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Performance Evaluation of Muskmelon Flower Gender Identification
Based on Improved YOLO 12s and Its Deployment on Edge Devices

ZHANG Zuojing' WANG Jing' LIU Mingxing' LIU Xingwei' YANG Haodong'
ZHANG Zhao° SONG Huaibo'
(1. College of Mechanical and Electronic Engineering, Northwest A&F University, Yangling, Shaanxi 712100, China
2. College of Electronic and Electrical Engineering, Baoji University of Arts and Sciences, Baoji 721016, China)

Abstract; Pollination is a critical stage in muskmelon cultivation, and mechanical pollination has
emerged as a significant development direction due to its efficiency benefits. Accurate identification of
female and male flowers is essential for the operation of pollination robots. For identifying melon female
and male flowers, an improved YOLO 12s target detection network was applied, and the systematic
deployment was implemented on edge device. By replacing the Backbone of the original model with the
ShuffleNetV2 structure, the model’s complexity and computational load were reduced, and the purpose of
improving detection speed was achieved. Additionally, the knowledge distillation was also employed to
further improve the performance of the improved model. A total of 3 597 muskmelon images were
annotated in the greenhouse environment and then sent to the improved YOLO 12s object detection
network for model training. Under identical experimental conditions, a comprehensive comparison was

conducted with current mainstream algorithms. The melon flower detection model was evaluated across
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five metrics; precision, recall, mean average precision, model size, and detection speed. Test results
showed that the model achieved a precision of 79.93% , recall of 87.65% , mAP of 86.54% , a model
size of 4. 10 MB, and a detection speed of 153. 46 {/s. Compared with YOLO 12s, YOLO v10s, YOLO
v8s, YOLO v5s, SSD, and Faster R — CNN models, the detection speed was improved by 79.32% ,
75.11% , 45.14% , 38.23% , 746.44% and 1 168.26% , respectively.

maintained accurate detection performance under complex conditions such as varying lighting, partial

Furthermore, the model

occlusion, and image blur. When deployed on the Jetson Xavier NX embedded platform, this model
achieved a mAP of 86. 62% , the detection speed was 26. 37 {/s. Compared with YOLO 12s and YOLO
v5s, the detection speed was 90.40% and 15.51% faster, respectively. This performance was sufficient
to meet the practical requirements for both accuracy and real-time processing in pollination operations.

The results demonstrated that the lightweight model can accurately and efficiently identify male and female

2026 4

melon flowers.
facilitating its deployment on edge devices.

mechanical pollination of melons.

With only a minor loss in accuracy, it significantly reduced memory consumption,

The research result can provide technical support for

Key words: muskmelon flowers; object detection; YOLO 12s; lightweight model; Jetson Xavier NX
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Tab.1 Detailed information of captured images
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Tab.2 Results of model test

K AR mAP/ BRI AE K/

sk
/% K/ % % dHHE/MB (f-s7)
YOLO 12s 86.86 82.50 88.31 18. 07 85.58
YOLO 125 —
78.47 80.78 84.21 4.10 148.76
ShuffleNetV2
YOLO 12s—
79.93 87.65 86.54 4.10 153. 46
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Tab.3 Performance test results of seven target

detection algorithms

Kith AR mAP/ BIRIGE Y AN

i B/ % /% % J &/ MB (f-s7")
YOLO 12s—
79.93 87.65 86.54 4.10 153. 46
ShuffleNetV2 — D
YOLO 125 86.86 82.50 88.31  18.07 85.58
YOLO v10s 83.29 80.32 87.13  15.80 90. 49
YOLO v8s 84.20 80.71 86.17  21.50 105.73
YOLO v5s 86.89 82.12 87.76  13.73 111.02
SSD 78.50 79.34 64.10  59.26 18.13
Faster R—CNN  66.46 82.68 70.52  314.30 12.10

2 3 T, YOLO 125 — ShuffleNetV2 — D [k
R R 79.93% , 43 %) b YOLO 12s, YOLO v10s,
YOLO v8s 1 YOLO v5s i 6. 93 .3. 36 4. 27 6. 96 />

Ty 5, 4> 9 b SSD I Faster R — CNN & 1.43
13.47 A\ 53 m; Ho A7 Wl 87.65% , 41 Jl 1
YOLO 12s . YOLO v10s . YOLO v8s ., YOLO v5s.SSD A1
Faster R — CNN /5 5. 15.7.33.6.94 5. 53 8. 31 .4.97
ANE 4R H mAP Sl 86.54% , 43 ) YOLO 125,
YOLO v10s #il YOLO v5s {i% 1. 77.0. 59 .1. 22 A~ H 4>
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Tab.4 Accuracy of seven algorithms in different scenarios
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Tab.5 Test results of three target detection algorithms
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Fig. 12 Recognition results under different illumination

conditions

T 2 H R 815 R o

Shy 38 TIE AR AU X AN [e] B B 17 AT B A 2 3R 01 2L
B OFIH YOLO 125 — ShuffleNetV2 — D H 746 il 4 12
Xof 0 3 A AN [ 8 P 1 0 0 A 2 R AT T,
R &5 SR an & 13 Jros , 20K, AR 5 vk X TG 3 £ A
S AL o= R B %2 53 51 R 84.53% \79.11% , 43 1]
o 82.30% (81.04% ,mAP 43 5|k 87.09% |
84.39% , 45 R B % H br A 55 vk w] DL A U
HH A TR] JEE P4 19 250 f TG EE A 46 2 LA TN 1 AR

gle. er (

m 1 B
maleilower 0E7

(@) JCHEFY (b) Y
PR 13 AN TR 45 17 O0 T A6 e 28R
Fig. 13 Recognition results under different occlusion

conditions
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