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Automatic Extraction of Phenotypic Parameters from Anthurium
andraeanum Linden Based on YOLO v8 and CycleGAN

LU Peng SUN Tianwen CHEN Ming WANG Zhenhua ZHENG Zongsheng
(College of Information, Shanghai Ocean University, Shanghai 201306, China)

Abstract; Phenotypic parameters of plants are quantitatively indicated, describing the morphology,
structure, and physiological characteristics of plants, unveiling the growth patterns and relationships with
environmental factors. Issues such as significant data errors, plant damage, high costs, and extensive
data volume were exhibited by existing manual measurement and laser scanning-based methods for
extracting plant phenotypic parameters. Therefore, an automatic extraction method for phenotypic
parameters of Anthurium andraeanum Linden plants based on YOLO v8 and CycleGAN was proposed.
The method included the follows: YOLO v8 was enhanced with the convolutional block attention module
to improve the model’s feature extraction capabilities for detecting and segmenting Anthurium andraeanum
Linden leaves; the Grabcut algorithm was utilized to eliminate background features from segmented
images, and the VGG model was employed for classification to distinguish intact and missing Anthurium
andraeanum Linden leaves; the convolutional block attention module and feature pyramid network were
introduced into the CycleGAN generator to enhance multi-scale feature extraction capabilities,
incorporating the SmoothLll loss function to enhance model stability and repair missing Anthurium
andraeanum Linden leaves; a phenotypic parameters extraction algorithm ( PPEA ) was proposed to
automatically extract leaf length, leaf width, and leaf area of Anthurium andraeanum Linden plants. The
proposed methods were compared and analyzed by using a dataset of 650 self-collected images.
Experimental results demonstrated the effectiveness of the proposed approach in automatically extracting
phenotypic parameters of Anthurium andraeanum Linden plants.
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Fig. 1  Flowchart of extraction method of phenotypic parameters
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Fig.4 Leaves of Anthurium andraeanum Linden plants
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Tab.1 Ablation test results %

CBAM1 CBAM2 CBAM3 P R AP Fl &
x x x 92.92  84.75 89.26 88.64
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x Vv x 93.22 85.28 89.77  89.07
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Tab.2 Comparison of effectiveness of different

improvement methods in repairing missing leaves

MAE_ MAE_  PSNR kT SSIM K F
FPN CBAM
PSNR/dB  SSIM 17 dB [:4il/% 0.6 L4/ %
x x 18.42 0. 64 68.93 61.58
AVAR: 19. 00 0.68 84.75 86. 44
x 18.73 0. 67 80.23 81.36
vV 19. 09 0.69 82. 49 90. 96
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PL 25 66. 14% F1 146. 43%
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i AL RMSE 2 10. 95 em®, $2 R 19 4% 48 b 4 SR i 22

H/NTF 10% .
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Tab.3 Extract partial phenotypic parameter data of

Anthurium andraeanum Linden plant leaves

Label _ID %%/ cm K /cm 1 £/ em?
0012_fake_B. png 9.392 00724 14.915914 32 140.0903753

0013 _fake_B. png 9.480 801 654 14.933 64323 141.582909 4

0017 _fake_B. png 6.446 844 189 16.557 922 58 106. 746 346 9

0019_fake_B. png 8.596 045 602 15.423 52748 132.5813456
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