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Orchard Obstacle Detection Based on D2 — YOLO Deblurring
Recognition Network

CAI Shuping PAN Wenhao LIU Hui ZENG Xiao SUN Zhongming
(School of Electrical and Information Engineering, Jiangsu University, Zhenjiang 212013, China)

Abstract; Aiming at the problem of camera shake and relative motion of objects leading to blurred
detection images during target detection in orchards, a D2 — YOLO one-stage deblurring recognition deep
network that combined the DeblurGAN —v2 deblurring network and the YOLOvSs target detection network
was proposed. It was used to detect and identify obstacles in orchard blurred scene images. To reduce the
number of parameters of the fusion model and improve the detection speed, firstly the standard
convolution used in the YOLOvS5s backbone network with a deep separable convolution was replaced,
then CloU_Loss was used as the bounding box regression loss function of prediction. The fusion network
used the improved CSPDarknet as the backbone for feature extraction. After recovering the original
natural information of the blurred image, it combined multi-scale features for model prediction. To verify
the effectiveness of the proposed method, seven common obstacles in the real orchard settings were
selected as the target detection objects, based on the chassis of the crawler mobile robot, the BUNKER
was equipped with portable computers, cameras and other equipment to form a mobile platform for image
acquisition, and the model training and testing were carried out on the Pytorch deep learning framework.
The precision and recall rates of the proposed D2 — YOLO deblurring detection network were 91. 33% and
89.12% , respectively, which were 1. 36 percentage points and 2. 7 percentage points higher than that of
the step-by-step training DeblurGAN —v2 + YOLOv5s. Compared with YOLOvSs, there was an increase
of 9. 54 percentage points and 9. 99 percentage points in precision and recall rates, which can meet the
accuracy and real-time requirements of orchard robot obstacle deblurring recognition. The research result
can provide a reference for obstacle detection of agricultural robots in orchard in the later stage.
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network

YR B . 2022 -04-07 & H . 2022 -07 — 18

EETB: ERAKFFEAE ST E (32171908) VL9584 ALK ML & 5 £ R R 300 B (NJ2021 — 14) FIVL 55 i A2 f 2 R 3 A
(PAPD)

1EHE R K (1963—) 3wl #dz, EEMNF N TR RER LA R A S HFS , E-mail; spcai@ ujs. edu. cn

BEMEE: XU (1980—) Lo, 8, [ AL R0, BN R A5 A Z b B BB 515 5 4L BIAT 5, E-mail: amity@ ujs. edu. cn



BT 4. BT D2 — YOLO Z A5 1 1 19 2% f) 2R [rel e 1 4 A 0 285

%2 )
0 3%

BE A N AT 2R 2 1008 2 ok H A 1, =
A B il R TET BRI T B R A R e
BN ) N R TEEAE i TN BER R
(1 726 3k 2 R, A ol ML A N e 2 b T
Bel Pk, 46 B SR A R G A 24 4% L R Bl
PLas A/ A 3 AT H R Z 2 T RHE A LTz K
T BB A A R il A A 3R B
REA ML AL A% AAE Bl PNl % b Al i x4 2 08 31 4%
HREEY AR R AT R AR RS B K B
FVKILE |4 23 3 O™ H B 2 A ), O 7R IE AR
PLAF ANTESR B B A I % 22 4 1 R 2, RE 4%
PR T A b A U ] L ) B A A AR

IR el i B 4 U R 2 ) b H AR A
W RS, H AR I L E R N — KR
5T Region Proposal 1) H b5 & il 55 i, A0 R A 4
& R — CNN R4, A7) T M B B H A ke i 53k, /i
LB S AR A A 3 HE 6] e 35 A DX 38R ) RIS i
TR SR IR, F5 X0 4 OB i R AR AT 0 28 5 IR 5 55
— 2 0 P i 3 i SEUAEL 1) — B B H A AR B kL AR
ek 4 FE SSD ( Single shot multiBox detector)
YOLO! %! (You only look once) & | 45, I 28 580 4
A P A B i 22 T 45 ( CNIN ) 42 2 BB 4R R ik s
Xof ARF AR SR AT 3 21 ARG Y0 AE A B 1) 01 0 it — B B
FI AR ARG I B33 1) A B B, I 38 2 A T 3 2 3 R A
TN 5 0 L 79 i Be B b A 00 Bk s R

TR e T EGOR A A H bR A £ AR H
R o SR, A L A TE SR B A A B T
283 1 3 T U T, AR Byt B B 5, 3K
FEAG S MR A KL B Bl SR e 19 PR AR A 35, X b
RROR ™ AR T RIS BT, DA X 5 28 3 T KR 1Y)
H ARG 1 S 53 3 45 i O AT 55 77 A= BT S 0
TE S R 23 REAR AR L B A TEAE b 72 v iy

Hor K B2, S B A R A, 1 SR AR

R, MO 45 42 T 3 TR S R )
W 3 G A6 I 7 125, 1% 07 1 SO IR T LR R R
MR RR A SRR BB 2 5, IS B E R
NI G IR, H Hh TR A TR G AR 2 B
Sk IR, SRR R T — Rk i
st AL B 1 4 SRy 18 2R T T RIASORY A P 28 I 4% 1Y
PR 5 A 0 SR R AR SR R S R
RUE P T BRI PR 3R B BB P RS B 2 1k, (HAE
A . FAN 2507 — 3 F TR 18 2 > 1)) 355
RO 118 A0 O 12, 0 TVE W dU 3 73 36 Bioak
ST HR R ECHE YOLO v3-tiny () 42 5t AR A4
BB G I L i YA AE YOLO v3-tiny fY BEfily | 5% fin
—JZ 52 x 52 R TUIN JZ K TR /N H AR A9 R g
Ty HMETE T TIN5k 25 1 P 52 i 19 45 14 46 DU
RE ), H R i SRR K T A7 7 36 85 8 2 50 Bk HL AT
Xof A AAROH AR DU RE ) AN R B TR) R, B AR
%jz}iﬁ%}'l", T —Fh I T M 9F Faster R — CNN 1 SSRN —
DeblurNet i) 9 B B A6 W0 J7 25, A7 280 fif Ui 17 4% 1 il
TRR) B A 4 7 AR Y ) R (H 3 B R TE U 2R B B
Faster R — CNN fiI SSRN — DeblurNet #H & J 57 #£ 47
gk, W BB I HAER o HATEF %R T,
fiff PR AL g NTEAT 3 ]V Ml i 77 2 52 Sl O8] R
8 — B B 22 RO AG I 5502 WF S MK THAS 5800

R TR TR bR TR) L, A B 5T 8RR ek i
DeblurGAN — v2 K BIM B 45 1 YOLOvVSs H i I
W0 2% A2, 75 3] D2 — YOLO — Bi B 22 #5081 37 1) 1%
2% o BRI 8 A Ry AR RE T AT B IR AT R
I, LA v 52 Br H A A 0 i RERG L

1 WESHSHE

1.1 DeblurGAN — v2 J=1&# W &
K 1 & DeblurGAN — v2 11 W 28 25 #7412 N 2%
HT AR B B R 0 ) R A T A R i e R

. Upscale 8x i i 3
4x i 3 i
‘ 2% i i i
™ > o - 2
A . |
i HHZE 1 % }
P= R X -
N = . b
| Y ik
= j:ﬂ}#}%' I . L Bk
Ix 135 -
A =il

1  DeblurGAN — v2 45y &l
Fig.1  DeblurGAN — v2 structure diagram



286 & Bl B ¥ i

2023 4

P 0w A O A2 BURE A S8 1 e 3 MG L S A AR AR
AR AR 2% 0K T 5 R AT DX 00 o AR AR B H bR 2
I AR TG 12 L SRR AR X3 O R 0 SR i R R
AR K A o P UG AAE T R R B/ R R
A H B AN &8I0k o0 AR R AR R LSRR R R
£ o T S AL LA SN o U EI U = e R R
Inception — ResNet — v2 B{ MobileNet £ H. 7¢ fZ
DeblurGAN = v2 H YO RfAE 4 7 3 19 2% (FPN)
A RAR SR R B b o PPN R] U4 & ) 2%
i 22 RUBE R AIE Rl BE 0, 52 B0 v 9 30 0l 32 1)
i, a5t s 2 fiv s o

izt

T

B2 HRAL G 78 R 45 (FPN) FESE
Fig.2 Feature pyramid network (FPN) framework

BFR%

1.2 YOLOV5s H#r#a il /) 4%

YOLOvSs [ 2% 2 K i #5020 0 & AR, A A
TR E O LA N ] T R B H AR B S
WAL, YOLOvVSs 1 W 2% 25 ¥ P 4n 181 3 o, [
F1, Conv 78 #: 1 )2 ( Convolution ) , CBL 2% & % H
& FUZ At i )T — 16 2 (Batch norm ) I pR %L
(Leaky ReLU) #H i, CSP( Cross stage partial ) & /8 5
W B B 2 B 45 14, Residual unit 3275 5% 22 865 41 1,
Concat 275 il 8 £ 1Y FFAERE 5 o

2% T AR R - S A R AT A&
o7 PG 4 I, Y 2o 1 9 4% ( Backbone ) X i A
EIR AT REAE S B, SR 5 28 320 30038 I 4% ( Neck ) XJ iX
BB /INAN TR ) R P E AT 0 2 AR Rl B S A TR
I JZ (Prediction) 1= XF 22 4> 4 ik B 2 Ay [a] i 3 28 01
(AAEUEM
1.3 FTFMEu

YOLOv5s fifi [l CSPDarknet /£ 4B T M 4%, HAL
ORGSR T A5 B 28 I 25 1) 2% ) R T, i B IR
TSR N A A [R) IR PR AR T O 4 e AR

i T |

i

=
Res MO cpy | cRL @
unit ' .

EIEN 7
uni o one BN (RSN cBL
X resicual
zomponen
-
BN (PN CBL

3 YOLOv5s 55 &
Fig.3  YOLOVSs structure diagram

9%, {AJ%,CSPDarknet S &K IH 77 76 o] k%5 6],
AW 5T K CSPDarknet H % b o 4 B8 48 o T~ B ]
o3RI H I E RS 4
W 4 FR  br i R AR 2 X 1 3 1A 1
ANFHEE TN ) B R T 6 R B8, ARFKE
AR g AR AE . THEE QR
Q, =DMND D, (1)
X D—BBE RN
M N—1Hi A iy A5 38 1 AL
D, D, — i 13 B < B 0 B i
R 73 8 G B AR ME G FUh ) — 2 s B
3x3WEEBHM 1 x1 ZAEH,ITER QN

x Y

(&) FFHERTR
y
. QD
D, ) o503, : >
D’c 2y ] «<— Dm
> (b) VRIE AT 53 T

Pl 4 o ofi 2 AR B 7T o o 5 AR
Fig.4  Standard convolution and depth separable convolution

Q,=(D;M +MN)D,D, (2)
DR, R T oy RS AR S BT R i A



%2 3

Q, MD.D,(D’+N)

11
0, DMND.D, N D (3)
W DB 3, kIS 4B R R
W2 1/3,
1.4 #8575 R B st
YOLOvSs 14 4 i 750 9 3 6 ] GloU _Loss 44 i
FEAE [FT Y3451 2K ok £K, 15 3]

GloU_Loss =1 — GloU =1 - IoU —A

c
-u

c

(4)
ToU_Loss =1 - IoU

o A3 FUHE L S HE A BN A B T R

2 B S HE AL 2 3 S HE B, T A0 B /N A B B
TRV IR 4E A0 25, LI GIoU 5B 4Lk ToU, 76 3 X 43
[EEAOE RS R A

A AH ] CloU _Loss {8 % GloU _ Loss, CloU _

Loss HiJ1 FHHE R SEHE (9 ol SR I BRC TG HE B
IEGIAREE o A 22 321 SEHE FL L SEAE A9 AR L, 11
A

CloU_Loss =1 - CloU =1 —[oU+ i +av  (5)

v
o T ol +v

/ 47‘57x5“x“56 i 52%52%256
26x26x512 {3 qixi00s  26X26x512

SR b

208x208x64
104x104x128

||

BRAEPF S BT D2 — YOLO FAH R 51 199 4% i1y 24 el I 4 ) A6 ) 287
4 w®' w2
= —_ 6
v — (arctan % — arctan N ) (6)

P p—— 1L FAE 5 FCICHE b i IR
L5 BCSCHE 1Y B A1 1 HE B X A 2

KB
w B ——FLSHETE 5
w h—i_ﬁﬂ: N
) FHE TR S AE 22 [E) G\ H — B

TS

¥ H CloU_Loss 1E 2 i1 FAE [al 5 451 2% ok 2
— o R EE AR T I R R
1.5 D2 - YOLO HE#& #3123 X &

R TSR DR AR P A5 2 SR Tl o A e A R 1 5
W, A% BF 55 4% DeblurGAN — v2 L B M M 4 &5
YOLOvSs H Ar & I W 25 A1 fil 75 o 5 R 25 B8 Fi
H AR A I w5 25 5E 1 77 vk R W], A B 58 48 1 i D2 —
YOLO 2 A5 A6 0 1) 2% Ja& + — B B A i ) 4%, D2 —
YOLO i F &t () CSPDarknet 1 K15 T M 48 #E 17
FROE SR H, 2R HIRRAE 4 5 35 ALK 2 4 R W) B9 Re AE
KT R QORI Rl A, 78 0 R 25 8080 J5 1 ¥ I 1]
AT IO, B2 w1 BRI S BT RR A 18]S
i D2 = YOLO ORI - I 25 2544

|
i
i 416x416x3

,‘ ‘104x104x128

[ a7 5252x256

26:26:512 13, 13,7004 |

13x13%x24

Y

26x26x24
26x26x256

52x52x128
52x52x24

52%52x256

52x52x896

BEl'5 D2 - YOLO BRI 51 W 4% 45 4 &

Fig.5 D2 - YOLO deblurring recognition network structure diagram

L S T BTN S R N I e
2% iy s 4 A3 g A PRIAR 220 1 3 TR R 4 T AR
416 B F x 416 R KA WIER 5 , 8 i & BN 24> 5%
ZEDRPEAT T RAESRA, AR E B3R x13 X
(1 W& 4%, e 20 7E YOLOVSs Hofig % H 22 RUE 45 ik
Al IR HEAT BN . EAEAR SO TR R B AR
B, 2 M 48 1 8] B BT S8 U B SRR A,
B R R BB IK A 416 12 5 x 416 R R IF15 5

MW E RCGB =l il K5, S8l L BRI R AT o 7 X 4%
A, G o2k Focus V)R 3 V5 45 1 5 3 J 1) 39 M
PG AT AL B, 75 UCE o B R 2 3% 22 B i 47 R
SRAFERAE A5 3 A B B ity A IR R ot [ 48 3k 47 e Ak
Rl ORI B T B AR AR S AR AR
1.6 D2-YOLO il&Fi%x

B R AR R AT 2 S B AL B R
R o (x,y) , BEWIE BN @ (2, y) , I A2 A



288 & Bl B ¥ i

2023 4

%
(x.3) = [ Lo+ Copnty + €y ) +n(xy) s

(7)
A C—— BB © B
Cons—BEBLIT 1]y HOERY
(A LR — Y
255 3 B EC AR, 45 1 B ER, B
SR BT S, B S FTT 0 4% 14 i 85 o 8 L 0
% V(G,D) %

V(E.D) = [ P (O lg(D(x) ) dx +

[P ()11 =D(g(2)))ds =

[ [Pan(0)18(D(2)) +p,(2)1g(1 =D(x)) 1 da

(8)
X Do) ——BOH 5 2 29 05 iR 22
552 v BE [T 0 45 i o A S 8, A
A1 B0, I G5 R 45 10 A s 8 43, BRI AR A T By
Bro H BRI B Be A5 2% s R

Lobjdet =L, +L,+L,+L,, (9)
Hr
52 B .
L, =)\mardz Z l?jbl[ (xi _xi)z + (yi _yi)zj
iz0 j=0
(10)
2B . 2 2
L, :Acoordz Z l;}bj[(«/ w, = /w;) +G/h; = h;) ]
iz0 j=o0
(11)

s

L,=Y Y " (p(e)=p(c))” (12)

i=0 =0

(CRR.

s

B
L,=Y 3 1(C-C)+

i=0 j=0
$2 B
Anonbjz Z l:}Mbj(Ci _Cl)z (13)
i=0 j=0
Ko L, —— T s A R 2
L, — T 1 FHE 55 1 e 1 2 {8
L, — 500 2 451 26 (i
L., — T 15 e 451 4
)‘ coord /f—\\—l: ﬁ?ﬁ 9% /?\ ﬁ
%,y — bR LS s Al
W, b, —— b5 T8 3 0

pi(e) FI 2 1 i %<
pi () — MR LI AH

C—5 1>k v iy FUAE B 15
C,—— T 100 S A A5 2
TR (i) b A R AE £ 2 bR, U 17 1, 302K 0,

553 BrB, BRI SR, fERTH 2 BB iz

Joi, XPREA W 2% P EAT I . R R pR A
Ly :Lobjdel +D(x) (14)

IR AF 1Y o 2 22 3o PR T 58 22 77 A 4 TR 25
A3 I LA T 416 x 416 (149385 Wb F4% , LA K T
BrBehy 13 x 13,26 x 26,52 x 52 {1 H b5 46 I 45
AN SR AN 5 2 e ) 5 AR 2 L, ) LA ) R Y
H BEAT R i, LA e 2 ) A 45

P

2.1 BEBRE

PR B SR 55 3% Bt ol WA 20 A0 i, — A8 43 2 B
BIULIR R S km AR AR P, I — B4 VL IR K KL
MR . 75 2 b by s LT 8% T 2 600 1 5 4R 5]
B, Forh i i IR 1500 i AR 4R 1100 15, 3
FOR 151#5 1500 W, 351 4 100 i85, B 5k 7 Fh2 bd
Y A ) 2 SR AT N R R AT R R R S A
AR R R A FELRS G b R OR R S R R B L A
VBB ZLARUR R AR AR R 38 R S5 T K L S 4 AR
2 UK AERE R N
2.2 RWTEA

AR B 25 4k BEF- 5 B A TS H S HL GPU
NVIDIA RTX 4000, CPU 3} Intel i9 10900K, PN 77N
64 GB, it & ML AE & 4 S Ubuntu 20. 04, #% %%
CUDA 11. 1.1 JF473 B HE 22 1 CUDNN 8.2. 1 R )&
2] M . R ] Python 3.7 4 #21F & 7E Pytorch
WEEF I HELR EE AT . SR A sh LA A48 2
ZED AHHLIE S 2R bl 37 55 AR R B B 4, ] i 15C 8 4
£ T. B SDK #1 OpenCV J%E

Pl BUNKER B J& i 2CR% sh#L % NS & LAl
TC A A 3 £ P ) 468 85 X H L Ak S i B
M GBRERFG . BEREFGRRES RN
6 FIT7R o

LA A8 4A

(b) T MBS R

() REF
CINCEE S SRV ES 275

Fig.6  Experiment platform and data acquisition scene



%2 3

BT 4. BT D2 — YOLO Z A5 1 1 19 2% f) 2R [rel e 1 4 A 0 289

2.3 ®EIZ

IR YOLO o dhs 46 4% X, o I 2R %
P4k VI R KO AR A I e SR B 8 1 L
HI Labellmg x5 7 3¢ B b 19 fig & I 1 4 547 4
o IR, R M BB T St 4T padding $#8:45,
IRJE RAF I B O 416 R x 416 R R AR fn A K
B BN AR R OB P 28 1 3530 2 ]
IS £FJiE ¥ 90° [ 180°, SR8 o & 87 | B e | il ML $7
fift CREAILH 350 5 38 5E T 945 7 1 38 B
M E B . IESECH At R/ 32 3k 0. 97 B ik
2] 4 0. 005 G A KL 0.9,
2.4 HBRGW

F 1 AT O A TR) 26 A0 5 ik Ak i A 4 2R X

(¢) SRN=Deblur

(a) FHR PR

(b) Bt 15

(d) DeblurGAN (e) DeblurGAN-v2

LU, ZSBER PF Al 5 b5 AL 5 6 {E 15 W8 L (PSNR ) I 45
AR LLE (SSIM)
M1 Al LU i, D2 — YOLO (1 X #52H) H i 24
x1 TEEEMEEMREXTE
Tab.1 Performance comparison of different

deblurring algorithms

o W/ BERINAE WREGE 254
s JHE/MB Mg (DY
SRN - Deblur 0. 760 31.5 25.78 0. 839
DeblurGAN 0.192 43.5 22.78 0.772
DeblurGAN — v2 0.078 12.8 21.95 0.731
SSRN - DeblurNet  0.270 7.0 26.42 0.750
D2 - YOLO 0.084 14.1 23.56 0.794

-
~

(f) D2-YOLO

P T AT 25 RO B vk 25 R 45 R X L

Fig.7 Comparison of deblurring results of different deblurring algorithms

4 SRN — Deblur ) 1/10, £J° SSRN — DeblurNet [
1/3 o A E A5 I (8] AR GE /)1 A0 R B IR ERE I T
DeblurGAN FiI DeblurGAN —v2, MK 7 5] LLF ),
B EGA L, D2 - YOLO fE—E R E Bk 1
PR IS 1 H AR B RS I o 76 e B0
R RO 45 SR L T DeblurGAN F1 DeblurGAN —
v2, 5 SRN — Deblur 45 8 AH 0L, {H 3 B2t 1 4% 3
10 4%

ARSCHr 2 B D2 = YOLO I 45 AN Al LA 25 B
PGSR, T HL T LA [m] Bk X e A5 42 47 R 501, Sy B0 e
D2 — YOLO 25 #5081 1R 51 19 £ 4 i 580 51 | 43 30l 5 93 26
41 DeblurGAN — v2 + YOLOvSs  DeblurGAN — v2 +
Faster — RCNN DA & YOLOv5s il kA 2% FH [a) A 11 %%

P AN RS HO AT I 25, S B 1k i 1005 2R Hhik
30 Epoch Wrsfs: kN %k AN 18 AR 60 45 HE 0 %
A FLAE ™

I 58 0, A0 2R el B 5 00 4 46 v i) 0 4k
BRI A DR PR RE, 45 R NE 2 s, A
2 A LIA Y, D2 — YOLO — B B 25 B8 TR 1) 1) 2%
S SR ] e 5 00 0 AT G T B o 8 3R HE DeblurGAN —
v2 + YOLOv5s . DeblurGAN — v2 + Faster — RCNN LJ &
YOLOv5s 73 3475 1. 36 .6. 82 9. 54 ANH 43 &, B Il
RO TR 2.7.5.65.9.99 A~ A 43 i AT, D2 —
YOLO 2 BEM R 9 2% 2 B ik [ DeblurGAN — v2 +
YOLOv5s /N 29.5% , t, DeblurGAN — v2 + Faster —
RCNN /N 92.91% ., £ I 3 & J5 i, D2 — YOLO %

R2 AEEBBMERX L

Tab.2 Comparison of detection results among different models

- T FER | FL /% KR, BIRINTE B RN -
/% /% (f-s7h) SR/ MB g

SCHk[27 ] 07k 94. 50 93.70 94.10 158. 00 64.0 7 2

YOLOvSs 81.79 79.13 80. 44 50. 02 7.2 & 7

DeblurGAN — v2 + YOLOvSs 89.97 86. 42 88. 16 35.73 20.0 2 7

DeblurGAN — v2 + Faster — RCNN 84.51 83.47 83.99 15.38 198.8 2 7

D2 - YOLO 91.33 89. 12 90. 21 43.61 14. 1 2 7




290 & Bl B ¥ i

R I ) ) 4%t DeblurGAN — v2 + YOLOvSs it
22.05% , [t DeblurGAN — v2 + Faster — RCNN it
183.55% . H 4R D2 —YOLO 1Sk DL R AG: i ik 2
J5 b 68, T YOLOvS s, {H H fEff 456 4 11 48 F1 {51y
i T YOLOVSs, 1 3 i 2 155 b 2 8 19 1i 4, 455 Y
A S HCRE AR T SCHR [ 27 ] 05 47/ 77.97% AR K
T B b Al R B RS 1] 5 A 0 RS JRE A 2 1 () A
W D2 — YOLO #5081 R 1) I 2% A 35400 55 iy
AEo 1 8 WA [RIBLIRIP- KRG BE 2 fE (mAP) ZE AL T 25
Ry i — 20 B IR A SR B 5 R 0B, TSR
SR P RV 5 R 2 e P A e B 12 4b A (] 37 55 i A7 4G
IR o R o 2 S
B 18 R TLIR R RSN e I 3 4k 37 57 T DA AR

YOLOv5s

D2-YOLO

()

2023 4
100
80F
1SS L
0 E — YOLOv3s
T 40 / DeblurGAN—v2+YOLOvSs
— DeblurGAN—v2+Faster—-RCNN
20 — D2-YOLO
1 | i i Il | 1

1 1 | 1 1 L L
019 17 25 33 41 49 57 65 73 81 89 &7 105113
JHH)

P8 A [l A58 AL S RS R B B (mAP) 22 1k il £k

Fig.8 Changing curves of mean average precision
LS R B sk U, Qi 9a ~9¢ 7R . MBI H AT
PLE H, YOLOvSs 7E $ W 2 A0 KRS, X 4 88 14
FE AT N FIES 5348 R L K v AT H 390 T e R a3 A 1
% A D2 — YOLO #t17 X BB 5 ) H bl ,
AR T X — A fE,

0] (k)

P9 N[ 37 5t T A (RS2 i A i 45 2R X L

Fig.9 Comparison of detection results of different models in different scenes

552 28, FSCR B B9 Ab AN TR S AT R
B, Horp 3 4b 37 55t rh R Bl O 4 BR L T ERAFE R, A
B 9d ~ Of fr 7, 6 Ab 37 5t vp (9 1 i Oy ez AE B AR
R LD SRS TR R, I 9g ~ 91 R,
ATLVE T R AR B 2K, YOLOVSs 1 #2 ii
FURR P8R, 08 ST NS 0 A% A 249 1 B R AR AN
TR BE G, 0F FRIA Ao B A 0 o A 8 of i, (HLZ: AR
il D2 — YOLO #EA7 ZBEM1 5 59 F AR el , # KA
JEE SRR T i ARS8 A1 e ARG AR A ) R
SR 5T IR DI 45 R — B0, ST Rk T AR SO
P75 ik B L A

3 #Hit

()R T —7Fk D2 - YOLO — [y Bt #5081 1R

W2 Ry TR0 A 6 Y 2 8 O 4R e A DU
JE 16 55K YOLOvSs & 1 (il i) s o 25 B 46 o
WREEF] 73 8 4 AR, IR ] CloU _Loss ff: Jy 11 5 A [7]
VA5 2K bR B RS 1 2% 1 ] ek i 1) CSPDarknet it
TT AR AR IR R BRI BRI 2 1R 8 i A ARR B
455 2 R R AR AT LB

(2) D2 = YOLO — i B 25 B4 11 51 19 2% 5
DeblurGAN — v2 + YOLOvS5s . DeblurGAN — v2 + Faster —
RCNN ,YOLOvSs #5& B 9 47 %b b o 5, 45 R 3% W
D2 — YOLO H A7 BE4f i 4G I 4 RE , o i 5 F1 44 [n]
Gk E) 91.33% 1 89. 12% , H. W 4% 2 4 ik 01 /0
B K AR FE ikt 1 A AL 20 F ) UK AR X iz 20 45 T R
JIT 5 B PR 265 B 5 0 A 00 15 R 1 3 10 [l 2L
AE A% 16 2 2R Dl PRGN AL 25K



52 3 BT 4. BT D2 — YOLO Z A5 1 1 19 2% f) 2R [rel e 1 4 A 0 291

[1]

[2]

[3]

[5]

(6]

[8]

[9]

[16]

(17]

[18]

[19]

[20]

& % x Wt
ZER 20 AR A R R B A P U A R B L JR AL [T ] Al e 4% 5 AR T 2019, 57 (4§ 1) 1) « 35 - 38.

QIN Xitian, LIU Xuefeng, REN Dongmei, et al. Current situation and development prospect of orchard mechanization in China
[J]. Agricultural Equipment & Vehicle Engineering, 2019, 57(Supp. 1) : 35 =38. (in Chinese)
JIN Yucheng, LIU Jizhan, XU Zhujie, et al. Development status and trend of agricultural robot technology[ J]. International
Journal of Agricultural and Biological Engineering, 2021, 14(4) . 1 - 19.
BICH ME , FNR A A CR FES LA N B SRE [T] . R0l MU AR 4 ,2022,53(3) 127 - 39,49,
MAO Wenju, LIU Heng, WANG Xiaole, et al. Design and experiment of dual navigation mode orchard transport robot[ J].
Transactions of the Chinese Society for Agricultural Machinery,2022,53(3) :27 —39,49. (in Chinese)
JAR R A R FE AR AL AATRE AL 7 Bk [T ] . A0l AL 241 ,2015,46 (11) :22 -28.
ZHOU Jun, HU Chen. Inter-row localization method for agricultural robot working in close planting orchard[ J]. Transactions of
the Chinese Society for Agricultural Machinery,2015,46(11) .22 —28. (in Chinese)
BE, E o E R ML AL SE S UUAT AL A T 5 2R B AR E AL ik [T ] A AL = 4% ,2021,52(8) :16 - 26,39.
BI Song, WANG Yuhao. Inter-line pose estimation and fruit tree location method for orchard robot[ J ]. Transactions of the
Chinese Society for Agricultural Machinery,2021,52(8) :16 —26,39. (in Chinese)
R TR AT T O A A ng SR R AT ) AR B S A (T ] AR AL 4 ,2020,51 (3% T 2) 2344 - 350.
LI Qiujie, DING Xudong, DENG Xian. Intra-row path extraction and navigation for orchards based on LiIDAR[ J]. Transactions
of the Chinese Society for Agricultural Machinery,2020,51 ( Supp.2) :344 —350. (in Chinese)
REMR , T AR M, it g, 55 JE T BDS B R B 25 AL A s M R G L] R AL =4 ,2017 ,48(2) 145 - 50.
XIONG Bin, ZHANG Junxiong, QU Feng, et al. Navigation control system for orchard spraying machine based on Beidou navigation
satellite system[J]. Transactions of the Chinese Society for Agricultural Machinery,2017,48(2) :45 —50. (in Chinese)
LIY, LIM, QIJ, etal. Detection of typical obstacles in orchards based on deep convolutional neural network[ J]. Computers
and Electronics in Agriculture, 2021, 181 105932.
AL IR R SRR A BT Dl GO IR BE 2 o] RSB e BEAGI [T ] Aolk T2 4% ,2019,35(13) ;277 - 284.
XIE Zhonghong, XU Huanliang, HUANG Qiugui, et al. Spinach freshness detection based on hyperspectral image and deep
learning method[ J]. Transactions of the CSAE,2019,35(13) :277 —284. (in Chinese)
THGE , PRl BRI, 5F . BT IR A T R0 A RN S R AL L ] Al TARAEHE ,2021,37(9) 1222 - 229.
NING Zhengtong, LOU Lufeng, LIAO Jiaxin, et al. Recognition and the optimal picking point location of grape stems based on
deep learning[ J]. Transactions of the CSAE,2021,37(9) ;222 -229. (in Chinese)
XU W, ZHAO L, LI J, et al. Detection and classification of tea buds based on deep learning[ J]. Computers and Electronics
in Agriculture, 2022, 192 106547.
XK skAL U, PR R, 4. B T ek SSD Ry 2R bel AT AN SE I A 5 s ()] Al Bl A 4 ,2019,50(4) 229 -35,101.
LIU Hui, ZHANG Lishuai, SHEN Yue, et al. Real-time pedestrian detection in orchard based on improved SSD [ J].
Transactions of the Chinese Society for Agricultural Machinery,2019,50(4) :29 —35,101. (in Chinese)
Seos, B, 0B SF LT X E ARPL S ik YOLOv3 B3k 0 2R PEAT AR 5 2 A2 [T ]. Aol LA ,2020,51(9) 134 -39,25.
JING Liang, WANG Rui, LIU Hui, et al. Orchard pedestrian detection and location based on binocular camera and improved
YOLOv3 algorithm[ J]. Transactions of the Chinese Society for Agricultural Machinery,2020,51(9) ;34 —39,25. (in Chinese)
BRAET V- IMTNG X B A SR T HE AL YOLOv4 (19 55 el B fig 4 S Ip ARG I O i [0 ] R0l T AR 22 41,2021 ,37(2) 136 - 43.
CAI Shuping, SUN Zhongming, LIU Hui, et al. Real-time detection methodology for obstacles in orchards using improved
YOLOv4[ J]. Transactions of the CSAE,2021,37(2) :36 —43. (in Chinese)
WIARA:  SEARHE, B0 SCET 45 BT RIGHE YOLOVS 451 52 e 5 5L IR 248 ROBERGI [ T]. el TR 24 ,2021,37(21) 1191 — 198.
HU Gensheng, WU Jitian, BAO Wenxia, et al. Detection of ectropis oblique in complex background images using improved
YOLOv5[ J]. Transactions of the CSAE,2021,37(21) :191 —198. (in Chinese)
R EER. UGH SSD M R K R EG R b BARK I 7 ik [J]. ol TAR 224 ,2021,37(19) :173 - 182.
WANG Yutan, XUE Junrui. Lightweight object detection method for Lingwu long jujube images based on improved SSD[ J].
Transactions of the CSAE,2021,37(19) :173 - 182. (in Chinese)
ARIT BT, w0, 55 3 T ROM 2 4 A M R s A D D7 vk [0 ] R HLAR 7 4z , 2013 ,44(6) 227 - 231.
LIN Kaiyan, SI Huiping, ZHOU Qiang, et al. Plant leaf edge detection based on fuzzy logic[ J]. Transactions of the Chinese
Society for Agricultural Machinery,2013,44(6) :227 —231. (in Chinese)
THReFE, XURI, 4, 55 T d T ant A ORIl 2 I 46 Y SRR SE U [T ] Aol MLBR A 4, 2013 ,44 (12) 227 - 232,251,
MA Xiaodan, LIU Gang, ZHOU Wei, et al. Apple recognition based on fuzzy neural network and quantum genetic algorithm
[J]. Transactions of the Chinese Society for Agricultural Machinery,2013,44 (12) :227 -232,251. (in Chinese)
FAN T, XU J. Image classification of crop diseases and pests based on deep learning and fuzzy system[ J]. International
Journal of Data Warehousing and Mining, 2020, 16(2) . 34 —-47.
Wik, 5 i AR TAMT, . SE T YOLO v3-tiny A4t RIHGR AT WA I [ ]. AR AUWA 41,2021 ,52 (H 1)) 58 - 65.
CHEN Bin, ZHANG Man, XU Hongzhen, et al. Farmland obstacle detection in panoramic image based on improved YOLO
v3-tiny[ J]. Transactions of the Chinese Society for Agricultural Machinery,2021,52( Supp. ) :58 - 65. (in Chinese)
bR, 2T, A A TR 2 o BRI A T R P AR A I [T ] Al MR 4T ,2022,53(3) 1234 - 242.



292

PSS A1 M | = O 14 2023 4

XUE Jinlin, LI Yuqing, CAO Zijian. Obstacle detection based on deep learning for blurred farmland images[ J]. Transactions
of the Chinese Society for Agricultural Machinery, 2022 ,53(3) ;234 —242. (in Chinese)

KUPYN O, MARTYNIUK T, WU J, et al. Deblurgan — v2: deblurring ( orders-of-magnitude ) faster and better [ C] //
Proceedings of the IEEE/CVF International Conference on Computer Vision, 2019, 8878 — 8887.

KUPYN O, BUDZAN V, MYKHAILYCH M, et al. Deblurgan: blind motion deblurring using conditional adversarial networks
[ C] // Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 2018 ; 8183 —8192.

ZHAO Y, HAN R, RAO Y. A new feature pyramid network for object detection[ C] //2019 International Conference on
Virtual Reality and Intelligent Systems (ICVRIS). IEEE, 2019 428 -431.

HORE A, ZIOU D. Image quality metrics: PSNR vs. SSIM[ C] //2010 20th International Conference on Pattern Recognition.
IEEE, 2010 2366 —2369.

WER,EZE XK, 55 BT RealSense WEEARLIY 2 FFIER TP 50 Jr ik [ ], A AL ,2022,53(4) :304 - 312.

SHEN Yue, ZHUANG Zhenzhen, LIU Hui, et al. Fast recognition method of multi-feature trunk based on RealSense depth
camera[ J ]. Transactions of the Chinese Society for Agricultural Machinery, 2022,53(4) :304 —312. (in Chinese)

ZHENG S, WU Y, JIANG S, et al. Deblur-YOLO: real-time object detection with efficient blind motion deblurring[ C] //
2021 International Joint Conference on Neural Networks (IJCNN). IEEE, 2021. 1 -8.

(L#EE 255 I)

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[25]

[26]

[27]

Zrnl KRR B, S T IRE RGO R RS [T]. R P iR ,2016,47(3) :311 -318.

LI Zhuo, DU Xiaodong, MAO Taotao, et al. Pig dimension detection system based on depth image[ J]. Transactions of the
Chinese Society for Agricultural Machinery, 2016, 47(3) :311 -=318. (in Chinese)

PEZZUOLO A, GUARINO M, SARTORI L, et al. On-barn pig weight estimation based on body measurements by a Kinect vl
depth camera[ J]. Computers and Electronics in Agriculture,2018, 148 :29 - 36.

A K e, 22 B L XN, 4. BT Kinect AHAL I A8 14 31 AR 22 25K 00 5 4 RO &2 [ T R0l WL % 4 ,2019,50 (1) :58 - 65.
ST Yongsheng, AN Lulu, LIU Gang, et al. Ideal posture detection and body size measurement of pig based on Kinect[ J].
Transactions of the Chinese Society for Agricultural Machinery, 2019, 50(1) : 58 —65. (in Chinese)

ZHANG J, ZHUANG Y, JI H, et al. Pig weight and body size estimation using a multiple output regression convolutional
neural network : a fast and fully automatic method[ J]. Sensors, 2021, 21(9) . 3218.

TOSHEV A, SZEGEDY C. DeepPose: human pose estimation via deep neural networks[ C] // Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, 2014 . 1653 - 1660.

INSAFUTDINOV E, PISHCHULIN L, ANDRES B, et al. DeeperCut: a deeper, stronger, and faster multi-person pose
estimation model[ C] // European Conference on Computer Vision, 2016 34 —50.

INSAFUTDINOV E, ANDRILUKA M, PISHCHULIN L, et al. ArtTrack: articulated multi-person tracking in the wild[ C] //
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 2017 ; 6457 — 6465.

CAO Z, HIDALGO G, SIMOM T, et al. OpenPose: realtime multi-person 2D pose estimation using part affinity fields[J].
IEEE Transactions on Pattern Analysis and Machine Intelligence, 2019, 43(1); 172 - 186.

MATHIS A, MAMIDANNA P, CURY K M, et al. DeepLabCut: markerless pose estimation of user-defined body parts with
deep learning[ J]. Nature Neuroscience, 2018, 21(9) . 1281 - 1289.

BOVA A, KERNODLE K, MULLIGAN K, et al. Automated rat single-pellet reaching with 3-Dimensional reconstruction of
paw and digit trajectories[ J]. Journal of Visualized Experiments,2019(149) :e59979.

LABUGUEN R, BARDELOZA D K, NEGRETE S B, et al. Primate markerless poseestimation and movement analysis using
DeepLabCut[ C] // 2019 Joint 8th International Conference on Informatics, Electronics & Vision (ICIEV) and 2019 3rd
International Conference on Imaging, Vision & Pattern Recognition (icIVPR). IEEE, 2019, 297 -300.

NATH T, MATHIS A, CHEN A C, et al. Using DeepLabCut for 3D markerless pose estimation across species and behaviors
[J]. Nature Protocols, 2019, 14(7): 2152 -2176.

MATHIS A, BIASI T, SCHNEIDER S, et al. Pretraining boosts out-of-domain robustness for pose estimation [ C ] //
Proceedings of the IEEE/CVF Winter Conference on Applications of Computer Vision, 2021, 1859 - 1868.

WU Z, SHEN C, VAN DEN HENGEL A. Wider or deeper: revisiting the resnet model for visual recognition[ J]. Pattern
Recognition, 2019, 90, 119 - 133.

HE K, ZHANG X, REN S, et al. Deep residual learning for image recognition[ C] // Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, 2016 770 - 778.

SANDLER M, HOWARD A, ZHU M, et al. MobileNetv2: inverted residuals and linear bottlenecks[ C] // Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition, 2018 4510 -4520.

TAN M, LE Q. EfficientNet; rethinking model scaling for convolutional neural networks[ C] // International Conference on
Machine Learning, 2019 6105 - 6114.



