Comparative analysis of statistical and deep learning

models for short-term LTE cell traffic prediction

Janak Dangi* and Nanda Bikram Adhikari**
*Himalayan Institute of Science and Technology, Gwarko, Lalitpur, Nepal.
** Department of Electronics and Computer Engineering, Institute of Engineering, Pulchowk Campus, Tribhuvan

University, Nepal.

Abstract: Accurate short-term traffic prediction in Long-Term Evolution (LTE) networks is essential for proactive
resource management and maintaining quality of service. With increasing data demand and dynamic traffic patterns,
reliable forecasting at the cell level has become critical for efficient network operations. This analysis compared ARIMA,
SARIMA, LSTM and GRU models with real hourly traffic data of urban and rural LTE eNodeBs in Nepal. The dataset
was split chronologically into 80% training and 20% testing before preprocessing to prevent data leakage. The LSTM
model performed best, achieving MSE of 1.4804, MAE of 0.8770, RMSE of 1.2167, and R-squared of 0.9563. Deep
learning, particularly LSTM, was able to learn the non-linear and complex traffic patterns better than other models. This
finding highlights the practical applicability of deep learning models in real world telecom network operations. The
research provides a comparative analysis of the statistical and deep learning models for real-time, cell-level LTE eNodeB
traffic forecasting across diverse geospatial environments using real-world data, with practical validation through LSTM-

based traffic prediction for network optimization.
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Introduction
The rise of data-intensive applications and mobile devices demands on LTE networks, necessitating advanced
has led to a significant increase in mobile data usage. Short-  techniques for efficient traffic management and

term traffic forecasting, especially at the cell level, is
essential in proactive network management, as it enhances
resource utilization, prevents saturation, and maintains
quality of service. Conventional methods of traffic
forecasting tend to rely on ARIMA and other statistical
methods, which can work with linear time-series behavior
but fail with non-stationary and non-linear behavior of
cellular traffic'. Deep learning methods have become
powerful tools for sequential prediction tasks®>™. This study

(ARIMA and
SARIMA) with deep learning models (LSTM and GRU) on

compares classical statistical models

real traffic data from urban and rural LTE environments in

Nepal.

Mobile data consumption has significantly intensified the

optimization. Accurate short-term traffic prediction is
crucial for optimizing resource allocation, preventing
network congestion, and maintaining high-quality service
levels®>. In the context of LTE eNodeBs, which are
responsible for managing radio resources and user
connections, accurate short-term traffic prediction is
essential for proactive resource allocation. Deep learning
algorithms have shown dominance over more traditional
methods as time series forecasting tools’. Recurrent neural
networks (RNNs) are particularly well- suited for predicting
time-dependent trends in mobile data traffic®. RNN variants
LSTM and GRU have attracted significant attention for
their ability to capture long-term associations and minimize

the vanishing gradient problem®™'°.For example, the Karnali
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region of Nepal requires customized predictive models due
to particular difficulties presented by local infrastructure

and traffic patterns!!.

Beyond foundational work on ARIMA 2 and LSTM?, recent
advances in time series forecasting have introduced various
deep learning architectures for sequential data. For network
traffic specifically, Temporal Convolutional Networks

(TCNs) have emerged as efficient alternatives to RNNs'™.

This research aims to address the gap by developing a short-
term prediction model for cell-level data traffic in LTE
eNodeBs using multiple time series forecasting models,
from traditional ARIMA and SARIMA to advanced LSTM
and GRU, and comparing their performance. Using real-
world traffic data from Nepal Telecom's LTE base stations,
this study evaluates the models' efficacy in predicting traffic
patterns, managing peak utilization, and enhancing network

resource allocation.
Research Objectives

* To develop an accurate and robust deep learning model

for short-term cell-level traffic prediction.

* To compare deep learning models with traditional

statistical models using common regression metrics.

* To evaluate model effectiveness in predicting traffic

patterns and supporting network resource allocation.
Baseline Studies

The literature on traffic prediction has moved from classical
statistical methods to machine learning and deep learning.
ARIMA, proposed by Box and Jenkins, is a widely used
linear forecasting model for stationary series'>. SARIMA

extends ARIMA by incorporating seasonality, but both

Table 1: Summary statistics of the dataset.

models retain the assumptions of linearity and stationarity

that limit their effectiveness for cellular traffic?.

Deep learning approaches, particularly recurrent

architectures, address sequential dependencies more
effectively. LSTM networks handle vanishing gradients
through gated memory cells and are well suited to traffic
forecasting’''. GRU offers a simpler design with fewer
gates, often achieving comparable accuracy with lower
computational cost®'. Recent studies have also reported
strong results for deep learning in LTE and mobile data

traffic prediction®°.
Methods
Research Approach

This research used a quantitative research design. The

pipeline  included data  collection,  smoothing,
normalization, train-test splitting, model development and

performance evaluation.
Data Collection

The dataset for this research was obtained from Nepal
Telecom, consisting of hourly-based traffic data for two
LTE eNodeBs located in Karnali Province. One eNodeB
was situated in an urban region, while the other was located
in a rural region. The dataset spanned a duration of three
months, for each B3 band (3 sector-cell) and B20 band (3
sectorcell) of each eNodeB. serves 6 sectors (3 in B3 band
at 1800 MHz and 3 in B20 band at 800 MHz), resulting in
12 total cells (6 urban, 6 rural). This diverse geographical
coverage allowed for the evaluation of the models'

performance in both urban and rural environments.

The dataset contained 17,046 data points with an average
daily traffic of 6.20 GB and a standard deviation of 5.69
GB. The minimum daily traffic was 0 GB, while the

maximum was 27.91 GB.

Statistic Value

17,046 hourly The temporal distribution of total traffic is presented in
Observations . P P .. )

points Figure 1, with Figure 2 highlighting the distinct traffic
Mean traffic 6.20 GB patterns observed in urban and rural locations.
Standard deviation 5.69 GB Data Preprocessing
Minimum 0GB . . .

Preprocessing consisted of three steps: (1) smoothing the
Maximum 2791 GB
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raw data using a simple moving average with window size

Figure 1: Total Traffic flow over time horizon.

-
I

Figure 2: Urban and Rural Traffic Pattern.

three; (2) min-max normalization to a common range of 0
to 1; (3) splitting the data chronologically into 80 percent
training and 20 percent testing sets. The moving average
(window=3) was applied to remove random measurement
spikes that occur due to temporary network anomalies in
LTE traffic data. These spikes represent measurement
noise, not actual traffic patterns. A window size of 3 is
minimal, using only adjacent hourly points. The same
preprocessing was applied uniformly to ALL models, so
comparative rankings remain valid. The performance gap

Table 2: Feature categories.

between deep learning and statistical models is so
substantial (LSTM R>=0.956 vs SARIMA R>=0.558) that
even removing

smoothing would not change our

conclusions

Input feature for the model

Fifteen features were chosen for the model, categorized as
resource-related features (Cell ID, Cell Downlink Average
Throughput, Cell Uplink Average Throughput, Resource
Block Utilization DL/UL rates, Average Channel Quality
Indicator), user-related features (Average and Maximum
Number of Users), and time-and-geography-related
features (Holiday/Festival Indicator, Hour, Weekday, Is

Remote for urban/rural classification).
Model Selection and Training

The selected models included traditional techniques
(ARIMA and SARIMA) and deep learning techniques
(LSTM and GRU). ARIMA and SARIMA models were
trained using auto_arima which systematically searches
over p,dq ranges (0-7) and P,D,Q ranges (0-2). The
selected orders of ARIMA (4,1,2) and SARIMA (1,1,1)
(1,0,1,24) had the lowest AIC scores of 91987.9 and
91994.6, respectively. This ensures that the large
performance gap with LSTM is not due to poor tuning but
reflects the fundamental limitation of linear architectures

for non-linear traffic data.

Resource-related features

User-related features

Time and geography-related features

Cell ID (Sector B3 and B20)
Cell downlink average throughput
Cell uplink average throughput

Average DL throughput per user
Average UL throughput per user
Resource Block Utilization DL rate
Resource Block Utilization UL rate
Average Channel Quality Indicator

(CQDh

Average number of users
Maximum number of users

Holiday/festival indicator (binary)
Hour (24 timestamp)
Weekday Is remote (urban: 0)

Is remote (rural: 1)
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LSTM and GRU models were implemented using the Keras
framework. Hyperparameters such as number of layers,
hidden units, learning rate, and batch size were optimized
through experimentation. The LSTM model had two LSTM
layers with 50 neurons each and two Dense layers providing
a single output. A batch size of 16 and a total of 50 epochs
were used for training. Activation functions included tanh,
and ReLU. Early

sigmoid, stopping and dropout

regularization were used to prevent overfitting. Early

Table 3: Performance metrics for model evaluation'* .

stopping and dropout regularization were used to prevent

overfitting.
Performance Model Evaluation

Standard performance metrics were used to assess the
models on the test set: Mean Squared Error (MSE), Root
Mean Square Error (RMSE), Mean Absolute Error (MAE),
and Coefficient of Determination (R?). Table 3 presents a

comprehensive summary of these performance metrics'? !4,

Metric Formula Description Range Interpretation
MSE MSE = Average squared [0,0) Lower is better
% i1 (Yi — ) differences
between actual and
predicted values.
RMSE RMSE = Square root of [0,0) Lower is better;
\/ % Z?:l(yi - Qz)2 MSE; emphasizes sensitive to outliers.
larger errors more
than MAE.
MAE MAE = Average absolute [0,00) Lower is better;
% Z?:l |yz - yz| differences
between actual and
predicted values.
R-squared R2=1— ZX::((ZZ;%)); Proportion of [~oo,1] Closer to 1 is better
(R or R?= | — RSS/TSS variance in
dependent variable
explained by the
model.
Results
Table 4: Performance Metrics of Different Models.
Metrics/Models ARIMA SARIMA GRU LSTM
MSE 39.0278 14.9986 1.5429 1.4804
RMSE 6.2472 3.8728 1.2421 1.2167
MAE 5.3512 2.7668 0.9384 0.8770
R? -0.1500 0.5581 0.9044 0.9563

All four models were trained and tested on the preprocessed

dataset. Classical statistical models failed to perform well

in this task, with deep learning models being much more

accurate.
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ARIMA Model

The ARIMA model was used to forecast traffic of BTS in
both urban and rural areas. The ADF test statistic was -
16.04 with a p-value of 5.95¢-29, confirming stationarity
after differencing. Based on auto_arima recommendations,
ARIMA (4,1,2) was selected. The model produced an AIC
0f 91987.910 and BIC of 92042.116.

The negative R-squared value of -0.1500 is not an error but
a meaningful scientific finding. It mathematically proves
that ARIMA performs worse than simply predicting the
mean value of the traffic series. This occurs when the
residual sum of squares (RSS) exceeds the total sum of
squares (TSS), a clear sign that the linear ARIMA structure
fails to capture the non-linear dynamics and temporal
dependencies present in LTE traffic data. This negative
baseline makes LSTM’s superior performance (R>=0.9563)
even more significant, representing a relative improvement

of over 700%.

Actual (Last 24 Hours) vs ARIMA Next Day Prediction

—o~ Actual (Last 24 Hours)
~ ARIMA Next Day Prediction

Total Traffic (GB)

4 5 10 5 2
Hour

Figure 3: Actual vs. predicted traffic using ARIMA model (last 24

hours).

SARIMA Model

The SARIMA model improved performance by
incorporating a seasonal cycle of 24 hours, but it still

explained only about 55.8% of the variance.
LSTM Model

The LSTM model had two LSTM layers with 50 neurons
each, two Dense layers, a batch size of 16, and 50 training
epochs. The model contained 30,653 trainable parameters.
These findings affirm that the LSTM model was effective
in capturing short-term and longer sequential dependence

as compared to the alternatives.

Actual vs Predicted Traffic (Lest 24 Hours) - SARIMA

—— Actual Traffic
/‘\ - Predicted Traffic (SARIMA)

ARV

Time (Hours)

\/ \

0 5

Figure 4: Actual vs. predicted traffic using SARIMA model (last 24

hours).

Actual vs Predicted Traffic (Last 24 Hours vs Next Day) - LSTM

—o— Actual (Last 24 Hours|
~ LSTM Next Dzy Prediction A A

\

\

\\JMN

0 5 0 5 2
Time

Figure 5: Actual vs. predicted traffic using LSTM model (last 24

hours).
GRU Model

The GRU model was trained with two GRU layers and a
dense layer, with 50 epochs and a batch size of 16. It
performed strongly with MSE of 1.5429, MAE of 0.9384
and R? of 0.9044. The coefficient of determination of
90.44% indicates a high percentage of variance explained

in the traffic data.
Sector Level Analysis

The model strength at sector level has also been tested.
Table 5 results indicate that LSTM estimates the different
sectors of the urban and rural environments, which supports
the model as being high-performance across a large range

of network condition.

Qualitative Comparison

A qualitative comparison also ranked LSTM first, GRU
second, SARIMA third and ARIMA fourth. The

effectiveness of LSTM is explained by the use of memory
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Table 5: Actual and predicted traffic using LSTM (best model).

Date Location Cell ID Actual traffic (GB) Predicted traffic (GB)
2024-09-06 Urban 6 11.146910 10.984115
2024-09-06 Urban 5 10.328385 10.167355
2024-09-06 Urban 4 10.028210 9.659574
2024-09-06 Urban 3 6.878542 7.550175
2024-09-06 Urban 2 3.674925 4.349257
2024-09-06 Urban 1 2.785013 3.645075
2024-08-25 Rural 6 4266997 4.172702
2024-08-25 Rural 5 5.084006 4.907066
2024-08-25 Rural 4 5.498553 5.676581
2024-08-25 Rural 3 8.048743 7.805118
2024-08-25 Rural 2 10.941599 10.671102
2024-08-25 Rural 1 12.134094 11.401502

Table 6: Qualitative comparison of Models.

Model Rank Reason for Performance Cause of Limitations

ARIMA | 4 Suitable for simple linear series Fails with non-linear, dynamic patterns

SARIMA | 3 Adds seasonality Still linear; limited adaptability

GRU 2 Efficient sequential learning Slightly less accurate than LSTM

LSTM 1 Captures long- and short-term dependencies Computationally expensive
i Discussion

—+~ Next Day GRU Prediction

Traffic (GB)

Figure 6: Actual vs. predicted traffic using GRU model (last 24 hours).

cells and gating mechanisms that enable the model to
selectively remember and forget information, particularly
when dealing with complicated cellular traffic patterns.

The LSTM model outperformed all other models, achieving

the lowest error metrics and highest R? value.

This strong performance of LSTM with high R? value is
justified for several reasons: (1) the prediction horizon is
short term at 1 hour ahead, where LTE cell traffic exhibits
strong autocorrelation typically exceeding 0.9 due to 24
hour periodicity; (2) the LTE traffic has strong 24 hour
periodicity that LSTM naturally captures; (3) the feature set
includes 15 real time resource utilization predictors such as
RBDL, RBUL, CQI, and user counts that have strong
predictive power for immediate future traffic; and (4)
Similar high R? values (0.92-0.97) have been reported in
peer-reviewed literature for short-term cell-level traffic

prediction in recent studies®!'!.
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The substantial performance gap between statistical models
(ARIMA R>=-0.15, SARIMA R?*=0.558) and LSTM
(R*=0.956) is not due to poor ARIMA tuning. Auto_arima
systematically searched over p,d,q ranges from 0-7, and the
selected models had optimal AIC scores. The gap reflects
three fundamental limitations of linear models. First, LTE
traffic exhibits non-linear dynamics including sudden
demand spikes and asymmetric peak/off-peak patterns —
characteristics that linear ARIMA models cannot represent
regardless of tuning. Second, the 15 input features interact
in complex, non-additive ways that deep learning captures
through hierarchical feature learning. Third, the sequential
memory of LSTM allows it to maintain state over the 24-
hour seasonal window, effectively learning the diurnal
pattern without explicit seasonal differencing. Therefore,
the performance gap is the valid research finding, not a

methodological flaw.

Our LSTM performance (R?>=0.956, RMSE=1.217)
compares favorably with existing research. Sharma et al.
(2022) reported R*=0.912 using a hybrid CNN-LSTM
model on urban LTE data’®>. Huang et al. (2023) reported a
best R?=0.94 using temporal convolutional networks on
dense LTE networks'e. Liu et al. (2021) obtained RMSE of
approximately 1.8 using standard LSTM"". Dalgkitsis et al.
(2021) achieved RMSE values ranging from 1.45 to 2.83
depending on cell density'®.Our findings are consistent with
these studies, confirming that LSTM-based approaches

consistently outperform statistical baselines.
Contributions of the Study

1. Empirical validation: Provides  real-world
performance comparison of statistical vs. deep learning
models using authentic LTE traffic data from an
network  in context

operational Nepal, a

underrepresented in existing literature.

2. Geospatial diversity: Evaluates model performance
across both urban and rural eNodeBs, demonstrating

generalizability across different traffic patterns.

3. Comprehensive comparison: Includes ARIMA,
SARIMA, GRU, and LSTM models on the same

dataset with standardized evaluation metrics.

4. Practical framework: Offers a  reproducible
preprocessing, training, and evaluation pipeline for

cell-level traffic prediction.
Limitations of the Study

1. Temporal scope: Data covers a limited time period,;
results may not generalize to seasonal variations across
full years.

2. Single operator data: Models were trained on data
from one telecom operator in Nepal; performance on
other networks requires validation.

3. Prediction horizon: Only short-term (1-hour ahead)
forecasting was evaluated; longer horizons may show
different relative performance.

4. Computational resources: Hyperparameter tuning
for deep learning models was limited by available

resources.

5. Explainability: LSTM's superior performance comes
at the cost of interpretability compared to statistical

models.
Conclusion

The purpose of this research was to evaluate multiple
forecasting models for short-term traffic prediction in LTE
eNodeBs, (ARIMA,
SARIMA), and deep learning models (LSTM, GRU).

comparing statistical methods
Among the models tested, LSTM outperformed the others,
with a Mean Squared Error (MSE) of 1.4804, Mean
Absolute Error (MAE) of 0.8770, and Root Mean Squared
Error (RMSE) of 1.2167. Its R-squared value of 0.9563
indicates that LSTM explains over 95% of the variance in
traffic data. The results suggest that LSTM-based models
offer significant improvements in predicting LTE network
traffic. Future research should explore incorporating
additional variables, such as weather, socioeconomic
factors, and real-time traffic data to improve model
performance and adaptability in dynamic network with

multi-connectivity frameworks'®.
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