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Abstract

Most plant image recognition methods focus on one feature of plant image, such as leaf diameter,
leaf length, flower, fruit and leaf. Using one of its plant organs to identify, the result is not reliable,
because there are many plants in nature with very similar characteristics. In this paper, the whole
plant image is selected as training sample that is to extract all plant features. Based on AlexNet
model of Convolutional Neural Networks (CNN), the parallel computing ability of GPU is used to
speed up model training and image recognition. Through training the data sets of five kinds of
plants in Pan’an Lake, the correct accuracy of the model is 87.5%. The training accuracy is com-
pared with that of KNN nearest neighbor and BP neural network, which verifies the high availabil-
ity of the model. Based on this model, a plant identification software named APP was developed by
Python, which is based on the plant of Pan’an Lake Wetland Park.
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Figure 1. AlexNet network architecture
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Table 1. Plant image data set
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Figure 2. Model structure
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Figure 3. Network training flow chart
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Table 2. The change process of model picture parameters

2. BAERSHTMHILE

Input_size filter kernel size Pading  Pool size  strides Output_size
32x32x3 32 ->64->128 ->128 5x5>5x5->3x3->3x3 Same 3x3 2 2x2x128
64 x 64 x3 32 ->64->128 ->128 5x5>5x5->3x3->3x3 Same 3x3 2 4 x4 x128
80 %80 x3 32 ->64->128 ->128 5x5>5x5->3x3->3x3 same 3x3 2 5x5x128

B R B FR a0k 3,

Table 3. Specific Change Process of Picture Size
F 3. BRRTREGZLEE

NN ReF 2tk
32x32x3  32x32x3->32x32x32->16x16%32->16x16x64->8x8x 64 ->8x8x128->4x4x128->2x2x128

64 x64%x3 64%x64%x3->64x64x32->32x32x32->32x32x64->16x16x64->16x16x128->8x8x128->4x4x128
80 x 80 x3 80x80x3->80x80x32->40 x40 x32->40 x40 x 64 ->20 x 20 x 64 ->20 x20x 128 -> 10 x 10 x 128 ->5 x 5 x 128
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Figure 4. Test flow
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Figure 5. Tensorboard-based training model
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Figure 6. Summary of pixel fitting degree
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B 3 S0 TR, b 449 (daisy) 5 633 FKIE Y, 3 A P (dandelion) 45 898 5K K/,
M (rose)H 641 ik F, M HZE(sunflower)H 699 KK F, 4 A (tulip) 799 3K Fro 4 I SEAESE
YR 100 5k, HFBAIERMRS, Mats Rk 4.

Table 4. Measurement of model correctness rate
% 4. =B IEHERSDN

Classification Daisy Dandelion Rose Sunflower Tulip

Accuracy 88% 89% 95% 85% 78%

N Tt B RAEAR SR AT AlexNet BEALFATRAIA, 2055 BP #HZ R 2810181 KNN I 4870
R AR 7 RFEBEAT R o B8R T 55 b T TSR B P IR A R I8 — B, BT 0 26007 0 Akt
TAHERR], BRIZRE AR X T IRBE RGP, A T K SRR, Z40RERW, AR
BRI VA SR R BAT S R R, SRR Bt 5 .

Table 5. Comparison of custom experiments with different classifiers
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KNN i 48 0.8409
BP #1445 0.8581

CNN 0.8748
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Figure 7. APP software for plant recognition
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