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Abstract—Recently, there had been several proposals to use
deep-learning based prediction models in estimating channel
state information (CSI). However, all of these proposals were
investigated under a fixed indoor-outdoor environment. In this
paper, we propose two models to perform uplink CSI prediction
in dynamic vehicular environments. One of these models is a
tailoring of an existing state-of-the-art deep learning model,
based on a combination of convolutional and recurrent neural
networks (CNN-RNN), so as to suit the mobility factor in
vehicular environments. The other model is a proposed simpler
artificial neural network (ANN) model, again tailored to cope
with the vehicular settings. We perform a comparative sensitivity
analysis of the two models, in which we investigate the effect of
changing vehicle speed, prediction horizon, and history horizons
on the performance of both models. Interestingly, we have show
that the simpler ANN model performs much better than the
more sophisticated CNN-RNN model at broad range of vehicular
driving speeds as long as the prediction horizon is smaller than
the history horizon in the prediction process. The CNN-RNN
becomes naturally more efficient in the opposite scenarios.

I. INTRODUCTION

In recent years, mobile traffic experienced huge growth
[1]–[3], accompanied by the rise of new applications and
technologies that require extensive network resources and
strict latency and reliability constraints. For example, the latest
standard for 5G [4], introduced by 3GPP, motivates the need
for supporting autonomous vehicles (AV), which requires an
end-to-end latency lower than 10 ms with reliability reach-
ing 99.9% to support applications like coordinated driving,
automated lane change, and maneuvering [5].

Current network capabilities are yet not able to support such
strict constraints. These new challenges call for innovative
techniques to enhance the efficiency of how resources are
allocated in next 5G releases and reduce as much overhead
as possible to satisfy the latency and reliability require-
ments. One of the recently proposed techniques to reduce
the communication overhead is to replace the uplink channel
state information (CSI) reporting and/or its estimation on
the network side using dedicated signalling with prediction
techniques. Indeed, the use of CSI prediction may not only
partially or completely dispense the need for preambles, but
may also enable anticipatory resource allocation quite before
the actual uplink transmission. Though the same approach
is also useful in the downlink, the control loop for uplink
scheduling is more critical and devices need to be notified on

what they need to do for their transmission much earlier to
be given enough time make the required actions.

Several earlier works aimed to perform CSI prediction using
conventional estimation schemes. For example, the works in
[6] and [7] proposed least-square error (LS) and minimum-
mean-square error (MMSE) estimation schemes, respectively,
to predict the CSI. In [8], the authors proposed a maximum
likelihood-based channel estimation to predict CSI of macro-
cellular OFDM uplinks in a time-variant environment. In
[7], Ma et al. utilized a linear MMSE technique to estimate
the CSI of individual channels. While these methods reduce
the network overhead, they do not solve the problem com-
pletely. The 5G mobile communication is expected to use
massive MIMO and OFDM to utilize the spectrum ranging
from 3 GHz to 300 GHz [9], [10]. Using conventional CSI
estimation methods with their large scale matrix operations
incurs a formidable challenge for equipment with insufficient
computational resources. Most of these methods require com-
plex matrix operations and decomposition which make them
computationally expensive on the receiver side. This added
complexity leads to an increase in processing time, and in
turn the end-to-end latency, to an intolerable extent for time-
critical applications, such as AVs safety communications.

Yet, more hopes and opportunities to do a better job in this
domain rose with the latest advancements in machine and deep
learning techniques and their ability to perform predictions
with high accuracy and at very high speeds. Although the
training process for the deep learning systems is computa-
tionally expensive, it is not as heavy during the prediction
phase. This advantage makes these approaches promising and
attractive since it can reduce the processing delay, thus the
end-to-end latency. Consequently, CSI prediction using deep
learning techniques has lately attracted researchers’ attention.
For instance, a deep learning model, based on the con-
catenation of a convolutional and recurrent neural networks
(CNN-RNN) was proposed in [11], and showed significant
enhancement in the network capability. However, this model
was designed to predict CSI in fixed and or quasi-fixed indoor
and outdoor settings.

To the best of the authors’ knowledge, no previous pro-
posals addressed high and dynamic mobility in their deep
learning model design nor their impacts on CSI predictions.
Clearly, mobility at high and typically varying speeds, such
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as in typical vehicular environments, will have significant
impacts on CSI due to the fast variation in the the vehicle
surroundings and reflection points, and thus in-turn the signal
paths and fading effects. Additionally, the vehicle velocity
is a dominant factor in changing the Doppler spreads, thus
significantly affecting the channel quality. So, it is essential
to account for the speed when predicting CSI for dynamically
moving vehicles and study the impact of velocity on prediction
accuracy. Moreover, adding the mobility factor requires a
more careful study on the impact of the history and prediction
horizons in the prediction process, as an improper choice of
these parameters (i.e., making them too long or too short,
independently or even relatively) may lead to degradation in
performance, and may even change the performance differ-
ently for different deep learning models.

Therefore, in this paper, we aim to study and compare the
performance of two deep learning models in predicting uplink
CSI in dynamic vehicular environment. In addition, we aim
to perform all the needed sensitivity tests on the impacts of
velocity as well as the history and prediction horizons on their
performance given the aforementioned challenges. To do so,
we implemented the following set of contributions:

1) We introduce a new yet simple deep learning model
based on artificial neural networks (ANN) to predict the
CSI of 5G networks’ channels in vehicular environments.

2) We tailor the previously proposed state-of-the-art CNN-
RNN architecture for CSI prediction in [11] , so as to suit
the dynamic environment and high mobility of vehicles.

3) We perform a sensitivity analysis to to compare the per-
formances of the two aforementioned models and study
the impact of velocity and history/prediction horizons
on the prediction accuracy achieved by both of models,
independently and with respect to one another.

4) Based on the performance and sensitivity analysis and
comparisons of both models, we discuss the suitability
domain of each of these two models and how/when to
leverage the advantages of each of them.

II. DATA GENERATION

We used Quadriga toolbox [12]–[14] in Matlab to create
the dataset needed to study the effect of mobility on the
accuracy of CSI prediction. Quadriga is a simulation tool
that allows building realistic environments for communication
devices. The simulation environment is composed of different
segments for rural areas, highways and the city of Berlin.
A ”segment” is a Quadriga concept that allows simulating
different scenarios in the same experiment by dividing space
into different areas, each area has its own scenario and
parameters.

In this section. we will start in the next section by describing
the setup of the data generation scenarios in this tool box, then
provide more details on the generated dataset.

A. Data Generation Setup

In our setup, we start by fixing the receiver (representing a
cellular base station) in Segment 2 that simulates a crowded
downtown neighborhood in the city of Berlin. The transmitter,
which is a vehicle in this particular case, starts 6km away
in a rural area by establishing a communication link with
the receiver. The vehicle speeds up gradually until it reaches
segment 2, which is a highway having a speed limit of 30m/s.
It keeps this speeds halfway through segment 2 then starts to
decrease it gradually until entering segment 3 which simulate
a less crowded part of the city with speed 20m/s. Again, half
way through this segment 3 the car starts decreasing its speed
until it enters segment 4, the crowded part of Berlin, with
speed 15m/s. Finally, the whole process is repeated in reverse
with the vehicle increasing its speed gradually until it leaves
Berlin to the highway and from the highway to rural areas
then it stops.

During this journey the communication link between the
receiver and the transmitter is kept alive and a channel
coefficient matrix H is constantly logged at each time step
of 10 ms. In the Quadriga toolbox, the H matrix is 2D matrix
of dimensions N × T where N is the number of signals’
paths between the tranmitter and the receiver and T is the
number of time steps in the simulation scenario. In this form,
H could be represented as [h1, h2, ..., hT ] where each column
vector ht represent the channel state at a specific time step.
Each element in this vector ht is represents the complex
channel gain, hn,t = αn,te

jθn,t where αn,t and θn,t is the
magnitude and phase of the channel response on the n-th path
at the t-th time step. It is important to note that N , i.e., the
number of paths, is set in the simulation as the maximum
possible number of paths throughout the trajectory, and that
all time steps having less paths between the transmitter and
the receiver are padded with zeros for the non-existing paths.

B. The Dataset

The H matrix, described above, represents the channel
parameters that we use in this study. To generate the dataset,
we run two different sets of simulation scenarios. The first set
included multiple runs for the vehicle with variable speeds,
while the second set featured multiple runs each imposing a
given fixed speed for the vehicle. For the variable speed cases,
we use the defined trajectory explained above. For the constant
speed cases, we used the same trajectory but have overridden
the speed to maintain at a constant value for the entire
trajectory. We reiterate this process with different values of
the fixed speed in each run, ranging from 40km/h to 200km/h.
Though the upper speed value seems a quite high according to
the North American standards, it is enabled by the simulator
as these speed limits are allowed in some countries around the
world, and mainly Germany, which is where the simulation
trajectory is mimicking (i.e. the simulator features a trajectory
in Berlin, Germany). For instance, Autobahn, is a highway



road that connects several German cities including Berlin and
that allows such speed limits.

To test the sensitivity of the CSI prediction engine to
different history and prediction horizons, we create a pair of
sub-matrices Hp,t and Hf,t for every time step t, ∀ t ∈
{1, . . . , T}, which we will refer to as the historical and future
sub-matrices at time step t. The historical sub-matrix Hp,t at
time step t consists of the column vectors [ht−Wx , . . . , ht−1],
whereas the corresponding future sub-matrix Hf,t consists
of the column vectors [ht+1, . . . , ht+Wy

]. Wx and Wy are
thus hyper parameters to control the length of the history and
prediction horizons, respectively. Throughout our work, we
have thus experimented with different combinations of Wx

and Wy , to examine their impact on the prediction error.
For training, we employed 80% of the CSI matrices, and

their corresponding history and future sub-matrices from
the runs featuring variable speeds, as those mimic the real
behavior of vehicles. As for validation and testing, we used
the other 20% of the variable speed matrices and their sub-
matrices. We also used the matrices generated in the different
fixed-speed runs in the validation tests only, so as to explore
the sensitivity of the prediction accuracy for each independent
speed, when predicted with the trained model.

III. PROPOSED ARCHITECTURES

In this paper we focus on two deep learning architectures
to predict CSI, The first architecture is a new yet simple
architecture built mainly on a fully connected artificial neural
network (ANN), while the second architecture is based on the
CNN-RNN model of [11] after tailoring it to allow predicting
CSI in several future time steps, thus becoming suitable for
dynamic vehicular environment.

Each of these architectures takes as input a historical sub-
matrix Hp,t, whose dimensions are N ×Wx, and must output
the corresponding future matrix Hf,t, whose dimensions are
N × Wy . Recall that N is the number of paths while Wx

and Wy are windows for previous and future time steps, thus
defining the history and prediction horizons, respectively.

In both architectures, the initial weights are set as random
values between [-1, 1]. These weights are then updated
throughout the training process using the adam optimizer
[15]. The employed loss function in the training is the mean
square error (MSE) metric, defined as:

MSE =
T∑
t=1

1

2
(yf,t − ŷf,t)2 (1)

where yf,t and ŷf,t are the actual and estimated future
CSI vectors, defined as the vectored forms of the actual
and predicted future sub-matrix Hf,t and Ĥf,t, respectively;
i.e., the vectors including the concatenation of the real and
imaginary values of the column vectors of Hf,t and Ĥf,t.
Note that these two vectors are of dimensions 2nWy

Fig. 1: Architecture I

A. ANN Model

The proposed ANN model consists of three parts; a flatten
layer, two trainable dense layers, and finally a reshape layer,
as illustrated in Fig 1. The flatten layer is used to convert
the input Hp,t into a one dimensional yp,t vector in a similar
manner to the one we used to vectorize of Hf,t into yf,t
described above. We will thus refer to yp,t, whose length is
2nWx, as the history CSI vector. Clearly, this vector can be
seen as the state vector that contains the CSI features from
the time steps before t.

The flatten layer is then followed by two fully connected
dense layers. The first dense layer is responsible for pre-
diction. We assume that there exist a real function F that
generates the predicted future CSI vector ŷf,t based on the
history CSI vector ŷp,t. Hence, The first dense layer is
trained to find an estimated function f where f is defined as
f(yp,t) = ŷf,t. We experimented with different settings for the
first layer and the best empirical results were observed when
using 26 units with relu as activation function. The second
dense layer is responsible for scaling and preparing the output
of the previous layer for reshaping. It consists of 2nWy units
to convert the output back into the complex matrix shape of
dimensions n×Wy .

It is important to notice that channel coefficients are typi-
cally small in value. Hardware limitations lead for these values
to be approximated to zero, causing a flat surface problem
during the training process. To solve this problem during the
training phase, we normalize both the input state vector yp,t
and the output ŷf,t using mini-max feature scaling. Mini-max
feature scaling This can be defined by:

ys =
y −min(y)

max(y)−min(y)
(2)

Later at the prediction phase, we add a layer for scaling
purposes to perform the inverse of this normalization problem,
hence the predicted values are scaled back to its normal
ranges.

B. CNN-RNN Model

As discussed, we tailored the CNN-RNN model, originally
proposed in [11], to allow CSI prediction in a dynamic
environment. The original model was composed of one 2D



Fig. 2: Architecture II

convluotional layer with kernel size 3 × 3 and max pooling.
Secondly, 1D convluotional layer with kernel size 3 × 1.
Finally, LSTM network followed by a dense layer. In this
section, we start with a summary of modifications applied then
we go through a more detailed explanation for the modified
model. The main modifications can be summarized as follows.
First, we replaced the last dense layer with increasing the
number of LSTM units. The goal of this modification is to
allow training each LSTM unit on predicting the whole CSI
vector in a specific time step then use this prediction to predict
CSI in the following time step. Secondly, we completely
remove previously existed 1D CNN layer. Thirdly, we increase
the kernel size of the 2D convluotional layer from 3 × 3 to
7 × 7 and change its pooling from max pooling to average
pooling. The second and the third modifications were proven
empirically to enhance performance in dynamic environments.
The modified CNN-RNN architecture is shown in Fig. 2

The prediction process in the modified model is the follow-
ing: each column hf,t and hf,t of the matrices Hp,t and Hf,t

represents a channel state vector at a specific time step. These
columns correlate with each other and follow a sequence that
depends on both space and time. The intuition behind this
architecture is to leverage this correlation to train a neural
network on the function F where F is a generator function
that takes hf,t−1 and St as inputs and outputs hf,t where
St is state vector that represent key features of previous CSI
image Hp,t. However, we need to predict several hf,t columns
in the futures, one for each time step. To do so, We repeat
the prediction process Wy times predicting one column per
repetition. After each successful hf,t, this column is stacked.
The end result of this process is the matrix Hf,t with the
shape N ×Wy .

Two critical questions are raised in this process, first, how
to find St and how to use it to predict hf,t. In the following
two subsection we discuss this in more details.

1) Acquiring state vector St: To acquire the state vector
St we start by feeding previous CSI matrix Hp,t to a CNN
layer with only one filter of size 7× 7. The CNN perform a
convolution that could be mathematically expressed as:

St = Hp,t ∗ f

where f is the convolution filter with the shape (7,7). The
result is a state matrix that is fed to an average pooling layer
to convert this it into the vector St.

2) predicting ht: Recent advances in deep learning report
that recurrent neural networks (RNN) are best suited to learn
sequences [16], [17]. We input the state vector St to predict
the next h then repeat the process stacking the results as
explained above. The update of each RNN unit can be briefly
summarized as:

hf,t = RNN(hf,t−1, St, θ)

Where θ is the RNN parameters. There are two main types
of RNNs, LSTM and GRU . We experimented with both
and LSTM empirically proved to perform better with long
sequences. The LSTM network consists of several units, each
of which has an input gate, a forget gate, an output gate, and
a memory cell. The mathematical description of the LSTM
structure is as follows:

it = σ(Uixxt + Uihht−1 + Uicct−1 + bi)
ft = σ(Ufxxt + Ufhht−1 + Ufcct−1 + bf )
ct = ft � ct−1 + it � φ(Wcxxt + Uchht−1 + bc)
ht = σ(Uoxxt + Uohht−1 + Uocct + bo)
vt = ot � φ(ct)

where it, ft, ht, ct, and vt are input gate, forget gate, output
gate, memory cell, and hidden vector respectively, Uix, Uih
Uic, Ufx, Ufh, Ufc,Wox, Uoh, Uoc ∈ R2d are weighted matri-
ces, bi, bf , bc, bo ∈ Rd, learned during training process, are
biases of LSTM, σ is the sigmoid function, � stands for
element-wise multiplication.

IV. SENSITIVITY ANALYSIS

Both architectures are tested two major experiments. The
first experiment studies the mobility effect on the prediction
accuracy, whereas the second investigates the effect of history
and prediction horizons Wx and Wy .

To assess the performance our models in both experiments
we used the average difference ratio (ADR) over all the
outputs (of size T ) as the performance metric. ADR is defined
as:

ADR =
1

T

T∑
t=1

|ŷf,t − yf,t|
yf,t

(3)

A. Sensitivity to Speed

In the first experiment, we start by fixing the history
prediction horizons and test both models against validation
data generated from a vehicle moving at each of the fixed
speeds we generated data for. We finally take the average of
the ADR as a metric of performance for these horizons. We
then repeat the above for several horizons just for comparing
the impact of horizon selection on the senstivity to speed
change.

The results of this experiments are depicted in Fig 3,
showing the ADR error results against speed for history



Fig. 3: ADR error vs speed with fixed Wy = 10. Left:
Wx = 10. Right: Wx = 20

Fig. 4: ADR error vs speed with fixed Wy = 20. Left:
Wx = 10. Right: Wx = 20

horizons Wx = 10 and Wx = 20, and a prediction horizon
Wy = 10. Fig 4 shows the results for the exact same settings
but only for a higher prediction horizon Wy = 20.

We can see from both figures that the ADR error perfor-
mance of both models are highly affected by vehicle speed.
In Fig 3 We can observe that the ANN model starts off with
considerably low ADR error at low speeds (around 0.3% at
40km/h for both settings) but then the error exponentially
increases when the vehicle’s speed increases, reaching 10%
when Wx = 10 and 5% when Wx = 20 at 150km/h. This
drastic ADR increase with higher Wy for the ANN model is
attributed to its failure to capture long-term dependencies.

The CNN-RNN model follows the same trend but with an
almost linear increase of the ADR error as the speed increases,
as opposed to the exponential increase trend of the ANN
model. Though they start at a higher ADR than ANN (e.g.,
1% at 40 km/h), then end up at with a lower ADR at 150
km/h (6.5% and 4.8% for Wx = 10 and 20, respectively).
This result is interpreted by the ability of the LSTM memory
cells to better capture the long-term dependencies, compared
to the ANN model, between columns of Hp,t and Hf,t.

Note that these observed trends of increasing ADR with
speed is preserved under all settings of history and prediction
horizons. Yet we can see across all four sub-figures that the
absolute values of the ADR errors for both models increase
as Wx decrease and as Wy increase, which matches the
expectations.

Fig. 5: Average ADRs for ANN Architecture

Fig. 6: Average ADRs for CNN-RNN Architecture

B. Sensitivity to History and Prediction Horizon

In the second experiment, we test both models against
validation data generated from a vehicle moving with 80 km/h
and change the chosen history and prediction horizons. As in
the last section, we take the average ADR as a metric of
performance for this specific speed.

Fig 5 show the sensitivity performance of the ANN model
for different combinations of history and prediction hori-
zons. These results showed that the performance of ANN
architecture is not highly affected by the history horizon
Wx, but its performance degrades drastically with increasing
prediction horizon Wy . We can also observe a huge variance
in performance under different settings. With high history
horizon, and small prediction horizons, e.g. Wx = 20 and
Wy = 1, this model can score ADR as low as 0.7% but with
smaller history horizon and larger prediction horizons, e.g.
Wx = 1 and Wy = 20, the ADR increases to 17.5%.

Fig 5 depicts the performance of the CNN-RNN model
for the same combinations of horizons and speed. Unlike the
ANN mode, these results show that the CNN-RNN model is
affected when both the history and prediction horizons are
changed.

V. RESULTS DISCUSSION

A. Comparison of the Two Models

We now compare the performances of the ANN and CNN-
RNN models to each other, from our extensive simulations for
different values of speed, history horizon, prediction horizons.
According to our analysis from all the above figures, both
models exhibit superiority in different settings. In general, we
can observe in Fig. 3 that, for smaller prediction horizons, the
ANN model performs better than the CNN-RNN models for
most conventional driving speed (i.e., from 40 to 120 km/h).



This superior performance becomes even more visible when
the history horizon becomes larger.

On the other hand, for larger prediction horizons, such as
the cases depicted in Fig. 4, the ANN model cannot compete
with the CNN-RNN model even for the lowest speeds.

The network providers must select the suitable scheme
based on the employed prediction horizon. Based on these
results, it is adviced to the ANN model when vehicles moving
with relatively low and even up to 120 km/h, as long as as
a prediction horizon of up to 100 ms (10 x step duration
of 10 ms) is suitable for the application (e.g., for fast-paced
transmissions such as safety messages). On the contrary, the
CNN-RNN based model is advised with very speeds (such
as the Autobahn highway) or if a high prediction horizons
is needed (e.g. for long-term planned transmissions such as
maneuver coordination).

B. Comparison with [11]’s Model

As noted, the CNN-RNN CSI prediction model provided
in [11] is not designed for high mobility environments due
to its focus on more quasi-fixed environments. Even when
testing their CNN-RNN model in these more controlled and
less dynamic environments, an average ADR score of 3.015%
was reported. With our added features to account for mobility,
our CNN-RNN model still outperforms state-of-the-art, even
when tested in harsher and more dynamic environments.
Indeed, our CNN-RNN model scores average ADR of 2.165%
across all settings of Wx and Wy for a moving vehicle
with a speed of 80 km/h. We believe this improvement is
rooted in the modifications we applied to CNN layers, and to
better fine tuning of parameters during the training process.
Moreover, we prove that, although the average ADR for
ANN architecture is higher compared to CNN-RNN, ANN
outperforms CNN-RNN when the prediction horizon is small,
making it even more suitable for the more stable environments
in [11], as long as the application requires fast shorter-term
predictions.

VI. CONCLUSION

In this paper, we investigates the capabilities and sensi-
tivities of two deep-learning models, namely an ANN and
CNN-RNN model, in performing uplink CSI prediction for 5G
mobile communication channels in vehicular environments.
The latter model is a tailored version of a state-of-the-art
CNN-RNN model to cope with vehicular settings. We per-
formed a sensitivity analysis and comparative study of the two
models for various simulated scenarios and settings, including
a wide range of vehicle speeds, and different history and
prediction horizons. Our extensive analysis showed that each
model has superiority under specific circumstances, and thus
each model should be applied according to the surrounding
environment and the targeted application. The ANN-based
model can achieve high accuracy with low computational cost
at city and even North-American highway speeds, as long the

prediction horizon is below 100 ms. On the other hand, the
tailored CNN-RNN model should be used at very high speeds,
or for longer prediction horizons.

Future extensions for this work will perform a compre-
hensive study on the use of each of these two models
on specific autonomous vehicle applications, based on their
communication requirements and how these applications are
affected by uplink CSI prediction. In addition, we will in-
vestigate the applicability of building a hybrid model that
automatically switch between the two architectures according
to the surrounding situation and required application.
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