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1.1 IR R HIME

B A O A AR IBUCT TR AT Studio B9 23 3t
B, F 3 M ik R https : //aistudio.baidu.com/aist-
udio/datasetdetail /147119, AR 4fg i 46 75 2R B A 4%
i £ 11 json 48 % Ak ixt 45 . Pl labellmg
TR REAE RS AR A B TR AR IE . 1%
FORR R R AN B TR E KM, B & 3 100 5K K F
Fie B8 1 11 L M50 4 5080 4 00 432 DI 25 4 (2 480
5K ) VB IESE (310 5K ) AL AE (310 5K ) o L 4% s
AL B R B 2 BB RN B A R RS 3 AR A, il
10 8802 408 il 2 8354 . A 4 1y HEAE B0
RIPUR.

*1 EERAEHEEEAER

Table 1 Strawberry ripeness data set basic information

Bolla e G AR R e

Data set Images  Immaturity Medium  Maturity
YIZ54E Training set 2480 8806 1916 2246
IRUF4E Validation set 310 1017 241 294
MR Test set 310 1057 251 295
AT Total 3100 10 880 2408 2835

1.2 YOLOv5s M ZZ &5

SR TSI IR R 1) DR A E S RN 2 20 [
Aef 2 S MR R R, PR, A B 5 208 AN SO
AN HERE R AL IS AR B B A YO-
LOvSsfE A2, YOLOvSs H BackBone .Neck
F Head 2H BT, F W 28 85 F &L 1 s . Horp Back-
Bone 1 — Z 51 5 i 5 F CBS BLHe A1 C3 I D) I
SPPF B s Neck oy #6545 PANet, Jfil
BT FET o 3 A R REERHAE B (P3. P4 P5) 5
Head 46 4 2% Detection.
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DR Ak, ASHF5E i F ShuffleNetv2 H1iy
Bk (Shuffle_Block) #4fe YOLOVSs Hi4 3 THHESR
B 44 . ShuffleNet 5] AT W EE A 23 B B, I
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tion, PW). R A 73S Tl 5 AR 1
HITF

DisDi*M + DisM+*N :i 1
DieDi*M+*N N  Di
Hrp, D R AR B RST , D BRI RS,

(1)

Concat

Bl 1 YOLOv5s M4ty
Fig.1 YOLOv5s network structure
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Sl Table 2 Backbone network
TN -
g g WHRIRCORAERIT e g A Neek
Output Feature . .
Layer  Block . Stride Input into Neck
channel map size
0 CBR 32 320X 320 2
DWConv 1 MaxPool 32 160X160 2
s=2
Shuffle
- X
2 Block 128 80X 80 2
Shuffle
- X
3 Block 128 8080 1 N,
Shuffle
- X
4 Block 256 40X 40 2
5 Shuffle. 256 4040 1 J
Block
S}:‘fﬁ; 512 2020 2
LR s=1 [ RFIE S IBARA s A7 I s=2 (1 RAEERAE
The left figure is the feature extraction operation with s=1.The right S]:T;SE‘ 512 2020 1 N,

figure is the subsampling operation with s=2.
B2 Shuffle_Block £
Fig.2 Shuffle_Block structure diagram
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HER N B, au W BTN ER Ihr e,
PN aﬁﬁ%”%ﬁ‘/ﬁ%lﬁj KA 38 T RN 3 T Y

T /7 F R AL 4 HRAE BT A Neck ., Note:"~/" indicates

that the output feature map here is input into Neck.
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T 5 SEFEE LA R R R B e A«
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SR YE 2 (8], 24800 RelLU 34T oR %K, I 43l 3l 4 4
N FC JZ 1 Sigmoid $T PR LS Softmax #REUE k%
AN EE IR R a0, Ml a,. BUEEIIE
G RN 3 7R

x » « —Py
i | r——- r==—- r—=- r=="
GAP | Pyt tal tal el lay! T
o o Lo o Lo
I | I 1 1 I I 1 1 I
e ivie it ol
RN R
1 1 1 1 1 1 1 1 1 1
P I { G I PG
T Loy g Ll L)
[ Sigmoid | | Sigmoid | [ Sigmoid | [ Softmax |
[ rc || Fc || rFc || Fc |
[ |
B3 S%UEHEER
Fig.3 Omni-dimensional dynamic convolution
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Fig.4 Structure diagram YOLO-ODM
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1] (recall, R) \~F- #4745 i 4 {8 (mean of average pre-
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o942 %

WE, HA P, T Precision-Recall {1 Z615 1, W%
ATHVEA BRI P A e . TFREA TR

P : 7
Ty +F» (7)
Tp
R=
ot Fy ‘)
c
mA T (?

Horp, To Rom HAEH, Fp R BOED], Fy R R
T, P, 3 B 107 B85 BE (average preci-
sion) , C 7 1%L
1.5 ZLHWRERSHIZE

A 52 B 1 85 1 BF 55 R Intel®core ™ 15-12600K
3.7 GHz, NVIDIA GeForce RTX 3060 #1132 GB N
FE B 3 55 o Windows10 #: 4 £ 45, {fi ] Py-
torchl. 11 PREE: 2 HEQL 254 CUDALL.3 #1725

ARG R SGD AL 25 #7004k, iy A S 53
BEARN 64018 R X 64018 % , = H R 0.01, 3 &= h
0.937,, A FE 3 Ky 0.000 5, #E N ~F 4 16, 28 3 He A
0.5, 8/ YOLOvVSs TEFLAE £ & LI 2575 2 AR
HHATER > IR 100 58K (Epoch)

Skt G I AN ] ToU BB Y T4, 18 ToU [
{4 0.5, YOLOVSs e 50 R 2 vty 2 5 T CO-
CO B84 IF ] K-means 59 A4 AG 3, HAEAT
FHEA B SE S HEAFAE 2 4 AL 55— , COCO i di 4
A5 1 80 Fh 2 53 AR B 5 ol FH Ay LA BB SR AR AN
[ 5 2% — , K-means 535 A2 B 19 SR 2 Hh oA — 2 19 Bl
BUHE , & e S e 5 B SCAE PERCROR A . BT LA
TR 8 ik ) K-means—+ -+ 3305k 53 RIS 50 HiE
1FEN 9 RS, BRZE R LR 3,

3 ERIEMRELELR
Table 3 The prior bounding box and scale

matching results

RE LET SegHE

Size View Anchor boxes
20X 20 K Large [87,99] [93,164] [117,216]
40X40 1 Middle [58,98] [60,60] [73,133]
80X 80 /I Small [22,31] [36,45] [42,72]

2 HRE5SH

BRI
HEA I ek 72 T A0 8 L A 5 %
b6 2 911 25 Epoch RWTEHEAT , 44 Inl 3¢ T b, i

2.1

P AW ETE, e 3 AN PEAN TR ARLE S 201~ Ep-
och ZE 47 #a T 2% , (L HER A1 43 1] SR 358 B K g 3
e 85 BRI 252 70 4> Epoch 22 45, 3 8l HF U6 U
55 , e UERR A [R5 5350035 ) 92.1 %6 F193.6 606
[R] s P, 7E 5 404~ Epoch 2247 BV iR BIAEY , Be 24HY
PoAikE197.4% . WM THNERS S ALK
R ] R [R] P I8 BRSO

1.0
0.9
0.8}
0.7+
0.6}
0.5

0.4H

- PG EE P,

0.3H
0.2
0.1

TENFEFRIE Evaluation index value

0007020 30 40 50 60 70 80 90
481K Epoch
E5 AR

Fig.5 Model convergence diagram
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HorPikm 1 L M4 YOLOVSs, 5 2~5 iRl
TP L . g 4 TR 86 2 6 T Shuf-
fle_Block % 1t Ak 3= 1 M 2% fiff 5 50 53 R 32 e
% AR Bl A ]3P BEAG . 30 3 H A2
EA SRR BRI E B2 AE 115 B 9E— P2
T, AL ATARE Y B O R SR SRR, MERR R A P,
P o B2 I 2% [ I AR Y B i A B2, i
5 4 748 FH Focal-EloU A2 - e 461 2% bR 85U fifi 15 1 1)
AP T, 5 5 7F K-means+ 55 1 X 5L 4% 0
IO HE B RS HTER T, 3P 8 bn 18 i 2k 1)
2 PR 0.4 2T A

B 2 ol PR A A AR B 8 3 R 4R B 2%
J5i s P A BT REAR, D DR A T T AR A 45 4 = B
B A 2 BE R AIG, AR B R A L5 R T R T
R P44 g A AU 5 1 B {5 BAZ AR RE ) AN
Xof FEAE SR ISR YOG ) 5 [N ] Focal-EToU 22
fift T AEASAN Y- ) 5 5 17715 1) K-means—+ + 5235
S5 90 HE B SR 2 LA S I s R AR LSRR AE . R
R, Ok I R AR AU R T T HERG R A [
RN P WL RGN TARE (B
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Table 4 Ablation experiment results
HLEM% 75 BN U EEHEEM Focal- K- WERR/ Y% BEIE/ % SFIREE M/ % (X107
Baseline Order  Shuffle_Block ODConv EloU  means++ P R P
FLOPs
1 — — — — 91.2 93.5 97.0 14.4
2 NG — — — 93.8 90.5 96.8 8.0
YOLOV5s 3 NG Ni — — 92.9 93.4 97.2 6.9
4 N NG N — 93.1 92.8 97.2 6.9
5 N N N NG 92.1 93.6 97.4 6.9

T <Al N FeoR, RAE A “—" %78 . Note: Improvements used are represented by "</", and improvements not used are rep-

resented by "—"".
2.3 AEEMRE xS EE

IR TR AT B 52 BN 25410 YOLOVSs
TR FEATR I, SR SR S R [R) i
M HEAR R 5 SSD | Faster R-CNN 1 YOLOv4-tiny #F
FERS HEINA, 5 2R AN 6 7

®5 ARBEREFTMEHMIXIT L
Table 5 Comparison of different lightweight backbone

networks
Mg RAERR/O0)  AEA/Mb PRI
Network FLOPs Memory size {8/ % P,s
YOLOV5s 14.4 13.7 97.0
MobileNetv3 7.1 9.2 94.3
GhostNet 6.6 7.8 96.5
ShuffleNetv2 8.0 7.6 96.8

MR ST LIE W, AN 0 44 o 2 X 245 78 B A5 5504
£ LRI AS R AR ISR . ShuffleNetv2 /4R L i
INH P BB S, I, AR BE R T ShuffleNetv2

H AR (Shuffle_Block) ##: YOLOVSs i £ T4#E
PEHL 2% . 3¢ 6 rh— FR FI AR 49 [ 2 Ay A PEMSORE
64018 R X640 &K , Horh SSD Hll Faster R-CNN
fifi A 32 T 2543531 A VGG16 Fll ResNet50. 13
5 B AR (1) HERR 5 A 01320 P 4390 R 92.1%
93.6%0 F197.4 %0, Horh Py, e T HAUL X 45, i A6 284 7
SUA T IRFRURI S Et 24 B AR T A R 45

1 HEUE YOLO-ODM A5 5 7 B S g5t T R
SR AN AR L o S B v O R Y /N E AR R A
BUGHEATINE , 4 1&l 6A~6D T . Ak I 461 50 7 BT
TN 24 IR 15 50 T BN AR T 54K 56
Bt S AR R E AR A B R 6E~6H., MK 6 AT LA
A IR S G N H R RS SR
WA R . A e R 4 ST iR
SR B SR S, ST R W B TR LA R A
PERZALRE D) .

RO AERBEETMERERT EE

Table 6 Test performance comparison table of different models

o WS/ A% PRI % EAERR/ O (PRER/MD RN /ms B/ 10)

Model P R P, 10°) FLOPs Memory size Detection time Parameter count
SSD(VGG) 89.34 92.47 96.64 137.2 91.60 68.1 681.0 24.0
Faster R-CNN(ResNet50) 73.90 93.18 94.90 20.1 108.00 111.1 1800.0 13.7
YOLOv4-tiny 88.66 90.63 93.89 8.1 22.40 32.3 136.2 5.9
YOLOV5s 91.20 93.50 97.00 14.4 13.70 12.1 101.5 7.0
AHF5E This study 92.10 93.60 97.40 6.9 7.79 11.0 99.4 3.9

T A B[R] 370 9 22 47 -8 4350 7R GPU AL CPU BRI . Note: The left and right subcolumns of the detection time are the detec-

tion on the GPU and CPU, respectively.
3 i

Bt X i A PR B T R A R S A VA A DR 3 A7 [
L, AR 1R G YOLO-ODM Hi%g A
R AT, W] L2 A M A B AR S S I 0 e A A

it

RS ] LR A SRR P R GE AR 45 5 047 52
W RE%RE/32¢ . L) Shuffle_Block 1 3 T 45 AF SR B
AT RV e fb , 4 4 3 3l 2846 R 50 4042 4 5
RSN L SUF B 5T Focal-EloU $5 2% PR Z%
fife T BLAREFEAS AP ) &, I8 FH K-means+—+ 5%
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42 %

A 56 HF5 Highlight objects; B: ##4 H A% Occluded objects; C:/INHFR Small objects; D: %% HAx Dense objects; E.F .G H: 545
R AR FVE A H AR Non-homologous targets in the data set of this experiment.
6 YOLO-ODM#EEIAR F37 5= T HIH MR
Fig.6  YOLO-ODM model with different scene detection effects

0] AR BCHE AR (14 S 30 HE R AT JE T IR 28, 4R T T
FE F0 AR B . Bk I 9 YOLO-ODM A6 il 455 %1 fiy
P h97.4% 76 GPU b i Bl P 245 I B 1] 4y 11
ms, V% 2532 B8 6.9 10, A5 7 K 1A /N 7.79
Mb. TR 4 P B2 0.4 5 43 11 BRI/
R T 4350, TR AR 520, I AR R,
A 2 FLIAEE T, 20 S A A 000 A 76 7 A R
U R S A [l e AR KR D B TR
DB RN L, 5 LSS RV /N A5 R 16 52 B v
T % & B . S Ik/AMES LT Effi-
cientDet-D1 %) F 25K AR Y (1 636 5k FEAS &, B0 d
SRR 43 R A LRI 2 S 28 51, CPU - 34 A ) st
[ 0.34 s) A Fb , AW 98 B HE AR A i (3 100) B K,
— 5 B AR ) A3 A R | A RN B 3 A2
A, I B AE CPU b i1y 7 446 0 BF (8] 29 24 0.1 s
U, AR SR () B B Rl o3 B IRk 2 , HLA S SR Y
ZALRE ) AT

i F A I SR AE TR AL L HEAT 1, A AR 7R
BT bR AR BT I, BT DL B SR
A B S AFAE— 1R 22, 5 T A 75 W A5 AL 350 8 2 78 5
Ui A, LA SE L SR R R R A . R — 2P
Yk LRI 2248 475 S LA K A 7 5 R A R A R AL
B R, it —25 s I e A ik, D4R A5 700 A 72
P g b T S B A ) 7 5K
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YOLO-ODM based rapid detection of strawberry
ripeness in greenhouse
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2.Fujian Province Key Laboratory of Agricultural Information Perception
Technology, Fuzhou 350002, China

Abstract

An improved YOLOv5s-based method for rapidly detecting strawberry ripeness was pro-

posed to solve the problem of rapid and accurate identification of strawberry fruits in greenhouse. The Shuf-

fle_Block was introduced as a feature extraction network in the backbone to lightweight the model. Mean-

while , the omni-dimensional dynamic convolution (ODConv) module was used in the neck structure to en-

hance the information mining ability of model for strawberry targets, reduce computational complexity, and

further achieve lightweight. The results showed that the average precision of the improved YOLO-ODM
model reached 97.4%.The model size is 7.79 Mb. The average detection time on the GPU is only 11 ms
per image, and the floating-point operations are 6.9 X 10’FLLOPs.Compared with the original network, the

lightweighted YOLO-ODM method improved the accuracy of detection while reducing model size by 43%

and floating-point operations by 52%.1t is indicated that the lightweighted method can rapidly and accurate-

ly detect the ripeness of strawberry fruit in greenhouse , monitor the growth status of strawberries.
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strawberry ; ripeness; object detection; YOLOv5Ss; Shuffle_Block; accurate identification
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