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Abstract; In order to improve the accuracy of passion fruit detection and deploy the deep learning model
on mobile platforms for rapid real-time inference, a lightweight passion fruit detection model was proposed
based on an improved YOLO v8s. The model replaced the neck feature fusion network with a Gather-and-
distribute mechanism (GD) to enhance cross-layer feature fusion and generalization capabilities for passion
fruit images. Additionally, the model was pruned by using layer-adaptive sparsity for the magnitude-based
pruning ( LAMP) , which traded off some accuracy to reduce model size and parameter count, facilitating
rapid detection on embedded devices. Knowledge distillation was employed to compensate for the accuracy
loss caused by pruning, further enhancing detection performance. Experimental results showed that for a
passion fruit dataset collected in natural environments, the improved model reduced parameter count and
memory usage by 63.88% and 62.10% , respectively, compared with the original YOLO v8s baseline
model. The precision and average precision ( AP) of the improved model were increased by 0. 9 percentage
points and 2.3 percentage points, respectively, outperforming other comparative models. Real-time
detection frame rates ( FPS) on Jetson Nano and Jetson Tx2 embedded devices were 5.78 f/s and
19. 38 {/s, respectively, which were 1.93 times and 1.24 times higher than that of the original model.
Therefore, the proposed improved model effectively detects passion fruit in complex environments,
providing theoretical and technical support for the deployment and application of mobile detection devices
in scenarios such as automatic passion fruit harvesting.
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Fig. 1  Partial passion fruit images
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Fig.3 YOLO v8 network structure
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Tab.1 Comparison of performance of different

YOLO v8 models

p_— WA HER PXEPREE, BN
% % % Fil 4t/ MB
YOLO v8s 93. 80 91.80 94.10 21.40
YOLO v8m 93.50 93.00 95.20 49.60
YOLO v81 95.10 92.50 95. 80 83.50
YOLO v8x 94. 50 92.10 95.70 130. 00
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Fig.9 Comparison of each channel before and after pruning
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Fig. 10 Model performance with different weight coefficients
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Tab.4 Ablation experiment

B 2 o 24 S 9 4% By K R KR/ %  BREER/ % FEKEE/ % 3 /gi BRI Py 77 5 FH 2/ MB
x x x 93. 80 91.80 94. 10 1. 113 x 107 21. 40
4 x x 94. 90 91. 60 95.90 1.361 x 107 26. 40

YOLO v8s
Vv Vv x 93.70 90. 30 94.70 4.020 x 10° 8. 11
Vv Vv Vv 94.70 92.30 96. 40 4.020 x 10° 8. 11

T+ x TR A FZ O D7 1 5 VSRR R e T v
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PERE, LAV SUTH AR SRR TR RS R JE 4G YOLO v8s #5700 [ 1/3 . WA SZIRH 6 8 Sk
ROV SR BRI Y A7 7 SR R AR R AR SO R SR TE ST AL A AG 0 S ) O 7 28 A
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v7 .YOLO v8s.YOLO v9 I Gold — YOLO — S 7£ [7] — A A% 00 55 3% 43 51 7 5. 78 . 19. 38 /s, 25k YOLO v5s
BB B AT R L, SEER A RS S BTk, M 1 1.61.1.23 £%, 2524 YOLO v8s f 1.93 1. 24 f%,
F 5 &, Faster R — CNN AE 2 Z B Bt H brA I 55 FEA G R S IR I Y R, TR AT R R B T T
B, HS RO IR SO R B AR, HA T N A7 5 Faster R — CNN J# /> 95.91% , #f Fk. F YOLO v5s Al
FH & T H— B B B R A IR K, BRI B YOLO v6s Jik 2> 39. 88% Al 78.30% , # b F YOLO
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Tab.5 Comparison on detection performance of different networks

- TR E R P Nano Wi/ Tx2 Wi/ HEHWE/ KR/ BREKR, EHRKE/ BEMANEL
FLOPs (fes™") (fes™") (fes™h) % % % FH 4%/ MB
Faster R — CNN 2.394 x 10" 4.14 x107 0.33 1.79 5.05 88.50 77.50 87.90 321. 00
YOLO v5s 1.630 10" 7.05 x10° 3.60 15.72 71.42 93.90 91.90 91. 80 13.70
YOLO v6s 4.517 x10'°  1.85 x 107 2.85 13. 60 71. 60 91. 80 87. 40 87.70 38.70
YOLO v7 1.051 x10"  3.72 %107 1.05 4.41 52.63 92. 30 90. 20 94.90 71.30
YOLO v8s 2.840 x 10" 1.11 x 107 3.00 15.58 83.33 93. 80 91. 80 94.10 21. 40
YOLO v9 1.175 x 10" 3.14 x 107 0.91 4.14 49.16 94.70 89. 10 93. 80 60. 30
Gold—=YOLO-S  4.603 x10"  2.15x107 2.55 12. 60 68. 40 93. 80 88. 60 90. 30 44. 60
A SRR 9.800 x10°  4.02 x 10° 5.78 19.38 97.20 94. 70 92.30 96. 40 8. 11
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Fig. 11  Comparison of detection effects of three models
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