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Abstract: To address the issues of low recognition rate and poor timeliness in traditional methods for identifying
drought stress in mung beans, this study established a mung bean drought stress recognition model named Munghean-
droughtNet based on convolutional neural network (CNN) and transformer. The model employed a dual-branch structure,

utilized the global feature extraction module (GFEM) branch and the local feature extraction module ( LFEM) branch to

extract local and global features from the input images,

e H #8:2024-04-07 respectively. Finally, multilayer perceptron ( MLP )

EEWA  FEE T B M FR AR 2 5 H (CARS-09-
G13) s TLIME RN BB EE D T5 H [ JBGS(2021) 004 ] 5 VL5
AT ST ERABTTRITTH (SICX24_2146)

TEE BN H AR (1998-) , B LA 5t N, Bt B 5% 7 1] R R

module was used to fuse the local and global features for
classification. In the actual data analysis, a total of 14 536

chlorophyll fluorescence images of mung beans under
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sults showed that the Mungbean-droughtNet model achieved an average recognition accuracy of 95.57% , an average preci-

sion of 98.18% , an average recall ratio of 98.40% , and an average F1-score of 98.28% for the chlorophyll fluorescence im-

ages in the test set. Compared with the current advanced models EfficientNetV2 and Swin Transformer, the accuracy of the

Mungbean-droughtNet model increased by 3.56 percentage points and 2.62 percentage points, respectively, demonstrating

stronger robustness and better recognition performance. This study provides a foundation for research on mung bean drought

stress and the excavation of drought-resistant genes.
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Fig.1 Chlorophyll fluorescence images of mung beans with dif-

ferent drought resistance
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Fig.2 Chlorophyll fluorescence images of mung beans after da-

ta augmentation
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Fig.3 Distribution of chlorophyll fluorescence images of mung
beans with different drought resistances in the original

dataset and the augmented dataset
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Fig.5 Structure of the residual connection
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Fig.7 Structure of the vision transformer module
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Table 3 Hardware and software information of the experimental
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Table 4  Recognition performance of the Mungbean-droughtNet

model for chlorophyll fluorescence images in the valida-

tion set

0 HR 98.10 93.60 95.79
1 HS 100.00 98.10 99.04
2 MR 95.70 94.90 95.29
3 CK 100.00 100.00 100.00
4 R 94.10 97.50 95.77
5 S 97.70 95.40 99.70

-2 97.60 96.58 97.60
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Table 5 Recognition performance of the Mungbean-droughtNet
model for chlorophyll fluorescence images in the test set

0 HR 94.60 97.20 95.88

1 HS 100.00 100.00 100.00

2 MR 97.60 97.60 97.60

3 CK 100.00 100.00 100.00

4 R 96.90 96.70 96.79

5 S 100.00 98.90 99.45

- 98.18 98.40 98.28
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Fig.8 Confusion matrix of the Mungbean-droughtNet model
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Table 6 Comparison of the recognition performance of different models for chlorophyll fluorescence images in the validation set

TBETRY KB (%) AW (%) F153%0(%) HERFR (%) YIGPHRMA  WUEE F RS U (%)
ResNet50 96.81 96.15 96.43 94.46 0.036 96.48
MobileNetV2 95.68 96.43 96.00 94.22 0.055 96.13
ShuffleNetV2 93.85 93.10 93.40 92.01 0.079 93.65
EfficientNetV2 97.06 97.23 97.08 92.01 0.043 97.31
ConvNext 93.86 92.16 92.86 91.44 0.050 93.51
ViT 94.35 94.55 94.38 92.14 0.147 95.23
Deit 93.60 93.26 93.40 92.17 0.095 93.92
Swin Transformer 96.06 95.36 95.66 92.95 0.144 95.92
MobileViT 93.63 92.88 93.18 93.02 0.055 93.78
Mungbean-droughtNet 98.18 98.40 98.28 95.57 0.039 98.14
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Fig.9 Loss and accuracy curves for different models
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Fig.10 Confusion matrix diagrams of different models
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Table 7 Performance comparison of models with different numbers

of global and local attention feature ( GLAF) modules

GLAF B HER P8 R U

Bk (%) (%) (%) (%)  BiRME
4 96.87 96.87 96.85 95.46  0.047
5 98.18 98.40 98.28 95.57  0.039
6 96.66 96.83 96.72 95.57  0.041
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Table 8 Performance comparison of models with different numbers

of transformer

Transformer i B F1 7% HERG 2R PIES

B (%) (%) (%) (%) Hiskfi
2 98.18 98.40 98.28 95.57 0.039
3 95.71 96.73 96.18 95.62 0.048
4 97.55 98.56 97.98 95.83 0.043
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Table 9 Performance comparison of different convolution kernel si-

zes

BRI K AER P05 R Y%
RN (%) (%) (%) (%) BikME
3x3 98.18 98.40 98.28 95.57  0.039
5x5 96.67 96.72 96.65 95.11  0.048
7x7 97.22 97.53 97.33 95.02  0.053
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