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Leaf recognition for plant based on Probabilistic
Neural Networks and fractal
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Abstract: [Objective] This paper gave a recognition approach, which combined the shape feature and
the texture feature of the plant leaf,to effectively solve the problem that the classification features of tradi-
tional plant recognition were usually not synthetic and the recognition rate was always slightly low,hoping
to provide technical reference for rapid machine recognition for plant. [Method] Firstly, the synthetic fea-
tures of leaf were extracted; secondly the values of synthetic features of leaf, which had been extracted,
were put into a classifier, which is Probabilistic Neural Networks (PNN), to be trained; finally, the PNN
trained well could work to classify the plant leaves. [Result] The synthetic feature vector of plant leaf,
which included 8 elements,were extracted efficiently. By training the classifier PNN, the rapid recognition
for thirty kinds of plant leaves was realized and the average recognition rate reached 98. 3%. Comparison
tests demonstrated that if the shape features of plant leaf was solely used as the recognition features with-
out the texture features,the average recognition rate just reached 93. 7%. [Conclusion) The synthetic fea-
ture recognition method has effectively made up for the drawbacks of traditional recognition method to-
wards unitary feature,strongly advancing the recognition rate.
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Fig. 5 Two binary image without leafstalk
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Table 1 Label values of nervation types

Wk 2 2 FRE
Nervation type Label value
4y SUIR K Bifurcation type 0.1
FAR K Palm type 0.2
AR K ¥ Feather type 0.3
H 147 Bk Straight parallel type 0.4
I E4T bk Arc parallel type 0.5
B HSE47 Bk Injection parallel type 0.6
1 47 ik Sideways parallel type 0.7
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Table 2 Values of eight feature parameters of Fig. 2

SHH BHE

Name of parameter Value

JIE JE Rectangularity 0.611
5 L Axis ratio 0.452
T AN BE Area convexity 1.103
JA KM BE Perimeter convexity 0. 897
[7 I Circularity 0. 368
i L R Eccentricity 0.475
Wk 725 5 Nervation type 0. 300
I 4E 8 Fractal dimension 1.596
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Table 3 Compare of 4 types of classifiers toward synthetic features and shape features
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4 Fhordens Training time Recognition time Average recognition rate

Names of 4 kinds of classifiers LA R AE B R FFAE LR G FRAE JE R AFAE A RHE JE AR AR
Synthetic Shape Synthetic Shape Synthetic Shape
A-UL 4R 43254 4-NN classifier - — 8.4 8.6 94. 8 92.1
T IE 484258 1-NN classifier — — 3.2 3.1 95.1 92.6
BP M % BP network 6 504 5962 1.6 1.9 96. 4 93.2
PNN 432548 PNN classifier 2.3 2.1 1.2 1.5 98. 3 93.7
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