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Abstract—This paper presents an in-depth investigation of
frequency-domain super-resolution time-of-arrival (TOA) estima-
tion with diversity techniques for indoor geolocation applications.
A methodology for performance evaluation of super-resolution
techniques based on the measurements of indoor radio propaga-
tion channels is presented. The performance of super-resolution
techniques is compared with the performance of conventional
TOA estimation techniques. The effects of diversity techniques
on the performance of super-resolution techniques are evaluated.
The measurement and simulation methods presented in this paper
can be used to establish empirical performance bounds for real
implementation of super-resolution indoor geolocation systems.

Index Terms—Channel measurement, diversity techniques, in-
door geolocation, performance evaluation, spectrum estimation,
super-resolution, time-of-arrival (TOA) estimation.

I. INTRODUCTION

WITH THE emergence of location-based applications
and next-generation location-aware wireless networks,

location finding techniques are becoming increasingly impor-
tant [1]. Location finding based on time-of-arrival (TOA) is
the most popular method for accurate positioning systems.
The basic problem in TOA-based techniques is to accurately
estimate the propagation delay of the radio signal arriving from
the direct line-of-sight (DLOS) propagation path. However,
in indoor and urban areas, due to severe multipath conditions
and the complexity of the radio propagation, the DLOS cannot
always be accurately detected [2], [3]. Increasing time-domain
resolution of channel response to resolve the DLOS path im-
proves the performance of location finding systems employing
TOA estimation techniques.

Super-resolution techniques have been studied in the field
of spectral estimation [4]. Recently, a number of researchers
have applied super-resolution spectral estimation techniques
for time-domain analysis of different applications. These
applications include electronic devices parameter measurement
[5], [6] and multipath radio propagation studies [7]–[11]. In [7],
the super-resolution technique was employed in the frequency
domain to estimate multipath time dispersion parameters such
as mean excess delay and root-mean-square delay spread.
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A similar method was used in [8] to model indoor radio
propagation channels with parametric harmonic signal models.
Here, we address the application of super-resolution techniques
to accurate TOA estimation for indoor geolocation. In the
literature, the time-delay estimation problem has been studied
with a variety of super-resolution techniques, such as min-
imum-norm [9], root multiple signal classification (MUSIC)
[10], and total least square-estimation of signal parameters via
rotational invariance techniques (TLS-ESPRIT) [11]. While
super-resolution techniques can increase time-domain resolu-
tion, it also increases complexity of system implementation. In
this paper, we present an investigation of frequency-domain
super-resolution TOA estimation techniques for indoor geolo-
cation. We present and evaluate techniques that can be used in
practical implementation to improve the performance of TOA
estimation. To demonstrate usefulness, the performance of
super-resolution techniques is compared with that of two con-
ventional TOA estimation techniques. In addition, two diversity
combining schemes are presented for super-resolution TOA
estimation techniques and the effects of diversity techniques
are evaluated based on these two schemes.

In the literature, the performance of super-resolution tech-
niques for time-domain analysis is typically evaluated either by
computer simulation with simple two-path channel model [9] or
by using specially designed simple circuits [6]. In this paper, the
performance of super-resolution TOA estimation techniques is
studied through computer simulations based on measurements
of indoor radio propagation channels. Due to the complexity of
multipath indoor radio channels, performance analysis based on
experimental channel measurement data reveals much more re-
alistic statistical results than computer simulations with simple
theoretical channel models. Furthermore, as the channel mea-
surement system that we used provides a convenient means for
conducting extensive measurements in indoor areas, the mea-
surement and simulation methods presented in this paper can
be used to conveniently establish empirical performance bounds
for real implementation of super-resolution indoor geolocation
systems.

The rest of the paper is organized as follows. In Section II,
the MUSIC super-resolution algorithm is applied to the fre-
quency-domain channel measurement data for TOA estimation.
Then several issues in practical implementation are addressed in
Section III. Section IV presents diversity techniques that can be
applied to super-resolution TOA estimation. Simulation results
based on measurement data are presented in Section V, which is
followed by conclusions.
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II. SUPER-RESOLUTION TECHNIQUES

The multipath indoor radio propagation channel is normally
modeled as a complex lowpass equivalent impulse response
given by

(1)

where is the number of multipath components, and
and are the complex attenuation and propagation

delay of the th path, respectively, while the multipath compo-
nents are indexed so that the propagation delays ,

are in ascending order. As a result, in the model de-
notes the propagation delay of the DLOS path, i.e., the TOA,
which needs to be detected for the purpose of indoor geoloca-
tion. Taking the Fourier transform of (1), the frequency-domain
channel response can be expressed as

(2)

The parameters and are random time-variant functions
because of the motion of people and equipment in and around
buildings. However, since the rate of their variations is very slow
as compared with the measurement time interval, these param-
eters can be treated as time-invariant random variables within
one snapshot of measurement [12]. The phase of the complex
attenuation is normally assumed random from one snapshot
to another with a uniform probability density function
[13]. On the other hand, these parameters are frequency-depen-
dent since they are related to radio signal characteristics such as
transmission and reflection coefficients. However, as shown in
[14], for frequency bands used in this paper, these parameters
can be assumed frequency-independent.

In this paper, we consider super-resolution TOA estimation
based on frequency-domain measurement of indoor channel
response. In practice, discrete samples of frequency-domain
channel response can be obtained by sweeping the channel at
different frequencies [15], by using a multicarrier modulation
technique such as orthogonal frequency-division multiplexing
(OFDM), or in a direct-sequence spread spectrum (DSSS)
system by deconvolving the received signal over the frequency
band of high signal-to-noise ratio [7], [9]–[11].

If we exchange the role of time and frequency variables in
(2), we can observe that it becomes a harmonic signal model

(3)

which is well known in spectral estimation field [4]. Conse-
quently, any spectral estimation techniques that are suitable for
the harmonic signal model can be applied to the frequency re-
sponse of multipath indoor radio channel to perform time-do-
main analysis. In this paper, we use the MUSIC algorithm [16],
as an example of super-resolution techniques, in TOA estima-
tion for indoor geolocation applications.

The discrete measurement data are obtained by sampling
channel frequency response at equally spaced fre-
quencies. Considering additive white noise in the measurement

process, the sampled discrete frequency-domain channel
response is given by

(4)

where , and denotes additive white
measurement noise with mean zero and variance . We can
then write this signal model in vector form

(5)

where

and the superscript denotes the matrix transpose operation.
The MUSIC super-resolution techniques are based on eigen-

decomposition of the autocorrelation matrix of the preceding
signal model in (5)

(6)

where and the superscript denotes conjugate
transpose operation, i.e., Hermitian, of a matrix. Since the prop-
agation delays in (1) can be theorectically assumed all dif-
ferent, and the matrix has full column rank, i.e., the column
vectors of are linearly independent. If we assume the magni-
tude of the parameters is constant and the phase is a uniform
random variable in [ ], the covariance matrix is
nonsingular. Then, from the theory of linear algebra, it follows
that assuming , the rank of the matrix is ,
or equivalently, the smallest eigenvalues of are all
equal to . The eigenvectors (EVs) corresponding to
smallest eigenvalues of are called noise EVs, while the
EVs corresponding to largest eigenvalues are called signal
EVs. Thus, the -dimensional subspace that contains the signal
vector can be split into two orthogonal subspaces, known as
signal subspace and noise subspace, by the signal EVs and noise
EVs, respectively. The projection matrix of the noise subspace
is then determined by

(7)

where and ,
are noise EVs. Since the vector ,

must lie in the signal subspace, we have

(8)

Thus, the multipath delays , can be de-
termined by finding the delay values at which the following
MUSIC pseudospectrum achieves maximum value:

(9)
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Fig. 1. Functional block diagram of the receiver of super-resolution TOA estimation systems.

Fig. 2. Functional block diagram of the MUSIC super-resolution TOA estimation algorithm.

Fig. 1 shows a functional block diagram of the receiver of
super-resolution TOA estimation systems. The received signal
is first used to estimate channel frequency response. Then, a
super-resolution algorithm is used to transform the channel fre-
quency response to time domain pseudospectrum, as defined in
(9). The estimate of TOA is then obtained by detecting the first
peak of the pseudospectrum in the delay axis using a peak detec-
tion algorithm. In the next section, issues in the practical imple-
mentation of super-resolution TOA estimation techniques will
be presented.

III. ISSUES IN PRACTICAL IMPLEMENTATION

Note that in the analysis, we considered the theoretical or true
correlation matrix . In practice, the correlation matrix must
be estimated from the measured data samples. Fig. 2 illustrates a
functional block diagram of the MUSIC super-resolution TOA
estimation algorithm. The input data vector, i.e., the estimate of
channel frequency response given in (5), is first used to estimate
the correlation matrix . Then, the eigenvalues as well as the
corresponding EVs of the correlation matrix are computed. The
parameter is determined through the analysis of the eigen-
values and EVs of the correlation matrix, which is discussed in
details later in this section. Finally, the pseudospectrum is ob-
tained using (9).

If we have snapshots of measurement data, the estimate of
the correlation matrix is obtained from

(10)

but if only one snapshot of measurement data of length is
available, the data sequence is divided into consecutive seg-
ments of length and then the correlation matrix is estimated
as

(11)

where and
. In this section, we will focus on

the second method, where only one snapshot of measurement

data is used in estimating data correlation matrix as in (11).
Methods based on multiple snapshots will be discussed in
Section IV for application with diversity techniques.

As we mentioned earlier, for the super-resolution TOA esti-
mation techniques, the measurement data vector is obtained
by sampling channel frequency response uniformly over a given
frequency band. In order to avoid aliasing in the time domain,
similar to the time-domain Nyquist sampling theorem, the fre-
quency-domain sampling interval is determined to satisfy
the condition , where
is the maximum delay of the measured multipath radio prop-
agation channel. For example, for indoor geolocation applica-
tions, the frequency sampling interval is normally set to be
1 MHz, which accommodates application scenarios where the
maximum delay is less than 500 ns or, equivalently, the
maximum length of the multipath signal propagation path is less
than 150 m. Thus, with a bandwidth of 20 MHz, the length of
one measurement data sequence is 21, which is far too short to
accurately estimate the correlation matrix. As we will discuss, a
number of issues arise and a number of techniques can be used
to improve the performance when the estimate of the correla-
tion matrix is used in the implementation of super-resolution
techniques.

A. Improved Estimation of Correlation Matrix With Limited
Measurement Data

The measurement data are assumed to be stationary. Thus,
the correlation matrix of the data is Hermitian (conjugate sym-
metric) and Toeplitz (equal elements along all diagonals). How-
ever, the estimate of the correlation matrix , based on the ac-
tual measurement data of small finite length , is not Toeplitz.
The estimate of the correlation matrix can be improved using
the following forward–backward correlation matrix (FBCM):

(12)

where the superscript denotes conjugate, superscript
stands for forward–backward estimation, and is the
exchange matrix whose components are zero except for ones
on the antidiagonal. It can be easily shown that is

persymmetric, that is, , and its elements
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are conjugate symmetric about both main diagonals. This
technique is widely used in spectral estimation with the name
modified covariance method [4], in linear least-square signal
estimation with the name forward–backward linear predication
[4], and in antenna array signal processing with the name
modified spatial smoothing preprocessing [6], [17]. Here, we
call the correlation matrix in (11) the forward correlation
matrix (FCM) in contrast to the FBCM in (12).

In our development of basic theories, we assumed that the
magnitude of the parameters in (1) is constant and the phase

is a uniformly distributed random variable so that the cor-
relation matrix in (6) is full-rank (nonsingular), but if the
phase of is nonrandom, which is true if only one snapshot
of measurement data is used in estimating the correlation ma-
trix , the rank of the correlation matrix decreases to
one and the matrix becomes singular. In such a situation, the
MUSIC algorithm does not work properly, but fortunately, for
the signal model (4), the estimation of data correlation matrix
using (11) has decorrelation effects. The decorrelation effects in
forward and forward–backward correlation matrices were ana-
lyzed in [6], [17], and [18]. For the forward estimation method,
following the derivation in [18] for the two-source model, the
correlation coefficient between and , i.e., the th and th
element of , can be derived as

(13)

where

and is the ( )th element of the parameter correlation ma-
trix . It is noted that the decorrelation effects of the forward
estimation method depend on the number of segments , the
frequency sampling interval , and time-delay difference (

). Similarly, the correlation coefficient of the forward–back-
ward estimation method can be derived as

(14)

where

which depends, in addition, on the length of the segments ,
phase difference of parameters ( ), and the lowest fre-
quency of the spectrum . Detailed derivations of (13) and (14)
can be found in the Appendix. From

(15)

we can clearly observe that FBCM has better decorrelation
effects than the FCM. Fig. 3 shows examples of the decorre-
lation effects versus the number of segments calculated from
(13) and (14), respectively. Later in this paper, we compare the
performance of the forward and forward–backward estimation
methods by computer simulations.

Fig. 3. Correlation coefficients of FCM and FBCM, with�f = 1MHz, (� �
� ) = 15 ns, (� � � ) = 0, f = 900 MHz, and L = 13.

B. Determination of Parameters and

If we use only one measurement data snapshot of length
points to estimate the TOA, the first step is to determine the
value of for estimation of as in (11). With large values of

, the potential for higher resolution of the MUSIC algorithm
increases, which is similar to that in array signal processing
where increasing means an increase in subarray aperture and,
thus, an increase in resolution capability [19], [20]. On the other
hand, from (11), we can see that for a fixed value of , the value
of decreases as increases. The decrease in increases
fluctuations in the matrix , resulting in large perturbations
of the eigenvalues and EVs of , and reduces the number of
coherent that can be detected [20], [21]. Consequently, the
value of needs to be selected so that it provides a balance be-
tween resolution and stability of the algorithm. Different values
of have been used in the literature; for example, [22] used

and , [19] used , and [9] adopted . In this
paper, we use a value of , which was determined through
computer simulations.

Another parameter that needs to be determined in using a
super-resolution technique is the number of multipath compo-
nents . If the true correlation matrix is available, can
be easily determined by observing eigenvalues of the correla-
tion matrix since in theory, the smallest eigenvalues of

are all equal to , and the remaining eigenvalues are
all larger than , but in practical implementation, especially
when the correlation matrix is estimated from a limited number
of data samples, the noise eigenvalues are all different, which
makes it challenging to clearly distinguish signal eigenvalues
and noise eigenvalues. In [23], the information theoretic criteria
for model selection, including Akaike information theoretic cri-
teria and Rissanen minimum descriptive length criteria (MDL),
are applied to this problem. The MDL criterion for estimation
of is used in this paper, which is given as [23]

MDL

(16)
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where , are the eigenvalues of correlation
matrix in descending order. The estimate of is determined as
the value of for which the MDL is minimized.
In [24], Xu et al. showed that when the forward–backward esti-
mation method is used, the MDL criteria in (16) cannot directly
apply and the second term of the criteria must be modified to

.

C. EV Method

One implicit assumption in the MUSIC method is that the
noise eigenvalues are all equal, i.e., for

, that is, the noise is white. However, as we just discussed,
when the correlation matrix is estimated from a limited number
of data samples in practice, the noise eigenvalues are not equal.
A slight variation on the MUSIC algorithm, known as the EV
method, can be used to account for the potentially different noise
eigenvalues [4], [25]. The pseudospectrum of the EV algorithm
is defined as

(17)

where , are the noise eigenvalues. In ef-
fect, the pseudospectrum of each EV is normalized by its corre-
sponding eigenvalue. If the noise eigenvalues are equal, the EV
method and the MUSIC method are identical. The performance
of the MUSIC and EV methods were compared in [25], and it
was shown that the EV method is less sensitive to inaccurate es-
timate of the parameter , which is highly desirable in a prac-
tical implementation. As presented later in this paper, the EV
method is shown by computer simulations to have slightly better
performance than the MUSIC method. In Section IV, we investi-
gate diversity techniques that can be used to further improve the
performance of super-resolution TOA estimation techniques.

IV. DIVERSITY TECHNIQUES

Diversity techniques such as time diversity, space diversity,
and frequency diversity are widely utilized in wireless commu-
nication systems to improve link performance [1], [13], [26].
Diversity techniques take advantage of the random nature of the
radio propagation channel by finding and combining uncorre-
lated signal paths. In essence, all diversity techniques used for
wireless communication systems can be used for TOA estima-
tion systems with the general structure shown in Fig. 4, where
the diversity system has branches. The TOA is estimated inde-
pendently at each diversity branch of receiver, and then a com-
bining algorithm is used to process the TOA estimates from all
branches to obtain an optimum estimate. A variety of different
combining algorithms can be designed for different diversity
techniques. The simplest one is the equal-gain combining al-
gorithm given by

(18)

In some cases, more complex variable-gain combining is
also possible, where the estimate of each diversity branch

Fig. 4. General structure of TOA estimation with diversity techniques.

Fig. 5. Estimation of correlation matrix with diversity techniques for
super-resolution TOA estimation, correlation matrix based diversity combining
scheme (CMDCS).

is weighted with a coefficient that reflects the quality of
time-delay estimation at each branch. More research work is
needed to design optimum combining algorithms for diversity
techniques.

For the super-resolution TOA estimation techniques pre-
sented in this paper, diversity techniques can also be applied, as
shown in Fig. 5. Instead of combining independent time-delay
estimates as in Fig. 4, the measurement data at diversity
branches are combined to estimate the correlation matrix using
(10). For the convenience of referencing, we call the structure
in Fig. 4(a) the general diversity combing scheme (GDCS),
and the structure in Fig. 5(a), the correlation matrix-based
diversity combing scheme (CMDCS). In super-resolution TOA
estimation techniques, the major computational load is in the
eigen analysis, i.e., computing eigenvalues and EVs, of the
correlation matrix. As a result, CMDCS is computationally
superior to GDCS since the CMDCS scheme performs eigen
analysis only once, but the GDCS scheme needs to perform
independent eigen analysis times.

On the other hand, by applying the CMDCS scheme, the un-
derlying assumption concerning the radio propagation channel
is that the amplitude attenuation and time delay for each path,
and the number of signal paths are the same from the trans-
mitter to all diversity branches of the receiver. This restricts
CMDCS to only quasistationary scenarios, where the channel
remains unchanged while the diversity measurement data are
collected. This is one disadvantage of the CMDCS scheme as
compared with the GDCS scheme, which has no such restric-
tion in application. This condition for applicability also makes it
challenging to use CMDCS for space diversity since in space-di-
versity situations, the radio propagation channel from the trans-
mitter to diversity branches of the receiver are most likely not
the same. Similarly, CMDCS is not suitable for time diversity.
As we discussed in Section III, the super-resolution technique
cannot work properly when the phase of each signal path re-
mains unchanged together with the amplitude attenuation and
time delay for each path, and the number of signal paths. For
quasistationary scenarios, it is unknown whether the phase is
random or not for repeated measurements while the number of
signal paths and the amplitude attenuation and time delay for
each path all remain unchanged, but simulation results utilizing
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measurement data collected on indoor radio channels, which
will be presented in Section V, show that time-diversity with
CMDCS yield almost no improvement over nondiversity tech-
niques. In contrast, frequency-diversity can be well fitted into
CMDCS. By using frequency-diversity, the th measurement
data vector , are obtained using th carrier fre-
quency. A quantitative relationship between the improvement of
TOA estimation accuracy and frequency diversity is not known,
but the effects of frequency diversity can be conveniently an-
alyzed using the correlation coefficients similar to the way by
which we analyzed the forward–backward correlation method.

For frequency diversity, if the carrier frequency is uni-
formly distributed

(19)

where is center frequency, and is the range of the fre-
quency distribution, the correlation coefficient between and

can be derived as

(20)

where the superscript stands for frequency diversity. Sim-
ilarly, if the frequency diversity method is used for the FCM,
then the correlation coefficient becomes

(21)

where

and that for FBCM becomes

(22)

We notice that by using the frequency diversity method, the
coherence between multipath components is decorrelated ac-
cording to the sinc finction as and absolute value of delay
difference ( ) increase. Fig. 6 shows correlation coeffi-
cients of forward and forward–backward correlation matrices
with frequency diversity, calculated from (21) and (22), using
the same parameters as in Fig. 3. We can clearly observe that
the frequency diversity technique further improves the decorre-
lation effects in both forward and forward–backward correlation
matrices. Details of the derivations of (20)–(22) are presented in
the Appendix.

V. SIMULATION RESULTS BASED ON MEASUREMENT DATA

In this section, we further investigate the performance of
super-resolution and diversity techniques by means of com-
puter simulations based on the measured frequency response
of indoor radio propagation channels. The frequency response
of the indoor radio channel can be measured with a network
analyzer, as reported in [15] and [27]. The main component of
our measurement system is a network analyzer that generates
a swept frequency signal and analyzes the resulting received

Fig. 6. Correlation coefficients of FCM and FBCM with and without
frequency diversity, with �f = 1 MHz, (� � � ) = 15 ns, (� � � ) = 0,
f = 1 GHz, L = 13, and �F = 100 MHz.

signal. The measurement data reported in [28], collected
using a network analyzer, is used in this paper to evaluate the
performance of super-resolution TOA estimation techniques.
Magnitude and phase measurements of radio channels were
performed at center frequency 1 GHz with bandwidth of
200 MHz. The measurements were conducted at three different
buildings that represent highly likely places for deployment
of indoor geolocation systems, including a manufacturing
building at the Norton Company, Worcester, MA, a modern
academic building, the Fuller Laboratory at Worcester Poly-
technic Institute, Worcester, MA, and a residential house, the
Schussler House at Worcester Polytechnic Institute. Thirty
locations were selected at each site for measurement at places
where indoor geolocation systems will be likely used. Four
consecutive snapshots of the radio channel were taken at
each receiver location while preventing movement around the
vicinity of the antennas of transmitter and receiver. During the
measurement, a transmitter was fixed at one location while a
receiver was moved around. The measurement locations were
distributed so as to include indoor-to-indoor, outdoor-to-indoor,
and outdoor-to-second floor radio propagation conditions. For
each measurement location, the physical distance between the
antennas of transmitter and receiver were determined either
directly or from the blueprint of building floorplans. After the
measurement, the frequency domain measurement data were
calibrated to remove the effects of system and antenna gains
and delays [15].

The signal bandwidth is one of the key factors affecting the
accuracy of TOA estimation in multipath propagation environ-
ments [3]. To study the performance of TOA estimation using
signals of various bandwidths, in the simulations, we use only
a segment of each frequency domain measurement data to re-
flect the band-limitation effects. For example, with a 1-MHz
frequency-domain sampling interval, a data segment of 21 sam-
ples, centered at 1 GHz, of each measurement data is used in
simulations for a bandwidth of 20 MHz.
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Fig. 7. Mean and STD of ranging errors using different techniques. The
vertical line corresponds to plus and minus one STD about the mean.

A. Performance of Super-Resolution Techniques

As we mentioned earlier, the EV method is a variant of the
MUSIC method and it is preferred when the correlation matrix
is estimated from a limited number of data samples. To com-
pare the performance of EV and MUSIC methods, both algo-
rithms are applied to the measured data with forward–backward
estimation of the correlation matrix. Fig. 7 presents the mean
and standard deviation (STD) of the ranging errors versus signal
bandwidth. To clearly relate the results to geolocation applica-
tions, time delay is converted to distance by the relationship

, where m s is the constant speed of
light in free space. We can observe that both mean and STD of
the ranging errors decrease as the bandwidth increases. The EV
method (i.e., EV/FBCM) has slightly better performance than
the MUSIC (i.e., MUSIC/FBCM) for low signal bandwidth in
terms of smaller STD of ranging errors. As a result, in the fol-
lowing, we use the EV algorithm for further investigation.

We analyzed FCM-based and FBCM-based super-resolution
TOA estimation techniques through the decorrelation effects in
the estimated correlation matrix. Since there is no analytical way
to quantitatively relate the improvement in the accuracy of TOA
estimation to the method of correlation matrix estimation, we
compare the two methods using statistical simulation results.
Fig. 7 also presents simulation results for the EV algorithm
with FCM. Comparing EV/FBCM and EV/FCM, it is clear that
the FBCM-based method performs better than the FCM-based
method in terms of smaller mean and STD of ranging errors,
which is consistent with the analytical analysis. It is also noted
that both techniques have similar performance when the signal
bandwidth is large, e.g., bandwidth larger than 120 MHz.

B. Comparison of Super-Resolution and Conventional
Techniques

In order to demonstrate the usefulness of the super-resolu-
tion technique, we compare its performance with two conven-
tional time-delay estimation techniques. In the first of the other
two techniques, the frequency-domain channel response is con-
verted directly to time domain using the inverse Fourier trans-

Fig. 8. Estimated TOA of the DLOS path and normalized time-domain
responses obtained using three different techniques. The vertical dashed–dotted
line denotes the expected TOA.

form (IFT), and then, propagation delay of the DLOS is de-
tected. When the time-domain response over part of the time
period is desired, the chirp-z transform (CZT) is preferred, pro-
viding flexibility in the choice of time-domain parameters with
the cost of longer computational time as compared with IFFT
(inverse fast Fourier transform) [29]. The time-domain reso-
lution with CZT is the same as with the IFFT. On the other
hand, a proper window function is needed to avoid leakage and
false peaks by reducing the sidelobes of the time-domain re-
sponse, which result from finite bandwidth, with the cost of re-
duced time-domain resolution. In our simulations, we employ
CZT with the Hanning window to convert frequency channel
response to the time domain.

The second technique uses the traditional cross-correlation
techniques with DSSS signals (DSSS/xcorr). To simulate
DSSS signal-based cross-correlation technique using measured
frequency channel response data, frequency response of a
raised-cosine pulse with rolloff factor 0.25 is first applied to
the frequency channel response as a combined response of
band-limitation pulse-shaping filters of the transmitter and
receiver. Then, the resultant frequency response is converted to
the time domain using the IFT for TOA estimation.

Fig. 8 shows normalized time-domain responses obtained
from simulations of the three techniques using a sample
channel measurement data. We observe that the super-reso-
lution technique shows much higher time-domain resolution
than the other two, and it accurately detects the delay of the
DLOS path while the other two fail. Fig. 9(a) presents mean
and STD of ranging errors versus the bandwidth of the system.
Fig. 9(b) presents probabilities of measurement locations
where absolute ranging errors are smaller than 3 m. In general,
the super-resolution technique has the best performance and
it is preferred, especially when the signal bandwidth is small.
It should be noted that, as shown in the simulation results,
while using super-resolution technique and larger bandwidth
can improve the statistical performance of TOA estimation, it
cannot eliminate large estimation errors at some locations. This
is because of the possibility of no-LOS propagation (NLOS)
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(a)

(b)

Fig. 9. Simulation results. (a) Mean of ranging errors using three different
TOA estimation techniques. The vertical line corresponds to one STD.
(b) Percentages of measurement locations where absolute ranging errors are
smaller than 3 m.

condition between the transmitter and the receiver. Such a
condition needs to be dealt with in the positioning process to
achieve high positional accuracy in a geolocation system [3].

C. Effects of Time Diversity

Here, we study the effects of time diversity with the two
diversity combining schemes, i.e., GDCS and CMDCS, that
we discussed in Section IV. Time diversity is simulated by
running simulations using the four measurements of each
location, collected consecutively while stopping movement
in the vicinity of the transmitter and the receiver antennas
during the measurement. This represents the situation in which
the system is used for quasistationary applications with four
time-diversity branches. Fig. 10 presents simulation results for
the EV/FBCM method with two diversity-combining schemes,
i.e., EV/FBCM/TD4-CMDCS and EV/FBCM/TD-GDCS.
Simulation results for the EV/FBCM method without time
diversity are also shown in the figure as a reference for com-
parison. From the results, we can observe that there is almost
no difference between the performances of the CMDCS-based
method and the nondiversity method while the GDCS-based

Fig. 10. Mean and STD of ranging errors with time diversity.

method has clearly better performance in terms of smaller STD
of ranging errors. This verifies our earlier comment that the
CMDCS is not suitable for time-diversity systems. In contrast,
GDCS can be used in time-diversity systems to improve the
system statistical performance to some extent.

D. Effects of Frequency Diversity

The use of frequency diversity is simulated by running
simulations based on segments of data samples that are
obtained by dividing each measurement data sequence of
frequency channel response into a number of equally spaced
segments. Since the measurement data at each location are
of 200-MHz bandwidth, to avoid overlapping among diver-
sity segments, the effect of frequency diversity is evaluated
only for a bandwidth of 20 MHz. It should be noted that in
real implementation, overlapping segments can be used for
frequency diversity. In our simulations, the overlapping is
avoided in order to avoid correlation between measurement
noises in the overlapping segments since the segments are
obtained from one measurement. Four equally spaced seg-
ments are first used for each measurement data sequence to
compare frequency and time-diversity techniques using the
same number of diversity branches. Both GDCS and CMDCS
schemes are used for EV/FBCM (i.e., EV/FBCM/FD4-GDCS
and EV/FBCM/FD4-CMDCS), and the results are compared
with that of EV/FBCM and EV/FBCM/TD-GDCS, as shown
in Fig. 11(a). The cumulative distribution function (CDF) is
used for comparison. From the figure, we note that all three
diversity techniques perform better than the nondiversity
EV/FBCM method and frequency diversity with CMDCS
has the best performance. In order to examine the effects of
the number of diversity branches, we increase the number of
diversity branches to ten, which is the maximum number of
segments that we can achieve from 200-MHz measurement
data without overlapping segments. Then, in Fig. 11(b),
the simulation results of GDCS and CMDCS schemes with
ten diversity branches (i.e., EV/FBCM/FD10-GDCS and
EV/FBCM/FD10-CMDCS) are compared with that of nondi-
versity EV/FBCM and frequency diversity with four diversity
branches, i.e., EV/FBCM/FD4-CMDCS, which has the best



232 IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS, VOL. 3, NO. 1, JANUARY 2004

(a)

(b)

Fig. 11. CDF of ranging errors for a bandwidth of 20 MHz with frequency
diversity.

performance in Fig. 11(a). From the results, it is clear that
EV/FBCM/FD10-CMDCS has the best performance and even
the EV/FBCM/FD4-CMDCS has slightly better performance
than EV/FBCM/FD10-GDCS, though it has a smaller number
of diversity branches. Consequently, we can conclude that fre-
quency diversity can further improve the ranging performance
and for frequency diversity, the CMDCS scheme is preferred
to the GDCS.

VI. CONCLUSION

In this paper, we have applied super-resolution spectral
estimation techniques to the measured channel frequency
response to accurately estimate TOA for indoor geolocation
applications. Our results show that super-resolution techniques
can significantly improve the performance of TOA estimation
as compared with conventional techniques including direct IFT
and DSSS signal-based cross-correlation techniques. We have
shown that a number of techniques are able to further improve
the performance of super-resolution techniques, including the
EV method, forward–backward estimation of correlation ma-
trix, time diversity, and frequency diversity. For time diversity,

the general diversity combining scheme is preferred while for
frequency diversity, the correlation matrix-based scheme is
preferred. Another important factor that affects the performance
of TOA estimation is signal bandwidth. For all techniques the
performance improves as signal bandwidth increases. On the
other hand, as bandwidth increases, there is less difference in
performance between different techniques. Also, it should be
noted that due to the possibility of the NLOS condition between
transmitter and receiver, using super-resolution techniques and
large bandwidth cannot eliminate large ranging errors at some
locations.

APPENDIX

The parameter correlation matrix is defined in (6) as

(A1)

Thus, using the forward estimation method, the ( )th ele-
ment of the correlation matrix can be obtained as

(A2)

and it easily follows that

(A3)

where . From the definition of the correlation
coefficient between the th and th parameters, defined as in
[18], we can obtain that

(A4)

where and are defined in (13).
The FBCM is defined in (12)

(A5)

where and are forward and backward correlation
matrices, respectively. The backward correlation matrix can be
equivalently calculated using (11) with the data vector

(A6)

so that the element of the parameter vector in (5) becomes

(A7)

Thus, using the backward estimation method, the ( )th ele-
ment of the parameter correlation matrix can be obtained as
(A8), shown at the top of the page, where is given by (A2).
Then, the ( )th element of the parameter correlation matrix
using the forward–backward estimation method can be obtained
as

(A9)
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(A8)

Finally, the correlation coefficient between the th and th pa-
rameters can determined by

(A10)

where is given in (14).
For frequency diversity, we assume the carrier frequency is

uniformly distributed as given in (19). The elements of the pa-
rameter correlation matrix are derived as follows:

(A11)

and the correlation coefficient is easily obtained

(A12)

The correlation coefficients of forward and forward–back-
ward estimation methods, given in (21) and (22), are easily ob-
tained by noticing that

(A13)

where the statistical expectation is performed with respect
to the uniformly distributed carrier frequency.
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