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Fig.1 Schematic diagram motion trajectory of citrus under
complex disturbed state
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Fig.2 Disturbance citrus detection and localization framework
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7E: Focus AV, BB & 4 f5: Slice NVIHJEIHRFIEE : Concat ARFIERAI A : CBS AHRIMIHL, BT HBIEIEIF AT — (L b3,
Conv %1, BN #itIF—0 A1 SILU Sk s il C3 ARz BRUEY, b BottleNeckxn R ET n IR ZE BE: CBAMC3 Ui C3 #58k: SPPF A%
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Note: Focus is the slicing operation, which expands the number of channels by 4 times; Slice is the feature map after slicing; Concat is the feature fusion; CBS is the
convolution module, which carries out the convolution operation and batch normalisation, and consists of the Conv convolution, the BN batch normalisation and the
SiLU activation function; C3 is the residual convolution module, in which BottleNeckxn means to carry out the residual » times operations; CBAMCS3 is the improved
C3 module; SPPF is the spatial pyramid pooling module, which performs pooling operations on feature maps at different scales, with MaxPool being the maximum
pooling; and Upsample is the upsampling.
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Note: F is the input feature of the channel attention module, F’ is the input
feature of the spatial attention module, and " is the output feature.
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Fig4 CBAM attention mechanism
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Note: w. A and ¢ denote the width, height and number of channels of the feature
map, respectively. N denotes that there are N BottleNeck modules.
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Fig.5 CBAMCS3 structure
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Fig.6 Improved DeepSORT algorithm and localization structure
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Table 1 Improved RelD network structure
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Fig.7 Changes in predicted center point position values at
different times
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PRETH XY 5 AL AL bR 2 2 BT I %0 58T 1 AR AR, BRI k)
FE P [ B /N RIS S . RIEE, X H A HLI
(1) Z B AL AR B EAT SR BE 3T, SR THP S A A TR0 457 B A7
B =LA bR e AR
24 HEFREBIMKIREERR

REABER A, TR Z AR B s, FEE
LIt 1) H BRAE SR A G 2 R E AN T S H bR, WSt H
PR EIAEAE 2 5 W IR B SRVE O IR B . fE R R,
HRYE KA LA N KA RE RS, BRI FE AR AL 230 3 A A
IR S E A X P, AT DAHERR T 5t AR 4k, s
LB AT I SR, TR T R e AR . [
I, 75 R E 3 AN X TH] P9ATY AT BEAETE 2 Aok U 30 i H
B, FFRER S H AR AR HEAT B, PR T RE 52 B R

BEMLEEL 3 AN, AR ECH BP0 s A A 47 BR
B, O AIZEMREECE N 1. 20 34 4. 5.0 7. 10 DRAREA
P 1) R A £ E B AT 0K, IR X S TR ERER A H R s
FEECFHME, Soitds Rink 2 fr.

®2 ANEHEAEIRERE B X IREREE F00
Table 2 The effect of different citrus tracking numbers on tracking

speed
gE| PR
Number 1 2 3 4 5 7 10 Unlimited
W
FPS/('IJIﬁ'sfl) 374 351 314 29.1 184 164 154 11.2

& 2 ATLAE W, TEERESHAGERS, ARZCH G
FIER B BT — M ER. BT HERIER LN
S ERERPERE, ASCH, PREIAAE H bR ERERECH 31,
IH T ) BER B B L AN R o A R B BT (1 PR I R R R
20.2 Mii/s. DRI, JE IR EEARALOCAG BRER H A%, FRIEER
T FE 0 (RIS, R R R B P S ek o

3 WIS

3.1 IFfhIERR
3.1.1  #it YOLOvVSs Hik P16 4847

K2 (Precision, P). #[H% (Recall, R). “F
YR IAS B 2)ME (mean average precision, mAP). &l i
MR = R /ME Bk i) YOLOvSs H Fr A P 5592
PP FEFR. Hd P Ry mAP (iR (100 ~ (13)
Fizs:

Ty
pP= 1002 (10
Tp+FpX % )
T,
= 1009 11
TP+FNX 00% (1
1
ApszHR (12)
1 N
mAP:NZAP(z) (13)

Hd Tp RO PE IE M HAS A IEAE AR Fron bt
RIS N IEAEA B B Fy 3R IR I IERE A 2
X (12) FAFR IR P-R MIZEH A N Rt il 28 )
B, AP AR, S N=2.
3.1.2  ##t DeepSORT Hik3PE 4547

DeepSORT HiE MM BE VA K TrackEval T B, &+
B Rl B AR A BR B VE 9% 2 MOTA(multi-object
tracking accuracy). PR ER K5 B MOTP(multi-object tracking
precision). H A5 ID ] # 7k £ IDSW(identity switches) LA
MERERE A

MOTA 72 B 2 ERERE R th P Ik . e DA S i
DU J5 i TE R VTG &5 B, Bl oK 2 W PR B 1 e e
wHEAI (4 .
S (FN, +FP,+IDSW,)

26T,

HAo ARG ME: GT RHE M E bR HER R FNA
EMURERER B 1) H AR FPONSE oWl R ERER H AR
Hrik; IDSW, N5 ¢ il 1D BRAR 1 KE

MOTP 3 217 f bR 5 HE -5 T ME 2 8] ) 1 B R 22
Hatsa s prox.

MOTA =1- (14)

_ Zm’ dr,i
MOTP = W (15
Horbre, 955 e Wb ULECRRID OB H » di 955 ¢ WA AL 5

FLSHER PR B

IDSW HoR FREREFE A H bR 1D U1t s, HAH
/NG
3.1.3 R HAGIF G AL B TN A 4 AR

KA HLAR N AT A R R A, AUUE R PaT
A0 G AR A F RS B E, R S B R
MIERT, RIGHAT 2 B 5 TR 2 H . Wi 8a Fiw,
KIGPAT I FINLE T EHLE SR BT EmM
[ BR, FINmE NS S A E T R T 8L E, ey
JIBATES U, MG R 2 A i TR oA R S ). (R,
EUE R RIEA AL SR (B FREMR R SRuHAT S AP CR
IPATER AR R BA— R ZE, il 3T R
i o I A Sl AT B8 7E — 2 1 8 AL 1R 22 Y A AT AR AT
TEH RA R i, A PRSI AG AEAR 22 AR bR T TR0 22 iz A
Fo 5 R Ui PAT 854805 REX R R, BT IRETEA
FEIHER P PRAL P bR . 101K 8b. 8c T

M A 5 A s AT 2% 198 ) RS e K o i iR 2
(N+M) mm, A RT R ARVFRZEN (X+Y) mm, R4
KU PAT 35 A 08 R A R AL AR R0 He, v LA1S 2 5
AR RN R, AR RIPE AN

R=(1V+M4—+X+Y)X® (16)

Horh @3R78 WA S AT & A bR 28 e HOM AR 3R AR AR R IR A1
PRAEHS L HAEMRAE R AL S LA ) T IR A e 3R
W Refabn B 7300 100 3, M 1% 5 100% 15 9 91 Al
HEWRE TEAR, W0 9 Pw.
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a. Model of end- b . Horizontal
effector error range
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Fig.8 End-effector and error range

c. JPhHRETE
c. Longitudinal
error range
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Note: Accuracy value decreases gradually from the centre of the circle outwards.
B9 CRAEIEAE &R
Fig.9 Schematic diagram of accuracy indicator circle
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Fig.10 Schematic diagram of predicted positioning

3.2 MEETE RS

AT HAR BRI SR BRI F & N FE AR 55 2
Linux #4F & %t, @ R4 54 Tesla VI00-PCIE, 51T N
1£4 32 GB, Python iR A2~ 3.7, JE T Pytorch #E 42,
torch FRZ 1.13.

Hlas NB5 4 AUBO-i10 527 6 H HEPMENLEE A,
HRAE 10kg, TAEJEE AL 1350 mm B4 25 4]
Xk, XUHMHLH S N ZED 2i, I Hef b o R 2x
(1280%x720), REEVEF 0.3~20.0 m.

3.2.1 it YOLOVSs M 48374&

YOLOv5s A ST 640x640 53R, fitik
2% K F BEATLER £ T F%3%: SGD(stochastic gradient descent),
fit & K/ (batch_size) N 32, #FE (works) N8, 2%
2134 0.01, INZRIKEL 800 K.

N T WAE CBAM VE & 3 HLE A R, gk Al AE
YOLOvS5s =+ M2 i [7] — Az B Hh I A A F (73 = AL
BEAT R EE R G, XS EE 47y Gl 5 YOLOvSs. YOLOvSs+
CA. YOLOv5s+SENet. YOLOvV5s+SimAM. YOLOv5Ss+
CBAM, R§G45 R4 3 frox.

®3 AEEEENNFIMERERT LS

Table 3 Performance comparison results of different attention
mechanisms
e Wi HEE PRI R iz
Mj:) 321 Precision Recall Mean average precision Frame per second
1% % mAP/% FPS/(Mi-s™")
YOLOvVS5s 92.6 87.1 92.2 69.4
+CA 93.7 85.1 91.7 68.1
+SENet 92.9 88.6 92.5 66.9
+SimAM 93.4 84.9 92.3 68.3
+CBAM 95.0 88.9 93.4 68.7

mE 3 LLAEH, 5 YOLOvSs. YOLOvVSs+CA.
YOLOvVSs+SENet. YOLOv5s+SimAM AH L. YOLOv5s+
CBAM HIHERIZ 3 e m 2.4 1.3 2.1, 1.6 MEH A,
HER 5 E 1.8. 3.80 0.3 4.0 NE 2, “FH6
R e m 1.2 174 0.9, 1.1 NES AL B, 7R
RURS I ot 2 % A B B 2 RS LR, YOLOvSs+CBAM
TR 35 Ll At T LG 4H v B WL B R IR 57, B0 E T
YOLOV5s+CBAM R A BT RE .

B, ST 5E SToU 4 2k b 206 55 2L 14 e (1 52 7t
TE YOLOVSs #52 /b {5 AN 8] 1 453 2K bR 508t 47 X6 B ARG
REAHE CloU. DIoU. EloU. GloU. SloU £ 5 ZH#5i%k
BRE, WILE R 4 s

R4 TEHRKRHIEREXEL

Table 4 Performance comparison of different loss functions

o o ame | TERURESE TES

l\t[%;;l Pr(fizﬁ;(f/% thljl/z% Mean average precision Frame per sec]:ond
mAP/% FPS(is )

CloU 92.6 87.1 92.2 69.4
DIoU 94.1 85.3 91.8 68.9
EloU 95.1 84.7 91.6 70.4
GloU 95.6 84.6 91.6 69.9
SloU 93.3 87.0 92.3 71.3

% 4 7 LLEH, 5 CloU. DIoU. EloU. GloU 1
KR EE, SIoU 452k bR 2 ) mAP 73542 T+ 0.1, 0.5,
0.7+ 0.7 NEZ AL, FPS 73 5#F 1.9 2.4, 0.9, 1.4 /s,
TERE R HER 2 A [ 2 A R Z RIS OL R, SloU #t
KAL) mAP A i Ze A0 T AR e R Y . PRI,
SloU i 2k R £ 7] LA e S AL A I T 2, [m] N 2
ol RE o

T BAIE SR YOLOvSs A8 &k, ¥t 7 at
WA, XA CBAM vE & /ML AT SloU 4 2k pR £t
ATHERESE, WIGLE Rk 5 s
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Table 5 Comparison of the performance of the improved YOLOVSs ablation experiments

o e % PS8k AR B S5 M [T PG
I?:ijx YOLOVS5s SIOU CBAMC3 Prfiﬁsﬁiaoflv Rjilil/zo/ Mean average precision Frame per second Model size

’ ’ mAP /% FPS/(Ii-s™") /MB

1 v 92.6 87.1 92.2 69.4 14.2

2 \ \ 93.3 87.0 9.3 71.3 14.1

3 \ \ 95.0 88.9 93.4 68.7 143

4 \ \ \ 96.5 88.7 93.3 69.3 14.2

# 5 R RERH, Kot YOLOvSs 725 YOLOvSs
AL B, MERRZRSET 390 E R
ME RS CFRNEE AR 1A E S A, B
T 2B RYAN B R /INE A B R A

A5 b R ABE A 0 A [ £ B A A DA AN [F) R 2R 1 s 1
MR B AT R, A ISR W 11 Fros, Sivh-Jeta i

RIS EE AR 6 PR,

e 1
Detections 1 =

i 2
Detections 2 ;fi

i 3
Detections 3

HIEREET 1.6

= 6 YOLOvSs REM#HEERK SIRE ST
Table 6 Missed and false detection statistics for YOLOvS5s and its
improved models

K SEE L yse YOLOVSSH YOLOVSs+ Eﬁ‘;ier?)];glVSS
Detection  Missed and VoS siou CBAMC3 P
i YOLOvVSs
false detections

1 /Eﬁ 6 1 1 0
ﬁéﬁ 3 3 1 1
) ey 11 4 1 1
RAL 4 3 4 2
3 b7 i 0 0 0
i%ﬁ 2 1 1 1

A 158 GGG R LLE . Bt i

YOLOvS5s 15 8y jAa Al i As £ & 35 /0 T oAl A,
RUFERT A AR /N H AR AR H PRI HAT B4 R AR,
SR I RO T HoAth 3 MR
3.2.2 it DeepSORT 14 487 4%

7 AP 25 248 £ 23 70 F 5L 46 DeepSORT ) 2%

a. JABAE A b. YOLOvVSs ¢ YOLOvSs d. YOLOvSs e itk . . e . o
a. Original +SIoU  +CBAMC3  YOLOvSs 157 F 03 DeepSORT W 2% 15 28 E AT I 25, Il SR IR £
i N d v \ N N N
e YOLOVSs 300 #e I3 BN FBLE SR O 1 AR EE RelD F4%
‘ bk 66 s B kG 9 H AR 2,
B 11 YOLOVSs % 2 it A5 4ot 202 3 Lb EE%F VERE, rﬁ K st ?’j YOLO\‘/,SS 1EH E\ FrAs il %%E'
Fig.11 Comparison of detection performance between YOLOVSs 73R AR T 3 SRRl S A, RIS E AT
and its improved model B RWNZER 7 s
7 DeepSORT HEAA[EIAY RelD M4E M4 gE Tk X IE
Table 7 Performance evaluation experiments using different ReID networks in DeepSORT
i3 23 - ID Vi
1) 5 g = _
MOTA/% ’ N
JF4f RelD W 4% 1 60.4 81.4 67 34.3
Original 57.0 74.7 89 335
RelD network 3 60.7 79.3 78 33.7
l\f{E / 59.4 78.5 78 338
cans
; " w ; 5
Improved ReID network ' ' ’
3 69.1 84.9 42 30.9
HE
Means / 68.6 83.9 46 31.0

B3R 7 WTLLE B0 RelD 45 1 il 38 S FEAIC 2.8
Mi/s, HBRERERE 5 BRERAS 2 A 3T 9.20 5441

5315
BT R ER MRS

A, ID VIR 32 Yk, BRAE T B RelD M 4%

% 8 NIHE) YOLOvVSs+DeepSORT Hi2: 55 HiAh 3=
A BR R SV R B X L BRASR FH 3 AN [R] R A AT
ITERER AL, HHCEH SIS R bR 0T 3ME .

*8 ERRERBAMREX AL

Table 8 Performance comparison test of different tracking

algorithms
*ﬁi‘ﬁ SRR pyggs WO
Model - I IDSW/R S
MOTA/% MOTP/% /(s
YOLOV5s+SORT 402 48.0 127 463
YOLOV7s+DeepSORT 56.2 68.1 79 38.1
YOLOv8s+Bot-SORT 67.1 78.2 72 32.1
Byte-Tracker 62.3 77.1 65 34.6
AL 70.4 82.1 62 31.3
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F 8 [P Xf I 245 SR . AR SR I R B UE
f£5 YOLOv5s+SORT. YOLOv7+DeepSORT. YOLOvS+
Bot-SORT. Byte-Tracker Lt 73 Hl#2 T+ 30.2. 14.2. 3.3,
8.1/NH 4 sy RERHKS B4 $2 71 34.1. 14.0. 3.9, 5.0
ANEG R ID PHRRE Al 654 17, 100 3 Ik A3
SVE PRSI o R ARG A AR 1, O 31.3 Wisse 45

BUIGR A SCRE B R R ER R RS, Wi BAMIC T
Sk, (BRI R WIF KT 30 Mi/s HSER BRER T K -

N T SRR A SR BTSRRI v R B B gt
I Ja B 2, SR B I AR & [ 5 i i Sk kAT
XSS, I 3 ANAH ) RO RLA 73 ol i AR A AT 0l
Pl BRI R WK 9 Fror.

®9 BIARERIEX AL

Table 9 Comparison test before and after algorithm improvement

s Mt YOLOVSs B3 DeepSORT FPS/
Index YOLOvSs Improved YOLOVS5s DeepSORT Improved DeepSORT MOTA/% MOTP/% IDSW/% (i-s™")
1 N v 53.1 672 31 342
2 \ v 65.2 66.8 74 323
3 \ v 66.7 72.0 78 347
4 \ R 70.4 82.1 62 313

M 9 IR S5 R T LA i, dE YOLOVSs+IK
it DeepSORT SV ¥ & T VFAiki 48 45 38 v T e itk wir,  Asrill
HRAART TR, HARAEIA B SRR RO, BT
Bt E S VLR A I BN
3.2.3 R MAG EAL M ATAE

BEHLINE 100 A A A 7] S A ) AR, 19 B8 )
SFYHEAN 67.4mm, YA TFHER 69.2 mm, KA
Y m R FER 100 mm B AR G RAT 85, HEA R E
TR AL FE AR 4% R=87 125, BEMLEEL 5 A
VSR [V B TR) P F3000 5 7 #1585, T B 1] 43
A 30 50 7. 10s, A SIS [E I TE] P SR0 o
FE 45 AN 10 Fras, SRR (] P 1 o o 5 BT 35046,
ZERINFE 11 s

R 10 TEBZIEMAERE T
Table 10 Assessment of positioning precision in
different time periods

5 i ] TR
Index Time/s Precision/%
1 0
2 421
W1 3 8.4
Video 1 3 80.3
7 81.2
10 96.6
1 12.1
2 542
FATL 2 3 80.4
Video 2 5 83.2
7 84.3
10 96.2
1 432
2 67.9
AT 3 3 86.7
Video 3 5 87.4
7 88.4
10 97.9
1 0
2 33.7
AT 4 3 76.2
Video 4 5 77.8
7 84.6
10 90.1
1 51.2
2 67.2
AT 5 3 87.9
Video 5 5 89.8
7 93.1
10 93.9

MFE 10 BLA R 11 AT LR, 65 T AN E A, 4
BFE 1 24 34 54 7+ 10 s B, 5 AN 2 A7 (1)~ 34
YET 2y N 21.3% 53.0%. 81.9%-. 83.7%-. 86.1%-
94.9%. A 3 s B, PRBNAE AL E TSR W gl 12
i, HAp gtk e iagrizshiur, o 6B RR
T TR Aff 5 VP A 5

F 11 5 AN BB RIE AL B E R E S

Table 11 Mean precision assessment of positioning of
5 Video at different times
][] Time/s 1 2 3 5 7 10
P YA R

Means precision/% 213 53.0 81.9 83.7 86.1 94.9

b. X652 5 AR AR T 5 oL
b. Predicted positioning
for Citrus 2

a. 1054

a. Predicted positioning
for Citrus 10

12 RshHAGE B IR R
Fig.12 Predicted effects of disturbed citrus locations
Forp &l 12a tho0 g5 08 10 5 H0 2 5 HIRGREAT Pk
Zxtl, 233 Count THEUES BNEREEMIE S, 10 T M
Count {5 KT 2 SAiHE, XS 10 S HHEBEAT B0 E AL,
T 515 BUA 22 7 MO T 5208 83.1%. [IER, E 12b
H oy S g5y 2 A5 BTG EAT BRI, X 2 S A ik
ATPE AL, TR AER 2N 88.3%.
3.2.4  RBHMAG TR E AL IR R AR A
N T BEAIE AR SO H DRI E 7 77 VR AR SR A i A b R
IR R, ARG % K S R M A B AT B DL PTG
I SN 13 Pos . 20 RIS B R4l 1 R b Az T
e LA S R ANIRAS, R G AN [R5 AL BE LIRS (o
BN EAEE). wEEE5E, EEA08 10 cm),
e 14 Fros . PLahAia A 75 200 2 S P gz, 7
IR B A B e A 2, S5 TSGR BN N 3 s
VE NI B AT B AR 78 RN 8], 38 I e I TR BEAT &8 1
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1. Control box 2. Computer 3. Robot 4. Depth camera 5. End-effector 6. Orange

B 13 E ARSI
Fig.13 Indoor simulated gripping test

HIZE 12 W7 RUE Y, M AE S A0 R 7 T ) P24

IFA] Y 18.4's, FEIFIAIA 3 s IFFIN 2 A7 T f P 2 FTHL I
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1A R

CORidE 0 —
wiiE @< Relewse ¢
Stationary i position L\

I d
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2010 cm X
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a. ARSI R E R
a. Schematic of disturbed
citrus oscillations

A BbH B av by o d M e IR RBENL L TR, AR} 459883, B
JEABB . AR ASCHRE AL A RS

Note: a, b, ¢, d, and e in Fig. b indicate random up-and-down oscillations, left-
oblique 45° oscillations, back-and-forth oscillations, right-oblique 45°
oscillations, and left-right oscillations, respectively.

B 14 BWASHGESDTEE

Fig.14 Schematic of simulated disturbance for citrus oscillations

b. ARy AL BEALIES)
b. Random oscillations
at different positions

® 12 EREMEESRERNEME A EHETBG R S it ih

Table 12 Comparison test of picking without predicted positioning and with predicted positioning time 3 s (s)
KI5 ¥
Test No. 1 2 3 4 3 6 7 8 9 10 Means
IR 52 A7
ARTELL 162 19.8 212 17.3 18.6 174 162 18.4 212 17.6 18.4
Unpredicted positioning
Tl R
3 s B 124 11.9 134 12.7 12.3 13.0 12.5 12.1 13.8 14.1 12.8

3 s predicted positioning

4 %

1) $hENIRE FHIAGAE LR B Ar kil 5 PR 5 A7 x5 L
WE BN KA B HER R L, AR AL AR
SRR AT A WA e R, AR
N ARG A b PR e A SR AR — R R IR, X
JiVE] R HABAR SRS N AR g 52 1 5%

2) £ YOLOvSs ‘& T M 2% [¥] C3 B i A CBAM
TR INLE], HMEH SloU i 2k B3 2Lk ) YOLOVSs
R SE, SGE 7 MG /N B AR AIE RS B AR kI R,
FETF T AR . it ) YOLOvSs HikifEmfa k. A
B, P IR IR FE ¥ LU ok AT 2 B T 3.9 1.6
LIANES A, PRI 2 69.3 /s,

3) ik DeepSORT H 1] RelD %%, & FH T # i
H bR AR AE SR EC, [ B SR Count THHONL i S 45 A A7 R
7 it A5 DA £ A H AR AT A B I . 25 DeepSORT
SR ERERAS B R, IR AR B AE 2 BT T 9.2, 5.4
ANE L ID YR BO> 132 IR

4) KRB 1038 B0 LT I, SR AN XY P
IBENFER) By Ny Ay A DASTRRAE T Z R B A AR
SCI SRR, AT LU IS M A AR AT s L. T4
EREHPHERR S SRR T, RN PR 5 — R iR
MREECH 34N, BRI FE LG AN BIR ) R A7 B 0 A5 s 2 7
20.2 Wi/s, A RARTE T PR I E Ard E

5) ARG E AL, MR 1L 24 30 5. 7

10 s F, SR BHAAE a2 A7 10 1 35 1 B 2 43 31 R 21.3%,
53.0 %, 81.9 %. 83.7 %. 86.1 %. 94.9 %, SZIt =K
AT AT B ANEGR S, A AR AT 0 52 7 s 1)
N3 s i, RGP E 12.8's, LT 2
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Online target detection and fast localisation of citrus fruits in
irregularly disturbed state

LOU Huanhuan , LI Guanglin® , FU Xinglan , LI Li , WANG Xu , HUANG Weidong , FU Taige
(College of Engineering and Technology, Southwest University, Chongging 400715, China)

Abstract: Picking robots have been widely used for citrus harvesting in recent years. However, the rest citrus during
continuous picking can be irregularly disturbed by the wind, robot force, and the load weight of bearing branches under the
natural environment. The citrus in the disturbed state cannot be rapidly and accurately detected, and then localized online,
leading to the low efficiency of automatic robotic picking. In this study, online target detection and rapid localization were
proposed using improved YOLOvSs+DeepSORT. The position of citrus at rest was predicted using the motion-tracking
trajectory of disturbed citrus within a short period of time. The coordinates of the citrus were then obtained rapidly. Firstly, the
CBAM (Convolutional Block Attention Module) attention mechanism was added to the YOLOvS5s network, in order to detect
the small and occluded targets. The SIoU loss function was used to enhance the direction matching between the prediction and
the calibration frame, in order to improve the convergence speed of regression. Secondly, the target re-identification network
was improved in the DeepSORT more suitable for the feature extraction of citrus targets. The feature extraction of the network
was enhanced to improve the tracking performance on the disturbed citrus; The Count counter was used to accumulate the
number of tracking frames in each citrus for an optimal target. Since the disturbance of the rest citrus was progressively
propagated over time, the localization prediction and picking were only for targets with optimal tracking trajectories at a time.
The real-time updating was realized in real time. Finally, the values of the depth camera were combined within the critical
distance range, excluding the influence of background citrus on the detection speed. The number of tracking targets each time
was limited to effectively improve the tracking speed of disturbed citrus. The experimental results show that the P (precision)
and mAP (average detection accuracy) of improved YOLOvVSs were improved by 3.9 and 1.1 percentage points, respectively,
with a detection rate of 69.3 frames per second. The MOTA (Multi-Object Tracking Accuracy) and MOTP (Multi-Object
Tracking Precision) of the improved DeepSORT were improved by 9.2 and 5.4 percentage points, respectively, whereas, the
average number of ID (identity) switching times of targets was reduced by 32 times. Grasping experiments were conducted in
the laboratory, in which the citrus was randomly swung along different orientations with an amplitude of about 10 cm. When
the predicted localization time was 1, 2, 3, 5, 7, and 10 s, the average precision values of disturbed citrus localization were
21.3%, 53.0%, 81.9%, 83.7%, 86.1%, and 94.9%, respectively. The citrus picking test was conducted with the citrus
localization time of 3 s. The average grabbing time for each citrus was 12.8 s, which was 5.6 s shorter than that without the
optimization. The efficiency was improved by 30.4%. This finding can provide technical support and references for citrus
picking in disturbed states.

Keywords: disturbed citrus; predictive localisation; online target detection; target tracking; YOLOVS; DeepSORT
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