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Abstract

Accurately forecasting network stress load in GSM infrastructure is essential for resource allocation and
service stability. Currently, network parameters are typically configured statically based on engineers’
prior experience, which may lead to suboptimal performance and limited adaptability in dynamic
operational environments. Stress load prediction enables more informed or automated network
adjustments for consistently stable service. This study evaluates LightGBM, LSTM, and TCN models for
forecasting HR Usage and Blocking Rate. LightGBM was used as a baseline due to its proven effectiveness
in the field, LSTM was chosen for its strength in adjacent tasks, and TCN was selected as a state-of-the-art
alternative. While all models performed well on Blocking Rate (0.02%+0.07%), the error for HR Usage was
significantly higher (6+4%). An in-depth analysis of the validation set revealed that 18% of base station
cells consistently produced high errors across all models. Investigation using SHAP analysis and the
Normalised Wasserstein test confirmed that these errors are driven by data drift and unusual feature
behaviour rather than model limitations. Hence, increasing model complexity is not a sufficient solution
for GSM network data. Instead, robust deployment requires a systemic approach integrating forecasting,
OOD detection and human-in-the-loop notifications to manage unreliable forecasting during periods of
data drift.
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1. Introduction

The increasing complexity and dynamic nature of modern telecommunication networks require
intelligent automation solutions to ensure efficient resource allocation and optimal performance. In
GSM networks, stress load can lead to service unavailability and network failures. To address these
issues, predictive models capable of forecasting network stress load are essential for enabling
proactive management and automation in mobile network infrastructure.

In recent years, machine learning (ML) and deep learning (DL) techniques have demonstrated
strong potential in time series forecasting applications [1-4]. Deep learning architectures, including
Temporal Convolutional Networks (TCN) [5] and Long Short-Term Memory (LSTM) [6], have
shown promising results in capturing temporal dependencies. It is also worth paying attention to
the use of neural networks with a fractal structure, which are used both for time series forecasting
[7] and for processing images [8] with complex pattern dependencies. However, selecting the most
suitable approach for GSM network optimisation remains an open challenge, especially without
additional geo-location, which was leveraged in [9], and without the potential network load
prediction during unexpected events such as power outages or social unrest, which deviate
significantly from historical patterns. However, the last can be effectively predicted using time
series [10].
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Moreover, the most recent approaches [11] shift from centralised statistical models to
Distributed Machine Learning and Federated Learning frameworks, which share the load of
training a model on multiple nodes, requiring massive computational overhead and unnecessary
software architecture complexity for spaced and complete time series [12, 13]. Furthermore,
growing interest in next-generation mobile network technologies [14, 15] has contributed to a
stagnation in research on the advancement of 2G infrastructure.

Therefore, this paper investigates the performance of machine learning and deep learning
models, specifically Temporal Convolutional Networks (TCN) and LSTM, for a centralised
forecasting network stress load. Using real-world data, we evaluate these models to determine the
most reliable approach for industrial-scale automation in telecommunication networks for the 2G
network. In addition, in-depth performance analysis was performed to evaluate the stability of the
approach under irregular time series behaviour.

2. Methodology

In this study, we frame the research task as a regression problem to forecast future numerical load
levels using historical patterns. Given a time series of past daily load and base station
configurations, the goal is to develop a machine learning model that could forecast future values
across different base stations. To achieve this, we preprocess the historical data, select a baseline
and a specialised time series model, and evaluate their performance.

2.1. Data

In this study proprietary time series data set was used, which consists of 16 feature columns and 2
target columns that contain daily statistics and settings of almost 3000 different GSM base stations
over 3 years and a 10-month period. Overall, data was provided with 18 columns and 3 463 000
samples that capture the daily state and load of base nodes.

The data comes from real-world historical data. Feature space consists of the number of
transreceivers, daily general processed traffic, traffic used in full rate connection and traffic used in
half rate, daily volume of GPRS data, volume of EDGE data, control channel traffic and connection
success rates statistics. The target columns include the daily blocking rate and half-rate usage rate.

Since all the traffic data is provided in the sum of Erlang over one day, these statistics can
hardly provide insights into the load on the base station. The erlang may have the same value
regardless weather the daily load was evenly distributed or had a spike in a busy hour. Thus,
predicting blocking (when the system couldn’t process a new call) and the percentage of all load
processed in half-rate mode (when the number of connections exceeded the threshold to process it
in the full rate mode) were considered as target values.
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Figure 1: Averaged Autocorrelation Function for BS traffic (left) and its first derivative (right).



In order to avoid data leak cells were sorted by the first and the last date. So that after splitting
cells on train and validation, the cells that were put into operation later were mainly or completely
presented in the validation set. Next, samples were split by cells and a split date. Dates range from
2021-01-26 to 2024-10-09. The split date is 2024-05-01 in order to split the data into 40 months of
training and 4 for validation and testing,.

Each cell time series was lagged separately to create a prediction data set and used as a separate
series to train or test on.

In order to determine the optimal look-back window for the models to use, we conducted a
series of autocorrelation analyses of the data. To visualise more than 2500 separate time seriases
each of them was separetely applyed to the autocorrelation function (ACF). Then the ACF results
were averaged for each parameter and target that was analysed.

According to the average ACF results on Figure 1, all features that represents work load on a
base station has 7 day long seasonality. Hence, it were desided to choose a look-back period in 7
records since it fully covers a season and will provide enough context.

2.2. Models

To predict the future stress load on a base station, several machine learning models were selected.
LightGBM was chosen as the baseline due to the success of similar gradient boosting models in
time series forecasting within the GSM domain, as demonstrated in [16]. For time series
forecasting, two deep learning models known for their strong performance in this domain were
chosen: LSTM [17, 18] and Temporal Convolutional Network (TCN).

LightGBM was configured as a multi-output regressor, where each target output was learned
independently, and the depth of the trees was not limited. The LSTM and Temporal Convolutional
Network models were set to predict pairs of blocking and half-rate usage.

All three models were designed to predict values one day ahead, as described in the data section.

2.3. Evaluation metrics

Mean Squared Error (MSE) was used as the loss function for training all three models. In the same
way, early stopping was based on validation MSE [19].

Validation metrics were calculated over each series, as well as base station historical data,
separately and then the mean value over all cells. In that way result can be analysed in detail for
each node as well as correctly represent generalisation capabilities with its STD over validation and
test cells.

2.4. Evaluation metrics

Firstly, to determine the optimal input window (look-back period), we performed an
Autocorrelation Function (ACF) analysis on the raw time series. As noted by [20], the ACF
measures the correlation between a series and its lagged version. To identify the dominant
seasonality across the entire dataset, we calculated the Average ACF. This was achieved by
computing the ACF for each individual base station cell and then averaging the correlation
coefficients at each lag across the N cells:

1 < (1
ACF==Y ACF,(k),

N i3

where k is for time lag, N is the total number of time series, A F.(k) is the autocorrelation

coefficient for cell i at lag k.



The analysis revealed a significant spike at k multiple of 7, representing a strong 7-day
periodicity at daily resolution. Consequently, it was fixed as the model context window of 7 days to
capture these weekly cycles.

Secondly, SHAP (Shapley Additive Explanations) was utilised to interpret the decision-making
process of the TCN and LSTM models, as was successfully done in [21]. SHAP assigns each feature
an importance value for a specific prediction by calculating the contribution of that feature across
all possible combinations of inputs. These values were used to compare feature importance
between "normal” prediction segments and high-error segments to determine if the models adapted
their logic during periods of high volatility.

Finally, to quantify the distribution shift between the training and validation sets, the
Normalised Wasserstein Distance (also known as Earth Mover's Distance) [22] was employed. This
metric measures the cost of transforming one probability distribution into another, which requires
no prior knowledge for detecting anomalies, as applied in anomaly detection models [23].

For each feature, the distance was calculated to identify which variables drifted most
significantly. A higher distance score indicates a more severe Out-of-Distribution (OOD)
distribution, signalling that the data has changed beyond the “familiar” to the model set [24].

3. Experimental Results

LightGBM, LSTM and TCN were trained on time series of historical load and configurations of 2364
base stations to predict the next day blocking rate and half rate usage percentage.

Despite the fact that the LightGBM was selected as a baseline model, it suppressed the deep ML
models. Table 1 shows the LGBM result over all test cells in comparison to the other models.
LightGBM achieved the lowest MSE and RMSE. It indicated that this model provides the most
accurate stress load prediction among the tested models, except for insignificantly less consistent
HR Usage Rate prediction accuracy. This may be due to the fact that most of the base stations have
similar configurations and load patterns that help the model to fit more precisely to the historical
data. However, higher RMSE STD suggests that some new or unfamiliar base station traffic
patterns make it more difficult to generalise compared to TCN.

LSTM presented the worst results among models. However, the biggest difference (Blocking
RMSE std) in forecasting accuracy is only 0.4% less accurate compared to the LSTM.

TCN acquired similar errors with a difference of just over 0.5% (HR Usage RMSE) compared to
the LightGBM. while producing more stable results with the lowest STD for HR Usage Rate. The
results suggest that the convolutional model achieved better generalisation over data with 0.19%
more stable predictions. However, the blocking rate shows 0.12% higher mean error and a
difference in STD across the test data on 0.08% higher.

Table 1
Error Comparison for 7 Day Context Window
Model HR Usage Rate Blocking Rate

MSE std RMSE std MSE std RMSE std

LightGBM  0.0048 0.0070 0.0534 0.0445 0.0001 0.0003 0.0058 0.0085

LSTM 0.0055 0.0073  0.0592  0.0443 0.0002 0.0007 0.0081 0.0125

TCN 0.0052 0.0072  0.0586 0.0426 0.0001 0.0003 0.0070 0.0093




3.1. Error analysis

While models performans mostly located under 2% error, HR Usage Rate forecasting shows a wide
dispersion of quality. According to Figure 2, the error distribution for HR Usage is nearly identical
for all three models.
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Figure 2: Distribution of RMSE Loss on Test Data Across LightGBM, LSTM, and TCN Models.

A deeper analysis discovered that for all the models, the series that brought errors in the 4th
quartile and the upper outliers are mainly the same 57 cells. That 18.27% validation BS that models
cannot reliably predict with more than 10% error.

SHAP analysis uncovered that models use the same features with minor rank differences for
both high error cells and normal cells. Displated on Figure 3 presents insights that models mostly
rely on information from past values of the target value (it's true for both targets), and the biggest
impact on the prediction has the latest value of the target. Overall, concentrating on the values of
the traffic seems a valuable strategy. Hence, it suggests that data itself has changed distribution
with drifted values.

To quantitatively assess the possibility that data drift is present in the validation data, the
Wassenstein was utilised. As shown in Table 2, almost all of the input columns were drifted except
for the immediate assignment success rate and the temporary block flow rate. This suggests that
the models are being tasked with generalising to "unseen" data.
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Figure 3: LightGBM SHAP analysis for drifted validation (left) and normal (right).

Table 2
Wassershtein based data drift detection.
Feature Drift Data Feature Drift Status
Score Drift Score
hr_usage_rate 0.59422 Detected | edge_data_volume_Mbytes 0.41826 Detected
tch_blocking_rate 0.34897 Detected | full rate tch_traffic_erl 0.37305 Detected
tbf_drop_rate 0.78199 Detected | sss_proc_succ_rate 0.28629 Detected
tbf success_ratio 0.78199  Detected | call_setup_success_rate 0.28450 Detected
tch_traffic_erl 0.70040 Detected | gprs_data_volume_Mbytes 0.25557 Detected
half rate tch_traffic er 0.58999 Detected | ass_succ_rate 0.21422 Detected
1
dropped_call_rate 0.45835 Detected | imm_ass_succ_rate 0.08939 Not
Detected
SDCCH_traffic_erl 0.44026 Detected | tbf_blocking_rate 0.05147 Not
Detected

A further analysis of the high-error segments revealed that performance degradation is not
stochastically distributed but is instead localised within a specific temporal window, primarily
between days 60 and 80 of the validation set. That segment has significantly higher mean values
and high-amplitude oscillations in opposing directions.

These characteristics (shown in Figure 4) differ from the dynamics observed in the training set.
Firstly, there is a mismatch in the rate of change: within the high-error validation window, the data



underwent a 30% HR usage change over a 20-day period. In contrast, the most extreme transition in
the training set was a 20% shift occurring over the span of 75 days. This suggests that because the
models were trained on slower, more stable transitions, they cannot accurately predict these faster,
"unnatural” jumps.
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Figure 4: Average HR Usage Rate across cells on validation (up) and the most active region of
the train set (down).

Multiple experiments varying the complexity of the LSTM and TCN architectures, including the
number of layers and hidden units, were conducted. The results showed in Figure 5, no significant
correlation between model complexity and forecast accuracy. Aside from very simple models that
lacked the capacity to learn patterns, increasing the size of the models did not improve
performance.

This plateau provides further evidence that the high error rates are not caused by architectural
limitations. Instead, the errors are driven by the changing nature of the data distribution. Because
the model failures are data-driven, simply increasing model parameters is an ineffective solution.
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3.2. Discussion

The common way to deal with “unseen” data patterns is to add them to the training. While adding
anomalous data to the training set might offer a temporary fix, a more systemic approach is needed
for real-world deployment. Since increasing model complexity does not solve the data-level issues
that were identified, future work should focus on a complex system that may include a "Human-in-
the-Loop" (HITL) [25] monitoring framework.

This system would include an automated OOD detection layer to monitor data in real-time. If
the system detects a significant distribution shift or a spike in volatility, it would trigger a
confidence alert. This notifies human operators to intervene and simultaneously marks the
anomalous data for model retraining. This approach shifts the focus from chasing small
improvements in MSE to ensuring system reliability through active dataset enhancement.

The HITL approach for GSM management parallels the use of machine learning in Clinical
Decision Support Systems (CDSS), where ML models augment rather than replace clinicians by
providing real-time alerts and risk assessments  [26]. Similarly, this framework allows
telecommunication operators to ensure that automated systems support, rather than override,
expert intervention during network instability.

Future research should focus on developing advanced techniques to minimise the impact of data
drift on forecasting systems. This includes designing robust methods for accurate drift detection
and creating effective tools for mitigation, thereby ensuring the forecasting system remains reliable
and up-to-date.

4. Conclusions

In this study, we evaluated machine learning and deep learning models for predicting GSM
network stress load. LightGBM, LSTM, and TCN were assessed based on their predictive
performance using Mean Squared Error (MSE) and Root Mean Squared Error (RMSE) as evaluation
metrics.

The results indicate that LightGBM achieved the lowest MSE and RMSE for both HR Usage Rate
and Blocking Rate targets. However, TCN and LSTM performed competitively. All three models
showed an error for Blocking Rate 0.02+0.07%, while for HR Usage Rate, 6+4% error. Higher HR
Usage error led to in depth analysis of the problem of the higher error timeseriases that consists of
just over 18% of all BS cells in the validation set.

Further analysis of RMSE distributions revealed that all three models reached a performance
plateau due to data characteristics. This was enforced with SHAP analysis that demonstrated that
models in prediction for each target mainly look at that target's previous values and workload. In
addition to HR usage itself having unusual behaviour, most of the features were drifted according
to the normalised Wasserstein test.



In conclusion, increasing model complexity or training data span is not a complete solution for
real-life time series. Instead, robust forecasting systems must integrate automatic OOD detection
and human-in-the-loop notifications. This approach ensures that when the data distribution shifts
beyond the model's learned experience, the system can alert operators and initiate retraining rather
than providing unreliable forecasts.
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