R0, X T &l 14b £ F
o2 RIEfEH RN R TR EESEHPRE
%%, PIFPE TR AR REWERR HU0] &1 14c 19 Fp AR 76 4R
SEPVERRIR ], 183 TE Jetson Nano b A9 X H 5256
BHEATFE ), Ghost — YOLOX — BiFPN HiBI7E ih 2%
& L RAMACR BN TR E , BBAE SEILSCHERI , H X
WP B A LA B RO RE T, 6 T AN
AT ASTR] B (o 0 S AT LU AERR 1RO

4 R

(D E X EX —ERABEHRE T Chost -
YOLOX — BiFPN #5241 32455 U 75 4 47 4% 5 A0 1) [F] Bsf
PRUE T XA i i A [R] R /INE RO RE T . E
ARSI BEFR A IR b A L 2 SRR vtk S
REH 2 50 B R 2,001 x 107, F ¥ K5 BE 1 1 35 3
95.80% , 13 M H ik 3 94. 18% , e % 5 S L 55 1B 4%
H AR

(2) #2159 Ghost — YOLOX — BiFPN # %I fig 1%
FERE FORG T S T S H PR AR LR B S G O T i
AT UER N, A I AR AR T YOLO v5, YOLO v3,



284 R MO F 2023 4

YOLOX — L, PA S 3= 37 K6 ) A5 5 Faster R — CNN | Bl (Jetson Nano) Jii , H TR ahumAb BEER PEREA FR ,
SSD,, fHJEALHIXT T4 H i B 5 & 1 50 18 DL B K SRR BERRAR , 290 17 £/s ABAT AT LA REFR A

TR I AN EEAE FEFEAT SIS I 6 SR TR FH AT 2 BERS
(3) ¥ Ghost — YOLOX — BiFPN & 3: 3 2 5] 5% Ja AT B R A S TR R SR S
s # X W

[1] IR, T4, BREl, 6. JF Ghost — YOLOV3 —2 B340 2 RUEERE BAREEM[ )], YAl RNE, 2022,50(7) 1189 - 196.
SUN Donglai, WANG Jichao, CHEN Ke, et al. 2-scale pig target detection based on Ghost — YOLOv3 — 2 algorithm [ J ].
Jiangsu Agricultural Science, 2022, 50(7): 189 —196. (in Chinese)

[2] SAKIR T, URKMEZ A, INAL S. Determination of body measurements on the Holstein cows using digital image analysis and
estimation of live weight with regression analysis[ J]. Computers and Electronics in Agriculture, 2011,76(2) : 189 —197.

[3] SAKIR T, URKMEZ A, INAL S. A fuzzy rule-based system for predicting the live weight of Holstein cows whose body
dimensions were determined by image analysis[ J]. Turkish Journal of Electrical Engineering and Computer Sciences, 2011,
19(4) . 689 —703.

[4] OCHOA Z, LUIS E. Evaluation of the accuracy of simple body measurements for live weight prediction in growing- finishing pigs
[D]. Champaign: University of Illinois at Urbana-Champaign, 2010.

[5] ENEVOLDSEN C, KRISTENSEN T. Estimation of body weight from body size measurements and body condition scores in dairy
cows[J]. Journal of Dairy Science, 1997,80(9) : 1988 —1995.

(6] Z4GHEE, 2630, 4L, 45 JET YOLO v4 W% HUREAT A I i [J]. ARV BUAR I, 2021,52(3) :251 -256.

LI Juxia,LI Yanwen,NIU Fan,et al. Pig diet behavior detection method based on YOLO v4[ J]. Transactions of the Chinese
Society for Agricultural Machinery, 2021,52(3) ;251 —256. (in Chinese)

(7] B, K% FET) X Hough BAEMIKGER L BN T]. LHRILFIE, 2018,46(9) :230 -235.

YANG Xin, ZHU Weixing. Recognition of adhesive pig head and tail based on generalized Hough clustering[ J]. Jiangsu
Agricultural Science, 2018,46(9) :230 —235. (in Chinese)

(81 BUEER, D, XM A&y NS BARERESF T AN EESE[ T ] Al MU, 2015 46 (HET)) 1187 - 193.

DUAN Yuyao, MA Li, LIU Gang. Target tracking and behavior detection method in piggery scenarios[ J]. Transactions of the
Chinese Society for Agricultural Machinery, 2015,46 (Supp. ) :187 —193. (in Chinese)

(0] T, 4, A, . M SURREEE MBI ST, Aol TR, 2013,29(10) £ 168 - 174.

MA Li,JI Bin,LIU Hongshen,et al. Side view recognition of single pig outline[ J]. Transactions of the CSAE, 2013,29(10) .
168 —174. (in Chinese)

[10] W=, ETEGFI0%E Bkl MERERATFR [ D], KR KFEHE TR, 2015.

XIE Shuangyun. Research on pig target detection and tracking based on image sequence[ D]. Taiyuan:Taiyuan University of
Technology, 2015. (in Chinese)
(1] REWE, SRR, FET RURAE B S U H AR I i 5E [T ], R B Sk (BB RR) , 2014(24) <11 - 12.
ZHU Jiaji, ZHANG Lisheng. Research on single pig target detection method based on image processing[J]. Information and
Computer ( Theoretical Edition) , 2014(24) ;11 —12. (in Chinese)

[12]  Timie, B, 2P, 4. BT YOLOVS (95 2405 4037 50T i MR S8 [ ] Aol TR 24, 2022,
38(17) :168 —175.
NING Yuanlin, YANG Ying, LI Zhenbo, et al. Pig individual recognition and counting in complex cross-domain scenarios
based on improved YOLOv5[J]. Transactions of the CSAE, 2022,38(17) ;168 —175. (in Chinese)

[13]  geZisc, XURT, HEiEse, . BTRHIEETRER N SRESHMK ML Qs RN 1], 4l TRk, 2020,

36(11):193 -202.
YAN Hongwen, LIU Zhenyu, CUI Qingliang, et al. Multi-target pig detection based on feature pyramid attention and deep
convolutional network[ J |. Transactions of the CSAE, 2020,36(11) :193 —202. (in Chinese)

[14] LWIEE, KJ#,CEDRIC Okinda, . J&TVRZ AR Z 45 (00 A A1 HARSERHSAN i [ 7. Al WA, 2019,

50(8) :270 -279.
SHEN Mingxia, TAI Meng, CEDRIC Okinda, 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) :270 —279. (in Chinese)
[15] ZHAO Hengshuang, SHI Jianping, QI Xiaojuan, et al. Pyramid scene parsing network [ C] // Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition( CVPR) , 2017 . 2881 —2890.

[16] KIRILLOV A, GIRSHICK R, HE K, et al. Panoptic feature pyramid networks[ C] // Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition(CVPR) , 2019 6399 - 6408.

[17] CHEN Liangjie, ZHU Yukun, PAPANDREOU G, et al. Encoder-decoder with atrous separable convolution for semantic image
segmentation| C] // Proceedings of the European Conference on Computer Vision (ECCV), 2018:801 —818.

[18] GEZ, LIUS, WANG F, et al. YOLOX: exceeding YOLO series in 2021[J]. ArXiv preprint, arXiv; 2107.08430,2021.



51130 AEpRE . LTk YOLOX [OBEFR A s R Ak HARK I 7 12 285

[19]

(20]

[21]

[22]

[23]

[24]

[25]

[26]

LIU S, QI L, QIN H, et al. Path aggregation network for instance segmentation[ C] // Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, 2018 ; 8759 — 8768.

WOO S, PARK J, LEE J Y, et al. CBAM: convolutional block attention module[ C] // Proceedings of the 2018 European
Conference on Computer Vision,2018:3 —19.

TAN M, PANG R, LE Q V. EfficientDet; scalable and efficient object detection[ C] //TEEE Conference on Computer Vision
and Pattern Recognition, 2020:10778 - 10787.

MAO Keyang, KUN Yu, ZHANG Chi, et al. Dense aspp for semantic segmentation in street scenes| C] // Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2018 . 3684 —3692.

WANG Fei, JIANG Mengging, QIAN Chen, et al. Residual attention network for image classification[ C] // Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition( CVPR) , 2017 3156 -3164.

YU Changgian, GAO Changxin, WANG Jingbo, et al. BiSeNet: bilateral segmentation network for real-time semantic
segmentation[ J]. International Journal of Computer Vision, 2021,129(11) ; 3051 —3068.

ZHAO Ting, WU Xianggian. Pyramid feature attention network for saliency detection [ C] // Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition( CVPR) ,2019: 3085 —3094.

LIN T Y, GOYAL P, GIRSHICK R. Focal loss for dense object detection[ J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2020, 42(2) . 318 —327.

(EEF179])

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]
[26]

[27]
(28]

PRI, SRARAR B SE AE. RS B AN BT F BRI KRR RE R e (1], FR ki, 2018,7(1) 283 -90.

MOU Yuan, WU Zhensen, ZHAO Hao, et al. The terahertz scattering analysis of rough metallic and dielectric targets[ J].
Journal of Radars,2018,7(1) :83 —=90. (in Chinese)

MAREK G, PER M, SPYROS S. Breaking of Huygens-Fresnel principle in inhomogeneous Tomonaga-Luttinger liquids[ J].
Journal of Physics A: Mathematical and Theoretical ,2022,55(5) ; 107616.

WRISIE , I AT, (R, 45, /DB AR T A SRR LR ()] RO HLAAR, 2022,53(6) 1237 —249.
CHEN Xianguan, FENG Liping, BAI Huiqing, et al. Establishment of wheat model algorithms integration platform and
algorithm comparison [ J ]. Transactions of the Chinese Society for Agricultural Machinery, 2022,53 (6) ;237 —249. (in
Chinese )

WANG B, WANG W, FAN ], et al. Modeling of bistatic scattering from an underwater non-penetrable target using a Kirchhoff
approximation method[ J]. Defence Technology,2022,18(7) :1097 - 1106.

PHILIPP H, CHRISTIAN B, ANDRE L, et al. Analytical solution for the single scattered radiance of two-layered turbid media
in the spatial frequency domain. Part 2; vector radiative transfer equation [ J]. Optics Communications, 2023, 535 (3):
129354.

KUSTOVA V, KONOSHONKIN V, TIMOFEEV N, et al. Extinction matrix of atmospheric ice crystals with their preferred
spatial orientation for the visible and IR regions[ J]. Atmospheric and Oceanic Optics,2019,32(2) :117 —123.

IGNATIOS A, JULES C,ANTHONY G. More on massive gravitino scattering amplitudes and the unitarity cutoff of the new
Fayet-Iliopoulos terms[ J]. Journal of High Energy Physics,2023,2023(4) ;:4002.

WANG E, CARCIONE J, BA J, et al. Reflection and transmission of plane elastic waves at an interface between two double-
porosity media: effect of local fluid flow[ J]. Surveys in Geophysics,2020,41(2) ;283 -322.

B BT O B R A B /N A B R SE [ D ] SRR RO 2014,

AL XM, AL . BT Sentinel 22 YA Y A T M 2% 13K A SRS R £ S IUEL )], Rl TR A, 2019,
35(14) . 71 -78.

GUO Jiao, LIU Jian, NING Jifeng, et al. Construction and validation of soil moisture retrieval model in farmland based on
Sentinel multi-source data[ J]. Transactions of the CSAE, 2019, 35(14): 71 —78. (in Chinese)

XURAR. & FEHURE 105 H AR G RO BT [ D], P42 . P& HL TR, 2020.

BINDLISH R, BARROS A P. Parameterization of vegetation backscatter in radar-based, soil moisture estimation[ J]. Remote
Sensing of Environment,2001,76(1); 130 —137.



