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Lightweight winter jujube recognition method based on improved YOLOvVS8s
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Abstract: To solve the problem of rapid recognition of winter jujube in natural environment and limited computing
resources for edge devices, a lightweight recognition method of winter jujube, YOLOv8s—SF]I, based on YOLOv8s model
was proposed, so as to deploy the model to edge devices later. Firstly, the backbone extraction network of YOLOvSs is
replaced by StarNet lightweight network to reduce the complexity of the original model. Secondly, FasterNet is introduced
into C2f module to build a new structure, C2f—Faster, to reduce the consumption of computing resources. Finally, a new
network detection head, Detect_ LSCD, is proposed to further reduce the storage capacity and model complexity. The
experimental results show that the frame rate of YOLOv8s—SFI model is 313.5 frames/s, which is 14.66% higher than
that of the original model, while the weight size and parameter number are 6.8 MB and 3.471 M, respectively, which are
reduced by 68.37% and 68.80% compared with the original model. The Precision rate, recall rate and average accuracy
are only reduced by about 1% compared with the original model. The model size of the improved YOLOv8s—SFlI is
reduced by 61. 58%, 68.37%, 53.10% and 56.96% compared to the YOLOvS3s, YOLOv8s, YOLOvV9s and
YOLOv10s, respectively. The number of parameters decreased by 61.90%, 68.80%, 51.57% and 51.91%
respectively, and the floating-point calculation amount decreased by 50.42%, 58.45%, 55.80% and 44.86%.
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Tab. 1 Ablation test

S8y StarNet C2f—Faster Detect LSCD  P/%  R/% mAP@0.5/% ®AIK/N/MB Z%8/M GFLOPs FPS/(fyi«s™')
1 X X X 95.8  77.1 89.7 21.5 11.126 28.4 273.4

2 N/ X X 96.4  75.3 87.7 12.7 6.543 17.3 300. 5

3 X N X 97.3  76.2 89.8 16.1 8. 305 21.4 280

4 X X NG 94.9  77.7 89.7 18.2 9.430 25.8 289.4

5 NG NG X 94.3  76.6 88.4 10.1 5.167 14.5 271

6 NG X N 95.4  75.9 87.8 9.5 4.847 14.7 298. 8

7 X N/ N/ 93.2  79.2 89.8 12.8 6. 609 18.7 286. 7

8 NG N N 94.1  76.2 88.9 6.8 3.471 11.8 313.5
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Tab. 2 Performance comparison of different lightweight models

B TR P/% R/% mAP@0.5/%  BEIK/N/MB SRt /M GFLOPs FPS/(Mfi - s")
MobileNetV4 95.1 77.5 90.2 20.6 10. 626 33.9 225.4
FasterNet 96.6 75.6 87.5 16.7 8.616 21.7 237.9
EfficientViT 96.0 75.1 89.4 16.7 8.382 20.4 93.1
GhostNet 94.7 77.4 90. 2 16.1 8.270 20.6 264.7
StarNet 96.4 75.3 87.7 12.7 6.543 17.3 300. 5
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W8 B YOLOv8s—SFI # 81 5 YOLOv5s,
YOLOvV8s. YOLOv9s Fl YOLOv10s $EFT X} FE , 45 5 4
F 3R, YOLOvVSs—SFI R ARG A [ 2y
i FE BI{EAR L T A A A B G000 TR H Y OLOv8s—
SFI BRI T KN (S 4 . GFLOPs #l FPS #47 K
W B AR TF o o, BT A R N M HE T YOLOvSs,

YOLOvSs, YOLOv9s #l YOLOv10s 43¢ % W />
61.58%.68.37%.53. 10% 1 56. 96 %, [A] B} Z 5 it 43
B> 61.90% .68.80% .51.57% 1 51.91%, 7% it
BT BB 50. 429 .58. 45% .55. 80% Fl 44.86%,
FPS 535427t 9. 3 ME M 14. 7T A S RL33. 6 M
Sy R 20,7 N E S UG YOLOV8s—SFI i %!
BRI B A T IR SR T

R3 AEEBAMERETLE

Tab. 3 Performance comparison of different models

T P/% R/% mAP@0. 5/ % KR K /N /MB S /M GFLOPs  FPS/(Ii - s ")
YOLOvVS5s 96. 6 75.8 89.8 17.7 9.112 23.8 286. 8
YOLOvSs 95.8 77.1 89.7 21.5 11.126 28. 4 273.4
YOLOv9s 95.6 77.9 89.1 14.5 7.167 26.7 234.6
YOLOv10s 94.4 76.8 89.1 15.8 7.218 21.4 259.8
YOLOv8s—SFI 94.1 76.2 88.9 6.8 3.471 11.8 313.5
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Tab. 4 Detection performance under different scenarios

2.5 FEABRTLELNERH LIRS
LR 6 A A i £ B

r [ %71 Y

R BT B, itk — 25 56 F R RS A9 YOLOv8s—SFI Yt i P/%  R/%  mAP@O.5/%
LRGP RE L 2 R E TSP A R T 395 ok YOLOvos 0 99.2 72.7 86.5
WL 5 R0 EAARPET B4 50 . RRGRT g oovy 8T T 8T
KA I R IR IR G A FE 4 TR . B 7 R B i iﬁgﬁ ié ;j; i;
{5 FhI5E T BRI AT ALALACR . YOLO;Ss—SFl 98: 0 71: 6 86: 5
FERM P, YOLOvV8s—SFL A 55 J 5 A4 YOLOV5s 92.8 87.8 94.0
fE P R Ml mAP@O. 5 48 by b FEA 45 3T , AN JL At 45 YOLOVSs 89.0  88.4 94.3
B, PR Fl mAP@O.5 F B Koy 50 1.2 A~ d 4 Eﬁ#‘ YOLOVOs 87.8  87.8 92.4
RO IAESEAO0.6 41NE M. YOLOv10s 88.5 89.4 94.3
TEAER S AT, YOLOv8s—SFI A5 7 4 X J5 A5 YOLOv8s—SFl  91.4 88.2 92.7
H R Fl mAP@O. 543 M FFE 0.2 N E4FEHN 1.6 4 YOLOVS5s 99.1 71.5 85.3
T4 A TR HAB AR, P R 1 mAP@O. 5 F Ml k YOLOvEs 98,6 73,1 864
SRR 1. A AT AN 1L 2 ANE AR 1. 6 AT AR W YOLOvV9s 98.9 71.9 86.9
TE M A8 4 8 F |, YOLOvSs—SF1 5 5 1 Y(TLO(I)‘ZHO;FI z: ‘: Zz 1 22 z

VOS— . . .

MBRREILE P R Al mAP@O. 5 Hi by LAIZEA K, R W HR YOLOv5s 98.8 72.2 85.1
oA R A A S T OR [A)O BR A R R B AR IR B — YOLOvSs 97 3 1 _—
EHERYE . (1 YOLOvSs—SFIL BURAE UL 5% #F W YOLOv9s — 98.4 729 86. 2
25 A PR R 6 A BB = T O 450 T R 45 2R R KA YOLOvV10s 98.3 73.4 85.9
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Fig. 7 Detection results for different models
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