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Carrier-to-Interference Ratio Measurement Using
Moments or Histograms

Yu T. Su Member, IEEEand Ju-Ya Chen

Abstract—Cochannel interference is often the predominant interference from other cochannel users. The signal quality
factor that limits the capacity of a cellular mobile radio system.  requirement of such a cellular system is often specified by a CIR
Power control is thus needed so that carrier-to-cochannel inter- rashold called the protection ratio. For an FDMA system, the
ference ratio (CIR) can be maintained within a tolerable bound. . . - .

Many power control algorithms that require real-time CIR mea- cochannel reuse distance, i.e., the minimum distance between
surement have been proposed but there is very few mentioning of tWO cochannel users and therefore the cell size has to be such that
the measurement method. This paper presents viable solutions the average CIR is greater than or equal to this minimum required
for real-time CIR estimations under various channel conditions. threshold value. Therefore, the system capacity is limited by
These solutions are based on either the method of moments or e mytiplicity of the simultaneous usage of the same channel.
the histogram matching concept. We provide numerical results to Furthermore, power control is necessary to reduce cochannel
demonstrate the usefulness and to compare the performance of ’ g )
the proposed algorithms. It is found that the histogram matching interference and allow as many cochannel users as possible while
method with a properly-designed nonuniform quantizer offers each maintaining an acceptable CIR. Besides power control [4],
excellent CIR estimation. we have also seen CIR-based criteria for diversity reception,

Index Terms—Cochannel interference, MAP estimation. handoffs, and channel allocation; see references in [6]-[10]. All

of these algorithms assume that real-time CIR measurement is
available without mentioning how it is obtained.

Kozono [5] used statistical properties of the received wave-
HE ULTIMATE concern of a communication system deform’s envelope and applied the method of moments to esti-
signer is the quality of the demodulated baseband signaigate the CIR of a phase-modulated carrier that is corrupted by

When cochannel or interchannel interference is present, casingle interferer. However, this method is based on a noiseless
rier-to-interference ratio (CIR) or signal-to-interference ratisssumption. The estimated CIR becomes less reliable whenever
(SIR) is an important receiver parameter that characterizes the operation scenario is different from the assumed one. As
degree of system performance deterioration. For angle-modiR is often difficult to measure, Brand& al. [6] introduced

lated analog waveforms, Prabhu and Enloe [1] derived uppeiparameter called signal-to-variation power ratio (SVR), and
and lower bounds of the minimum baseband SIR over tisbowed it lies between upper and lower bounds of the true CIR
signaling band in a multiple-interferer environment. Theder MPSK signals. As SVR is a function of the autocorrelation
baseband SIR bounds depend on the number of interferers fnittion of the received samples taken at the symbol rate, it can
the radio frequency band CIR. Recently, Mizuno and Shimtgasily be estimated based on the method of moments. The same
[2] presented an exact analysis of an FM discriminator whé&R idea was later extended to the measurement of signal-to-in-
the received carrier is modulated by a Gaussian basebdgderence-plus-noise ratio (SINR) of DECT signals [7]. How-
signal. Both thermal noise and a cochannel interferer agger, in both cases the resulting estimates exhibit a certain de-
considered. The autocorrelation of the signal, interference agige of bias. Interference projection (IP) and signal projection
noise components, and the cross correlations among them (&#) methods that project the received baseband samples into
derived. The relationship between RF band CIR and basebdhé range space or null space formed by the training (or desired)
SIR can be found in [1] and [2]. Other investigations (e.g., [3pignal were used [8], [9] to estimate SINR of time-division mul-
show that CIR is also a good indicator for the quality of digitetiple-access signals. Both methods need to know the channel
communication signals. memory length and require a training sequence. The associated

When a frequency reuse scheme is employed in a celluggtimates need about one second to render an average error of

mobile communication system to enhance the system’s specfralB. Applying a signal subspace method to the sample covari-
utilization efficiency, a received signal inevitably suffers fronance matrix of the received narrow-band signal, [10] develops
a general SINR estimation algorithm. It requires no channel in-
formation but has to perform eigenvector decomposition of the
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and digital systems. We first explore the histogram matchirvghereN is the number of samples and the overbar denotes the
concept which has been utilized for other applications. Théime average operator. The resulting CIR estimation algorithm
a CIR estimation algorithm based on histogram matching vgll be referred to as Estimator 1 or Kozono'’s estimator hence-
proposed. Variations and modifications of this algorithms aferth.

discussed. Performance estimations of our algorithms using

computer simulations are given in Section IV. The last sectidh AWGN Channels

contains our conclusions. We next consider an additive white Gaussian noise (AWGN)
channel with a noise power leveP. Invoking the ergodic as-
sumption, we can easily show that the time averageg )
and[y2(t) — »2(t + At)]? are

Il. CIR ESTIMATION BASED ON MOMENTS
A. Preliminary

Consider a received radio waveform that is composed of the 92(t) = % + I + 202 (10)
desired signal and. interference signals. The received signal -— 5 5 ic22 2 02 72 4
passes through an intermediate frequency (IF) filter and an envg—’ (t) —w*(t+ AN =4S7L7 + 807(S7+17) + 807 (11)
lope detector. The envelope detector’s outputis sampled a”dtt&erliable estimate of the noise levef can be obtained by

fedinto amicrocomputer to evaluate the CIR. Hence the changl ,q ring a neighboring band which contains neither signal nor

considered here includes the transmitter filter, radio channel a\ﬂf]erference Assuming the availability 62, we have the fol-
the receiver filter. To begin with, let us consider a noiseless enY&Wing CIR estimate: ’

ronment in which the received sigri(t) is given by

a2+\/a%—b2

R(t) — Geil2mfot+ds(t)] + Jed 2w fotter ()] Iy = = (12)
— y(£) ISt )] @ az — a3 —ba
. : where
wherefj is the cochannel frequency,and! are the amplitudes
of the desired signal and the interferer, respectivghyt) and as = y2(t) — 262 (13)
¢1(t) are the corresponding modulation waveform&.) and by =[2(5) = 20t £ DB — Sasé? — 854, (14)

1(t) are the envelope and phaseftit)

y(t) = {S% + I? + 25T cos[p(t)]}1/?
_1 Isin (/)[(t) + S sin ¢5(t)
I cos ¢pr(t)+ S cos ps(t)

with ¢(t) = ¢r(t) — ¢s(t). From (2), we have
(1) — 2 (t + At)P
— 8521 {cos?[p(1)] — coslp(t)] cos[p(t + A}
+4S1(S* 4 I*){cos[p(t)] — cos[pp(t + AD)]}. (4)

If Atis properly selected sothB{cos[¢(t)] cos[p(t+ At)]} =
0, then [5]

This estimation scheme is referred to as Estimator 2.

)

(3) C. Rayleigh Fading Channels

P(t) = tan

In a mobile communication environment where the desired
and the interference signals suffer from Rayleigh fading, the
received waveform can be expressed as

R(t) = vy (£) S Prfottes ] 4y () [IPmfot+er®] - (15)
The resultant squared envelope becomes

2 (t) = v2(£)S? 4+ v3()I? + 2v1 (H)va(t)ST cos[p(t)] (16)

Bt =S+ 17 =a,
E{[(t) — 2 (t + AD)?} ~4S%1% = b,.

(®)
(6)

whereuvy(t) andw,(t) are independent Rayleigh processes with
vi(t) = 207, k = 1, 2. Moreover

Since the cochannel interference comes from another distant fio{t) —y”(t + At)]?

bile cell, the amplitudd is usually less that$. Applying the
method of moments, a CIR estimator can be obtained by [5]

F_S_Q_al—l—\/a%—bl (7)
' IQ al—\/a%—bl'

Assuming the envelope outputis an ergodic process, we have

B0 =B =5 Y0 ©

E{ly*(t) — *(t + AP} = [y
1

t

~—

—y2(t + At)]?

.

z

[y (t:) — v*(t: + AP

1
©)

N

%

= vH()S* + vy(t)I* + 203 (t)v3 (1) S22 + 42 (H)v3(t)
- 8217 cos?[p()] + dv1 (H)va(t) ST cos[p(t)][vi(¢)S?
+ 03 ()] + vi(t + A)S* + vy (t + AT+ 20i(t + At)
v (t+ A1)SI? + 4vi(t + At)va(t+AE)S?T?
cos?[p(t + At)] + duy (t 4+ At)vo(t + At)ST
“cos[p(t + At)] - [vi(t + AB)S? + v (t + At)I?
— 202 ()t + At)S* — 203 ()3 (t + At)S?T?
— 202 (t + At (£) S22 — 203 (t)v3(t + At)I*
— 4[02(£)S? + V3 (I ()]vL(t + At)vo(t + AL)ST
“cos[p(t)] — 4[vF (t+A1)S? + v3 (t+ A1) |1 (H)va(t)ST
- cos [p(t)] — 8v1()va(t)vy (t + At)va(t + At)S?I?

- cos[p(t)] cos[p(t + At)]. a7
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If the random phase(t) is independent of, (¢) andvs(¢) then where
the autocorrelation of the squared Rayleigh process is given by
[11] az =y*(t)

2
W2 () — v?(t + At)]?
[W2(t) — 2t + 280F

where par = Jo(2nfpAt), fp = v/A is the maximum  When we take into account the presence of thermal noise and

Doppler frequency resulted from a relative velocityand use an approach similar to that leads to Estimator 2, we then
carrier wavelengthA and Jo(-) is the Bessel function of gptain the following estimate:
the first kind of order zero. IfAt is selected appropriately

vH(t)vi(t + At) = 4oF(1+ pi,), i=1,2 (18) by =

such thatuy(t) ~ wi(t + At), va(t) ~ wa(t + At), and [, -ty aj — by 25)
cos[p(t)] cos[p(t + At)] = 0, we have the following time S/
averages:
a4 andb, are modified accordingly
=20%(S* +1I*) = a 19
W) — v Ag]z ( g 2+>A )Bagb’ Ezo; ay =4 () - 267
y-(t t+ At — p7 + 5=
~ ’ by = [v2(t) — v (t"‘At)]QQ 2 4
4 = g — 85+,
where [y2(t) — y2(t + 2A8))?

A=80H(S*+ 1Y)

D. Multiple Interferer Case
B =16035"1°. (21)

All the CIR estimation algorithms discussed so far assume
that only one interferer is present. In the case of multi-interferer,

If pa: is known, then we immediately have a CIR estimate . .
the received waveform can be written as

ag + \/1 i g 2%2 1 i I3 bé’; R(t) — Geil2mfottds(t)] + zL:Iicj[Qﬂ'fot-f—t#I; ®)]
T, = 22) :

1+06 , 1 . =t
@ = \/1 —5% 15 =y(t)eIProtti ] (26)

whered = 1 — p4,. Unfortunatelyp ., is in general not known wherey(t) and«(t) are the envelope and phasefeff), i.e
to the receiver. AsS?1? is often much smaller thafs* + I*) I I

in a high CIR environment, the first term on the right-hand,?(3) = 52 4 Z I +25 Z I; cos[ps(t) — o7, (1)]
side of (20) dominates the valuegf(¢) — y2(t + At)]?. Fur- < <

thermore, we notice that as the correlatlon coefficient ap-

proaches to zerdy2(t) — y2(t + A2 ~ 2y3(f) = 2[2 (1)) +2 z L coslgy, (1) — ¢1,(t)] 27)
Equations (19) and (20) are therefore highly dependent i
and we have to use higher-order moments. On the other ks I
hand, if pa: = 1, then[y2(t) — y2(t + At)]? =~ 1607517 S N+ ST sinfér (¢
and Kozono’s method can be directly applied in this case. o sinfgs(?)] 72_; i sinfdr; (0)]
Since pa; is a decreasing function oft for small At,  ¥(t) = tan 7 - (28)
o= (1=p3p)/(1=pA,) > 1. LetX =[,2(t) — 2 + ADP, S coslps (D] + 3 I cosl, (1)
Y = [v2(t) — y3(t + 2A¢)]?, and consider the ratio im1
X2 X Assuming the desired signal and interferers yield independent
~ =X - -X) statistics, we can show tha[y(t)] = 52 +3E 1?2 and
Y Y i=1
X E[2(t 2t 4+ A =452 (> , if At is chosen ap-

propriately. Itis clear that, dependmg on the operation scenario,

X X a
_ {1 _ <1 + _) A, + —Pgm} A+B. (23) the problem ofCIF<'< 52/2 1 Z) estimation for this case
Y Y can be solved by one of the solutions proposed before.

Our computation shows that the magnitude of the coefficients
associated with the first term in (23) is usually much smaller
than that in (20) especially when CIR is high15 dB). Thisob- ~ As is well known, complete statistical information of a

servation leads to a new estimation algorithm called Estimat@ndom process is embedded in the family of all finite-dimen-

I1l. ESTIMATION BASED ON PROBABILITY DISTRIBUTIONS

3: sional joint probability distributions associated with it. We can
measure one of these distributions of the received waveform
Iy = as + /a3 — bs (24) and compare it with some known probability distributions.

az — /a3 — bs What we really want to know is not which one is the closest
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to the measured distribution but the parameter values associ- 6
ated with the closest distribution. As real-time estimation of CIR=20dB
higher-order statistics and distribution is time- and computa- R
tional-consuming, we limit ourselves to the usage of short-term - —10dB 1
probability distributions for CIR estimation. Note that the G AT RB .
method of moments uses moments of the received signal. The § e\
first few moments, however, contain only partial information of £ P GRS
the associated short-term probability distribution. We also want 3 ORI ?
to remark that the idea of statistic or probability distribution 5 2[ \ SN
matching is not new [12], [13] but its application to CIR LA
measurement is. I
Phs i RS T
A. AWGN Channels o b
Let us begin with a look at the received signal in an AWGN normalized envelope
channel
Fig. 1. Pdf’s of the normalized envelope.

L
R(t) = 5¢/ mfoteeste) +Z;Iiej[2ﬂf0t+% ! +n(t)e > band phase. Given the amplitudes of signal and interference, we

im

(29) can write the pdf of received signal’s phakas [15, eq. (13)]

. . . 1 [ 2 S24I? Srcosé
wheren(t) is a stationary complex low-pass Gaussian proceg® (0|5, I) = 5. | =5+ S
with zero mean and varian@e 2. The probability density func- 0 §

. . e i 2
tion (pdf) of y(¢)—the envelope of(t)—is given by [14] o <i \/7)2 n 5_2 _ 257 cos 9> - (33)
o) L On n On
— —(ont?/2)
py(y) = /0 ytJo(yt)Jo(St) H (Lit)e dt, wherely(-) is the zeroth-order modified Bessel function of the
=t first kind. Equation (33) can also be expressed as a function of
y > 0. (30) AandT
The pdf of the normalized envelopgt) defined b 1 [ 2 A
P pét) y pe(B|A, T) = —/ exp [— <%+A—|—T—\/2AT cos 9)}
2 t 0
2ty = — L0 (31)

o

2A
52+ZI‘2+202 \/T( +2A — 2v2 7COS€)]7’CZ7’
=1 (34)
assuming that the interferers have the same power at the receiver
front-end, is given by whereA = $?/202 = CNR andY = $?/I? = CIR. If
the desired and the mterference signals suffer from independent

o . : S . > > B
polz) = <1+%+A>/ to— (/) Jo(\/mxt) Rayleigh fading with variance equal (@ — (w/2))o§ and(2
0

(m/2))o7, respectively, the pdf of becomes

Jo (VAt) I <\/gt> dt(32) pe(ﬁ)z/ooo/ooo pe(6]S, I)%

S? I?
whereT = $2/3°F | I? = CIR andA = §?/252 = CNR. - €xp <_ﬁ ~ 5,2 ) dSdl. (35)
Fig. 1 depictg,.(x )as afunctlon of CIR, CNR, and the number o !
of interferers(L). As the pdf ofz(¢) is a function of these pa- Equation (35) indicates that;(¢) is a function of both CIR
rameters, an accurate pdf estimation will provide good estimaad CNR. Shown in Figs. 2 and 3 gre(f) of a 0.3-GMSK
tions of the related parameters including CIR. These curves aleodulation signal with carrier frequency 900 MHz transmitted
reveal that SINR is not an accurate signal quality indicator féhhrough Jakes’ Rayleigh fading channels. It is clear that these
the same SINR with different CIR and CNR combination resultsdf's are not only functions of CIR and CNR but also functions

in different pdf’s. of the associated doppler frequency.
B. Rayleigh Fading Channels C. Maximum a posteriori (MAP) Estimator
When the transmitted signal suffers from frequency-nonse-Let Y;(: = 1, 2, N) be the normalized envelope de-

lective Rayleigh (Rician) fading, the pdf of¢) is Rayleigh (Ri- tector output samples ofarecewera{rﬁij, i=1,2,---, M}
cian) distributed and cannot be distinguished from each othke a partition of the domain of;, R, i.e., R = U7 —_q 1,
Therefore, we have to look for other marginal distributions ok; N R; = 0, if ¢ # j. The number of the disjoint subsets
the received signal. One of the candidates is the pdf of the base-the partition A/ is referred to as the quantization level
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0.008

Doppler shift wherep;i, = jR p.(x) dz for modely,. After some algebraic
—— CIR= 0dB, No

— .~ CR=100B, No manipulations, ‘we can show that (36) is equivalent to [12], [13]
« CIR= 0dB, 40Hz
CIR=10dB, 40Hz

0.0086

M

max E:I q; log pjx +log p(vi) | - (38)
o

0.004

probability density

A numberk which satisfies (38) implies that the corresponding

model; is the MAP model and the associated CIR value is
the desired estimation. If the priori distribution {p(vx)} is

a uniform one, this MAP test becomes a maximum-likelihood
I (ML) test. Such a CIR estimation scheme is referred to as MAP
0 ‘ : ‘ ‘ : : (or ML) histogram matching in the subsequent discussions.

0002 [ %] 1

phase (radian) D. Least Squares (LS) Estimators

Fig. 2. Pdf's of a GMSK signal’s phase with different CIR values. MAP histogram matching results in the smallest decision
error if the real model is one of the prestorpdori library
0.005 Gomir S models. From the estimation theory’s point of view, the MAP
] T mmods No estimate is optimal only if one uses the so-called uniform
.. 0004 | T N o cost function [16], i.e., the MAP criterion weight all errors
- E < equally, no matter how far from the true value an estimate
3 is. On the other hand, the minimum mean-squared estimation
> 0003 f: o i . "
£ error criterion necessitates the evaluation of the conditional
% & mean E(CIR|q1, g2, - -+, qar), Which is very difficult if not
a 0002 | impossible. Intuitively, we would like to select the model
that is the closest to measured pmf. There exist several ways
0.001 | to measure the “distance” between two pmf’s. Perhaps the
simplest one is the Euclidean distance with which we select the
. [ . ] ‘ . . l model#;, that minimizes

M
phase (radian) q7 Pk Z —pj k (39)
Fig. 3. Pdf's of a GMSK signal’'s phase with different CNR values. =1

wheregq andp,, represents the probability distributidg; } and
henceforth. Denote the number of samples fall in the rép;.}, respectively. An alternative is the weighted Euclidean
gion R; by ¢; and call the ordered pair§(R;, ¢;)}jL, a distanceZM1 w;(g; — pjx)?. While there are many weighting
h|stogram This hlstogram should converge to the quantizeghemes, the assignmenj = ,} is often used [13]. This
pdf, {(RJ, pJ)|pJ jch pe(x)dx, j=1,2,---, M, weighting then leads to the Welghted least squared (WLS) esti-

asN — oo, where {p}} is a candidate quant|zed pdf ormator—one that selects the modﬁgllf it minimizes
probability mass function (pmf).

Since the quantized pdf is a function of CIR, CNR, and the
number of interferers, we can built some priori quantized pdf
library modelsyx, k =1, 2, ---, K, in terms of the above pa-
rameters. The priori library models can be obtained from theoNote that as the distributiofp(v:)} is not available the MAP
[like (30)], simulation, or field measurements. A CIR estimahistogram matching scheme, (38), is equivalent to an LS esti-
tion can then be derived from matching the measured histograsator which minimizes the distance
with the prestored library models. To choose the mogdehs-

2(q, py.) ijk —pir)*. (40)

sociated with the priori probability p(+ ) that maximizes the Z o
a posterioriprobability p(vr|q1, g2, - - -, gar) IS equivalent to o4, Pr) 4j 208 Pitk
select a model that satisfies [12], [13] v
_ og T _ og a:
max p(qu, g2, -+ qu|v)p(e)- (36) B Z 4 log Pk Z % 108 4
The definition ofg; implies the conditional joint pdf [13] =Dlgllp.) + Hig) (41)
Mo where D(q|lpx) = Zj\il g, log (g;/pjr) is the Kullback
plau, g2y -+ Qi) = N! H L’; (37) Leibler distance between the two pmflg;} and{p;.} [17]

= U andH (q) is the entropy of(g; }.
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E. Other Design Issues

Other than the choice of the distance measure, there are sev-
eral design concerns and possible modifications of the generic
histogram matching algorithm. The first design concern is the
library model sizeX. For a cellular communication systein
can be estimated if one knows the traffic statistics, the user lo-
cation distribution, the frequency reuse pattern, the cell size and
the signal propagation environmeAht.is also determined by the

30

CNR=20dB

| —— Estimator 1
— - — Estimator 2

estimated 7
cise level ;

n

° .
x 0.9 x2¢ ST

o re

a

mean

normalized
standard
deviation

1343

CIR estimation precision requirement. For a fixed CIR uncer-
tainty range the estimation error can be reduced by increasing
the library model size. On the other hand, for a given perfor-
mance specification’ can be made smaller if the CIR uncer-
tainty range becomes smaller.

The last observation leads to the conclusion that the CIR
measurement time can be reduced if we further divide the mea-
surement process into an acquisition mode and a tracking mo@%‘
In the acquisition mode, we have to match the measured his-
togramwith allK prestored models. Inthe tracking mode, we can

mean of CIR estimate (dB)

normalized standard deviation of CIR estimate

CIR (dB)

4. Effect of the noise level measurement on the performance of CIR
mators in an AWGN channel.

concentrate our matching effort on those models within a small %0 Doppler shit s 08
neighborhood of the previous measurement and thus greatly : Oiégﬂi 4 g
shorten the search time. Of course this is possible only if we can S __Fading Channel ‘,-/{;/‘ 7 2
assume a smooth CIR variation environment. The acquisition g - - - Estimator 3 /’”'/ <
time can be further reduced if we divide the acquisiton mode g 2 e S 085
into a coarse acquisition phase and a fine acquisition phase. In % mean /)_J*// normalized 2
the first phase, we seleft (< K) equally-distanced candidate e ® B dovaton ] g
models for initial histogram matching. When the model with the % N io// : - e
highest matching score is found we then enter the second phase ¢ 1© N Y 03
in which L, models around the survival model are tested. While £ 4 : i\\\ @
theinitial phase results in a CIR resolutifiiy L, coarser thanthe Spoz T T %
original library the second phase achieves the same resolution. : &;\4 £

0 L 0 ¢

The performance will be the same as that of the single-phase
acquisition mode unless we select the wrong model in the initial
phase. The probability of such an erroneous selection is usually
very small as the distance between two neighboring candidata 5. Comparison of two CIR estimators in a Rayleigh fading channel.
modelsinthe first phaseislarge. To make this probability become

even smaller we can add another verification phase to check i, related design issues. Comparison of the performance of
initial estimate. Furthermore, it is easy to see that the two-ph%

o N&EEimator 2 and the Kozono estimator in AWGN channels is
acquisition process can be extended ta\éfphase method in ;e in Fig. 4. Obviously, the reliability of Estimator 2 depends
a straightforward manner. The selection frepresentatives

f h . . . hv of i EVES on the accuracy of the thermal noise power estimatorThe
rom the CIR uncertainty regior, is worthy of investigation o estimation performance of Estimator 1 deteriorates as CIR
as well. However, since we have a@riori information about

T o ) increases while Estimator 2 is always the better of the two unless
the distribution of the true CIR value it is more appropriate 19, i highly unreliable. But the normalized standard deviation,
apply an uniform partition o so that the distance between WQuhich is defined by

neighboring representative CIR’s is a constant.

Another design concern is the choice of the number of the
quantization leveld/. It is natural to expect the performance to
be improved by using a finer partition, or equivalently, a larger
M. Given M, we then have to find the optimal partition &%
{R;}, which is unlikely to be a uniform one. It makes sense tof Estimator 2 is larger than that of Estimator 1. The increase
have ﬁner reso'utions on the regions that have h|gher probab"ﬁpthe estimator variance is due to the introduction of the noise
mass. In other words, when building a histogram one should Ug¥e! estimatos? in a» andb,. Equation (14) shows thap is
a nonuniform partition (quantizer) that satisfies the conditios0 a function ofi> while (6) indicates thab, is not derived
I|Rx|| < ||R:|| if pr > pr. from a;. The randomness af, increase the variance &4 and
therefore that of Estimator 2.

Fig. 5 compares the performance of Estimators 1 and 3 in
a Rayleigh fading channel. Compared with Estimator 1, Esti-

This section provides computer simulation results of the penator 3 offers amelioration at all but smaller CIR’s. When CIR
formance of various CIR estimation algorithms and addresseggreater than 3 dB and the Doppler shift is smallQ Hz)

0 5 10 15
GIR (dB)

\/ EI(CIR - CIR)?]
CIR

(42)

Te =

IV. SIMULATION RESULTS AND DISCUSSIONS
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. _ v not large enough to provide a satisfactory estimation. This is be-
o ; 1'0 " 2'0 ‘ 2'5 a0 cause at high CNR’s the probability mass is concentrated around
CIR (dB) one. Using the same uniform quantizer for all library models we

will obtain pmf’s that are too close to be distinguishable from
Fig. 7. Influence of the number of quantization intervals on the performanesch other by the metrid;.
of the ML histogram matching estimator. One way to improve the performance is to increase the

number of quantization levels. As mentioned before, nonuni-
Estimator 3 incurs less than 1-dB mean measurement error. fésm quantization is another candidate solution. An optimal
timator 3 also offers a smaller or at least comparable error stajuantization strategy requires that the quantizer be a function
dard deviation. In both figures we find that the estimated CI&f L, CIR, and CNR. If there ard{ models in the receiver
is biased when the true CIR is small. This is because therdiigary we will need the same number of quantizers. Practical
nonzero probability that? — b; in (7) ora? — b3 in (24) is not  consideration suggests that we consider only fixed nonuniform
positive. Whenever such an event occurs the associated samgiemtizers, i.e., use the same quantizer for all library models.
have to be discarded as outliers and, as a result, a bias of the CIRig. 8 shows one uniform quantizer and three nonuniform
estimator is then introduced. If CIR is not too small this prolguantizers, all have eight quantization levels. Taking advantage
ability is negligible but if the interference power is close to thef the fact that the candidate pdf’s are ‘almost’ symmetric with
signal power (e.g., 0 dB CIR < 3 dB), the outlier probability respect to 1, quantizer C neglects the upper half of the domain
becomes significant enough to make the bias noticeable.  R. Quantizer D considers both sides of one but uses the folded

Fig. 6 demonstrates that the histogram matching method d@stogram for matching. In other words, the histogram value

be used effectively in a multiple interferer environment. The eef the (16 — j + 1)th interval Rig—;+1, gi6—;+1, iS added to
timator is quite robust for most cases of interest. The mean estiat of thejth interval,¢; «— ¢, + gis—;+1, and only the
mation error is always less than 2.5 dB and is less than 1 dBfaided lower half,(¢:, g2, - - -, gs), IS used for matching. The
most cases. Moreover, the histogram matching estimator giyesformance of these four quantizers are presented in Fig. 9. All
not only the CIR value but also the number of interferers. Thhree nonuniform quantizers yield smaller mean estimation error
effect of the number of quantization levélsis shown in Fig. 7. magnitude than that of the uniform quantizer. The reduction of
These curves indicate thatl has to be increased to achievehe associated standard deviation is even much more impressive.
the same performance for a higher CNR. When CNIRO dB, Similar performance improvement, which is not shown because
M = 4 or8is good enough; increasing has little or no influ- of space limitation, is found when the pdf in (35) is used for
ence on the performance. But when CNR is 25 @B,= 8 is histogram matching in Rayleigh fading channels. As Quantizer
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Fig. 10. Effect of the sample siZ€ on the performance of the ML histogram Fig. 12. Simultaneous CIR and CNR estimation using the ML histogram
matching scheme. matching.

30

The 301 library models are divided into ten groups, each covers
a 3-dB range with the middle one as the representative. At the
end of the initial phase one of the ten representative models
is selected and the second phase then starts testing six models
around it, resulting in a resolution of 0.5 dB. The final phase
searches the five models round the survival of the second phase,
leading to a 0.1-dB resolution. This estimator has to compute
the ML distance of (41) for 19 times while the single-phase es-
timator needs to compute 31 times. The former has a smaller
variance in most cases and both estimates yield almost the same
mean estimation error. Since the performance curves are de-
picted with a CIR step size of 0.5 dB, the standard deviations
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P ' 16 ”1T5 o 2 a of the single-phase search method, which has a 1-dB resolu-
CIR (dB) tion, at noninteger CIR points are larger than those at integer
CIR points.

Fig. 11. Performance comparison between single-phase and three-phasg@/e have assumed that perfect CNR information is available

search algorithms. so far. CNR can be estimated by the method of moments and a

noise power estimator. It can also be derived from ML histogram

D has the best overall performance it is used for all the followingatching as a pdf is a function of CNR as well. Using histogram
simulations. matching to estimate both CNR and CIR we have to increase the

In Fig. 10, the effect of the sample siz€ is evaluated. number of library models though. Fig. 12 depicts some numer-
Although a larger sample size yields a more reliable estimédtal performance examples with 186 prestored library models.
(smaller mean estimation error and variance) at the cost Réliable CIR estimation is obtained and CNR estimation error
larger storage requirement and longer time delay, we firslless than 1 dB for all cases.
500 samples is good enough to render reliable CIR estimateskinally, let us examine the influence of the distance measure.
Performance curves for the histogram matching methdeig. 13 shows that all three distance measures, (39)—(41), render
unless otherwise specified, are obtained with the same samgib®ut the same mean estimation error with the WLS distance
size—500,M = 8, K = 31 and 50 computer runs. With a gives a slightly better performance. The WLS test also has
data rate of 128 kb/s and sampling rate of 1 sample/bit, eaminaller estimator standard deviation in most cases. Another
estimate requires less than 4 ms. advantage of the WLS test is that, compared with the ML test,

Compared with the moment method, histogram matching riérequires less computation. From this and some of previous
sults is more reliable, especially at high CIR’s. The bias irfigures we observe that both the mean estimator error and the
troduced by the moment method at small CIR’s is also elimiormalized estimator standard deviation tends to increase at low
nated. The CIR estimator resolution is 1 dB. In order to increasehigh CIR’s. The estimator becomes less reliable at both ends
the resolution without increasing the computing load, we cdiecause the “distances” between various priori library models
apply a multiple-phase acquisition algorithm similar to that désecome smaller and in some cases it is so small (on the order of
scribed in Section III-E. Performance of a single-phase andl&—® ~ 10~5) that they are almost indistinguishable. The largest
three-phase estimators are depicted in Fig. 11. The single-pheagance occurs at some high CIR’s but not at the highest one
estimator uses 31 models with a resolution of 1 dB while thH80 dB) since we limit our models to lie between 0-30 dB. The
three-phase estimator has 301 models with a 0.1-dB resolutittnuncation” makes some large estimation errorimpossible when
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The first part of this paper presents several new CIR estimation
algorithms that can be used in fading and multiple interferer en-
vironments. The second part develops CIR estimates using the
concept of histogram matching. These estimators can be use
both analog and digital cellular systems. Moreover, they do
need training sequence or eigenvector decomposition and cal
performed in either IF band or baseband. Several variations
the direct single-phase histogram matching algorithms arep % 4~
posed. We can reduce the estimation time by using a multire: \* ar
lution, multiphase search algorithm and enhance the estimat A er 1  has k
accuracy by using nonuniformly quantized histogram. a7 Department of Communication Engineering and the
. . Microelectronics and Information Systems Research

Numerical results demonstrate that the proposed algorith@ster, National Chiao Tung University, Hsinchu, Taiwan. His areas of research
do outperform Kozono’s method and offer reliable CIR estinrterests include communication theory and statistical signal processing.
mations within a reasonably small time span (500 samples, or
equivalently, less than 10 ms for a data rate greater than 50 kb/s).
Of the two classes of algorithms, an algorithm based on his-
togram matching often result in a better CIR estimate. If tf
matching metric and the associated quantizer are properly
lected, excellent performance can be expected.
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