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Abstract

In this paper a new feature extraction and target classification method is proposed for the
recognition part of FLIR(Forwar Looking Infrarcd)-image-based ATR system. Proposed feature
extraction method is “cluster(-set of clasees)-based” version of previous fisherfaces method that
is known by its robustness to illumination changes in face recognition. Especially introduced class
clustering and cluster-based projection method maximizes the performance of fisherfaces method.
Proposed target image classification method is bhased on the mixture of experts model which
consists of RBF-type cxperts- and MLP-type gating networks. Mixture of cxperts model is
well-suited with ATR system because it should recognize various targets in complexed feature
space by variously mixed conditions. In proposed classification method, one expert takes charge of
one cluster and the separated structure with experts reduces the complexity of fecature space and
achieves more accurate local discrimination between classes. Proposed feature extraction and
classification method showed distinguished performances in recognition test with customized
FLIR-vehicle-image database. Especially robustness to pixelwise sensor noise and un-wanted
intensity variations was verified by simulation.
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Fig. 1. Recognition Part of ATR system.
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Table 3. Recognition rates of various methods:
Gaussian noise added case.

{Notse vanance) 255°2 €100
Feature extraction & method

5% 10% 15% 20% 25%

PCA +Nearest neighbor 83 72 65 51 43
PCA{without first-3j+ Nearest neighbor 95 8t 68 55 40
Fisherfaces + Nearest neighbor 80 72 03 52 39
PCA+2-layer MLP 85 70 o8 49 41

. PCA(without first-3)+ 2-layer MLP 91 79 0 50 43

Fisherfaces + 2-layer MLP 81 n 58 48 37

cluster -hased PCA + RBFNs-based ME 100 83 77 68 63
cluster-based Fisherfaces + RBFNs-based ME 100 98 93 88 80
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Fig. 17. Graph of recognition rates of various
methods : Gaussian noise added case.
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Table 4. Recognition rates of various methods
- Intensity bias added case.
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Fisherfaces + 2-layer MLP 100 91 85 T 40
cluster -hased PCA + RBPNs-hased ME 100 86 70 [ 53 47
cluster-based Fisherfaces + RBFNs-hased ME 100 %8 91 8 80 n
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Fig. 19. Graph of recognition rates of various
methods: Intensity bias added case.
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Table 5. Recognition rates for the various test
patterns acquired in real field.

Feature extraction & classification method ol 2 &
PCA+Nearest neighbor 55
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Fisherfaces + Nearest neighbor 59
PCA+2-layer MLP 57
PCA (without first-3)+ 2-layer MLP 57
Fisherfaces + 2-laver MLP 39
cluster -based PCA + RBFNs-based ME 72
cluster-based Fisherfaces + RBFNs-based ME 76
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