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ABSTRACT

This paper addresses the calculation of moments of com-
plex Wishart and complex inverse Wishart distributed ran-
dom matrices. Complex Wishart and complex inverse
Wishart distributed random matrices are used in applica-
tions like radar, sonar, or seismics in order to model the
statistical properties of complex sample covariance matri-
ces and complex inverse sample covariance matrices, respec-
tively. Moments of these random matrices are often needed
e.g. in studies of asymptotic properties of parameter esti-
mates. This paper gives a derivation of the probability den-
sity function of complex inverse Wishart distributed ran-
dom matrices. Furthermore, strategies are outlined for the
calculation of the moments of complex Wishart and com-
plex inverse Wishart distributed matrices.

1. INTRODUCTION

In signal processing the multivariate complex normal dis-
tribution is used in order to describe the statistical prop-
erties of certain signals. An example are signals measured
by sensor arrays in radar, sonar, or seismic applications.
Often data enters an estimation procedure in form of a
sample covariance matrix S = % i\zlgkg*k.
applications, z* denotes the vector valued finite Fourier
transformed sensor outputs of succeeding data stretches
(k =1,...,K). Then, the vectors z* are asymptotically
normally distributed. In radar applications a quadrature
demodulation scheme is used to obtain the complex enve-
lope of the signal. The complex envelope is modelled by
the complex normal distribution in radar detection prob-
lems and source location estimation.

Typically estimators like e.g. maximimum likelihood,
least squares, or weighted subspace fitting estimators for
source location estimation are functions of the sample co-
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variance matrix S. The derivation of the asymptotic prop-
erties of these estimates when the sample size K increases
involves moments of complex Wishart or complex inverse
Wishart distributed matrices. This is because the sam-
ple covariance matrix is distributed as a complex random
Wishart matrix if measured data is modelled by a complex
normally distributed random vector. Furthermore, for the
derivation of the asymptotic properties the expected value
or the covariance matrix of a function of 8§ are needed. If
an algorithm uses the inverse of the sample covariance ma-
trix (e.g. [3]) one is lead to the complex inverse Wishart
distribution.

In this paper, the probability density function of inverse
complex Wishart distributed random matrices is derived.

The moments of complex Wishart distributed matrices are
determined using the characteristic function. A novel strat-
egy for the calculation of the moments of inverse complex
Wishart distributed random matrices is outlined. The com-
plex Wishart distribution is discussed in [4], results for the
real Wishart distribution can be found e.g. in [1].

2. PRELIMINARIES

Following [4] a complex N-dimensional random vector X is
called complex normally distributed with expected value u

and hermitian positiv (semi-)definite covariance matrix 3:

X ~ N§ (ﬁ’ E), if the 2N-dimensional real vector ¥ =

(Re X’,Tm X’)" is normally distributed with expected value
by = (Re ﬁ/7 Im ﬁ/)/ and covariance matrix

Sh— 1 { ReX —ImX

21 ImX ReX

Throughout the paper all vectors are column vectors. The
symbols ' and * denote tranposition of a matrix and the
hermitian operation, respectively. Given X,,..., X, in-
dependently identically complex normally distributed N-
dimensional random vectors with expected value 0 and co-
variance matrix X. Then, the (N x N) random matrix
W = Zi\zlikiz is complex Wishart distributed with
K degrees of freedom and parameter matrix 3: W ~
WS (K, ). The probability density function (pdf) fw of
W and the characteristic function (cf) ®w(O) of the ele-
ments of W are known [4].

3. COMPLEX INVERSE WISHART
DISTRIBUTION
Let the (N x N) matrix W be Wishart distributed: W ~
WES(K, ). Then, the (N x N) matrix W~ is complex
inverse Wishart distributed with K degrees of freedom and
parameter matrix £ W™ ~ Wf;_l (K, E_l). In [1] the
pdf of the real inverse Wishart distribution is calculated. In
the following part a derivation of the distribution of the pdf
of the complex inverse Wishart distribution is presented.
The elements of W™ are denoted by W' (i,5 = 1,..., N).

The transformation rule for pdfs is given by

fw-1(W™h) = ‘det [aa—v] ‘fw(vv—l)7

w
where
= (W' WY ReW " Im W',
Re WV =1 m =04y’

|



and

w = (Wll,...,WNN,RGWQ,IHIWQ,...,
RGWN_LN,IHIWN_LN)/.

Using the formulae % =-WwW! %W_l and

_,OW _1) B ( Yy _1) (aVV)
vec (VV 20 A% = (W QW vec 50 )
leads to

‘det [8—9] ‘ — 9~ NIV=1)/2 gt (W‘l’ ®W—1) .
ow

det (GW) oW
et | vec D ..., Vec D .

We obtain for %

g€
M = e.e + e
96 =T

Jlee, —

e, is a real N dimensional unit vector. Therefore, it can be

shown that
det | vec (GW) , vec oW = oNv-1)/2,
8w1 a’LUN2
)Y det (W)Y

Using det (VV_ll ® VV_l) = det (VV_
and the pdf of the complex Wishart distribution gives for
W ! positiv definite

: for 8 =W,
g; : for 8 =ReW;; .
gg;) : for § = Im W,

(det W™
I(%)

1)K+N

fw—l(w_l) = exp (—tr (E_lw_l))

and fy-1(W™') =0 for W™ not positiv definite, with

N
[(Z) =" TTI(K = n+1) (det £)F

n=1

4. MOMENTS OF WISHART DISTRIBUTED
MATRICES

For real random vectors it is well known that the cf can
be k times continuously differentiated if the corresponding
moments exist. Multiplying the kth derivative of the cf by
7% and evaluating the resulting expression for argument
zero gives the correponding kth moment. But in this paper,
we are interested in moments of the complex elements of S.
The differentiation of ®g(®) with respect to §;; for 1 # j
is not allowed because © is a hermitian matrix and the
Cauchy-Riemannian differential equations are not satisfied
if the element 6;; is complex differentiated with respect to
0:;. The following part shows that the differentiation of the
cf @5(9) with respect to elements 6;; is possible if real and
imaginary parts are treated separately.
We start by showing that the function tr(S®) in

05(0) = E exp (j 1r(SO)) (1)

is real. Using Si; = S + 7S] and 60i; = 0] + j6); gives

N
Z Sjkekj

tr(S®) =
7,k=1
= Zsfjefj +2 Z (S/k07% + S1xb7x) ,(2)
= Ik
s

where  and ! denote the real and imaginary part, respec-
tively. Equation (2) can be used to determine the derivative
of ®g(®) with respect to the real and the imaginary part
of G;x:

90s(O) _ ES;'}, i=k 3)
95 oo 2ESE, i£k
oDs(0©) , 0, i=k

s —_— = . . 4

265 |o_, T 2ESL, i#k “)

This leads to

09s(©) .0Ds(®)
R J T
el elH

0

, 1,
] =iesud y
®=0

The cf (1) can be differentiated with respect to the real and
the imaginary part of #;,. Let v a real parameter of the
matrix A then:

B|A| _,0A
o =l (A7)

Using (6) we obtain

0Ds(@) .0Ds(O)
R J T
00 00, &—0

(6)

s |7 - spe) (o ine )|

Combining (5) and (7) gives the first moment E Sir = Z;.
A similar approach can be used to obtain the second mo-
ment. The procedure can be significantly simplified by in-
troduction of a formal differentiation:

00 ,

90, Gk (8)

®=0

When using (8) we do not mean complex differentiation, 4,
and fg; are regarded as two different variables, see also [2].
We can simply write

190s(©)
J 00

E S

‘@:0

E (Sk,' exp (] tr(S@)) )

For higher order moments we obtain the following results.

= Yik. (9)

®=0

Second Moment:

P ds(O) 1
== — ;S
90,:001, S

ESiSu=— T

=32+

®=0



Third Moment:

1 9°0s(©)
E SijSkiSmn = === =
oK 7 005:0015005m | o _,

Ez]Eklzmn + = (Em]Eankl + Emlzknzz]‘i'

K

Ekailzmn) + (Ekaznzml + Eknzmjzzl) .

IT?

Fourth Moment:

5" s ()

E Si; Skt Smn Sop =
oM v aejiaelkaenmaepo

®=0
Ez] Eklznmzop + = %4 (onzipzklzmn + Ei]EolEkamn‘i'
Ez] Eklzonzmp + Eopzm] Eznzkl + Eopzmlzknzi]‘i'

Eopzmnzzlzk]) + (0] ([(2)

Using these relations the moments of complex Wishart dis-
tributed matrices up to order four can be easily derived.
The following formulae are examples:

ES=% (10)

E tr(ASBS) = tr(ATSBE) + Ftr(Az)tr(Bz) (11)

E (tr(AS)tr(BS)) — tr(AX) tr(BE) + %tr(AEBE)

(12)
2 (tr(ASBS)tr(CS)) — (r(AZBE) tr(CE) +
+(r(ASBECE) + r(ARCEBE) +
tr(AZ) tr(BE) tr(CE)) 4o ( 1&'2) (13)

E tr(ASBSCSDS) = tr(ASBZCEDE) +
% (tr(AE) tr(BECEDE) + tr(BE) tr(ASCEDE) +
tr(CE) tr(ASBEDE) + tr(DX) tr(ASBECE) +
tr(ASBE) tr(CEDE) + tr(BECX) tr(DEAE))

o () w

B (tr(ASBS)tr(CSDS)) -

tr(ASBE) tr(CEDX) + % (tr(AEBECEDE) +

(

tr(ASCEDEBE) + tr(ASBEDEICE) +

tr(ASDIZCEBE) + tr(ATSBE) tr(CE) tr(DX) +
(

r(CEDE) tr(AX) tr(BE)) 40 (%2) (15)

E (tr(AS) tr(BS) tr(CSDS)) —

tr(AS) tr(BE) tr(CEDE) +

% ( (r(AX) tr(BE) tr(CE) tr(DT) +

tr(ASCE) tr(BEDE) + tr(ALCEDE) tr(BI) +
tr(ASDECE) tr(BE) + tr(BECEDE) tr(AT) +

tr(BEDECE) tr(AE)) 40 ( K2) (16)

5. MOMENTS OF COMPLEX INVERSE
WISHART DISTRIBUTED MATRICES

The moments of inverse complex Wishart distributed ran-
dom matrices can be calculated without knowledge of the
pdf or the cf. In [5] and [6] an identity is given by which mo-
ments of real Wishart and inverse real Wishart distributed
random matrices can be calculated. In this paper we use
this identity. We derive a simplified form of the identity for
the calculation of the moments of interest. We define the
real matrices

ReW —ImW
WR:[ImW Re W }

ReW~! _ImW-! ]

We = [ ImW~! ReW-!
and denote the elements of Wgr and VVJ_%1 by Wg,i; and
W4 (i, = 1,...,2N), respectively. Then, the following
corollary can be proven [7].
Corollary: Let all moments of the complex random vari-
ables WP (a1,b1 = 1,...,N) exist up to order
J + 1. The function g : CcNWVN/2 0 is defined

by g = H Weiti with T < J. If real and imagi-
nary part of g fulfill the conditions of Stokes theorem
as described by theorem 2.1 in [6] then:

(95*) = ZHW“ BWE W (K — N)E (gW').
—1 i=1
1]

(17)

Using relation (17) we can determine the moments of com-
plex inverse Wishart distributed matrices.

First Moment: Use equation (17) with g =1, a =14, b=

7t
EW = oIt 18
[, N (18)
Second Moment: Using g = W% and a = k, b = [ leads
to
1 sk ik iy - 1 ik
—K—NE ST=—EW"W"Y + (K- N)EWYW™.
(19)
For g = WY and a = k, b = i one obtains
1 gk _ ik 1 - iy ik
K—NZ S =—EW" WY + (K - N)EW W™,
(20)

Relations (19) and (20) constitute a linear system
of equations with the two unknowns EWYW% and
EWYW'™. The solution for EW“ W% is given by

7 ik i ik
TN 4 XYY

i ik _
EWEWE = —w—wp 1




For an integer z and (K — N) >> y we can use

1
(K - N)» ((K _ Ny - y)
1 1
K=~y T 9 ((K - N)r+4) (21)
and write
Ewiowt = ;szm 4 ;Eljzik
(K —N)y (K —N)y
1
O —— . 22
* ((K—N)‘l) (22)

Third and Fourth Moment: The procedure used for
derivation of the second moment can be applied for
the calculation of the third and fourth moment by ap-
propriate choice of g and a,b. Then a system of 4 and
12 equations with 5 and 12 unknowns is obtained, re-
spectively [8]. The solution of these linear equation
systems gives:

EkaWn]Wil — 1 Szkmznjzil +

(K —N)
1 k nmel n, klxim
m(E D 2+ IV =+

; 1
tyvkmenl
IO » )+0<7(K_N)5).

EWipWo]WknWml — 1 4Eipzo]2kn2mp +

(K —N)
1
(K — N)

Eipzmnzojzkl+Ein2kpzo]2ml+

(Eipzonzkaml+Eip2knzol2m]+

Eilzwzknzmp 4 Eopzknzijzml) +0 ( .(24)

1
(K — N)6)

Using the first moment (18) and the approximations of the
second to fourth moment (22) to (24) the following identi-
ties can be derived [8].

K
K- N

—1

ES™! = (25)

K?

Apa—ly
E tr(AST'BS™ ) = 7([( —N)? tr(

AZT'BE TN 4+

) (26)

K?
(K —N)

K?

mtr(Az—l)tr(Bz—l) +0 (

K?
(K —N)
K?

(K —N)

E (tr(AS_l)tr(BS_l)) -

K?

mtr(Az—le—l) +0 (

)

1 _
> tr(AX" ) tr(BX

1)+

(27)

E (tr(AS_lBS_l)tr(CS_l))

% tr(AZT'BZ ) tr(CTY) +
ﬁ (tr(AE_l) tr(BX ™) tr(CZ™") +

tr(AZT'CZT'BZ ) +
K*®

tr(AE_lBE_1CE_1)) +0 (m

) (28)

E (tr(AS_lBS_l)tr(CS_lDS_l)) =
Ltr(
(K —N)*
K (tr(AE_lBE_1CE_1DE_1) +
(K —N)®
tr(AX”'BET'DET'CE T +
tr(AZ”'CZT'DE BT +
tr(AZ”'DET'CZ BT +

(

(

AZT'BE Y tr(CZT'DEZ T 4+

tr(AZT'BZ ) tr(CEZ ) tr(DXTY) +
tr AE_l)tr(BE_l)tr(CE_lDE_l)) +

K*? )

© ((K —N)
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