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Abstract

Standalone Dedicated Control Channel (SDCCH) congestion remains a persistent challenge in mobile networks, often
resulting in failed call setups, delayed SMS delivery, and degraded user experience. To address this, the present study
applied machine learning techniques to forecast SDCCH congestion in four major Nigerian mobile networks (MTN,
Airtel, Globacom, and 9mobile} using monthly data obtained from the Network Operations Centres (NOCs) of the Mobile
Network Operators (MNOs), spanning January 2015 to December 2024. Two regression algorithms, Random Forest
(RF) and Extreme Gradient Boosting (XGBoost), were employed within a supervised learning framework that
incorporated lag features and seasonal dummy variables. Forecasts for January to December 2024 were generated
through recursive multi-step prediction, and model performance was evaluated using Mean Absolute Error (MAE), Root
Mean Squared Error (RMSE), and Mean Absolute Percentage Error (MAPE). The results showed that both models were
able to capture short-term variations but struggled with large fluctuations and nonlinear spikes in actual congestion
values. RF slightly outperformed XGBoost for Airtel, while XGBoost yielded better results for MTN, Glo, and 9mobile.
However, both models exhibited relatively high percentage errors and a tendency to either flatten variability or
underestimate peak congestion levels, limiting their suitability for direct operational deployment. The study concludes
that although machine learning holds promise for forecasting SDCCH congestion and supporting proactive capacity
planning, further refinement is required. Incorporating larger datasets, additional lag features, and exogenous variables
such as traffic load and time-of-day effects could improve predictive accuracy. Overall, XGBoost demonstrated
marginally greater reliability than RF, but both models need optimisation before being used for real-time network
decision-making.
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1. Introduction

Mobile subscribers in Nigeria often experience call setup failures and delays in Short Message Service (SMS) delivery,
particularly during peak usage hours. These challenges are largely due to congestion in the Standalone Dedicated
Control Channel (SDCCH) [1], which is a critical signaling channel in mobile networks responsible for managing call
setup, SMS transmission, and location updates [2]. When the number of available SDCCH channels is insufficient to
handle signaling requests, congestion occurs, resulting in failed calls, delayed message delivery, and difficulties with
network registration [3].

The SDCCH Congestion Rate is a key performance indicator used to assess a network’s ability to process signaling traffic
effectively [4]. Recognising the importance of this metric, the Nigerian Communications Commission (NCC) has set a
benchmark stipulating that the SDCCH Congestion Rate must not exceed one percent [5]. Despite this regulation,
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persistent congestion continues to degrade service quality and negatively impact user experience in several networks
[6-7].

Previous research on SDCCH performance in Nigerian mobile network operators (MNOs) has often relied on drive test
data [8-37]. Although useful, such tests are geographically restricted and provide only short term snapshots of network
performance, making it challenging to obtain a comprehensive and continuous nationwide assessment [38-39]. In
contrast, this study utilises data from the Network Operations Centre (NOC), enabling extensive, long term monitoring
of network performance.

This research applies machine learning models to predict SDCCH congestion for the period January to December 2024
for four mobile networks in Nigeria. The outcomes are intended to provide operators with actionable insights for
capacity planning, performance optimisation, and sustained regulatory compliance. By integrating large-scale
operational data with predictive modeling, this work offers a comprehensive understanding of SDCCH congestion
patterns and proposes practical measures to enhance mobile network quality in Nigeria.

1.1. The Random Forest Regressor

A Random Forest Regressor is a powerful machine learning algorithm that uses an ensemble of decision trees to predict
a continuous value. Developed by Leo Breiman, the method improves upon single decision trees by combining the
principles of bagging and random feature selection to create a more robust and accurate model [40]. The algorithm's
core strength lies in its ability to introduce randomness at key stages to ensure a diverse and generalized model. First,
each tree in the forest is trained on a random subset of the training data, a process known as bootstrap aggregation or
bagging [41]. Second, at each split in a tree, the algorithm considers only a random subset of the available features,
preventing any single feature from dominating the entire forest [42-45]. This random subspace method helps to reduce
the correlation between the trees. To make a final prediction, a new data point is passed through every tree in the forest.
Each tree outputs a numerical value, and the random forest's final prediction is the average of all these individual
predictions. This averaging process is highly effective at reducing the model's variance and protecting against
overfitting, a common issue with individual decision trees [46].

Random Forest Regressors are highly versatile and are used in a variety of fields to predict continuous outcomes. They
are effective at handling noisy or incomplete data and can work with both numerical and categorical features without
extensive preprocessing. Common applications include estimating house prices, forecasting stock trends, and predicting
weather conditions.

1.2. Extreme Gradient Boosting

Extreme Gradient Boosting (XGBoost) is an advanced implementation of gradient boosting that is highly efficient and
scalable, making it one of the most popular algorithms for machine learning tasks. Developed by Chen and Guestrin [47],
it represents an optimization of the original gradient boosting framework proposed by Friedman [48].

XGBoost’s superior performance can be attributed to several important features. One of its key strengths is the inclusion
of regularization terms in the objective function, which helps to prevent overfitting and produce more generalized
models [47]. Another important aspect is its ability to perform parallel processing. Although decision trees are built
sequentially, the algorithm parallelizes the process of finding the best split, thereby reducing training time considerably
on large datasets [47]. XGBoost is also capable of handling missing values automatically, as it learns the best direction
for missing data at each node during training. In addition, it is designed to be sparsity-aware, which makes it particularly
effective for working with sparse datasets that frequently occur in real-world applications such as text analysis [47].

The algorithm operates by constructing a series of decision trees in sequence, where each new tree is trained to correct
the errors of the previous ones. The overall prediction is obtained by summing the outputs of all the trees. To ensure
both accuracy and generalization, the model minimizes an objective function that combines a loss function, which
measures the error between predicted and actual values, with a regularization term that penalizes complexity. This
balance between accuracy and simplicity prevents overfitting while maintaining strong predictive performance.

2. Methodology

The study applied machine learning techniques to forecast SDCCH congestion. Monthly congestion data for MTN, Airtel,
Globacom, and 9mobile were obtained from the NCC, covering the period from January 2015 to December 2024. These
figures were compiled from specialised counters at the NOCs of each MNO, with each value representing the proportion
of signaling requests that could not be processed due to insufficient channel capacity.
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For the predictive component, two machine learning regression algorithms, the Random Forest Regressor (RFR) and
the Extreme Gradient Boosting (XGBoost) were employed to generate forecasts for the period January to December
2024, using historical data spanning from January 2015 to December 2023. The methodological framework comprised
four main stages: data preparation, model training, recursive multi-step forecasting, and performance evaluation.

For RFR, the monthly SDCCH time series was reformatted into a supervised learning structure. Twelve lag variables
representing values from the preceding twelve months were generated to capture temporal dependencies, while twelve
month-of-year dummy variables were added to model seasonal effects. For example, forecasting January 2024 involved
using lagged values from January to December 2023 and a January dummy indicator. The training dataset covered
January 2016 to December 2023 (the first twelve months reserved for lag computation). During training, multiple
decision trees were constructed on bootstrap samples of the data, with each split considering a random subset of
features to reduce correlation among trees. Final predictions were obtained by averaging across trees, a process that
improves generalisation and mitigates overfitting. Forecasts for 2024 were produced recursively: the model first
predicted January 2024, then appended this value to the historical dataset to serve as a lag for forecasting February
2024, and repeated the process until December 2024. While effective for multi-step forecasting, this approach also
introduced cumulative error propagation.

For XGBoost, the same supervised structure was applied, with twelve lag features and twelve seasonal dummy
variables. Training data spanned January 2016 to December 2023. Unlike RFR, XGBoost constructs trees sequentially,
with each new tree correcting the residuals of prior predictions. Its regularised objective function (combining training
error with penalties for complexity) reduces overfitting and enhances generalisation. Key hyperparameters, including
learning rate, maximum depth, number of estimators, and subsampling ratios, were tuned to optimise performance.
Forecasting for 2024 also followed a recursive strategy: the model predicted January 2024 using lags from January to
December 2023, appended the output to the dataset, and iteratively generated forecasts up to December 2024. Although
recursive prediction enabled long-horizon forecasts, it also amplified error accumulation over time.

The accuracy of each model was assessed using three error metrics: Mean Absolute Error (MAE), which measures the
average magnitude of prediction errors; Root Mean Squared Error (RMSE), which penalises larger deviations more
heavily; and Mean Absolute Percentage Error (MAPE), which expresses prediction errors as a percentage for easier
interpretation. The model that produced the lowest errors for each network was considered the most accurate.

All computations and visualisations were carried out in Python, with Pandas used for data management, NumPy for
numerical processing, Matplotlib and Seaborn for data visualisation, Scikit-learn for implementing the machine learning
models, and SciPy for statistical computation and optimisation. The results of the forecasts and performance
comparisons are presented in the next section through figures and tables, along with detailed discussions.

3. Results and Discussion

Forecasts of SDCCH congestion for MTN, Airtel, Globacom, and 9mobile were successfully generated for the period
January-December 2024 using the RFR and XGBoost models. The outcomes are presented in tables and graphical plots,
enabling both quantitative and visual comparison between predicted and observed values. For all four networks, the
models were able to capture month-to-month variations in SDCCH congestion.

3.1. Forecast and Performance Evaluation for Airtel Network

Figure 1 illustrates the actual and forecasted SDCCH congestion for the Airtel network. In the plot, the actual values are
represented by a red line, while the Random Forest forecasts are depicted in black and the XGBoost forecasts in violet,
enabling a clear visual comparison of model performance against observed values. The actual SDCCH congestion values
ranged widely between 0.02 and 0.11, but both the Random Forest (0.0281-0.0284) and XGBoost (0.0280-0.0282)
models produced nearly constant predictions around 0.028, closely matching low congestion months (0.02-0.03) but
severely underestimating higher values (0.08-0.11), indicating that both models flattened variability and leaned toward
the mean, with XGBoost giving slightly lower estimates than RF.
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Figure 1 Actual and Forecast SDCCH Plot for Airtel Network

Table 1 Performance Evaluation Metrics for Airtel Network

Model MAE RMSE | MAPE (%)
XGBoost 0.0321 | 0.0341 | 13.25
Random Forest | 0.0320 | 0.0340 | 13.19

In terms of performance, as presented in Table 1, both models performed very similarly, but the Random Forest showed
a slight advantage with marginally lower error values. This indicated that, for the SDCCH data, Random Forest was
slightly better at capturing variations than XGBoost, although the difference was almost negligible.

3.2. Forecast and Performance Evaluation for 9mobile Network

Figure 2 shows the actual and predicted SDCCH congestion for the Airtel network. In the graph, the actual values are
plotted in blue, the Random Forest forecasts are shown in black, and the XGBoost forecasts are represented in violet,
providing a clear visual comparison of the models’ performance relative to the observed data. From the graph, actual
SDCCH congestion values ranged from 0.75 to 2.18, showing wide fluctuations across the months, whereas the Random
Forest forecasts (0.2561-0.3415) and XGBoost forecasts (0.2519-0.4006) remained within a narrow band, consistently
underestimating the true values; although XGBoost occasionally produced slightly higher estimates than Random
Forest, both models flattened variability and leaned toward mid-range predictions, indicating a systematic bias and
poor representation of peak congestion levels
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Figure 2 Actual and Forecast SDCCH Plot for 9mobile Network
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Table 2 Performance Evaluation Metrics for 9mobile Network

Model MAE RMSE MAPE (%)
XGBoost 1.3100 | 0.03741 | 148.38
Random Forest | 1.3100 | 0.03726 | 148.26

As shown in Table 2, both RF and XGBoost yielded almost identical error metrics, indicating similar performance.
However, the extremely high MAPE reveals that neither model provided reliable predictions for this dataset. This
shortcoming is likely a result of sharp fluctuations and nonlinear spikes in the actual values, which the models were
unable to capture effectively. Consequently, additional preprocessing, enhanced feature engineering, or further model
optimisation would be required before the forecasts could be applied for mobile network decision-making.

3.3. Forecast and Performance Evaluation for Glo Network

Figure 3 presents the actual and forecasted SDCCH congestion for the Airtel network. In the plot, the actual values are
shown in blue, the Random Forest predictions in black, and the XGBoost predictions in violet. The actual congestion
values ranged from 0.09 to 0.15, indicating moderate variation across the months. By comparison, the Random Forest
forecasts fell within 0.1286-0.1613, while the XGBoost forecasts ranged from 0.1272-0.1582. Both models tended to
overestimate lower actual values and slightly overpredicted or closely matched higher actual values. In all, the two
models produced nearly identical results, with differences generally less than 0.01, but both consistently showed a bias
toward overprediction, particularly at the lower end of the congestion range.
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Figure 3 Actual and Forecast SDCCH Plot for Glo Network

Table 3 Performance Evaluation Metrics for 9mobile Network

Model MAE | RMSE | MAPE (%)
XGBoost 0.0385 | 0.0445 | 32.05
Random Forest | 0.0396 | 0.0461 | 32.75

The results in Table 3 indicate that XGBoost performed marginally better than Random Forest across all evaluation
metrics, producing forecasts that were closer to the actual values. Nonetheless, both models exhibited relatively high
percentage errors, which can be attributed to the significant month-to-month variability in actual SDCCH congestion.
From a mobile network perspective, this suggests that XGBoost may offer a more dependable option for short-term
forecasting of SDCCH congestion in GLO. However, the accuracy of both models could likely be improved by
incorporating additional historical lag features or external factors such as traffic load and time-of-day effects.

3.4. Forecast and Performance Evaluation for MTN Network

Figure 4 presents a comparison of the actual SDCCH congestion with forecasts from the Random Forest (RF) and
XGBoost models for the Airtel network, while Table 4 summarises the performance evaluation of the two machine
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learning models. In the plot, the actual values are shown in yellow, the RF forecasts in black, and the XGBoost forecasts
in violet.

As shown in the graph, the actual congestion values ranged from 0.08 to 0.21, reflecting noticeable fluctuations across
the months. By contrast, RF predictions fell within 0.0729 to 0.1418, while XGBoost forecasts were more tightly
clustered within 0.1291 to 0.1361. Overall, the RF model tended to underestimate higher congestion values and
occasionally overestimate lower ones. XGBoost, on the other hand, produced stable predictions consistently centred
around 0.13, with very little variation across months. This made XGBoost appear closer to the actual values when
congestion was low, but it still significantly underestimated the higher values. Thus, while RF showed greater variability
in its forecasts, it was more prone to underpredicting high congestion levels, whereas XGBoost provided smoother but
flattened outputs that did not fully reflect the observed fluctuations.

The performance evaluation in Table 4 further confirms these observations. XGBoost consistently outperformed RF
across all evaluation metrics, although both models displayed relatively weak predictive ability due to the limited
dataset. RF performed particularly poorly, with high MAE and very large MAPE values, indicating that it failed to capture
the underlying trend and would be unsuitable for reliable decision making. XGBoost achieved comparatively better
accuracy, with lower MAE and RMSE and a reduced but still high MAPE, suggesting better alignment with the actual
data but still insufficient for deployment in live network optimisation.

In summary, XGBoost demonstrated greater reliability than RF for forecasting SDCCH congestion, but both models
require further refinement, such as access to larger datasets, improved feature engineering, or enhanced modelling
approaches, before they can be considered suitable for operational telecom network forecasting.

0.20 ACTUAL
—— RF
9 XGBOOST
T 0.15
O
I :
/‘\'\K
a \ -
0.10 \ / ———
\'___————l_«\l
u’°\' v& N& u’°'\ w& o:\’\’
QY Q) Q) Q) & &
» 0y 0y > 0y 0y
Months

Figure 4 Actual and Forecast SDCCH Plot for MTN Network

Table 4 Performance Evaluation Metrics for MTN Network

Model MAE RMSE | MAPE (%)
Random Forest | 0.0505 | 0.0635 | 33.48

XGBoost 0.0343 | 0.0396 | 27.16

4. Conclusion

This study applied Random Forest and XGBoost regression models to forecast SDCCH congestion across four major
mobile networks in Nigeria using long-term operational data. The results revealed that while both models were able to
provide short-term forecasts, their overall performance varied across the networks. Random Forest produced slightly
better results for Airtel, whereas XGBoost showed marginal improvements for Glo, 9mobile, and MTN. In general,
however, both models exhibited limitations, including high percentage errors and a tendency to either flatten variability
or underestimate peak congestion levels.

The findings highlight the potential of machine learning techniques for proactive network performance management
but also underscore the need for refinement. Improvements such as incorporating larger datasets, additional lag
variables, and exogenous features like traffic load, time-of-day effects, and seasonal demand could enhance predictive
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accuracy. Hybrid approaches that combine multiple algorithms may also mitigate error accumulation in recursive
forecasts.

In all, XGBoost demonstrated greater reliability than Random Forest overall, but both models require further
optimisation before they can be confidently deployed for operational decision-making in Nigerian mobile networks.
Future research should therefore focus on more advanced modelling techniques and richer feature sets to support more
accurate and actionable forecasts that can guide capacity planning and ensure regulatory compliance.
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