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Fig.1 The intelligent tobacco leaf curing controller based on IoT
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Fig.2 Pixel histogram before and after gamma transform
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Fig.6 Squeeze and excitation module
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Tab.1 Parameter configuration of the EfficientNet-TBSI model

BB TR R &S 1 E $ JZH AR K 2%
Stage Operator Resolution Channels Layers Stride Expansion

1 Conv3x3 224%224 32 1 2 /

2 MBConv-ECA, 3x3 112x112 16 1 1 1

3 MBConv-ECA, 3x3 112x112 24 2 2 6

4 MBConv-ECA, 5x5 56x56 40 2 2 6

5 MBConv-ECA, 3x3 28x28 80 3 2 6

6 MBConv-ECA, 5x5 14x14 112 2 1 6
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8 MBConv-ECA, 3x3 77 320 1 1 6

9 Conv1x1&Pooling&FC 7%7 1280 / / /
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Fig.9 Curves of accuracy during training
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Tab.2 Comparison of overall model efficiency
LAY R AR HE A /% S ek Fnis B T I HAIRE Ik 55 5 DA /s
Model Accuracy/% Params Madd FLOPs Time/s
VGG16 91.31 134.30M 30.95G 15.50G 39.17
ResNet34 94.27 21.29M 7.34G 3.67G 38.23
ResNet50 95.28 23.53M 8.22G 4.12G 38.62
EfficientNetB0 94.57 5.32M 789.31M 398.03M 35.83
EfficientNet-TBSI 96.13 2.74M 675.06M 340.70M 35.43
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Tab.3 Comparison of precious rate, recall rate, F1-Score on test dataset

B (A/B) FEARBY B FEW%% AIEIR /% Fl-Score/% ¥ F1-Score/%

Model (A/B) Stage Precious/% Recall/% average F1-Score/%
MrEx 1 100/96.78 100/100 100/98.36
BBt 2 100/100 99.51/97.06 99.75/98.51
FirE 3 96.97/94.81 76.19/86.90 85.33/90.68
it 4 90.10/95.41 94.79/92.57 93.36/93.97

EfficientNetBO / BrBes 95.71/100 100/100 97.81/100

EfficientNet-TBSI B 6 100/100 100/77.78 100/87.50 94609526

MrEx 7 94.74/81.82 100/100 97.30/90.00
BBt 8 97.48/98.50 87.88/99.24 92.43/98.87
MrEx 9 87.50/97.47 85.26/98.72 86.37/98.09
Mrit 10 89.81/95.27 97.92/97.92 93.69/96.58
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Tab.4 Test results on the embedded platform

| MRFEHET R /% ZH =M Fak B A R T TR H 3
Model Accuracy/% Params/M Time/s Author
MobileNetv2 90.39 4.26 3.13 ARy
MobileNetv3 93.21 5.43 3.35 FrFER
EfficientNetBO 94.57 5.32 3.26 FHIRARY
EfficientNet-TBSI 96.13 2.74 2.83 O AR 7Y
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Research on high-precision lightweight model for tobacco leaf curing stage identification
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Abstract: [Background] Real-time identification of tobacco leaf status and its curing stage is key a technology to achieve accurate
adjustment of tobacco curing process and establish an intelligent tobacco leaf curing system. At present, the research on identification of
tobacco curing status is restricted by the scale of the model, and it is difficult to apply current models to actual production. Therefore, it is
necessary to develop a high-precision lightweight model for tobacco leaf curing stage identification. [Methods] An image acquisition
system consisting of an industrial camera and a fill light was used to collect tobacco images during the curing process. The tobacco dataset
was processed through gamma transformation and HSI color space transformation. The improved lightweight EfficientNetBO model was
used for training, and the model feasibility test was conducted on the Jetson Nano embedded development board. [Results] The accuracy of
the improved model in the test set reached 96.13%, and the parameter quantity was only 2.74M. Compared with the original Efficient
NetBO0, the identification accuracy of the improved model was increased by 1.59%, and the parameter quantity was reduced by 48.50%. On
the Jetson Nano development board, compared with the lightweight models such as MobileNetv2 and MobileNetv3, the recognition speed
and accuracy of the improved model were significantly improved. [Conclusion] The improved Efficient NetBO model can realize fast and
accurate identification of tobacco leaf curing stage. This study provides a theoretical basis and practical reference for the establishment of
intelligent tobacco curing system.

Keywords: tobacco leaf curing stage identification; EfficientNet; Gamma transform; HSI color space; ECA attention mechanism
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