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Abstract—The Ricean K-factor is the ratio of the power of
the deterministic multipath component (MPC) and the pow-
er of all other stochastic MPCs. The classical moment-based
method has been successfully used to estimate the K-factor
from time series measurements. In this paper, we apply this
method to estimate the K-factor for narrowband temporal
selectivity, based upon the analysis of frequency-selectivity in
single-snapshot wideband measurements. We also derive the
theoretical bias of this estimator and find it depends jointly on the
number of channel transfer function envelope samples across the
measurement bandwidth, the correlation among such samples,
and the K-factor values. Qualitative analysis indicates that the
bias increases nearly linearly with the K-factor (K > 1 on the
linear scale) and is affected by correlation amongst the samples.
Furthermore, the bias is inversely proportional to the number
of samples. Simulations confirm the validity of the derivations.
Moreover, a measurement campaign is designed at 28 GHz with a
system bandwidth of 400 MHz in an urban micro-cell scenario.
The proposed estimator is used to extract the statistics of the
K-factor in line of sight and non-line of sight scenarios. The
relationship between the K-factor and distance is investigated
and a linear model is used to characterize it.

Index Terms—K-factor, wideband channel, estimation, bias,
millimeter wave.

I. INTRODUCTION

N wireless communication environments, different

multipath components (MPCs) arising from reflection,
diffraction and scattering processes, impinge on the receiver.
Each MPC has a different magnitude, phase, and angle of
arrival. The wireless channel gain is an important quantity
and is commonly assumed to be a complex Gaussian
random variable, by invoking the central limit theorem [1].
Under the Gaussian assumption, if there is a deterministic'
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'The notation of deterministic and stochastic component follows the clas-
sical paper by Rice. In wireless communications, MPCs are not inherently
deterministic or stochastic. In the literature, the “deterministic” component is
usually set as the line-of-sight component, and the “stochastic” components
are all other MPCs. However, this interpretation is not necessarily general,
and can even be misleading, since, e.g., the K-factor can be nonzero even in
the complete absence of a line-of-sight component.

component in the channel, the complex channel gain is
nonzero-mean complex Gaussian, and the envelope follows
a Ricean probability density function (PDF). Note that for a
mobile channel, the non-zero mean is not apparent until the
deterministic phase evolution is tracked. The Ricean factor,
also named K-factor, is the power ratio of the deterministic
component to that of the other, stochastic, components.

The K-factor can be a measure of small scale variations in
time, space, or frequency, i.e., temporal, spatial or spectral
selectivity. The smaller the K-factor, the more severe the
selectivity, with the limiting case of K = 0 corresponding
to Rayleigh fading [2] [3]. Knowledge of K-factor statistics is
important for the design and performance analysis of wireless
systems. Furthermore, some link-adaptive technologies are
analyzed and optimized for Ricean fading [4] [5] [6] and in
[7] [8] [9], the capacity analysis of a wireless communication
system depends on the K-factor. These examples show that
estimation of the K-factor is of significant importance for the
establishment of reliable and representative channel models.

A. Literature review

In the existing literature, several different estimators have
been proposed. The maximum-likelihood (ML) estimator
[10] and the method of moments [11] were introduced to
calculate the K-factor using samples of the received signal
envelope. The ML estimator in [12] employs the in-phase and
quadrature-phase (IQ) samples, and thus has superior bias and
efficiency for short data records. However, it is more complex
and its performance depends on good initial values. In [13],
a Bayesian approach was used to overcome the drawbacks of
the ML estimator.

All the above estimators assume that the channel is
narrowband and time-varying. However, most current wire-
less systems are wideband. For example, in millimeter wave
mobile communication systems, over 1 GHz of bandwidth
may be used [14], while multipaths with delays of several
hundred nanoseconds or even microseconds are present. The
distribution of the envelope of a wideband signal that varies
in time was studied in [15]. On the other hand, most of
the measurements in millimeter wave bands are conducted
when the measurement system is static due to the typical
constraints of the measurement platforms [16] [17]. Also, most
measurements are designed such that the environment can
also be considered to be static. Thus K-factor estimators for
such fixed-location measurements are required. In [18], a K-
factor estimator for a multiple-input-multiple-output multipath
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channel was proposed, which computed the K-factor as the
ratio of the power in the first delay bin divided by the power
in the other delay bins. However this is not accurate if there
are stochastic components in the first delay bin. Besides, if the
deterministic component is a reflected component, it is perhaps
not in the first delay bin. In [19] and [20], the traditional
moment method was used to calculate the K-factor on each
delay bin or carrier frequency separately. The calculated K-
factor is not the traditional Ricean factor that we are interested
in because each bin can contain contributions from only one
or several MPCs rather than all MPCs in the channel. In the
more recent literature, [21] computed the empirical distribution
of the small-scale temporal selectivity values of all resolvable
paths and compared the result with the Ricean distribution to
obtain the K-factor of a millimeter wave channel in an indoor
scenario. In [22], measurements of the small-scale spatial
fading of the received signal voltage amplitude were used to
find various spatial selectivity distributions at 73 GHz. Ray
tracing was also used to extract the wideband K-factor at 28
GHz in urban street-canyon environments [23], but estimators
suitable for ray tracing where the deterministic component
can be perfectly isolated are not necessarily suitable for
measurement analysis.

Another important aspect of K-factor estimators is the
bias and variance for a finite number of samples. In [24],
Monte Carlo simulations were used to ascertain the minimum
number of samples required to estimate the K-factor within a
specified confidence interval. It was found that the minimum
number of samples depended upon the value of the K-factor,
the correlation between successive samples and the sample
interval. The impact of the correlation on the performance of
the K-factor estimators was analyzed in [25]. However, these
analyses are mostly based on simulations without theoretic
derivations.

B. Contributions of this paper

In this paper, we propose a method of estimating the K-
factor for narrowband temporal selectivity based on analyzing
spectral selectivity. Importantly, this method does not require
multiple spatial samples, i.e., we can obtain the K-factor based
on a single (static) measurement. Furthermore, we derive the
bias of this estimator, which agrees well with simulations. We
find that the bias depends jointly on the number of channel
transfer function envelope samples across the measurement
bandwidth, the correlation between successive samples, and
the K-factor values. Finally, we use this estimator to extract
the statistics of the K-factor of a millimeter wave channel in an
urban micro-cell scenario from measured data. These results
can be helpful for designing mobile wireless communication
systems.

The contributions of this paper are as follows:

e We propose a method of estimating the K-factor for
narrowband temporal selectivity based on analyzing the
spectral selectivity.

o We derive the bias of the estimator both for frequency-
based and time-based K-factor estimators.

¢ We show, via derivation and simulation, that the bias of
the estimator increases nearly linearly with the K-factor

values (K > 1 on the linear scale) while the bias is
inversely proportional to the number of samples. Also,
we show that when there is strong correlation between
successive samples, the correlation has a major influence
on bias.

o We show, via analyzing measurement data, the statistics
of the K-factor in an urban microcell scenario. In
addition, we investigate the relationship between the K-
factor and the measured distance for both the line of sight
(LOS) and non-line of sight (NLOS) scenarios.

C. Paper organization

The rest of this paper is organized as follows. Section II
introduces the K-factor estimator. The theoretical derivations
of the bias of this estimator are presented in Section III.
Corresponding numerical results based on simulations are
given in Section IV. Section V describes the measurement
setup and scenarios. The statistics of the millimeter wave
channel K-factor in an urban micro-cell scenario are analyzed
in Section VI and VII. Finally, Section VIII concludes this

paper.

II. THE K-FACTOR ESTIMATOR

A frequency-flat, time-varying channel impulse response
(CIR) with a deterministic component can be expressed as
[11]

h(t) = Vp + / Pry(t), (1)

where Vp is a complex constant, which indicates the
deterministic component with a power gain of Pp, /Prg(t)
is a complex, zero-mean Gaussian process which represents
the stochastic (typically reflected, diffracted, or diffusely
scattered) components with the average power gain of 2Pg.
The envelope of h(t) can be described by a Ricean PDF, which

18
freen() = Zexp (~ T LD g (7Y
Ricean - PR p 2 PR 0 PR ;

where Ij is the zero-th order modified Bessel function of the
first kind. Hence, the K-factor is
Pp
K=— 2
5P (2)
According to [11], the K-factor can be calculated by
computing the moments of the envelope of h(t).

A wideband receiver can resolve MPCs according to their
delay; the resolution can be approximated by a “delay bin”,
whose duration is the inverse of the measurement bandwidth.
Hence, the CIR can be defined as?

h(t§ T) = VD(S(T - TO) + Z \/Egm(t)é(T - Tm)7 (3)

where /P, g, (t) represents the sum of MPCs with the excess
delay of 7,,, 2P, is the power gain, M is the number of delay
bins, Vp represents the deterministic component in the delay

2The following channel response equations are well known, for more details
see, e.g., [1].
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bin 79 and 6(-) is the Dirac function. It is noteworthy that
Top may not be the first delay bin because the deterministic
component could be a reflected component. In the frequen-
cy domain, samples across the channel’s bandwidth can be
considered to be different narrowband channel realizations.
In measured results, such samples can easily be taken to
be the different samples taken during a single sweep, if a
vector network analyzer is used for the measurements. Alter-
nately, they can be different samples in frequency resulting
from the Fourier transform of a CIR measured with a time-
domain channel sounder, e.g., a correlative sounder. They have
regular spacing and are of a similar nature to orthogonal
frequency division multiplexing subcarriers; note, though, that
the channel sounding and description is independent of any
communications system for which the channel modeling is
done. It is herein conjectured, and demonstrated, that the K-
factor that would characterize narrowband temporal fading
on the measured channel can be estimated by analyzing
the transfer function estimate (TFE) H(¢; f), under certain
conditions. The TFE can be expressed as

H(t: f) = / h(t; 7)exp(—jo2m f7)dr. @

where j. is equal to v/—1, i.e., the imaginary unit.

Assuming there are n narrowband spectral samples, we can
get

H; = Vpexp(—jo2nfr0) + /Prgs, i =1,2...,m,  (5)

where H; is the TFE, H(¢;iAf), on the ith spectral sample,
Pr = Z%:l P, and g; is a complex zero-mean Gaussian
process. The reader should note that the complex Gaussian
condition can be satisfied using the central limit theorem only
if a sufficient number (usually about 10) of MPCs are received.
The Ricean factor extraction should only be applied, therefore,
if it can be shown to be reasonable that the central limit
theorem holds and the Gaussian model applies.> Using (2),
H; can be normalized as

K xp(—jonf )+ 4/ L =12
exp(—je —g;, i =1,2...,n.
K+1 P JcéT JTo K+1 1 n

(6)
In wideband systems, the impact of multipath propagation
results in spectral selectivity of the channel [1] [27]. Fur-
thermore, the different spectral samples are correlated with
each other if they are sufficiently closely spaced,* and such

H; =

3This can be accomplished by verifying that there are more than 10
delay bins in the CIR estimate where significant power is received, or if
there are fewer than 10, using spectral smoothing and forward-backward
averaging, followed by an eigenvalue decomposition of the correlation matrix
for the frequency-domain samples, and application of the Akaike information
criterion or minimum description length information theory criteria to estimate
the number of MPCs received. A cursory check might also be conducted by
using the Kolmogorov Smirnoff (KS) test or the Chi-square test to assess
whether the cumulative distribution function (CDF) or the PDF of the complex
frequency-domain samples can be modelled using a Gaussian CDF or PDF
[26].

4We henceforth assume that the channel is measured on discrete spectral
samples, which is in line with both multicarrier communication systems and
vector network analyzers, which are frequently used for channel sounding.

correlation can be accounted for by using the relationship

g] = Pi,j9; + \/ 1- |pi7j|2e’ia .] = 172...,71,, (7)

where e; and g;- are independent C' N (0, 1) (complex normal)
variables, and e; can be considered as a noise variable. p; ; is
the correlation coefficient between the i —th and j —th spectral
samples. Based on the above mathematical descriptions, we
use the moment method [11] to estimate the K-factor as
follows

1 n
== H,?
Ga n; il (®)
- ilﬂ-l‘*— G; ©)
U_n—l (3 n a )
=1
. G? -G,
K= . : (10)
G, — /G2 -G,

where G, and G, denote the first and second sample moments
separately and K is the estimated K-factor. We note that
equations (1)-(7) are generally valid for Ricean fading, and we
could estimate the Ricean factor by any estimator mentioned
in Section I-A. However, the bias analysis in Section III is
specific to the moment method estimator.

To further demonstrate the availability of the proposed
method, we compare it with the typical K-factor estimation
method, in which we use the moments of a time series
of amplitudes of CIRs to estimate the K-factor. If wide-
sense stationary uncorrelated scattering (WSSUS) holds, the
wideband channel CIR within a small time segment can be
written as

M
h(t,7) =Vpd(r—70)+ Z €722 fmax€03(Dn) 4 Om 5 ()

m=1

(1D
where a,, is the random amplitude, fi.x is the maximum
Doppler frequency, ¥,,, is the arrival angle, 6,, is the random
phase. This equation is valid, by definition, within the “region
of stationarity”. Note that in the experiments in the later
sections of this paper, we conservatively choose an area with
a diameter of 10\ as a WSS interval when analyzing the time-
series measurements. In the typical method, we firstly sum up
CIRs in the delay domain as follows (i.e., generating a time-
variant signal that is narrowband, as summation in the delay
domain is equivalent to low-pass filtering)

M M
h(t) = Z h(t,7m) =Vp + Z Q€72 08 )40
m=0

m=1 (12)
If the number of MPCs, M, is big enough, then,
according to the central limit theorem, we can get
3 et Q@I Om) O ON(0, 3,0 [an?).
h(t) ~ CN(Vp, M an|?) and samples of h(t), h(t;),
are measured in the <¢th different space/time position,
i = 1,2,...,1. Then, we can use the moment method
to calculate the K-factor as follows, where “nb” is the

abbreviation of “narrowband” and indicates the typical
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method,
1 J
2
Ga—nb - f Z |h(tz)| 5 (13)
i=1
1 I
pb = —— 4 1G? 14
Gu nb T-1 <7;Zl |h(tl)‘ Ga—nb ’ (14)
~ Gi—nb G” nb
K = . (15)
Ga—nb - Gz—nb - Gv—nb
Here, the true K-factor can be expressed as
V, 2
Vb (16)

= 7]\/[ .

2im=1 lam|?

For the proposed method, we first get the transfer function
as follows,

M

H(ta f) =
m=1

a7
H(0, f;) is the channel transfer function in the jth frequency
position for a single snapshot. Then, we use the moment-
method to calculate the K-factor in the frequency domain using
equations (8)-(10). Here, the true K-factor can be expressed
as ‘V67j627rf7-0|2 |VD|2
T M = =M (18)
2 om=1 laml? D= |am|2
Comparing (16) with (18), we observe that both methods are
correctly estimating the same K-factor under the condition of
WSSUS. An analysis of measured time series data is given in
Section VI by using these two methods.

III. THE DERIVATION OF THE BIAS
A. The Mathematical Derivation

Before deriving the bias of this estimator, it is required to
estimate the mean and variance of G, and G, respectively,
which are the main components of this estimator. As shown
in Appendix A,

2K +1 1
E(Ga) - ]_7 Val"(Ga) = m + (1 _ n) A7
2K +1 SK2+32K +8
E(Gv) - (K+ 1) A Var(G ) W +A ,
(19)

where A, A" are related to the K-factor and the correlation
coefficients as follows

QKRe pz] + |pzj|

n
= 20
Y X EERet e
=1 j#i,j=1
Fx- N Apiglt 16K pi i *Re(pi )
A — 2,J 2,] 2]
> 2. R D)
=1 j=1,j#i
~ N~ 1pigP(8K% + 8K +4) + 8KRe(pi;)
22 T
i=1 j=1,j#i n?(K + 1)

2y

— e 27 f 7 je (270 finax€08 (9 ) t+00 — 27 f Ty,
Vpe ™ fo_|_§:amea(f (Om) frm).

4
Hence, we can write
Go=1+eg,
2K +1 (22)
Gy = ——5 —A+tey,
v (1 T K)2 + e,

where the mean values of ¢, and e, are both zero and their
variances are Var(G,) and Var(G,) respectively. Substituting
(22) into (10), the estimated K-factor is

K \/(1 + ea) (%{Ii—ng +A-—
= (23)
Lt ea— /(L4 ea)? - Bt + A -

Based on the derivations shown in Appendix B, we can obtain
the bias of this K-factor estimator as shown in (61), which is
related to the correlation coefficients, the number of samples
and the K-factor itself. Inverting (23) allows us to obtain the
true K-factor from the estimated K-factor as follows

\/1+ev—A—
K:
1—\/1+€v—A—

However, it must be noted that A is a complex function of
the true K-factor and the correlation coefficients so that only
when A is negligible will this equation be useful.

(14e,)2(2K+1)
(K+1)2

(24)

(14ea)2(2K+1)
(K+1)2

B. Qualitative Analysis of the Bias

We have shown that the bias of the proposed K-factor
estimator is related to the number of samples, n, the K-factor,
K, and the correlation coefficient, p; ;, contained in A and
A'. To qualitatively analyze the relationship between these
parameters, we can simplify (61) as

do K

dy ,
Bias ~ —- + = 4 dsA K+ dyAK? + dsAPK3, (25)
n

where di,z = 1,2,...,5 are positive constants. Some
components that are smaller than the five components in (25)
are neglected. The condition of this simplification is K > 1.
This simplification is to allow intuitive interpretations, while
simulations are done by using (61). When the spectral samples
are uncorrelated and p; ; is zero, A, A are correspondingly
equal to zero. Hence, the bias is a function of K and n.
Furthermore, the bias increases linearly with the K-factor
while it decreases as the number of samples increases. The
linear growth of the bias with the K-factor can be identified
by inspection of the terms in (25). For example, there is a
product of the positive constant, d2, and the K-factor, K, in
(25). Note that the terms involving K2 and K2 in (25) are
multiplied by factors which reduce the order of the terms to
linear in K or lower. Hence, the relationship is approximately
linear. This can also be empirically explained as the bias is
amplified when the estimated value increases. A similar trend
is shown in [24], in which more samples are needed to get a
certain standard deviation when the K-factor value increases.
Specifically, when n is large and fixed, the bias is relatively
small. On the other hand, if different spectral samples exhibit
strong serial correlation, then, A and A’ induce a larger bias.
Generally, in the radio propagation channel, the correlation
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coefficients decrease as the spacing increases between two
different samples. We finally note that the bias analysis is
generally valid for K-factor estimates based on the moment
method, no matter whether the underlying samples are spectral
or temporal samples, or a combination thereof.

IV. NUMERICAL RESULTS

In this section, we conduct a series of simulations using
equations (6)-(10) to verify the above results and verify
the relationship between bias and other related parameters.
According to (19), the variances of G, and G, are dependent
on the number of samples, the true K-factor and the cor-
relation coefficients. Hence, we use two possible scenarios
to investigate the variance of G, and G,, correlated and
uncorrelated. Uncorrelated samples are independent C'N (0, 1)
(complex normal) variables. Furthermore, Eq. (26) is used
to create the correlation coefficient matrix, p;; is the (i,j)
entry of the matrix. Then, correlated samples are generated by
multiplying the uncorrelated samples with the principal square
root of the correlation coefficient matrix. In the simulations,
the number of samples, n, is varied from 100 to 1000 with a
stepsize of 50 and the K-factor, K, is varied from 1 to 100 with
a stepsize of 2 on a linear scale. The correlation coefficients
are created as follows [28]

14 2mjeraAf(i — )
P T @A =)

where Af is the frequency spacing, 74 is the root mean
square delay spread. Note that (26) gives the serial correlation
across frequency for the particular scenario of an exponential
power delay profile as discussed in [28] and [29]. Hence it
is a physically motivated special case for use in simulations.
Results are shown in Figs. 1-3. The dashed line represents
the simulation results and the solid line represents the theo-
retical values according to (19). We can see that theoretical
derivations fit well with the simulation results. The variance
of G, decreases more quickly than the variance of G, as the
K-factor increases while they decrease with similar speed as
the number of samples increases.

Based on the agreement between simulations and analytical
results, we can use the variance of G, and variance of G,
to calculate the theoretical bias of the K-factor estimator
according to (61). Firstly, we consider the situation where the
samples are not correlated and thus A, A are equal to zero.
Hence, the bias is only related to the number of samples, n,
and the K-factor, K. Figure 4 shows the simulation results. In
this simulation, n is set to 500. As the K-factor increases from
1 up to 100, the bias increases from around 0 to around 0.4 in
an approximately linear fashion. Figure 5 shows the simulation
results for K = 10. The bias decreases from around 0.25 to
around 0.03 as n increases from 100 to 1000. Overall, when
the successive samples are not correlated, as predicted by the
analysis, the bias increases linearly as the K-factor (K > 1 on
the linear scale) increases and it is an inverse function of the
number of samples.

Secondly, when the successive samples are correlated, the
bias also increases with the size of the correlation coefficient.
Figure 6 shows the simulation results. In these simulations, n

i,j=1,2..,n,  (26)

x1073 n=500

15 T T -
——Theoretical values
= = =Simulated values

0 20 40 60 80 100
K [linear]

(a) Var(Gq) vs. K

x1073 K=10 (linear scale)

Theoretical values
= = =Simulated values
151 1

Var(G a)

051

0 200 400 600 800
n

(b) Var(Gg4) vs. n

1000

Fig. 1. The variance of G under the condition of uncorrelated samples.

is set to 500 and K is set to 10 (linear scale). The correlation
coefficient between successive samples are all set according
to (26) by varying 74 to give a desired value. p; o represents
the correlation coefficient between adjacent samples. We can
see that the theoretical bias fits well with the simulated
bias. Further, when the successive samples are very strongly
correlated, e.g., |p1,2| is more than 0.98, the bias increases
greatly as shown in Figure 6. Also, the bias is generally
small when |p; 2| is less than 0.95. As shown in Figure 3,
there is a small gap between theoretical and simulated bias
values due to the simplifications in the derivations. In short,
our derivations fit well with simulation results, and when
the successive samples are strongly correlated, the correlation
greatly increases the bias.

We have observed that the bias decreases with n and
increases with correlation. Now, we consider the case of a
fixed bandwidth, where n is increased leading to increased
correlation. Here, there are competing trends and it is unclear
how the bias will behave. In simulations, the frequency
spacing, Af, is set to %O MHz and 74 is set to 50 ns,
empirically. Hence, as n increases, the correlation between
adjacent samples also increases. Simulation results are shown
in Figure 7. We can see that when the number of samples
increases for a fixed bandwidth, overall the bias remains
almost constant.

The results shown suggest that our theoretical approxima-
tions of the bias of the proposed K-factor estimator perform
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Fig. 2. The variance of G, under the condition of uncorrelated samples.

well when researching the relationship between the bias and
related parameters, i.e., the number of envelope samples across
the measurement bandwidth, the K-factor and the correlation
coefficients. In the following sections, we use the proposed
K-factor estimator to extract the K-factor from the measured
data.

V. MEASUREMENT SETUP AND SCENARIO
A. Measurement Facilities

In this measurement campaign, a wideband correlation
sounder was used to capture the channel information. The
sounder consists of separate components, €.g., up-converter,
down-converter, streaming disk and baseband block. The
measurement bandwidth is 400 MHz. At the transmitter (TX)
side, a pseudo-random (PN) noise sequence is generated as
the probing signal with a chip rate of 200 MHz, and the pulse
repetition interval is 5115 ns. Then, this baseband probing
signal is frequency-shifted to 28 GHz by a complex up-
converter. Before inputting the signal into the antenna, a power
amplifier with a 1 dB compression point of 33 dBm, and a
gain of 56 dB is used to make sure the maximum average
output power before the TX antenna can be up to 30 dBm.
At the receiver (RX) side, a low noise amplifier with a 1 dB
compression point of 5 dBm and a gain of 20 dB is used
to amplify the received signal. Subsequently, the complex
down-converter converts the received signal to baseband. A
streaming disk with a writing speed of 16 GB/s is used to
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Fig. 3. The relationship between the correlation and variances, Var(Gq)

and Var(Gy ), under the condition of correlated samples. p1,2 represents the
correlation coefficient between adjacent samples.

n=500

0.4 - ‘ ‘ -
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K [linear scale]

Fig. 4. The relationship between the bias and the true K-factor.

store the IQ data in real time. The CIRs in (3) can be obtained
by correlating the IQ data with a stored measurement system
back to back recording. Two rubidium clocks disciplined by
global positioning system (GPS) signals are used at the TX
and RX side separately. In terms of antennas, a 2 dBi biconical
antenna (omnidirectional, and directional with 40° half-power
beamwidth (HPBW), in azimuth and elevation, respectively) is
used at the TX side and mounted on a trolley. At the RX side,
an 8 dBi sectored antenna (90° and 40° HPBW in azimuth and
elevation, respectively) is used. Detailed measurement settings
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Fig. 8. The schematic diagram of the measured positions.

are summarized in Table 1.

TABLE I
MEASUREMENT SETTING

8.84 o.ée o.és 0.‘9 092 094 09 098 1 Property Values
P12 Central frequency 28 GHz
Fig. 6. The relationship between the bias and the correlation coefficient. Bandwidth 400 MHz
PN sequence 1023
Delay resolution 5 ns
Max output power 30 dBm
TX/RX antenna type Biconical/Sectored
TX/RX antenna gain 2 dBi/8 dBi
K=10 (linear scale), Af=50/n MHz, 7,=50 ns TX/RX antenna polarization Vertical

TX/RX antenna azimuth HPBW  Omnidirectional/90°

10 - T T
——Theoretical values
- - -Simulated values

TX/RX antenna elevation HPBW 40° /40°
& 1 TX/RX antenna height 1.66 m/13.38 m
o
8 | T IRYPIErr
al

B. Measurement Scenario

The measurements were conducted in an urban micro-
cell scenario at the Beijing University of Posts and
Telecommunications campus [30] [31]. The TX was put on
0 200 400 600 800 1000 the ground while the RX was fixed on the roof of a building

n with a height of 11.75 m. The heights of TX and RX antennas
were 1.66 m and 13.38 m respectively. There were many high
buildings around the RX. A photograph of the measurement
environment is shown in Figure 8(a). We conducted two types
of measurements: fixed-location measurements and time-series

Fig. 7. The relationship between the bias and the number of samples under
the same bandwidth.
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Fig. 9. The schematic diagram of the measured routes.

measurements. During the fixed-location measurements, the
TX was mounted on the trolley and fixed on the ground. The
spacing of the successive measured positions was 2 m. The
GPS antenna was used to record the position information of
the TX. There were in total 138 LOS measured positions and
101 NLOS measured positions. The measured distance range
of the LOS positions was 18.9 m up to 148.94 m while it
was 12.69 m up to 78.59 m for the NLOS positions. Figure
8(b) shows the schematic diagram of the measured positions.
During the time-series measurements, the trolley on which the
TX was mounted was pushed along the planned routes with a
speed of around 1 m/s. There were 10 routes in total including
7 LOS routes and 3 NLOS routes. The schematic diagram of
the measured routes is shown in Figure 9.

VI. ESTIMATING THE K-FACTOR IN TIME AND FREQUENCY
DOMAIN BASED ON THE TIME-SERIES MEASUREMENTS

In addition to the theoretical derivations in Section III and
the simulation in Section IV used to support the proposed
method, we also verify our method based on an analysis of
measured time series data. Two methods, the typical method
and the proposed method discussed in Section III, are used to
estimate the K-factor.

The statistics of the K-factor extracted by these two methods
from the time-series measurements are shown in Figure 10.
The narrowband method, i.e, the typical method, estimates the
K-factor with a mean value of 9.35 dB in a LOS scenario (2.1
dB in a NLOS scenario) while the wideband method, i.e., the
proposed method, estimates the K-factor with a mean value
of 9.2 dB in a LOS scenario (2.62 dB in a NLOS scenario).
Hence, the two different estimation methods can provide
similar statistical results with measured data, supporting the
analytical arguments. Next, we further compare the results
in each route and find that though the estimation results
obtained by these two methods have a similar trend and mean
value, there exists a discrepancy in the estimated K-factor in
some regions. For example, as shown in Figure 11, these two
methods can give almost the same K-factor value in some
stationarity regions while the discrepancy in some stationarity
regions is large. We empirically suggest that the discrepancy
may arise from the following reasons:

o The number of samples in the time domain is not the
same as that in frequency. In frequency, because of the

limited bandwidth, the number of samples is relatively
small compared to the time domain.

o The correlation coefficients of samples in frequency are
not the same as in time.

o Attificial effects. During measurements, the trolley is
manually pushed along the route and we assume the
moving speed is constant. However this assumption may
not be realistic especially over uneven ground, which may
bring about changes in correlation.

VII. THE STATISTICAL ANALYSIS OF THE K-FACTOR
BASED ON THE FIXED-LOCATION MEASUREMENTS

The analysis in Section II assumes that the channel TFEs
obtained from the measured data can be modeled by a Ricean
distribution as in (5). Hence, before using the proposed K-
factor estimator, we need to investigate if this assumption
holds for our data. For this purpose, we use the Kolmogorov
Smirnoff (KS) test statistic to measure the goodness of fit [32].
Note that serial correlation among the TFEs is likely and the
parameters of the Ricean have to be estimated. Under these
conditions, it is known that the KS test is conservative [33],
[34]. The KS test statistic is defined as

Dipax = max(\F(|H1\) - G(|H’LD|)7 (27)

where G(|H;|) is the empirical CDF of |H;| and F'(|H;|) is
the CDF of the Ricean fit. Another test output is the P-value,
which is the probability of observing a test statistic as extreme
as, or more extreme than, the observed value under the null
hypothesis. The KS test decides whether to reject the null
hypothesis by comparing the P with the significance level, a.
Commonly, « is set to 0.05. In our KS test, the samples in
each LOS and NLOS position are used to perform the KS test.
Figure 12 shows the KS test results. We can see that 50% of the
values of D« are smaller than 0.12 and most are smaller than
0.17. Besides, as shown in Figure 12(b), only 1 percent of the
P-values are smaller than the significance level, «, and reject
the null hypothesis of a Ricean distribution. In general, these
KS test results are consistent with a Ricean model, particularly
since the test is conservative in these conditions. Therefore we
use the proposed estimator to calculate the K-factor.

As shown in Figure 6 for the example correlation in (26),
which is a function of root mean square delay spread and
frequency spacing, the bias of the proposed K-factor estimator
is relatively small when the correlation coefficient between
adjacent samples satisfies |p1 2| < 0.95. However, when
|p1.2] > 0.98, the bias increases greatly, as shown in Figure
6. Hence, to reduce the effects of bias on estimation accuracy
in the measurement, we choose TFEs separated by the value
of frequency spacing for which the modulus of the sample
autocorrelation function drops below 0.95. Correspondingly,
we set 1 MHz as the spacing of selected successive spectral
positions. Figure 13 shows the statistics of the K-factor (in
dB) extracted by our proposed method in the urban micro-cell
scenario. We can see that the K-factor (in dB) of both LOS and
NLOS scenarios can be fitted well with a normal (Gaussian)
distribution. As shown in Figure 13(a), the mean value of the
normal fitting is 9.72 dB, which is close to the 9 dB obtained

0018-9545 (c) 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TVT.2018.2878352, IEEE
Transactions on Vehicular Technology

1 ; —
- - -K-LOS-narrowband method o 90 T T T T
—Normal u=9.35 g=4.12 — Kestimateq "1t method

80| —K__. -2nd method 1
E 4 estimated

<08

s 70 1

2 —60 1

Sl | =

< & 50 J

2 g

Z o4l 1 £40 1

g =

° ¥ ag ]

o 02F 4

20 1
0 10 1
0 ) ‘ ‘ ‘ ‘ ‘
0 20 40 60 80 100 120 140150
Index of stationarity region
(@)

. Fig. 11. The estimated K-factor in the st route using two different methods.

- = -K-NLOS-narrowband method ‘ i

—Normal p=2.1 ¢=5.75 !

=087 1

(2] .

o 0

Bos6l ; g

v T 08 1

< 7 ]

> o

Z04f y 1 g

, |

£ v 06

° J g

Lozt P 1 1)

/ 204 i
l" _a
==~ ©
0 — : : ‘ ‘ S
-10 5 0 5 10 15 x 02 J
K [dB]
(b) 0
!T---K-Los wideband method ‘ 1=
——Normal p=9.2 6=4.27 l,'

~08} |

3 1 ; ‘ ‘ ‘

2

o d

(2] g

2061 A 1

VI ‘ —~ 0.8 1

< A S

2 ’ 14

Zo04f a3 1 S

g ! Sosl ]

° Vi

%02t / 1 =

Zo04r ]
P Qo
s [
0 L == L L L L _g
-10 5 0 5 10 15 20 2
K IdB1 02r 1
© 0.05,0.01) corp
—— =005
oL ‘ ‘ ‘
i ‘ ‘ 0 0.2 0.4 06 0.8 1
- - -K-NLOS-wideband method P
—Normal p=2.62 =6 -7
—osl ] (b) The KS test statistic P-value
0.
2]
(2] .

K] Fig. 12. The KS test results.

206F 1

Vi

X

=

5% ] in [35]. The small difference is conjectured to be mainly due

B to the difference in the measured environment. For the K-

o L il . . . .

02 factor results in the NLOS scenario, shown in Figure 13(b),
the mean value of the normal fitting is 2.23. This suggests
0 5 20 that in NLOS situations, Ricean variations can still result if

the received signal contains a deterministic specular reflection.
Furthermore, on fixed radio links Ricean variations can result
Fig. 10. The statistical results of the K-factor extracted by: a) narrowband if there is neither ,LOS’ nor a s'peculgr Component’ dependl,ng
method in the LOS scenarios; b) narrowband method in the NLOS scenarios; Ol the length of time the received signal is observed, which

¢) wideband method in the LOS scenarios; d) wideband method in the NLOS  is a non-stationary process. This is because regardless of
scenarios.
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Fig. 13. The statistics of the K-factor. Each position has a K-factor estimate,
and there are 138 K-factor estimates in LOS scenario and 101 K-factor
estimates in NLOS scenario.

conditions between the TX and RX, after each perturbation
of the received signal, the vector sum of the received signals
returns to exactly the same amplitude and phase each time the
perturbation stops [36]. Similar effects have been observed in
the below-6 GHz range [37].

To characterize distance dependence of the K-factor, we
model the relationship between the K-factor in dB and distance
in meters by a linear model

K=a+b-d+Z,Z ~ N(0,0°), (28)

where d is the Euclidean distance between TX and RX, a is
a constant, b is the distance-dependent exponent and Z is a
random Gaussian variable. Figure 14 shows the linear fitting
results where (a,b) refers to the estimates of the parameters
in (28). The blue line is the linear fit. We can see that the
slopes of the LOS and NLOS linear fits are -0.03 and -0.04
respectively. Furthermore, 95% confidence intervals for the
slope estimates are (—0.05,0) and (—0.09, 0.01), respectively.
For the LOS scenario, the upper confidence bound for the
slope is zero so that we can conclude that as the distance
increases, the K-factor in the LOS scenario decreases. This
can be explained physically by the fact that as the distance
increases, the LOS component power decreases according to
the free-space pathloss law. However, the reflected or scattered
components increase relatively speaking, as the complexity of
the environment between RX and TX increases, and the K-
factor decreases correspondingly. For the NLOS scenario, the
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Fig. 14. The relationship between the K-factor and distance.

confidence interval for the slope includes zero and there is less
evidence that the K-factor decreases as the distance increases.
However, zero is close to the upper bound and a 90% interval
does not include zero. More measurement results are needed
to investigate this trend. Table I summarizes the statistics of
the K-factor in this urban micro-cell scenario at 28 GHz.

TABLE I
THE STATISTICS OF THE K-FACTOR IN AN URBAN MICRO-CELL SCENARIO
AT 28 GHz.
Scenarios Urban micro-cell
' LOS NLOS

14 9.72 223

K LdB] o 5.09 5.03
a 11.33 3.9

K [dB] - d [m] b 0.03 | -0.04

o 5.01 4.95

VIII. CONCLUSION

In this paper, we apply the moment-method estimator to the
frequency domain to calculate the K-factor for narrowband
temporal selectivity from the wideband measured data. The
K-factor is extracted from the ensemble of narrowband
channel transfer function estimates. The theoretical bias of a

0018-9545 (c) 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TVT.2018.2878352, IEEE

Transactions on Vehicular Technology

moment-method estimator is derived. We find that the bias is
approximately linear with the K-factor (X > 1 on the linear
scale) and is an inverse function of the number of the samples.
It can be found that the bias is relatively small when the
absolute value of the correlation coefficient between adjacent
samples is less than 0.95. Otherwise, the bias increases greatly
as the correlation increases. For a fixed bandwidth, as the
number of samples increases and the correlation between
adjacent samples increases correspondingly, the bias is almost
constant. The statistics of a millimeter wave channel K-factor
in an urban micro-cell scenario are extracted by using the
proposed estimator on measured data. The K-factor in both
LOS and NLOS scenarios can be modeled well by a lognormal
distribution. Furthermore, the relationship between the K-
factor and distance is modeled as a linear dependence and
for the LOS scenario, the K-factor decreases slowly as the
distance increases.

APPENDIX A
THE MOMENTS OF (G, AND G,
In this part, we compute the moments of G, and G,. It is
easy to calculate
1 n
E(G,) ==Y E(H;?* = 29
(Ga) = - ; (1H:[*) (29)
For the mean of GG, we can write
n 1 n n
BGo -1 (s - L (XY wmfiany
i=1 i=1 j=1
1 (< A
-+ (3mum)
=1
1 n n n
- > E(H[*) + > E(HiHj|?)
i=1 i=1 j=1,j#i
2K +1
(K +1)2
1 ~ « 2KRe(pi;) + |pi;
-1 K +1)2 ’
n(n—1) = 4=, (K+1)
(30)

where p; ; is the correlation coefficient between the j —th and
i—th samples and Re() returns the real part. For simplicity, we
At t E Z 2KRe(pi ) +|pi; [°
use 0 represen (n ) 2uim1 2uj=1,j#i (K1) .
Then, the variance of G, can be calculated as

Var(G,) =E(G?%) — E(G,)*
2K +1 1
=1+7(K+1)2 + (1—n> A-1 31)
2K +1 1

In terms of the variance of GG, we can write

Var(G,,) = E(G?) — E(G,)?, (32)

11

where E(G,,) has been calculated in (30) and E(G?2) can be
calculated by

BG2) = — [ SOS B(H Y | +

E(| Hi|*[H.[*|H ) ) |

(33)

where H;, H;, H, and H, are correlated with each other.
In principle, this equation is possible to calculate, but it is
very messy in practise. To simplify the derivations, we replace
the sample variance, G, by the sample variance, GG,,, which
assumes that the true mean, E[|H;|?] = 1, is used instead of
the sample mean, 2 3" | |H;[%,

1 n
= EZ (|Hil* = 2| Hi|” +1). (34)

Using G provides a best case scenario as using (9) can only
provide more error. Furthermore, using (34) avoids the need
to calculate 8 — th order joint moments. Then, we can get

ZEIHI +ZZ (15l *[Hy1)
i g, j7e

+— 74ZE\H\ 422 (|H;| Y H; %)
v g, j7e

= L <<4+2n>ZE<Hi|4>
Ly

i g

— 4nZE(\H1|2) + n2>
i=1

E(|H; || H;[*)

(35)

In the above equation, the mean values of some of the more
complex parts are listed as follows

K*+16K3 + 72K? + 96K + 24

E(H[*) = e ,

(36)

K*4+8K3 +20K? + 16K +4
(K +1)*

N Re(p; ;) (8K® + 32K? + 32K)

(K +1)*
|p, J[2(16K2 4+ 32K + 16) + 2K2(p? ; +

(K+1)*

|pi j|°Re(pi ;) 16K + |p; ;*4

(K +1)* ’

E(|H;|*1H,[") =

(37

P;‘k,jg)

+
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K3 +5K? +6K +2
(K +1)3
4 Re(pij)(4K® + 8K) + |pij|*(4K +4)
(K +1)3

E(|H;|*H,[*) =

(38)
Based on the above derivations, the variance of G, can be
obtained as
~ 8K? 4+ 32K +38
Var(G, —_—
(G) = n(K +1)*
4pi, J|4 + 16K|Pz ]|Re(pz i)
n2(K +1)*

n n

DY

i= 1] 1];&1

+Z Z |93

i= 1] 1,j#4
n2K+1)
i=1 j=1,j#1

8K? + 32K +8 )
_—_‘_A’
n(K + 1)

(4K? + 8K +4) + 8KRe(p; ;)
n2(K +1)4

(39)

where A is used to represent the part containing correlation
coefficients.

In the derivations of bias, the mean value of G,G, is
needed. According to (34), we replace G,G, by G,G, so
that

ZIHI6+Z Z 1|1 ) +

i=1 j=1,j#1
—= nZ\H\2—2ZIH|“—2Z >
i=1 j=1,j#1
(40)
Hence, the mean value of G,G,, can be obtained by
6K + 2 2K +1
G.Gy) =
(GaGh) (K+1)3n (K +1)2
S 3 PR +2) + Re(p 4K “D
2 3 :
i=1 j=1,j#i " (K + 1)
APPENDIX B
THE DERIVATION OF THE BIAS OF THE K-FACTOR
ESTIMATOR

According to (22), the estimated K-factor can be written as

NG arrrrer

(42)

1+ea—\/(K+1) +2e,+e2+A—e,

Multiplying the numerator and denominator by 1 + e, +
\/( K+1) +2¢,+e2+A—e, and using X to represent
2e, + €2 + A — e, yields

b _ (14e,)(K+1)

VE?+ X(K +1)2 +K2+X(K+1)

K
(2K +1)(1+ =)

(43)

12

Considering that the value of e, is small compared with 1, the
part (1 + e,) approximately equals 1. Then, using the Taylor
formula to simplify (43),

K+1
(K + 1)y/EZ+ X (K + 17 = K(K + 1)1+ X(~—)?
B X K+1, X? K+1,,

(44)
where | X (££1)?| is smaller than 1. For the denominator, we
can get

L (o= ME DT (e = A K 1)
2K +1 - 2K +1

(ey — A)?(K +1)*

(2K +1)?

(45

Substituting (45) and (44) into (43) yields

2
i 2K +K+A+C’)(1+B)’ 46)
2K +1
where A = X% X2 (KH)S B = —(e, —
K+41)? K K+1)?
A) (21;;1)1 +(en —A)? ((QK—:ll))? and C = ea(l + X( -
X2 (Ig;;i) )JK(K + 1). Then, we can get the bias as follows:
Bias = E(K — K)
E(A) + E(AB) +E E(B 47
() + B +E(AB) + () + E(BC),

2K +1

Now, we can see that the bias is related to the K-factor, the
number of samples and the correlation coefficients between
successive samples. Then, we compute the mean values of A,
B, C AB and BC as follows

E(X)3K +1)(K +1)2 E(X?)(K +1)°

B(4) = 2K 8K3 , 49
CEB(A—e))(K+1)? E((A—e,)?)(K +1)*
BB) ==k 1 CK+1?2
E(X(A—e,))(K+1)*B3K+1) @
E(4B) = 2K(2K + 1)
E(X(A —e,)?) (K +1)5(3K +1)
+ 2K (2K +1)? “
E(X2(A —e,))(K +1)7 (50)
8K3(2K + 1)
E(X?(A —e,)?)(K +1)°
a SK3(2K +1)2 ’
E(0) = %E(Xea) - (KE;FT;PE(X%GL (51)
_ E(—eye ) K(K+1)°  E((A—e,)%e)K(K+1)°
B(BO) = 2K +1 (2K +1)?
E((A - e)Xed) (K +1)°  E((A —e,)2Xeq)(K +1)7
+ 2K(2K + 1) 9K (2K + 1)
E((A — e)X2)(K +1)7  E((A = €,)2X2e,)(K +1)°
a 8K3(2K +1) a 8K3(2K +1)2 ‘
(52)
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In the following equations, for simplicity, let V; and V5
represent the variances of GG, and G, respectively, V3 is the
mean value of e e,. We can show that Ais equal to O(4),
eq, and e, are equal to O( \/ﬁ) and €2 and e? are equal to
O(2) using the classical mathematical notation for the limiting
behavior of a function. In the following derivations, we keep
the terms consisting of V3, V5, V3 or A and other smaller

terms are neglected.
E(X) =WV + A, (53)
E(X?) ~ 4V) + Vo + 2AV; — 4V5 + A%

Before calculating F(AB), we firstly compute the following

components.
E(X(A—e,)) ~ Vo+ AV} — 2V5 + A%
E(X(A - e,)?) = 3AV, — 4AVs + APV; 4 A,
E(X%(A —e,)?) = 4A%V] + 6A%V, — 8A?V3 + 2A3V; + A*
E(X?(A —e,)) = 4AV) + 3AV, — 8AVs + 2A%V; + A3,
(54)
In terms of E(BC), we should calculate the following
components
E(X (A —ey)eq) ~ 2AV; — 2AVs,
E(X(A —e,)%e,) ~ —3A%V3,
E(X2(A —e,)%e,) = 4A2V; — 3A%V3, 5)
E(X?(A —e,)eq) = —4A%V3.

Then, we keep all O(;) terms and remove smaller terms.
The term A? is kept because, although it has lower order,
the impact of the correlations may make it non-negligible for
reasonable sized values or n. Combining with (53), (54), (55),

we can get
E(BC) K(K +1)3
K1 K17 o
E(C) . (K+1)° (K +1)3
2K +1 VlK(2K+ 1) P2K(2K +1) B0
E(4)  (K+1)*(2K°-2K*-3K —1)
2K +1 2K3(2K + 1)
(K +1)° (K +1)°
BRIRK + 1) TS (58)
(BK +1)(K +1)2
A ReR D
LEELD  K(E+1)? G KK+ 1)
BKB) = 2K +1)2 2K + 1 (2K +1)2’
(59
E(AB) _ (K+1)*(3K +1) (K+1)*BK +1)
2K +1 7 2KQK+1)2 % K(2K +1)?
(60)
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Substituting (56)-(60) into (47) yields
. (K +1)%(4K% - 3K — 1)
Bias ~
ias ~ 1 9K3(2K + 1)
Y (K +1)*(8K* + 12K + 2K? — 3K — 1)
2 3 2
SK3(2K +1) 61

(K +1)3(—8K* — 8K® + 2K2 + 4K + 1)

Vs SKI(2K 1 1)2
3 4
WEFD) LK+ )
oK 2K + 1)

where V7, V5 and A are given in Appendix A. We now need
to calculate V3, which is the mean value of e,e,. According
to (34) (41), we can get

E(eqe,) =E(G.G,) — E(G4)E(Gy)
~E(G,Gy) — E(Go)E(Gy)
6K +2
(K + 1)3
|pi,i|>(2K +2) + Re(pij)4K
* Zl Z n?(K +1)3 '
i=1 j=1,j#1
(62)
Now, the bias is known.
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