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Abstract—The aim of this article is to present a simple but
robust model characterizing the frequency dependent transfer
function of an in-vehicle ultra-wide-band channel. A large num-
ber of transfer functions spanning the ultra-wide-band (3 GHz
to 11 GHz) are recorded inside the passenger compartment of
a four seated sedan car. It is found that the complex transfer
function can be decomposed into two terms, the first one being
a real valued long term trend that characterizes frequency
dependency with a power law, and the second term forms a
complex correlative discrete series which may be represented via
an autoregressive model. An exhaustive simulation framework
is laid out based on empirical equations characterizing trend
parameters and autoregressive process coefficients. The simula-
tion of the transfer function is straightforward as it involves
only a handful of variables, yet it is in good agreement with the
actual measured data. The proposed model is further validated
by comparing different channel parameters, such as coherence
bandwidth, power delay profile, and root mean square delay
spread, obtained from the raw and the synthetic data sets. It is
also shown how the model can be compared with existing time-
domain Saleh-Valenzuela influenced models and the related IEEE
standards.

Index Terms—Ultra wide band, autoregressive model, transfer
function, frequency dependency, intra-vehicle.

I. INTRODUCTION

CONNECTED-VEHICLES represents one of the key fea-
tures of an intelligent transportation system (ITS) [1],

[2] and such vehicles are expected to play a vital role in
information and communication technology (ICT) infrastruc-
ture in urbanized regions [3]. So far, the related research
has been dominantly focused towards design and develop-
ment of wireless links for vehicle-to-vehicle and vehicle-to-
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infrastructure scenarios [4]. An IEEE standard, 802.11p [5],
has also been devised for the purpose and communication
devices conforming to the standard is being implemented
in personal [6] and public transport [7] vehicles. For an
comprehensive realization of the connected-vehicles vision,
it is also important to consider the links inside a vehicle.
It is well known that intra-vehicular wireless communication
helps in increasing fuel efficiency by reducing the overall
wiring harness and simplify manufacturing and maintenance
of vehicles [8]. A typical modern day car houses hundreds of
sensors [9] connected to an on-board unit (OBU) for monitor-
ing safety, diagnostics, and convenience. The OBU can also
provide last-hop wireless connectivity to personal electronic
gadgets (smartphone, tablet, laptop etc.) opening up a plethora
of new possibilities. On one hand, it will be possible to obtain
user-defined real-time multimedia streaming for navigational
or recreational purposes [10]. On the other hand, locating
people and device would trigger new applications such as
smart airbag control [11] or profile restriction of handheld
devices [12]. However, these demands can only be met if the
wireless technology provides a high bandwidth and assists in
precise localization.

Ultra wide band (UWB) has established itself as a preferred
technology for high-data-rate, short-range, low-power commu-
nication with centimeter-level localization accuracy. Extensive
UWB measurement campaigns resulted in a series of channel
models [13], [14]. Nevertheless, location specific information
is a prerequisite for formulating realistic and reproducible
channel models, especially in vehicular environments [15].
In order to determine the feasibility of UWB implementation
in small personalized vehicles a number of UWB link mea-
surements in passenger cars have been carried out [16]–[21].
Due to its large dynamic range, a vector network analyzer
(VNA), is often preferred for such measurements. The two
requirements for VNA based setups: transmitter (Tx) and the
receiver (Rx) antennas should be within cable length, and
the channel should be static, are satisfied for in-car sounding
experiments.

Although the raw data obtained from a VNA is available
in the frequency domain, most of the intra vehicular channel
modeling efforts [17] are concentrated towards the time do-
main, with the most popular method being utilization of the
Saleh-Valenzuela (S-V) model [14], [22]. The process involves
inverse fast Fourier transform (IFFT) followed by certain kind
of windowing (Hamming, Hanning, Blackman etc.). A series
of S-V model parameters (decay and arrival rate of clusters
and rays within each cluster) are found next. The method
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Fig. 1. Measurement setup (left) and antenna placement inside car (right).
Tx legends - D: driver, RPR: rear passenger on right, P3: middle of backseat, M2: midpoint between two front seats.
Rx legends - L1: left dashboard, R1: right dashboard, L2: left windshield, R2: right windshield, P1 and P2: positions at rear part of the ceiling.

involves cluster identification which is ambiguous, requires
a lot of parameters, and introduce distortion due to IFFT
and windowing. If a model can be developed directly from
the frequency domain data that requires only a handful of
parameters for characterization, simulation of the intra-vehicle
channels would be simpler and more reliable helping designers
of various in-vehicle communication and localization systems.

This paper aims at analyzing the channel transfer function
(CTF) of in-car UWB channels in the frequency domain. Our
model is simple to implement as it is not computationally
intensive like models using ray tracing based simulation [23]
or propagation graphs [24]. In spite of that, the proposed
model achieves a good degree of accuracy. Specifically our
contributions are the following:

• We propose an autoregressive (AR) process for channel
frequency transfer function modeling of UWB links in
a car. To the best of our knowledge, this has not been
attempted so far. Undoubtedly, AR models are a very
mature topic that has been used since many decades
but it has been applied to UWB propagation in large
passenger vehicles like planes [25]. More importantly, we
demonstrate that the AR process should be applied after
removing the long term frequency trend from the transfer
function. The method is also different from earlier work
on characterizing the frequency dependency of intra-
vehicular wireless channels, such as [26], where only
simple models of large scale frequency variation were
reported.

• Appropriate long term trend equations, in the form of
power law, are proposed. Next, assuming that passenger
occupancy affects only the long term trend parameters,
we find empirical relations to predict the change in such
parameters when the number of passengers are changed.
Results from an extensive measurement campaign on
UWB propagation inside passenger compartment of a car
is used for the purpose.

• For the short term trend modeled with a AR process, we
propose a simple set of equations to predict the process

coefficients. The method is simpler than those presented
in [27], [28] which requires the characterization of initial
conditions.

• A simple step by step process is demonstrated for sim-
ulating the overall CTF. Simulated outputs are validated
against the real life measurements.

The rest of the paper is organized as follows. The next
section provides description of the experimental setup. The
detailed modeling for long term and short term frequency
variations are presented in Section III and Section IV, re-
spectively. The overall simulation framework is presented in
Section V. This section also includes output of the model and
subsequent validation through different quantities of interest.
Finally, Section VI concludes the paper.

II. EXPERIMENTAL SETUP

A set of intra-vehicular channel transfer functions (CTFs)
were measured with a four port VNA (model: Agilent
E5071C). The vehicle under test is a four seater Skoda
sedan (model: Octavia III 1.8 TSI), with dimensions: 4.659
m (length) × 1.814 m (width) × 1.462 m (height), parked
at the sixth basement floor in an underground garage. The
experimental setup is detailed in Fig. 1. Port 1 and port 2 of the
VNA were connected to the transmitter (Tx) and the receiver
(Rx) antennas, respectively, and the scattering parameter, s21,
which signifies the forward voltage gain approximates the
CTF, H(f). Tx and Rx antennas are connected to the VNA
via phase stable coaxial cables. The cable length (Lcab) and
cable attenuations (Kcab) were measured, and are indicated
in Fig. 1.

The Tx and Rx antenna positions inside the passenger com-
partment are also shown in Fig. 1. The different configurations
ensure both line-of-sight (LoS) and non-line-of-sight (nLoS)
propagation conditions. In order to test the effect of passenger
occupancy, we varied the number of passengers (nP ) from
zero to two at each location. The shadowing in nLoS cases is
caused by the seats and the persons sitting inside the vehicle.
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Fig. 2. Measured gain pattern of the conical monopole antennas in E-plane
(left-hand side) and H-plane (right-hand side).

A pair of identical conical monopole antennas were used as
Tx and Rx and it can be observed from the corresponding mea-
sured radiation pattern shown in Fig. 2 that the azimuth plane
radiation is circular and invariant within the desired frequency
band (3-10 GHz). Variations in the elevation plane do not
pose serious concerns because in most of the measurements
the Tx-Rx line is contained in the main lobe. In general, the
monopole conical antennas have a low radar cross-section and
provide a low voltage standing wave ratio [29]. Further, the
gain of a conical monopole antenna in the frequency range 3-
11 GHz is almost constant [30]. Thus it is possible to analyze
the measured wideband CTF without considering the effect of
frequency on antennas.

TABLE I
VNA PARAMETERS FOR UWB MEASUREMENT

Parameter Description Value
PVNA Transmit power 5 dBm
BWIF IF filter bandwidth 100 Hz
fL Start frequency 3 GHz
fH Stop frequency 11 GHz
BW Bandwidth 8 GHz
NVNA Number of points 801
fs Frequency step size 10 MHz
tres Time resolution 125 ps
LCIR(t) Maximum CIR length (time) 100 ns
dres Distance resolution 3.75 cm
LCIR(d) Maximum CIR length (distance) 30 m
Hfil(f) Windowing for IFFT Blackman

The frequency-domain measurement parameters are summa-
rized in Table I. The maximum value of the output transmit
power of the VNA (PVNA) and the minimum measurable
power (or noise floor) together define the system’s dynamic
range. A trade-off between noise floor and sweep speed may
be attained by controlling the intermediate frequency filter
bandwidth (BWIF) and/or averaging. In our experiment, the
frequency range between the start frequency, fL = 3 GHz, and
the stop frequency, fH = 11 GHz, is swept. The number of
discrete frequency tones generated by the VNA in the range,
NVNA = 801, and the bandwidth, BW = fH − fL = 8
GHz, determine the frequency resolution as per the relation,
fs = (fH−fL)/(NVNA−1) = BW/(NVNA−1). Further, the
sweeping bandwidth sets the time resolution, tres = 1/BW,
i.e. the minimum time between samples in the time-domain
channel impulse response (CIR) function obtained after inverse

fast Fourier transform (IFFT), whereas the frequency step
size (fs) characterizes the maximum observable delay spread,
LCIR(t) = 1/fs, i.e. the maximum time delay until the
multipath components (MPCs) are observed. The distance
resolution, dres = c · tres = c/BW, refers to the length
an electromagnetic wave can propagate in free space (c =
3× 108m/s) during time tres and the corresponding distance
range is LCIR(d) = c/fs.

The CIR obtained with VNA through the IFFT opera-
tion can be expressed as, hVNA(t) = h(t) ∗ hfil(t), where
Hfil(f) = F{hfil(τ)} is the transfer function of the windowing
operation. We used the Blackman window which ensures min-
imum spectral distortion, i.e. high side lobe suppression and
reasonable main lobe width [31]. High side lobe suppression is
preferred to a narrower main lobe width, because it decreases
the probability of unwanted detection of a side lobe as the first
arriving ray [32]. However, this feature is crucial for ranging
applications and filtering considerations are not important for
the basic CTF simulation.

III. LONG TERM VARIATIONS

Let us investigate a typical measured CTF as depicted in
Fig. 3. The magnitude of CTF has a overall downward slope
with respect to frequency and the first step of our modeling
involves separating this long term variation or trend, i.e. we
express the complex CTF as

H(f) = H̃(f) · |H(f)|trend (1)

where H̃(f) denotes the complex short-term variations of the
CTF.
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Fig. 3. CTF and estimated trend (Tx position: P3, Rx position: L2, and
nP = 0).

The well known free space path loss formula suggests that
the CTF amplitude is inversely proportional to frequency [33]–
[36] and the long term variations can be modeled with a simple
power law

|H(f)|trend = K

(
f

fR

)−m
(2)

as devised in [37]. In (2), the parameter K is a proportionality
constant and m is a power law exponent. The reference
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frequency, fR =
√
fLfH , depends on the lower (fL) and

upper (fH) bound of the frequency band and is equal to
the geometric mean of the bounds. For the current UWB
experiment (fL = 3 GHz, fH = 11 GHz), fR = 5.74 GHz.

There also exists another exponential model for frequency
dependence in ultrawide band [38]

20 · log10 |H(f)|trend = K ′ · exp(−m′f) (3)

In [39], it was shown that the root mean square error for
both the trends given by (2) and (3) are comparable for the
whole set of experimental data. However, we considered the
power law over the exponential one due to three factors; first,
the power law has a sound mathematical basis, second, the
majority of the authors recommended the former over the later,
and third, the power equation is currently adopted in IEEE
802.15.4a UWB standard documentation [40].

In Fig. 3 the estimated trend with least mean square error
fitting for a particular data set is shown. The parameter values
in an empty car (nP = 0) for all different antenna locations
are listed in Table II.

TABLE II
PARAMETER VALUES OF THE FREQUENCY TREND FOR DIFFERENT TX AND

RX ANTENNA POSITIONS (MARKINGS ARE AS PER FIGURE 1)

Tx Rx Tx-Rx Path loss Power law Remark
distance in dB exponent (LoS /

in m (−20 log10K) (m) nLoS)
D R2 0.56 40.4402 0.6988 LoS
P3 P2 0.60 41.9495 0.7583 LoS
RPR P2 0.70 41.0768 1.2355 LoS
M2 L2 0.73 39.9511 0.4913 LoS
M2 R2 0.76 39.2481 0.6145 LoS
P3 P1 0.76 39.6790 1.1910 LoS
RPR P1 0.84 41.3834 0.8015 LoS
D R1 0.85 44.9526 0.9257 LoS
M2 P2 0.87 40.0627 0.9788 LoS
D L2 0.97 38.9088 1.2165 LoS
D L1 1.16 45.5443 1.1257 LoS
D P2 1.23 43.8985 0.9498 nLoS
P3 L2 1.23 46.1980 0.8776 nLoS
RPR R2 1.25 45.3958 0.9250 nLoS
P3 R2 1.28 45.4769 1.1457 nLoS
RPR L2 1.44 46.7050 1.2859 nLoS
D P1 1.48 46.4266 0.5556 nLoS
RPR R1 1.57 47.9343 1.0283 nLoS
P3 L1 1.62 48.1986 1.0062 nLoS
P3 R1 1.65 48.3114 1.0030 nLoS
RPR L1 1.74 49.7412 1.0637 nLoS

A. Characterization of K

A physical interpretation of the parameter K can be derived
as hereunder. The path loss (α) of a channel is defined as the
ratio of the transmit power to the receiver power (Pt/Pr), and
in dB scale it may be written as

α = 10 log10

(
Pt
Pr

)
= −20 log10 |H(f)| (4)

which is obtained by noting that the CTF is the ratio of the
channel output to the channel input in the frequency domain,
i.e. Pt/Pr = 1/|H(f)|2.

Next, substituting the CTF magnitude trend (instead of the
overall CTF magnitude) from (2) in (4), we have

α = −20 log10K + 20m · log10 (f/fR) (5)

From (5), it is easy to verify that αfR = −20 log10K. In
other words, the path loss at the reference frequency, αfR =
α(f = fR), is equal to the parameter K in dB scale with
a negative sign (PL is a positive quantity). The concept is
graphically explained in Fig. 3 and we have listed αfR (rather
than K) in Table II as it is more intuitive to deal with the path
loss data.

To avoid any confusion, we would like to state that in
majority of literature [41] the path loss data is computed from
VNA data by averaging the inverse of squared CTF over the
whole frequency range

α = 10 log10

(
1

NVNA

NVNA∑
n=1

1

|H(fn)|2

)
(6)

whereas, in our case, we have computed the long term fre-
quency trend parameters (K and m) for each measurement
through finding the best-fitting curve that minimizes the sum
of the squares of the residuals. This is followed by calculation
of the path loss at the reference frequency (αfR) from K.

After establishing the relation of K with path loss, we
investigate the effect of propagation distance on K (or to be
more specific, on αfR ). It is possible to relate the path loss
data with the Tx-Rx separation through the following equation
[42]

αfR = αfR(d0) + 10γ log10

(
d

d0

)
+ χ (7)

where αfR(d0) is the path loss at d0 = 1 m 1, γ is the
path loss exponent and χ ∼ N (0, σ2

χ) is a normal distributed
random variable which accounts for the log-normal shadowing.
A least square linear regression fitting between computed αfR
values across all the measurements and the corresponding
distances (d) gives us the parameters in (7), for both LoS
and nLoS conditions, which are mentioned in Table III. From
the residuals of the regression analysis the log-normality of
the shadowing was also verified via normal probability plots.
However, the regression lines and probability plots are omitted
here (as well as in all the following regression analyses in this
paper) for brevity.

TABLE III
PATH LOSS PARAMETERS FOR THE LOS AND THE NLOS CASES

Scenario Path loss Path loss Shadowing
intercept, dB exponent variance, dB
(αfR (d0)) (γ) (σ2

χ)

LoS 42.1737 0.9198 2.0387
nLoS 42.4952 2.7559 0.6262

1Although it is a common practice to consider the smallest possible Tx-Rx
separation, which is 0.56 m, as the reference distance, here we followed a
general recommendation to consider d0 = 1 m for indoor environments. It
is highly likely that path loss values for such a common reference distance
is available for other environments, and comparison with values in Table III
would be more straightforward.
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B. Characterization of m

For indoor UWB propagation, a value range of 0.8 <
m < 1.4 was reported earlier [43]. The m values in Table II
roughly follows the limits. Our results are also consistent with
previous measurements inside car compartment [44] where a
1/f2 decay was observed in the power spectra which translates
to the 1/f decay in the amplitude domain. The experiments
conducted at other parts (e.g. under the chasis [45]) of the
vehicle with less favourable propagation modes results in a
higher m.

It is interesting to note that the values of m for the current
experiments are uniformly distributed and do not depend on
the Tx-Rx gap. A simple averaging is thus sufficient to model
the power law exponent. The average values obtained for LoS
and nLoS cases are as follows

< m >=

{
0.9125 : LoS
0.9841 : nLoS

(8)

C. Effect of passenger occupancy
As mentioned in Section II, we have repeated our measure-

ments for each antenna combination by varying the passenger
occupancy. Although the maximum capacity of the car is four,
one location was always occupied by the Tx antenna and the
tripod on which it was fixed, and the other location was not
accessible due to connecting cables. Thus we could test each
location with minimum zero and maximum two passengers.
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The effect of number of passengers on PL and exponent
value are shown in Fig. 4. For both the figures we have
only plotted the change in parameter values, i.e. excess PL
= αfR(nP ) − αfR and ∆m = m(nP ) − m, with respect
to number of passengers (nP ). While the PL increases due
to additional shadowing, the power law exponent lowers with
more passengers making the CTF flatter. This phenomena was
earlier observed in [26, (2)] for in-car experiments where the
exponent is quantified with a large negative slope with respect
to frequency and was demonstrated for indoor office envi-
ronments [46, Fig. 5(b)] where the PL coefficient decreases

with more number of people in the room when the receiver is
placed close to occupants. Although the human tissue exhibits
a constant decrease in permittivity with frequency [47], the
flattening of CTF is perhaps accounted to the absence of rich
scattering multipath components.

Plots in Fig. 4 for different Tx locations are depicted with
separate colours (magenta for Tx at D and cyan for Tx at
RPR), but it was hard to find any specific correlation of the
trends with the antenna positions.

A simple averaging of the upward trends (shown with black
dotted line in Fig. 4) across different locations enables us to
express the PL with passengers in the following manner

αfR(nP ) = αfR + 0.6876× nP ; nP = 0, 1, 2 (9)

whereas for the exponent, which is monotonically decreasing,
the following average equation is found to be valid

m(nP ) = m− 0.0965× nP ; nP = 0, 1, 2 (10)

IV. SHORT TERM VARIATIONS

After finding out the long term trends, we proceed with the
characterization of the normalized CTF, namely, H̃(f). Au-
toregressive or AR modeling belongs to the class of parametric
spectral estimation and as the variations of H̃(f) resembles
a correlated series with low peaks and deep fades, an AR
model is preferred [48] over moving average (MA) or hybrid
ARMA models. An AR model for wideband indoor radio
propagation was first presented in [49], and later applied to
UWB channel modeling in [41] for indoor scenarios and in
[50] for underground mines.

The normalized CTF under a q order AR process assump-
tion may be mathematically expressed as

H̃(fn) =

q∑
k=1

akH̃(fn−k) + ξn (11)

where, fn; n = 1, 2, · · ·NVNA, is the nth discrete frequency
in the CTF vector, ak; k = 1, 2, · · · q, are the complex
AR process coefficients, and ξn is the nth sample of a
complex Gaussian process with variance σ2

ξ . A z-transform,
H̃(z) =

∑
n H̃(fn)z−n, allows us to view the CTF as the

output of a all pole linear infinite impulse response (IIR) filter
with transfer function, G(z) = H̃(z)/ξ(z), excited by white
Gaussian noise [49], i.e.

G(z) =
1

1−∑q
k=1 akz

−k =

q∏
k=1

1

1− pkz−k
(12)

The equivalent filter structure is presented in Fig. 5.
The poles (pk) and the noise variance (σ2

ξ ) are found by
solving the Yule-Walker equations [51] which obtains the least
square error. The solution involves converting (11) to the
autocorrelation domain

RH̃H̃(j) = E
{
H̃(fn)H̃(fn−j)

}
=

q∑
k=1

akRH̃H̃(j − k) + σ2
ξδ(j)

(13)
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Fig. 5. Direct
form filter
implementation of
the AR process
for short term
variations.

ξn + H̃(fn)
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a1
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+

+

×
a2

×
aq

z−1

H̃(fn−2)

z−1

H̃(fn−q)

with E{·} denoting the expectation operator and δ(·) is delta
function, and then solving for the process coefficients

RH̃H̃(−j)−
q∑

k=1

akRH̃H̃(k − j) = 0 ; j > 0 (14)

as well as the noise variance

σ2
ξ = RH̃H̃(0)−

q∑
k=1

akRH̃H̃(k) (15)

It should be noted here that our model does not require initial
conditions of the IIR filter and thereby reduces the complexity
of the models compared to those presented in [27], [28].

A. AR process order selection
In general, higher order AR process provides better esti-

mation but with diminishing returns as q increases, and there
exists a tradeoff between accuracy and complexity. Although a
second order (q = 2) AR process was sufficient for indoor [41]
and underground mines [50], we propose a fifth order (q = 5)
process as the car compartment exhibits multiple overlapped
clusters. The following figure, Fig. 6, shows the result of power
delay profile (PDP) estimations with a 2nd order and with a
5th order AR process (refer to Section V for more details on
PDP). One may notice that even for a direct LoS path (Tx:
P3, Rx: P1), the estimation with 2nd order process results in
incorrect delay calculation for the first arriving path or the
peak. The problem is more prominent for the nLoS situations.

The pole amplitudes, pole angles, and input noise variances
for the entire measurement set is listed in Table IV considering
a fifth order AR process estimation of the CTF short term
variations.

In [49], the AR process order estimation was carried out by
comparing the cumulative distribution function (CDF) of the 3
dB width of the frequency correlation function and CDF of the
root mean square delay spread (for definitions, refer to Section
V). A mathematically rigorous method is, however, to choose
the process order through Akaikes information criterion (AIC)
[41], [52] or minimum description length (MDL) [53], [54].
We have refrained from such analysis as it is out of scope of
the present paper.
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Fig. 6. Measured and estimated PDPs with two different order AR processses.
Tx position: P3, Rx position: P1, and nP = 0.

B. Characterization of input noise

The AR process is driven by, ξn ∼ CN (0, σ2
ξ ), a complex

zero mean Gaussian noise, and looking at the entries in
Table IV, one can find that its variance increases with Tx-
Rx separation. A linear regression fitting yields the following
empirical relation for the data set obtained

σ2
ξ = 0.0024 + 0.107× d (16)

where d is the propagation distance in meters. It may be noted
that (16) is obtained through fitting across all the values in
Table IV without attempting to differentiate between LoS and
nLoS cases. This also holds true for the pole parameters which
are derived next. Our general assumption is that the LoS/ nLoS
conditions affect only the parameters that are associated with
the long term variations. This enables us to realize a simulation
model with minimum inputs.

C. Characterization of poles

Fig. 7 plots the estimated pole locations for all the different
sets of experiments as listed in Table IV. When the poles are
sorted in the descending order of their amplitudes, they form
distinguished clusters in the complex plane.

Let us analyze the amplitude of the poles first. The pole
clusters represent multipath clusters and the amplitudes of the
higher order pole clusters shifts away from the unit circle
as they contribute lesser power in the overall power delay
profile [49]. Fortunately, the amplitudes inside a cluster is
fairly constant, and it is possible to approximate the pole
amplitudes (|pk|; k = 1, 2, · · · , 5) with the mean amplitude
value of the cluster

< |pk| >=


0.9722 ; k = 1
0.8346 ; k = 2
0.7343 ; k = 3
0.6573 ; k = 4
0.6036 ; k = 5

(17)

It was suggested in [50], [55] that the pole angles are related
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TABLE IV
PARAMETER VALUES OF AR PROCESS FOR DIFFERENT TX AND RX ANTENNA POSITIONS (MARKINGS ARE AS PER FIGURE 1)

Tx Rx Tx-Rx Pole amplitudes Pole angles Noise Remark
distance in radians variance (LoS /

in m |p1| |p2| |p3| |p4| |p5| ∠p1 ∠p2 ∠p3 ∠p4 ∠p5 (σ2
ξ ) nLoS)

D R2 0.56 0.9844 0.8416 0.7801 0.6773 0.6357 -0.2578 -0.7162 -1.6014 -2.6323 2.4051 0.0577 LoS
P3 P2 0.60 0.9702 0.7738 0.7328 0.7038 0.6145 -0.2121 -0.7477 -1.4538 -2.6015 2.3436 0.1355 LoS
RPR P2 0.70 0.9775 0.8328 0.7492 0.6855 0.6211 -0.2378 -0.7358 -1.5814 -2.6406 2.4533 0.0915 LoS
M2 L2 0.73 0.9852 0.8352 0.6449 0.6433 0.5530 -0.1959 -0.8360 -1.6695 -2.6379 2.1722 0.0798 LoS
M2 R2 0.76 0.9906 0.8641 0.7322 0.6626 0.6188 -0.1874 -0.7961 -1.6229 -2.6254 2.3512 0.0555 LoS
P3 P1 0.76 0.9933 0.8116 0.7581 0.6821 0.6174 -0.1956 -0.8318 -1.5776 -2.7156 2.3671 0.0471 LoS
RPR P1 0.84 0.9890 0.8290 0.7018 0.6220 0.6133 -0.2179 -0.8231 -1.6998 -2.6755 2.3329 0.0645 LoS
D R1 0.85 0.9657 0.8265 0.6984 0.6131 0.6121 -0.3594 -0.8177 -1.7186 -2.6795 2.3108 0.1006 LoS
M2 P2 0.87 0.9859 0.8311 0.7548 0.6567 0.5884 -0.2251 -0.8518 -1.6629 -2.7682 2.2132 0.0874 LoS
D L2 0.97 0.9894 0.8428 0.7287 0.6151 0.5870 -0.1831 -0.7303 -1.5664 -2.5906 2.4461 0.0519 LoS
D L1 1.16 0.9773 0.8230 0.6759 0.5951 0.5223 -0.2676 -0.9072 -1.6699 -2.7820 2.3486 0.1285 LoS
D P2 1.23 0.9726 0.8503 0.7354 0.6556 0.6327 -0.3472 -0.8706 -1.7034 -2.7761 2.3318 0.1113 nLoS
P3 L2 1.23 0.9503 0.8463 0.7783 0.7037 0.6254 -0.3492 -0.8984 -1.7449 -2.8202 2.1729 0.1919 nLoS
RPR R2 1.25 0.9651 0.8026 0.7511 0.6185 0.6168 -0.3666 -0.9281 -1.7241 -2.7201 2.2717 0.1494 nLoS
P3 R2 1.28 0.9451 0.8495 0.7673 0.6761 0.5672 -0.3677 -0.9495 -1.7593 -2.8333 2.2411 0.1746 nLoS
RPR L2 1.44 0.9587 0.8560 0.7513 0.6569 0.6002 -0.3628 -0.9603 -1.8069 -2.9035 2.2118 0.2095 nLoS
D P1 1.48 0.9824 0.8587 0.7287 0.6682 0.6208 -0.3863 -1.0215 -1.8785 -2.8058 2.1533 0.1278 nLoS
RPR R1 1.57 0.9512 0.8189 0.7168 0.5949 0.5210 -0.4826 -1.0101 -1.8694 -2.9434 2.0831 0.1535 nLoS
P3 L1 1.62 0.9647 0.8424 0.7477 0.6882 0.6629 -0.4598 -1.0232 -1.8182 -2.8841 2.1109 0.1599 nLoS
P3 R1 1.65 0.9617 0.8279 0.7153 0.6775 0.6108 -0.4628 -0.9899 -1.9311 -2.8438 2.0392 0.1691 nLoS
RPR L1 1.74 0.9555 0.8632 0.7709 0.7080 0.6344 -0.4284 -0.9892 -1.8201 -2.8985 2.0561 0.1946 nLoS
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Fig. 7. Complex plane scatter plot of poles for all different experiments.

to the clusters in the following manner

τk = − θk
2πfs

; k = 1, 2, · · · , 5 (18)

where τk and θk are the delay of the kth multipath cluster and
angle of the kth pole respectively, while fs is the frequency
step size. During our analysis we found that all the pole
angles are linearly dependent on the Tx-Rx gap and (18)
overestimates the delays. Therefore we propose the following

set of equations to model the pole angles

∠p1 = −0.05− 0.2365× d
∠p2 = ∠p1 − 0.5534− 0.0112× d
∠p3 = ∠p2 − 0.7952− 0.0321× d
∠p4 = ∠p3 − 1.0641 + 0.0193× d
∠p5 = −∠p4 + 0.0878− 0.5246× d

(19)

In (19), we have modelled the angles in a successive manner,
i.e. the angle of pole 2 depends on pole 1 and so on. The
linear regression fitting was operated on the difference of the
pole angles to avoid local measurement deviations.

V. SIMULATION AND MODEL VALIDATION

A. Simulation steps

Our proposed simulation model only involves three vari-
ables: the Tx-Rx separation (d), number of passengers (nP ),
and the propagation condition (LoS/ nLoS). The step-by-step
guide to estimate the in-vehicle channel transfer function is as
follows:

I Estimate long term variation, |H(f)|trend

(a) Determine K: Find αfR from (7) and Table
III. The parameter K is related to the path
loss as K = 10−αfR

/20.
(b) Determine m: Select m from (8) according

to the propagation scenario (LoS/nLoS).
(c) Passenger effect: Modify K and m value

according to the number of passengers fol-
lowing (9) and (10).

(d) Find trend from (2).
II Estimate short term variation, H̃(f)

(a) Generate ξ: Find the input noise variance
from (16) and generate a complex Gaussian
random variable of length NVNA with zero
mean and variance σ2

ξ .
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(b) Estimate poles: Approximate the pole am-
plitudes following (17), and find the phase
of each pole in a successive manner as
demonstrated in (19).

(c) Filtering: With the poles, construct an all-
pole IIR filter as mentioned in (12). Pass ξ
through it to get H̃(f) at output.

III Estimate the CTF, H(f) = H̃(f) · |H(f)|trend

B. Frequency domain validation

The CTF, H(f), is obtained by combining the long term
frequency dependence with the simulated short term AR
model based variations. The measured and simulated transfer
functions for one particular Tx-Rx pair is shown in Fig. 8.
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Fig. 8. Measured and simulated CTFs. Tx position: D, Rx position: P2, and
nP = 2 (two passengers on rear seat).

The frequency autocorrelation function (ACF), R(∆f), may
be found from the channel transfer function as [56]

R(∆f) =

∫ ∞
−∞

H(f)H∗(f + ∆f) df (20)

which provides a measure of the frequency selectivity. The
range between DC or zero frequency, where normalized ACF
attains its peak value of unity, and the frequency where ACF
falls to 50% of or 3 dB lower than its peak value, is defined
as the coherence bandwidth (BW), BC . From Fig. 9, it can
be seen that the measured and simulated transfer functions
manifest almost similar BC values.

A channel is considered flat in the coherence BW interval,
i.e. if two different frequencies are separated by more than BC ,
the channel exhibits uncorrelated fading at these two frequen-
cies. There is a more direct method available for calculation
of coherence BW [57], [58]. However, we computed BC via
the classical approach as the BW spans over only few samples
for the current frequency step size (10 MHz), and there might
be large approximation errors involved in the direct method.

C. Time domain validation

The complex channel impulse response hVNA(t) extracted
after IFFT operation and windowing is utilized to obtain
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Fig. 9. Comparison of frequency ACF for the CTFs shown in Fig. 8.

the PDP, PDP(t) = E
{
|hVNA(t)|2

}
. Fig. 10 shows the

comparison of the measured PDP with the simulated PDP,
and one can find that there is a close match. A matter of
concern is, due to the random inputs, the difference of peaks
between consecutive simulation runs can be as high as 10 dB.
Fortunately, in most of the cases, the peak locations can still
be detected correctly with the simulation. Another concern is
the noisy rising edge of the simulated PDP before the first
peak which can be suppressed with proper windowing [39],
[59] during the IFFT post-processing.
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Fig. 10. Measured and simulated PDPs. Tx position: D, Rx position: P2,
and nP = 2 (two passengers on rear seat).

A quantitative comparison between the measured PDP and
the simulated PDP can be performed by noting the similarity of
the root mean square (RMS) delay spreads obtained for both
the delay profiles. RMS delay spread is the second central
moment of the PDP

τrms =

√∫ τmax

0

(t− τ̄)2 · Pn(t) dt (21)

where τmax denotes the maximum excess delay, Pn(t) =
|hVNA(t)|2/

∫ τmax

0
|hVNA(t)|2dt is normalized magnitude
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square function, and τ̄ =
∫ τmax

0
t ·Pn(t)dt is the mean excess

delay.
For calculating the RMS delays, the rising edge of the PDP

is cut off and the time origin is shifted to the time index that
corresponds to the peak. This time shifting helps in rendering
the delays as excess delays relative to the peak or first arriving
path which has a zero delay. Further, only those MPCs having
a delay less than τmax = 60 ns are considered. This step
ensures that the truncated PDP does not hit the noise floor.
According to the Agilent E5071C VNA data sheet, the noise
floor is -120 dBm/Hz. Hence, for a 100Hz IF bandwidth, it
is good enough to consider MPCs upto -100 dBm. Finally,
the PDPs are normalized so that the peak occurs at 0 dB.
The measured RMS delay values are between 5 to 10 ns, and
are consistent with time domain measurements of intra-vehicle
UWB links [60].
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Fig. 11. Measured and simulated RMS delay spreads for empty car -
comparison of empirical CDFs (left) and quantile-quantile plot (right).

The simulated PDP matches closely with the measured PDP
as the percentage of error

% error =
τrms,simulated − τrms,measured

τrms,measured
× 100 (22)

is typically 10%, with values ranging between 2% to 30%. The
statistical similarity is validated in Fig. 11 which compares
the empirical CDFs and it can be clearly seen that the CDF of
simulated delay spread is contained within the 95% confidence
interval bounds of the CDF of measured delay spread. The
degree of similarity between the measured and simulated delay
spreads are tested via a two sample Kolmogorov-Smirnov (K-
S) test which showed a sufficiently high value, p = 0.7088.
Linearity of the quantile-quantile plot in Fig. 11 also supports
the claim.

The CDF comparison also reveals that probability of smaller
delay spread values are more frequent in the measured data
compared to the simulated set. This is in line with our ob-
servation regarding percentage error which is mostly positive,
i.e. the simulated PDP slightly overestimates τrms, especially
for the LoS scenarios with small Tx-Rx separation where the
delay spread is low. This is because the simulation model relies

on averaging over the entire data set and the local variations
for very small d values are not well represented.

D. Comparison with S-V model

Finally, in this sub-section, we show how different Saleh-
Valenzuela (S-V) model parameters can be extracted from
the proposed frequency-domain model. The S-V model is of
considerable interest as the existing time-domain in-vehicle
channel models [17]–[21] heavily rely on it. Further, it is also
suggested in [18] and [19] to use the IEEE 802.15.3a and
IEEE 802.15.4a models, respectively, for simulating in-vehicle
UWB propagation. Both these IEEE standards recommend a
time-domain model that is based on the basic S-V model.

According to the S-V model, the discrete impulse response
of an UWB channel may be expressed as [13]

hVNA(t) =

Nc∑
n=1

Nr,n∑
m=1

βm,n exp(jθm,n)δ(t−Tn−τm,n) (23)

where Nc is the number of clusters, Nr,n is the number of rays
in the nth cluster, and Tn is the arrival time of the nth cluster.
The magnitude, phase, and additional delay of the mth ray
within the nth cluster are given by βm,n, θm,n, and τm,n,
respectively. The inter- and intra-cluster exponential decay
rates, namely Γ and γ, define the magnitude of individual
rays according to

β2
m,n = β2

1,1 exp[−(Tn − T1)/Γ] exp(−τm,n/γ) (24)

If we assume that both the arrival of clusters and rays within
clusters follow independent Poisson processes, the inter-arrival
times are exponentially distributed, i.e.

Pr(Tn|Tn−1) = Λ exp[−Λ(Tn − Tn−1)] (25a)

Pr(τm,n|τm−1,n) = λ exp[−λ(τm,n − τm−1,n)] (25b)

where Pr(·) denotes probability. The parameters 1/Λ and
1/λ represent the average duration between two consecutive
clusters and two consecutive rays within a cluster, respectively.
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Fig. 12. Cluster identification and S-V model parameter estimation for a
typical nLoS scenario. Tx position: RPR, Rx position: L1, and nP = 0.
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The first step for extracting the S-V parameters is detection
of clusters which is achieved by grouping the MPCs in the
discrete PDP. Unfortunately the method is ambiguous and the
available algorithms (see [19] and references therein) yield
results that are very different from each other. This occurs
due to manual setting of various thresholds. Our aim, however,
is not to resolve this ambiguity; rather we consider a simple
algorithm [61] for cluster detection and show (see Fig. 12) that
the algorithm provide similar cluster profiles for the measured
and simulated data sets.

Fig. 12 also exhibits the extraction of inter- and intra-cluster
exponential decay rates. In the dB scale, the exponential
decays appear as linear decrement. The cluster decay rate is
calculated through the formula, Γ = −10 × log10(e)/∆PDP,
where ∆PDP is the slope of the linear least squares fitting line
passing through the maximum MPC of each cluster. The lines
are indicated with black dashes. For deriving the ray decay
rate (γ), such a linear fitting is applied to rays within each
individual cluster, and are marked with red solid lines. The
overall decay rate is computed by averaging the values over
all identified clusters. In comparison, retrieving cluster arrival
rate (Λ) and ray arrival rate (λ) are straightforward and involve
only simple averaging of cluster duration and inter-MPC time,
respectively.

TABLE V
COMPARISON OF AVERAGE S-V MODEL PARAMETERS FOR LOS SCENARIO

Parameter Measured Simulated Liu CM 1 CM 7
(ns) [20] 802.15.3a 802.15.4a

Γ 10.74 11.15 7.20 7.1 13.47
γ 5.69 6.60 2.05 4.3 NA

1/Λ 8.27 8.87 3.80 42.92 14.10
1/λ 0.54 0.48 0.92 0.4 NA

In Table V we enlist all the four S-V parameter values
averaged over the different LoS measurements performed in
an empty car. The most important observation is that the
measured values are in good agreement with the simulated
values. The values obtained for a similar in-vehicle LoS
scenario [20] cannot be directly compared due to the ambiguity
in cluster identification. We also exclude values from [17], [21]
as the authors conducted measurements in engine compartment
and under the chasis instead of the passenger cabin. Parameter
values for channel model 1 (CM 1) corresponds to indoor
UWB propagation in the range 0-4 m as specified in IEEE
standard 802.15.3a. On the other hand, CM 7 is specified in
IEEE standard 802.15.4a for characterizing indoor industrial
environment in the range 2-8 m.

VI. CONCLUSIONS

The key finding of the paper is, the transfer function of
an intra-vehicle UWB channel can be modelled with an AR
process after removing the frequency dependent trend. We
have developed a comprehensive simulation framework for
estimating both long term and short term frequency transfer
function variations. Simulated transfer functions exhibit close
match with the measured values. The similarity of coherence
BWs, PDPs, RMS delay spreads, and S-V model parameters
further validates the model.
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