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Mobile device-based cucumber growth stage detection method based on
YOLOvV8-MRF

CHEN Yanxing' , HE Qinghai’”, GUO Hongen®, WANG Qi’, LI Tianhua’, MA Benxue'
(1 College of Mechanical and Electrical Engineering, Shihezi University, Shihezi, Xinjiang 832003, China; 2 Shandong
Academy of Agricultural Machinery Sciences, State Key Laboratory of Nutrient Use and Management, Jinan, Shandong 250100,

China; 3 College of Mechanical and Electronic Engineering, Shandong Agricultural University, Taian, Shandong 271018, China)

Abstract: To address the issues of low detection accuracy for cucumber growth stages in greenhouse environments and the difficulty for
edge devices to balance detection accuracy and real-time performance, this study proposes a cucumber growth stage detection method
based on YOLOv8-MRF. Firstly, a mixed local channel attention mechanism ( MLCA) is integrated into the backbone network to
enhance the model’ s feature information extraction capability ; secondly, receptive field coordinates attention convolution ( RFCAConv)
is used to fuse multi-scale contextual information, thereby enhancing the model’ s multi-scale information perception ability.
Subsequently, the loss function is replaced with Focal-EloU to enhance the weight contribution of hard samples, thereby improving the
model’ s convergence speed and detection accuracy. Finally, model pruning and model quantization techniques are adopted to reduce
the model’ s computational load, and the YOLOv8-MRF model is deployed onto an RK3588 development board. The experimental
results show that the accuracy, recall rate, mean average precision and F1 score of the YOLOv8-MRF model are 87.0%, 83.8%,
88.7% and 85.3%, respectively. After LAMP pruning and quantization, the model’ s parameter count is reduced to 1. 12 M with a
weights of only 2. 6 MB, reducing the computational pressure on edge devices. After the model is deployed onto the RK3588 edge
device, the mean average precision reaches 88.4% , and the average frame rate is 35 {/s. Compared with the YOLOv8n model, the
differences are 2. 5% and 20 {/s, respectively. It enables real-time and accurate detection of cucumber growth stages, providing

technical support for the edge deployment and engineering application of cucumber growth stage models in facility agriculture.
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Figure 3 Cucumber data augmentation example
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Table 1 Comparison of loss function performance
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Figure 8 Loss curves for different loss functions
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Table 2 Performance comparison of pruning strategies
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Table 3 Performance comparison of different pruning rates

R SR FRaBE O BGE CFRENE
1.25 1.95 6.7 4.2 88.9
1.50 1.47 5.6 3.2 88.8
1.75 1.25 4.7 2.8 88.8
2.00 112 4.2 2.6 88.7
2.25 1.02 3.7 2.4 88.3
2.50 0.95 3.3 2.2 88.0

3.3 HAAW
Shy 8 UE A% TR SR W X I A R Y ok BOR
H¥F Focal-EloU #t 2% 6 %% . RFCAConv , MLCA 1 &
JIHLHI RS 2] YOLOv8n BEAY rp 75 A W) BRI T ik
179 MR, 25 R L3 4,
x4 HEMRWER
Table 4 Results of ablation experiments

g/ (85 Focal- B 2% 7748 FYHE FI
‘3 MLCA RFCAConv ElU # & EH&E ¥WH S
1 X X X x 3.01 8.2 86.1 82.8
2 X x V.oox 3.01 8.2 87.0 83.4
3 x 4 x x 3.03 8.4 87.2 83.7
4 vV x x % 3.00 8.1 87.4 84.0
5 x vV V. x 3.03 8.4 87.9 84.5
6 vV x V.oox 3.00 8.1 88.1 84.8
7V Vv X x 3.04 8.4 88.3 85.0
8 VvV v V. x 3.04 8.4 887 853
9 V Vv VovVii12 4.2 88.7 85.4

MR 4 LED. 5EERALL, KA 2 M1
mAP F1 /M43 58 0.9% .0. 6% , 25w 5
TR R R,

FEHY 3 2R RFCAConv B 1 M 4% 1 & 4
L, 528 (8] 83z BF 4 R AL 5 5 15 BALH, SE 3
Z3 (6] GE A G A 0 R, iR Ak T 2 RUE RRAE ) 2 A5 AR
I3, 88 TH T R R A YRR AR, 5
JEAS AR LG, B 3 B9 mAP F1 20 %0 25 (5 90 51 K
1.1% .0.9% , 8 2 B0 i 5 0% md iz B BN
0.02M F10.2G,

PR 4 7R85 T M %A MLCA RN, 4548 7T
WIE S ] R ER AR AR BT TR A Y R 4
AE ST, 5 IR BRI A L, e mAP F1 2280258 0 5
1.3% 1. 2% B RV 2 80 5 77 s B o i AR T
0.01M 50.16G,
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Figure 9 Comparison of model checking effects

3.4 AREBMEREXTEE

PR B9 B S YOLOVS-MRF A5 /8 #4600 o g
AW AEA R 86 4 F T, 36 F 03 42 X Faster R-
CNN, SSD, YOLOv3-tiny, YOLOv5s, YOLOv7-tiny .
YOLOv8n,YOLOv8-MRF X By £ J5 YOLOv8-MRF 4%
BRI FEAT R o A, 2% B R 1 i A A I &5 2R (3% 5)
IR

R5 AEEBEMNE E KN ERE
Table 5 Detection performance of different models on

the test set

Hedh A SFARE F1 2480 BA W
R oOOR O EHHE (S B BHE

F

Faster R-CNN 65.1 62.3 61.5 63.7 41.2 208 160
SSD 80.1 57.2 67.1 66.7 61.0 23.9 91.6
YOLOv3-tiny 79.2 74.5 76.7 76.8 12.13 18.9 24.4
YOLOv5s 81 79.5 82.7 80.2 9.11 23.8 18.5
YOLOv7-tiny 83.1 80.7 85.3 81.8 7.9 13.2 12.5
YOLOv8n  83.7 81.9 86.1 82.8 3.01 8.2 6.3
YOLOv8-MRF 87.0 83.8 88.7 85.3 3.04 8.4 6.4
YOLOv8-MRF
(TR 87.1 83.8 88.7 854 1.12 4.2 2.6

Faster R-CNN 45 %I 5 27 85 B Y9 {6 mAP (U K
61.5% ,F1 13570 63.7% H 208 fiF S8 5 8
ik 41.2 M Fl 208 G, A5 AU A I 0K i 22 B H 3T
BER, RNFF iR RS

SSD #5% A H: mAP Fl F1 {4 20 % K 67.1%
66. 7% , % Faster R-CNN WA 2T (ESBEHK .,

YOLOv3-tiny #5780 X} 8 JI A 52 A= 3 1A 4500 4
Wk RE 45 22 , 7 Y9 R BE (AR 76. 7% AR T Ho Al
YOLO Z 5 5% YOLOv3-tiny f6 ) & i 7 iz
BRI 12.13 M 18.9 G, h G35 % & B 1 e
DA 2 TR 3R

YOLOvSs, YOLOv7-tiny % 7 ) mAP 43 5 4
82.7% .85.3% , MM Al LA YOLOv8n ) mAP ik %
T 86.1%, 5 YOLOvSs, YOLOv7-tiny A b, H: mAP
ZAH 5 3R 3. 4% 0. 8% , 1% 35 T YOLOv8 By 5% & fk
W 25 25 A Tt ORI S 8a P B S Y 3. 01 M,
8.2 G, ¥R T ik YOLO RFIFLA

YOLOv8-MRF # AU (14 °F- 24 4 FE %) {6 mAP Ky
88.7% , Hl % T Faster R-CNN, SSD, YOLOv3-tiny ,
YOLOv5s . YOLOv7-tiny , YOLOvS8n , H: mAP 2 {H /37
H27.2% 21.6% 12.0% .6. 0% .3. 4% .2. 3% , ¥ il
PERE WL 58 . YOLOVS-MRF BRI R4 h 507 A is
FEALHK 3.04 M 8.4 G, HHE T YOLOvS8n #5271 i 3
0.03M.0.2 G,

K LAMP 59 4% J5 9 YOLOv8-MRF ( B K ) £
RS HE R EE S B RACE 5 1,12 M,
4.2G 2.6 M, 55 YOLOvS8-MRF # %I AH Lt , 43 51 P&
KT 63% .50% .59% , T 155 U 5P 585 £ S5 (. mAP 1}
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Figure 10 Model operation effect
H S R 7 70 B PR AR AR I AR (3R 6) W LU
i . YOLOV8-MRF #% # 28 LAMP 57 A% 5 155 AU & b
Ja, W F = RK3588 M K, HOF ¥R B E N
88. 4% ,F-YIMIAy 35 /s, & WIZMA BAT B e hE
J3E 55 4G ) e
*6 BEERMETRENRUMLR
Table 6 Detection performance of the models across

different deployment environments

FE A4 WERE  FHRESE biER
RTX 3060 GPU 86. 1 119
YOLOv8n
RK3588 85.9 15
YOLOv8-MRF RTX 3060 GPU 88.7 103
(B HE) RK3588 88. 4 35
4 i

(1) 4 3C 42 9 YOLOvVS-MRF #5554 ¥k il &
MLCA 7F 7 71 .RFCAConv 5 Focal-EloU 43 2% bR %%,
A DA SR SRR AE S URE T 2 RO (E BUBVATRE T
I AN TR 28 7 B RE AR B I 25 BTk, SF 359 85 B 2494
 86. 1% 7> R T+ = 87. 4% .88.3% .88. 7%,

(2) YOLOv8-MRF A5 % 75 3 55 - 1) o g 3%
AW mAP FF1 3050 5l ik 5 87.0% .83.8% .
88. 7% 85.3% , 5 YOLOv8n #55 B AH L | H: 2% 1 73

WM 3.3% 1.9% 2. 6% 2. 5% , i B S50 it
St FURSCER B {3 i 0. 03 ML0.2 G #1 0.1 MB,
(3) 38 i 52 2 BT A 5 AL BER X YOLOVS-MRF

RERIHEAT IR 46 A6 A6 . 87 A JS Y YOLOV8-MRF ( 8§

) BEHY Y- X0 BE 2 (R TE 88. 7% , LS Bl 7%

SIS AR FACE B B AR 1.12M 4.2G M 2.6

MB,# YOLOv8n Bi7 73 5| B AR T 62. 8% ,48. 8% Fl

58.7% ; 5B & BN AT, AR I 7 BORS R 1

{H 4 88. 4% SEXMi %Ky 35 /s, 5 YOLOv8n #4 #!

ML, F2EMH R 2. 5% 1 20 £/s, 560 T % 45 R
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