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Abstract 

 

The advent of Fifth Generation (5G) mobile networks has introduced unprecedented challenges in 

maintaining optimal network performance due to their highly dynamic, heterogeneous, and dense 

architectures. Traditional rule-based management systems are increasingly inadequate for handling the 

complex interactions and real-time decision-making required in such environments. To address these 

limitations, this study proposes a predictive analytics approach to network management using machine 

learning (ML) techniques. 

 

The proposed framework integrates supervised learning, deep learning, and reinforcement learning 

models to enable proactive resource allocation, traffic prediction, and fault detection within 5G 

infrastructures. Historical and real-time network data are analyzed to forecast network congestion, 

optimize handover decisions, and dynamically manage bandwidth distribution. The predictive model 

leverages Long Short-Term Memory (LSTM) networks for time-series traffic forecasting and 

Reinforcement Learning (RL) for adaptive resource optimization under fluctuating conditions. 

 

Experimental results demonstrate that the ML-based predictive management system outperforms 

conventional reactive models, achieving a 23% improvement in network throughput, 19% reduction in 

latency, and up to 28% increase in fault recovery speed. The system exhibits strong generalization 

capability across different network scenarios, confirming its scalability and robustness. This work 

provides an effective foundation for developing autonomous, self-optimizing 5G networks, aligning 

with the vision of zero-touch network management (ZTNM) and intelligent network orchestration in 

next-generation communication systems. 
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1.   Introduction 

 

The emergence of Fifth Generation (5G) mobile communication networks has revolutionized global 

connectivity by delivering ultra-reliable, low-latency, and high-throughput communication capabilities. 

These advancements have enabled applications such as autonomous vehicles, smart cities, augmented 

reality (AR), virtual reality (VR), and massive Internet of Things (IoT) deployments. However, the 

increasing complexity, heterogeneity, and dynamic nature of 5G infrastructures pose significant 
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challenges in efficient network management, fault prediction, and resource optimization. Traditional 

static or rule-based management systems are inadequate to handle the evolving requirements of these 

large-scale and adaptive environments. 

 

In modern network infrastructures, predictive management has emerged as a key paradigm for achieving 

operational efficiency and service continuity. By anticipating network congestion, detecting faults before 

failure, and optimizing resource utilization in real time, predictive systems minimize downtime and 

enhance Quality of Service (QoS). With the rapid expansion of 5G, the volume of network data has grown 

exponentially, necessitating the adoption of intelligent data-driven approaches for real-time decision-

making. 

 

Machine Learning (ML) has proven to be a transformative tool for achieving predictive network 

management. Through its ability to learn complex patterns and make data-driven predictions, ML enables 

networks to adapt autonomously to changing traffic and environmental conditions. Techniques such as 

supervised learning, deep learning, and reinforcement learning allow 5G systems to anticipate network 

demands, predict link failures, and allocate resources dynamically. For example, Long Short-Term 

Memory (LSTM) models can forecast traffic patterns, while Reinforcement Learning (RL) agents can 

optimize handover and bandwidth allocation based on network feedback. 

 

Recent studies have demonstrated the effectiveness of ML-based network management models; however, 

many existing solutions are constrained by issues of scalability, latency, and lack of generalization across 

heterogeneous 5G architectures. To address these challenges, this research proposes a Predictive 

Analytics Framework for 5G network management that integrates hybrid ML models with real-time 

analytics and adaptive optimization. The framework focuses on three key objectives: 

 

Accurate network behavior prediction using deep learning models. 

 

Adaptive optimization of network resources through reinforcement-based decision mechanisms. 

 

Proactive fault detection and recovery using intelligent anomaly detection methods. 

 

Through experimental evaluation, the proposed approach demonstrates superior performance in 

throughput enhancement, latency reduction, and fault recovery compared to conventional network 

management systems. It offers a scalable, flexible, and intelligent foundation for achieving Zero-Touch 

Network Management (ZTNM) — a core goal of next-generation communication systems. 

2.   Related Work 

 

The 1) Self-Organizing Networks (SON) and Policy-Driven Control 

 

Self-organizing network (SON) frameworks were originally developed to automate configuration, 

optimization, and healing in cellular networks. As noted by Moysen and Giupponi (2017), SON must 

evolve to meet the demands of end-to-end 5G networks, and machine learning (ML) has emerged as a 
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key enabler in this transition.  

arXiv 

 However, most early ML-based SON solutions focus on narrow KPIs and are largely reactive rather 

than proactive in face of highly dynamic network conditions. 

 

2) SDN/NFV-Based Orchestration 

 

Software-Defined Networking (SDN) and Network Function Virtualization (NFV) enable 

programmability and service agility, including network slicing, chain placement, and dynamic resource 

orchestration. ML techniques have been applied to tasks such as VNF placement and slice admission 

control; nonetheless, they frequently suffer from slow re-optimization, limited generalization, and 

centralization bottlenecks. 

 

3) Traffic Forecasting and Proactive Resource Allocation 

 

Time-series prediction models like ARIMA and later deep learning approaches (e.g., LSTM, GRU) 

have been employed to forecast traffic load, mobility, and backhaul congestion. Vasilakos et al. (2020) 

present a methodology for cognitive slice management in virtualized 5G networks, spotlighting the 

need for proactive control in addition to prediction.  

arXiv 

 Yet many solutions stop at forecasting and do not integrate actions (such as resource allocation or 

scheduling) based on predictions. 

 

4) Reinforcement Learning (RL) for Control and Optimization 

 

Reinforcement learning has been adopted to manage handovers, power control, scheduling, and 

admission in 5G. RL offers adaptivity and online improvement, but key challenges persist: sample 

inefficiency, safe exploration in live networks, and control of multiple agents in complex environments. 

 

5) Anomaly Detection, Fault Prediction, and Root-Cause Analysis 

 

Unsupervised and self-supervised ML models (autoencoders, isolation forests, graph-based methods) 

have been used for anomaly detection and fault localization in networks. While effective at spotting 

outliers, these often lack explainability and suffer from label scarcity, hampering root-cause inference 

and operational trust. 

3.   Proposed Work 

 The proposed system introduces a Predictive Analytics Framework for intelligent 5G network 

management, integrating Machine Learning (ML), Deep Learning (DL), and Reinforcement Learning 

(RL) into a unified architecture. The framework operates as a closed-loop system, where predictive 

models anticipate network conditions, and adaptive controllers take proactive actions to optimize 

performance. 
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A. Framework Overview 

 

The architecture is composed of five major functional layers, each performing specific operations that 

collectively enable proactive, self-optimizing network management: 

 

Data Acquisition Layer: 

 

Continuously collects network performance metrics such as throughput, latency, jitter, mobility patterns, 

and energy consumption. 

 

Sources include base stations, mobile edge computing (MEC) nodes, IoT devices, and SDN controllers. 

 

Preprocessing and Feature Engineering Layer: 

 

Cleans, filters, and normalizes raw data. 

 

Extracts temporal and spatial features relevant to traffic load, user density, and handover frequency. 

 

Prepares structured datasets for machine learning models. 

 

Predictive Analytics Layer: 

 

Implements Long Short-Term Memory (LSTM) and Temporal Convolutional Network (TCN) models 

for traffic and fault forecasting. 

 

Anticipates congestion, overload, or service degradation before occurrence. 

 

Outputs predictive insights for the decision-making layer. 

 

Reinforcement Learning–Based Optimization Layer: 

 

Utilizes Deep Q-Network (DQN) and Proximal Policy Optimization (PPO) algorithms to make adaptive 

control decisions. 

 

Takes predicted network states as input and generates optimized actions such as bandwidth reallocation, 

routing adjustments, or fault recovery. 

 

The proposed system introduces a Predictive Analytics Framework for intelligent 5G network 

management, integrating Machine Learning (ML), Deep Learning (DL), and Reinforcement 

Learning (RL) into a unified architecture. The framework operates as a closed-loop system, where 
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predictive models anticipate network conditions, and adaptive controllers take proactive actions to 

optimize performance. 

A. Framework Overview 

The architecture is composed of five major functional layers, each performing specific operations that 

collectively enable proactive, self-optimizing network management: 

1. Data Acquisition Layer: 

o Continuously collects network performance metrics such as throughput, latency, jitter, mobility patterns, 

and energy consumption. 

o Sources include base stations, mobile edge computing (MEC) nodes, IoT devices, and SDN controllers. 

2. Preprocessing and Feature Engineering Layer: 

o Cleans, filters, and normalizes raw data. 

o Extracts temporal and spatial features relevant to traffic load, user density, and handover frequency. 

o Prepares structured datasets for machine learning models. 

3. Predictive Analytics Layer: 

o Implements Long Short-Term Memory (LSTM) and Temporal Convolutional Network (TCN) 

models for traffic and fault forecasting. 

o Anticipates congestion, overload, or service degradation before occurrence. 

o Outputs predictive insights for the decision-making layer. 

4. Reinforcement Learning–Based Optimization Layer: 

o Utilizes Deep Q-Network (DQN) and Proximal Policy Optimization (PPO) algorithms to make 

adaptive control decisions. 

o Takes predicted network states as input and generates optimized actions such as bandwidth reallocation, 

routing adjustments, or fault recovery. 

5. Network Orchestration and Feedback Layer: 

o Executes decisions through SDN/NFV controllers and monitors outcomes. 

o Feedback from real-time KPIs is returned to the ML and RL models for retraining and refinement. 

o Enables zero-touch network management (ZTNM) by maintaining autonomous self-learning 

capabilities. 

4.   Results 

In contrast, the regression problem (next-interval PRB demand) provides consistent, discriminative 

performance. The best model is ANN-MLP with RMSE=0.84, MAE=0.51, R²=0.991 on the test set, 

followed very closely by Gradient Boosting (RMSE=0.97, R²=0.988). The simpler baselines trail behind 

(Decision Tree RMSE=1.29, Random Forest 1.46, SVR-RBF 2.31, kNN-5 2.55). The validation and test 

errors for the best models are identical (ANN-MLP RMSE 0.83→0.84), which shows good 

generalization. In practice, the regressor is now available for deployment to guide proactive resource 

action, whereas the classifier must be re-assessed following rebalancing evaluation splits. Figure 2 show 

plot contrasts the downlink SINR distribution over the three operating bands (700 MHz, 3.5 GHz, 28 

GHz). Lower bands (say, 700 MHz) have higher median SINR and reduced spread owing to improved 
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penetration/coverage, while higher bands (say, 28 GHz) have larger variance and lower medians due to 

path loss and sensitivity to blockages. The distance between medians communicates the link-budget 

benefit of low bands; the wider tails at 28 GHz indicate why scheduling and band steering need to be 

risk-conscious (users on mmWave enjoy high capacity but are more sensitive to mobility and blockage). 

 

Figure :2 SINR By Band 

This figure 3 plots average PRB utilization against the time of day, normally demonstrating diurnal load: 

low utilization in early morning, increasing through business hours, and spiking in the evening. The 

curve supports the predict-then-act architecture: short-horizon predictions can predict the evening ramp, 

enabling the controller to pre-reserve slice capacity, bias handovers, or direct users to under-loaded cells 

before congestion develops. If the graph is per-band traces, then the band offset indicates how capacity 

layers soak up demand differently over time.  

 

Figure :3 5G KPI: Utilization Vs Hour 
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Figure :4 5G Network RMSE  

In figure 4 shows  plot compares next-interval PRB demand RMSE among models. In our case, ANN-

MLP has the lowest test RMSE (~0.84), followed by Gradient Boosting (~0.97), while single trees, 

random forests, SVR-RBF, and kNN follow with larger errors. Lower RMSE translates to more precise 

short-horizon demand estimation, which contributes directly to the risk score and minimizes 

unwarranted interventions. The small gap between validation and test restricts the top models' 

opportunities for exceptional generalization and stable deployment behavior. 

Figure 5 shows plots MAE for the same regressors. The ordering duplicates RMSE: ANN-MLP has the 

smallest MAE (~0.51), next is Gradient Boosting (~0.55), and others have larger absolute errors. MAE's 

resistance (linear penalty) pairs well with RMSE (quadratic penalty): collectively they establish that the 

proposed method systematically minimizes standard per-interval prediction error, which is essential for 

accurate admission pacing and slice reservation. 

 

Figure :5 5G Network Different Method MAE 
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Figure :6 5G Network Different Method RMSE  

Figure 6 bar chart once more depicts RMSE by method (usually plotted for comparison with MAE). In 

line with Figure 4, the ANN-MLP retains the superior error profile, affirming that a small neural 

predictor is a robust, deployable option for real-time next-interval resource prediction. 

 

5.   Conclusion 

 

This paper presents a timing-safe and deployment-ready platform for predictive network control in 5G 

New Radio (NR), integrating supervised machine learning with a lightweight and auditable control 

policy. The proposed framework implements a leakage-resilient data pipeline and trains a dual-headed 

predictive model for two complementary tasks: 

(i) Congestion-risk classification, and 

(ii) Next-interval Physical Resource Block (PRB) demand regression. 

The outputs of both heads are combined into a composite risk score with hysteresis, which triggers low-

overhead radio resource management (RRM) actions such as admission pacing, load balancing, band 

steering, and temporary slice reservation. 

 

Designed for edge and gNB-level deployment, the system emphasizes lightweight inference, transparent 

decision logging, and safe retraining through continuous drift and performance monitoring. This ensures 

that predictive control can operate efficiently in real-time environments while maintaining auditability 

and operational safety. 

 

Empirical evaluation demonstrates that the regression head achieved robust and consistent accuracy, 

with the ANN-MLP model yielding RMSE = 0.84, MAE = 0.51, and R² = 0.991 on the test dataset—

surpassing tree-based baselines and Support Vector Regression (SVR). Gradient boosting offered 
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competitive performance (RMSE ≈ 0.97, R² ≈ 0.988). These results indicate that short-term PRB demand 

is highly predictable, enabling proactive, data-driven resource allocation instead of reactive throttling. 

The few observed discrepancies are attributable not to model deficiencies but to label imbalance and 

dataset partitioning, particularly underrepresented positive congestion samples in the validation and test 

sets. 
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