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Abstract: [ Aim] In order to find a convenient way to recognize insect species for those worked in
agriculture, forestry, plant quarantine etc., we developed a novel method to recognize images of
lepidopteran insects. [ Methods] Firstly, the background of captured specimen image is removed and
then the wings are cut out and calibrated in the preprocessing period. Then the calibrated wing is
segmented into a number of super pixels, and mean values of /, a and b in color space and x and y in
Cartesian coordinate system are kept as feature data. Following that, the sparse coding (SC) algorithm is
used to train the codebook, generate the sparse codes that are pooled into a feature vector to train the
SCG (Scaled Conjugate Gradient) Back Propagation Neural Network ( BPNN). Finally the resulting
BPNN is used to classify and recognize unknown insects. [ Results] The proposed method was tested in a
database with 576 images with the best recognition rate over 99% , and the system also demonstrated ideal
time performance, good robusticity and stability. [ Conclusion] The experimental results proved the
efficiency of the proposed method in recognizing images of lepidopteran insects.

Key words: Insect; Lepidoptera; image recognition; super pixel segmentation; sparse coding; Scaled
Conjugate Gradient (SCG) ; Back Propagation Neural Network ( BPNN)
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Table 1 The recognition rates ( %) of SCG BPNN under different parameters

A% 33 PR %R Transfer function [ 2745 %% Number of hidden nodes
A2 YR
Input lajfr to l;f:t)i:jen layer Hidden lijf tfﬁ oiput layer 10 0 0
tansig purelin 76.09 90.34 93.12 97.16 92.75 97.16
logsig 96.74 95.45 98.55 99.43 98.19 100
tansig 94.57 90.34 94.20 97.73 98.19 99.43
logsig purelin 90.58 40.34 94.93 97.73 93.12 97.73
logsig 96.38 99.43 98.19 99.43 98.19 99.43
tansig 90.58 93.75 95.29 98.30 98.55 98.30
purelin purelin 94.93 99.43 94.20 98.30 94.57 97.16
logsig 33.70 16.48 29.71 47.16 24.64 40.34
tansig 9.42 14.77 94.93 13.63 62.32 90.34
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