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Abstract
Channel estimation algorithms have a key role in signal detection in MIMO-OFDM systems. In this system, the number of channel
components which need to be estimated is much more than conventional SISO wirdess systems. Consequently, the computational
process of channel estimation is highly intensive. In addition, the high performance channel estimation algorithms mostly suffer from
high computational complexity. In the other words, the system undergoes intensive computations if high performance efficiency is
desired. However, there is an alternative solution to achieve both high performance efficiency and relatively low level of
computational complexity. In this solution, high efficient channel estimation is firstly designed, and then it is simplified using
alternative mathematical expressions. In this paper, Iterative channel estimation based on QR decomposition for MIMO-OFDM
systems is proposed. From simulation results, the iterative QRD channel estimation algorithm can provide better mean-square-error

and bit error rate performance than conventional methods.

Index Terms. MIMO, OFDM, QRD,Least squre Channel estimation
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1. INTRODUCTION

Orthogonal frequency division multiplexing (OFDM)
technology has been used widely in many wireless
communication systems, such as digital audio brastiig
(DAB), digital video broadcasting (DVB), wirelesschl area
network (WLAN), asymmetric digital subscriber loop
(ADSL), and future 4G systems. OFDM systems cawigeo
higher bandwidth efficiency and achieve higher data
throughput. In order to enhance the data rate,ivaotenna
technique is applied to existing systems. Multiplput
multiple-output (MIMO) communication refers to wless
communication systems using an array of antennas (i
multiple antennas) at either the transmitter or teeeiver.
Multiplexing would cause interference, but MIMO ®m®s
use smart selection and/or combining techniquesthat
receiving end to transmit more information and rapiove
signal quality.

Therefore, MIMO OFDM systems are regarded as ateac
systems for high speed transmission. Hence, tlegiation of
these two technologies has the potential to meet eer
growing demands of future communication systems [fL]
space-time coding is used at the transmitter, thanmel
knowledge is required at the receiver to decodertmesmitted
symbols. Therefore, accurate channel estimatiogspéakey
role in data detection especially in MIMO-OFDM syt
where the number of channel coefficients is MxNetimore
than SISO system. (M and N are the number of tritesn
and received antenna respectively). Technicallretare four

types of channel estimation [2]; training-basedndl semi-
blind and data—aided channel estimation. In wigeles
communications, signals are always distorted bywebk The
wireless channel is time or location variant tharotel state
information to compensate the channel distortiolot Bignals
can be spaced separated in the transmitted symholhe
receiver, the channel impulse response can be astihat the
positions of pilot signals. The other channel infation at the
data signals can be obtained by interpolating tstemated
channel impulse response. However, error causechagnel
interpolation cannot be avoided. A good channehedion
method can provide higher reliable data detection.

In this paper, we proposed iterative channel estimebased
on QR Decomposition for MIMO OFDM systems. The am
this paper is to investigate the effectiveness &DQ(QR

decomposition) to reduce the computational complerif

channel estimation algorithms in MIMO-OFDM systeamd

design high performance channel estimation forgggtem by
using iterative technique.

2.SYSTEM MODEL

Figure.1 shows the basic model of MIMO-OFDM systgiti

M and Nr number of antenna at the transmitter auiver
respectively. In this model, MIMO transmission gsamed to
be OSTBC (Orthogonal Space-Time Block Coded). Toeee
the block of user information after mapping in MPSK
modulator is coded by the MIMO-STBC encoder witle th
matrix dimension of PxM. Where P is the number iofet
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interval needed to transmit this matrix by M numhmsr
transmit antenna.
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Channcl estination

S/P C= Serial to Parallel Converter
P/S C= Parallel to Serial Converter
FFT= Fast Fourier Transform

IFFT= Inverse Fast Fourier Transform

Figure 1.Block diagram of an MIMO-OFDM transceiver

If a column of encoded matrix which enter to theDdFblock

is (X1, X2,....Xm)T in frequency domain then the auttpf
OFDM module will be (x1, x2,...,xm)T in time domaiBach
element of encoded matrix Xk before OFDM module has
length of N= 64 symbols while after OFDM module e to
xk in time domain with the length of 80 symbol® ieceived
signal after distortion by frequency selective afelnand
AWG noise at antenna j from antenna i can be repted by
“Equation (1)".

yji(n)=§h"(n)5<i(n—l)+wj(n),i=12...M )

Where i&“ (" s Ith channel coefficient between received
antenna j and transmitted antenna i at time n. W§(AWGN
with zero mean and variance one. The “Equationiflyector
form can be rewritten by “Equation (2), (3), (8)(

Received signal vector at time interval t by anterj=1,
2,...,Nr can be represented as

Ve, v s Ve[

[yg, Y2, , yﬁwcpT
y:

' T

A - Vi ] (10)

> toeplitz (h).[x), x| s Xon |

i=1

ZM:toeplitz (hy[xs, x, one |
y_ i=1

> toeplitz (h™ [x(‘) X1 ey x‘,“NCP]

Toeplitz function is a channel matrix function whican be
defined as toeplitz (h) =

hi (0) 0 . 0 0 0 0 ©
W@  hiQ) 0o - 0 0 0 0
: W@ H@©O 0 - 0 0 0
Wg-1 W@g - o .0 0
: 0 h@g-n ¢ . .0
0 : : : o 0
0 0 0 0 hi(g-1) - hi@ hiQ)

After removing cyclic prefix and FFT transformatidoy
OFDM demodulator, received signal in frequency diontan
be represented as

Y) =Y HES +W,
E (12)

WKj is AWGN in frequency domain and it can be cidéted
using

i gizmn/N

w/) = L Sw
N 7= (13)

Receive signal in vector form can be represented as

M

Y =3 SH/+wW/'
i=1 (14)
=S.HJ +WJ

In more detail each of variable in Equation (14) ba written
as in Equations (15),(16),(17) and (18).

Y=o, oy e yimf (15)
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H :([Hl(u), HE, .. ’H,E‘l‘])] . [Hl(M,J)’ HM ’H,(\‘M,J)])T 16)
sm 0 -~ 0 - S'MmMoOo - 0
| © SM - 0 - §'mo i 0
0 - 08@ - 0 - 0 S0 (17)
Wi = BNJ (n), W, (n), WNJ'(n)]T (18)

Received signal by antenna [1, 2 ...Nr] in frequedoynain
after removing cyclic prefix and FFT transformatioan be
written as

Y=SxH+W il

In more detail each of variables in Equation (18n de
written as in Equations (17), (20), (21) and (22)

V() ya(n) yn' ()
v=| Y2 YR ey (n)
1 2 N,
VA YA -y () 20)
H 1(1,1) H 1(1,2) H l(l,N,)
H 2(l‘l) H 2(1‘2) H 2(l,N,)
H ’\(11‘1) H ’\(‘1‘2) H '511,1\1,)
H = : : :
H l(M 1) H l(M ,2) H l(M Ny
H 2(M 1) H 2(M \2) H 2(M JNy)
H ’E‘.M 1) H ’E‘M ,2) H ,EIM Ny (21)
W) W) - Wi (n)
we| Ve WE) - Wi ()
Wi Wi - W () 22)

3.LSCHANNEL ESTIMATION FORMIM O-
OFDM

From Equation (12), it can be seen that for esionabf
channel component between receive antenna j amdnbif
antenna i=1, 2,...M, the number of subcarriers wihiab to be
estimated is MxN. where N is the number of subeegsriln
the other words for every receive antenna j=1, 2r...N

ji
vectoer in Equation(16) has to be estimated.

If one OFDM training block with N subcarriers tramged
from every of transmitted antenna, then from thedehdor
every receive antenna there will be N equation witkV
unknown, hence these equations are under deternandd
cannot be solved. For solving this problem there favo
solutions, first solution is transmitting M OFDMdaks which
in practical case is not applicable. Second satuioreducing
the unknown elements by looking at an alternate
representation of the received signal, called tfamsform-
domain estimator that was first proposed by vaBelek in [4]
for OFDM systems and well explained in [2] for MIMO
OFDM system. Base on this method CFR (Channel femgu
Response) can be expressed in terms of the CIRn(@ha
Impulse Response) through the Fourier transformati@nce,
the received signal model in “Equation (14)” canelxressed
in terms of the CIR. The benefit of this represtatris that
usually the length of the CIR is much less thanrthmber of
subcarriers of the system. CIR representation eaachieved
using following transformation

H () = F [ﬂ](J,i) (23)
Where h(j,i) is the (Lx1) channel impulse vectodaF is
Fourier transform in vector form, and it can beresgnted as

1 1
-2 —j2r@(L-1)
1 e N e N
—j2r2)(L-1)
F=|: : e N
—j2r(N-1)(2)
1 e N :
—j 21(N-D)(1) —j 2r(N-1)(L-1)
le © - € " NxL (24)

To extend the matrix Fourier transform to operatarultiple
channels following matrix in Equation (25) can ledided as

F O 0
0 F 0
=
0~ 0 FJown (25)

By using this definition, transformation of CFR @R in
Equation (14) can be done as

Y =S'H) +W’ =X I .h +W!
Ah’ +W! (26)

By applying LS algorithm on Equation (26), channel
component can be estimated using Equation (27).tHy
transformation one OFDM block is enough to estimiie
channel. The only condition isXMxL

hi=(A".A)~A"Y )
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4. QR DECOMPOSITION

QR decomposition is just an alternative for caltoamatrix
inversion. There are different methods for QR deoaosition.
Here Householder algorithm is used. The steps oDQR
algorithm to solve LS problem can be presentealaw [5]:
Algorithm

1. Making the LS error function for Equation (27 a
represented in Equation (28).

£=Y-Ah And if e=0=Y=Ah (28)

2. Decompose W into Hermitian matrix Q and upper
triangular matrix R using Householder algorithmEagiation

(29).
~ R ~
Y:Ah:QMXMEE } h

O MxN

3. Multiply Hermitian of Q to both side of Equati¢®9). The
result can be represented as in Equation (30).

(29)

R -
M = Qun”
MxN

(30)
4. Finally, solve the channel using back substtuti

5.COMPLEXITY COMPARISONBETWEENLS
AND QRD ALGORITHM

The advantage of using QR decomposition is to redhe
computational complexity of the LS channel estiomtiln
this research, the computational complexity in terwf
number of mathematical operations has been measthed
derivations are based on an Mt-by-Mr MIMO-OFDM syst
with N subcarriers and a channel length of L. Thewn
matrix A has dimensions (NxL.Mt). For simplicity imotation
L.Mt is denoted by M. For a consistent comparistie
complex operations are converted to real operation
equivalents.

Table 2 shows the real equivalent operations feruérious
complex operations. In addition, each type of marations
has different levels of complexity when implementadthe
hardware. For example multiplications, additionsnd a
subtractions can be set to 1 FLOPs (Floating Point
Operations), divisions to 6 FLOPs, and square réotd0
FLOPs (table-1). It should be emphasized that ¢ogrdf the
number operations is only an estimate of the coatmrtal
complexity of the algorithms. A more exact measuoeld be
to implement the algorithm in hardware and coustrbhmber
of instructions and processing time required. Haaveun

computer simulations, FLOP counts can give a good
indication of the relative complexity of differealgorithm.

Table-1: Number of flops in every real operation

Operation # No of Flops
Multiplication, addition| 1

and subtraction

Division 6

Square root 10

Table-2: Number of real operations in every complex

operation

Complex No of Real Operations
Operation Multipli | Division | Subtraction

cation & Addition
Multiplication | 4 2 0
Division 6 3 2
Subtraction 0 0 2
/Addition
Complex 2 0 1
magnitude

6. ITERATIVE QRD CHANNEL ESTIMATION

In order to complete data-aided channel estimatjuilgt
signals can be spaced separated in the transmiftedols. In
the receiver, the channel impulse response caistbeated at
the positions of pilot signals by several algorithnsuch as
least square method. The other channel informatidghe data
signals can be obtained by interpolating the eséthahannel
impulse response [6].

In this paper, we propose a iterative LS-QRD channe
estimation algorithm for MIMO OFDM system. At firstep,
an LS-QRD channel estimate is obtained by using (31

- j
Héo =Th (31)
R -
~ th=0Q,,.," ¥
h 0 M xM
can be obtained fro M xN
F F - F

r:(:J F 0| F=e’¥™M 0smsN-10snsL-1
Where L0 0 - F
And then the channel estimate is set as initial
RO
HéRD k=0

.Secondly, the receiver uses the estimated
channel to help the detection/decision of data agnThe
detection data can be obtained by zero forcing atketh
i — Kk Pvi
XZF - HQRD Y (32)
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Tk P | Table-3: Simulation parameters for MIMO-OFDM
Where R s pseudo inverse of 1o
System MIMO(STBC)-OFDM
|_’|‘ 11(k) |_’|‘ 21(k) |_’|‘ Ny, 1(k) #Rx Antenna 2
LoD QR diag . R0 dizg #Tx Antenna 2
o = Hom %y Hamaes  Horo b Channel Frequency selectiye
QRD T : : : : ,Rayleigh fading
7 LN, (k 71 2N, (k 3 NN, (k F
HQRDfdi)ag HQRD ,(die)lg HQRD ,di(ag) Noise _ AWGN
#Sub carrier 64
And then the channel estimation treats the detesitpthls as #CzC“C lPIreflxis 16
known data to perform a next stage channel estmati Cahnnel lengt 16
iteratively and the index k adds 1. Go to the fttp and Trms (RMS delay spread) 25 ns
repeat the process till the mean-square-error aincbl Ts-Sampling Frequency 1/80 MAz

estimate is converged or the expected iteratioashre By
utilizing the iterative channel estimation and silgdetection

- ; 2 —

process we can reduce the estimation error causetiamnel h=N@U20")+jNQU2g") 1=12...L-1 (33)
interpolation between pilots. The accuracy of thenmmel
estimation can be improved by increasing the numifer -7, -LT,
iteration process. 2 — aTrus Trus

Where g (1-e )x e and for
7.SSIMULATIONRESULTS L‘lo_ 2_q 10T,

2=

The system specification for this simulation can be  normalization'=0 and L approximated by L:TS
summarized in Table 3. For this simulation the ctedrhas
L=16 paths where the amplitude of each path varies ____edemn ity

independently according to the Rayleigh distribmtigith an
exponential power delay profile [10], and can beresented
as in Equation (33). The results can be classified two
parts; Performance comparison and complexity corsqar i
results. These are presented in the next sections. ) e

i 4

a
!
¥

A. lterative QRD Algorithm ' Ce

The bit error rate (BER) and MSE Performance ofatiee ® R S . . O
QRD channel estimation method are shown in figurand ' : P S
3.lteration number r=0 means the conventional QRBnaoel ]
estimation method . After about 2 iterations ,theERBand
MSE performance of iterative channel estimation @gch
closer to that of ideal one . i 5 E)

SNdE)

T Figure-3: MSE Performance of iterative channel estimation
with different iteration numbers.

The use of iterative QRD method improves the peréorce in
terms of lower channel estimation error. From thsults it
can be concluded that the iterative QRD channémasibn
algorithm have high performance efficiency in terefisBER
and MSE. However, in the next section the bendfiQRD,
which is the significant reduction of the complgxif the
system, is portrayed.

BER

B. Complexity Comparison between LS and QRD Algorithm

SMA(E

Using the system parameters for the MIMO-OFDM gyste
Figure-2: BER Performance of iterative channel estimation specified in Table 3, the number of operationsaf@ transmit
with different iteration numbers antenna system with a channel length of 6 and 18 wa
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calculated for the two algorithms. In this sectiothe
complexity comparison in terms of FLOPs count igqrened
for two algorithms. Figures 4 and 5 shows the cexipy
comparison of both algorithms

comgarison for LS srd ORD sigorith

d I 1 | I L 1

1 15 2 25 Fl 4 45 5 55 E

Na. cf Te antenns

Figure-4: Complexity comparisons between LS and QRD
with channel length=6

The results in Figure 5 is more highlighted whibke umber
of channel length increase to 16. Increasing tlaachl length
increases the number of unknown parameters, thengly
increase the complexity of the channel estimatibrshows
that the LS increases exponentially as the chaterath
increases and has much higher complexity than 1RBE €@r
long channel lengths

et computational complexity compansan for LS and GRD sigurahm

el
—— complasity lavel of

| I 1 1 I
3 4 45 5 55 [

35
Mo, of T anterng

Figure-5: Complexity comparisons between LS and QRD
with channel length=16

o' comgutationl complexty companson

Mo, of flaps
%

IR, st

o
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2 4 B 8 10 12 i) &
Noof channg! component

Figure-6: Complexity comparisons between LS and QRD

with TX=2

Figure 6 shows the simulation result using 2 trahamtenna
while the number of channel component vary fronp116.
The previous conclusion for computational complex#n be
made here. In Figure 7, the number of transmit rareteis
increased to 8 while the channel is changed fram 16. As
expected, when the number of antennas increasds,
estimation techniques increase in complexity bezdhs size
of the unknown matrix A increases. The generaldrefithe
QRD method is that it increases almost linearlyhwihe
number of transmits antennas of the system. Theneghod
increases exponentially at a considerably hightr tlaan the
QRD methods. Therefore, the QRD is especially pabie for
higher number of transmit antennas since it doéserplode
in complexity as the LS solution. Finally the Numat
example for computational complexity comparisonwaen
two channel estimation algorithms is provided ifl€a4.

Table-4: Number of complex operations and Flops in two
algorithms with L=16 and Tx =4 (A: # of complexiply, B:
# of add/sub, C: # of complex division, D: # of agairoot, E:
# of complex magnitude, F: # of flops).

Algorith | A B C D E F

m

LS 79052 | 782277| 617 | O 0 1437356
8 2 6 8

QRD 18722| 184047| 192 | 214 | 12 | 3376126
0 1 4 8

The results prove that QRD method is lower in caxipy

than LS method. The results in Table 4 show thattdial

number of operation for the LS method is much highan

the QRD method. For this simulation scenario uspigD

achieves a complexity reduction by approximately7This

verifies that the QRD has significantly lower coewty than
that of direct LS estimation via the pseudo invetsence a
better option for channel estimation.
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Figure-7: Complexity comparisons between LS and QRD
with TX=8

CONCLUSIONS

The simulation results proved that Iterative QRDarutel
estimation algorithm has good performance effigjeitccan
provide better mean square error and bit error rate
performance than conventional methods. However the
computational complexity of the QRD channel estiorats
much lower than LS algorithm. In addition, compiaaal
complexity for QRD channel estimation is approxietat
linearly proportional with number of transmit antenand
channel length, whereas for LS algorithm is exptiaéy
proportional with the number of transmit antennd ahannel
length. As finding indicate; using QRD channel mstiion,
computational complexity of the system for abovetipalar
scenario which mentioned in table-4 can dramaticidicrease

by 77 %.

Finally it can be concluded that Iterative QR deposition
can be an ultimate solution for high performanciéciehcy
and reduction computational complexity.
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