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Real-time Apple Picking Pattern Recognition for Picking Robot
Based on Improved YOLOvV5Sm
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Abstract; In order to accurately identify the different fruit targets on apple trees, and automatically
distinguish the fruit occluded by different branches, providing visual guidance for the mechanical picking
end-effector to actively adjust the pose of apple picking to avoid the shelter of the branches, a real-time
recognition method of apple picking pattern based on improved YOLOv5m for picking robot was proposed.
Firstly, BottleneckCSP module was designed and improved to BottleneckCSP-B module which was used to
replace the BottleneckCSP module in backbone architecture of original YOLOvSm network. The ability of
image deep feature extraction of the original BottleneckCSP module was enhanced, and the original
YOLOv5m backbone network was lightweight designed and improved. Secondly, SE module was inserted
to the proposed improved backbone network, to better extract the features of different apple targets.

Thirdly, the bonding fusion mode of feature maps, which were input to the target detection layer of
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medium size in the original YOLOv5Sm network, were improved, and the recognition accuracy of apple
was improved. Finally, the initial anchor box sizes of the original network were improved, avoiding the
misrecognition of apples in farther plant row. The experimental results indicated that the graspable,
circuitous-graspable (up-graspable, down-graspable, left-graspable, right-graspable) and ungraspable
apples could be identified effectively by using the proposed improved model in the study. The recognition
recall, precision, mAP and F1 were 85.9% , 81.0% , 80.7% and 83.4% , respectively. The average
recognition time was 0. 025 s per image. Contrasted with original YOLOv5m, YOLOv3 and EfficientDet-
DO model, the mAP of the proposed improved YOLOv5Sm model was increased by 5. 4 percentage points,
22 percentage points and 20. 6 percentage points, respectively on test set. The size of the improved model
was 89.59% of original YOLOv5Sm model. The proposed method can provide technical support for the
picking end-effector of robot to pick apples in different poses avoiding the shelter of branches, to reduce
the loss of apple picking.

Key words; apple; picking robot; YOLOvSm; picking pattern recognition; visual guidance; deep
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Fig.2 Apple images under different conditions
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LA 4K W Bi BE L1 SRR
YOLOvSs 0.33 0. 50 191 7.26 x 10°
YOLOv5Sm 0.67 0.75 263 2.15 x107
YOLOvS1 1. 00 1.00 335 4.78 x107
YOLOv5x 1.33 1.25 407 8.90 x 107

M AW T L E 0 6 28 H AR, HoH 5 Y iy
U S 5 A i Al BOR B, 25 5 75 B R )
4 A R IR B R A MR B, fy s LA YOLOvS m 28
Fy (I 4) S i, 8 atE i 30 SRR 47 O TR0 kg 45

2xBottleneckCSP

Backbone eck Detect
4 JEUR Y YOLOvSm [0 4% 451

Fig.4  Architecture of original YOLOv5m network
YOLOvSm Z2#j £ % iy Backbone W %% . Neck X
28 F1 Detect W 2% 2 Jili , Backbone [ 2% BJJ 43 1iF 41 B
W28, S AE AN ) 0 AR Ai0RE BE T 3R 5 I8 1l RS
fIE 0 2 B #h 22 W 4% . Backbone 2% (9 55 1 J2 4
Focus B8k (18] 5) iz BB iy it F 220 1 b B
RURY T DU R I 2R i, 2 E I g il
1Y) AR AR 3 38 G R (YOLOvS m B2 44 Bk
A B i AR R 3 x 640 x 640) Y) 43 1L 4 43 3 x
320 x 320 WY UI A, SR )5 fl ] Concat #24E IR JE 3%
X 4 DY) A, B R R AR ERCSE O 12 % 320 x
320, a1 FoE i 48 AN B R B B, A2
48 x 320 x 320 Wy 4, & J5 B £ 13 BN JZ ( Batch
normalization ) I Hardswish 3 1% PR 205 B 45 5 0 A

-2

_-3x320x320
Fe

| \
N F A
BN+Hardswish i
s A - 32%x320%x320
%m” ")‘, Concat/2 IeXaxS
3x640x640

K5 Focus fibt

Fig.5 Focus module

Backbone %% %5 3 |24 BottleneckCSP Fit |
AP T AR I T S A b B AR ) TR 2
fit . ., BottleneckCSP #5 #t 3= % i1 Bottleneck #5
e (181 6) ¥ B, TR I — Tl % 22 235 440 1) 0 2%, B0
BRERAS N1 x1 lER)Z (Conv2d 2 + BN 2 +
Hardswish 315 B8 55 3 x 3 #Y8&FUZ M 3% , 196 %
FR O Y T G R 22 A5 R S B AR AR O g
Bottleneck 5 1) %y i

AN

\
BN+Hardswish BN+Hardswish

%] 6 Bottleneck %3
Fig.6 Bottleneck module

1M BottleneckCSP #id (& 7) 19 EFE I GE 12 ¥
UG B A B E N 2 AN 93 3, a3 BRI 2 A 3
HEAT A AR AR RP E KT A 38 3 HOm o, o, 7332
2 115 Bottleneck F& L AH 1% , #F M 7E 285 Conv2d 2
J& ] Concat #84F MR EE BEH 30 1 57352 2
Rk AR A &, fr e BRI ad BN JZ 5 Conv2d
JZ )5 13 2 Bottleneck CSP e i) 4 i #1141 , I F#AiE
K19 ] F 5 % A BottleneckCSP & B ) 45 ik & R ~F
AT

1A

WA BN+Hardswish

% 7 Bottleneck CSP #& bt
Fig.7 BottleneckCSP module

Backbone W45 i 55 9 JZ b 2% (0] 4 % 55 b fb A5



32 £~k

1R S ¢

2022 4

B ( Spatial pyramid pooling,SPP) (& 8) , iZ A H i) 3=
BEYIRE SRR T AT B R ST i RRE 1T R 6% 4 % 4 il
[ 5 ROSF B RRAE ] 8, LA oy 9 2% 1) SRS B o Ho
YOLOvSm v SPP # B iy i A Ff 1E B R~ 2R
768 x20 x 20, {AE & 1 x 1 & R J5 f i R
384 x 20 x 20 YKL &, SR 5 B IZRHAE B 5 H o)
W2t 3 A 51 Maxpooling Jz= (e Kt fb )= ) Bt
A1 7F RAE S B R AF IR BE b R AT 3% 4% b
RFH 1536 x20 x 20 (9 4#14F &, i )5 40t 5
Ay 768 W& AUZ ISt RSE 768 x 20 x 20
) FREE ]

\ .
Hay

4 A / L
A BN+Hardswish BN+Hardswish

8 SPP fidk
Fig. 8 SPP module

Neck 242 — FR I A G BHUR R R 09 R F 7l &
W2 R A TR 5 A R ) BEA 0RRE LG
2, Al G T 22 ROBERRAE , PRk 2l 3 T IR2 AR AE
(AL, B8 i T B S ) 4 J0OR B %t 2 ) G
AT il 6% B -t R AS ) R H AR 1 ) — H s
X4,

Detect 2% 3 L] F 455 R 55 2 1) 4 2 5 46 00
M TE b — 2 Neck [ 2% iy 4 45 4F 8] | 07 JT A%
HE ( Anchor box) , f5 J& i th A2 & H A5 xF 42 19 25 51l 4k
RN R A4y AL I HE (7 B A9 17 B . YOLOvSm 4244
(S0 X 2% 3 > Detect J2 20 B, Hif A RT3 51
7 80 x 80 .40 x40 5 20 x 20 F4HEAF &, B Kl &
B AR RS 8 H A9, 54> Detect J2 fi 24 th —
A 33 3 A 1Y 1) B (3 A E AE B T E AL
6 MG 1AM A 4 AL B HE A7 5 Ak AR, B
(6 +1 +4) x3), 17 76 J 4 BZ b A2 B A id
BT H bR A7 8 1 A RS, S R R
T e G2 A
2.2 BottleneckCSP #& it #18 F W 2% & i3t

XoF T 1 T 1) SR Ak AL 2 A1 39 SR SR A =R
Bk REEAR AR MER X A B A R A B P £
Fofp 5 S SR Ak 3, 340 T B2 R AT R R 46 Bk AR Y A
FRLAA F T J5 000K L3 2 e i & b L, 7
YOLOvSm B4 i 3Rl X6 H 0 2% 18 A4 Ak e
HE 76 RB AT AR IR BG4 R J2 R AE L GRAIE R )RS B
PIRTHE T, BRI 45 19 AL S 8808, 40 /N R, LU
S B SRR A T 2 0 2% 1 5 i Al etk Bt

T A BT B TR SR T B X A 6 A [ Y SR
SR A 77 2, DRI TR ) R 4% T B R S AR TR R R 2
FRAE PEAT 70 20 BEE, LUK 5 9 R [6) 32 SR R 4 7 2
(B 22 5% o A IE, AR 5T %) BottleneckCSP A5 B ik 17
TG T, DA g T RO 2 REAE B H R

{#i ] Bottleneck #5425 34 it Bottleneck CSP #ik
f Concat ¢ iF 81 Pf 422 )2 Z i ) Conv2d )22, MKl 6
W4, Bottleneck fi Bt R & B 52, L&
Z 4> Conv2d HRUZ , PRI 2 A5 B B ] 52 30X R AIR
JEFFIE S 2 RRAE B Rl G CRT SR AMIR 43 B 26 10 1 2
FEAE BT Hh 23 A A A 4 2 ), AT 52 30 [ I
JEFFIE R PRI, WOZAE SR B T 5 — 1) Conv2d 4
PUZBA B i) R FE RS2 BURE O o ik, 7F Lk
MO AT PR B Bottleneck CSP A5 B 5 42 43
S ERGERZE S TR R B EEZH
B W7 5 A 15 B AR 2 R E B 5 20 2 R E
P RS JU S A0 5 T o i AR B 5 2 R R (B AT
G B G S Bottleneck CSP A5 8 1) i 4 ¢ AiF &%
AERAE UE R 5 240515 B, DR Az
P R AT $2 B e

i J5 (Y BottleneckCSP AL 4 [l 9 fr 7R , #% H:
fir 4% N BottleneckCSP-B #ik . %5 —J5 1, 8 T 46/
U B (1 (R B, B T W 48 I AR S 400, DS
PR RS ) 5% s Al A S8 i T M 2 b g 4 bt
i JHE] 16 4 Bottleneck CSP AL 1) iy 77 #R 73 1] 25 Ht
4 ASAHZE B BottleneckCSP-B fEL e

/1 2d = BN+
/N 2

/
/
Bottleneck Bottleneck

\ \
\\’BN+ fRER L Concat/Z

Hardswish

¥
A O
Conv2d i
HEHFWZ: 1x1

9 Pk BottleneckCSP ( BottleneckCSP-B) &
Fig.9 Improved BottleneckCSP ( BottleneckCSP-B) module

2.3 BFM%H SE #EHREN R

TR AME F 6 S R A B B R
TSR B —E 22 5, O 148 TR S
KA 77 2B R B 8 L g AL e b B9 T E Bl
" (Attention mechanism ) 5 A SR 4 J7 XU
D0 2% 1 ZEAG v, LS4 b 48 JROAS [] 2R 52 PR I RRAE
SE ﬁ%{zo,zﬂ ( Squeeze and excitation networks,
SENet) J& # 5t 7 5 AL 19 26 1) — A, HoR A T —
Fofr 42 5 ) R AE B A o SR, BV 2o 27 2 19 J7 XA 3
BRI AR AR 0 0 ) 1 AR RS AR iR T A
FHERRAE T 400 1) A H B R AR . iR B A 3
R 571 (Squeese) B4 R ( Excitation) B
A (Scale) #4E . i TIax B g5 A K, HAE



59 1)

EIM S BT HE YOLOvSm SR A AL A3 2R SR A 7 20 S2 i 1) 33

A B TR R IR RE ), LA RSB I 2 ] 1IN 4
PRI S FE R A B 1 3 ) YOLOvS m B2 44 iy 1 -+
W2 b, LU TR A IR B2 . SE BB 45 My 7R &
Elan B 10 i 7, iz A JAE B i YOLOvSm %) %
(I 1) i HAA i A =y T < 43 e el ik Js i T
WILZE 55 5.7 11 14 ik A SE fid, 5 7 21
AL B i#E YOLOVSm ZE#y 19 56 1 A4~ K 9 2 ( Detect
J2) AT IR R e RO AR K AR 1 3R 1
TERCHE e i R 48 25 A0 eh 5 7 2 B R AR AR S R
20 Rt i R R R AT IR R AR 1A
Detect JZ , DA T 75 /i 3 26 7 J2 07 & Ab ik A SE F Bk,
S 20 J2 40 0 & 8 2R AR 1S B B R R S 5
7T RE& L SE Y BT RSP EK BAsW1E B Fy
TEEIBEATREG AR T 5 1 KD 2 X5 T EHR b A X
LNIER X7/ LR TR

R~} 1x1xC R st: 1x1xC
Yl \

—

Rf:

WxHxC
510  SE BB 25475 2 &
Fig. 10 SE module

Bottleneck CSP

B 11 ek YOLOvSm W 4% 25 4

Fig. 11  Architecture of improved YOLOv5m network

B 14 JZHYHRA o BIER 455 13 JR Y SPP Lk
SR TR AR AR AN A2 R R AR A B A, R TR AR
IR BE ST, A M T X B R R E s RN 22 5 BOR Y

1 BEHEAT I, FE S A SE B, DLk — 2P 4 5t
SPP 55 Bk e Ak &1 b B B AR AR, O 40 ) AN
FR AL o

SRS 9 YOLOVSm i 1 W 28 R AE TE 2 A & 45
FRERAE B FRAE 52 OB B, 41 BottleneckCSP-B 5 8 15
Conv FEH , B ELAT X G Rp AR 75 47 42 B T E .
I, 73X SRR AE $2 IO LS H2 A SE BT LU 7E 7S
EZI RV RN ESRITE S o ok T K (1 S R R =S 1 B el ]
ARG & S lean 3y 15 5., ot — B Ik 2 i B R 2
R/ PR S (TR 2ol e Y 7 3 i e ¢ 7
HTRKE 1 ~7 2.7~ 14 J2Z AR A SE Bk,

5 S TR A o TR T 48R R AR Y i
VRO R o 22 st AP 4, 2 R T O 2% T i 0 AR AT 2
OGRS 58 43 ), 785 T 58 H A9 A7 B A SE BLE LA
PEATRHEC AL M BOR I A R . 55 —T5 1,2 4> SE
B 3% B JR A 22 3 R IR TU A7, 0K SE Bk
A S H T R S 2.

BRI . BT T ~ 14 2 Z 8] 4 Bk
8 At R PR 4E B L T 192,384 768, HL4EE
192 5 768 MYFHIE K 24t SE Kk 17 R A Ak,
WOAE T ~ 14 )2 (5] i R AE (T 48 B2 O 384 RS B 5
A SE Kk, I3 —J7 g T ORARE RRAE 5 A R
TS Y B 2 R AR R AT B R, LR 5 )
R RRE R IRE )1, B TE 7 ~ 14 )2 [0 SE 18
AZGIH TARZE B (K 11 PR (s 4k 1)
% 10 )2 BottleneckCSP-B #il 2 5B 11 2,

SE A5 B i) iy A5 i H e A P A 24 R O A TR Y
TENZA L A YOLOVSm B T 5 2% I, 75 22 £
B A A RRIE 2 BB 5 b — R A 0 i RR AR
PIEBEEART) o T A 0F 58 78 8t YOLOVS m &
TR 5.7 11 Fl 14 JZ 530k A SE #E e AR5
A B T — R A R AR BT A B RS R A% iR
A SE #5511 iy A ReAIE B 4E B2 AR 53 0] 152 R 192
192 384 768,

2.4 EBEMASFEREMH

il AN ) RUBEE (18 R AU S B2 8 E A T e8] 24 11531
PERE Y — D H 2T Br o R AR R G R A ) [ 15
$E IR A RRAE S RS BRI BE ) O ARAE I AR AR
fE o PR, S B2 i) AR A8 5 40
F RN (H R T A2 R ORI A 4 M D DR T A
AE PR 8 SCVERLAIR, BT 5 M R A 22 o T g J2 R A ]
HA B 1918 A5 B (B B B, X R v 4
TRRABE B2 . L, X 2 S ARE R AR SR AT
A KRG 2 P ARG TN 1 A 0 G

FF 2.2 F5F0 2.3 TP XF YOLOvSm 2244 &
W0 2 1 B R BT, 25 G SOt e 0 2% 4% T2 B A Ak TR



34 £~k

IR

2022 4

RS f I YOLOvSm R g 55 5 2 5% 17 )2
(4 e isdis) 557 255 13 )2 (K 4 ik
WO B 11 R 55 23 J2 (B 4 RO
22 B, o3 0 SE O AR SE BT B M A T )2
521 B (K 11 iha @ psied) 545 10 )2 5% 17
JECE 1 Rk s ) (5 15 255 27 )2
(1T RO L) G .

I3 — 05 T, 2852 X8 JUT 35 BCAR S R A R AT 4y
B, AEF T 42 5 EG, Br i U0 B 3 2R H AR K 4R
T ARG o T T el T 4 SR AL (Y 5 25 )2
iy R E LR AR S b 2 RO H AR A I 2 i s A, A
I, R B TR XS M AP AR AT IR H bR p A U B SR Ab
o J2 AR R HG 3 B B o3 B3 T B0 25 [l Y
L, X5 YOLOvSm 2844 v gy A rp 45 ROSF B AR A
D2 1 R R BT 1 5 el 5 (5 15 R 5505 20 2Rt G,
VLR 4 rhoky 21 (5 85 e 20 ) #E AT 20t o 2 IRz B
TR BRI 42 U2 By a5 e A RS B AR RN 2 22
I PR AR A1 2 30022 i o AT 6 BB o I 26 1 5
16 J2 555 23 04 AR B a5 (B 1 ok 2n 6
PEHELR) o WUH BT Y SRR A 5 2 9 45 2R 4
WE 11 s,

2.5 WIMASHIE R~T e

YOLOvSm B4 5t X7 iy A 22 RUBE &6 I )2 FH TR
SN R BARPIRY 3 B RS RFAE (80 x 80,40 x
40,20 x20) B E T 3 Tl 46 4G 4 HE RS, 43l
H:10 x 13,16 x 30,33 x23;30 x 61 .62 x45 59 x
119;116 x90.156 x 198 373 x326,

X T HL g NP 5E 2 48 T 35 B S8 SR A 5145, fR
Tk A PG AT A R AT T 3R S R A AL AR A
[E1) 79 B 8 ok K, DR T AN B A S A R 1 R/
KAl HAR o R T sl o0 B b O M AB AT /N 2R 1
TEUB I B X AL 285 T Ak 9 > i SRR A s A7 3 2R B
T B R TR 58, 8 6T i R IR AR b > i R AT L
/N R RS SR RS D S MR e R A AT /NS
R RS B BMG RAF 3047 25 G 43 i 0y 2l | %
YOLOvSm £ v iy /s o RUBE H Ardar il 23 (9 970 46 5
HE ROF #EAT T ke b B3t , 20 i & Bl 80 x 70,75 x
75 .85 x100;95 x 110,130 x 110,115 x 125, DIHASE
IR RS H G i AR AT R S H BRI HERR U
2.6 LR K R

YOLOvS [0 2% i) 4 2% o 50 L 3222 oy [l 9 HE 52 0
WKL, EEESE L, 5 ARk L, 4
R R R/ W}

L=L,,+L,.+L, (1)

o, BAE EE R R H bR 43 28 0 2k R T Bk 4
A8 AR5 K v B (BCELoss ) , 5 ARl

BCELoss:{_logpl =0,
—log(1-p") (y=0)
A, BCELoss %7~ BCE 5 28 BB, p' 3 78 FEAS 1) Tl
MME ,y RARFEARMEIRG,y =1 FR)ETZEKH
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Fig. 14  Changes of performance of model with
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Tab.2 Recognition results of apple picking pattern

using improved YOLOv5m network

WIRRAH B/ fERR/ BEE/ FEK FLE/
EES A~ % % BE/ % %
] R 1202 70. 8 76.5 68.9 73.5
AEEERM 1952 84.9 95.7 91.6 90. 0
A SR A 658 94.7 73.1 73.2 82.5
SR A 909 80. 1 86.7 82.4 83.3
7 SR A 950 78. 1 91.6 84.5 84.3
A 5% 4 865 77.8 91.9 83. 4 84.3
JE¥7N 6536 81.0 85.9 80. 7 83. 4
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Fig. 15 Recognition examples of apple picking pattern

using improved YOLOvSm
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Tab.3 Performance comparison of various target

detection networks

bR mAP/ EM%I’EH%BFY:J P— R A AR/
% PRI A /s MB
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AR LAY 80.7 0. 025 1.92x107  37.0
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Fig. 16  Apple picking pattern recognition results of

four network models
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Tab.4 Performance comparison with multi-class recognition method for apple
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