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HATGEE, MRS T AR BT, BN
HEEFAES YN BB O AT R 75,
Ahn %5 F YOLOvV4-Tiny (You Only Look Once-Tiny)
SOEEAT SO, BRSO\ SRR b SIS IR AR R R
A% 25w 5 SR A YOLOX BIF 78 1 %t # 18 FrAe n
T8OV, AR KA A R ORI SR RE R IR AN B
PIRCR -

AT R A AR Je R TRl AR RRCR, H
B 5% FMAEK S ) TAE . s BeR o 11 se
W IAT RIS, A GEAT R o T D7 R SN T
K, BoZRNNERMARAEERZ R0, 5
K, FET BRI shAT R o e 5k 2 1Tz Kt
%%, 0 Liu Z5CMg 3£ T SSD (Single Shot MultiBox
Detector) ] H bl 532K R 3R 5E A A8 I AT N,
HAEREF T = T AR 89.23%MHEAZ; Zhang Ky
# 7 JET SSD #ll MobileNet ] SBDA-DL #4, Fi T
IR IYOK . HEPR R FLAT A B H 2% 56T Faster
RCNN (Faster Region-CNN) S 30 IR L BEE )36 37 A4
N RN BREMUEN 5 SRS IIRG]; #
T YOLOv5 (You Only Look Once version 5) SZEL X 4% H
whiv EL BN=RATARRN.
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MU P BE, RS A il B B i v BEARALL . SR T
H1 T 2 o S 158 8 2 49 dn 4e 45 40 A SRS (B2, A
A B A B AN R R 5T, Xl 5 B0 J i) i, BV AE —
AN IR R AT REAE 53 Ah — A SR B R 2
2) il HAREHBOR, W, B st kil B
i d AR B E R Rl BBOR, HAE e 2k RIFRO3A B
Ak, ERESIRE SRR I, A ERVN
HIEMGA, Xl S 2070 T/ AR AR B %,
TR N TS E s B/ D HE S SLRBR IR
RGO 3) BHFCITIETCIEN B, BUA DU 23 T
AHHEEAT I, T B 5 R e 2 1 g
A FRAE AR I -

BEXF UL BRI, O 1A SR 2 0m M A AT
HUEFHITR, ASCHE ST TR 580375 1 H brk
TATHE, BT R B T R SRR R A A
DS AR B AT RS, AP AR R H AR KN
FUIR, BUREYREE. ik, ASCIUAME R H
HE LI 55 X 25 0T (R RFAE SR UAE V) L B A d IR
BR A UG S AR R )8 A HERf R L R A IE IS LA
BERANA AP RZALRE T b A8 B I 2R SR LU
BRI AN AR/ B AR MU [R]37 S8 S A%, AT 38 e A
TUPE ST R B 1807 50 1 F R R LR o e =, B
BEALTRAE, $REA R, BARA A

1 REBIES D

1.1 HERIESTE

ASCHHE R H T 2021 4 6—10 HEWR CIFHCT
AR O Rk ge” 1Y, ik B SRR At 700 Tk
EUEH T IR, o 500 564 box FRiE, 200 ik mask
FRvEe X TIAEE, WIS REHHE T 220 KEE.
T W] B B S B AN AEAE S I R, SOAR STl 2R 4R
B ANGEVIFENRE, WS E NE FENE,

N AR R, B T DK 200 7K mask AR
G BN box WERE, BT anit s
mask FRiEICHE SSTE x Fl7 R y Bl 1) AL AR ) g ME R
WNAE, RJEHE R box FRiE
1.2 BUESH

VIZREE R 700 7K EUE B0 #5208 1 920x1 080 14 2= A
1 536x2 048 IR E W F, 4 T A 5t A R TR) B,
BAREIK, JeZk BiF; WIZEMNREEN 220 KB 7 P
FN1920x1 080, A F B SIIGEAR, HIFEH
AH B AR K/NAL,  FEAAAEAE B S 1) ;- 2 2K
LR 220 FKEMG I HER N 1 280x960, HERR/N, 1
B 5SSV ENREN AT TR, His
BN, KREHMAEKEMRES, WIRXESEMEE
BRI A B

R 1 fow, ARSCHRE T B sEER. SR
PAR i ga b, Hoor a1 B br i s viAg R S R R EUE
m R R E M E U AR & = G R ENHE.

MF 1 ATRLE Y, AR 1 58 5 LURT = B LA
XTI GREE A B MR AR/, X R B ST 28 MR EE 1 B

FRARTEN, A I RN IN 5 H AR KN =)
ek R S BRI AR X e B L ARG I R AR M) 26
MREEROR, X RIIE RN B AR A

R 1 FEHBETIRIENS TS
Table 1 Height and width characteristics of label boxes in
different datasets
B/ e E L g /)N B FBE L S35 v BE L S 4 9 EE L S8 e i L

§Z t}iié Min height Min width Mean of  Meanof = Mean of
radio radio  height radio width radio aspect radio
PIERS
e 0.032 4 0.0156 0.140 8 0.094 8 1.2857
Training dataset
HIFEMRLE
Preliminary test  0.021 9 0.007 2 0.1120 0.076 6 1.304 8
dataset
N
Semi-final test  0.012 4 0.005 2 0.043 8 0.026 8 1.444 7

dataset

ik, IR, WIFRINAE 5 B RN (Al A7 1E
7 EL A B R, AR IUAE TS ST, BARELLE
FAR /N H b B 5 0 e 3 B

2 ET s YOLOVS RSB RIS AR

2.1 BB

28 I 25 T T B K A AT N SR, TR B3
SR TR AR RS S5 ) TG VA 3R AR 78 R IR
A, I H T AR SCEAE S A A S ) R, DR R 4
188 558 75 VR AE AR LA T v At AR U N
AR AR LR B 38 58 77 v S 0 B s S 1R 3 o

Mosaic 3555 R VU 5k G P2 3 — sk G+,
T IE 1) 3= & 8 s AR AH 38 ndtt 8K/ (Batch Size) )
YEHT; Mixup 3R HE K AR R GHES R kK& F,
WHEA R FE Y SR IG5 Batch Size FIMEH, H5
Mosaic I PG I EEAE, Mixup 36552 it 5
AFEEGREREN TR, BAREGES R —KEEG
Hh T AN AR T B HB B AN [F] 5 B T Mosaic 34 58 . Mixup
WE5E A, A SR H S 3 58 U7 R B FE HSV (Hue,
Saturation, Value) ZFifa 8. EEEENL . & EENL
FRE . EBBENLAT . BRRENLE D) AR 4. R R
. B ARG YA DR EUREOR . E IR E R
PO K R T DA R B N BT R T . AR A B
TR HHE 3 50 7 G 5 S SR R R E W 1 TR
2.2 YOLOv5 MI4& itk
2.2.1 YOLOVS W4/ 43

YOLOvVS!" ™ H B A S 3t S 2 B H b il
%, HATHEA YOLOvSn. YOLOvSs. YOLOvVSm. YOLOVSI.
YOLOvV5x « YOLOV5n6 - YOLOV5s6 « YOLOVSmM6 «
YOLOV516. YOLOV5x6 Lt~ M4, o n /N
x WZgiR, LA 6 g RIIEANA 4 AN Head, HAth
PRI 3 M Heado A SO ARG 1I-HAS T 4833047
TR, HHA YOLOVSI6 41 mAP@0.5 fEAHX =,
HASCEFELL YOLOVSI6 19 BEAMN 2 dEAT 50 . A SCAE
M2 (Backbone) 43il£ERk T CBAM R A1EE 5
25 (Al AR E DL J% Transformer B33 = Ay, Bodtal
JE ) YOLOVSI6 P85t Eban & 2 s
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b. Mosaic augment

a. Ji

a. Original image

c. Mixup 13

¢. Mixup augment

053200 QM TN,

d. FEMLBIYIAL #

d. Random shear transformation

e. HLJ7E¥IfEiL

e. Histogram equalization

B HEgEARA

Fig.1 Data augmentation

ioR/IPS
Head

#: Conv fREHR
AREEE T Ilﬂ(f”%‘jj*ﬁﬂ% SPPF R bR 2 8] = 7 A b Bl

; BN AREHALT—1L; SiLU X3 Sigmoid MALZEM:HTT; Concat [RFE P2 MaxPool fR3EKH KMifk; Transformer {43 HiF = IHH; CBAM

Note: Conv donates Convolutional; BN donates Batch Normalization; SiLU donates Sigmoid-weighted Linear Units; Concat donates Concatenation; MaxPool donates
Max Pooling; Transformer donates Self-attention Module; CBAM donates Convolutional Block Attention Module; SPPF donates Spatial Pyramid Pooling - Fast

Module.

B2 Bm#tile

J& 41 YOLOVS16 W 23 bk A

Fig.2 Comparison diagram of YOLOVS516 network before and after improvement

2.2.2 AR CBAM 2 & A4k
M T8 S e R FIIR BON R 2%,  (F 15 28 3k LG E
FIORBME R, SRR TR . R R A
I ) L5 /G S o 1 A s NP N VAE /i s B & L 95,
CBAM (Convolutional Block Attention Module) "SR fili &
HIEVE R SRR JIH) YOLOVS 2% .

F RS BN RHE PRI EAE AT T W% b AT, DRI AR 3.
EFER CBAM LI 2 A B & T M2 1) C3_m_n
BEHRE, FERGHI C3_m_n_C 8, WilE 2 fir.
2.2.3 £ Transformer A& A4k

T4k, Vision Transformer (ViT) VI Obeject
Detection with Transformers( DETR )25 %L T Transformer
) TAES 3] T KRy . Transformer ZEAG#% AN DLEE
LR ECK B 4 RS2 B (S B, AR CNN —FE & R
FTEHEFZNMAAUE B, FILEREG L. BAs.
BIG B S0 R 2 ok TR R RS, BT
LR MRS [0 /L, R MR A RA B, ek
T CNN W T R4 3 LA E 5 BRIA A . 523 BoTNet!)
TAEM R R, ACEFmd S C3nm BHdm
BottleNeck &y Transformer Encoder /)77 20# Transformer

RGBT, T REAS fr B Transformer 244111
P, RN RBZEER, REBCER R sl A 20
FEAERIBR I, I8N S A PR RE IR . 7R 20
PR, ASCHEH) Transformer Encoder 28445 Vision
Transformer B A AIE, BT LN E2mi-Eok &
AR FEHT Layernorm (LN) JZ.

% J8 R E T W 2% A EJE B RRAE R A TR ) 4
Z, W HE N Transformer 2844 T 55 23k 5 KT
BURTHAE. Bk, ALK Transformer ZE44 5 Al 3
T2 i J5—> C3_n_m ik, 45 C3TR n. Mt
AEHFE 0T T 64 510 TR, S THE BEIR T FEAH
XFRN, W 2 R
2.3 IMKERBULEF

YOLOVS A FH () 5E A4 2% i 204 CloU (Complete
over Union) Loss?*", H:7E DIoU (Distance IoU) Loss!**!
ROFERE & R oK. B4R CloU Loss MER L E e T HS
e A SR B IR box HERD TR g, (HIHL TS
TR TG, 90 2 bR v AE 55 F0I0AE (4 B8 1= % b 151
B, Bk 0, EIB1LH DIoU Loss. Afif#k Fik A
B, 47253 T 408 EloU (Efficient ToU) Loss™*f#J5
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%o EloU Loss [FI et | B S, ol smUfh S 2k PA
Ko FE i, e E SR O SR E R ZELE T CloU
Loss TSI %, (AR KA CloU Loss H %
AN FRUIN R AR A 14 B v 2, TR A AT S5 R R
RORTE S I, ASCEFAF YOLOvS I CloU
Loss #1224 EloU Loss.

2.4 fRALERESE

HAl K Z B M2t 2 8Hn, SR8 E
A PR A IE RN GR B, IR R M B R
TRz A RE 1P, HEEsE b, RLRIEE Sk il
WZREE, RMEIISREMPREEZ R Ti55, ERTE2RIR,
0 25 A1 e A )11 25 45 22 Pl 0P,

H TR 2N 2R A2 RN, BIBRAEEZ AR
A R ME, FEAERINMELL, AR Tt
2 R[HP, 34T H A 1Y) SGD (Stochastic Gradient Descent) «
Adam (Adaptive Moment Estimation) 7. AdamW (Adam
with Decoupled Weight Decay )45 4)t b %% B3 SR A LALE RX 2%
B4 Ry e/ ME,  {HIXEE g /M Y B I AT RE 2 A 5 BE U
1), BV pI et o Kigsgm ik, 2 IR AL
2 AkEE 1. SAM (Sharpness-Aware Minimization) ZJifk
A i I [ B /MR SRAE DA SR AR B I R B RE S 5%
HIZ R AL B A4, RIP I ) 25t IS
HIAR R BTy, S A R P I 5 R BRI
2.5 ILREEDLIH

FERB NG fEd, ARSCEH T2 REZ. D
FRAE1 B 2 o) RIS o K SR, 3R AR AN
5] R/ H b B 14 DA S FE B a0 s N IR . Bk )
RIS AN R 1) s FHEE 1S 5 5 RN ZRER I ZRAsi Y,
FEMCHATE], 5 22 FROBE I 2R S 0 B AL IR B AR 2 Ay N PR
Mo P, 2) A8 RS 1 5 5 O AR 28 45 & 1 D7 VR 45
REFTFREE . 3) G YRR FNMNAEE 2H & B Il 2R 4 .
4) HKES (D ~ (3) FHik.

D 2 REZ%

M 22NN SE T 1) H AR R N, XA —
EFERE bR IR . R TR IR L, AR
FENZRIN S 2 RN SR SR8, 4R THSE R AN [F] RUEE
B AR & B o B AR = AT A iy N R 1) 3 H 3R AE
[0.8p.p] P BENLEEL, o p AR JFARHm AN 7> HE 2

2) bR MRS o

D ARZELR — Rl I B 2 S Tk, BB AR
PIEAR R THA B R b B R . BT S
8, B KAA—, (H15MNCH 5 SRI I 254
NG BB R M DUAE R g 5 S WA A B PR RE
A Oy 51, a] DL AR Y 2 ) 200 A i £ bis
G3A, FETHEIALAE A ) R

FEAE BN AEAR ARSI, A SCAE T A 1 i 1) 7
%o BMnEREMmANEGMEE ., Aa8ER. BT
B B OE N AL, 1520045 R, AR5 X =4 it
W as RE I, HFEITIERRMEMME (Non Maximum
Suppression, NMS) , 153 & BRI M L5 R . BR

5 FF U 18 5 ) 7 R A A BE 8 SR AT T v R AR oA
B SO (2 N 1 5 L ) P T o N SR 9 A
AR ON 5 25 I A5 FH 12 5 S R4 B v A 1 i A D bR 28
FE HEAT AR TR B DTAil i S AN P IR 4R 1 58

ENERIERIN G R, ARSI 2Tk E
DA 1D 30 23 AR (R . FH B 30 58k . 5 18 BB LE Dy b
SR B i 3 B2 )0k SR M AR I s AT, TR
o 14 5 R 08 R AT B A, BRI DO 5 )20,
ASCRIREE(E ) Mosaic R 58 1IMEZE A 100% 17 %
2 50%, LA £ 73 A7 52 8K ) Mosaic #5388
PR AR . FAhEE S 85 B S BR AR .
2.6 RENIZGRE

ASCRIGA GBI IESE . EH, B I Rk
TN, FHAEHIIFEMEINAE R, HEESH, &
JEEMALE F ATk SR, BT A SRS B FH s
EAFAEB R R, BRI R4, FEF R IR 4R
g R S5, W IGVE R A R a8 70 MR A 1R
IR, A4, HIELRIES HARA AT L A T .
Rk, ASCERPFRZE LRI, AR Al LAY [ 5 BRI
B HOHAT ISR

AL A RS B B AR 55 P 3 BB R B
1 920x1920, Batch Size 4 8. Frf kI 51#HE COCO
B BGOSR AT IR, AR TR
N T ) 6 350 0, 47 T A TR ) A T S ) R Ak 3 A
] HIg7E ik Bk R AT .
2.7 FNIERR

EHFRAE I 710, 22 TR E (mean Average
Precision, mAP) & F T PEAH B brda T H vk R 3 208,
HAWEHZE (Precision) FIH[EZE (Recall) FEL[FWHE,
I, AT mAP@0.5 F1 mAP@0.5:0.95 1E AL 15
Fro Ho mAP@O0.5 18R A MIAE 5 ARy AE 1) ToU HIME K
T 0.5 WAL A TR IE# Y mAP: mAP@0.5:0.95 $8F5E K
w A, HAFREFEAR loU B1{E (0.5,0.55, ...,0.9,0.95)
) mAP [F-35E o fETHEOT T, A SRS 77 1% 22 (Mean
Square Errors, MSE) 1E NP $845

3 GER5SH

AXFRfEHMRBEHRENT, #BIERa N
Ubuntul8.04, CPU 4 Intel(R) Xeon(R) Gold 6240 CPU @
2.60GHz, GPU Jy NVIDIA Tesla V100 x 4, CUDA hft7A
9 10.2, Python fRAN 3.8.13, WAEHN 128GB, HJE¥:
SIHEZE N PyTorchl.11.0.

3.1 HERIE

N B A [ EdE A e A R R T RE I R, 3G %
SOk A AR, AR ST T VRIS, A AR
TR LA RSN 2 07 T A T ook 7 v
BRNE, MK 2w, WNETTLIEH, &4 S S0
FECTR PR ARG 1 i R B RE S 3R T . TR R T4 b
£ CBAM EELFT Transformer 18, A mAP@0.5
SYAIRTE T 2.48 AN E S AR 3.46 N E AL, BITRZES
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FIBEAK T 2.62 F16.58; WM RSN EloU, 7Y
I mAP@O.5 $& T+ 1 0.93 N 43 55, ¥ 7 iR ZEB#AK T 2,73
MU E B mAP@O.5 {HM 87.67%3& T3 98.76%,

mAP@0.5:0.95 {H M 58.35%#2 T} 5 68.70%, 477 1%%E M

*x2

13.26 FE(RE] 1.44, XFRHEHE K YOLOVS B H s
WP BERNTH B RE I R MIR T, B SR
AN RTEE N AR fe el R AL ) R . 2R b,
AR S SRt S RS 2R 1 7 R A R R R A AR

HAtIA L

Table 2 Ablation experiment

0tk & Improvement points

ETY T

. et LT mAP mAP ¥R S : .. Frames per
CBAM Transformer EloU Loss SAM %}i’f;ﬂllé{k 1}:’4’/]‘\%"’{)”” ﬁt;éélg gﬁ @0.5/% @0.520.95/% MSE Parameters/M Floatln.g point second/
Multi-scale Pseudo+TTA operations/B (Wi-s)
87.67 58.35 13.26 76.16 994.3 10.5
4 90.15 60.45 10.64 76.92 997.5 9.2
4 91.13 60.49 6.68 75.64 987.7 10.1
4 88.60 59.84 10.53 76.16 994.3 10.5
v 93.70 64.15 4.55 76.16 994.3 10.5
v 87.98 59.03 12.73 76.16 994.3 10.5
v 97.30 70.54 2.47 76.16 994.3 10.5
v v v v v v 98.76 68.70 1.44 76.39 990.9 9.2

¥E: mAP@O0.5 RF UK IMAESARFHER ToU BIE KT 0.5 B AT ER T mAP; mAP@0.5:0.95 REFIEFEAF IoU HIE (0.5,0.55, ...,0.9,0.95) ] mAP

HITEIE: mAP 474 TR,

Note: mAP@Q0.5 means that the prediction is correct when the IoU threshold of the detection box and the annotation box is greater than 0.5; mAP@0.5:0.95 means the
average value of mAPs with different IoU thresholds (0.5, 0.55, ..., 0.9, 0.95); mAP meansmean average precision.

3L 1 ARACHABERARE M AL R R

AFERAL G BRI A5 SR Ak 3 P, 86 SAM it
v, MET YOLOvs i i) SGD fiifeds, iU
mAP@0.5 #£H 1 6.03 NEH AL, mAP@0.5:0.95 $2F+ 1
58 MM, WITRERAR T 8.71, WA ke I 5E
M RES A TR T A, XFEE Adam fifbd 5
AdamW ALES, SAM AL 7 5t A B R
B AEIH SGD ifbds By SAM ik, fEfs
BRI SRR A 7B RAIIRE ), fem 1A
Rz A BE

x3 TEMUFRELEER
Table 3  The result of different optimizers

etk g8 0 " oco BT iRz
Optimizer mAP@0.5/% mAP@0.5:0.95/% MSE
SGD (J&4f)
87.67 58.35 13.26
SGD (Original)
Adam®” 81.60 46.72 23.06
AdamW"?¥ 90.30 55.45 9.05
SAM 93.70 64.15 455

3.1.2 Transformer i&4FxHAE R M AL 69 B vi

ASONAE B W 25 2 15 82 B Transformer A5 EL
B EMFTHE Layernorm (LN) JZH] Transformer it
1T TS, BARaliess Rk 4 s,

M 4 s, £GTA LN 2/ Transformer 85,
B mAP@O.5 #2711 3.56 NE4F £, mAP@0.5:0.95
AT 343 NET AL WTTRERILT 5.433; A
A LN JZH Transformer BH5, ALK mAP@O.5 $&F+
T 3.46 NEIY S, mAP@0.5:0.95 $R_TFT 2.14 NE A,
BT R AR T 6.580 PR JT S0 AR A A il R B AT
HiEReA T, I H R TR S8 E A SO
S, (AESHGZm T RIERE . FEAHLL, WA LN JZH
Transformer PJRLIAEE (mAP@0.5 Al mAP@0.5:0.95)
W, (MBS (MSE) B ZE. SRR %, KRR
A LN JZH) Transformer BEH. A i i 5 Bl
Transformer 4, (FHR BARNAREEMEET), B

IR 7 B0 T8 50 7 RURE S PR RSB I4 F A 17 A X AR TR P e
i} 21

F4 TRIBTFMENRINL
Table 4 The result of different backbone networks

o Ls i =R
. =2 AE
¥ sEE T MitHE

A mAP AP Floatin;  Frames
Model @0.5 @0.5:0.95 %#2 Parameters Ointg per
ode 1% /% MSE M pol second/
operations/B ... |
(i-s™
JR44 Original ~ 87.67 5835 1326  76.16 994.3 10.5
JR a6+
TransformertLN g1 53 g178 783 75.64 987.7  10.05
Original+
Transformer+LN
J5 4+ Transformer
Original+ 91.13 6049  6.68 75.64 987.7 10.05
Transformer

3.2 EHMERAITELIXIE

AL T 4 B Faster RCNNPOEAY | &ttt 25 42 %6}
% ) VarifocalNet®" 5 7 DL K J& T anchor-free 1]
YOLOX(L)PA A 55 A SC gk A AR 047 %of L, S EE AR AL 35
% 1 mmdetection HEZP R ACRD ST o A ST I Ad R R )
Xof H B 7 L3 S

x5 SHMEEMRIESERIEL
Table 5 The comparison of experimental results with other
models

FROUTSE e

mAP  mAP ¥ BHE

" Floating
573 , ) F
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Detecting and counting pig number using improved YOLOVS in
complex scenes

Ning Yuanlin?, Yang Ying'*, Li Zhenbo'**, Wu Xiao!, Zhang Qian*
(1. College of Information and Electrical Engineering, China Agricultural University, Beijing 100083, China; 2. Key Laboratory of
Agricultural Information Acquisition Technology, Ministry of Agriculture and Rural Affairs, Beijing 100083, China; 3. National
InnovationCenter for Digital Fishery, Ministry of Agriculture and Rural Affairs, Beijing 100083, China)

Abstract: The number of pigs in the shed often varies continuously in large-scale breeding scenes, due to the elimination, sale,
and death. It is necessary to count the number of pigs during breeding. At the same time, the health status of the pigs is closely
related to their behavior. The abnormal behavior can be predicted in time from the normal behavior of pigs for better economic
benefits. Object detection can be expected to detect and count at the same time. The detection can be the basis of behavioral
analysis. However, the current detection and counting performance can be confined to the blur cross-domain at the different
shooting angles and distances in the complex environment of various pig houses. In this study, a novel model was proposed for
pig individual detection and counting using an improved YOLOv5(You Only Look Once Version 5) in the complex
cross-domain scenes. The study integrated CBAM (Convolutional Block Attention Module), a module that combined both
channel and spatial attention modules, in the backbone network, and integrated the Transformer, a self-attention module, in the
backbone network, and replaced CloU(Complete IoU) Loss by EloU(Efficient IoU) Loss, and introduced the SAM
(Sharpness-Aware Minimization) optimizer and training strategies for multi-scale training, pseudo-label semi-supervised
learning, and test set augment. The experimental results showed that these improvements enabled the model to better focus on
the important areas in the image, broke the barrier that traditional convolution can only extract adjacent information within the
convolution kernel, enhanced the feature extraction ability, and improved the localization accuracy of the model and the
adaptability of the model to different object sizes and different pig house environments, thus improving the performance of the
model in cross-domain scenes. In order to verify the effectiveness of the above improved methods, this paper used datasets
from real scenes. There was cross-domain between these datasets, not only in the background environment, but also in the
object size and the aspect ratio of the object itself. Sufficient ablation experiments showed that the improved methods used in
this paper were effective. Whether integrating CBAM, integrating Transformer, using EIoU Loss, using SAM optimizer, using
multi-scale training, or using a combination of pseudo-label semi-supervised learning and test set augment, the mAP (mean
Average Precision) @0.5 values, the mAP@0.5:0.95 values and the MSE (Mean Square Errors) of the model where improved
to varying degrees. After integrating all improvement methods, the mAP@0.5 value of the improved model was increased
from 87.67% to 98.76%, the mAP@0.5:0.95 value was increased from 58.35% to 68.70%, and the MSE was reduced from
13.26 to 1.44. Compared with the classic Faster RCNN model, the VarifocalNet model for dense object detection and the
YOLOX model belong to anchor-free, the detection performance and counting performance of the improved model in this
paper had greater advantages regardless of which evaluation metric was chosen, and was still able to maintain a relatively fast
speed. The results showed that the improved model in this paper exhibited strong feature extraction and generalization ability,
and could still accurately identify most of the objects to be tested even in cross-domain scenes. The above research results
demonstrated that the improved method in this paper could significantly improve the object detection effect of the existing
model in complex cross-domain scenes and increase the accuracy of object detection and counting, so as to provide technical
support for improving the production efficiency of large-scale pig breeding and reducing production costs.

Keywords: models; computer vision; object detection; counting; attention mechanism; semi-supervised learning



