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Classification of forestry images based on the BoW Model
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Abstract: For characteristics of forestry images, an image classification method was put forward based on Dense
SIFT and the BoW Model with support vector machine (SVM) using a histogram intersection kernel in order to
improving to meet the need of the forest resources management. First, using the BoW Model, the Dense SIFT
features of forestry images were extracted to describe the image. Then SVM was used for classification to iden-
tify the category of the images. Different kinds of kernel functions like Poly, RBF, Sigmoid, and the histogram
intersection kernel were used to find the best recognition rate. Experimental results showed that using Dense
SIFT had a shorter detection time (1=60.143 s) and a higher recognition rate (r=86.7%) than SIFT (:=95.567
s and r=83.3% respectively), and it was suited for high real-time applications. Also the histogram intersection
kernel had a higher average recognition (r=86.7% ). Combining Dense SIFT and the BoW Model with SVM and
using the histogram intersection kernel, algorithms used with three kinds of forestry images had a better average
recognition (r=86.7%). [Ch, 4 fig. 3 tab. 18 ref.]
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Figure 1 Block graph of BoW model
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Figure 2 Original forest fire image(A) and its SIFT effect image(B) and its Dense SIFT effect image (C)
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Figure 4 Data set sample demo of three kinds of forest image
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Table 1 Recognition comparison results of three kinds of forestry image with different kernel functions
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