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Lightweight banana ripeness detection based on improved Alexnet
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23] % #t 5 % F 1 Mini-Alexnet W % £ A, A& 4% Mini-
Alexnet 1 26 B2 3R F £ % 245 ) 3% APP. Jf $2 i 3L 7T 47
A Z M, &R Mini-Alexnet B A X %4 11.6 MB, &
BERLFRRBEFI A R EH 97760, 4 3h 3% APP &
E AL B F) A R GR B AR R BEX | PR A
K5 B R 3 Xk A £ 5 A A 86.66%0. 79,3300,
74.00% . F ¥ A E T % 80X . Z5ib: & # & Mini-
Alexnet B & R A= 8] £,

KRR A K BRI B F & APP
Abstract: Objective: To obtain a lightweight Mini-Alexnet
banana ripeness grading model and apply it to Android mobile
devices. Methods: Based on the external characteristics of
bananas with different ripeness, the Alexnet network model was
restructured, part of the convolutional layer was deleted, and the
global average pooling was used instead of the full connection
layer to reduce the model parameters and required memory. A
larger convolutional kernel was replaced to extract the global
characteristics of the banana skin to achieve an improved
lightweight Mini-Alexnet network model. Then the Mini-Alexnet
network model was deployed as Android mobile APP, and its
The Mini-

feasibility and practicability were verified. Results:

Alexnet model was only 11.6 MB, and the identification accuracy

rate of banana ripeness level 5 was 97.76%. The accuracy rate of
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local picture recognition mode, photo recognition mode and real-
time recognition mode of the mobile APP banana ripeness automatic
identification system was 86. 66%, 79. 33% and 74. 00%,
respectively, with an average accuracy rate of 80%. Conclusion:
The improved Mini-Alexnet model occupies less memory space.
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Table 1 Banana characteristics in 5-level banana
ripeness classification
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Table 2 Intelligent mobile device rear camera image
acquisition parameter settings
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Banana image after augmentation
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Table 3 Common deep neural network parameters
N BRI A7/ %’5%& FLOPs/ s/
MB (X 10%) G %

AlexNet 237.95 62.38 0.71 95.56
VGG16 527.79 138.36 15.50 95.00
VGG19 548.05 143.67 19.67 88.89
ResNet50 97.49 25.56 1.12 91.11
ResNetl01 169.94 44,55 7.84 92.78
Densenet121 30.44 79.79 2.88 91.67
Densenet201 76.35 20.01 4.37 94.44
GooglLeNet 25.27 6.62 1.51 91.67
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Figure 2 AlexNet model structure
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Figure 3 Mini-AlexNet model structure
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Table 4  Accuracy, precision, recall, F,-score for

different ripeness levels of bananas %
A B A5 G HERf R KR A % Fi-4 %
Level 1 100.00 96.98 100.00 98.47
Level 2 94.12 97.25 94.44 95.82
Level 3 96.44 96.88 96.44 96.66
Level 4 99.33 98.68 99.33 99.00
Level 5 99.55 100.00 99.56 99.78
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Figure 4 Calculation diagram of forward propagation
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Figure 6 Training results of Alexnet-1 model with global
average pooling layer instead of Alexnet full
connection layer
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Figure 9 Training results of Mini-Alexnet model
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Table 5 Performance comparison between Mini-Alexnet and other models
- it % %S B TAIRE G/ REEE—K SSEGERN BRAN/ R/ BEK Yl
el B MARA/MB  BNAFR/AN/MB - R/N/MB - MB % /N/MB  [d]/min
Alexnet 62 378 344 62 378 344 0.57 11.05 237.95 249.58 96.80 246.77 29
Mini-Alexnet 3 050 629 3 050 629 0.57 3.66 11.64 15.88 97.96 11.60 26
MobileNetV3-small 1672 715 1672 715 0.57 46.84 6.38 53.79 87.52 6.64 34
ShuffleNetV2 1258729 1258729 0.57 47.93 4.80 53.31 90.51 4.96 31
SqueezeNet 737 989 737 989 0.57 89.23 2.82 92.62 91.19 2.83 41
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Figure 10  Design flowchart of an android system APP

for automatic determination of banana

ripeness
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Table 6 Practical application test of banana ripeness automatic discrimination APP
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