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Supervised Detection for Hyperspectral Imagery Based on High-dimensional

Multiscale Autoregression

HE Lin1 PAN Quan2 DI Wei3 LI Yuan-Qing1

Abstract A supervised detection algorithm is presented to detect the target region in hyperspectral imagery. In

order to utilize the spatial scale information in hyperspectral data, the multiscale observation of hyperspectral imagery

of different connected nodes at different scales are described by a high-dimensional autoregressive model. Then, a high-

dimensional multiscale autoregression based detector to detect target region is constructed, utilizing the equality between

joint distribution of various multiscale observations and that of the regression noise, and the multivariate t distribution

statistics of the regression noise. Theoretical analysis and the experiment involving five performance indexes show that

our detector is effective to detect target region in hyperspectral imagery.
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E�Ìuÿ�{ÚÄu1ÌÚ�m&E��Ì(Üuÿ�{. Ìuÿ�{�)ÌÉ~uÿÚÌ��uÿ. p1Ìã�ÌÉ~uÿØ|^�µÚ8I�k�1ÌAÆ, da�{Ì��)ü«, �´òØÎÜ�µÚOA5�ÚOÉ~:�Ǒ8I, RXD �{[7−9] ÚUTD �{[7] �´d�{¥��L5�{,Ù{�da�{�) He ��E��«���Ú�ë�Ouÿ�{[10] Ú Di ��E��«1Ì�D(f�mKÜ�{[11] ; ,�«´3p1Ìã�¥Ïé�µ½8I���1ÌAÆ, ,�|^f�mÝK�����{?1uÿ[7, 9, 12], $VÇuÿ (Low

probability of detection, LPD) �{[7] ´ùa�{¥��L5�{. 
Ì��uÿ´ÏéÚ®�1Ì&Ò���½´aq�1Ì&Ò[3] , f�mÝK
(Orthogonal subspace projection, OSP) �{[7, 13]´da�{¥�;.�{. Ø
ÌÉ~uÿ�{ÚÌ��uÿ�{�	, ���^�Ì&E(Ü��{?18Iuÿ, å��|^8I/Gf�m��E, ¢y
3p1Ìã�¥Ó�uÿäkõ«/G�õa8I[14]; Schweizer ��^n�pdê��Å�Å|éêâ?1ï�, ±|^p1Ìã���m�'5&E�E2Âq,'uÿì?1uÿ[15] ;

Chang �|^p1Ìã�êâ�
A�Ì¤©�O�µ&Ò, |^��ÝK�f�µ&Ò, ���âk



510 g Ä z Æ � 35ò�&Eé8I&Ò?1Or[7] ; Plaza �ò/�ÆÈÅ�{*��p�1Ì�m, ¢y
�m�!1Ì�éÜ8Iuÿ[16].g,.¥�Nõy�ÑäkõºÝAÆ, <�*	¹Ä  Ǒ�±3ØÓºÝþ?1. {Iæ�nóÆ�� Willsky �3 20 ­V 90 
��JÑ
õºÝg£8�.¿?1
�\ïÄ[17−19] , T�.nØ�JÑI�XõºÝ©ÛnØ?\
ÚO�.z�õºÝ�Å©Û�ã. yk�p1Ìã�8Iuÿ�{�Ñ�é�8I, �
ïÄö®}Á|^p1Ìã��1Ì�õºÝ&E?1�8Iuÿ[20−22], �ù
�{��ÄØÓºÝ�mAÆ��'5. 
3¢Y¢íü�uÿ!ú�|¤kÓíN!)ÔÔJuÿ9°¡�h��uÿ�[23−26] NõA^¥, 8IÔ~¬´k�½¡È���«�8I, Ta8IéêâÚOA5¬�)²wKǑ, ÌÉ~uÿØ|uuÿTa8I, 
XÛ�÷Ù�mºÝ&E¿ò�A^up1Ìã�8Iuÿ´����ïÄ�¯K. �©é|^p1Ìã���m�&E38IÚ�µkiÒ^�e?1«�8Iuÿ�¯K?1
ïÄ. lnÜ|^p1Ìã�*ÿêâ�1Ì�Ú�mºÝ�&E?18Iuÿ�g´Ñu,½Â
p1Ìã�p�õºÝg£8�.!p1Ìã�p�õºÝg£8í�Úp1Ìã�p�õºÝq,'u�, ±dǑÄ:, (Ü�ÅL§�õ�ê��Å5!p1Ìã�p�õºÝ*ÿ��Ap�õºÝ£8D(�m�VÇA5�d5!�µ����b�9p1Ìã�p�õºÝg£8D(õ�
t ©Ùï�, ��/í�Ñ�«p1Ìã�p�õºÝg£8kiÒuÿì. nØ©ÛÚ�ý¢�ÑL²
Tuÿìéuuÿ«�8I�k�5.

1 p1Ìã�p�õºÝuÿq,'u�p1Ìã�´n�êâá�N, �ÀǑ�|²L�O�õ
ã�. éu�m��Ǒ W × H = N���!ÅãêǑ B �p1Ìã�, �L«Ǒ
O = [xijk]WHB . 3�mõºÝb�e, p1Ìã

�*ÿ&E5gu�©*ÿêâ9Ù��oºÝ�m�ÝK. Xò L �ºÝ�*ÿêâN��Ó�ä[17−19] �!:þ, KT:õºÝ*ÿǑ XXXM =

[xxxT(sγL−1),xxxT(sγL−2), · · · ,xxxT(sγi), · · · ,xxxT(s)]T.X½Â RM Ǒ B × L �p�õºÝ*ÿ�m,KkXXXM ∈ RM . X± H0 �L�µ, H1 �L8I,��A�VÇ�Ýq,¼êþäkëêz(�, K�±ïáëêzõºÝ8Iuÿb��.. éu H0Ú H1, �±r B × L �p�õºÝ*ÿ�m RMy©Ǒ RM0 Ú RM1 ü�p��m. eéA�ü�q,¼êǑäkëêz(�, K RM0 �mÚ RM1�m©OéAu θθθb(Xb) Ú θθθt(Xt). éuü�b�
H0 Ú H1 9�ü�*ÿ�méA�ûü D0 Ú D1,�±���ûǑJ´Úuÿ��VÇ�L�ª, |^ N-P OKÚ PD!PFA �L�ª, ��ª (1) (���e�).�� JNP �4�, ª (1) ¥È©�3 RM1 �m¥���AT�ÜǑK�. Ïd����Oª (2)

(���e�), Ù¥ λ ǑdJ´Ç P (D1|H0) (½�K�.½Â 1. ��3p1Ìã��mõºÝ*ÿ
XXXM = [xxxT(sγL−1), xxxT(sγL−2), · · · ,xxxT(sγi), · · · ,

xxxT(s)]T �, ½Âª (2) Ǒp1Ìã�p�õºÝq,'u�.

2 p1Ìã�p�õºÝg£8uÿì
2.1 p1Ìã�p�õºÝg£8éu B �Åãêâ, �ïá±e P �£8'X:

xxx(s) = A1xxx(sγ) + A2xxx(sγ2) + · · · + APxxx(sγP )+

aaa0 + vvv =
P
∑

i=1

Aixxx(sγi) + aaa0 + vvv (3)Ù¥, Ai Ǒ�¹ i ÅãØÓºÝ�'Xê�éÆ
, aaa0 Ǒ £�þ, vvv = (v1, v2, · · · , vB)T Ǒ"þ�D(. ª (3) �¹
p1Ìã��ÅãêâºÝm�'X.

JNP = 1 − λα +

∫ ∫

· · ·

∫

RM1

(λpxxx(sγL−1),xxx(sγL−2),··· ,xxx(sγi),··· ,xxx(s)|H0
(xxx(sγL−1),xxx(sγL−2), · · · ,

xxx(sγi), · · · ,xxx(s)|H0) − pxxx(sγL−1),xxx(sγL−2),··· ,xxx(sγi),··· ,xxx(s)|H1
(xxx(sγL−1),xxx(sγL−2), · · · ,

xxx(sγi), · · · ,xxx(s)|H1))dxxx(sγL−1)dxxx(sγL−2) · · · dxxx(s) (1)

pxxx(sγL−1),xxx(sγL−2),···,xxx(sγi),···,xxx(s)|H1
(xxx(sγL−1), x(sγL−2), · · ·,xxx(sγi), · · ·,xxx(s)|H1)dxxx(sγL−1)dxxx(sγL−2) · · · dxxx(s)

pxxx(sγL−1),xxx(sγL−2),···,xxx(sγi),···,xxx(s)|H0
(xxx(sγL−1),xxx(sγL−2), · · ·,xxx(sγi), · · ·,xxx(s)|H0)dxxx(sγL−1)dxxx(sγL−2) · · · dxxx(s)

{

≥ λ, target

< λ, background
(2)



5Ï å ��: p1Ìã�p�õºÝg£8kiÒuÿ 511½Â 2. ��3p1Ìã��mõºÝ*ÿ XXX = [xxxT(sγL−1), xxxT(sγL−2), · · · ,xxxT(sγi), · · · ,

xxxT(s)]T �, ½Âª (3) Ǒp1Ìã�p�õºÝg£8�..p1Ìã�p�g£8L§£8�I��^:

JBILSE =

K
∑

j=1

[

xxxj(s) −

P
∑

i=1

Aixxxj(sγ
i) − aaa0

]T

×

[

xxxj(s) −

P
∑

i=1

Aixxxj(sγ
i) − aaa0

]

(4)Ù¥ B L«Åãê, K ǑÔö���ê.½Â 3. ��3p1Ìã��mõºÝ*ÿ XXX = [xxxT(sγL−1), xxxT(sγL−2), · · · ,xxxT(sγi), · · · ,

xxxT(s)]T �, ½Â JBILSE (ª (4)) Ǒp1Ìã�p�õºÝg£8í�Ú�Åã\È.X± JBILSE ��Ǒ`zOK, K)ª (3) Ǒ
(A1,A2,· · ·,AP )=arg min JBILSE(A1,A2, · · ·,AP )

(5)lª (4) �� JBILSE ���dǑ�z�í�²�\È���, =zÅãêâ����£8.éu,^�e¼��p1Ìã�¥�Ó�aO*ÿé�, �ØÙ´dü�XÔ�|¤�´dõ«XÔ�·Ü
¤, Ù3��ºÝþLyÑ�1ÌAÆAT´­½ÚØC�.5� 1. p1Ìã�¥�Ó�aO*ÿé�äk�Ó�ºÝm�'5.XJ�^½Â 2 ¥�p1Ìã�p�õºÝg£8�.£ãp1Ìã��ºÝm�'5, Kp1Ìã�¥Ó�aO*ÿé�éAXÓ�|£8Ý
Ú £�þ, ��Aí�êâ��5gÓ�©Ù.5� 2. p1Ìã�¥�Ó�*ÿé�aO�p�õºÝg£8í���5gÓ�©Ù.

2.2 8Ip�õºÝg£8q,éu H1 b�, �Ä½Â 2 ¥��., �âVÇ�Ý�{OK9�Aê��Å5k:

p(xxx(sγL−1),xxx(sγL−2), · · · ,xxx(s)|H1) =

p(x1(sγ
L−1)|H1)p(x2(sγ

L−1)|x1(sγ
L−1),H1), · · · ,

p(xB(sγL−1)|xB−1(sγ
L−1), · · ·, x1(sγ

L−1),H1), · · ·,

p(x1(sγ
L−2)|xxx(sγL−1),H1)p(x2(sγ

L−2)|x1(sγ
L−2),

xxx(sγL−1),H1), · · ·, p(xB(sγL−2)|xB−1(sγ
L−2), · · ·,

x1(sγ
L−2),xxx(sγL−1),H1)p(x1(sγ

L−3)|xxx(sγL−2),

xxx(sγL−1),H1), · · · , p(x1(sγ
L−P−1)|xxx(sγL−P ), · · · ,

xxx(sγL−1),H1)p(x2(sγ
L−P−1)|x1(sγ

L−P−1),

xxx(sγL−P ), · · · ,xxx(sγL−1),H1), · · · ,

p(xB(sγL−P−1)|xB−1(sγ
L−P−1), · · · ,

x1(sγ
L−P−1),xxx(sγL−P ),· · ·,xxx(sγL−1),H1),· · ·,

p(x1(sγ
L−P−2)|xxx(sγL−P−1), · · · ,

xxx(sγL−1),H1)p(x2(sγ
L−P−2)|x1(sγ

L−P−2),

xxx(sγL−P−1)), · · · ,xxx(sγL−1),H1), · · · ,

p(xB(sγL−P−2)|xB−1(sγ
L−P−2), · · ·, x1(sγ

L−P−2),

xxx(sγL−P−1), · · · ,xxx(sγL−1),H1), · · · ,

p(x1(s)|xxx(sγ),· · ·,xxx(sγL−1),H1)p(x2(s)|x1(sγ),

xxx(sγ),· · ·,xxx(sγL−1),H1),· · ·, p(xB(s)|xB−1(s),· · ·,

x1(sγ),xxx(sγ), · · · ,xxx(sγL−1),H1) =

p(xxx(sγL−1)|H1)p(xxx(sγL−2)|xxx(sγL−1),H1), · · · ,

p(xxx(sγL−P−1)|xxx(sγL−P ), · · · ,xxx(sγL−1),H1) ×

p(xxx(sγL−P−2)|xxx(sγL−P−1),xxx(sγL−P ), · · · ,

xxx(sγL−1),H1), · · · , p(xxx(s)|xxx(sγL−1),

xxx(sγL−2), · · · ,xxx(sγ)|H1) =

p(xxx(sγL−1)|H1)p(xxx(sγL−2)|xxx(sγL−1),H1), · · · ,

p(xxx(sγL−P−1)|xxx(sγL−P ), · · · ,xxx(sγL−1),H1) ×

p(xxx(sγL−P−2)|xxx(sγL−P−1),xxx(sγL−P ), · · · ,

xxx(sγL−2),H1),· · ·, p(xxx(s)|xxx(sγP ),· · ·,xxx(sγ)|H1)

(6)Ù¥ P Ǒ�,�ºÝp1Ìã�*ÿ�3�'5�;��[ºÝ�ºÝê. ���
xxx(s) =

P
∑

i=1

A0ixxx(sγi) + aaa0 + vvv0

· · ·

xxx(sγL−P−1) =
L−1
∑

i=L−P

A(L−P−1)ixxx(sγi) +

aaaL−P−1 + vvvL−P−1 (7)Ù¥, A0i Ǒ�¹ 0 ºÝÚ i ºÝm�'Xê�éÆ
. dª (7) �
vvv0 = xxx(s) −

(

P
∑

i=1

Aixxx(sγi) + aaa0

)

(8)� vvv0 � xxx(s) m�3�� £þ, ��
pvvv0

(vvv0|H1) = pvvv0

(

xxx(s) −

(

P
∑

i=1

Aixxx(sγi) + aaa0

)∣

∣

∣

∣

∣

xxx(sγ), · · · ,xxx(sγP ),H1

)

=

pXXX

(

xxx(s) −

(

P
∑

i=1

Aixxx(sγi) + aaa0

)

+
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(

P
∑

i=1

AAAixxx(sγi) + aaa0

)
∣

∣

∣

∣

∣

xxx(sγ), · · · ,xxx(sγP ),H1

)

=

pXXX(xxx(s)|xxx(sγ), · · · ,xxx(sγP ),H1) (9)X- A =
∑P

i=1 Aixxx(sγi) + aaa0, TL§Ǒ�Xã 1¤«.

(a) ,!:*ÿ�VÇ�Ý
(a) Probability density of the

observation of one noise

(b) £8D(�VÇ�Ý
(b) Probability density of

corresponding regression noiseã 1 ,!:*ÿ�éA�£8D(mVÇ�Ý¼ê�'X
Fig. 1 The relationship between the probability density

of the observation with the corresponding regression noise�ª (9) �y²Ón, �±��:

pvvv1
(vvv1|H1) = pXXX(xxx(sγ)|xxx(sγP+1), · · · ,xxx(sγ2),H1)

· · ·

pvvvL−P−1
(vvvL−P−1|H1) =

pXXX(xxx(sγL−P−1)|xxx(sγL−1), · · · ,xxx(sγL−P ),H1) (10)éª (6) ¥ P − 1 �^�Cþê©OǑ P − 1,

P − 2, · · · , 1 �^�VÇ�Ý¼ê�±©Oïá
P − 1 �£8�ê©O´ P − 1, P − 2, · · · , 1 �p�g£8�§. ¿�ÄÙ©OéA� P − 1, P − 2,

· · · , 1 �ê��Å5, |^ª (10) �y²L§Ón�±��:

pvvvL−P
(vvvL−P |H1) =

pXXX(xxx(sγL−P )|xxx(sγL−1), · · · ,xxx(sγL−P+1),H1)

pvvvL−P+1
(vvvL−P+1|H1) =

pXXX(xxx(sγL−P+1)|xxx(sγL−1), · · · ,xxx(sγL−P+2),H1)

· · ·

pvvvL−2
(vvvL−2|H1)=pXXX(xxx(sγL−2)|xxx(sγL−1),H1) (11)

p(xxx(sγL−1),xxx(sγL−2), · · · ,xxx(s)|H1) =

p(xxx(sγL−1)|H1)p(xxx(sγL−2)|xxx(sγL−1),

φL−2(Xt),H1), · · · , p(xxx(sγL−P−1)|xxx(sγL−P ), · · · ,

xxx(sγL−1)φL−P−1(Xt),H1) ×

p(xxx(sγL−P−2)|xxx(sγL−P−1),xxx(sγL−P ), · · · ,

xxx(sγL−1)φL−P−2(Xt),H1), · · · ,

p(xxx(s)|xxx(sγP ), · · · ,xxx(sγ), φ0(XXX t),H1) =

p(xxx(sγL−1)|H1)pvvv1
(vvv1|φ1(Xt),H1) × · · · ×

pvvvL−P−1
(vvvL−P−1|φL−P−1(Xt),H1) ×

pvvvL−P
(vvvL−P |φL−P (XXX t),H1) ×

pvvvL−P+1
(vvvL−P+1|φL−P+1(Xt),H1) × · · · ×

pvvvL−2
(vvvL−2|,H1) (12)�â5� 1, ÏL8IÔö��8 Xt Úp�õºÝg£8�.���p1Ìã�¥�8IaOéA��|£8Ý
Ú £�þ, òù�|ëêL«Ǒ φ(Xt)(i = 0, 1, · · · , L − 1), (i éAuª (11) Ú

(15) ¥�ª�>� sγi ÆI), K φ(XXXt) ¤NyÑ�8IaOºÝm�'5AT´�uÿêâ��¥�8Iêâ��ǑÓ�äk�, 2|^ª (6)!(10) Ú
(11), �±��ª (12) ¤«�kiÒ^�e�8Iq,¼ê.

2.3 �����µp�õºÝg£8q,���¹e*ÿ|µ¥��µ|¤�Ǒõ�,�òÙÀǑ5gu C �oN. �ØÓ�µoN�éuõºÝ*ÿêâ���VÇǑ P (Uj|xxx(sγL−1),

xxx(sγL−2), · · · ,xxx(s))(j =1, 2, · · · , C) éu*ÿêâ�� xxx(sγL−1),xxx(sγL−2), · · · ,xxx(s)5gu=��µoN���Ün)º´�â��VÇ?1�ä, =:

j = arg max
j=1,2,··· ,C

P (Uj|xxx(sγL−1),

xxx(sγL−2), · · · ,xxx(s))

xxx(sγL−1),xxx(sγL−2), · · · ,xxx(s) ∈ Uj (13)�â��dúªk
P (Uj |xxx(sγL−1),xxx(sγL−2), · · · ,xxx(s)) =

P (Uj)p(xxx(sγL−1),xxx(sγL−2), · · · ,xxx(s)|Uj)

p(xxx(sγL−1),xxx(sγL−2), · · · ,xxx(s))
(14)Xb�¤k�µaOÑy�k�VÇ�Ó, =:

P (U1) = P (U2) = · · · = P (UC) =
1

C
(15)qdu¤?Ø�A��µaOoN�é�Ó���8?1?n, Ïd�âª (15) ��, ª (13) ��OOK�eª�d:

j = arg max
j=1,2,··· ,C

p(xxx(sγL−1),

xxx(sγL−2), · · · ,xxx(s)|Uj)

xxx(sγL−1),xxx(sγL−2), · · · ,xxx(s) ∈ Uj (16)



5Ï å ��: p1Ìã�p�õºÝg£8kiÒuÿ 513e3 H0 b�e, õºÝ*ÿØÓºÝmǑ�3 P�ê��Å5, q�Äõ��µoN, Kk:

p(xxx(sγL−1),xxx(sγL−2), · · · ,xxx(s)|Uj,H0) =

p(xxx(sγL−1)|Uj,H0)p(xxx(sγL−2)|xxx(sγL−1),

Uj,H0), · · ·, p(xxx(sγL−P−1)|xxx(sγL−P ), · · ·,xxx(sγL−1),

Uj,H0)p(xxx(sγL−P−2)|xxx(sγL−P−1),xxx(sγL−P ), · · · ,

xxx(sγL−1), Uj,H0), · · · , p(xxx(s)|xxx(sγP ), · · · ,

xxx(sγ), Uj ,H0) (j = 1, 2, · · · , C) (17)Ù¥ j = 1, 2, · · · , C L«�µoNaOSÒ.3 H1 b�e�í�L§Ó�·^u H0 b�.d�, éu C a�µ¥z�a��3:

pvvv′

j0
(vvv′

j0|H0) = pxxx(xxx(s)|xxx(sssγP ), · · · ,xxx(sγ), Uj ,H0)

· · ·

pvvv′

j(L−P−1)
(vvv′

j(L−P−1)|H0) =

pxxx(xxx(sγL−P−1)|xxx(sγL−1), · · · ,xxx(sγL−P ), Uj ,H0)

(18)éu P − 1 �^�Cþê©OǑ P − 1, P −

2, · · · , 1 �õºÝ*ÿ^�VÇ�Ý¼ê9Ù�A� P − 1 �g£8�§, ��:

pvvv′

j(L−P )
(vvv′

j(L−P )|H0) =

pxxx(xxx(sγL−P )|xxx(sγL−1), · · · ,xxx(sγL−P+1), Uj ,H0)

pvvv′

j(L−P+1)
(vvv′

j(L−P+1)|H0) =

pxxx(xxx(sγL−P+1)|xxx(sγL−1), · · ·,xxx(sγL−P+2), Uj ,H0)

· · ·

pvvv′

j(L−2)
(vvv′

j(L−2)|H0) =

pxxx(xxx(sγL−2)|xxx(sγL−1), Uj ,H0) (19)

�1 2.2!¥�©Ûaq, ÏL,a�µÔö��8
Xjb(j = 0, 1, · · · , C, L«�µaO) Úp1Ìã�p�õºÝg£8�.���p1Ìã�¥��µaOéA�£8Ý
Ú £�þ, òù�|ëêL«Ǒ φji(Xjb)(j = 0, 1, · · · , C; i = 0, 1, · · · , L − 1,éAuª (18) Ú (19) ¥� vvv′

ji �ÆI), K φji(Xjb)¤NyÑ�,�µaOºÝm�'5AT´�uÿêâ��¥�T�µaOêâ��ǑÓ�äk�,2�âª (16)∼ (19), ���µq,¼ê:

p(xxx(sγL−1),xxx(sγL−2), · · · ,xxx(s)|H0) =

max
j=1,2,··· ,C

pXXX(xxx(sγL−1)|Uj ,H0) ×

pvvv′

j0
(vvv′

j0|φj0(Xjb),H0)pvvv′

j1
(vvv′

j1|φj1(Xjb)H0) × · · · ×

pvvv′

j(L−P −1)
(vvv′

j(L−P−1)|φj(L−P−1)(Xjb),H0) ×

pvvv′

j(L−P )
(vvv′

j(L−P )|φj(L−P )(Xjb),H0) ×

pvvv′

j(L−P +1)
(vvv′

j(L−P+1)|φj(L−P+1)(Xjb)H0) × · · · ×

pvvv′

j(L−2)
(vvv′

j(L−2)|φj(L−2)(Xjb),H0) (20)

2.4 p�õºÝg£8q,'u�âª (2)!(12) Ú (20) ���õºÝq,'u���OªǑª (21) (���e�), Ù¥, λ1 ǑdJ´Ç ∫ +∞

λ1
fδ1(XXXM )|H0

(δ1(XXXM)|H0) dδ1(XXXM) (½�K�, fδ1(XXXM )|H0
ǑuÿC�ÑÑéA�VÇ�Ý¼ê. duõºÝ*ÿØ"ºÝ	, Ù{ºÝ*ÿþd"ºÝ*ÿ©)
5, Ïd3�oºÝ�Ôö��é�, �b��oºÝþ?��uÿ �´8IÚ�µ�k�VÇ��, Kª (21) z{Ǒª (22). Ù¥ λ2 ǑdJ´Ç ∫ +∞

λ2
fδ2(XXXM )|H0

(δ2(XXXM )|H0)dδ2(XXXM ) (½�K�, fδ2(XXXM )|H0
ǑuÿC�ÑÑéA�VÇ�Ý¼ê.

δ1(XXXM ) =
Lt(XXXM )

Lb(XXXM )
=

p(xxx(sγL−1)|H1)pvvv1(vvv1|φ1(XXXt), H1)×· · ·×pvvvL−P−1(vvvL−P−1|φL−P−1(Xt), H1)

max
j=1,2,···,C

p(xxx(sγL−1)|H0)pvvv′

j0
(vvv′

j0|φj0(Xjb),H0)pvvv′

j1
(vvv′

j1|φj1(XXXjb),H0),×· · ·×pvvv′

j(L−P−1)
(vvv′

j(L−P−1)|φj(L−P−1)(Xjb),H0)
×

pvvvL−P
(vvvL−P |φL−P (Xt), H1)pvvvL−P+1(vvvL−P+1|φL−P+1(XXXt), H1)×· · ·×pvvvL−2(vvvL−2|, H1)

pvvv′

j(L−P )
(vvv′

j(L−P )|φj(L−P )(Xjb),H0)pvvv′

j(L−P+1)
(vvv′

j(L−P+1)|φj(L−P+1)(XXXjb),H0),×· · ·×pvvv′

j(L−2)
(vvv′

j(L−2)|φj(L−2)(Xjb),H0)
=

p(xxx(sγL−1)|H1)

L−2
∏

i=0

pvvvi
(vvvi|φi(XXXt), H1)

max
j=1,2,··· ,C

p(xxx(sγL−1)|H0)

L−2
∏

i=0

pvvv′

ji
(vvv′

ji|φji(Xjb), H0)

{

≥ λ1, target

< λ1, background
(21)
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δ2(XXXM ) =

L−2
∏

i=0

pvvvi
(vvvi|φi(Xt),H1)

max
j=1,2,··· ,C

L−2
∏

i=0

pvvv′

ji
(vvv′

ji|φji(Xjb),H0)

{

≥ λ2 target

< λ2 background
(22)ª (22) ¥�£8í�êâ´ B ��p�êâ,O��IýklÔö��¥¼�ÙÚOA5. pd©ÙduÙ$�{ü����£ã����ÚOA5��Ï, 
¤Ǒ�~^�ÚO�.. Manolakis ��Ǒp1Ìã�*ÿêâ´p�ã�êâ, äk���E,5, J±^õ�pd©Ù5£ã[27] . õ�

t ©Ù�õ�pd©Ù�', õ
gdÝÚêâ�êëê, éE,�p�êâäk���·A5, ��O(£ãp�êâ�°��A5[28] . Ïd, ÀJõ� t ©Ù5£ãp1Ìã�p�õºÝg£8í�êâ�ÚOA5, �â1 2.1 !¥�5� 2, ÏL,a*ÿé��Ôö��8 XXX (XXX �±´ Xt ½´ Xjb ¥�?¿�«) ¼��'uõ� t ©Ù�ëêz£ã�±^5ïþ�uÿ���Ta*ÿé��q,§Ý. ²p�õºÝg£8?n��p�£8D(êâ�©Ù��Ǒäk"þ�Úé¡5, 2|^ª (22) �±��p1Ìã�p�õºÝg£8kiÒuÿì (23) (���e�), Ù¥,

Ψ ǑÑ�Ý
, ν ǑgdÝ, p Ǒ�ê, τ ǑdJ

´Ç ∫ +∞

τ
fη(XXXM )|H0

(η(XXXM )|H0)dη(XXXM) (½�K�, fη(XXXM )|H0
ǑuÿC�ÑÑ�VÇ�Ý¼ê.

3 ¢�9Ù©Û¢�é�Ǒ��{I Spectra Vista úi�Å1 EPS-A ¤�1Ì¤û��p1Ìã�êâ, ÊûpÝǑ 1 500 =º, /¡�m©EÇǑ 3.6 ��m,êâ��¹ 31 �Åã, ã��Ý�ê 16 bits, �)ú�!ÒK!ïÓÔ!ú´ÚYè�Êa/Ô.ép1Ìã�õºÝ*ÿ, |^ÔöêâÚ½Â 2 9½Â 3 ¥½Â��.��Ê«/Ô�õºÝ*ÿéA�£8XêÚ£8D(, ¿�O£8D(õ� t ©Ùëê, õºÝ*ÿǑ 4 �ºÝ, Ôö��ê8Ǒ 400, £8�êl��m©. ±ïÓÔǑ�uÿ8I. �^þãO�����|ëê?1?n.

(�Ì¤�, �m�:3 0!1!2 ºÝ, 3 1!2!3 n�ºÝ9 2!3 ü�ºÝ*ÿ�m�£8D(�VÇã«Ñ).ã 2 (a) (�e�) ´�^ª (23) p1Ìã�p�õºÝg£8kiÒuÿìÚþã¥mêâ���uÿC�(J; ã 2 (b) ´�^p�õºÝg£8�.�é£8D(õ���©Ùï����(J, éA�{¡Ǒ MMGD (Multiscale multivari-

ate Gaussian distribution) �{; ã 2 (c) ´é�©*ÿêâ�^õ� t ©Ùï����(J, éA�{¡ǑMTD (Multivariate-t-distribution) �{;

η(XXXM ) =

L−2
∏

i=0

f(vvvi|000,Ψi(Xt), νi(XXX t), φi(Xt))

max
j=1,2,··· ,C

(

L−2
∏

i=0

f(vvv′
ji|000,Ψ′

ji(Xjb), ν
′
ji(Xjb), φji(Xjb))

) =

(

L−2
∏

i=0

|Ψi(XXX t)|

)− 1
2 L−2
∏

i=0

Γ

(

νi(Xt) + p

2

)

(

L−2
∏

i=0

νi(XXX t)

)

p

2 L−2
∏

i=0

Γ

(

νi(Xt)

2

) L−2
∏

i=0

[

1 +
1

νi

vvvT
i (xxx, φi(Xt))Ψ

−1
i (XXX t)vvvi(xxx, φi(Xt))

]

vi(XXXt)+P

2

×

min
j=1,2,··· ,C

(

L−2
∏

i=0

ν ′
ji(Xjb)

)

p

2 L−2
∏

i=0

Γ

(

νji(XXXjb)

2

)L−2
∏

i=0

[

1+
1

νji(Xjb)
vvvT

ji(xxx,φji(Xjb))Ψ
−1
ji (Xjb)vvvji(xxx, φji(XXXjb))

]

vji(XXXjb)+P

2

(

L−2
∏

i=0

|Ψ
′

ji(XXXjb)|

)− 1
2 L−2
∏

i=0

Γ

(

ν ′
ji(Xjb)+p

2

)

{

≥ τ, target

< τ, background
(23)



5Ï å ��: p1Ìã�p�õºÝg£8kiÒuÿ 515ã 2 (d) ´é�©*ÿêâ�^õ���©Ùï����(J, éA�{¡Ǒ MGD (Multivariate

Gaussian distribution) �{; ã 2 (e) ´kJ�p1Ìã��o�Ì¤©¿òÙÀǑ�µ/Ô1ÌAÆ, ±8IÔö���þ��Ǒ8I1ÌAÆ, ,��^��f�mÝK�{���(J, éA�{¡Ǒ PCM (Principal component matched) �{; ã
2 (f) ´�^n�pdê��Å�Å|ép1Ìã�êâï����(J, T�{¡Ǒ GMRF (Gaus-

sian Markov random field) �{. XJ±ïÓÔ8I��µ/Ô�é'Ý�Ǒµduÿ�J�OK,�oé'Ý�r, 8I��µ�©lÝ��, uÿ�J��. 3ã 2 ¥8À'�8«�{, ã 2 (a) Ǒ�©¤�Ñ��{ 1,uÿ�J��; ã 2 (e)Úã 2 (f)éA� PCM {Ú GMRF {��J��; ã 2 (a)Úã 2 (b) éA�ü«�^õºÝ*ÿ��©�{ÚMMGD {��J��uã 2 (c) Úã 2 (d) éA���^�©*ÿêâ��{. ã 2 (a) Úã 2 (c)éA��^õ� t ©Ùï���©�{Ú MTD ��J©O`uã 2 (b) Úã 2 (d) éA�õ���©
(a) �©�{

(a) Our algorithm

(b) õºÝõ���©Ù�{
(b) MMGD algorithm

(c) õ� t ©Ù�{
(c) MTD algorithm

(d) õ���©Ù�{
(d) MGD algorithm

(e) Ì¤©���{
(e) PCM algorithm

(f) pdê��Å�Å|�{
(f) GMRF algorithmã 2 uÿC�(J

Fig. 2 Detection results

Ùï��MMGD {ÚMGD {.ã 3�Ñ
þã8«�{ (�g¡Ǒ�{ 1∼ 6)�uÿC�(J�þ���©lÝ«¿ã (®5�z�
 0 � 255 �m). z�«�{éA��¢%Ú���%�ã, �ã�p�I��¥% �d8I½�µuÿ��þ�û½, Ù�áduÿ�þ��û½, ¢%�ã�L�µ, �%�ã�L8I. lã 3 ¥���8«�{8IÚ�µ©l§Ý�'��(J�
ã8À�½(Jaq. ��|^Ù�E
DMSV (Distance between the means relative to

the standard variances) þzµd�I:

DMSV =
α1|mb − mt|

α2(σb + σt) + α3|σb + σt| + 1
(24)Ù¥ mb Ú mt ©O´�µÚ8Iuÿ����þ�; σb Ú σt ´��þ��; α1!α2 Ú α3 ´þØ�u"��­Ïf. DMSV ��, L²8IÚ�µ©l§Ý��, uÿ�J��. L 1 (�e�)�Ñ
�^��þ�Ú��þ���Ǒþ�Úþ����O, 8«�{�uÿC��3 α1 = 1!

α2 = 0!α3 = 0, α1 = 1!α2 = 1!α3 = 1,

α1 = 1!α2 = 1!α3 = 0.5 9 α1 = 1!α2 =

0.5!α3 = 1 ^�e� DSMV �I� (©O^
DSMV 1!DSMV 2!DSMV 3 ÚDSMV 4 L«).ÏL'�L 1 ¥�êâ�±wÑ, 3ØÓ�­Xêe, �©�{� DSMV �Ñ�p; �{ 5 Ú�{ 6� DSMV �²w$uÙ{�{; �{ 2!�{ 3!�{ 4 � DSMV ���^S��­XêØÓ
k�
Cz. l DMSV w, �©�{�k�.

ã 3 ��þ���©lÝ«¿ã
Fig. 3 Plots of means and standard variancesǑ��*O(/'���{, ã 4 (�e�) �Ñ
��{8IÚ�µuÿC���Ø�Ý�O­� (�O�{�^pdØÚ Rule of thumb OK).�±wÑ, �{ 1 éA�8IÚ�µVÇ�Ý­��¤3� ��å��, ­�/G�Ǒkb��Üá, ü^­��Üvk­Ü, `²8IÚ�µ�©l



516 g Ä z Æ � 35ò§Ý�~wÍ; Ù�A«�{éA�8IÚ�µVÇ�Ý­��¤3� ��å�C, VÇ�Ý�Ü�°, ü^VÇ�Ý­���Ü­Ü�õ; 
Ù´�{ 5 Ú 6 �$. Ïd, lã 4 ���©�{ (�{
1) �J��, �{ 2∼ 4 g�, �{ 5 Ú 6 ��. lã 4 Ǒ��Euÿµdþz�I. |^VÇ�Ý­�æ�¿?1È©$����8IÚ�µuÿC�(Jþ���O� m′

t!m′
b ÚIO����O� σ′

tÚ σ′
b, ��Eaqu DSMV ��I DSMV ′:

DMSV ′ =
α1|m

′
b − m′

t|

α2(σ
′
b + σ′

t) + α3|σ
′
b + σ′

t| + 1
(25)L 1 �{� DSMV �I

Table 1 DSMV values of algorithms�{ DMSV 1 DMSV 2 DMSV 3 DMSV 4�{ 1 199.5113 0.3640 0.4465 0.5310�{ 2 142.1776 0.0650 0.0769 0.0992�{ 3 115.5711 0.1168 0.1188 0.2259�{ 4 53.1265 0.0807 0.0883 0.1374�{ 5 2.9800 0.0022 0.0024 0.0036�{ 6 6.0717 0.0031 0.0031 0.0061L 2 �Ñ
ã 4 �VÇ�Ý¼ê (Probability

density function, PDF) ­�éA� DSMV ′ �
(�^ 10 000 ��m�æ�¿�O). �^ DSMV?1�'�aq, lDSMV ′ w, �©�Ñ��{ 138«�{¥�k�.

lã 2∼ 4, 9L 1 ÚL 2 �Ñ: ª (23) ¤«p1Ìã�p�õºÝg£8kiÒuÿìéu«�8I�uÿ�J`uÙ{Ê«é'�{. �ÏXe:�{ 2 |^
p1Ìã�¥��mõºÝ*ÿ&E,��UO(£ãÙÚOA5; �{ 3 Ú�{ 4 Ñvk�^p1Ìã�¥��mºÝ�&E; �{ 5 ¥Ø�|^p1Ìã��mºÝ�&E	, Ù^��µ1ÌAÆ�Ì¤©&Ò�¢S/Ô�µ�î��éA'X, ���Ä�µ/Ô1ÌAÆ¿Ø�½÷v��^�; �{ 6 vk|^p1Ìã��mºÝ�&E�Ù�^��.ØUé�/£ãp1Ìã��µÚOA5. �©�{3�^p�õºÝg£8�.ép1Ìã�êâ?1?n�Ä:þ�^õ�
t ©Ùép�£8D(êâ?1ÚO5ï�, Q|^
p1Ìã�¥��mºÝ�&E, q�Ǒ°(/£ã
�'p�êâ�ÚOA5, Ïd��
'Ù{A«�{Ñ��uÿ�J.L 2 �{�DSMV ′ �I

Table 2 DSMV ′ values of algorithms�{ DSMV ′1 DSMV ′2 DSMV ′3 DSMV ′4�{ 1 204.16 5.8013 6.6408 9.0554�{ 2 180.60 2.6970 2.9767 4.4844�{ 3 131.95 2.9053 3.1194 5.0123�{ 4 47.20 1.6277 1.6385 3.1072�{ 5 12.75 0.2298 0.2629 0.3617�{ 6 12.93 0.2411 0.2589 0.4169

(a) �©�{
(a) Our algorithm

(b) õºÝõ���©Ù�{
(b) MMGD algorithm

(c) õ� t ©Ù�{
(c) MTD algorithm

(d) õ���©Ù�{
(d) MGD algorithm

(e) Ì¤©«��{
(e) PCM algorithm

(f) pdê��Å�Å|�{
(f) GMRF algorithmsã 4 8I�µVÇ�Ý­�

Fig. 4 Plots of probabilities density of backgrounds and target
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4 (ØÚ?Ø�©é|^p1Ìã���mºÝ�&E¢y8IÚ�µkiÒ�¹e�«�8Iuÿ¯K?1
ïÄ, �Ñ
p1Ìã�p�õºÝg£8kiÒuÿì. l¢�(JÚnØ©Ûw, TuÿìnÜ|^
p1Ìã��1Ì�&EÚ�mºÝ�&E,�k�uÿp1Ìã�¥�«�8I.�©�{k�
�¡I?�Ú�\ïÄ. p1Ìã�´p�ã�êâ, ~�O�E,ÝÚJp3k���½´���^�ep�êâ�?n°Ý´í�A^�­�¯K, �öǑ´�ª£OÚÅìÆSnØïÄ¥�²;ÚJ:¯K[29]. ·��Ǒ�l±eA:\�}Á)ûù
¯K:

1) ép�p1Ìã�3uÿL§¥?1�©êâ�ü�ý?n. p1Ìã�1Ì�m�Ü©´�����äkª�8¥uA½«��A5[30]. �nØþ�3Xò1Ì�m?1ü�
�3��&E��U. Jia ��^©ãÌ¤©C�?11Ì�ü�,Ó��3�©5&E[31] ; Chiang ��^
ÝKÏl�{[32]. T�¡L)ûü�¯K, Ïé��3�©5�ü�C�9C��êâÚOA5�£ã.

2) 3ÚO5uÿµe¥Ú\k��ÚOÆSL§. ~^���ÚOÆS�{�)�iÒÆS[33] Ú|±�þÅ[34] �. �iÒÆS�|^�ÿÁ���&E±JpÆS°Ý. |±�þÅ3p�Ø�m�Ï"ºx,«§Ýþ��ê�'. Kwon ��E
�aØC��8Iuÿì[35] , �Ù�?Ø����¯K.

3) �EO(�p1Ìêâk�ÚO�.±lêâ��¥J�ý¢&E.
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