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Abstract: There exist a large number of irrelevant and redundant features in large-scale infrared spec-

trum datasets. To solve this problem, a dynamic weighted infrared spectrum feature selection algorithm

(MBDWFS) is proposed. The algorithm deletes the irrelevant and redundant features in an original spec-

trum dataset by combining the symmetric uncertainty metrics with Markov Blanket. Then, a smaller

scale optimal feature subset is obtained. By comparison with three classical feature selection algorithms

FCBF, ID3 and ReliefF, it shows that the proposed MBDWFS algorithm is better than the above three

algorithms in overall classification performance and is more suitable to be used in the field of material

infrared spectrum analysis.
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::+>;;.�	H�� X , H� X �

�+���$?@<(A�I�)J=6>�

� p(X) �1 X �
�= H(X) 2B� [3]

H(X) = −
n∑

i=1

p(xi) log p(xi) (1)

:: X � Y �$B+>;;.�	H��

H� X �99
�=��57� Y %2� X �

�%2*6 [3] �

H(X |Y ) = −
∑

y∈Y

p(y)
∑

x∈X

p(x|y) log p(x|y) (2)

2
���57$BH�6�<"8�K2

$B+>;;.�	H� X �Y ,2
� I(X ; Y )

2B [3] �

I(X ; Y ) =
∑

x∈X

∑

y∈Y

p(x, y) log
p(x, y)

p(x)p(y)
(3)

���C?(�2
���C5<� I(X ; Y ) =

H(X) − H(X |Y ) 
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�H� X  Y �992
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I(X ; Y |Z) = H(X |Z) − H(X |Y, Z) (4)
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L�%286� [4], #2B�

SU(F, C) = 2
I(F ; C)

H(C) + H(F )
(5)

1.2.2 BC?@A

"E$B� +,<"��$B� ��

���
����?� !"���M2H!�

 
�;6<"�� NAO 
F"� mRMR

� !"�� [5] ��G�%4��)1H��

 B!�NA0�P7� �2!(4<"�0

�� 
C&+((5C�8�� �
I�

����G@���6�F��Q7#��6�

� X 2� Y �<���6�#2B�

CSU(F, C) = 2
I(fi; C|fj)

H(fi) + H(C)
(6)
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2B 1 �"E� fi ∈ N(N �� 
) H

Mi ⊂ N(fi /∈ Mi),Mi �NJ fi � Markov Blan-

ket�C 5<!-D�P (N −Mi−{fi}, C|fi, Mi) =

P (N − Mi − {fi}, C|Mi) 
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R(fj; C|fi) > R(fj ; C) 


2 MBDWFS wx

3�)I�<"8���8C/PO Markov

Blanket)!�#(�7-��� !"�� MB-

DWFS 
+��;#)�*BQU�EP���

�+�  !-D� SU �P(%�� SU ?0

�V&ÆM�QM SU ?%��� R@1H!

� 
��' S!� 
���� �#S�

C�R@1H!� 
�� 0�99���

�+� � CSU ?�P(V&ÆM2 CSU <W

��%�?�QM+?0���ÆM�.�M�

�%�ÆM?���� !@H!� 
��

Q7+� XS!� 
�' �%���PO

Markov Blanket' H!� 
���8(;�

� �Q1S!� 
�O
5 1 ��Q�T5

7���


��5 1��Q�T��XR/R57 MB-

DWFS����6TK6��� nB� @!�

S!� 
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F 1 GHIJKLMNO

UV�YUWV� S = {f1, f2, · · · , fn, C}
U\�WXWV�� Sbest

1 begin

Initialize relative parameters: Sbest ← φ,
2

W ← φ, F ← {f1,f2, · · ·, fn};
3 foreach f ∈ F do

4 w(f) = SU(f, c)

5 end

6 choose the feature fmax ∈ F which maximizes w(f)

7 W = W ∪ {fmax}
8 F =F/ {fmax}
9 repeat

10 foreach f ∈ F do

11 w(f) = w(f)× CSU(f, C|fmax)

12 end

13 choose the feature f ∈ F which maximizes w(f)

14 W = W ∪ {f}
15 F = F/{f};
16 if (CSU(f ; C|fi) > SU(f ; C) do

17 delete f in W

18 end

19 end until F is NULL

20 Sbest = W

21 end
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F 2 PQRSTKL

Datasets Features Instances Classes

DNA ALL 3186 180 3

Kr-vs-kp 37 3196 2

Lung Cancer 12600 203 5
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