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Learning distance metrics with dimension constraints
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Abstract: In order to improve the classification accuracy, the new representation of

samples can be gotten by distance metric learning. According to mahalanobis distance does

not take the difference of the relativity between different classes of sample dimensions into

consideration. A new supervised distance metric learning algorithm called independent

discrimi-native component analysis(I-DCA) is proposed and applied to classify the motor

and sensory nerve based on k nearest neighbor (kNN) algorithm. By contrast, the article

also involves the analysis of two existing distance metric learning algorithms in detail, the

relevant component analysis (RCA) and the discrimi-native component analysis(DCA).

Compared with the mahalanobis distance, the results indicate that the classification

precision of the improved algorithm increases by nearly 45%, and it is also greater than

15% compared to the RCA and DCA method. The improved classification precision shows

the effectiveness of the new algorithm applied in nerve classification.
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hyperspectral imaging; neural classification

0 Ú ó

Ï¦�«¯�!{B
O(��{5�O ²å�õU¤©��´w�	��)�¡

��­��K, Ï�3?E�ú�±� ²�, �kò����üäà ²n�(Ì��¹a

ú ²±9$Ä ²)?1�(�º¡¬Ü, âU�y ²?E��J[1]. yk� ²å5�

£O�{�¹)¿Æ�{!>)n{!|�zÆ{!Ó �{�, �up1Ì¤�Eâ3

)Ô�Æ�¡�A^�5�2�, ®kïÄòTEâA^u±� ²�©a¥, ïÄ[1-3]L

²ü« ²¶â9�}Ü©�1Ì­��3�É. Äu k C�©aì, �©ò?�Úé ²

©a��15?1k��&Ä.

k ��ÀJ!ål�Ýþ¼êÚ©aûü5K´K� kC�©aì5U�3�Ä���,


��Ü·�ålÿÝ´ïþ��:m�qÝ�'�. ålÿÝÆS�3ò��l�©�

mC��#�A��m,¦�#���L«äk�Ü·�ålÿÝ±^u©a[4]. 8c®k

éõ�{��UJÑ, ù
�{Ì�©�kiÒÚÃiÒüa. kiÒ�ålÿÝÆS�{

|^Óa���m/¤�é��åÚÉa���m/¤�Øé��å, Ì��{kRCA[5]
!

C�©þ©Û�{[6](Neighborhood Component Analysis, NCA)!Äuà`z��Ûålÿ

ÝÆS�{[7](Probablistic Global Distance Metric Learning, PGDM)!DCA[8] �; ÃiÒ�

�{ÃaO&Eë�, õ^uÄuÌ©Û�ü��{¥, Ì��{kÌ¤©©Û(Principle

Component Analysis, PCA)!ÛÜ�±ÝK(Locality Preserving Projection, LPP)!ÛÜ�

5i\(Locally Linear Embedding, LLE)�.

ÏLÆSïÄ�«®k��{, ©Û�{�n, ¿�éê¼ål��ÄoN����Ý

�q5, 
��ÄØÓaO���Ým�'5�3�Éù�¯K, �©JÑ�«#�kiÒ

�ålÿÝÆS�{=I-DCA, ¿ÄukC�©aì^T�{éêf$Ä ²�aú ²�

w�p1Ìã�êâ?1©a. ��é', Ó��O�
�Ó^�e$^î¼ål!ê¼å

l!RCAÚDCA�{�©a(J.

1 �{�n

1.1 �'Ä:

b��êâ8 X = {x1, x2, x3, ..., xn|xi ∈ R
1×m}, Ù¥, nL«��ê8, m L«���

�ê, êâ8����I\&E� L = {l1, l2, l3, ..., ln}, L«���¤á�aO. ålÿÝÆ

S�8�´Äuêâ8|^½öØ|^I\&EÆS��ålÿÝÝ
M(M���½Ý


), ¦��� xi Ú xj �m�ålÝþL«� dM (xi, xj) =
√

(xi − xj)TM(xi − xj), � M �

ü 
�, d L«��m�î¼ål; eò M ©)� M = ATA, K A ���C�Ý
é��

?1�5½��5C�,¦Ù¤�,�«�äaO«©5�L«/ª[9-11], =

dM (xi, xj) = dA(xi, xj) =
√

(Axi − Axj)T(Axi − Axj). (1)

�éuîªål���«�m¥ü��:m�¢Sål, <ÝÚOÆ[êM.ì'

d(P. C. Mahalanobis)JÑ
,�«O�ü�����8�qÝ��{, =ê¼ål. ê¼

ål�Ä�êâ8�«A5�m�3éX, |^���Ý

∑

5�N����Ý&E�m
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��'5, ²xzC��Ý

∑

−1/2
�±­#©�êâ8��Ý��­¦��Ý�pÕá.

�mC�«¿ãXã1¤«, ¥ý¥©Ù���3²L�X�C��3#��m¥¥G©Ù;


�©�mS�ê¼ål�du3¥¥G©Ù�mp¤¦�î¼ål.

ã 1 �mC�«¿ã

Fig. 1 Schematic illustration of the space transformation

1.2 ålÿÝÆS�{

éuÓ�êâ8eØÓaO���8, Ùêâ��m(�´ØÓ�, ùÒ��
ØÓ

��8êâ��Ým��'5�3�É. �éù�A5, �±3ê¼ål�Ä:þ|^��

�I\&E?1ÆS±��ålÿÝÝ
M , ¦�3#�A��mpÓa���m�ål

¦�U�
Éa���m�ål¦�U�. /d, Bar-Hillelet�JÑ
RCA�{, Hoi�Äu

U?RCAJÑ
DCA�{; 3ïÄ®k�{�Ä:þ, �©JÑ
�«#�ålÿÝÆS�

{ I-DCA.

1.2.1 �'©þ©Û(RCA)

RCA´�«�Û5��5C��{, T�{ÏLò�'5�r��êD�����­,


�'5�f��êD�����­, 5ü$êâ8�·,, ±�u3#�A��mS,ê

â�(��N´�
Ñ. �{²�{0�, ½Â“aì”�áuÓaO��X���:�8Ü.

RCA�{Ú½Xe.

(1) òêâ8¤�¹���~�¤k���þ�.

(2) b��k p���/¤
 k �“aì”, z�“aì”�¹nj���, �þ�´mj, xji´

1 j �“aì”�1 i�êâ, O��“aì”²¥%z���êâ8����Ý
C, úª�

C =
1

p

k
∑

j=1

nj
∑

i=1

(xji − mj)(xji − mj)
T. (2)

(3) O�xzÝ
 W = C−1/2, òÙ�^u�©êâ= Y = WX ; 
Ý
 M = C−1 K�

�ålÿÝÝ
^5O���m�ê¼ål.

1.2.2 �O©þ©Û(DCA)

�éRCA=|^Óa��m�é��å^�
�¿©|^Éa��mØé��å^�

ù�"�, DCAU
��zØÓaêâ8�O, Ó���zÓaêâ8�O. DCA�{Ú½

Xe.

(1) O����Ý

∧

C
b

Ú
∧

C
w

. ½Â�ëê, Dj L«1 j �“aì”�êâ8Ü, nb =
∑n

j=1 |Dj | L«�“aì”¥��ê8, mj = 1
nj

∑nj

i=1 xjiL«1 j �“aì”�þ�, xji´

1 j �“aì”�1 i�êâ.
∧

C
b

��ØÓaêâ�m�¤k��,
∧

C
w

��Óaêâ�m�¤k

��, Ùúª©O�

∧

C
b

=
1

nb

n
∑

j=1

∑

i∈Dj

(mj − mi)(mj − mi)
T, (3)
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∧

C
w

=
1

n

n
∑

j=1

1

nj

nj
∑

i=1

(xji − mj)(xji − mj)
T. (4)

(2) DCA�ó�3u)û�`z¯K, ���`zC�Ý
 A, ?
���`�ålÿ

ÝÝ
 M = ATA,

J(A) = arg max
A

|AT
∧

C
b

A|

|AT
∧

C
w

A|
. (5)

ã2w«
ò RCA9 DCA �{�^u�~êâ8c��©Ù�¹. ²'�uy, 3#

�A��mS, Óa��:�éu�©êâ�\8¥. du DCA´RCA Ä:þ�U?, Ó

�$^
��êâ�m�é��åÚØé��å, Ïd�éu RCA�{, DCA �{éuê

â�à8�J�\²w.

ã 2 RCA�DCA�{`²

(a)�kI\&E��©êâ8Ü; (b)²RCAC���êâ8Ü; (c)²DCAC���êâ8Ü

Fig. 2 An illustrative example of the RCA and DCA algorithm

(a) The fully labeled data set with 3 classes; (b) The original data after applying the RCA

transformation; (c) The original data after applying the DCA transformation.

1.2.3 Õá-�O©þ©Û(I-DCA)

I-DCA �{ÄuØÓaO���8Ù��Ý�m��'5´Ø���ù�*:. Äk

é��“aì”©O?1xzC�, éØÓ��êD�ØÓ��­¦��pÕá, d�, Óa

��:m�É~�, ØÓ��8�m��ÉO\. Ùgéu�¹ØÓaO��8���êâ

85`, Ù�mêâ(��u)
Cz, duáuÓa��8�êâ��Ým�pÕá, d

��Nêâ8��Ý��'5�NyØÓ��8�m��É. �{Ú½Xe.

(1) b�� k p� � � / ¤ 
 k �“a ì”, Dj L«1 j �“a ì”�êâ 8 Ü, xji´

1 j�“aì”�1 i�êâ, nj =
∑n

j=1 |Dj|L«�“aì”¥��ê8, mj =
1

nj

∑nj

i=1 xji L

«1 j�“aì”�þ�. O�z�“aì”¤�¹êâ����Ý
Cj, úª�

Cj =
1

nj

k
∑

j=1

∑

i∈Dj

(xji − mj)(xji − mj)
T. (6)

(2) O�xzÝ
 Wj = C
−1/2
j , U
O� Yj = WjXj , ¦�“aì”êâ��Ý�pÕá.

(3) O�d Yj |¤�oN������Ý
 S, KT�{�ålÿÝÝ
� M = S−1.

ã3w«
òê¼ålÚI-DCA�{$^u�~êâ8c��©Ù�¹. é'ã3(b)Ú

ã3(c), uyØÓaO�êâ²�gxzÝ
C��, ���©Ùu)UC, ØÓaO�êâ
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U
�p©l; é'ã3(e)Úã3(f)uy, U?���{U
¦Óa��êâ©Ù�\;�,

y²
�{�k�5.

ã 3 I-DCA�{`²

(a)�©êâ8Ü; (b)�ÅÀJ��kI\&E�Ôö��; (c)C����Ý�pÕá�Ôö��

(d)�kI\&E��©êâ8; (e)²ê¼ålC���êâ8; (f)²I-DCA�{C���êâ8

Fig. 3 An illustrative example of the I-DCA algorithm

(a) The fully unlabeled data set; (b) Random labeled train data set; (c) The whitening trans-

formation applied to train data; (d) The fully labeled data set with 3 classes; (e) The original

data after applying the mahalanobis distance; (f) The original data after applying the I-DCA

transformation.

2 ¢�(J

2.1 êâ£ã

¢�æ^w�p1Ì ²æ8XÚ, éêf�B�c�9B����üÕ�/Ú�¡

��?1æ8, ±¼�$Ä ²9aú ²�ß�1Ìêâ. �uXÚ¥AOTF©1O�5

U, lEâ�15�ÝÀJ�1Ì�����1«�, éA�1Ì���545∼894 nm, ªÇ

��99∼178 MHz, ±1 MHz��ªÇm��æ880�Åã�êâ[8]. duXÚ¥©1O�ª

Ç�Å�¥��5'X, 3ØÓÅ�?�1Ì©EÇ�Ø¦�Ó, 1Ì©EÇ3545 nm?

�2 nm, 3800 nm?�5 nm. XÚk����½�1 024×1 024, XÚæ8���À|���

63 um×63 um, KÙ�m©EÇ��0.061 5 um.

éu$Ä ²9aú ²�©a, �±ÀJ ²�¶â±9�}��üaA�?1©

a[12]. òæ8��w�p1Ìã�êâ²ý?n�ØD(��, |^ENVI^�Â8$Ä

9aú ²�¶â±9�}�XÀ��êâ���©aêâ,êâ�aO!¶¡9ê8X

L1¤«.
LLL 1 êêêâââaaaOOO¶¶¶¡¡¡±±±999êêêþþþ

Tab. 1 The data type name and quantity
IÒ aO¶¡

1 Motor axone(2000)

2 Motor medullary sheath(2000)

3 Sensory axone(2000)

4 Sensory medullary sheath(2000)
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2.2 ©a(J

�©¢�Äu k C�©aìæ^ØÓålÿÝé ²?1©a, ÏLÚOØÓÔöê

â8eÿÁêâ��A©a°Ý±'�ØÓålÿÝ�`�, �'�
î¼ål!ê¼å

l!RCA!DCA±9I-DCA�{e���ålÿÝéu©a�K�, 5«©a(JXL2¤«.

��Ø¢�(J�Å5�K�, ­E¢�10g�²þ�, zg�Å]À�Ó'~ê8�����

Ôöêâ, {e�����ÿÁêâ.

LLL 2 kCCC���oooNNN©©©aaa°°°ÝÝÝ'''���

Tab. 2 Overall kNN classification precision comparing
train% | test% Euclidean distance% Mahalanobis distance% I-DCA% RCA% DCA%

10|90 86.5 53.61 86.28 69.92 71.83

k=1 30|70 94.16 59.41 93.87 74.42 77.33

50|50 96.3 62.42 95.98 75.81 78.31

10|90 81.72 53.26 81.47 72.07 73.07

k=5 30|70 90.34 61.70 90.26 77.16 78.27

50|50 93.65 65.09 93.38 79.59 79.53

10|90 77.66 51.67 77.16 70.81 73.12

k=10 30|70 86.79 58.77 86.63 75.81 77.22

50|50 90.63 63.81 90.57 77.62 79.32

�â¢�(J©Û��±e(J.

(1) éu ²�XÀ��êâ, Øê¼ål	�ålÿÝe�©a°ÝÑ370%±þ, Ø=

`²
l1Ì�Ý©a$Ä ²Úaú ²��15, Ó���y
Ü©�{�k�5.

(2) ê¼ål´3êâ÷vpd©Ùeb��, 
 ²�w�p1Ìêâ�UØ÷vù�

^�, ÏdÙ©a�J��. 
Äuê¼ålÄ:þ�RCA!DCAÚI-DCA, ÏA^
���I

\&E, Ù©a°Ý(¢pu¦^ê¼ål�©a°Ý, �²I-DCA�©a�J�Ð, `²
#

�{�k�5.

(3) DCA´3RCA�Ä:þ\±U?, =DCAØ=|^
��:m���å�$^
��

:m�K�å, ¦�ålÿÝÝ
U�Ð/�A��m�ý¢&E. ²¢�(Jé', DCA(¢

'RCAk�Ð�©a�J.

(4) k �±9Ôö��ê8�ÀJ�é©a°Ýk��K�. ©a°Ý¬�XÔö��ê8

�O\
k¤Jp; �ØÓ�ålÿÝe, �p�©a°Ý%éAXØÓ� k �, �éù�:, �

'ëêIÜnÀJ.

3 (å�

�©3ïÄ®k�ålÿÝÆS�{�Ä:þ, �éê¼ål�{��ÄØÓaO���

Ým�'5�3�Éù�"�JÑ
�«#��{, ÏLòI-DCA!RCA!DCA±9�
DÚ

ål�{A^u$Ä ²Úaú ²w�p1Ìêâ©a¥, uyù
�{Ñäk�½�©a

�J, Ù¥î¼ål9I-DCA�{�©a°Ý�p; ��uÙ¦ålÿÝÆS�{, I-DCA�©

a°Ý�p!�{{ü�$��Ý�¯. �´�y²�{�2�5, �Y¢��IòÙA^u

õ«p1Ìêâ8¥.
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