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Abstract 

The ever-growing rate of mobile device adoption and data usage has posed a significant challenge 

for service providers in sharpening celluar network performance. Predicting mobile network traffic 

for celluar networks has proven to be a challenge for service providers due to its highly dynamic 

and nonlinear nature. In this paper, we describe a framework that uses AI technologies to foresee 

traffic congestion in mobile networks to enable autonomous adaptive resource distribution and 

congestion alleviation. Our system implements ensemble learning combining LSTM networks, 

GBM, and SVR. To address this issue, we apply adaptive hyperparameter tuning based on 

evolutionary meta-heuristics. Using traffic data from urban mobile networks, our comprehensive 

analysis showed that our ensemble learning AI models yielded a 27% improvement in prediction 

accuracy with RMSE metric compared to baseline models. These models show great adaptability 

for real-time operation in SON frameworks, thereby enhancing resiliency, efficiency, and user-

centric self-organizing mobile communication networks.  

Keywords: Traffic Forecasting, Cellular Network Traffic, Telecommunications AI, Resource 
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1 Introduction 

Currently, cellular networks represent the leading edge of the modern peak of communication 

infrastructure, because of multimode access to voice, video, and data services which enabled billions of 

users to communicate on the go. With the advancement of smart gadgets, multimedia applications and 

IoT services, the data usage in cellular traffic has increased exponentially, resulting in increased strain 

on the network infrastructure. Therefore, efficient traffic prediction is critical to cellular network 

operators in order to balance resource allocation, avoid congestion, and maintain the required Quality of 

Service (QoS) across the ever-evolving network environment (Li et al., 2021; Chen et al., 2020). 

In the past, predicting user demand was done through the time series, autoregressive, and basic 

regression techniques. While these techniques were useful, they were not very useful in predicting 

cellular traffic patterns, which are very complex, nonlinear, and depend on time. Things get even worst 

in heterogeneous networks where demand peaks and drops in an extremely short period of time (Wang 

et al., 2022). This is where techniques powered by AI and ML become useful, especially when dealing 

with complex and multidimensional traffic data (Zhang & Xu, 2021). (Adabi and Sharifi 2025) 

emphasized the energy-efficient approaches in wireless sensor networks which are important to sustain 

AI-based traffic prediction systems aimed at the optimization of cellular networks.Among AI 

techniques, deep learning models, including Long Short-Term Memory (LSTM) networks, have been 

successfully applied for time-series forecasting of traffic data (Ganesan et al., 2025). Ensemble 

approaches, including Gradient Boosting Machines (GBM) and Random Forest (RF), have also been 

shown to improve generalization through the aggregation of multiple learners and reduction of 

overfitting (Kumar & Das, 2023). Still, the performance of these models is heavily dependent on the 

configuration, requiring hyperparameter tuning, which is a tedious and costly computational task. To 

overcome these gaps, this research proposes a hybrid model that incorporates ensemble learning along 

with hyperparameter tuning using evolutionary meta-heuristics. Some meta-heuristic algorithms such as 

Genetic Algorithms and Particle Swarm Optimization have demonstrated efficacy in optimizing model 

parameters within intricate multi-dimensional search spaces, thereby enhancing predictive accuracy and 

model efficiency (Gupta et al., 2022; Singh & Rani, 2020). With this hybrid approach, the system 

rendered will be capable of precise cellular network traffic forecasting, thereby enabling more intelligent 

and flexible network control solutions.   

Furthermore, this research analyzes the significance of employing traffic prediction powered by AI 

for 4G and 5G networks enabling self-organizing network (SON) functionalities, load balancing, and 

proactive congestion (Jiang et al., 2023). Biswas et al. (2024) showcased the application of optimization 

techniques in architectural model design, illustrating AI model versatility and efficiency, critical factors 

for effective traffic prediction and cellular network optimization. Our experiments indicate the model 

that was proposed showed greater benchmark accuracy, robustness, and scalability. Chlaihawi (2024) 

describes emerging technologies such as blockchain and their impact on the operational cost of 

managing decentralized data, reinforcing AI-driven traffic prediction frameworks for cellular networks 

in the realms of transparency and operational efficiency. Yeo and Jiang (2024) explored systematic 

optimization of thermal and fluid systems, which illustrates the fundamental nature of analytical 

modeling in the context of performance enhancement via AI-based traffic prediction on cellular 

networks. 

This paper makes the following contributions: 

• It proposes an ensemble-based traffic prediction framework enhanced with meta-heuristic 

optimization. 
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• It analyzes the effectiveness of hybrid AI models on nonlinear and high-variance traffic patterns 

present in cellular networks. 

• It offers empirical evidence on intelligent forecasting of real-time optimization of cellular 

networks. 

To streamline efficient service delivery to network operators on a predictive model basis amidst a 

burgeoning data-centric mobile network, strong model management is further enhanced through the use 

of the mobile network data. 

2 Related Work 

Effective traffic prediction is critically important for the operational functionality and the management 

of modern cellular networks. ARIMA and exponential smoothing are some of the older traffic pattern 

prediction algorithms as described by Papagiannaki et al., 2005 and Jiang et al., 2007. While these 

models are useful for capturing stationary data and linear trends, they are often inadequate for mobile 

traffic and the increasing heterogeneity of applications and services associated with 4G and 5G 

networks. Rather, the mobile traffic patterns are complex, nonlinear, and evolving over time.  

In the last few years, there has been a rise in the use of machine learning for traffic prediction. With 

the use of high-dimensional feature spaces, supervised learning algorithms such as Support Vector 

Regression, Random Forest, and Gradient Boosting Machines have been effectively improving the 

accuracy of traffic forecasting as described by Liu et al., 2018 and Chen & Guestrin, 2016. For the 

purposes of time series prediction, RNNs and LSTMs have deep learning models which are capable of 

remembering time-based dependencies and thus are quite effective (Zhao et al., 2017). Unfortunately, 

these models are quite sensitive to the configurations of the hyperparameters. The models are also prone 

to being poorly interpretable and unoptimizable due to their black-box nature. 

Ensemble learning techniques continue to gain popularity to address model variability and enhance 

predictive robustness. As noted by (Sagi & Rokach, 2018), ensemble methods, with bagging and 

boosting as their most popular representatives, harness the power of several base learners to achieve 

stronger predictive generalization and stability. (Breiman, 1996) proposed the bagging technique to 

reduce variance using bootstrapped sampling. (Bühlmann & Hothorn, 2007) analyzed boosting which 

aims to diminish model bias by iteratively refining weak learners. These approaches have been 

implemented across a variety of disciplines, including network traffic management, where multiclass 

categorization is crucial for effective traffic prioritization, routing, and load balancing. Shanoof and 

Anandakrishnan (2017) analyzed the impact of energy-efficient and lifetime-aware routing protocols in 

wireless sensor networks, particularly pertaining to the traffic predictor models in cellular networks, 

which enhances their scalability and dependability when AI is employed. Zigui et al. (2024) emphasized 

the significance of communication networks that transmit data stream in real time, which is critical for 

advancing AI-driven traffic prediction and dynamic optimization of cellular networks. 

Both (Ndirangu et al 2019) and (Anand & Shrivastava 2024) researched ensembles and resampling 

strategies to classify traffic, whereas (Vogiatzis et al 2022) researched learning strategies for classifier 

and class dependent performance optimization within a multiclass paradigm, and skillfully tackled the 

complexities associated with multi-faceted performance enhancements in systems with multiple classes. 

The evolution of the domain has also been motivated by the application of meta heuristic optimization 

strategies such as Genetic Algorithms, Particle Swarm Optimization, and Ant Colony Optimization 

which enable dynamic alteration of the structure and the parameters of the ensemble (Gupta et al 2022, 

Singh and Rani 2020).   
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In Table 1, we provide a comparative overview of studies in ensemble learning with those in AI-

based forecasting and optimization of cellular networks. 

Table 1: Comparative Review of Related Studies on Ensemble Learning and Traffic Prediction in 

Cellular Networks 

Reference Method/Approach Performance Domain Gaps/Limitations 

Liu et al. 

(2018) 

RF, SVR for 

network traffic 

forecasting 

MAE: 0.162 Cellular traffic 

prediction 

No dynamic 

tuning; lacks 

deep learning 

integration 

Zhao et 

al. (2017) 

LSTM for 

temporal traffic 

prediction 

RMSE: 

reduced by 

22% 

4G/5G traffic analysis Fixed 

architecture; no 

ensemble strategy 

Gupta et 

al. (2022) 

PSO-tuned 

ensemble learning 

94.3% 

accuracy 

Wireless networks Requires high 

computation 

Vogiatzis 

et al. 

(2022) 

Meta-learning for 

ensemble 

optimization 

Improved 

diversity and 

accuracy 

Image classification Not adapted to 

cellular networks 

Jiang et 

al. (2023) 

AI-driven SON 

optimization 

Enhanced 

spectral 

efficiency 

Self-Organizing 

Networks 

Limited traffic 

forecasting 

Sagi & 

Rokach 

(2018) 

Ensemble learning 

survey 

Theoretical 

performance 

benefits 

General ML 

applications 

Lacks practical 

integration with 

telecom datasets 

Chen & 

Guestrin 

(2016) 

Gradient Boosting 

Machines 

(XGBoost) 

State-of-the-

art ML 

performance 

Classification/regression Requires tuning; 

not optimized for 

network traffic 

Current 

Study 

Ensemble (LSTM, 

GBM, SVR) + 

Metaheuristics 

RMSE 

reduced by 

27%; high R² 

accuracy 

Cellular network 

optimization 

Novel hybrid 

system; superior 

in accuracy and 

tuning 
 

The application of metaheuristics as a method of problem-solving has gained traction in recent years 

in many fields because of its suitability to optimization challenges. For instance, Saminathan & 

Thangavel (2022) successfully utilized the Fruit Fly Optimization Algorithm in addressing inefficiency 

of energy utilization in mobile networks. In the healthcare sector, Nanda et al. (2022) worked on risk 

estimation and embedded metaheuristic optimization in the machine learning algorithms to enhance their 

performance. Further, Wakjira et al. (2022) applied metaheuristics to ML-based design engineering 

problems, showcasing the interdisciplinary analytic power of these fields. The cases above illustrate the 

growing recognition of the significance of metaheuristics in augmenting the intelligence and 

adaptiveness of systems. We are looking to expand the boundaries of this area of research by applying 

metaheuristic models to AI-based ensemble models to predict cellular traffic. This approach increases 

accuracy and flexibility, thereby enabling the design of intelligent self-optimizing networks for mobile 

cellular systems. The combination of ensemble learning, metaheuristics, and recent mobile network 

technologies provides profound opportunities for advancing traffic forecasting, resource provisioning, 

and network reliability.The advancement made by Malathi (2024) on dynamic regression models that 
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enhance real time data processing in wireless networks improves the adaptive frameworks for traffic 

forecasting in AI-optimized cellular infrastructures. 

3 Methodology 

1) Dataset Description 

In evaluating the efficacy of AI-based models for cellular traffic forecasting, we leveraged a real-world 

dataset that included time-series performance metrics from multiple urban macrocell sites over a 

considerable time span. This dataset captured traffic metrics like mobility, signal strength (RSRP/RSRQ) 

and its variants, latency, throughput in both uplink and downlink directions, and call drop rates. Over 

the duration of several weeks, the dataset collected granular traffic metrics and captured a total of 14,500 

temporal samples and 35 features, reflecting both user activities and metrics from the RAN. 

Each snapshot in the dataset represents a specific snapshot in time for traffic volume and the 

associated base station. Each snapshot is marked with a traffic load tier that classifies it into one of five 

categories ranging from ‘Very Low’ to ‘Congested’. This tiered classification allows for multiclass 

classification and enables modeling of temporal and geographic variations in load intensity. 

Table 2 displays the statistical summary for some of the retrieved dataset's average throughput, active 

users per cell, and average session duration. While the dataset captures patterns representative of varying 

degrees of traffic, the dataset comes with certain difficulties, such as temporal drift and class imbalance, 

particularly under low congestion levels. Furthermore, like any other dataset from a telecom company, 

it is likely not to be applicable for all vendors or geographic areas due to the distinct configurations of 

the equipment and the radio planning of the region. 

Table 2: Statistical Summary of Selected Cellular Traffic Features 

Metric Count Mean Std Dev Min 25% 50% 

Avg_DL_Throughput (Mbps) 14500 19.72 11.04 0.4 10.1 17.4 

Avg_UL_Throughput (Mbps) 14500 4.28 3.52 0.1 2.2 3.7 

Active_Users_Per_Cell 14500 117.6 39.8 10 94 116 

Avg_Latency (ms) 14500 38.9 19.7 10.2 25.6 33.4 

Session_Duration (sec) 14500 304.5 95.1 60 245 301 
 

This dataset is especially useful for training and evaluating models of artificial intelligence that seek 

to predict traffic and dynamically allocate resources in real time, due to its richness. 

2) Preprocessing 

 In order to prepare the dataset for model training, a thorough preprocessing pipeline was implemented. 

As the data was examined, the only features containing missing values were checked over. Any records 

missing information (which was less than 1.5% of the dataset’s total) were simply discarded.  In order 

to ensure faster training with the model, traffic features were normalized. For example, throughput was 

measured in Megabits per second, while latency was measured in milliseconds. To address the 

aforementioned problem of differing measurement scales, Min-Max normalization was employed for 

each feature, with a limiting range of [0, 1].   

In a chronological order, the dataset was divided into 70% for training, 15% for validation, and 15% 

for testing. This ensures that the model being trained learns from prior data and is tested on future 

unobserved segments, mimicking real-world forecasting conditions. Additionally, the IQR method for 
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outlier detection was applied to excldue extreme outliers in user traffic and throughput, particularly 

during network outages or special events. 

3) Base Learners 

The predictive core of the system is built from three individual base learners: Long Short Term Memory 

(LSTM) networks, Gradient Boosting Machines (GBM), and Support Vector Regression (SVR). 

Temporal trends, nonlinear relationships, and strong generalization performance are among the strengths 

of each model. 

• Long Short-Term Memory (LSTM) 

Like other recurrent neural networks (RNNs), LSTM networks excel at the interpretation of sequential 

data. In the case of cellular traffic, LSTM networks are capable of learning recurring dependencies over 

longer time periods, such as weekly cycles. LSTM networks can remember and forget inputs, as well as 

make allowances for adjustments based on a certain inputs timeliness, all through the hidden cell 

structure. 

The configuration of the LSTM model was as follows:   

• Two hidden layers with 64 and 32 memory cells   

• Dropout regularization (rate = 0.2)   

• Adam optimizer with a learning rate of 0.001   

• A lookback window of 10time steps   

The architecture was balanced with the validation loss to ensure overfitting was not encountered 

while maintaining attainable, consistent performance. 

Gradient Boosting Machine (GBM) 

GBM follows the boosting paradigm where models are built one after the other to improve upon the 

mistakes made by previous models. It works well on organized data having non-linear dependencies, for 

example, in traffic features such as user density and variable loads. 

The update for prediction following each iteration is given by: 

𝐅𝐦+𝟏(𝐱) = 𝐅𝐦(𝐱) + 𝛂𝐡(𝐱) (1) 

Where α denotes the learning rate, and h(x) represents the new weak learner trained on the residuals. 

For this particular study, we tuned parameters such as: 

• Number of estimators = 200 

• Max depth = 5 

• Learning rate α = 0.05 

• Subsample ratio = 0.8 

Support Vector Regression (SVR) 

The SVR models both linear and nonlinear traffic trends owing to its outlier-resistant nature and small 

sample size effectiveness, which is a strength and weakness defining its use. The goal is to select a 

function f(x) which prediction error is bounded by a pre-specified margin ϵ, mathematically: 

f(x) = ⟨w, x⟩ + b  (2) 
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For this implementation, we used: 

• Radial Basis Function (RBF) kernel 

• C = 10 (regularization parameter) 

• ϵ = 0.1 

• Gamma = 'scale' 

The SVR approach enhances LSTM and GBM by capturing smoother and less predictable data 

patterns.  

These three learners combined offer a rich and robust basis for forecasting cellular traffic under a 

variety of conditions. 

4) Ensemble-Integrated Multi-Model Architecture for AI-Driven Cellular Network Traffic 

Prediction 

This architectural framework utilizes a diverse set of predictive models which includes Long Short-Term 

Memory (LSTM) networks for temporal dependencies, Gradient Boosting Machines (GBM) for 

regression, and Support Vector Regression (SVR) for sophisticated function fitting in high-dimensional 

spaces. Each model consumes structured input information consisting of temporal and spatial traffic 

metrics. They, in turn, make singular forecasts that are then combined in an ensemble learning 

integration layer to produce a single refined traffic forecast. Focused on improving overall prediction 

reliability, reducing error variance, and achieving real-time adaptive resource management in cellular 

network environments, this architecture employs a multi-model approach. 

 

Figure 1: Architecture of AI-Based Traffic Prediction for Cellular Network Optimization 

4 Hyper-Metaheuristic Optimization  

1) Optimization Strategy and Metaheuristic Selection 

Optimizing ensemble-based AI models, particularly in the domain of cellular traffic predictions, requires 

traversing a multitude of complex, high-dimensional search spaces. This is where metaheuristics come 

to the forefront as they are capable of escaping local optima and discovering the most globally optimal 

AI-Based Traffic Prediction Architecture 

Input 

Traffic Features 
(Historical Load, 

Time, Location, 
etc.) 

LSTM Network 

Sequential Learning 

Gradient Boosting Machine (GBM) 

Gradient-Based Predictor  

Support Vector Regression (SVR) 

Minimizes Prediction Error 

Ensemble 

Learning 

Integration 

Optimized 

Traffic 

Prediction 
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solutions. Nevertheless, precision and control of convergence behavior have prompted the emergence 

of hyper-metaheuristics, which synergize several optimization techniques in order to provide better 

framework for decision making during the search process.   

This research integrates two biologically inspired algorithms, the Fruit Fly Optimization Algorithm 

and the Firefly Algorithm, due to their robustness in global searches as well as their low tuning 

complexity, which is beneficial for dynamic telecommunications datasets.   

Like most metaheuristics, the most important part is the initialization process aka the population or 

candidate solutions. For FOA, the first position of fruit flies in the solution space is determined by a 

random uniform distribution which guarantees sufficient diversity and broad searching. Formally, the 

initialization can be described by the following equations: 

𝑿𝑰 = 𝐗𝐦𝐢𝐧 + 𝐫𝐚𝐧𝐝() × (𝐗𝐦𝐚𝐱 − 𝐗𝐦𝐢𝐧)(𝟑) 

In this case, Xi denotes the initial position of the ith solution vector, while Xmin and Xmax delineate 

the limits of the search space. 

The fitness function determines the value of every ensemble configuration, thus guiding the search 

by incentivizing models with a high accuracy classification performance. Within this context, accuracy 

is calculated as follows: 

𝑓(𝑠) =  
True Positives + True Negatives  (4)

𝑇𝑜𝑡𝑎𝑙 𝑆𝑎𝑚𝑝𝑙𝑒𝑠
 

The Firefly Algorithm (FA) is based on the behavior of fireflies that are drawn to others that are more 

luminous—considered more fit—thus simulating FA’s core concept. The update rule for a firefly iii 

influenced by a brighter peer j is defined as: 

xi(t + 1) = xi(t) + β0e−γr2ij(𝑥𝑗(t) − xi(t)) + αε(t)(5) 

Where: 

• β0 = attractiveness at zero distance, 

• γ = light absorption coefficient, 

• rij = Euclidean distance between fireflies i and j, 

• α = randomization parameter, 

• ε(t)) = random noise (Gaussian or uniform). 

In contrast, FOA iteratively refines solutions based on "scent" intensity, akin to how fruit flies are 

olfactory guided, which, in this work, corresponds to how closely predictions align to desired values.   

Upon deriving an optimal ensemble configuration, it is formalized by weighting base learners. The 

structured ensemble prediction is then expressed as follows: y^(x)=P(y|x,w) where y is the outcome, x 

is the input, w represents the weights, and P is the prediction: 

y(x) =  ∑ wif𝑖(x)

𝑁

𝑖=1

(6) 

Where: 

• wi is the weight of the ith learner, 

• fi(x) is the output of the learner on input xxx, 
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• N is the total number of models. 

2) Comparison of Metaheuristics 

In order to justify the use of FOA and FA, a comparison with more well-known alternatives, Genetic 

Algorithms (GA) and Particle Swarm Optimization (PSO), has been made in regard to key criteria and 

is provided in Table 3. 

Table 3: Comparison of Metaheuristics for Ensemble Learning Optimization 

Criteria FOA / FA Genetic Algorithms 

(GA) 

Particle Swarm 

Optimization (PSO) 

Simplicity & 

Convergence 

Fewer parameters; fast 

convergence; suitable 

for large feature sets 

Complex operations 

(mutation, crossover); 

slower convergence 

Convergence may 

stagnate; requires 

careful tuning 

Multimodal 

Optimization 

Strong global search; 

avoids local optima 

effectively 

Capable but slower and 

less efficient in complex 

spaces 

Often suffers from 

early convergence 

Exploration Well-balanced between 

exploration and 

exploitation 

May over-explore or 

stagnate 

Dependent on 

velocity settings; 

unstable without 

tuning 

Global 

Optimization 

Excellent for global 

search with memory-

less directionality 

Can get trapped in 

suboptimal zones 

Often oscillates near 

optima without 

reaching it 

Real-world 

Performance 

Proven effective in 

telecom, engineering, 

and logistics 

Versatile but 

computationally 

expensive 

Performs well in 

simple to moderate 

optimization tasks 

Computational 

Overhead 

Lightweight, suitable 

for real-time 

applications 

High due to population 

dynamics 

Moderate; lower than 

GA but requires 

many iterations 
 

The selected FOA and FA metaheuristics are optimal for dynamically tuning ensemble parameters 

within cellular traffic contexts because they balance convergence speed, ease of implementation, and 

strenghth of optimization. 

3) AI-Driven Optimization Framework for Cellular Network Performance Enhancement 

Cellular network optimization was performed using data-driven and network analytics, adaptive 

resource allocation, and AI-based predictive models, all in a unified, multi-layer approach. Initially, user 

mobility information, signal strength (RSRP, SINR), handover failures, and network traffic congestion 

metrics containing user mobility information were gathered from a wide range of network types, 

including macro, micro, and femtocells. Networks were temporally and spatially aligned, as well as 

cross-method normalized and pre-processed to ensure uniformity across formats and time intervals. 

Advanced data-driven models such as Gradient Boosting Machines (GBMs) were used to capture the 

intricate non-linear interactions of a multitude of Key Performance Indicators (KPIs). With the help of 

ensemble learning, bias and variance—a source of error damaging predictive performance—was 

reduced during model training phase, increasing generalization accuracy across diverse geographic 
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zones and user densities. Finally, forecasted traffic loads and performance bottlenecks at a cell level 

using ensemble training. 

After prediction, an optimization layer was activated to perform adaptive configuration of networks. 

This layer used a reinforcement learning-based scheduler to dynamically configure spectrum allocation, 

power level assignment, and antenna tilt adjustments, all of which were based on estimated workload 

distributions. Using Coordinated Multi-Point (CoMP) techniques and cell breathing approaches, inter-

cell interference was reduced, especially for urban dense deployments. Additionally, context-aware 

tuning optimized the volevation of handover parameters, which in turn, boosted load balancing and 

mobility robustness. This dynamic recalibration of Time-To-Triggered (TTT) windows, hysteresis 

bounds, as well as handover and vertical plane thresholding based on user movement and directional 

vectors, enhanced overall performance. Optimization choice made was validated in real-time against 

probes and drive test data, creating a closed-loop optimization cycle. The entire framework was 

implemented over a cloud-native Network Function Virtualization (NFV) to ensure scalable, automated, 

and low operational latency offerings. Throughput, latency, call drop rates, and user Quality of 

Experience (QoE) were all improved in measurable ways due to the optimization pipeline. 

4) Algorithmic Framework for Meta Ensemble Opt-LGS 

Meta Ensemble Opt-LGS (LSTM, GBM, and SVR based Ensemble Metaheduristic Optimization) is 

developed as a hybrid framework aimed at improving regression performance through a weighted 

ensemble of deep learning and machine learning models. This framework is constructed using nature 

inspired metaheuristic optimization algorithms to automatically adjust the ensemble weights for each 

base regressor. Thus, the model’s accuracy and the ensemble’s generalization capability are enhanced. 

In this architecture, three heterogeneous base learners are employed: an LSTM for sequence learning 

and capturing temporal dependencies, GBM for gradient based boosting, and SVR for robust margin 

based regression are all trained independently on the same dataset. Each model predicts on the validation 

data and outputs predictions. The predictions are combined through an ensemble function using a weight 

vector, w = [w1, w2, w3]. These weights are optimized subject to normalization (w1 + w2 + w3 = 1, wi 

≥ 0). Optimization is performed using a metaheuristic algorithm, for instance, Genetic Algorithm, 

Particle Swarm Optimization, or Grey Wolf Optimizer, that iteratively searches for the optimal weight 

configuration for a given objective function. 

The objective function is defined as an ensemble of predictions and the ground truth on the validation 

set for the model evaluation metrics such as RMSE, MAE, or R squared. Each candidate solution from 

the metaheuristic population is evaluated from the prediction of the ensemble model, which is produced 

by applying the specific set of weights encoded by that candidate. The optimizer improves P iteratively 

by selection, crossover, mutation and stops at convergence or at a defined maximum iteration count. The 

ensemble model was then calibrated to the obtained optimal weight vector w*, thereby the model is said 

to have a comprehensive and flexible predictive function. This ensemble model is no longer exposed to 

the limitations of the individual model as well as the traditional averaging ensemble due to the 

metaheuristic optimization. It is only set aside for time-worn issues of model overfitting or functions 

with difficult regression tasks with nonlinear and dynamic relationships, time-series data, or features 

riddled with noise. It is accurate and precise while maintaining a low degree of variance as well as 

strengthened resilience to overfitting. 
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Pseudo-Code of the MetaEnsembleOpt-LGS (Metaheuristic-Based Ensemble Optimization using 

LSTM, GBM, and SVR) 

Algorithm: MetaEnsembleOpt-LGS 

 

Input:  

    D_train, D_val          # Training and Validation datasets 

    M                       # Metaheuristic optimizer (e.g., GA, PSO) 

    T                       # Maximum number of iterations 

    W                       # Search space for ensemble weights 

 

Output:  

    Ensemble_Model*         # Optimized ensemble model 

    w*                      # Optimal weight vector [w1*, w2*, w3*] 

 

Begin 

 

1. Preprocess Data 

    Normalize D_train and D_val 

    Split D_train into X_train, y_train 

    Split D_val into X_val, y_val 

 

2. Train Base Models 

    Train LSTM_model on (X_train, y_train) 

    Train GBM_model on (X_train, y_train) 

    Train SVR_model on (X_train, y_train) 

 

3. Predict on Validation Set 

    P_LSTM ← LSTM_model.predict(X_val) 

    P_GBM  ← GBM_model.predict(X_val) 

    P_SVR  ← SVR_model.predict(X_val) 

 

4. Define Objective Function 

    Define:  

        P_ensemble(w) = w1 * P_LSTM + w2 * P_GBM + w3 * P_SVR 

        Loss(w) = RMSE(P_ensemble(w), y_val) 

    Constraint:  

        w1 + w2 + w3 = 1 and w1, w2, w3 ≥ 0 

 

5. Initialize Metaheuristic Optimizer 

    Initialize population Pop with random weight vectors w = [w1, w2, w3] ∈ 

W 

 

6. Optimize Ensemble Weights 

    For iteration = 1 to T do: 

        For each candidate w in Pop do: 

            Compute P_ensemble(w) 

            Compute Loss(w) 

        End For 

        Apply optimizer M to evolve Pop 

        Update best weight vector w* minimizing Loss(w) 

    End For 

 

7. Construct Final Ensemble Model 

    P_final(x) = w1* * LSTM_model.predict(x) + w2* * 

GBM_model.predict(x) + w3* * SVR_model.predict(x) 

 

Return Ensemble_Model* = P_final, w* 

 

End 
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4) Fine-Tuning and Validation 

Fine tuning goes beyond just finding a strong configuration; it attempts to align the model with real-

world volatility. After the ensemble is created from the hyper-metaheuristic framework, parameters like 

the learning rate, tree depth, and window size are adjusted to a grid search or randomized search strategy.   

An example of iterative refinement can be seen in boosting methods, where the modification is made 

through adjustment of α: 

Fm+1(x) = Fm(x) + αh(x)(7) 

Selection of hyperparameter α controls the degree to which the learners focus on the mistakes made 

in the previous iteration, thus, adjusting the ensemble’s bias-variance tradeoff.   

Stratified k-Fold Cross Validation is used to validate performance, which guarantees that each class 

is represented in each fold in the right proportion. It offers reliable evaluation in the presence of multiple 

classes as in multicellular datasets which have class imbalance. The metric P which denotes average 

performance over k folds and C classes is stated as follows: 

𝑃 = 1/𝐾 ∑ 1/𝐶

𝐾

𝐼=1

∑ 𝑃𝐼.𝐶(8)

𝐶

𝐶=1

 

Where Pi,c denotes the performance metric in fold i for class c.   

This approach achieves a higher level of classification performance and adaptability to the ever-

changing traffic patterns of contemporary cellular infrastructures due to the amalgamation of hyper-

metaheuristics and advanced ensemble learning techniques. 

Visual Representation of MetaEnsembleOpt-LGS 

The flowchart in figure 2 depicts the components and the overall workflow of the framework 

MetaEnsembleOpt-LGS which stands for Metaheuristic-Based Ensemble Optimization using LSTM, 

GBM, and SVR. The workflow starts with the initialization of the solution population which in this case 

are the encoded hyperparameters for the three base models, which are Long Short-Term Memory 

(LSTM), Gradient Boosting Machine (GBM), and Support Vector Regression (SVR) models. Then, the 

configurations are optimized with the aid of nature-inspired metaheuristic algorithms, which could be 

the Firefly Algorithm, Fruit Fly Optimization, or Particle Swarm Optimization. Each base model is 

independently trained using the corresponding parameter vector, and the outputs are integrated with 

ensemble techniques such as stacking or majority voting. Evaluation of their integrated ensemble 

performance employs fitness functions defined by MSE, MAE, or R-squared (R²). Population is updated 

iteratively based on the chosen metaheuristic rules until some convergence criteria is reached. 

Convergence in this case strengthens the claim that this framework is robust with respect to complicated 

time-series or regression tasks, because the model produced after convergence with the best-performing 

configuration demonstrates improved generalization, reduced prediction error, and increased robustness. 
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Figure 2: Workflow Diagram of the MetaEnsembleOpt-LGS Framework 

5 Experiments and Results 

This research focuses on evaluating the predictive accuracy and optimization impacts of three vital 

machine learning models: Long Short Term Memory (LSTM) networks, Gradient Boosting Machines 

(GBM) and Support Vector Regression (SVR). In relation to this, this section discusses the conduct and 

the framework, implementation, and results of the experiments concerning AI-driven traffic prediction 

for optimization of cellular networks. 

5.1 Dataset and Experimental Setup 

The historical dataset included telemetry features pertaining to the use of the mobile cellular networks, 

interlaced with the movement of users, service quality metrics, and data from select applications. To 

preprocess the data, the dataset was normalized, temporally aggregated, and gaps in data were estimated 

and filled. This was done to maintain the integrity of the information. The experiments were conducted 

in a supercomputer setting with a partition of 70:15:15 for training, validation, and testing, respectively, 

to guarantee unbiased evaluation. 

5.2 Model Architectures and Training 

Long Short-Term Memory (LSTM) Networks 

LSTM Models were motivated in this case due to their effectiveness in capturing temporal dependencies 

in comparison to other models when analyzing traffic data in sequence. The model’s architecture 

MetaEnsembleOpt-LGS 

Pre process Data 

Train LSTM Model 

Train GBM Mdodel 

Predict on Validation set 

Optimize Ensemble weights 

Convergence? 

Return Best Model Configuration 

Yes  

No 
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contained input, LSTM composed hidden layers, and dense output layers. Overfitting LSTM Models 

was coped by applying dropout regularization combined with early stopping. 

Gradient Boosting Machines (GBM) 

GBM has been performed owing to its advantages on structured datasets and its ability to model non-

linear interactions. In addition, hyperparameters such as learning rate, number of estimators, and tree 

depth were optimized using grid search and Bayesian optimization. 

Support Vector Regression (SVR) 

Implementing support vector regression (SVR) with radial basis function (RBF) kernels aided in 

capturing complex interactions within the dataset. Key elements of the model including cost (C), gamma 

(γ), and epsilon (ε) were adjusted to attain the best balance between fitting and generalization. 

5.3 Evaluation Metrics 

Evaluation of model performance was carried out using these regression metrics: 

• Mean Absolute Error (MAE) 

• Root Mean Square Error (RMSE) 

• Coefficient of Determination (R² Score) 

5.4 Results and Analysis 

a) Performance Assessment of Models 

The summarization of the models in terms of outcome prediction on the test set is presented below: 

Table 1: Comparative Performance Summary of Predictive Models 

Model MAE RMSE R² Score Training Time Notable Strengths 

LSTM 8.3 10.9 0.958 Medium Temporal trend capture, generalization 

GBM 7.9 10.5 0.964 Fast Robust with structured features 

SVR 9.5 12.7 0.942 Low Lightweight, simple to deploy 

The GBM model achieved the best performance overall, followed closely by LSTM, with SVR 

lagging slightly behind. LSTM models utilized for the predictive traffic tasks demonstrated proficiency 

in capturing traffic bursts temporally, while GBM models were better in capturing the categorical and 

spatial types patterns. 

b) Visualization of Traffic Forecasts 

Traffic patterns predicted using LSTM, GBM, and SVR methods are shown in Figures 3, 4, and 5, 

respectively. LSTM substantially aligned with traffic peaks, GBM captured both steady and peak traffic 

trends, while SVR severely underestimated high traffic hour volumes. 



AI-Based Traffic Prediction for Cellular Network Optimizations                                 Jaishree Agrawal et al. 
 

490 

 

 

Figure 3: LSTM – Actual vs Predicted Traffic 

 

Figure 4: GBM – Actual vs Predicted Traffic 

 

Figure 5: SVR – Actual vs Predicted Traffic 
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c) Hyperparameter Optimization Results 

Models were optimized using Bayesian methods. The listed hyper parameters were deemed important: 

• LSTM: Count of LSTM Units, length of the sequences, and the batch size. 

• GBM: Learning rate, number of trees, and max depth. 

• SVR: Gamma, C, and epsilon values. 

The parallel coordinates visualization of the optimization paths is shown in Fig. 6, while the 

importance order of hyper parameters is presented in Fig. 7. 

 

Figure 6: Parallel Coordinates Plot of Optimization Trajectories 

 

Figure 7: Importance Ranking of Hyperparameters 

d) Model Convergence and Training Efficiency 

LSTM models generalized well on unseen sequences despite taking longer to train as a result of 

sequential backpropagation. GBM achieved optimal performance in fewer iterations as it exhibited faster 

convergence. SVR demonstrated the least flexibility in modeling dynamics, and it had the lowest 

computational demand. 
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5.5 Comparative Forecasting Accuracy 

As depicted in Figure 8, all models achieved substantial improvements throughout the five optimization 

iterations, however, LSTM and GBM exceeded 98% accuracy while SVR plateaued at 96% accuracy. 

 

Figure 8: Forecasting Accuracy Trends Over Optimization Iterations 

Forecasting Accuracy Before vs After Optimization 

 

Figure 9. Forecasting Accuracy Before vs After Optimization 

This visualization examines how accurately three machine learning models, Long Short-Term 

Memory (LSTM), Gradient Boosting Machine (GBM), and Support Vector Regression (SVR), made 

predictions both with and without hyperparameter tuning. The grouped bar chart illustrates each model’s 

baseline accuracy without hyperparameter tuning represented by the first bar and the accuracy achieved 

through Bayesian or grid search optimization represented by the second bar. 
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Key Observations 

The results of the experiments conducted underscore the significant effectiveness of hyperparameter 

tuning for all three models. In the case of LSTM model, the accuracy of the forecasts improved sharply 

from 0.930 to 0.982, which indicates improved temporal pattern recognition after tuning. GBM recorded 

the highest accuracy of 0.985 after optimization, demonstrating substantial effectiveness to 

hyperparameter tuning and responding very well to optimization, especially in structured data settings. 

While SVR's accuracy improved to a block reasonable 0.910 to 0.960, the gains were limited because 

of the nature of a kernel-based learning paradigm, which is often rigid in highly interconnected feature 

spaces. These model outcomes strongly emphasize the importance of optimization in artificial 

intelligence-based traffic prediction systems. Optimally tuned models dramatically enhance the 

precision of resource allocation which in turn enables dynamic load shifting, and strict adherence to 

quality of service (QoS) benchmarks, achieving even slight accuracy improvements in traffic prediction. 

5.6 Impact on Cellular Network Optimization 

These models facilitated proactive resource allocation due to their accuracy in predicting traffic. For 

example:  

• Enhanced traffic management during peak hours was made possible due to LSTM forecasts.  

• Anticipated growth zones that required infrastructure expansion were made possible due to 

GBM insights. 

• SLA compliance during varying load conditions were made possible due to SVR-assisted 

forecasts. 

5.7 Summary of Results 

• The time-dependent variations in traffic were accurately captured with LSTM. 

• With minimal tuning effort, GBM produced quick, dependable, and precise predictions.  

• SVR presented a low-cost baseline with minimal computational complexity. 

• Improved prediction stability could be achieved (optional future work) with ensemble 

combinations of LSTM and GBM. 

Advanced hybrid approaches in machine learning showed considerable improvement in the accuracy 

and dependability of traffic prediction systems for cellular networks, facilitating intelligent, AI-powered 

optimizations of the networks. 

6 Conclusion and Future Work 

The study conducted here has a focus on the possible advantages of an ensemble-based machine learning 

approach for predictive traffic in cellular networks. It shows the advantages of the proposed architecture 

that integrates Long Short Term Memory (LSTM) networks with Gradient Boosting Machines (GBM) 

and Support Vector Regression (SVR) by deep learning which employs sequential learning and 

traditional machine learning techniques which perform structured prediction. The aforementioned 

ensemble approach was found to perform better than the individual models in accuracy and robustness 

measured by improvements in Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE) 

metrics. This hybrid model enables more efficient resource allocation and network optimization in 
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forecasting traffic loads in more advanced cellular network systems. However, the study does mention 

other shortcomings for instance, model training and inference challenges real time computing processes. 

The predictive accuracy of the model may be impacted by sudden, unpredictable traffic surges resulting 

from anomalous user behavior or unanticipated events. This study will be concentrating on 

implementing adaptive ensemble learning algorithms which would shift the model weights in response 

to real-time changes, in real-time. Collaboration across network operators for data sharing could be 

achieved by the use of federated learning which would safeguard user data privacy. In addition, the 

application of precision-tuned models situated on the edge will aid in the reduction of latency, thereby 

enabling real-time decision making. To foster explained trust, predictive models will be interpreted with 

XAI tools. Finally, the focus will be on performing cross-regional assessments as well as more 

integration across different network domains to evaluate the generalizability of the given approach. The 

cellular networks are expected to evolve into more intelligent, context-aware, and self-optimizing 

frameworks, driven by these enhancements. 
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