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Comparison of Off-the-Shelf DCNN Models for Extracting Bark Feature
and Tree Species Recognition Using Multi-layer Perceptron

Min-Ki Kim'

ABSTRACT

Deep learning approach is emerging as a new way to improve the accuracy of tree species identification
using bark image. However, the approach has not been studied enough because it is confronted with
the problem of acquiring a large volume of bark image dataset. This study solved this problem by utilizing
a pretrained off-the-shelf DCNN model. It compares the discrimination power of bark features extracted
by each DCNN model. Then it extracts the features by using a selected DCNN model and feeds them
to a multi-layer perceptron (MLP). We found out that the ResNet50 model is effective in extracting bark
features and the MLP could be trained well with the features reduced by the principal component analysis.
The proposed approach gives accuracy of 99.1% and 98.4% for BarkTex and Trunkl2 datasets

respectively.
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Fig. 1. Overview of AlexNet Architecture [18].
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Fig. 2. Architecture of inception module [19].
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Fig. 3. Bottlenect building block for ResNet50 [20].
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Fig. 8. Sample images selected at BarkTex (top row)
and Trunki12 (last two rows).
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Table 1. k—NN classification results by different DCNN models

CRR(%) k=1 k=3 k=5 k=7
. BarkTex 56.1 56.1 53.7 51.2
InceptionV3
Trunkl12 48.1 45.6 456 44.3
BarkTex 95.1 97.6 98.8 93.9
ResNet50
Trunkl12 89.9 84.8 84.8 83.5
BarkTex 70.7 73.2 70.7 65.9
DenseNet121
Trunkl12 87.3 83.5 87.3 785
BarkTex 73.2 73.2 78.0 78.0
MobileNet
Trunkl12 79.7 82.3 74.7 72.2
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