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Multitasking recognition and positioning of pitaya based on
improved YOLOVS-s

Kong Fanguo Li Zhihao Chou Zhanming Wang Xin
(Intelligent Manufacturing Department, Wuyi University,Jiangmen 529000, China)

Abstract: The recognition and positioning capabilities of the visual perception terminal of the fruit-picking robot system
are crucial indicators to increase fruit-picking success rates in the complicated agricultural environment. A real-time
multi-task convolutional neural network SegYOILLOv5 suited [or autonomous Pitaya [ruit image detection [or the visual
system of the picking robot was proposed in this paper using Pitaya fruit with complicated shape as the research object.
The network is enhanced based on the primary architecture of YOLOv5' s convolutional neural network. The
multitasking target recognition and detection task of image detection and semantic segmentation is realized, and the
overall performance of the model is substantially improved, by extracting three-layer enhanced features as the input of
the improved cascaded RFBNet semantic segmentation network layer., With a mean Average Precision and mean
Intersection Over Union of 93.10% and 83.64%, respectively, for the testing dataset, the enhanced SegYOLOv5
network architecture can adapt to the boundary-sensitive image semantic segmentation agricultural scene, compared
with YOLOv5-s+original RFBNet and YOLOv5-s+BaseNet models, it is 1. 23% and 2. 74% higher than the former,
and 2. 38% and 1.45% higher than the latter. The average detection speed of SegYOILOv5 can reach 71. 94 fps which
is 40. 79 [ps [aster than ElflicientDet-D0, and the mean Average Precision is 5. 8% higher. The center of mass ol Pitaya
fruit may be precisely positioned in real time as the best picking position using the end-to-end output of SegYOILOv5
detection output and the fusion of image geometric moment operator. The improved algorithm has high robustness and
versatility, which lays an effective practical foundation for fruit picking robot based on visual perception.

Keywords: YOLOV5;image processing;pitaya fruit; picking robot; picking point positioning
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move” B0 W EERE, A, BRHELTE B UHER
FEA B BRI S H S i R AR P R T AT e 0 BRI e T L R
Z 5 BB B IT FR 4 (“look then move” #20) AR ¥ ve Ik &
b PR A S U T A R AR 4 o IR ) PR 38 T L S i
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SkEYAET Sl N YOLOvA BRI 2 H AR & 8 X 4
(region of interest,Rol) , & RGB-D K& AR J&F 15 &, F
FVRE 2 S5 JE R S8 . K-means RIS T L 40 L #H:
PE T E A7 7 il ef B SR ORE R AU, IR R ) R
93. 83 %4 , A2 F M R 1 - B FEHS 2 54 ms, KT 30 ms [
S bt SR HLATE 32 00k HE A% 14 1 A8 b B B2 B 1 B K B AL
PR L35 & T M IR BE T [ 22 R R ST R AT 5
T % 454 I Mask R-CNN ) 45 45 7 4% 4 B
AL B HEAT AR AE SR O A T R A R A B0 S
T SR AR A . IR IE B, IR AE AR R IR & T 68
YA S S SRR A (EL: BT RGO 3 Ab B[R 2 4. 90 s,
Bt A AR SE A 1 epoxfis LA 2 PR BF B2 3t 5 o5 AR ol 2% 144 32
k. Qi YOLOvS 18 3 75 Ak 32 2546 I A2 3 42 B
H Rol X34 A %] PSPNet B 47 1E X 4%, 158 £ 2%
SrERE S M EA R E R SR RAE L WET
SR FEERMANME. ZT/ESAT 92.5% A ER,
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A BE R PERE .
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SEALHY TR S A B AR B SR B2 0L, B U S 4R
B — 0% YOLOX-Nano 5 3 & 1 #1 #] ( concentration
based attition modiule, CBAM) &5 & By & J& 524 I 77 &,
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MG R T YOLO BRI L Z ETiREEH,
583k o R 2 IO 4% (Y 0 JRE T O RN BR R IR JE B 4 LR I
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J2 (L3) Fid 17 )2 (14D 3 D)6 A RO E J2 - 4k BEAR IR
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SRAE & R R B 1, R JE S AR AR T HE 4325 L T U AT
M (Maslko) S {IEHR 15 UAE B .
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Z 45 SegMask Head #1485 M 3k (Detect Head) P
TR, RSk 2 S5 4 5 YOLOVS-s AR, #7 /@1
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TR 2B H I T i s B A By, B 1 X1 B
R TR R @ B A B S R B 8 R IR R TR KR
ER/NG 15 B8R SLAr RIS

4) Pk REBNet f 4% 5 e

BFEREG S TR & R MR R A B RW
2B, A, SegMask Head #2045 {5 2% T RFBNet
TR EI P IR LA  Z M g B AR B R T 15K
#:FH (dilated convolution) ) 3472 L #E 17/ &, LA A
SENHR AR 9 ZR G i S8R 57 M, DT i 3t Y £9% ) 4R AAE 2 B RB
Ho AR MRS A 2 Fis, BRI R ok

(D JF % REBNet 2% 57 {f F 09 3 % R 6 TR R 48 e
B SHE  BIEMRAE R E R 3X3) T, KRR
A, BT KBRS TR Z R R B RE
VUM 1X BB SR M IE . 732 1(Branch]) B
FEHIm 3X3 MBRZEILIIAEIKRLECH 2 Wi k&R &
KNy 3, B UG AT REAR HEAL D SILU B0F R 3 — 2
St e P8 AR R U5 BE 7 s Branch2 &3¢ T Ji4h 3X3 H M
/= ; Branch3 ¥ feu 2 B H 0k 128,
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FRXFERIFAERY K2 oo R Z R EZR
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W YT TR K R R X TR, WL REBENE
EIIRGAA IR E R AR BIR I ML X R Arih
RS, JESR 4 600 g AT R B Ml 3k Y R R T
B REACR 450 5K H T IE LA FIMEEA

2) BHRbR T SR T

75 PC 3% F#EAT MS COCO F7 v #% 2 B0 B8 £ %118 .
18 BB 1 3K A labelimg ™ i VF 4G T 45048 48 - 4 i A A
A5 R L R S Y L 92 HE (ground truth, GT) 5 1) B 8 44
“labelme” b i B4R v A 280 1 5 0 25 F 11 48 B8 A 1 4B 1 )
S BIBRLE
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g R BRI SR, R 1 Bias. Hod, AR AR
B8 Xk - Pitaya (R K B R ) L Unripe_Pitaya (GR g 24
KR Stem CKREZET)., MMEWHEETRE
5 050 TRATMEHE AT 2 760 T iE L/ HIBHE . %Ak BREA
FATEBENATHELS IR 7 + 2+ 1 (1% Fb M 43 500 1 S B 50 1
YIIZh 56 UE A A 4

K1 BEEFERBERERE

B 4= 51 H
s FE A b 25 304 1 5 O Wt
%5 s B R/ %
) Mosaic 30
. Pitaya .
Pl 5 A Random affine 40
G S . . Mix-up 10
Unripe Pitaya . .
Random-horizontal-flip 40
e Pitaya Copy-paste 100
§55 U4 Py peste
Sedi Stem Random rotation 40
Letterbox 30

1.3 SegYOLOvS [ 4% i)l 4 45 %k iR 81

1) BBk 45 2% R %

PGS 1) 4% 1% S 2R O TR AE 32 2% ( Lossgee ) B
G K (Lossos, ) 47 Z5 8 28 (Losse. ) = & B M BLRI.
SegYOLOVS BI45 8t 25 IEE LK -

Lossp. = a * Lossg. b Lossg,; +c¢ » Losse,. (1)

Horfr, asb,c 5330 g X N4 R 09 ACE R R BAE
FEI R B KA R TR AR 35 28 FN 4 R R A E IR 22 .

SegYOLOvS Tl il HE 451 2k R ¥t B & 2 463 5% bR $0 2 T
A I Ik (intersection over union, loU) 2 i A9 CloU loss,
ToU & HAnfa il i) — A S A&, B BARAE 59 LS A2
EEIFEM I, HREX N
| B1 N B2 |
| B1 U B2 |

CloU 3@ 38 2 14 4k B ok 2% IR 7000 A2 55 32 S HE 1 22
St b 2D AR TI N SR ) R g 2 N WA SR R, A5 B0 T AE 45

IoU(B1,B2) = )

“(B.B,)
Lossg, — 1—ToU(B,B,) + 22252 oy ()
C
4 I 2
v = ?<arctan ZT — qrectan %) (4)
« ke 5

T 1—1oU(B »By) o
FHorprs o S TUIAE FE SCHEK 58 WA 22 E I — 1k, o
AT B8 L ] 8 R B R L ToU (B, B, #4315 1 45
R T
Seg YOLOv5 43 28451 2k ol BUF B {5 8 B 2k s 401 R
BCE Loss # %k iR %% (binary cross entropy, ECE) , =& (6)
FTs o
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Losseon = — Zy* log(y;) + {1 —y; Dlog(l—y,)
n=1
(6)
. . 1
v, = Sigmoid(x,) = — (7
1+e

LR AR K WA, N RIRBEHEE © R
RSN TUI B, v, o G0 BOE e BT I 24 A0 28 5 4K
B, v Wy Ya2Ea M B ELEO 3 D ERNEEERE
PR, xRN HYET BB B 38 v, MEdEIER
BUR WY AT E AR R, v W M0 R H AR
fH. ARAE M CloU 1F iz 0 AE 1) B 15 B bn 2 2
B, FE B BUE Dy 0~1, B s 208 1 KN 5 T AE | H AR
HE Y B & BEAT G, PIAE 1 T A B A e U A8 (BB K

2) 1 Ay E 2R R A

7 JE ) S B g ol R ST SR A 3 S v T X S A0 R S L
A AR AR SRR 25 B R D K B R AR RO R A
IR X 5 ] AT ) L S A AR 0040 288 031 O S 46 [l R, 3T 4 ke
CLRh e 2 f SR ms LR S I AR AR W AE . A
B T 46 IN MERE 432 3t Conline hard example mining,
OHEM) 5 %" #y OhemCELoss 1 & X 43 % 46 2% i
B, B TIOMAE 73 AT 55 928 UMY R B B TR E (pixeD
555 11 53 43 205 22 SO, 1 T AR 4 B 2K 2E BUOHE B A Chard
example) ) K ,

OHEM 8k i #% 0 & ¥ #% — 2 Hard Example /E 2y
Y G B A A T B3 R 2% 5 B3 SR . Hard Example A0
FEEAEZHEEME B AE. B OhemCELoss 4 2% R %4
O e R A R A 455 K A 38 A 51 2k (Cross-entropy loss)
ek £, Cross-entropy loss BREL AT .

exp(xlecls )

Ejexp(x[j]))
Rz B cls KR E ILH . Bk 1 TS
WMF:BIAAHESE: N, BE T, REg bzl
A N A pixel Z 5Nk, N 4> pixel 2818 58 A ok £ 15
B ARAEFH 2 0 T IR B INHE R (9 [ &, Bl R 5 TG
BEM TR, ES N AT EE T, WRTE
KFZ B A 1 J0 3 35 28 SR B R 05 B W GRS N A~ &
BOTEBUA . BJE i X AR (Bateh) B2 (19 42 8 11 24 (8
VA8 S4B R &

2 LwmESH

2.1 XBTFAEE

HATERMREFRE AN EEEE S MK 2
i, 40 2 FF & 3R 55 A VScode, # F R 4b # 5850
(graphics processing unit, GPU) #47 HATHEHLZE S,
2.2 EELLMER

U R E R T (pixAce) ¥ 3 22 It (mean
intersection over union, mIoU)™ & 3k iE 433 T4 & 1

Loss..(x,cls) = —log( &
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R2 XBRHRBENERESH

QXL E| SR/ HE
PP gh BB TS Intel ® Core™ i7-10700 CPU@2. 90 GHz
GPU ® & NVIDIA GeForce RTX 2070(8 GB)
BIERSR Ubuntu 20. 04
CUDA Jfi 4 11. 4. 120
cuDNN }i 4= 8.2.2
FHREES Python 3. 9

PERESE bR . K T XK F 2 {H (mean average precision,
mAP, ) AT BRI T 55 1 M RE L o 0.5 %
7~ ToU [B{E R 0.5, KM% (frame per second, FPS)
37 ) £ AR TR 1 1] A% HE BB BE , S0 & (parameters) FI T &
iz B R BT (floating point of operations, FLOPs) A T fif & &
UL NN & R B3
2.3 BEYNEGRESW

A AR Cepoch) N, AN LR BEDLELA m AL
ot /I A RS DU R A RIS A3 BRE AR R AT B0 T A B9
M AE B KA FHE R YOLOvS-s Tl 2R A E 47 i 1k
AR IR Backbone B % 281, 55 > FE A 0 A W
HHATIT I & B NG R b AR &L W 2SR E
T M 45 (backbone) FAE 2 LAMGE Neck P2, 343 JIl $2 3 3
AN 2 B R IE 5k & ULy A Detect Head 1 SegMask
Head #47 R IFBMSE R . R i s 2 09 33 2% o8 %05 2
BT AR A STIE 22 ¢, 85 T TR 43 4t Uk 5 )
MERRAR I EREEMARORASHHE., A2
HARER, @8 E Bil)E, ERE IR HMAME

BEBLES T S 0 25 B /INb B 2 ol B0 1 B0 B O ) 3E
AT B LA S AT S DI 25 0R 25 5 n 1k 38 B HEAT IR 1) R [l
L%, B 2148 1 2k A 199 45 TR sl R 2K Wi s 3 3 AR
2.4 SegYOLOv5 &l &

AT A 3 1 1 B9 K IR AR AR L X YOLOvS-s+
1% RFBNet(BJl SegYOLOV5) W 45 B AL 471 4. SCB6
T FE SRR AR AR T K/ 480 X480 X3, #t
WK/ (batch size) S 9, A AR 190 kK, EEMHE
ZHUNT FIER 2= F N 0. 001, FEHLEE B T REZh &N 0.9,
W N 0. 000 5, 7 A7 43238 B B A5 B R I AL & 4L
Ayl 0.05.0.5 A1 1. 0,

AT BTG AR SCHR B Seg YOLOVS [ 2% 78 [EIG R Tl
FE A #1 5507 1 M 25 A PERE  BUFE IR — SE SR 3R B AR 48
s 3 4%t H B A R AT I 5 43 B« EfficientDet-DO™Y |
YOLOv5-s+ J5i 5 RFBNet 1 YOLOv5-s+ BaseNet, H
1, EfficientDet-D0 &5 46 1l /] 4% # A4 F LA X HE m AP
FPS %M BB 45 45 ; YOLOv5-s+ J5 i RFBNet 1 % B T
e X A SC o 1) REBNet 458 3t 4 B ; BaseNet i X 4 #)
B C3 Emi K EE, &£ RAZE S G KR
3.8 h,

2.5 HEZHEESE

R T ESEEE LR Y 2R S 0 A A B AT SR AR R 1
ZAGRE 1, W MR HE R A DL — AN RN A 2, BEAT
ZALSEE MR, AR E R K/NA 480 X480 X 3, FA4 5L
KiEtrnZE 3 ffi/n. H T EfficientDet-DO #2 B (1) 45 1 ¥
AR 512X 512X 3, [ I D B R A E R GE k.

RI REZAWKELHRI L

e W 2 8 B%ﬁ)%} P FLOFS/ mAP/ pixAcc/ mIQU/ i % /

BRS¢ 10° % % % (fps)

EfficientDet-D0 - — - — 87. 30 - — 31.15
YOLOv5-s+ & i RFBNet 1,3.5 128 8 124 852 28.90 91. 87 91. 46 80. 90 52.91
YOLOv5-s+ BaseNet — 256 7 609 311 23. 37 90.72 92.66 82.19 61.35
SegYOLOvV5 1,2,3,5 128 7652 931 22.84 93. 10 93. 34 83. 64 71.94

TEZE R EIH, YOLOvV5-s+BaseNet W 2% 2% #) i j1 4%
R, BB IE RN 256, mIoU Y 82.19% . M2 T —
R R B E Y YOLOVS-s+ JR 4 REDB B 2% 6 A il i
&% BB 4 T, mIoU 2 80.90% ., AH L BT E (K T
1.29% . mAP F & & 1.15%,

5 A 3 28 M 25 AH L, A SCHR B SegYOLOvVS M
BN — D T E N ER, S 4 EN S T YOLOvS-s+
BaseNet, {0 [ 4 5 2% J¥ 5 /)N, #E B 30 5 f R, OF 135 &)
71. 94 fps, fH H, EfficientDet-DO0 5 H T 40. 79 fps,mAP {H
Bl O5.8%; 5 YOLOvss + Ji 48 REB M % #
YOLOv5-s+BaseNet [ mIoU {1 mAP {E4E %, 4H b

WD E 2.74% /M 1.23%, SR EMHLES T
14500 2.38% , Aitply - A i 2k T S B0 4 4R A A i L)
A B A 22 R A SO D TR AE Pitaya JE 50 09 RS B B
Y Unripe_Pitaya 28589 2. 8 %0 {H 47355 2k Jp 5B g 32
KA R I R K
2.6 EEIRISERITLL

FBIIE N AFF T Seg YOLOvS 5 25455 71 i 1 3] 4
fE, 5 B F £ M 8 EfficientDet-D0 # U M £ F
YOLOv5-s+BaseNet W 4% 347 & I8 SR A0 2 0 548 R 5
TR0 S AR O S [ A [R] 55 5t 43 iy 3 5 0T =, 45 R
& 3 JiR
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(a) WAFEA (b) EfficientDet-DOFHY

REEREZR. MG THRNS 4% 2 M5
Seg YOLOvS B4R T YOLOvS F1 RFBNet f% 4% 55, LA
Neck FZ MR £ RERFIE. 25 TIRB AT FE LM
HEE SRR, B0 R EAE Y, I BaseNet 43 %1 J2 58 i
HEMERBEMEM S ZHRER T MWl B 28, H
AR PR WAL R TR Z A, 2R H be I AL
At T EfficientDet-DO, fHE& It T- SegYOLOv5 #i#0 , #&
PRI 25 o A e V145 2K 9 TR Se YOLOVS 4701
SCoy I BE IR AT T 4 0, X TR A HR R R R 4 B RROR
— .

3 KRERFEMAENM

XF T A A S DL R B B S BRI H R L 1 SRR
AR 26 A D00 2 b 2R S 90 9000 A b 1 A L S AR Y
KA L AR TR T3 Ak e SR LR IR R A B i i B 2R S
A B ARSI R, LR Tk B R
I 5 2 8 2R S5 T B O SR S R A B DR R R SR
R,

3.1 RERBULKBESH

P B HE T A5 T RO AR I 2 SR R AE » LA 2R
Oy 5 J A S L e T P R AR A 1+ DG R X S TR IR A O
U Hoz SR/ R B A8 L — B AR A0SR 48 R A 5L
iki‘z%’ﬁﬂ/ﬂﬁﬁ/b%ﬁP(xuy,) i% fcjv

il

AT

(¢) YOLOv5-s+BaseNetfi#]
3 A [l TR A5 T 3 45 SR T

220
o y=1 =1

(d) SegYOLOVSHER]

xf(x,y)
22 s
i = 1,2,,m &)

Eizlziﬂ:lyf(x,y)

S

sz y BRARBELE f(2.y) RABRBIEGHEER
MALPHRRE, N M ¥BER 480, 4 M ER RGN EER
R R L

3.2 KRERRBEEMRE
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