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TR ML, BB F — RS BURFAE D o] 58
J BRI, DR LA R A A I R, R A TR
SEE RO G B 3% 55, YOLO (you only look once) %
FIO1OT R B B R O 2 LR ZR, E A EE R
FEURSER B3R T 2R G k. AT IR AT
7 B & 1 ( depthwise separable convolution) 1t &
YOLOv4 1 5 AR R, FE4 9 45 o 1 ik 22 20 A
(residual unit) FHNUELZEHIF (inverted residual unit),
i A P HE A K {E 49 %1 C soft DIoU-non-maximum
suppression, Soft-DIoU-NMS) 5k, FEAR AR &
s oL N Sl 7R R A Rk, ZEMERT Y 7 YOLOVSSs
H 5l N C3HB B FIAZ X 7F & /7 (criss-cross attention,
CCA) i, ZEEMEAYI I FEIIANFAFEARKLE IR T e A5
RS . F o025 7 YOLOVS s e A% RS
TR, HE A AT R SO A R R B ) 1 e e
T4, MR 7 R0/ B AR SO H br i 6e
1. IMREE T YOLOVSs, FREZM% MobileNetv3
VEFFESE I 2%, FFAESTR I 25 5] N RepVGG B,
Rl & 2 43 SCRFIE SR B AL (R MRS B, S 18 FH 2 T3
AE U R AAENLHI MBI 2L (wise intersection over union
loss, WIoU Loss) fE i FHHE RN 45 2 bR 2, sk o 2
YL SR A B A (R R VR 2 . YE %51 BT YOLOvS
FINZHrE@ v R ALE], R 0 2 A ) PR A [R] 4
3t fb (spatial pyramid pooling-fast, SPPF) fij 1t 4
SimSPPF, [A]i} 5 HFREEEH StrongSORT Syt A48,
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18 0 48 BE 5 LA B 25 (A3 7 QR B AN T SR e b M 5 15
M AR, ZHANG % U9 3 F YOLOvS, F & & %
GhostNet V2 108 C3 b b (30 R0 4% LLygi /b X1 2% 25,
FHoe 45 2 B 1K CloU B SToU A5 6 A f1g [=] V3 58 i
AERA, RIS SR FE ISR R A 4R A AR 490 s A W0 HE
g AT A B, B R B e R T R
BT ET R, SCOURE N R, ol
BT YOLOvVT Xf £ R BRI fl & W 4 BEAT ek, E8 T
W 2% F I 160% 160 FI4FAE R J2 LA 33 5 0 % /N JRg
HORE AR B IR A OB RE, 51N I MLl CBAM
(convolutional block attention module) 5 3% M 2% X5t %ip A
B TR AR X SR SRTE RS, e SR ot AR AR K
I (soft NMS) 38 4 i % JiF B H bl — W30l i
i R o

DLW U ER B T 3 PRSI (R SE R, AR T [
W AR B, [R]IAEAE AT N RN 75 75 2 e IR 1 9 32
AT AL EE . XM AR, PR, AR R AR
bR S E I, [RIRTREHEAR AT N L B A IR AT
iR E, RREMIEALEE AN E EREE . Kt
KWFFORBUT N BT BRI ZAERA BRI S, I
e AR A S K . FERURE R R R, AR
SERRAEME 75 3R, AUhRIE 55— HEVE 3 B A A A R 2
BT AT NS BAE 58 —HEE S —HEWE AR R 0, SO Bl
17 NEHATFRIE . YOLOVSs I 28 HAT 507N 13 AR AIF
K, FEHIEAIRAR A RIIE . A e ser K,
AT IEH YOLOvSs fE N B4 4, FE4F%T YOLOVS
A 28 A s P A A TR S A Ry A A 18 4
) AT A . S B AR C3 R R I AR
e, DABRRUIZRRT RS H0R . R XLk MR 1 1
b SRR 3 R AT AL F50 50 B9 4% 45 K9, {E SPPF R H R
N AR 7 7 R DR kI A 7R A B U R T RS
155 P AR ARG WU 3k 5 60 LRI S AR D Sk, 7E JCHHE  Canchor
free) FFERE X5 MIHE—DAE T, DASR w0 9 48 AR A
FE, Bl 55 LS N E T I P s 55 R Ml B 41 T
S RS B

1 MR5E%

1.1 ERRESHESEE
ASCHCE S N S B A IR A, UG CR S A
DT A BT T 5 1 DO T A AL B[R] Ak B A0 v
(32°13'N, 119°30'B), KGRI &% NERE (SONY)
IMX890, HR£E 2 000 5K JE 4G KR, N IPG #K, ¥
N 1920%1 080 153k, AF 3 MREMENTS: B, 17N,
Bl M. Hr SEASE R DL S IE B IR 4%
PEF AT EAR R AL, DARIERIE (0 2 FETE, 3271 M 4% 1)
H AR RE 77 BE 4300 B Rl i 1, 5 8 2 ms
FHLE ARG, & X =0~5m NS, 5~10m
RN EEES, 10~20 m NAEEE R, ik 20 m 1 H ARBRAT

NI THE.

- 3
b. R ES
b. Middle distance (5~10 m)

a. THE B
a. Short distance (=0~5 m)

1

d. W
d. Backlight

c. IR
c. Longdistance (10~20 m)

B 1 48 B Gl

Fig.1 Example of dataset image
8 1] Labelme #74x &k 5K B R of H ARY) 74 BT A2 1) ¢
NIMEFETEAEREAT N TARVE, ARvE R AR 5 AR 40 bR
F G EFE, RELIR L ISON IR TF. ¥ 2 000
SKIEE LI 79 1500 5K INZ54, 200 5KIGUESEA 300 7Kl
. AEH T IAMSENSH, WiEEH T4
WA ESE, Bk NE, WKEAZ 5
g5, M T RAVPABERAT N HCR . A ARG AR 5 1)

Tl SR HORAT AT, BAEEIE 1.

%1 YEERFABRNE

Table 1 Number of different targets in the dataset

ik Yghte IS4 WA Mt
Class Training set Validation set Test set Total
) 4270 604 895 5769
TA 1388 138 162 1688
g 4626 616 936 6178

YINZRIS % 4 AR BE AT BRI o DAk — DR TH e 4R
R ZHEPE, BFE N BRI BENLEEY . Eol 28 4 DL &
[ ik S
1.2 B BN 5%

YOLOVSs (1) 45 5514 73 5 % A\ i Input. & T X 2%
Backbone. i # /2% Neck A1l Prediction. = /%%
Backbone ] T HEHURFAE . 035 X 4% Neck FH - 5 4f 3 i
G ISR IUE T I 25 25 H REAE,  DATT B2 15 X 2% R P e
TR S AS I Sk 2 A Ay N=343, A2 0 AG T AS [A]
KANEIVIE . YOLOVS 15BN 45 X 2% U8 FE 72 7t b v R IR
459 YOLOv5s. YOLOvSm. YOLOv5l. YOLOvS5x,

AT 5336 FH X 248 VR B e R ¥ YOLOvSs, 5 AU A HE S
AN, G TAERN R EE . ABFFEN YOLO M4
AT LA B 1D MR C3 LT BottleNeck
AT PConv B e H LA/ iHH 2. 2) A3 M
ZREER, DUHE C3 EFrA1 CBS K, [E]f FH X 2k P A
EAL F R AR 3) 8 Sk i i A AR A I Sk
e JF 2% R A Sk o 4) IIN CA JE & FIHLHI 3R %N
28 AT AN BN 7 T AN A2

O e M g 5 R 2 B o
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7: CBS BRI b+ SILU BIE A% C3P MBI NERIM BARET C3 Bibl; CA KRR J1; SPPF X &7 B itk MaxPool2d Jy Kitift
$#4F CBSC Ny CBS+45#1; Concat NHFFHEZEHAIH; PCBlock AE FHESE UL Upsample A [ RAEMRH; LDHead A% S AR I SK o

Note: CBS is convolution + batch normalization(BN) + sigmoid linear unit (SiLU ) activation function; C3P is the C3 (comprehensive convolution block) module
introducing partial convolution; CA is coordinate attention; SPPF is the spatial pyramid pooling-fast module; MaxPool2d is the maximum pooling, CBSC is CBS+
convolution; Concat is the feature connection module; PCBlock is the improved feature extraction module; Upsample is the up-sampling module; LDHead is the light

decouple detection head.

B2 ite) YOLOvSs LA H
Fig.2 Structure of improved YOLOVS5s

1.2.1 C3P A3k

C3 M = B T 14 N 25 % P RS2 B, (HTH
[ 38 Kt 5 K. 3 U A & 1k 9 4% MobileNet! ',
ShuffleNet™ !, GhostNet™ ! 25| Ffj 2 % & 15 /b (1R
A7 B S R B R U (AR AL, b 1 2 55 A (1)
M 1T 5 (floating point of operations, FLOPs), {H%>
WORKE K. #5F (partial convolution, PConv)
#& FasterNet 11— MR EAER, SHEMERMLL, %
BT RAE /@ E AT RS, S HA () R AE
{14 [F] I R A7 FL At TE AL, 9D TR IUAR AN A U
o S-SR, REER 7 B R EAH BA BAAH
A AR 2 SR, (RIS AT 48 2 N AE U7 0] 3
MEER . BEFHITMERANFYN, HTrawas
3 P4 A7 U7 ) 386 00 (0 5 i 17 5 B0 AT RCRAR PO Rk A
W 50K 3 7 B 1 (partial convolution, PConv) P9 5] A
C3 Btk , HUACH G B S (BottleNeck) ,
TR SR B AR e S5 A4 U 1] Ba. 4 S JE A EL A &4 8 C3P
B, ol fE R B ARSE M WKl 3 s .

Kl 3b NS BRI S5 R, SRR N RIE (S B —
053 i NI TE B S AR AT R AR SR A, OREFH AR
TEAAR WG c, AN B i i o A 3 92 0388 12 AT RFE
FHES, &5 BT Concat #1E FF BT B AERAE, 1£
AN TR PR R A7 YO0 T DA DA N R R E B A A R R
1)IEIE

BN B K R, 5w, FNEEE R,
Z 5BRMNEE N, BRI Nk, TR & Fpeon N

Frcom =h-w-k-c,’ QD)

a. LA
a. Structure of Bottle Neck block

ﬂ_l

b. BB

b. Partial convolution

o I o

c. BARL Y

c. Whole structure

B3 C3p&MB

Fig.3 Structure diagram of comprehensive convolution block

using partial convolution(C3P)

1.2.2  F3E M Ak

ECBS B HL G R M AN BB AME, JFma AR
CBSC (CBS+convolution) fHt. PC AR (& 4) 7E3L
PRI BEAT BARERAE,  FEAS SO RAE B 22 18] RS 1015
OUT, BURFFE B R BT 5 N ARG, A B TR
R ILRE . FERT B NN 2 /> CBSC Bk, 1E
BRI AT 34 -, NI BN (batch normalization)
F1 SiLU (sigmoid linear unit) {8 5 I 5 5 BE 10 4% #% 247
At ot s ARy 44 2 PCBlock, U T4 H
K H BRI HPRRFIERT C3 Bk,

4 YOLOVS J5i b SRAT 712 1) dpe e AT 4 A 5 45 9 W4k
PEAGE, HJFEIEWE 5 o, RESWNEE, HE
FHER LR et 2 A G B RE, RIET
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LB B A B SR, AR T3 v H ARG P2

Concat

I_I

B4 PCHRE
Fig.4 Structure of PC (partical convolution) block
0. R, o
V2 {
ip
v
W On: _"_1_?1 _Q__l_ _____
X X X,

#: Qs O Oy O NFEBEHE, x xn 0 Yy Vs N2 DA L ()
PAbR: PONBUE ERFERRE R A, Ry R N ERFEEIEA i) £,
Note: O11v Oipv 01~ Oy, represent the original pixel points with coordinates of
X, X1, X2, ¥, V1, V2, P denotes the presumed upsampled pixel location, R+ R, are
intermediate points in the upsampling process.

A5 N&MHIHEREZE

Fig.5 Schematic diagram of bilinear interpolation

e FRFESEREF, UiEFEE RS O O
Onhi BEF, e L RFEEAIAR RSP, 5 ZHi € PIE
PRALS EEUE, B SeAE Xy AT AR AE, R EIf(R)
5£(Ry), = (2) F (3) Fim.

Xp— X Xp—X

JR) =~ fO)+ f(Qa1) (2)
Xy — X Xp — X

FR) ~ 22 Q1)+ f(Qn) (3)
Xy — X Xp — X

W5 £Ey J7 18] _EREAT a2 (P), Wak (4)
B o

Py~ 22 pry+ 22 f(ry) 4
Y= Vo=V
B (D ~ (3) WAR (&) BEWLLIIHEE P
SRR, BIAP), IR (5).
10
Py —— = _ _
JUP) % S (= =)
£(Om)
(= x)2—y1)

f(Q1) o
(xz—xl)(Y2—)’1)(xz DO+

(xz—J:C(l)Q(;zz)—)’l)(x_XI)@_yl) )

123 228k
YOLOV5 [ £ A5 T A 5 A5 00 =k 7T g 4 3 B0 AU 7
REEAT 5 LRI T DT, i AR Sk T DA 1 9 45 11 5
MU iR B, HAE YOLO M 4% 384N H br A I A2 oh 22
SKHE T, 1Ry B AR IESRBURME R TN 7 T, RSk T
PLKS P 70 BT, A X 2% B R b Ak BN ] RUBE AN S
F e T H BT HORAR ZR G T A Dy A ST AT 55 34T

(x=x)(2 =)+

AFE, AT DL AR B A AL & AE B, AR TR
HAsM K. Sud s Rl sk ey 44 9 LD (light decouple)
faril Sk, 5N 6 B

hxwx3

hxwx4

{ Convad |
VE: 3. 1y A KRB, b ONEIRBIE, w AEIRIEE, B,

Note: 3. 1. 4 is the number of image channels, /4 is the height of the image, w
is the width of the image, pixel.

He6 BZFifsmienk
Fig.6 Light decouple(LD) detection head

124 CAZZEH#H|

FEEMLE AT DA — DA RE R R, @i iR
B N PN 2 1) S O N U AR SR S B, i TR
FIRASTHERETEIR, RSN Z AN SE (squeeze-
and-excitation) V£ /7%, 1E T4k 4 R AL % B R i
FOmRIEER ), 0] DLV R T S A SR AL B 2 Y P R
PeTt. SR, SEEIRFE TEENE SN,
2T ARG S EEN, AEE RN T RS
3K H br 45+ 2 ¢ B P, CBAM ( convolutional block
attention module) "y 2% 773 1A B ARG Sy N\ ok B 114 3 J 4
HUAF A EAE R, ARG KRS SRR v 5 2 ()
B R, BHABREKRIH KR, TLIESIRAES
O T IR B B AR ¢ RAEEAT A, T CA ER IR
AR T IX A 1) R

A FEAET T W4 i N CA vER SHLEIEY, it
1R B e 4R AR AT AL B, DURS A 478 % i ] PR b 1
HEES, FNA SR TT A B RE ), A
Bl T 455 Y AE A 00 R0 B AL B bR X3k CA V= JIALHI
SERIANE T BT o

CA JE R 718 Je 0B T W 2 5 N 1) B i 48 B RRAE A
JKP R B W) — 44 R A1 B RRE I, RS ANE T
] AL E R, @1 (6)~(7) Bz

1
h _ B
ZMh) = i OgEigwxc(h, i) (6)
1
h _ = .
z,(w) = hogjghxcu’W) @)

Apzi(h)« z2(w) 73 3 D9 5 oA S TE i ) v 2 AR AL B A
TEPLRFE R, x (b, D) AlLxe (,w) 73 ) R S N AL P 5 ¢
ANIBIEATRTT [E w7 [ FRIHR o

A o NEMBIEER, r N T REEER L.
Note: ¢ is the number of image channels, 7 is the downsampling reduction ratio.
B7 CAEZEALEMA
Fig.7 Structure of coordinate attention (CA)
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SR G PRSI A 5 B BT RRAE I, ol d T 4
AN, B R REATHE R A — A A B B AR R . B
b = (8) AR,

f=6F\(Zoz)) (8)
KO NARLRPERE R, FINGREH A, © FoR
T [ 4 BE P DR A

B3¢ S VR AE PR TSR 5 ) B AR AR 2 R f AL, SRAE
F 11 B RUGRHE B E S sk r 5K SR JE R e, 15
FI) 5 i N R AIE 1 3 1 H5OH B R R AR B F R F,, FEAE
Sigmoid ¥ i% o S BRFAE E R E . KPS RER S
WEg", g, HEERN

g" = a(Fy(f") (9

g =o(F,(f") Q1))
X oy Sigmoid BUFH KL, &' Mg ARHEEIFER . /K
S5 1A R R S A

IR JE S VR R IR E g g 5 N R AT 3Rk
RO 5, 19 30 7E 58 B 77 n) Rl i 7 1) A 9 2 B 1Y)
FRAERE, AT

Ye(i, J) = x.(i, ) - g (0) - 82 ()) (1)

o x (@ ) Ay (i, ) 53 50 N 5 e AN I TE [ 4 N FD H
1.3 REFEERINGTTE

¢ &8 — & B B5A IntelR) Core(TM)i9-
10900kCPU. NVIDIAQuadro RTX4000 GPU il 64G i&47
WAEIITFEML, {EH Python 4if21E 5 A1 PyTorch IR ¥ %
STHEZEYI R

ASCRHBEATUR T B2 BN X I % AT AL,
W22 S R E N 0.015, BEIEIR RN 0.001, X
IR INECRE AR L R KR 16, Y 58 K% B N 300.
1.4 FMNigkR

HARETR. AR, BE TR DY RAEBA R
By ATHE R BB BUE KN RAFE R R IR R R
A8 FH A 0 ) 1S 114D P AR i 2 AT A 2 ST B A S

2 HBRESH

2.1 HEGIAIE

PL YOLOVSs AR M C3P R, CA VER Sl
B AR DL BT I R T RN 20050 25 46 AR 2Kk
ARG L5 Rk 2 s

*2 HRARIE M REXTEL

Table 2 Ablation experiment performance comparison

ot AR Am =R [ EPNGN LioallptES
Model Precision/%  Recall/% mAPy5/%  mAPyse0/%  FLOPS/G Model size/MB ~ Detection speed/ (1i-s™)

YOLOVSs 84.2 79.0 83.6 48.8 15.9 13.6 62.1
YOLOv5s+C3P 82.0 81.8 84.8 48.7 12.6 11.0 57.8
YOLOv5s+C3P+CA 85.2 81.2 86.4 49.5 12.7 11.3 54.6
YOLOvS5s+C3P+CA+LD 83.5 83.0 87.0 52.2 19.7 14.3 51.3
YOLOv5s+C3P+CA+LD+bilinear 86.4 81.0 86.7 533 19.7 14.3 50.9
A 86.0 82.4 88.2 547 18.9 14.1 513

WE: mAPys 35 ToU BeA 0.5 ISP IRE L, mAP, 5005 R AA ToU BIME (A 0.5 8/ 0.95, 5K 0.05) EHSFEKEE . 1 G FLOP = 10° FLOPs, EI4E4) 10 {477 55

BH. T

Note: mAP, refers the mean average precision of the intersection over union (IoU) threshold is 0.5. mAP, s, o5 indicates the mean average precisio nof IoU thresholds ranging
from 0.5 to 0.95 with step size of 0.05. 1 GFLOP = 10° FLOPs, which means 1 billion floating-point operations per second. The same below.

R 2 W5, SIEMZA L, EH C3P b #e
JRC3IBEHR 5, BN K A R B TR A, H A [B] 2 A
mAPs 7> RS T 2.8 F1 1.2 N4, MRS b
T 20.3%, BUE ST RN T 191%. H T HBA
BRI E BT RS, Rk C3P B
SitEEEEEAD . R, HERR RN, RERENL
ST ARSI X 48 52 4 B, (HON ]t S tth S BOR B T
B, DRSS TR AL XS 4 BB AE (R I RE 1. 7R
T I 2% [ B e AR S 51O\ CA VE R TR B B TS
B,  ELY 0 kS B E SO KN > . R CA
T IR BRI T A C3P BEHHE SR RE B R R [
Rt R g VR RE, R RS G Sk T o SO S R
GRS, BRI THEEAE PG, RV Re A
B TIRKMIRT, TERE RSB EIE N T, AR,
MAP s« MAP 00 73R E T 2.8, 0.6, 2.7 NE S M.
NYRFMNE R IGARR, R S R T i B AR AR
(AR A AR AELVE AT FoRAE, 0 20030 I 48 w5 g it —
WA . B R M S RN L, 1R s E R
3G, HKEHZE. BREZE. mAPs 1 mAP 505 73l

PRIT 1.8, 3.4, 4.6 FI 594N HlE G AI HE
FE AT G 215 3.4 ms, H B A o 286 A N ke JiE AT Ak A 7D
51.3 ML, 9 2 S PR A SEPEEEK
2.2 AEEFREUEE M REXTEE

RV 7R AR SCE ] B A DAY (1 ] SE v AR 2,
ot JE AL 5 5 YOLOvVSs A1 24 /i 1 = i 5B B H
B K6 I 3% SSD Csingle shot multibox detector) B3,
Faster-RCNNPY,  YOLOv3-tiny, YOLOv7-tiny LA X
YOLOV8s 47 5%f L ilke . a5 rh il S A5 284 35) 4 i AH
[F R E S, AR SR 4036 3R .

R3 TEBEFEUERMERERTEE

Table 3 Performance comparison of different target detection

models
- " (L AN
R e FREE o o .
Model  Precision/% Recall/% MAPy5/% mAP5005/% FLOPS/G Mo/(]i\ill;lze
Faster-RCNN 79.2 47.5 70.7 37.1 134.4 108.0
SSD 85.6 54.9 753 32.8 349 91.6
YOLOvV3-tiny 78.0 82.6 84.1 51.4 18.9 23.2
YOLOvSs 84.2 79.0 83.6 48.8 15.8 13.6
YOLOvV7-tiny 82.4 83.3 85.7 49.8 13.0 11.6
YOLOVS8s 82.4 78.9 84.9 52.6 28.4 21.4
AR 86.0 82.4 88.2 54.7 18.9 14.1
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M 3 A LA, YOLOv7-tiny 1 YOLOVSs ]
R RS} /N, A SC YOLOWvSs #58 8 k /MY EE i R 2%
W 0.5MB, H5ATA MR, St e 1M %
WA &SR 2. mAP s Fl mAP) 505 XA [H] 2B
f&F YOLOvV7-tiny. 5 Faster-RCNN A L, 7 254V F
F14% HITHE R 13% MR/, R, dlE,
mAP, s F1 mAP 505 73 57 6.8, 349, 175/ 17.6 M
gy K. 5 YOLOvSs #H Lk, Z3C YOLOvSs f§#fis. AR
. mAP,s Fl mAP 505 77 5l 151 3.6, 3.5, 3.3 812,14
AR, HErHEEREE /MUK YOLOVSs B 66%.
N T HE— D B AR SO R A M, R A I 25 R
Kl 8 fim o

Faster-RCNN

SSD

YOLOV7-tiny

Jpedesis:

YOLOvVS8s

Our YOLOVS5s

a. RIS R

a. Detection results of scene 1

pat il B SFEVIZ S bl S N NP E G i YA e 7S iR

b. A 45 2R

b. Detection results of scene 2

Faster-RCNN %A 77 A A, HAN H 2 T 750
S E bR B2 TR (K 8b), K HUTHI 2 A I D
B ih. MK 8aml LLAE H, X i 2 M (1 A 58 B AR,
YOLOV3-tiny /=4 7 i#kr, HIL T EERRIAE, i SSD
5JE YOLOvSs M F=4 7 . X B R A7 iz b AS 75 22
BEATBE EAE LB A, Faster-RCNN 5 YOLOv7-tiny ¥
Fokr e, FERE 2 BRRRAT A 1 AR, A A 2R
HAECONEEAE . N 8b AT E Y, RELLATER 3 MTA,
YOLOv3-tiny I 1 mAr, 4 2 M7 ANEBN 3 A, 1
YOLOv7-tiny I 7 Jte, ¥ 2 MTAEMA 1T A Bl 8c
HARSC YOLOVSs #EffR ) B T 28— HE m s 25 i AR 28
—HEARES A, T Al R4 U B T IR A

c. I3 R

c. Detection results of scene 3

Note: In the figure, rectangular boxes denote detection results, yellow arrows indicate missed detections and false positives.

B8 e KA M LRI
Fig.8 Comparison of detection results on partial validation set

2.3 BENRIHERIERE 515

N T D AR R LE R s (A Rk, EmEEAL
BN G R B AR SO AR R A R 4G YOLOvSs B .
ZF G EEH ALILZGIHENL T600. FHALEESE . W%
AT R g 2T )8 W 4 A0 Real Sense W H AHALEEAZ O

Hk, eI FEF, FIF Real Sense XU H AHHLAH SRR
XIS S, A AR AT B AR 200 R W I AR B HE
S OCHE . W TR ER AT NS R, B R
BNV R T I T SR, AT S W 9 Fr.
WL NATH3E B O 1.5 mv/s, W H AHHLREERL SRS



142 flk TR (http:/www.tcsae.org)

2024 4

A 1080 182, WIE A 30 Hz, IR IZE 4 P,

LEIME SRR 2. &N F L5 3. PHUAL B S 4. AL D ZAHHML 5.0
HAEML 6.KA8 7. 228 7 S At
1. Differential signal receiving antenna 2. Air-assisted spray structure 3.
Navigation processor 4. Al edge computing deviceS. Binocular camera 6. Water
tank 7. Differential track chassis

B9 #mtts
Fig.9 Hardware platform
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Table 4 Comparison of detection performance on mobile device

p K5I Precision/% K g
WA Ay A Detection speed/
Model s . c T

Tree  Cultivation pot  Pedestrian (s ™)
YOLOV3-tiny 75.2 82.8 56.5 34
YOLOVS5s 76.2 82.7 62.1 31
YOLOvV7-tiny 79.7 82.4 72.1 36
YOLOv8s 66.0 78.9 72.5 25
AL 83.2 87.5 71.5 24

M 4 HEET LR L, ESEbREE S, BT
W& BN RUR B & B PERE R 1), BT IO 28 A% DU o
RGN, BRI A . BB & 51T A
e AR AL e 7 7.00 4.8 M1 154 NE S
R R T RSO LE R B v B B B B IR,
e oof 7 IR P (AT N L R 7 A K 7 A b i A o
ATHERRR o B ARSI R AR e £, (BT 2 FRL Bl e
FALEE NAE 7 S L R oK .

3 4 ip

9 SE IR L BV 25 AT A N AE e A B AR ML N R H AR
AER RN, 4% B SRR R 7 SR 0T YOLOvSs B8 #E 47 2
ik, FERFRAELRWR

1) 5 M0 €3 (comprehensive convolution
block) FEHL, A THE KT 20.8%, B A
/N19.1%; FESLEEAL B, AEE T MZ A CA (coordinate
attention) ¥ & JJHLGI, FEHE— D 50 W 2% S0 A
%} CBS ( convolution + batch normalization + sigmoid
linear unit activation function) #& B ¥ o & X 3+ {#
PC (partical convoluution) AR C3 Fibk, [F] B
WSROI R ) ERAFE T A, e A
ot JE R E A AR L B W I S R A Sk, Sl e B
YOLOvSs fHE T M %45, k%, HFRZE, mAP s f

MAP 5005 7R 1.80 3.4, 4.6 F15.9 MNE4 AL

2) 5 YOLOv3-Tiny. YOLOv7-Tiny il YOLOvSs
FERVKI L, 94 T YIRS FE mAPys 20 HI 3R & 4.1, 2.5 Al
33ANE I M mAP 05 7003 330 49 A1 2.1 F
I3 R

3) AL G ) YOLOVSs HRU A T4 mAP,
9 88.2%, mMAPys0s N 54.7%, FEHHE N 86.0%, H ]
RN 82.4%, TEFE B it Xt X 26 3508 J5 A SC oSGk AR R st
WE AR FRIAS: TUKS B 22 83.2%, X6 AR 5% 730 RO RG: I Ak i 2 Ny
87.5%, AT NIASIASHAZE A 77.5%, ol 1 B2 3 A2 5
ARSI 2SR, ] DA oK FRL B T 55 AL 38 A TE T [ 20 58 )/l
PROLTE AT SR HOR S
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Method for the target detection of seedlings and obstacles in nurseries
using improved YOLOVSs

LIU Hui , ZHENG Xinpeng , SHEN Yue™ , WANG Siyuan , SHEN Zhuofan , KAI Jinru

(School of Electrical and Information Engineering, Jiangsu University, Zhenjiang 212013, China)

Abstract: Nursery planting is ever expanding at present, particularly with the increasing demand for fruit and ornamental trees.
Simple tools cannot fully meet the efficient work of large-scale production, due to the labor intensity and pesticide demand.
Alternatively, spray robots can be expected to reduce the large number of tasks in modern agriculture. However, it is still
lacking in the recognition accuracy and target identification of spray robots in nurseries. In this study, a nursery target detection
was proposed using an improved YOLOVSs. Firstly, partial convolution (PConv) was introduced into the comprehensive
convolution block (C3) to reduce the computational complexity, in order to improve the backbone network. A coordinate
attention mechanism was added at the highest dimensional feature to enhance location awareness. Secondly, the neck structure
of the network model was optimized to enhance the feature extraction of the model. At the same time, the bilinear interpolation
was used for up-sampling operations during training. Finally, the original coupling detection head was replaced with the
improved light decouple one, in order to further improve the detection accuracy. A nursery dataset was constructed with a total
of 2 000 pictures, including three representative objects: trees, pedestrians, and cultivation pots. The images of the objects were
collected from pedestrians with various postures at varying distances (far, medium, and near). The dataset included a total of 5
769 trees, 1688 pedestrians, and 6 178 pots. Only the trees and pots were marked in the first row during labeling, according to
the operation requirements. Once the pedestrians are detected, they must be identified to consider the safety of pedestrians.
Therefore, all pedestrians were labeled regardless of distance. The experimental results show that the detection of the model
was improved differently via the C3 module and coordinate attention mechanism, as well as the optimized neck network
structure and up-sampling mode using a lightweight decoupling head. Finally, the average mAP, 5, mAP,s.os, accuracy, and
recall reached 88.2%, 54.7%, 86.0%, and 82.4%, respectively. The size of the improved network model was 14.1 MB, the
average detection speed of a single image was 19.5 ms, and the average frame rate was 51.3 frames. The mAP, 5, mAP 5.5,
accuracy, and recall increased by 4.6, 5.9, 1.8 and 3.4 percentage points, respectively, compared with the original YOLOvSs.
The improved network had the highest accuracy, mAP,s and mAP, 5., 45, compared with the current mainstream single-stage
target detection YOLOv3-tiny, YOLOvV7-tiny, and the latest YOLOv8s model. The experimental results show that the improved
model performed better in accurately and rapidly identifying the pedestrians, pots, and trees in a complex environment. The
research findings can also provide technical support to the operational activities of electric spraying robots in nurseries.
Keywords: deep learning; object detection; image recognition; nursery; YOLOVSs; partial convolution
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