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Abstract. Statistical channel models based on BER performance are presented for a frequency- and time-selective

vehicle-to-vehicle wireless communications link in an expressway environment in Atlanta, Georgia, where both

vehicles traveled in the same direction. The models are developed from measurements taken using the direct

sequence spread spectrum (DSSS) technique at 2.45 GHz. A collection of tapped delay line models, referred to

as a “partitioned” model in the paper, is developed to attempt to capture the extremes of BER performance of the

recorded channel. Overall and partition models are compared to the recorded channel in terms of the BER statistics

obtained when the channels are inserted in a dedicated short range radio (DSRC) standard simulation system. The

quality of the match between synthesized and recorded channel BER statistics is analyzed with respect to type of

modulation (fixed or adaptive), the frame length, and the length of the interval over which the BER was calculated.

Keywords: high mobility channel, frequency-selective, DSRC, wideband RF channel modeling, time-selective,
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1. Introduction

With increasing interest in mobile ad hoc networks (MANETs) [1], comes the need to more
carefully model the mobile-to-mobile wireless channel. MANET applications include battle-
ground communications [2], mobile sensor networks [3, 4], and Intelligent Transportation Ser-
vices [6]. For the latter application, the dedicated short range radio (DSRC) standard (802.11p)
[7] has been developed. Such channels are also of interest in cooperative diversity or fading
relay channels [5]. The wideband vehicle-to-vehicle (VTV) channel is “doubly selective;” this
means that its frequency response varies significantly over the signal bandwidth and its time
fluctuations happen in the course of a symbol period. The small-scale fading characteristics of
such a channel are typically modeled by a tapped delay-line with time-varying, but stationary
tap gains that are described by their K -factors and power spectral densities (“spectra”). Like
other wireless channels, the VTV channel undergoes both small-scale and large-scale random
fluctuations, and characterization of both types is important for reliable system design. In the
VTV channel, the large-scale fluctuations are manifested by changes in the tap delays, relative
tap powers, tap K-factors, and shapes of the tap spectra. It is the aim of this paper to identify
these changes using a bit error rate (BER)-based approach for the expressway channel, at
2.4 GHz, when both vehicles travel in the same direction.

Other authors have proposed stochastic propagation models that capture both small- and
large-scale random fluctuations [8–11]; these types of models are sometimes called “dy-
namic models” [8–10]. For the indoor frequency selective channel, Nielson et al. [9] rep-
resent the power delay profile (PDP) as a superposition of path clusters. The large-scale
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random fluctuations are modeled by letting the value of the PDP for each bin change over
time according to an autoregressive random process. The other authors [8, 10, 11] associate
with each path or delay a random time of “birth” when the path first appears, and a ran-
dom time of “death” when it disappears. Newton et al. [10] used a modified Poisson process
to determine which PDP bins are occupied, and empirically based distributions to model
path strengths and lifetimes. The authors of [8] and [11] employ actual birth-death (BD)
Markov models to govern existences of paths. In all of these works, sequences of short-
term or small-scale fading models (PDPs or PDPs plus angle-of-arrival profiles) were first
identified. Next the large-scale models such as BD processes were identified from the fluc-
tuations of the model parameters across the sequence. Finally, the resulting dynamic model
was evaluated by comparing key features of the recorded and simulated channels, such as
BD probability matrix [8] or cumulative distribution functions (CDFs) of delays and angular
spreads [11].

The present work shares the first step with the previous approaches, but takes a different,
BER-based approach to modeling the large-scale fluctuations.

The approach of this paper is based on the premise that the simulated channel should
produce BER statistics that are similar to selected measured channels. Preliminary models
with stationary tap gains failed to match the wide variation in BERs produced by the recorded
expressway channel. This result motivated the work that is reported in this paper, which is
an investigation into the design of a small collection of doubly selective models, such that
when simulated in succession, produce long-term BER statistics that are similar to those of
the measured expressway channel.

Other related works include theoretical 2-D [13] and 3-D [14] VTV models, flat-fading VTV
measurements for the highway [15], and doubly selective models for the roadside-to-vehicle
channel [16]. Some examples of long and short term tap spectra for the VTV channel were
presented by the authors in [17]; to the authors’ best knowledge, these were the first reported
VTV measured tap spectra. In this paper, the same expressway measurements reported in [17]
are used to identify the collection of doubly selective models.

In the following section, we describe why we chose the expressway site and how we
performed the channel sounding campaign. In the next section, we present the methodology
used to obtain a statistical model from the recorded data. In Section 4, we show our first
model approach and the evaluation tools. In Section 5, we present the partitioned models. In
Section 6, we have the model performance results as compared to the real recorded channel.
Finally, we present conclusions in the last section.

2. Measurement Procedure

The VTV channel sounding campaign consisted of two phases. In the first phase, we looked
for sites with long delay spreads, and in the second phase, we performed a detailed channel
sounding in the sites with the largest delays.

2.1. SITE SELECTION PROCEDURE

To obtain the results in this paper, a VTV delay profile survey was first conducted in the
Atlanta, Georgia metropolitan area, using an off-the-shelf 802.11b channel “sniffer.” The
sniffer provided impulse responses (IRs) with 22 bins each 50 ns wide, power level, and
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Figure 1. Above threshold RMS delay spread MA with corresponding histogram.

GPS coordinates. The device used the 11 symbol Barker code as a sounding signal, but
since its transmission timing depends on the frame request, there is no way to know the
repetition rate. We performed four sessions of measurements where we covered areas that
we considered typical of urban environments such as expressways, tunnels, under and over
passes, urban canyons, etc. For each session, we processed the data by setting four power
level thresholds: −90, −80, −70, and −60 dBm. For each threshold, we specified the location
of all the samples below it. Not all the sample sets allowed the four threshold levels. We
then obtained the RMS delay spread for each of the available impulse responses. We then
performed a moving average (MA) of length L = 10 of these RMS values, where we ignored
the samples located below the threshold and the following L . For each set of averaged samples,
we obtained a histogram of the times of the 100 highest values. We obtained a total of 20 sets.
We then selected the times where the histograms indicated a significant cluster independent of
the threshold level; i.e., where the cluster repeated for different power thresholds. Since each
sample set had GPS information, we could locate these clusters. With the clusters’ geographical
coordinates, we were able to obtain aerial photos of the locations. Once we looked at these
photos, we could explain the clusters. These aerial photos are centered at the GPS coordinates.
We present the cluster for the expressway in Figure 1 and its corresponding aerial photograph in
Figure 2.

Later, measurements of the joint delay-Doppler characteristics were performed at the se-
lected sites using a custom channel sounder that used the direct sequence spread spectrum
(DSSS) technique [18].

In this paper, we present the results obtained in the expressway. During the measurements,
the vehicles traveled with the traffic flow: precise position of the vehicles was not available, and
sometimes intervening vehicles blocked the line-of-sight (LOS). The measurement vehicles
were traveling in the same direction, from right to left in the figure (westbound), at a speed
of about 55 mph in the slow lane. The freeway had a wall about five feet high dividing the
eastbound lanes from the westbound lanes.
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Figure 2. Location E (33.9179, −84.3392), an expressway intersection with nearby office buildings.

2.2. HARDWARE SETUP

The channel was measured using the spread spectrum approach described in [3]. As shown
on the right in Figure 3, an AgilentTM ESG4438C RF signal generator was used to create the
maximum length sequence waveform of 511 chips, with the chip period of 50 ns, and a 3 dB
bandwidth of approximately 20 MHz, centered at 2.445 GHz. The 511-chip burst was repeated
back-to-back, corresponding to a repetition period of 25.5 μs, which further corresponds to a
maximum unambiguous excess path length of 7.65 km and a maximum unambiguous Doppler
shift of 19.5 kHz. Following amplification and transmission from a 8 dBi omnidirectional
antenna mounted on the middle of the roof of a compact car, the signal power was 2.1 W
(ERP), which enabled measurements over ranges of up to 300 m.

The receiver front end, shown on the left in Figure 3, consisted of another 8 dBi omnidi-
rectional antenna, mounted on the middle of the roof of a van, followed by a HyperAmpTM

HA2401DX-AGC100 low noise amplifier and a custom down-conversion to a first IF of
445 MHz, and then to a second IF of 20 MHz. The first IF filter 3 dB bandwidth was ap-
proximately 46 MHz. The backend of the receiver begins with the A-to-D converter in the
Pentek 6235, sampling with 12 bits at 80 MHz. The recorded channel is sampled every
�τ = 1/B = 50 ns, where B is the measurement real baseband bandwidth of 20 MHz.
The samples are fed to the digital downconverter also in the Pentek 6235, which included a
10 MHz output lowpass filter. As we will explain later, there was a miss-match between this
output filter bandwidth and the signal’s bandwidth. The complex baseband samples were trans-
ferred via an FPDP link at a rate of 20 Msamples/s and were recorded directly into a hard disk
array at 80 Mbytes/s. Prior to a recording session, the transmitter clock and the master receiver
clock were synchronized to within a few Hz. Testing under various conditions confirmed that
the clock offsets remained at these low levels.
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Figure 3. Receiver system in van to the left and transmitter system in compact car to the right.

Figure 4. Data processing format.

2.3. SIGNAL PROCESSING

At the expressway, 14 non-contiguous ten-second recordings were made. Because of the
memory limitations of MatlabTM, the recordings were broken into 0.7 s segments containing
close to 27,400 IRs per segment. In Figure 4, we present the data structure. Each segment
was correlated with the original 511-chip sequence. The complex correlator outputs were read
into a matrix, row by row, so that the matrix dimensions were 27,400 × 511. Therefore, the
columns of this matrix correspond to 50 ns “delay bins.” Because there was no absolute time
reference, there was no way to determine the absolute excess delay of the bins. However, the
relative excess delays of the bins were known. Furthermore, because of the long length of the
sequence (25.5 μs) and the usually small delay spreads of the VTV channel (on the order of
300 ns), it was easy to locate the consecutive bins with energy because the vast majority of
bins were empty. By averaging the squared magnitudes of the correlator outputs down each
column of the matrix, we could obtain PDPs for each 0.7 s segment. We used the per-segment
PDP to align the segment matrix to set its maximum value to delay zero. The per-bin Doppler
spectra were obtained using the MatlabTM Welch spectral estimation function. The 0.7 s length
gives a high Doppler resolution of 1.43 Hz.
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Figure 5. 50 ns and 100 ns system testing using a channel emulator.

2.4. MEASUREM ENT SYSTEM TESTING

To verify the system’s performance, we performed an experiment using a channel emulator.
We emulated a two-tap channel with delays at 0 and 650 ns and with powers of 0.0 and −3.0 dB
respectively. In Figure 5, we show the performance of the system as we used it to record the
data compared to what the performance should be according to system’s specifications. As
described in Section 2.2, the maximum recording speed of the system is 20 Mega-complex
samples per second, which correspond to a complex baseband bandwidth of ±10 MHz. For
this bandwidth, the maximum attainable resolution is 100 ns. If we sample with 100 ns period,
our PDP peaks occur only at multiples of 100 ns. We notice that with 50 ns sampling there is
a loss of dynamic range, but there is a much better tap resolution. We also notice that because
of the 10 MHz lowpass filter, we have correlated fading as we can see in the filtered response
at 50 ns. This experiment was repeated for different delays and powers, with similar results.
We elected to use 50 ns sampling so we could have the higher resolution.

3. Model Development

In this section, we describe the statistical procedure to obtain the parameters. We first describe
how we obtained the tap delay line models to capture small-scale fading characteristics. Next,
we explain two approaches to capturing large scale fluctuations. Finally, we evaluate the models
by comparing the simulated and recorded channels in terms of BER statistics.

3.1. INITIAL TAP CHARACTERIZATION

In this paper, we compare several modeling approaches, but they all start with estimation of the
tap parameters of power and delay from a given record of measured data. This first modeling
stage is intended to capture small-scale fading. The modeling approaches differ in the length
of the record.
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The first step in extracting the model is to separate the fast from the slow fading character-
istics. We can obtain the slow fading by obtaining the local average power [17]. For this, we
require uncorrelated samples of the IR over an appropriate distance that will average out the
short-term fading and will not smooth out the long-term fading. This length is usually in the
range of 20 to 40 wavelengths, and a sampling at 0.8 of the wavelength is usually enough to
achieve uncorrelated samples. We calculate the PDP by averaging the magnitude squared of
the IR

P(n�τ ) = 1

Q

Q−1∑
k=0

|hnorm(n�τ, k�t)|2 0 ≤ n ≤ N − 1, (1)

where k�t is the fixed observation instant of the k-th single IR, Q is the total number of IRs,
and hnorm indicates short-term fading only. Next, we determine the significant part of the PDP
by discarding all parts that are more than 30 dB down from the strongest path.

For the expressway location, we recorded 14 ten-second takes. As mentioned before, we
divided each take into 12 0.7-second segments for their analysis. Please note that each take
corresponds to a physically different time and location, i.e., each take could be minutes and
kilometers apart from another. In Figure 6, we show the PDPs computed for all the 0.7 s
segments of the 14 takes. We observe that most of the PDPs die out before 1 μs, because of
the generally confined nature of the channel.

Let L be the length of the significant part of the PDP divided by �τ . Let M be the number
of taps in the model, such that M < L . The L samples are divided into M groups. If the result
L/M = I is not an integer, samples with zero amplitude are added to the end of the PDP. The
tapped delay value in each group is found by [2]

τm =
∑im+I−1

n=im
n�τ · P(n�τ )∑im+I−1

n=im
P(n�τ )

for 0 ≤ m ≤ M − 1, (2)

Figure 6. Expressway PDPs.
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where im is the sample number at the start of each group. The delay of the first tap is τ0 = 0.
Knowing the delay position of the tap, we can obtain the tap magnitude as follows:

Pm(τm, k�t) = 1

I

im+I−1∑
n=im

P(n�τ ). (3)

To obtain the Doppler spectra for each model tap, we first use the Welch algorithm to
estimate the Doppler spectrum for each of the significant bins or bins above threshold obtained
from the PDP. We then use the same interval I to average the spectra across the bins in the
interval.

4. Modeling the Large-Scale Fluctuations

4.1. OVERALL MODELS

At first, we did not attempt to model the large-scale fluctuations. We considered that since
most commercial channel emulators are six or 12 taps per channel, it would be a good idea
to generate six and 12-tap channel models. First, we generated a model for each of the 0.7 s
segments, and then, we generated overall models by averaging the parameters of all the segment
models. When we averaged the parameters, we encountered a problem in the averaged tap delay
values since they were not monotonically increasing. As we can see in Figure 6, many of the
significant bins of each segment PDP will not be consecutive. In particular for the latter taps, the
average will include many zeros and decrease the final delay value. We tried either artificially
considering all the bins as consecutive or ignoring the zero elements in the average. Neither
of these produced an increasing delay value. Another problem with this approach was that the
averaged spectra included contributions from quite different delays, which created excessively
wide spectra. The excessively wide spectra caused very high BERs, and because of this, we
rejected this approach.

To solve the delay position inconsistencies, we decided to regenerate the overall model
considering just one PDP for the complete data set. We achieved the latter by setting Q =
(14×12×27400) in (1). This complete PDP contained only 10 significant bins, which happen to
be consecutive. We then followed the previously described methodology to generate the model
described in Table 1. In this table, we specified the number of taps, the tap delay, the tap power
magnitude, and the K-factor. We will further discuss this K-factor in a later section. From these
statistical parameters we obtain the model whose scattering function we present in Figure 7.

The first thing we notice in the Doppler spectra is the “LOS-like” or Rician behavior for
each of the first paths. This suggests that there are many reflectors traveling at a similar speed
to the terminals. We also notice a widening of the Doppler spectra for the later taps. This
widening is in accordance to the flat fading results of [15]. In several of these later spectra, we
can notice some small spikes on the sides of the spectra. The frequencies of these spikes are
approximately equal to the maximum and minimum Doppler shifts of single-bounce paths;
therefore, we conclude that they were caused by the transient paths reflecting from highway
overpasses.

From Figures 8 and 9, we can also notice that for such a high K-factor, the peak of the
first tap spectrum looks “wide.” We can deduce that there are two factors contributing the tap
spectrum widening. The first factor is the difference in frequency shift for each of the data
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Table 1. Overall 10-Tap model parameters.

Tap Delay, ns Relative power, dB KRice

1 0 0.0 102.0

2 50 −6.5 7.3

3 100 −14.4 4.7

4 150 −17.5 3.6

5 200 −19.7 1.8

6 250 −22.0 0.5

7 300 −24.4 0.2

8 350 −25.3 0.2

9 400 −27.1 0.0

10 450 −28.1 0.0

Figure 7. Scattering function for the overall 10-tap model without frequency adjustment.

segments. This effect is better seen in the first bin where we have the LOS. The general shape
for this bin spectrum is a high narrow peak with a lower wide base. The frequency position
of this narrow peak varies from segment to segment since the vehicles positions are different.
When we average the contributing spectra, the different peak positions will cause a broad
central peak as seen in Figure 8. The other effect is the averaging by itself. As indicated by
the thick line, the averages tend toward the wider section of the spectra set.

We can reduce the widening caused by the different frequency offsets by centering each
of the spectra before averaging. To do so, we need to estimate the offset separately for each
of the bins and shift each of them independently. We obtained the offset value by treat-
ing the spectra as a probability distribution and obtaining its first moment after normaliza-
tion. In Table 2, we have the correlation coefficients of the frequency offsets where we can
conclude that there is no one single frequency shift measure that can be applied to all the
taps.
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Table 2. Spectra offset correlation coefficient matrix.

1.00 0.83 0.59 0.52 0.45 0.39 0.30 0.21 0.25 0.31

0.83 1.00 0.82 0.58 0.50 0.37 0.24 0.12 0.18 0.24

0.59 0.82 1.00 0.66 0.46 0.29 0.10 −0.01 0.07 0.15

0.52 0.58 0.66 1.00 0.71 0.42 0.22 0.08 0.12 0.24

0.45 0.50 0.46 0.71 1.00 0.73 0.41 0.18 0.20 0.12

0.39 0.37 0.29 0.42 0.73 1.00 0.75 0.44 0.39 0.14

0.30 0.24 0.10 0.22 0.41 0.75 1.00 0.75 0.53 0.28

0.21 0.12 −0.01 0.08 0.18 0.44 0.75 1.00 0.71 0.34

0.25 0.18 0.07 0.12 0.20 0.39 0.53 0.71 1.00 0.66

0.31 0.24 0.15 0.24 0.12 0.14 0.28 0.34 0.66 1.00

Figure 8. All the spectra contributing for the first tap of the overall model. The thick line represents the tap spectrum.

Figure 9. All the spectra contributing for the last tap of the overall model. The thick line represents the tap spectrum.
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Figure 10. Frequency aligned spectra contribution for the last tap of the overall model. The thick line represents

the tap spectrum.

Figure 11. Frequency aligned spectra contribution for the last tap of the overall model. The thick line represents

the tap spectrum.

In the next two figures, Figures 10 and 11, we show the improvement obtained after the
frequency offset adjustment. We now have a narrow peak in the first tap as wanted. We still have
the widening effect of the averaging, but it is reduced. In Figure 12, we have the corresponding
scattering function for the frequency adjusted model.

4.2. DSRC SIM ULINK TM MODEL FOR CALCULATING BER

The primary means of model evaluation is the BER distribution derived from simulations of the
DSRC standard [7]. Samples of BER are calculated from non-overlapping time windows. The
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Figure 12. Overall 10-tap model with frequency adjustment scattering function.

differences of BER from different time windows reveal the dynamics or large-scale fluctuations
of the channel. Since BER simulation is the primary evaluation tool, it is described in this
section.

As part of our model development approach, we compared the BER performance of a
DSRC link over the recorded channel and over the synthesized channels. We normalized all
the channels so that their PDPs had unit area; this includes separate normalization for each
measured segment. We developed a SimulinkTM model that follows faithfully the specifications
of the DSRC standard [7] shown in Table 3. The model includes all the transmission modes
and coding. The channel insertion works by using each IR as a FIR filter coefficients set. We
designed the receiver to include channel adaptive equalization using the pilot tones following
the specifications in [23]. The model also contains a signal-to-noise ratio (SNR) threshold
detector to adaptively change among the eight transmission modes. The noise is defined as the
mean square of the difference between the received complex symbol and its corresponding
constellation point. Both the adaptive equalizer and adaptive modulator operate on a frame by
frame basis. For the simulations we choose a frame size of 64 OFDM symbols. We believe that
this frame length allows the system to cover all the modulation modes. The OFDM symbol
is modulated in only 52 subcarriers out of 64 and has 8.0 μs duration with a 1.6 μs guard
band interval. The total occupied bandwidth is 8.3 MHz. No thermal noise was added in our
simulations.

4.3. CHANNEL SYNTHESIS

To measure BER, we need first to synthesize the channel by producing IRs according to the
statistical channel parameters. Then we need to insert this channel into a simulation system,
which we just described. To synthesize the channel, we use filtered noise on each tap, where
the filter characteristics match the spectra of the statistical model [22]. As an example, we
show in Figure 13 the short-term Doppler spectra and the long-term Doppler spectrum of
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Table 3. DSRC standard specifications [7].

Data rate, mbps Modulation Coding rate Coded bits per OFDM symbol SNR Threshold dB

3 BPSK 1/2 48 <10

4.5 BPSK 3/4 48 10

6 QPSK 1/2 96 11

9 QPSK 3/4 96 14

12 16-QAM 1/2 192 18

18 16-QAM 3/4 192 22

24 64-QAM 2/3 288 26

27 64-QAM 3/4 288 28

Figure 13. Short time Doppler spectra (50 ms) and long time Doppler spectrum (0.7 s) for bin three of one recorded

0.7 s segment.

the third bin of a randomly selected recorded 0.7 segment. For the long-time spectrum, we
used the approximately 27,400 IRs in 0.7 s for the estimate, and for the short-time spectra, we
obtained the estimate every 2,048 IRs or approximately every 50 ms. In Figure 14, we do the
same for also a randomly selected synthesized 0.7 s segment. As we can see in these figures,
the short-time spectra of the synthesized channel have transient behavior similar to that of the
real channel.

5. Partitioned Model

In this section, we present two other approaches for modeling the VTV channel. As we will
show in the Results section, the two overall channels do not provide the same extremes of
performance that the recorded channel provides. After analyzing the behavior of the recorded
channel, we observed that there are two correlated parameters with a wide range of variation:
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Figure 14. Short time Doppler spectra (50 ms) and long time Doppler spectrum (0.7 s) for bin three of one synthe-

sized 0.7 s segment.

BER and maximum delay. We decided to use these parameters to partition the recorded channel
data into sets with similar BER performance or similar delay profile characteristics. We need
to emphasize that we performed frequency offset alignment in both models.

5.1. BER PARTITIONS

For the partition with respect to BER performance, we divided the recorded 0.7 segments
according to their BER after simulation with a 64 symbol frame and adaptive modulation. We
define four partitions for each order of magnitude of the BER starting at 10−4 as shown in
Table 4. In this table, we indicate the number of segments belonging to each partition along
with the number of taps used in the partition’s statistical model. We also show the average BER
for each partition for the corresponding recorded channel segments and for the synthesized
channel derived from each partition model. It is interesting to notice that the synthesized
channel BER stays in the same order of magnitude, which makes it higher for two partitions
and lower for two. We do not have a concrete explanation for this behavior, but we think that
the fixed number of taps for every synthesized IR reduces the BER variability from segment
to segment.

We show the scattering functions for the first and fourth partitions in Figure 15 and Figure 16
respectively. From these figures, we can observe that the higher BER partition has longer delays
and wider spectra.

5.2. MAXIMUM DELAY PARTITION

For the maximum delay partition model, we create the partitions according to the number and
position of the significant bins of each 0.7 s PDP. First we identified the PDPs with consecutive
significant bins. We found from five and up to 12 consecutive significant bins after the first.
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Table 4. Partition by BER criterion results.

Partition

Selection Number of Partition recorded Number of synthesized

BER criterion: BER 0.7 s channel taps in partition channel

Partition per 0.7 s segment segments average BER statistical model average BER

1 BER ≤ 10−4 11 7.407 × 10−5 4 1.668 × 10−3

2 10−4 < BER ≤ 10−3 55 4.066 × 10−4 4 2.419 × 10−3

3 10−3 < BER ≤ 10−2 87 3.862 × 10−3 5 2.881 × 10−3

4 10−2 < BER ≤ 10−1 15 1.656 × 10−2 7 8.344 × 10−3

Figure 15. BER partition one scattering function.

Figure 16. BER partition four scattering function.
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Table 5. Partition by maximum criterion results.

Partition Number of Partition

Maximum Selection criterion: Number of recorded taps in synthesized

delay BER per 0.7 s 0.7 s channel partition channel

partition segment segments average BER statistical model average BER

1 5 & 6 Consecutive first

significant bins

24 6.679 × 10−4 3 2.639 × 10−3

2 7 & 8 Consecutive first

significant bins

31 1.060 × 10−3 4 3.049 × 10−3

3 9 & 10 Consecutive first

significant bins

12 1.188 × 10−3 5 2.622 × 10−3

4 11 & 12 Consecutive first

significant bins

12 7.537 × 10−3 6 6.184 × 10−3

5 Long (>12)

Non-consecutive

significant bins

65 6.762 × 10−3 11 4.615 × 10−3

6 Short (<12)

Non-consecutive

significant bins

24 1.541 × 10−3 5 2.465 × 10−3

From this set, we created four partitions so that each partition model would contain two
consecutive bins per tap. For the non-consecutive significant bins, we created two partitions:
one for segments with less than 12 significant bins and one for segments with 12 or more
significant bins. The number of segments per partitions is shown in Table 5 where we also
indicate the number of taps for the partition model. As in the previous table, we also show the
BER per partition for recorded and synthesized channels. Once again, we obtained BER of
the same order of magnitude for the synthesized channel.

6. Results

In this section, the models developed in the previous sections are compared in terms of the
cumulative distribution function (CDF) of the BER. The BER is impacted strongly by the
length of the frame, the length of the time period over which the BER is computed, and the
choice of fixed or adaptive modulation. Longer frames yield higher BER because the high
initial quality of the channel estimates degrades over time, even though there are pilot tones.
The shape of the CDF of the BER is impacted by the length of the observation interval because
zero and very low values of BER become less likely as the interval grows. Finally, the type of
modulation, fixed or adaptive, makes a difference, because ideally, adaptive modulation makes
the BER constant.

The BER will be computed for four cases, two which use adaptive modulation and short
frames, and two which use fixed modulation (6 Mbps) and long frames. The latter case was
included because it is the basis of the motion-related equipment test in the current DSRC
standard [7]. For adaptive modulation, two interval lengths are considered: 0.7 s, which cor-
responds to the “segment” length in the database, and 544 μs, which corresponds to a frame
containing 64 symbols. For fixed modulation, the two interval lengths are 0.7 s and 1.376 ms.
The 1.376 ms frame holds 168 symbols, or 1000 bytes of information at 6 Mbps; this is the
“long frame” part of the motion-related equipment test in the DSRC standard.
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Figure 17. Recorded channel and models CDFs of the BER per 0.7 s segment, a 64 OFDM symbol frame, and

adaptive modulation.

Figure 18. Recorded channel and models CDFs of the BER measured for each 64 OFDM symbol frame and

adaptive modulation.

Figures 17 and 18 contain the adaptive modulation results and Figures 19 and 20 contain
the fixed modulation results. The adaptive modulation results include CDFs of BER for the
recorded channel and four models: the overall aligned, the overall non-aligned, the BER
partition, and the maximum delay partition. Recall that for all models except the overall non-
aligned model, the segment spectra are centered prior to averaging. The fixed modulation
results include only the recorded channel and the BER partition model.

In Figure 17, the recorded channel BER has a larger variance than each of the models.
Observation of bit errors versus time (not shown in this paper) indicate that the recorded
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Figure 19. Recorded channel and BER partition model CDFs of the BER per 0.7 s segment, a 168 OFDM symbol

frame, and a fixed 6 Mbps modulation.

Figure 20. Recorded channel and BER partition model CDFs of the BER measured for each 168 OFDM symbol

frame (1000, data bytes) with fixed 6 Mbps modulation.

channel has relatively long periods of time when there are no errors, and then other periods
of time with a high density of bit errors. In contrast, the synthesized channels produce a more
uniform distribution of errors in time. Because the recorded channel produces a significant
percentage of 0.7 segments with zero or very few errors, we may conclude that the low-error
periods are often at least 0.7 s long.

In Figure 18, the BER partition model produces a very good fit to the recorded channel.
The MD partition model is next closest, and the overall aligned model is the worst fit of the
aligned models. Evidently, the 64 symbol frame is short enough that the synthesized models
produce between 80 and 90 percent error free frames.
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As observed in Figure 19 and Figure 20, the long frames and fixed modulation degrade the
performance of the recorded channel and all the models. Interestingly, the BER partition model
and recorded channel diverge significantly for in the low BER region when BER is computed
over the long frame period (1.376 ms). Comparing Figure 18 and Figure 20, we observe that
the BER partition model is only slightly degraded by the longer frame and fixed modulation,
but the recorded channel degrades significantly for the longer frame. Long frame vs. short
frame effects would seem to depend more on small scale phenomena than large scale, and the
long frame would suffer more from Doppler spread. One possible reason for the divergence of
these curves is that the design of the partition model was based on the short frame and adaptive
modulation, yet in Figure 20, the model is being evaluated on a link using a different type
of modulation. Had the partition model been based on the modulation assumed in Figure 20,
fewer segments would have been assigned to the lowest BER partition. The excessive number
of segments in the low BER partition could be the reason that the BER partition model performs
so much better than the recorded channel in the low BER regime.

6.1. K-FACTOR

The Rice or K factor is not part of our model specification (i.e. the K-factor is implied by the
spectrum), but it is an important feature of models; therefore, it should be examined. Also,
K-factors must be explicitly specified in RF channel emulators. For these reasons, in this
section, we compute the K-factors of the taps of our models and compare them to the recorded
channel. We determine the Rice or K factor for any bin m using the moment-method [20, 21]
as follows:

Gk = |hm(τm, k�t)|2, k = 1, . . . , Q

Ga = 1

Q

Q∑
k=1

Gk

Gv =
√√√√ 1

Q

Q∑
k=1

(Gk − Ga)2 (4)

|V |2 =
√

G2
a − G2

v

σ 2 = Ga − |V |2

KRice = |V |2
σ 2

.

where h(τm, k�t) is the kth IR with bins at delay τm . Applying (4) to each 0.7 s recorded
segments, for which Q = 27,400, we obtained a 168 × 511 K-factor matrix. Any com-
plex K-factors were set to zero. The K-factors given for the overall model in Table 1 are
the first ten column averages of the K-factor matrix. In Table 6, we present the K-factors
for the corresponding rows and columns of the K-factor matrix for each of the sections
of the BER partition model. For example, for Partition One; we have 11 0.7 s segments
and seven significant bins for the PDP of the partition. To obtain the K-factors for the
partition, we choose the corresponding rows and columns, and we perform a column av-
erage on the new 11 × 7 matrix. For Table 6, we also calculated the K-factors for the
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Table 6. K-factors for the BER partition model.

Partition Partition Partition Partition Partition Partition Partition Partition

one bins one taps two bins two taps three bins three taps four bins four taps

159.4 0.8 174.8 1.2 61.8 1.1 26.5 1.1

5.1 8.1 7.1 8.0

13.3 0.4 6.5 0.4 3.1 0.4 1.3

10.0 6.0 1.8 0.6 0.2

5.9 0.3 3.6 0.2 0.6 0.3 0.7

1.8 1.1 0.4 0.2

0.1 0.3 0.4 0.2 0.4 0.2 0.7 0.2

0.4 0.5 0.1

0.1 0.2 0.0

0.1 0.2

0.0

0.0

0.0 0.2

0.0

0.0

0.0 0.3

0.0

0.1

0.4 0.3

synthesized channel. Continuing with the partition one example, the partition contains four
taps; therefore, the K-factor submatrix size is 11 × 4. Each matrix element was obtained
from the 27,400 samples per tap of the synthesized channel. The table values are the column
averages.

By looking at the scattering function of Figure 15, we would expect a high K-factor for
the first tap, but it is surprisingly small. Our only explanation is the widening of the lower part
of the tap produced by the averaging. We also notice that the segments with low BER present
very high K-factors in the first bin. We believe that the correlation between BER and K-factor
should be further investigated.

7. Conclusions

Overall and partitioned models have been investigated for the VTV doubly selective express-
way channel at 2.4 GHz when both vehicles travel in the same direction. The models were
compared to the recorded channel in terms of the BER statistics of the simulated DSRC stan-
dard. The quality of the match between synthesized and recorded channel BER statistics was
found to be sensitive to the type of modulation (fixed or adaptive), the frame length, and the
length of the interval over which BER was calculated. The best match was for short (64 sym-
bol) interval lengths, and when the modulation and frame length were the same for the design
and for the evaluation of the models. The partitions based on BER performed only slightly
better than partitions based on number of delays. This indicates at least a weak connection
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between the BER approach taken in this paper and the “path lifetime” approach taken by other
authors seeking to model the time evolution of large scale random fluctuations of the wireless
channel. Perhaps a more direct “path lifetime” approach to this V2V channel might bring the
longer-term average BER statistics into better agreement by increasing the burstiness of the
V2V model.

Frequency alignment of the spectra prior to averaging was a major factor in the matching
of BER statistics. However, even with alignment, spectrum averaging still had two significant
drawbacks: broader spectra and higher BERs than the recorded channel for the lowest BER
partitions, and reduction of the K factor in the early taps. More work is required to determine
how best to produce models with accurate tap K factors, especially for programming RF
channel emulators.
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