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Abstract:

Accurately predicting wireless channel quality is crucial for enabling mobile network
operators to carry out proactive network operations. In this article, we address the challenge of
predicting channel quality across various wireless links. Building on our previous work, we
introduce two new models: a Convolutional Neural Network (CNN) and a hybrid CNN-LSTM,
which combines CNN with a Long Short-Term Memory (LSTM) architecture. These models are
designed to predict the Channel Quality Indicator (CQI) in 4G LTE/5G networks incorporating
small cell base station architectures. We evaluate their performance using a dataset collected
from Orange Senegal’s commercial 4G LTE/5G network. Our results demonstrate that the
CNN, LSTM, and CNN-LSTM models adapt effectively to real-world conditions and achieve
high prediction accuracy. Among them, the CNN-LSTM model delivers the best performance
(RMSE = 0.25), followed by the LSTM model (RMSE = 0.281), and the CNN model (RMSE
= 0.308).
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1. Introduction

Fourth-generation (4G) and fifth-

generation (5G) cellular networks currently

enables proactive optimization of wireless

communication systems. Predicting the

represent the dominant mobile technologies
worldwide. Analyzing network behavior
can help predict traffic patterns and
improve  network  performance  [1].

Accurately anticipating channel conditions
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state of a radio channel in a mobile network
relies on historical channel information to
forecast its future condition. In our study,
prediction involves multiple wireless

channels across LTE (Long-Term Evolution)
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cells operating on different frequency bands
(i.e., 1800 MHz and 2100 MHz). The
Channel Quality Indicator (CQI) serves as
the key performance indicator used to as-
sess channel conditions, supporting adap-
tive modulation and coding. It is a key
parameter that helps improve throughput
and transmission efficiency based on signal
quality. Reported CQI values range from
0 to 15, with higher values reflecting bet-
ter channel conditions and the potential for
higher transmission rates [2]. In our pre-
vious work [3], we investigated the rela-
tionship between CQI and perceived down-
link throughput. We demonstrated that
CQI is the variable with the greatest in-
fluence on the throughput experienced by
users in a 4G LTE/5G network and that it
predicts this throughput with significantly
higher accuracy. In our work [4], we used
deep neural networks (DNNs) and LSTM
to predict channel quality in a small-cell 4G
LTE/5G mobile network.

Several research studies have proposed
different radio channel estimation strate-
gies. The authors of [5] propose a
deep learning-based channel estimation and
tracking algorithm for vehicular millime-
ter wave communications. In [6], the
authors develop a deep learning (DL)-
based method for estimating channel re-
sponses in vehicle-to-vehicle and vehicle-to-
infrastructure (V2I) communications. The
authors of [7] propose a real-time radio
channel prediction algorithm based on a
convolutional neural network (CNN). In [8],
the authors use a mixed CNN-LSTM model
to predict LTE and 5G channel profiles.
Further details on channel estimation can
be found in [9-12].

In this article, we propose a CNN and
a hybrid CNN-LSTM model for CQI esti-
mation. The mobile dataset used for the
experimental part of this study was col-
lected from the 4G LTE/5G radio access
network of Orange Senegal. The measure-
ment campaigns span a period of over three
months. Specifically, we identify several
features that affect the CQI of a radio link,
and each data sample consists of informa-
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tion related to these features and the cor-
responding CQI. In our study, it is im-
portant to clarify how CQI values, which
range from 0 to 15, are utilized by our
deep learning models. CQI is inherently
a discrete variable encoded on 4 bits ac-
cording to the 3GPP standard, represent-
ing a qualitative measure of channel con-
ditions and serving as the basis for MCS
(Modulation and Coding Scheme) adapta-
tion. We adopt a regression-based approach
in which CQI is treated as an ordinal con-
tinuous variable within the range [0, 15],
and our CNN and CNN-LSTM models are
trained to predict a numerical value. In our
experimental framework, the models are de-
signed to predict CQI as a normalized nu-
merical value in the interval [0, 1], which
is then mapped back to the discrete scale
[0, 15] for final evaluation. This hybrid ap-
proach (regression + discretization) enables
us to leverage the continuous RMSE (Root
Mean Square Error) metric to assess predic-
tion accuracy while preserving the ordinal
nature of CQI for operational interpretation
within the network.

The rest of this article is structured as
follows: Section 2 gives the problem state-
ment and background. The hardware, deep
learning models, and method are detailed
in Section 3. We then present the results
and discussion in Section 4, and conclude
the paper in Section 5.

2. Problem Statement and Back-
ground

In this paper, we propose a deep learn-
ing (DL) approach to predict the quality
of wireless channels in 4G LTE/5G small
cell networks. We focus on a reference sce-
nario involving six small cell base stations
(SBSs). Two SBSs are deployed at each
of three different sites with distinct sec-
tors. The network comprises multiple LTE
cells operating on two frequency bands (i.e.,
1800 MHz and 2100 MHz).

SBSs are cellular systems deployed in
an area covered by an MBS (Macro Base
Station) to improve spectrum efficiency.
SBSs operate on the same frequency band
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as MBSs but are used in areas where MBS
coverage is weak. By connecting more users
to SBSs, operators can increase the utiliza-
tion of the frequency band in a given area.
The design of SBS integration into MBSs
remains a key consideration in 5G and be-
yond, as defined by the 3GPP (Third Gen-
eration Partnership Project) standard [13].

SBS architecture is particularly rele-
vant in the context of CQI prediction, as it
introduces greater channel variability than
MBSs. Due to their limited coverage ra-
dius, SBSs are deployed in urban environ-
ments with high user density, where prop-
agation conditions are strongly influenced
by obstacles, multiple reflections, and mul-
tipath phenomena. In addition, user load
fluctuates greatly in these environments,
leading to rapid variations in radio resource
allocation. Unlike MBSs, where propaga-
tion conditions are more stable and homo-

T
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geneous, SBSs therefore pose more com-
plex predictive challenges but offer an ideal
setting for testing the effectiveness of deep
learning models capable of capturing these
subtle dynamics. Finally, frequency reuse
between SBSs and MBSs can generate ad-
ditional local interference, further compli-
cating prediction. Thus, while SBSs are an
ideal testing ground for developing and test-
ing advanced predictive models, they also
pose more demanding methodological chal-
lenges related to the intrinsic complexity
and variability of the channel.

Our goal is to predict the downlink
wireless channel CQI (Channel Quality In-
dicator) at a given frequency, using data
collected from the access network of Orange
Senegal, which comprises six SBSs. Fig. 1
illustrates the SBS deployment scenario at
the Massalikoul Djinane complex.

MBS SBS

Fig. 1. The deployment scenario of SBSs around the Massalikoul Djinane complex.
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3. Materials, Deep Learning
Models, and Methods

3.1. Materials

In this article, a framework for pre-
dicting channel quality in 4G LTE/5G net-
works using DL models is structured into
three main steps: (i) data collection, (ii)
data preprocessing, and (iii) training, test-
ing, and evaluating DL models. The multi-
step framework is illustrated in Fig. 2. The
proposed approach requires effective data
collection for both training and validation
purposes. Next, the data undergoes cluster-
ing and feature selection based on feature
correlation. Finally, DL models are applied
to predict the CQI, and the results are com-
pared with real-world data for validation, in
order to identify the optimal DL model.

3.1.1. 4G LTE/5G Data Collection

The dataset was collected from Orange
Senegal’s commercial 4G LTE/5G radio ac-
cess network. Data collection involved six
SBSs and took place in an urban envi-
ronment within the Grand Dakar district,
specifically around the Massalikoul Djinane
complex, located in the south-central part
of the Senegalese capital. The data spans
a period of over three months, from Au-
gust 3, 2020, to November 10, 2020. All
data was gathered under consistent weather
conditions. Fig. 3 illustrates the data col-
lection process. For simplicity in the data
collection diagram, we employed three MBS
and three SBS.

The characteristics of the antenna used
for data collection are detailed in Table 1.

3.1.2. Dataset

Real-world data composed of Key Per-
formance Indicators (KPIs) is used for CQI
prediction by applying selected DL models.
These indicators enable mobile network op-
erators to monitor and optimize the perfor-
mance of their networks where necessary.
This dataset is crucial for analyzing and
optimizing mobile network performance,
ultimately contributing to an improved
user experience. Figure 4 illustrating the
correlation between different KPIs in our
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dataset highlights the relevance of the 12
selected KPIs for CQI prediction. We first
observe a strong interdependence between
traffic-related KPIs (DL_ Traffic, Traf-
fic. UL, Total Traffic) and radio resource
occupancy indicators (DL_PRB_ Rate,
UL_PRB_Rate). This logically reflects
the impact of network load on spectral
availability, and consequently, on channel
quality. The number of connected users
(Active user Max, RRC_user Max)
shows a moderate correlation with CQI,
indicating the influence of user density on
resource sharing. Conversely, KPIs such
as CDR and Radio DL_Delay avg dis-
play, respectively, a weak positive and a
negative correlation with CQI, confirm-
ing that degraded radio conditions re-
sult in lower perceived quality. Mean-
while, user throughput KPIs (Through-
put_ UL _ user, Throughput_ DL _ user,
DL_ perceived throughput) exhibit no-
table positive correlations with CQI, under-
lining the direct relationship between radio
quality and effective transmission capacity.
Taken together, these observations justify
the selection of our 12 features, as they
complementarily capture network load, re-
source utilization, radio quality, and user
experience, thus providing a solid founda-
tion for CQI modeling and prediction in
4G LTE/5G cellular networks. The defini-
tion of each feature or KPI is provided as
follows:

o« DL_ Traffic (GB): This refers to
the average daily downlink data traf-
fic per cell for all users.

o UL_ Traffic (GB): This refers to
the average daily uplink data traffic
per cell for all users.

o Total Traffic (GB): This repre-
sents the total amount of data traffic
(uplink + downlink).

e Active user Max: This indicates
the maximum number of active users.

« RRC__user_Max: This represents
the maximum number of RRC (Radio
Resource Control) connected users.
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Throughput_ UL_ user (Kbit/s):

This indicates the uplink throughput

per user.

Throughput_ DL__user (Kbit/s):

This indicates the downlink through-

put per user.

DL _PRB_Rate: This denotes the

rate of physical resource block (PRB)

used in the downlink.

UL _ PRB_Rate: This denotes the

rate of physical resource block (PRB)

used in the uplink.

CDR (Call Drop Rate): This in-

e Step 1: 4G LTE/SG data collection

/ . Step 2: Data pre-processing

Dataset

Feature selection

Pearson correlation S

-- e
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dicates the call drop rate.

o CQI: Represents the channel quality
indicator.

e Radio_ DL_ Delay_ avg: This in-
dicates the average downlink delay
over the 4G LTE radio access net-
work.

« DL_ perceived_ throughput
(Mbps): This refers to the perceived
downlink throughput.

A sample of the raw data collected from the
4G LTE/5G network is shown in Table Al
in Appendix.

l

/"-.-Step 3: Training, testing and evaluating the DL mn&;ﬂ .

P
|

p L | 4GLTESG data |
! ( AG LTE/SG ) 4G LTE/SG test \|
tu.inlng data data
'Ihlnmg aDL “ DLModel

model Predictions

_ \_ J
Model validation |
L |~ ~,
Evaluation of |
the DL model —_—
Optimal DL
s
'\\7 S ) J

e,

Fig. 2. Multi-step framework for channel quality indicator prediction.

Table 1

Characteristics of the antenna used for data collection.

Parameters

Specifications

Frequency band

Radio access technology
Power

Size

Weight

Current source

1800 MHz, 2100 MHz

LTE, UMTS, GSM
2 x 60 W

750 mm x 165 mm

17 kg
DC/AC/DC 240 V
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Fig. 3. The diagram illustrating data collection.
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Fig. 4. Correlation between dataset characteristics.

3.1.3.  Data Preprocessing tion stage, we obtain raw data that cannot
be directly used by deep learning models.

Artificial neural networks may not per- This raw data often contains different mea-
form correctly without proper preprocess- surement units, missing values, and out-
ing of input data. After the data collec- liers. Therefore, we applied preprocessing
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techniques to the raw data to reduce chal-
lenges and ensure both accuracy and effi-
ciency during the prediction phase.

Data preprocessing involves: (i) han-
dling missing values, (ii) feature scaling,
(iii) reducing redundancy through dimen-
sionality reduction, and (iv) removing out-
liers.

Handling missing values is a crucial
step in training neural networks. This stage
helps prevent the model from making er-
rors in its predictions. In this study, we
identified these missing values. Thus, af-
ter identifying all the missing values in each
column, we replaced each missing numeric
value with the mean of its respective col-
umn.

Scaling features to the same range
generally enables the deep learning model
to better identify distinct patterns in the
dataset. Ome reason this is important is
that features are multiplied by the model’s
weights; thus, the scale of both outputs and
gradients is influenced by the scale of the in-
puts. The data collected for this study in-
cludes variables measured in different units.
Therefore, we applied scaling to bring all
variables onto the same scale. We used the
appropriate min-max scaling technique to
transform the dataset into the [0, 1] range.
The formula we used for data scaling is
given in [14] and is expressed as follows:

L T mm(':c) (1)
max(z) — min(z)

Where z = (x1,...,%,) represents the
original data, z; is the i-th data point after
scaling, and min(x) and max(z) are respec-
tively the smallest value (score of 0) and
the largest value (score of 1) of the original
data.

However, selecting all available vari-
ables in a dataset is not always the best
option, as it may lead to poor predictions.
Feature selection is a critical part of the
preprocessing phase in data compression,
which involves dividing the dataset into
more meaningful and manageable groups.
Choosing the right features is essential for
identifying relevant and useful information
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for the DL training phase, while filtering
out irrelevant data points. Various fea-
ture selection methods are used, and in
this work, Pearson correlation was applied
to test the dependency between parameters
within the dataset. Correlation coefficients
range from -1 to +1: values close to +1 in-
dicate a strong positive linear correlation,
values near zero suggest a weak correlation,
and values close to -1 indicate a strong neg-
ative correlation [15]. The Pearson correla-
tion coefficient is calculated as follows:

Y (@i —2)(yi — y)
\/Zz (i = 2)2 0 (Y — v)?

Where z; are the values of variable x
in a sample, z is the mean of the values of
variable x, y; are the values of variable y in
a sample, and y is the mean of the values
of variable y.

Outliers are data points that are either
insignificant or markedly different from the
rest of the dataset. We applied the sta-
tistical Interquartile Range (IQR) method,
where values falling outside the interval [Q1
- 1L.5xIQR, Q3 + 1.5xIQR] are classified
as outliers [16]. Handling outliers is crucial
in prediction tasks, since a deep learning
model that attempts to fit them may suffer
degraded performance on other, more rele-
vant data points. Therefore, in this study,
we addressed outliers using an imputation
approach, where each outlier was replaced
with the mean of its neighborhood [17]. Fig.
5 shows the distribution of features in our
dataset after normalization.

(2)

p=

3.2. Deep Learning Models

DL wuses multiple layer architectures
to extract features at different levels of
abstraction from raw data. The clas-
sic supervised learning approach needs
features and labels. For this pur-
pose, DL_ Traffic (GB), Traffic_UL (GB),
Total Traffic (GB), Active user Max,
RRC_user Max, Throughput UL user
(Kbps), Throughput DL_user (Kbps),
DL PRB_ Rate, UL PRB_ Rate, CDR,
Radio DL _Delay avg, DL_perceived
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throughput (Mbps) are used as features
and inputs of our two models. CQI is the
label for LSTM, CNN and hybrid CNN-
LSTM models. The architecture of each
model is explained below.

LSTM Model Architecture: Our net-
work architecture for the simulation fea-
tures densely connected sequential layers
with ReLLU activation functions as neurons.
The architecture is composed of an input
layer, 3 hidden layers, and an output layer.
Our LSTM is designed such that the infor-
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mation goes through a loop, which allows
it to consider the current input and also
what it has learned from the inputs it has
received previously when making a deci-
sion. The root mean square error between
the predicted CQI and the measured CQI
was minimized during the training process
with the Adam optimizer. In sequence pre-
diction problems, it is able to learn order
dependence [18]. The LSTM architecture
is shown in Fig. 6.
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Fig. 5. Feature distribution after normalization.
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Fig. 6. Proposed LSTM architecture for CQI prediction.
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Difference between DNN and LSTM
Models: In a deep mneural network
(DNN), information flows in only one di-
rection: from the input layer, through the
hidden layers, to the output layer. In con-
trast, in an LSTM, information loops back
on itself. When making a decision, it con-
siders both the current input and what it
has learned from previous inputs. A DNN
has no memory of past inputs and is there-
fore poor at predicting what comes next. It
retains nothing from the past except what
it learned during training. LSTM, on the
other hand, can remember their inputs over
long periods of time. This is because the
LSTM keeps its information in memory,
which is very similar to computer mem-
ory because the LSTM can read, write, and
delete information from its memory. Deep
learning has the ability to learn features at
multiple levels of abstraction for a dataset.
It allows a system to learn complex features
and match input to output directly from the
data [19]. The deep learning architecture
is flexible to be adapted to new problems
in the future [20], such as the case of CQI
prediction in this paper. Figure 7 below il-
lustrates the difference in information flow
between an LSTM and a DNN.

CNN Architecture: The architecture of
our CNN model is a combination of several
identical CNNs. We have placed MaxPool-
inglD layers after each convolutional layer.
The main objective of the MaxPooling1D
layer is to reduce the size of the feature
maps, which speeds up computation as the
number of training parameters is reduced.
All the 2-dimensional arrays resulting from
the feature aggregation are converted into
a single linear vector by the Flatten layer.
Dense layers are used for final prediction.
This is because dense layers are able to cap-
ture complex patterns in the data and learn
the relationships between different parts of
the input. We use ReLLU as the activation
function. The CNN architecture is shown
in Fig. 8.
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CNN-LSTM Architecture: The hy-
brid CNN-LSTM model leverages the com-
plementary strengths of convolutional and
recurrent networks for CQI prediction in
4G LTE/5G systems. First, the ConvlD
layers combined with MaxPooling act as
local feature extractors by automatically
identifying salient patterns within the time
sequences of radio KPIs (inputs). This
step reduces data complexity while bet-
ter capturing rapid channel variations, par-
ticularly those caused by fading and in-
terference. The extracted representations
are then passed to the LSTM layer, whose
memory units can model long-term tem-
poral dependencies and the evolving dy-
namics of the radio channel. This capa-
bility is critical in 4G LTE/5G environ-
ments, where user mobility, multipath vari-
ability, and network load significantly af-
fect link quality. The sequential output of
the LSTM is flattened and forwarded to
a fully connected layer. Finally, the fully
connected layers exploit these enriched se-
quential representations to accurately pre-
dict CQI, thereby enabling more effective
adaptation of the modulation and coding
scheme (MCS) and contributing to the op-
timization of radio resource allocation. The
CNN-LSTM architecture is shown in Fig.
9.

We defined the CNN and CNN-LSTM
architectures using optimal hyperparame-
ters. To avoid redundancy when describ-
ing architectures with 4, 5, or 6 layers, we
chose to present only a single representa-
tive architecture for each model. Conse-
quently, instead of detailing six distinct ar-
chitectures across both models (CNN and
CNN-LSTM), we presented two represen-
tative ones for clarity and conciseness.

The choice of hyperparameters was
driven by the need to ensure both stabil-
ity and generalization of our models. The
Adam optimizer with a learning rate of
0.0005 was selected for its fast and robust
convergence on our mobile data.
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Fig. 7. Difference between LSTM and DNN architectures.
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Fig. 8. Proposed CNN architecture for CQI prediction.
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Fig. 9. Proposed CNN-LSTM architecture for CQI prediction.

The Mean Squared Error (MSE) loss
function was chosen given the nature of the
task, which consists of continuous CQI re-
gression. The batch size was set to 32, pro-
viding a balance between gradient stabil-
ity and GPU memory constraints. Training
was limited to 100 epochs to guarantee opti-
mal convergence of each model. The Recti-
fied Linear Unit (ReLU) activation function
was adopted in the architecture of all our
models due to its favorable properties for
deep learning. It enables the models to cap-

ture complex nonlinear relationships while
ensuring efficient and stable training. The
number of layers determines the hierarchi-
cal depth of the model’s learning. This al-
lows the model to progress from detecting
simple features to more complex abstract
representations. This is essential for accu-
rate CQI prediction in spatiotemporal en-
vironments such as 4G LTE/5G networks.

Simulation hyperparameters for CNN,
LSTM, and CNN-LSTM architectures are
collected in Table 2.
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Table 2

Training Hyperparameters.
Hyperparameters CNN LSTM CNN-LSTM
Batch Size 32 32 32
Number of epochs 100 100 100
Number of layers 4,5, 6 4,5, 6 4,5, 6
Activation function ReLU ReLLU ReLU
Optimizer Adam Adam Adam
Loss Mean squared error Mean squared error Mean squared error
Learning rate 0.0005 0.0005 0.0005

3.3. Predictive Methodology

In this part, we seek to predict the CQI,
which represents our target variable. Thus,
all the other variables represent the inde-
pendent ones. To perform the prediction,
we use DL models such as LSTM, CNN,
and CNN-LSTM.

After preprocessing the data, we divide
the dataset into two subsets. Accordingly,
90% of the data are allocated to the train-
ing set, while the remaining 10% are re-
served for the test or validation set. Our
CNN model, and particularly the hybrid
CNN_LSTM architecture, involve a large
number of parameters. The CNN learns
spatio-temporal patterns constructed from
KPI windows, while the CNN LSTM ex-
tends this by incorporating recurrent cells
to explicitly capture long-term temporal de-
pendencies. These characteristics explain
why allocating 90% of the observations to

training is beneficial: it supports robust es-
timation of the many parameters, enables
the discovery of rare patterns, and helps
reduce the risk of overfitting. Moreover,
our dataset is a time series characterized
by autocorrelation and seasonality. Conse-
quently, the split is chronological: we used
the earliest 90% of the data for training,
applying internal chronological validation
(walk-forward cross-validation). The re-
maining 10% of the data were reserved for
model validation. This approach prevents
temporal information leakage and mirrors
the operational setting, where the goal is to
forecast the future based on the past. Fig.
10 visualizes all training and test data. We
use variables from the training set as input
for the models. Finally, we use the model
trained with variables from the test set to
predict the CQI, i.e., the CQI in the test
set.

Training and Testing data

— Train set (90 %)
——  Test set (10 %)

0 100 200

300 400 500 600
Index

Fig. 10. Distribution of training and testing datasets.
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4. Numerical Results and Discus-
sion

In this section, we discuss the per-
formance of CQI predictions with LSTM,
CNN, and CNN-LSTM models. To demon-
strate the performance of our different mod-
els, we compare the prediction results dur-
ing the training and testing processes with
the ground truth (i.e., the measured CQI).
The prediction accuracy is measured by the
root mean squared error (RMSE) between
real and predicted values in the test set
(with size Tiess = V) defined by Equation
3:

1 Y )
RMSE:JN;(AZ-—H) (3)

Where A; is the i-th value of CQI in the
test set, P; is the i-th corresponding pre-
dicted value of CQI, and N is the number
of CQI observations in the test set. RMSE
is preferable to MAE when outlier behav-
ior is large as is the case in our study.
Moreover, the RMSE metric is more suit-
able than the MAE, since RMSE penal-
izes large prediction errors more heavily. In
fact, in a 4G LTE/5G network, a signifi-
cant underestimation or overestimation of
the CQI can negatively impact both Qual-
ity of Service (QoS) and spectral efficiency.
Unlike MAE, which treats all errors lin-
early, RMSE squares the deviations before
averaging them, thereby amplifying the in-
fluence of large errors. This makes it pos-
sible to more rigorously assess the model’s
ability to deliver reliable predictions under

Table 3
Performance evaluation (RMSE values).

Number of layers

4 3 6
CNN 0.303 0.288 0.308
LSTM 0.303 0.270 0.281

CNN-LSTM 0.304 0.262 0.250
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the most adverse channel conditions (severe
fading, interference, high mobility).

After implementing the models, we use
a training and testing or validation data set
to measure the performance of each model.
Thus, the RMSE metric is used to see train-
ing and validation losses. Fig. 11 shows the
performance of training loss and test values
for CQI values with the number of epochs.

As Fig. 11 shows, the training loss de-
creased with increasing number of epochs.
The training loss quickly converges to a low
value of 0.15. Since the error on the valida-
tion set closely matches the training set, the
network did not overfit the training data
with the validation values.

The prediction performance of each
deep learning (DL) algorithm is evaluated
on a set of test data. The predicted val-
ues of CQI versus the actual values in the
data set are plotted in Fig. 12 for LSTM,
CNN, and CNN-LSTM models. As Fig. 12
shows, the actual and predicted CQI val-
ues approximate or are plotted similarly.
Therefore, the proposed CNN, LSTM, and
CNN-LSTM models can easily adapt and
make an efficient prediction with the actual
values. The RMSE performance of each of
the new CNN and CNN-LSTM models is
compared to that of our LSTM model pre-
sented in [4]. Thus, we varied the number
of layers for each model to obtain different
RMSEs. This allows us to compare perfor-
mance between models. The performance
of each model in predicting the CQI is pre-
sented in Table 3. The dataset is from 4G
mobile data Orange Senegal.
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Analysis of the results in Table 3 shows
that our new CNN-LSTM model is better
than the reference LSTM and CNN model,
because it gives a lower RMSE (i.e., RMSE
equal to 0.25 for a number of layers equal
to 6). CQI does not have a physical unit
because it is a dimensionless index, repre-
sented by an integer value between 0 and
15 in the LTE/5G standard. The unit of
the RMSE metric always depends on that
of the predicted variable, which in this case
is CQI, so the RMSE of CQI is also dimen-
sionless.

The statistical results of Table 3 are
shown graphically in Fig. 13. This figure
shows the different RMSE values for each of
the CNN, LSTM, and CNN-LSTM models.

Fig. 13 shows that the performance
of the CNN-LSTM model improves as the
number of layers increases. In the litera-
ture, a lower RMSE value indicates fewer
errors and thus better model performance.
Based on the collected data, the CNN-
LSTM model outperforms our LSTM model
presented in [4].
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4.1. The Limitations of CNN and
CNN-LSTM Models in CQI
Prediction

In this part of our study, we present
the limitations of our CNN and CNN-
LSTM models when applied to predicting
the Channel Quality Indicator (CQI) in 4G
LTE/5G mobile networks.

4.1.1.  Limitations of the CNN Model

CNNs are effective at extracting local
patterns from mobile network data, but
they exhibit several limitations in the con-
text of 4G LTE/5G mobile networks:

Focus on spatial rather than temporal
features: CNNs primarily capture spa-
tial or local characteristics but are not well-
suited to modeling the temporal correlation
between successive radio channel variables.
However, CQI prediction strongly depends
on the temporal evolution of the channel,
which is influenced by fading, user mobil-
ity, and dynamic interference.
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Fig. 11. Comparison of Training and Testing Data Losses Using RMSE.
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Fig. 13. Performance measurement using RMSE.

Difficulty handling high mobility sce-
narios: In 4G LTE/5G environments
with high user mobility, the radio channel
changes rapidly (e.g., Doppler effect, han-
dover). Under such conditions, CNNs alone
struggle to track these non-stationary vari-
ations effectively.

Data requirements and lack of inter-
pretability: Training CNN models re-
quires a large amount of diverse real-world
data, which is often expensive for mobile
operators to obtain. Like most deep learn-
ing models, CNNs also suffer from poor in-
terpretability, making it difficult to explain
how CQI predictions are generated. This
limits their adoption by network engineers.
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4.1.2.  Limitations of the Hybrid CNN-
LSTM Model

The hybrid CNN-LSTM model com-
bines a CNN, which extracts local features,
with an LSTM, which captures temporal
dependencies. While the CNN-LSTM is
more suitable than a standalone CNN, it
also has notable limitations:

e The CNN + LSTM combination sig-
nificantly increases the number of pa-
rameters, leading to longer training
times and higher CPU (Central Pro-
cessing Unit) / GPU (Graphics Pro-
cessing Unit) resource consumption.
As a result, the CNN-LSTM model is
not always ideal for real-time deploy-
ment in a radio access network.

e The CNN-LSTM is highly sensitive
to hyper-parameter selection (such
as the number of LSTM layers and
the learning rate). Poor tuning of
these hyper-parameters can cause se-
vere performance degradation.

o Given the heterogeneity of 4G
LTE/5G networks, which consists of
SBSs, MBSs, and multiple frequency
bands, the CNN or CNN-LSTM mod-
els struggle to fully capture this com-
plexity.

5. Conclusion

In this article, we extended our pre-
vious research [4] by introducing two new
models, CNN and CNN-LSTM, for pre-
dicting CQI in 4G LTE/5G networks with
SBSs. These models, trained and evaluated
on real-world datasets collected from Or-
ange Senegal’s commercial 4G LTE/5G net-
work, demonstrated strong predictive ca-
pabilities under realistic operating condi-
tions. The results highlight the superior-
ity of the hybrid CNN-LSTM architecture,
which consistently outperformed both CNN
and LSTM models, achieving the lowest
RMSE (0.25).

This study’s originality lies in com-
bining CNN for local feature extraction

Vol. 9, N° 2 (2025) 22-39

with LSTM for temporal dependency mod-
eling, effectively capturing complex spatio-
temporal dynamics inherent in multi-band
small cell deployments. By treating CQI
as an ordinal continuous variable within
a regression-discretization framework, our
approach also offers a novel methodological
contribution that enhances both accuracy
and interpretability.

Beyond its technical performance, this
work carries important practical implica-
tions. Accurate CQI prediction is criti-
cal for proactive resource allocation, adap-
tive modulation and coding, and energy-
efficient management of mobile networks.
Our findings confirm the potential of deep
learning to enhance both quality of service
(QoS) and spectral efficiency in heteroge-
neous and demanding environments.

Future research will extend this study
toward real-time CQI prediction by inte-
grating generative Al, reinforcement learn-
ing, and transfer learning, paving the way
for autonomous and intelligent beyond-5G
networks.

Availability of Data and Material

The datasets generated and/or ana-
lyzed during the current study are available
from the corresponding author on reason-
able request.
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Appendix

Table A1l

Data collection sample.
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