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Estimation of Mobile Speed and Average Received
Power in Wireless Systems Using Best Basis Methods
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Abstract—A new method is presented for estimating the mobile
speed and the average received power in general wireless propa-
gation environments. The locally stationary received signal is ex-
panded in a local exponential basis using best basis methods of
wavelet analysis. An estimate of the time-varying Doppler power
spectrum is obtained together with an estimate of the maximum
Doppler frequency, which is proportional to the mobile speed. The
average received power is then estimated by integrating the time-
varying spectrum. Simulations demonstrate good tracking of vari-
able mobile speed and average received power for a wide range
of angular distributions of incident power. The estimator is shown
to perform significantly better than an adaptive averaging method
described in the literature. The speed and average power estimates
are also used to detect the corner effect in urban cellular systems to
improve handoff performance and reduce the call dropping rate.

Index Terms—Speed estimation, wavelets, wireless communica-
tion.

I. INTRODUCTION

ESTIMATES of the mobile speed and the average received
power in wireless communication systems are useful for

several purposes. Mobile speed can be used to improve system
control algorithms such as handoff or channel assignment. For
example, mobile speed can be used to determine whether a mo-
bile station which requests access to the wireless system should
be assigned to a microcell (for low speeds) or to an umbrella
macrocell (for high speeds). Accurate estimates of the average
received power also improve the performance of handoff, power
control, and channel assignment algorithms and, thereby, in-
crease the realized system capacity.

In many environments, the received signal consists of a sum
of waves that have been reflected by objects such as moun-
tains, trees and buildings. The sum of many waves at the re-
ceiver gives rise to small-scale spatial variation of the received
envelope (on the order of a wavelength). In situations where
there is no dominant path between the base station and the mo-
bile station, the small-scale spatial variation is called Rayleigh
fading [1]. The received signal is nonstationary for distances
on the order of building sizes since the mean of the small-scale
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variation changes considerably. This large-scale variation of the
mean is known as shadowing. The mean of the shadowing also
decreases as the distance between the base station and the mo-
bile station increases.

Estimates of the mobile speed can be obtained by using the
statistics of the received signal. For example, level crossing
rates [2] or the autocovariance [3] of the received envelope have
been used to estimate speed. Speed estimates have also been
obtained by estimating the maximum Doppler frequency using
eigenspace methods [4] and spectrum estimation methods [5].
These methods are designed under specific assumptions of
the angular distribution of incident power. Another method of
velocity estimation requires knowledge of the average signal
strength for all locations within a region of interest and uses a
techniquesimilar to themultidimensionalscaling (MDS)method
of statistical data analysis [6]. All of the above techniques require
estimates of the average signal power, and some methods also
require the signal autocorrelation. A difficulty in obtaining such
estimates is the nonstationary nature of the received signal. An
appropriate window which depends on the unknown mobile
speed must be chosen to estimate the required quantities.

The average received power is the local mean of the small-
scale variation (up to a constant) and represents the distance-de-
pendent trend and shadowing. The most widely used estimate of
average power is the average of samples of the received envelope
(or logarithm of the envelope) taken at a constant temporal in-
terval. In [7], the bandwidth of a continuous-time lowpass filter
is chosen to minimize the estimation error for a nominal con-
stant mobile speed. In [8], estimates of the average power are
obtained using a spatial analog averaging filter; in addition, the
number of uncorrelated samples needed for discrete-time aver-
aging is determined under the assumption that signal samples
taken at a constant spatial interval are available. Another paper
[9] derives the minimum-variance unbiased estimator for the
average power under the assumption that all samples used in
the estimate have the same mean and are uncorrelated. Since in
[9] the samples must be taken at a constant temporal interval,
the assumption places constraints on the unknown and possibly
time-varying mobile speed. An adaptive method to estimate the
average power is proposed in [3] where the squared deviations
of the logarithm of the received envelope are used to estimate
the maximum Doppler frequency. The maximum Doppler fre-
quency is then used to adapt the number of signal samples that
are averaged to estimate the signal power. This method assumes
Rayleigh fading with a uniform angular distribution of incident
power in a plane.

The literature mentioned above has considered only the
problem of a constant, unknown mobile speed. For variable
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speeds, the duration of the observation window must be con-
stantly adapted, and the rate of adaptation will be critical to
the performance of the speed and average power estimators. In
particular, errors in the estimates could propagate due to subop-
timal observation windows. Recently, a speed estimator has been
introduced which tracks variable mobile speed without requiring
knowledge of the average received power [10]. Another recent
paper [11] provides a method of estimating the average received
power without requiring estimates of the variable mobile speed.
While the techniques described in [10], [11] overcome the re-
strictions of a constant mobile speed, these methods, like all the
others in the literature, assume Rayleigh fading with a uniform
angular distribution of incident power in a plane.

This paper describes a new method of estimating the mobile
speed and the average received power. The method uses the local
stationarity of the received signal and does not assume a specific
angular distribution of incident power. The signal is expanded
in a basis of smooth local complex exponentials using the best
basis methods of [12], [13]. This technique automatically selects
regions of approximate stationarity of the signal. Within each
such region, an estimate of the time-varying Doppler spectrum
is obtained. The time-varying spectrum yields estimates of the
mobile speed and the average received power as a function of
time. These estimates are then applied to the detection of the
corner effect in urban cellular systems. The corner effect refers
to a sudden change in the average received power when a mobile
station makes a turn at an intersection. Timely detection of the
corner effect can initiate a handoff to a nearby base station to
reduce the call dropping rate.

The paper is organized as follows. In Section II, wireless
propagation and noise models are presented. Section III presents
a method to estimate the time-varying spectrum, the mobile
speed and the average received power using two antennas at
the mobile station that are oriented along the mobile velocity.
Section IV determines relevant parameters and presents perfor-
mance results for variable mobile speeds, including a compar-
ison with an extension of the adaptive averaging method de-
scribed in [3]. A corner detection method which uses the speed
and average power estimates is described in Section V. Sec-
tion VI presents an extension of the speed and average power
estimation technique using best basis methods to the case of an
arbitrary orientation of the antennas at the mobile station. Sec-
tion VII concludes the paper.

II. WIRELESSPROPAGATION AND NOISE MODELS

A. Macrocellular Model

The propagation model discussed here takes into account
three effects that are present in many macrocellular wire-
less environments: correlated multipath fading, correlated
log-normal shadowing, and a distance-dependent trend [1].
The received bandpass signal at a mobile station consists of
a sum of contributions from several paths. Let denote
the complex envelope of the received signal at mobile position

. The signal is an approximate wide-sense stationary
complex Gaussian random process in a small neighborhood
of . Let denote the distribution of incident power in
angle in a plane. For a transmitting base station located at

, let be the received power at the mobile station
averaged over a small neighborhood of. Let denote the
carrier wavelength and

(1)

represent an incident wave vector which makes an angle of
with respect to the -axis in a fixed rectangular coordinate

system in the horizontal plane. From the above conditions
and for an omnidirectional antenna, the autocorrelation of

for a mobile velocity in the direction and for a small
neighborhood of can be written as

(2)

where denotes the complex conjugate of and
denotes the inner product between and . The

autocorrelation (2) explicitly indicates the fact that is
locally stationary in a small neighborhood of. A model for

is then given by

(3)

where is the number of terms in the model,
, and are uniform, independent and

identically distributed (i.i.d.) random variables on . The
autocorrelation of (3) approaches (2) as since

for less than the correlation length of
the shadowing.

The average received power contains the distance-
dependent trend and log-normal shadowing [14]. Letrepre-
sent the exponent of the distance-dependent trend. Furthermore,
let denote the log-normal shadowing between the
locations and . The received power averaged over a neigh-
borhood of due to the base station located at can then be
expressed as

(4)

where accounts for antenna parameters, transmitted power,
and other relevant system parameters. The process is
a zero-mean Gaussian random process that is wide-sense sta-
tionary in the variable . Let denote the autocor-
relation of in the variable along the direction . An
empirical model for is [15]

(5)

where and are the variance and correla-
tion length of , respectively. The power spectrum

of is given by

(6)

where denotes spatial frequency. The spectrum is truncated to
a maximum spatial frequency of . Let be the distance
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traveled by the mobile station within a time period of interest
and define where . A model for the
process can be shown to be

(7)

where

(8)

and are uniform, i.i.d. random variables on . It can
be shown that for fixed , the autocorrelation of (7) approaches
(5) as .

B. Microcellular Model

The microcellular model described here is used to evaluate
the corner detection method of Section V. To simplify notation
in this subsection, we let the position of the base station be the
origin of coordinates, i.e., . Let be the distance be-
tween the base station and the intersection at which the mobile
station makes a turn. Following [16], we introduce the dimen-
sionless parameter , the distance parameters , and
the exponents . The corner effect results in a signal drop
of dB in m. The log-normal shadowing processes be-
fore and after the mobile station makes a turn at the intersection
are denoted by and , respectively. The
corner detection method of Section V will be evaluated for sev-
eral values of the parameters introduced here. With these defini-
tions, the average received power for a mobile station at position

is

(9)

where the superscript denotes the transpose operator and
is a constant that accounts for transmitted power and antenna
gains. As in Section II.A, the noiseless complex envelope
is generated by (3) using the average received power given in
(9).

C. Noise Model

The noise model developed here is based on a receiver for
a digital wireless system in which the received complex enve-
lope is processed as follows. Baseband Gaussian noise

Fig. 1. Example of received signal for a variable mobile speed. Solid: true
average received power; dotted: received multipath signal with additive noise
andSNR = 20 dB.

is added to the noiseless complex envelope. The bandwidth of
is , where is the symbol duration of the dig-

itally modulated waveform. To reduce the effect of noise on
the speed estimates, the signal is passed through a unit-gain,
square-root raised cosine lowpass Doppler filter with bandwidth

. The maximum Doppler frequency at the
highest speed of interest is , and the excess bandwidth factor
is with . Since is on the order of a few hun-
dred Hertz for terrestrial mobile wireless systems, an analog
implementation of the Doppler filter may require off-chip dis-
crete components. Alternatively, a digital raised cosine filter
can be used. The Doppler filter frequency response is unity for

. We define for use in Section IV.
The output of the filter is . Let denote the noise at the
filter output. The in-phase and quadrature components of
each have variance .

The curve traversed by the mobile station is parametrized
by the scalar position variable . Suppose that the mobile
station travels along with a speed at time . The filter
output is given by

(10)

where and the time origin is chosen such that
. An example of the received signal in a macrocellular

environment is plotted in Fig. 1 for a variable mobile speed.

III. ESTIMATION OF TIME-VARYING SPECTRUM, MOBILE

SPEED AND AVERAGE RECEIVED POWER

The signal is locally stationary since the average re-
ceived power varies slowly in space. Since (10) im-
plies that is mapped through the mobile speed to obtain

, the signal is also locally stationary. It is shown in [12]
that there exists a basis of local cosine (or sine) functions that
“almost diagonalizes” the covariance matrix of a locally sta-
tionary process. Reference [13] uses this fact to estimate the co-
variance of a locally stationary process from sampled data using
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cosine packets. For the estimation of speed and average received
power, local complex exponentials are needed in order to esti-
mate the time-varying spectrum of the complex baseband signal

. Tracking the variable mobile speed and average received
power is accomplished using the time-varying spectrum. A de-
scription of the method is given in the following.

The signal is sampled at rate to form .
We process blocks of and consider a typical block

, where is a dyadic length (power
of two). Selection of a basis for diagonalization involves a re-
cursive dyadic partition of the interval
[17]. For each satisfying , dyadic subintervals
of with length are given by

(11)

The choice of is discussed below. A recursive dyadic parti-
tion of is represented by where

and for all
.

Associated with each subinterval are two smooth
window functions and . The window functions
are nonzero over an interval consisting of extended by

samples at each endpoint. Smooth local exponential
functions corresponding to are defined by

(12)

where . The window functions
and are chosen such that if ,

then

(13)

forms an orthonormal basis for discrete signals having compact
support in . The value of is determined by the max-
imum acceptable uncertainty in frequency , i.e.,

. The ratio
is kept small such that most of the energy of is con-
tained in the first term of (12). The second term of (12) is needed
to overcome the Balian-Low obstruction for orthonormal bases
using windowed exponentials [18], [19]. The library of bases
that correspond to different recursive dyadic partitions of is
denoted by .

We now consider realizations of the received signal:
. A fast algorithm [19] based

on the fast Fourier transform (FFT) is used to calculate the inner
products . A table of em-
pirical variances is then calculated by

(14)

Fig. 2. Example of time-varying spectrum estimate. The grey level in each tile
indicates relative power.

We wish to find a “best” basis for covariance estimation of
among all the bases in the library . The basis

is chosen to maximize the following convex functional of
the empirical variances:

(15)

The best basis criterion (15) is equivalent to minimizing the
Hilbert-Schmidt norm of the error in estimating the covariance
matrix of when the off-diagonal matrix elements are
estimated by zero. The number of bases is greater
than . However, there exists a fast dynamic program-
ming algorithm [17] which selects the best orthonormal
basis in operations. The computational
complexity of this speed and average received power esti-
mator is dominated by the number of operations required to
compute , which are computed in
operations. The best basis corresponds to a particular parti-
tioning of the interval . We obtain a coarse estimate
of the time-varying spectrum by associating with
the time-frequency tile

in the basis
. The basis element has most of its energy concen-

trated in this tile. Fig. 2 illustrates a time-varying spectrum
estimate corresponding to a best basis partition.

An estimate of the maximum Doppler frequency and, hence,
the mobile speed are obtained using the time-varying spectrum.
For mobile speed and carrier wavelength, the maximum
Doppler frequency is . In some propagation
environments, there is no significant power incident at angles
of 0 or radians with respect to the mobile velocity. In such
cases, the bandwidth of the time-varying spectrum is less than
the maximum Doppler frequency. For robust estimation of the
mobile speed and the average received power in these situations,
the received complex envelopes from two antennas are used.
The signals from the two antennas yield realizations:

and .
We consider the estimate of the time-varying spectrum for a

subinterval . The estimates of the maximum Doppler
frequency and the average received power are placed at the
midpoint in time of the time-frequency tiles associated with
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Fig. 3. Antenna geometry and angle of arrival of incoming wave (top view).

, i.e., at time . Let
denote the local maxima of as varies ( and are
fixed). The ’s are sorted in decreasing order. The center
frequency of the time-frequency tile that corresponds to
is . The Doppler frequency of an
incoming wave is related to its angle of arrival (with respect
to the mobile velocity) by

(16)

The two-element antenna array is oriented along the mobile ve-
locity to estimate the angles corresponding to the Doppler fre-
quencies . Fig. 3 illustrates the antenna geometry and relevant
variables. The separation distance between the antenna elements
is . The coefficients in the best basis expansion of the re-
ceived complex envelopes for frequencyare related by

(17)

where . The approximation is due to the presence of
noise and boundary effects. Therefore, an estimate for is

(18)

In order to separate the local maximathat are due to noise
from the local maxima that are due to the incoming signal, the
following method is adopted. If , only the largest local
maximum is declared to be due to signal. This situation would
arise, for instance, when there is a line of sight between the base
station and the mobile station. The selection of the thresholdis
discussed in Section IV. From (16), the estimate of the maximum
Doppler frequency at time for this case is

otherwise
(19)

If , we identify all local maxima
satisfying another threshold condition, i.e., for

and . This condition is im-
posed to provide robustness to noise while accounting for a pos-
sible dominant multipath component (e.g., in Rician fading).
The choice of is also discussed in Section IV. An estimate
of the maximum Doppler frequency for this case is given by

(20)

The median (instead of the mean) is used in (20) for robustness
to outliers. The estimate of the mobile speed is then

(21)

Let denote the index of the time-frequency tile with the
largest center frequency less than or equal to , i.e.,

(22)

The average received power is estimated by the integral in fre-
quency of the time-varying spectrum for frequencies with ab-
solute value less than or equal to . The estimate of the
average received power at timeis then given by

(23)

Estimates of the maximum Doppler frequency and the average
received power are obtained in this manner for each of the subin-
tervals of the best basis partition, . To limit estimation
error, we discard speed and average power estimates that do not
satisfy a maximum acceleration constraint. The following sec-
tion describes the selection of the thresholdsand and the
block length . Results of simulations that apply the speed and
average power estimation technique are presented. The speed
and average power estimators using best basis methods are also
compared with an extension of the adaptive averaging method
described in [3].

IV. PARAMETER SELECTION AND SIMULATION RESULTS

The threshold is determined by considering a wide-sense
stationary, line-of-sight propagation environment. In this case,
the discrete-time noiseless complex envelope can be represented
by

(24)

where is the average power of and
. A unitary -point discrete Fourier transform (DFT) of

yields

(25)

where denotes the Kronecker delta function. There-
fore, the local maximum of the power spectrum of is

.
Let denote a unitary -point DFT of the discrete-time

noise at the output of the Doppler filter. It can be shown that

(26)

In order to discard the local maxima due to noise, we require
. Since (26) gives the max-

imum of the true noise power spectrum (instead of the empirical
spectrum), a factor is introduced for . Thus

(27)
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(a) (b)

(c) (d)

(e) (f)

Fig. 4. Angular distributions of incident power used in simulations.

where is the processing signal-to-noise ratio
(SNR). The SNR at the input of the Doppler filter must be
at least 3–5 dB for synchronization and at least 8–10 dB for
system operation. Typical maximum Doppler frequencies are
less than 300 Hz, and typical signalling rates are greater than
30 kHz. Therefore, the Doppler filter introduces a gain of at
least 20 dB in SNR, and hence, dB in the ab-
sence of frequency offset between the receiver and transmitter.
For and dB, (27) im-
plies . An upper bound for is obtained by con-
sidering an angular distribution with a diffuse component and
a discrete (specular) component (Rician fading). Let the angle
of arrival of the discrete component be with respect to the
direction of travel and the diffuse component be uniformly dis-
tributed in angle in a plane. This distribution represents a worst
case since most of the power contributes to a Doppler frequency
of 0 Hz. For a ratio of specular-to-diffuse power (Rice factor) of
10, . Therefore, in order to
estimate the speed for this distribution of incident power. These
considerations lead to the choice .

The second threshold is selected by simulations using six
different angular distributions of incident power. Plots of
the various distributions used in the simulations are shown in
Fig. 4, and brief descriptions are given in Table I. In order to
select the threshold independently of the mobile speed, spa-
tial sampling at a constant interval is used. In addition, the av-
erage received signal power and noise power are kept constant

TABLE I
ANGULAR DISTRIBUTIONS OFINCIDENT POWER USED IN SIMULATIONS

(�( � ) DENOTES THEDIRAC DELTA FUNCTION)

such that dB. For each angular distribution of inci-
dent power, 20 realizations are simulated, each having 50 speed
and average power estimates (a total of 1000 speed and average
power estimates per distribution). The separation distance be-
tween estimates is . This choice is motivated by the results
of [8].

The normalized bias and mean square error (MSE) of the
speed estimates are and , respectively.
Similarly, the normalized bias and MSE of the average power
estimates are and , respectively. For
the angular distributions considered, Figs. 5 and 6 are plots of
the normalized bias and MSE of the speed and average power
estimates, respectively, as is varied. The bias and MSE do
not vary as a function of for the line-of-sight distribution

. This behavior is due to the fact that the local maxima,
, of the spectrum due to noise are discarded using the first

threshold ; thus, the second threshold is never
used for this distribution. The negative biases in the speed esti-
mates for and increase in magnitude with since
fewer local maxima of the spectrum are used to estimate the mo-
bile speed, and most of the large local maxima for these distri-
butions are concentrated near a Doppler frequency of 0 Hz. The
relatively large magnitude bias and MSE in the average power
estimates for can be explained as follows. The mean dis-
tance between the local minima of thesquared envelope
is around for . In contrast, the mean distance between
the local minima of for the other distributions (except
for the line-of-sight case) is in the range – . Thus, the
averaging distance of does not completely remove the
small-scale envelope variations present for , and the re-
sult is a large magnitude bias and MSE for the estimates of the
average received power. In contrast, the correlation length of
the complex envelope for is on the order of .
Therefore, there is neither a large bias nor a large MSE for the
speed estimates since a distance of contains several cor-
relation lengths of the complex envelope, which is used to es-
timate the mobile speed. Figs. 5 and 6 indicate a desired value
of the threshold . The normalized bias and MSE of
the speed and average power estimates are also investigated as

varies from 20 to 30 dB. No significant change in perfor-
mance is observed for this range of .

The choice of the block length represents a trade-off be-
tween the delay in obtaining speed and average power estimates
and the minimum detectable nonzero speed . For a block
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(a)

(b)

Fig. 5. (a) Normalized bias and (b) normalized mean square error of speed
estimates as a function of threshold� forSNR = 20 dB. Solid:s (�); dotted:
s (�); dash-dot:s (�); dashed:s (�); ‘x’: s (�); ‘o’: s (�).

length of and a sampling period of , the time-frequency
tile for the root interval has a height of . There-
fore, the minimum detectable nonzero speed is

(28)

Numerical values of for speed tracking and corner detection
are given below.

In order to demonstrate the tracking of changes in mobile
speed, the speed and average power estimators are applied to
the following speed profile , [ is in kilometers per hour
(km/h) and in seconds]:

(29)

where

(30)

(a)

(b)

Fig. 6. (a) Normalized bias and (b) normalized mean square error of average
power estimates as a function of threshold� for SNR = 20 dB. Solid:s (�);
dotted:s (�); dash-dot:s (�); dashed:s (�); ‘x’: s (�); ‘o’: s (�).

For purposes of comparison, the adaptive averaging method
of [3] has been extended to account for angular distributions
other than uniform Rayleigh fading. In this method, the fol-
lowing quantities are computed at time index

(31)

The estimates of the maximum Doppler frequency and the av-
erage received power at time indexare given by and

, respectively. The averaging interval is adapted to
achieve a target averaging distance of , in accordance
with the results given in [8].

Fig. 7 is a plot of the speed and the speed estimates using
the best basis and the adaptive averaging methods for the an-
gular distribution and dB. For the best basis
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Fig. 7. Tracking performance of speed estimators for angular distribution
s (�) andSNR = 20 dB. Solid: true mobile speed; ‘o’: speed estimates using
best basis method; dotted: speed estimates using adaptive averaging method.

Fig. 8. Tracking performance of average power estimator for angular
distributions (�) andSNR = 20 dB. Solid: true average received power;
‘o’: average power estimates using best basis method.

method, estimates which imply an acceleration with absolute
value greater than are discarded ( m/s is the accel-
eration due to gravity). The duration of each signal block used
in this example is 1.706 s with samples (
km/h). The maximum uncertainty in frequency is

Hz, the carrier wavelength is m, the correlation length
of the log-normal shadowing is m, and the expo-
nent of distance dependence is .

It can be seen in Fig. 7 that the adaptive averaging method is
unable to track the variable mobile speed. The large estimation
error of the adaptive averaging method for low mobile speed is
due to the rapid variations in the signal envelope caused by addi-
tive noise. Fig. 8 is a plot of the corresponding average received
power (in dBm) and the average power estimates using the best
basis method. The average power estimates using the adaptive
averaging method are not shown since the performance is sim-
ilar to that of the best basis method. The results show that in
contrast to the adaptive averaging method, the best basis method
is able to track variable mobile speeds well.

The performances of the best basis and adaptive averaging
methods for speed profile (29) as a function of are com-
pared in Figs. 9 and 10. The results are presented for angular dis-
tribution and represent averages over 100 realizations of
the fading process. Values of less than 20 dB may occur

(a)

(b)

Fig. 9. (a) Bias and (b) root mean square error of speed estimates versusSNR
for speed profile (29) and angular distributions (�).

in practice due to a frequency offset between the receiver and
transmitter. From Fig. 9(a) and (b), the best basis method for
estimating the mobile speed performs significantly better than
the adaptive averaging method, in agreement with the results
given in Fig. 7. Fig. 10(a) and (b) indicate that the two methods
have similar performance for estimating the average received
power. The results for variable speeds demonstrate that the best
basis method performs significantly better than the adaptive av-
eraging method for the range of encountered in practice.

V. CORNERDETECTION METHOD

This section describes a method to detect the corner effect in
urban propagation environments. The detection method is eval-
uated using the propagation model of Section II-B. The corner
detection method uses the speed and average power estimates
obtained as described in Section III, except that there is no max-
imum acceleration constraint on the speed estimates in order
to reduce the detection delay. The current and past speed esti-
mate samples are linearly interpolated to the rate . A sim-
ilar interpolation is performed for the average power estimates
expressed in dBm. An estimate of the distance traveled by the
mobile station is obtained from the integral of the interpolated
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(a)

(b)

Fig. 10. (a) Bias and (b) root mean square error of average received power
estimates versusSNR for speed profile (29) and angular distributions (�).

TABLE II
MICROCELLULAR PROPAGATIONPARAMETERS FORCORNERDETECTION.

speed estimates. The corner effect is detected if the average
power changes by at least dB in the last m. If the intersec-
tions in a city are separated by m, the mobile station must
travel at least m before another corner is detected.

The corner detection algorithm is evaluated for various mi-
crocellular propagation parameters. Table II lists three sets of
values for the parameters used in (9). These values are based
on the empirical results of [16]. For each row of parameters in
Table II, values of 15 and 20 dB for the corner signal drop
are used. This drop occurs in a distance of. The value of the
exponent parameter is chosen to be 4, the distance between
the base station and the intersection is m, and the
minimum distance between intersections is m. The
standard deviations for the log-normal shadowing before and

(a)

(b)

Fig. 11. Angular distribution of incident power (a) before(s (�)) and (b) after
(s (�)) mobile station makes turn at intersection.

after the mobile station makes a turn at the intersection are 4
and 7 dB, respectively, and the corresponding angular distribu-
tions of incident power ( and ) are plotted in Fig. 11.

The corner detection method is evaluated using two realistic
speed profiles which capture the effects of slowing down
and stopping when making a turn. The general form of
the mobile speed near the intersection is given by

(32)

where and is defined in (30). The start of
the signal drop occurs at s. For both and

km/h. For km/h and for
km/h. For each set of propagation parameters,

ten realizations of the received signal are simulated, yielding
a total of 60 realizations for each speed profile. The delay in
detection is defined to be the distance from the position of the
start of the signal drop to the position of the mobile station
when the corner is detected. This definition includes the delay
due to the block processing of the received signal. The duration
of each signal block used in the simulations is 0.427 s with

samples. The corresponding minimum detectable
nonzero speed is km/h.

Tables III and IV summarize the results of the corner detec-
tion algorithm for speed profiles and . The threshold
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TABLE III
CORNERDETECTORPERFORMANCE FORSPEEDPROFILE v (t).

TABLE IV
CORNERDETECTORPERFORMANCE FORSPEEDPROFILE v (t).

is varied for m. The mean detection delays given in
Tables III and IV are determined excluding the false alarms and
the missed detections. The results indicate that for dB,
there is a significant number of false alarms since, at very low
thresholds , the shadowing is mistaken for a corner. Further-
more, for dB, some corners are not detected. Therefore,
for the microcellular propagation environments considered here,
a desired value for the threshold is dB. The corre-
sponding mean delays are 3.64 m and 2.13 m for speed profiles

and , respectively.
Another corner detection algorithm is described in [20] where

the assumptions of constant mobile speed and spatial sampling
of the signal are made. While it is desirable to compare the two
corner detection methods, the ideal assumptions of [20] make
the comparison difficult. The method described here is seen to
be effective in detecting the corner effect with small delay.

VI. EXTENSION: ARBITRARY ORIENTATION OF ANTENNAS

This section describes an extension of the speed and average
power estimation method of Section III to account for arbitrary
antenna orientations that are present for hand-held mobile sta-
tions. Since the antenna orientation is unknown, three antennas
at the mobile station are needed. The antennas are arranged in a
triangle; therefore, realizations of the complex enve-
lope are used to estimate the time-varying Doppler power spec-
trum. Details of the method are discussed in the following.

Fig. 12 provides a top view of the three antennas arranged
in an equilateral triangle. As in Section III, the antenna spacing
is and . The arbitrary angle between the
mobile velocity and the vector from Antenna 1 to Antenna 2 is

. The angle between Antennas 1 and 2 and Antennas 1 and 3

Fig. 12. Antenna geometry for three-antenna case (top view).

is . We now consider two multipath waves incident at
angles with respect to the mobile velocity. These waves in-
duce the same baseband Doppler frequency ,
where is the unknown maximum Doppler frequency. Let

denote the coefficient in the best
basis expansion of the complex envelope received at Antenna 1
for subinterval and for frequency . Here, and are
the complex amplitudes of the waves incident atand ,
respectively, and is the frequency index corresponding to

. The coefficients corresponding to the complex envelopes re-
ceived at Antennas 2 and 3 are denoted by and , respec-
tively. The following equations can be written for ,
and

(33)

(34)

(35)

(36)

The equations given above are valid for a negligible frequency
offset between receiver and transmitter and for far field condi-
tions such that the magnitudes of and do not change sig-
nificantly for the different antennas.

The five unknowns in (33)–(36) are , and .
Thus, the solution of these equations requires two frequencies

and to obtain a total of eight equations in eight unknowns.
These equations are independent for . The equations
can be solved by eliminating and for frequency and by
eliminating and for frequency . Finally, from (33), the
system of eight equations reduces to the following three equa-
tions:

(37)

(38)

(39)

The nonlinear system (37)–(39) can be written in the compact
notation

(40)
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where and
is the vector-valued function representing the left hand sides
of (37)–(39). Newton’s method is used to solve the nonlinear
system (40). Given an initial guess and the matrix of first
partials

(41)

the solution for is determined by iteration:

(42)

The iteration continues until a maximum iteration count is
reached, the matrix becomes ill conditioned, or

(43)

for some small . The initial guess
is determined as follows. For ,

(44)

and . For , the roles
of and are interchanged. The value for is varied in
the interval in steps of . An estimate of is
obtained from the solution using (33). Initial guesses which
yield a large imaginary part for or negative values for
are discarded.

Multiple estimates of are obtained using pairs of
frequencies for which the corresponding local
maxima of the time-varying Doppler spectrum sat-
isfy the threshold conditions discussed in Section III, i.e.,

. As in Section III, the
median of the estimates of is taken. The average received
power is then estimated using (23). For the case ,
the frequency of the largest local maximum, , is used as
an estimate of . Thus, if the time-varying spectrum has
at least two significant local maxima, this method provides
robust estimates of the mobile speed and the average received
power for arbitrary orientations of the mobile station antennas.
If the frequency offset between receiver and transmitter is not
negligible, and the unknown frequency offset can be
estimated using three significant local maxima in the Doppler
power spectrum.

The threshold is selected using the arguments
given in Section IV. The threshold is determined by simula-
tions using the angular distributions of Table I and five different
antenna orientations: . A value of

is chosen using the normalized bias and MSE of the
speed and average power estimates.

Fig. 13 is a plot of the estimates of the variable mobile speed
(29) and the average received power (in dBm) for the angular

(a)

(b)

Fig. 13. Tracking performance of (a) mobile speed and (b) average power
estimators for arbitrary antenna orientation, angular distributions (�), and
SNR = 20 dB. Solid: true mobile speed and average received power;
‘o’: speed and average power estimates using best basis method. Antenna
orientation = �=4.

distribution , and dB. The re-
sults demonstrate good tracking performance. The corner de-
tection method of Section V is evaluated using the speed and
average power estimation technique for arbitrary antenna ori-
entation as described here. For each speed profile (and

) and for each of the propagation environments used Sec-
tion V, five orientations of the antennas are simulated:

. The performance of the corner detec-
tion method is similar to the results given in Tables III and IV.

VII. CONCLUSION

A new technique is described for estimating the mobile speed
and the average received power in general wireless environ-
ments. The method uses the local stationarity of the received
signal to expand the signal in a basis of smooth local exponential
functions. The coefficients of the expansion provide an estimate
of the time-varying Doppler power spectrum. The time-varying
spectrum and a two-element antenna array are used to estimate
and track the variable mobile speed and the average received
power. This estimation method is extended to the case of an
unknown, arbitrary orientation of the antennas at the mobile
station. Using three antennas, this estimator is shown to yield
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performance comparable to the method using two antennas ori-
ented along the mobile velocity. The best basis estimator has
been shown to perform significantly better than an extended
adaptive averaging method.

The above technique is used to detect the corner effect present
in urban cellular systems. A corner is detected if the average re-
ceived power changes by a significant amount within a short
distance. Simulations demonstrate that this method detects cor-
ners with small delay and, hence, is useful in reducing handoff
delay and the call dropping rate.
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