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Abstract—Wireless vehicular communication will increase the
safety of road users. The reliability of vehicular communication
links is of high importance as links with low reliability may
diminish the advantage of having situational traffic information.
The goal of our investigation is to obtain a reliable coverage area
for non-stationary vehicular scenarios. Therefore we propose a
deep neural network (DNN) for predicting the expected frame
error rate (FER). The DNN is trained in a supervised fashion,
where a time-limited sequence of channel frequency responses
has been labeled with its corresponding FER values assuming an
underlying wireless communication system, i.e. IEEE 802.11p.
For generating the training dataset we use a geometry-based
stochastic channel model (GSCM). We obtain the ground truth
FER by emulating the time-varying frequency responses using a
hardware-in-the-loop setup. Our GSCM provides the propagation
path parameters which we use to fix the statistics of the fading
process at one point in space for an arbitrary amount of time,
enabling accurate FER estimation. Using this dataset we achieve
an accuracy of 85% of the DNN. We use the trained model
to predict the FER for measured time-varying channel transfer
functions obtained during a measurement campaign. We compare
the predicted output of the DNN to the measured FER on the
road and obtain a prediction accuracy of 78%.

Index Terms—IEEE 802.11p, FER, deep learning, GSCM,
hardware-in-the-loop

I. INTRODUCTION

Advanced driver-assistance systems (ADAS) shall increase
the safety of road users but currently rely on a local view of the
traffic situation. Thus, it is missing valuable information that
may be perceived by other road users. In vehicle-to-everything
(V2X) communication we want to exchange situational traffic
information directly between two parties, the transmitter (Tx)
and the receiver (Rx). This information has to be timely
transmitted using wireless communication. Hence, it is of
high interest to know a priori whether the information will
be received by other road users in the near vicinity.

V2X communication scenarios have typically highly dy-
namic wireless propagation characteristics. Furthermore, the
direct propagation path between the Tx and the Rx in urban
scenarios is often obstructed by other road users or buildings.
These dynamic and harsh radio propagation conditions result
in time-varying and non-stationary radio channels [1], [2],
[3]. Therefore, to achieve a reliable information exchange,
we investigate methods to estimate a reliable communication
region. We determine the reliability of radio communication
channels by the frame error rate (FER).

Most of the currently available literature focuses on methods
for estimating and mapping a coverage region based on path
loss [4]. The main idea of these models is to compute the free-
space path loss and the path loss due to large scale fading.
Besides the standard models, in recent years machine learning
(ML) has been applied for predicting path loss. In [5] ML is
used to predict the path loss of wireless communication in an
aircraft cabin. Wen et al. [5] use the channel impulse response
obtained from real-word measurements to predict the received
power. The random forest algorithm is used to predict the path
loss in a vehicular channel in [6]. The training dataset consists
of the extracted information from the measurements, such as
the location of the Tx and the Rx as well as the distance
between them, and additionally of a specific integer value
differentiating the objects between Tx and Rx. The results
show improved accuracy in comparison to traditional long-
distance path loss prediction models.

In [7] we show that the FER does not only depend on the
path loss but that the five key channel parameters: (i) received
power, (ii) root mean square (RMS) delay spread, (iii) RMS
Doppler spread, (iv) Rician K-factor, and (v) Doppler shift
of line-of-sight (LOS) component, are jointly good candidate
features for predicting the FER. Additionally, the FER is
determined by transmission parameters (e.g., frame length,
modulation format, transmit power) and the specific Rx archi-
tecture (e.g., channel estimation, and decoder of forward error
correction code). Considering these dependencies, predicting
the FER becomes a complex process, especially if we need to
do this directly on the road.

A selected number of packet error rate (PER) models
for wireless communications are shown in [8]. The authors
compare different models based on the approximation method,
the modulation scheme and coding. All of these models are
applied for Rayleigh channels. The results in the literature
indicate that linear models fail to accurately predict the FER
in urban scenarios and under harsh radio wave propagation
conditions.

In [9] deep learning (DL) is applied to predict the FER for
collaborative intelligent radio networks. The prediction prob-
lem is defined as a binary classification, where the decision
is made whether the frame was decoded successfully on the
receiver side. As a dataset, they use the frame decoding error,
the noise variance, the allocated channel for transmission, the
modulation and coding scheme, the bandwidth and the power



spectral density.
In this work, we choose a machine learning approach to

predict the FER of a vehicular communication link. More
precisely we want to predict the corresponding FER class. We
select the channel transfer function (CTF) as starting point
for our investigation. For time-variant and in general non-
stationary vehicular radio channels, we assume that the radio
channel is wide-sense stationary and exhibits uncorrelated
scattering for a specific spatial region which can also be
expressed in terms of a time and frequency window, termed
stationarity region. Therefore, the FER prediction is performed
per stationarity region. As we discussed above, the FER
depends on the communication system, therefore we restrict
our investigation without loss of generality to IEEE 802.11p
and a specific hardware implementation thereof. We design a
deep neural network (DNN) for predicting the FER from CTF
samples as input. We use a supervised approach to train the
DNN which shall solve a classification task, where each class
represents a FER range: (10−x1 , 10−x2 ], x1, x2 ∈ N0, x2 <
x1.

Scientific Contributions of the Paper

• We propose a new FER measurement methodology for
non-stationary vehicular wireless communication scenar-
ios. The methodology allows to measure the FER of a
stationarity region of the wireless communication channel
with arbitrary accuracy despite its finite length.

• We formulate the prediction of the FER in vehicular
scenarios as a classification problem and we create a
labeled dataset for supervised learning. For the dataset
we employ a geometry-based stochastic channel model
(GSCM) and a stochastic channel model.

• We train a DNN with the dataset and obtain a good
accuracy of approx. 85%.

• We validate the proposed DNN with measurement data
and show that we can predict the FER for the given
channel conditions of 78%.

II. MEASURING FRAME ERROR RATE IN NON-STATIONARY
SCENARIOS

The propagation conditions in vehicular wireless channels
change fast, but, as mentioned before, for a limited period
in time and in frequency we may assume that the channel
statistics stay constant. This stationarity region is usually short
and [10] shows that in urban scenarios, constant channel statis-
tics can be assumed for spatial regions of several wavelengths
λ or in terms of time for less than 100ms, for a velocity
of about 50 km/h ≈ 13.8m/s. This in turn leaves us with a
very limited number of frames that can be transmitted under
constant channel statistics and hence limits the FER resolution
for a single stationarity region.

However, we want to achieve an accurate prediction of the
expected FER and therefore we develop a methodology that
allows us to send arbitrarily many frames under the same
fading characteristics. For this purpose, we use the propagation
path parameters obtained from a geometry-based stochastic

channel model. We fix these path parameters at defined points
in space, then we extend the time-variant frequency response
sequence continuously over time and feed it into a hardware-
in-the-loop (HiL) setup [7].

1) Channel Model: The time-limited frequency response
within a stationarity region is calculated by

H[m, k] =

L∑
l=1

ηl[m]e−j2π(fC+k∆f)τl[m], (1)

where ηl[m] = |ηl[m]|ej2πϕl ∈ C represents a complex time-
variant weighting coefficient, which includes the amplitude
|ηl[m]| and the random starting phase ϕl, τl[m] ∈ R+

0 the
time-variant delay, fC the carrier frequency, and ∆f the
subcarrier spacing. The path index l ∈ {1, . . . , L}, where L
is the number of propagation paths. The time index within
one stationarity region is denoted by m ∈ {0, . . . ,M − 1},
where M = Tstat/Ts is the total number of samples in time
within a stationarity region. The frequency index is denoted
by k ∈ {−⌊ B

2∆f ⌋, . . . , ⌊
B

2∆f ⌋ − 1}, where B represents the
system bandwidth. The number of subcarriers N within one
stationarity region is equal to B/∆f .

From this formula, we notice that the frequency response
is described by the propagation path parameters, namely the
attenuation ηl[m], and the path delay τl[m]. Within Tstat, we
assume an approximately constant amplitude of the propaga-
tion paths |ηl|, and a constant relative velocity per propagation
path vl between the Tx and Rx. This assumption leads us to
a constant Doppler shift, which is defined as

fl = fC
vl
c0

, (2)

where c0 is the speed of light in a vacuum. Furthermore, we
model the change in delay by a linear model

τl[m] = τl[0]−
vl
c0

mTs. (3)

Taking these assumptions into account, and extending m >
M − 1 we can create a time-varying fading process with the
statistical properties defined by the propagation path parame-
ters for an arbitrary amount of time. Finally, we can write (1)
as

H[0, k] =

L∑
l=1

ηl[0]e
−j2π(fC+k∆f)(τl[0]−

fl
fC

mTs). (4)

The next sections will show that this is sufficient for our
investigations.

2) Hardware-in-the-loop Measurements: In order to mea-
sure the FER, in our work we use the HiL framework presented
in [7]. It contains hardware modems as Tx and Rx, and the
geometry-based AIT channel emulator [11]. The geometry-
based AIT channel emulator uses directly the propagation path
parameters to compute the time-variant impulse response in
the FPGA for the convolution with the transmitted signal. The
emulator can deal with real valued path delay and Doppler
shifts using the special properties of discrete prolate spheroidal
sequence [12].



By fixing the propagation path parameters in one stationarity
region we can increase the emulation time according to the
required number of frames, keeping the very same propagation
statistics during that time. Therefore, by applying only a time
average, this methodology enables us to detect the FER which
is close to an expected FER value. With this approach, we
can evaluate the FER with arbitrary accuracy in non-stationary
vehicular scenarios with a short stationarity time.

III. DATASET

A. Input Data

For training the DNN presented in Section IV, we create
a labeled dataset consisting of time-limited sequences of fre-
quency responses. We obtain them using the GSCM presented
in [13] and using the stochastic channel model shown in [7].

1) Geometry-Based Stochastic Channel Model: We param-
eterize our GSCM by a measurement campaign conducted
in an urban environment of the inner city of Vienna [14].
The carrier frequency is fC = 5.9GHz with a bandwidth of
B = 150.25MHz (subcarrier spacing ∆f = 250 kHz), and a
snapshot duration Ts = 500µs. The maximum speed of both
vehicles is ≈ 11m/s.

Here, the propagation path parameters, needed for the
methodology presented in Section II, are obtained from the
GSCM. We import the geometric environment information
from OpenStreetMap (OSM) and vehicle trajectories from the
recorded GPS data. Diffuse scatterers are randomly distributed
along the building’s walls. Other contributions which we
differentiate in our GSCM are static discrete scatterers (SD),
mobile discrete scatterers, and LOS between Tx and Rx. Each
of these scatterer types is described by the propagation path
parameters ηl, fl and τl. The time-limited frequency responses
are calculated using (1) by collecting the signal contribution
of the different types of scatterers.

Furthermore, in this paper, we cover the vehicle-to-
infrastructure (V2I) scenarios and hence we keep the Tx
moving along its trajectory and we place S ∈ N points along
the road to indicate the Rx positions. During one simulation
run, i.e. one scatterer realization, we obtain time-varying
frequency responses for all Rx positions. In total we generate
7116 time-limited frequency response sequences with a length
of Tstat = 100ms.

In Fig. 1 we show the FER of all Rx positions measured
for one stationarity region and classified into four classes. We
choose ≈ 10m distance between the Rx positions. In Fig. 2
we show the FER over the Tx trajectory, measured at a specific
Rx position during one simulation run.

2) Stochastic Channel Model: In order to obtain more di-
verse training data we additionally employ a stochastic channel
model [7]. The radio channel is modeled by eight delay taps
and an exponentially decreasing power delay profile. Each
delay tap contains 40 propagation paths. They are represented
by Rayleigh fading in the non-LOS scenarios, while in the
case of the LOS, only the first delay tap is modeled as a
Rician fading process. Finally, we obtain additional 8800 of
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Fig. 1: FER measured at different Rx positions during one
stationarity region.
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Fig. 2: FER over Tx trajectory for a single Rx position.

time-variant frequency response sequences using the statistical
parameters from [7, Table II].

B. Labels

With the methodology described in the previous chapter we
measure the ground truth for the FER. The steps for collecting
the ground truth are shown in Fig. 3. The hardware modems
used in this work are the Cohda Wireless MK5 modems [15],
which implement the IEEE 802.11p standard [16]. However,
we want to emphasize that our methodology is not restricted to
a specific hardware nor to a specific communication standard.
We use a transmit power of PTx = 10 dBm, and a QPSK
modulation with a convolutional coding rate of 1/2. For each
stationarity region we emulate F = 20000 frames with a size
of 100 bytes, using a frame rate of 2200 frames/s. We label
our dataset as follows:

• class 1: γ1 := (0, 5 · 10−4],



• class 2: γ2 := (5 · 10−4, 10−1],
• class 3: γ3 := (10−1, 5 · 10−1],
• class 4: γ4 := (5 · 10−1, 1].

The classes are obtained by running a k − means clustering
algorithm on the labeled dataset. The output of the DNN model
can be interpreted as a discrete probability density on the FER
classes. We define the prediction result by the argument of the
maximum among all classes. Thus, the prediction result is the
FER class having the highest probability.

Fig. 3: Dataset collection

IV. DEEP NEURAL NETWORK

The time-varying frequency response of one stationarity
region consists of M = 200 time samples and N = 601
subcarriers. Since the bandwidth of the Cohda Wireless MK5
modems is 10MHz, we have to resample the frequency
response for training and hence obtain 41 frequency samples.
Since the frequency response is represented by complex num-
bers, we split the input dataset into a real and an imaginary
part. Hence, one sample of our input dataset is represented by a
rank three tensor Xj,k,l, with the dimensions of (2, 200, 41).
By flattening each sample to a one dimensional vector, we
finally obtain the input vector xP , where P = 2 · 200 · 41 =
16400 represents the number of features of the input vector.
The architecture of the DNN, shown in Table I, consists of
six fully connected linear layers, each followed by a rectified
linear unit (ReLU) as an activation function. The DNN is
implemented with the PyTorch11 library for Python.

The linear layer can be described as

yh = W h ·xh + bh, (5)

where h is the index of the linear layer, y represents the output
vector, W the weighting matrix and b the bias. The number
of rows and columns of the weighting matrix in the observed
linear layer is determined by the output vector size Bh and
the input vector size Ah of this layer, respectively. The size
of the bias vector is equal to the size of the output vector.
We employ a logarithmic SoftMax function for obtaining a
discrete probability density on the FER classes.

Our dataset contains 15916 samples which we divide it into
70% training and 30% test samples for the model evaluation.
We include an equal amount of data from the GSCM and
the stochastic channel model in both, the training and the test
dataset. During the training process we update the weighting
matrix and biases using the Adam optimizer [17] with a
learning rate of 10−4. Considering the classification task, the

loss function ρ, which we calculate, is the cross entropy which
reads

ρ(y, n) = −yn + ln

(
Nclass∑
i=1

eyi

)
, (6)

where y represents the observed vector and n the correct class.
We train our DNN on a NVIDIA Tesla V100 GPU card

with 16GB of RAM. We stop the training when there is only
a marginal decrease in loss. This results in a training that
takes approximately 100 epochs which took 15min on the
mentioned hardware. Fig. 4 depicts the loss as a function of
training epochs. Furthermore, we evaluate the performance of
the trained DNN model on the test dataset with 4775 samples.
Fig. 5 shows the class distribution of the test dataset. We
present the prediction results using the test dataset in Fig. 6.
We obtain a prediction accuracy of 85.2%. From the confusion
matrix we can see that the best prediction is obtained for the
classes containing the lowest FERs (class 1), with an accuracy
of 84.73% and containing the highest FERs (class 4), with an
accuracy of 95.47%. We can notice that the majority of the
samples are in those classes. For the other two classes we
obtain an accuracy of ≈ 78%.
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Fig. 4: History of the training loss.
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Fig. 5: Number of samples per class within the test dataset.

V. VALIDATION WITH REAL WORLD MEASUREMENTS

In order to test the applicability of the trained model, we
finally predict the FER class for a real-world V2V mea-



Layer Number of trainable parameters
Linear y1 = W 1x1 + b1, A1 = 16200, B1 = 2048 33589248
ReLU z1 = max(0, y1) 0
Linear y2 = W 2x2 + b2, A2 = 2048, B2 = 1024 2098176
ReLU z2 = max(0, y2) 0
Linear y3 = W 3x3 + b3, A3 = 1024, B3 = 1024 1049600
ReLU z3 = max(0, y3) 0
Linear y4 = W 4x4 + b4, A4 = 1024, B4 = 512 524800
ReLU z4 = max(0, y4) 0
Dropout p = 0.05 0
Linear y5 = W 5x5 + b5, A5 = 512, B5 = 128 65664
ReLU z5 = max(0, y5) 0
Linear y6 = W 6x6 + b6, A6 = 128, B6 = 4 516

LogSoftMax z6 = log
(

exp(y6)∑
j exp(y6j)

)
0

TABLE I: Architecture of the deep neural network
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Fig. 6: Confusion matrix obtained for the test dataset with
a size of 4775 samples. The diagonal depicts the number of
correct predictions for each class.

surement. The measurement has been conducted in the inner
city of Vienna and the measurement data is publicly avail-
able [18]. The measurement includes in addition to the time-
varying channel frequency response, LiDAR, RADAR and
FER measurements. The FER in the measurement campaign is
collected using the same Cohda Wireless MK5 modems as in
the HiL setup and is synchronized to the channel sounder.
For the validation of our trained model we use the time-
varying frequency responses obtained from the first vehicle-
to-vehicle scenario of the measurement campaign, which is
shown in Fig. 7. A detailed description of the dataset can be
found in [18]. We want to emphasize that we never used these
frequency responses in our training or test dataset. The training
and test dataset are exclusively produced by the GSCM and
the stochastic channel models as mentioned above.

The time-varying frequency responses from the measure-
ment campaign are collected by the AIT OFDM multi-band
channel sounder [19] with a bandwidth of 150.25MHz. There-
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Fig. 7: Scenario used for the validation.

fore we have to adapt the data accordingly to the bandwidth
of 10MHz such that the trained DNN can process them.
Furthermore, we evaluate the FER of the measurement per
second and classify them according to the classes defined in
Section III-B. Then, we take the CTF of each stationarity
region and give it to the DNN to predict the FER. Fig. 8 depicts
the measured FER on the road for the selected scenario and
whether the trained model predicted the correct FER class.
The correct FER class is indicated by a green dot and a red
one indicates a false prediction. We notice that most of the
samples which belong to the classes with the highest and the
lowest FER range are correctly predicted. For the other two
classes, class 2 and class 3, we get a higher percentage of
misclassification, especially between the neighboring classes.
Finally, the total accuracy of the prediction with the real-word
measured frequency responses is 78%. These results show that
even though the number of transmitted frames per stationarity



region is very small, in this case 150 frames, with our DNN
we are able to predict an accurate FER.
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Fig. 8: Validation of the DNN with the measured CTFs.

VI. CONCLUSION

We approached the problem of predicting the FER from raw
channel samples by formulating a classification problem with
appropriate FER classes. We designed a DNN with six hidden
layers that is able to achieve an accuracy of approx. 85% on
the labeled dataset. The dataset was only populated by samples
obtained by our numerical channel models parameterized by
measurements. We provided a methodology to measure the
FER of non-stationary vehicular wireless communication links
using a specific communication system with arbitrary accu-
racy. This methodology enables us to overcome the problem of
having to average numerous drive-by experiments in order to
obtain an expected FER. We used the proposed methodology
to obtain the labels (FER) for our dataset using IEEE 802.11p
compliant modems. The ability of the trained DNN to gener-
alize is shown by predicting the FER from channel samples
obtained by a real-world V2V measurement campaign. The
results indicate a good prediction accuracy of 78%.
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