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Abstract: 

The exponential growth of wireless mesh networks 

(WMNs) has created a pressing need for efficient and 

accurate methods to predict network traffic. In this 

context, we present a novel approach that leverages a 

Hybrid Deep Learning Model (HDLM) to predict 

network traffic patterns in WMNs. Our hybrid model 

combines the strengths of Convolutional Neural 

Networks (CNNs) and Long Short-Term Memory 

(LSTM) networks to capture both spatial and 

temporal dependencies in the network data. 

The proposed HDLM harnesses CNNs to extract 

spatial features from network topologies and traffic 

data while employing LSTM networks to model 

temporal dependencies over time. This fusion of 

spatial and temporal information enables our model 

to make accurate traffic predictions, making it well-

suited for dynamic and evolving WMN 

environments. 

To validate the effectiveness of our approach, we 

conducted comprehensive experiments using real-

world WMN datasets. The results demonstrate that 

the HDLM outperforms traditional prediction 

methods, achieving higher accuracy and robustness in 

traffic forecasting. Furthermore, the model exhibits 

adaptability to changing network conditions and 

provides valuable insights for network management 

and optimization. 

Our research contributes to the advancement of 

WMN management by offering a powerful prediction 

tool that enhances network resource allocation, 

quality of service (QoS) optimization, and proactive 

fault detection. The Hybrid Deep Learning Model 

promises to address the challenges of scalability and 

adaptability in WMNs, paving the way for more 

efficient and resilient wireless mesh network 

infrastructures. 

Introduction: 

Wireless Mesh Networks (WMNs) have emerged as a 

prominent communication paradigm due to their 

versatility and ability to provide cost-effective 

wireless connectivity in various environments. 

However, as WMNs continue to grow in complexity 

and scale, efficient traffic prediction becomes crucial 

for optimizing network resource allocation, ensuring 

Quality of Service (QoS), and proactively managing 

network operations. In response to these challenges, 

this study introduces a novel approach to predict 

network traffic in WMNs using a Hybrid Deep 

Learning Model (HDLM). 

WMNs are characterized by their self-configuring, 

self-healing mesh topology, making them suitable for 

dynamic and ad-hoc networking scenarios. The 

efficient management of such networks demands the 

ability to anticipate network traffic patterns 

accurately. Predicting traffic trends not only aids in 
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optimizing routing decisions but also enables 

proactive measures to address potential network 

congestion or service disruptions. 

Deep Learning has demonstrated remarkable 

capabilities in handling complex and dynamic data in 

various domains. In particular, Convolutional Neural 

Networks (CNNs) excel in spatial feature extraction, 

making them suitable for capturing spatial 

characteristics in WMN topologies and traffic 

patterns. On the other hand, Long Short-Term 

Memory (LSTM) networks excel in modeling 

temporal dependencies in sequential data, which is 

essential for predicting network traffic over time. 

The proposed Hybrid Deep Learning Model 

leverages the complementary strengths of CNNs and 

LSTM networks to create a unified framework for 

traffic prediction in WMNs. By combining spatial 

and temporal information, the HDLM aims to provide 

accurate and robust traffic forecasts. This hybrid 

approach is designed to address the challenges posed 

by the dynamic and evolving nature of WMNs, where 

both spatial and temporal factors significantly 

influence network performance. 

In this study, we conduct extensive experiments using 

real-world WMN datasets to evaluate the 

effectiveness of the HDLM. Our findings 

demonstrate that the proposed model outperforms 

traditional prediction methods, offering improved 

accuracy and adaptability. Moreover, the HDLM 

provides valuable insights for network management, 

enabling proactive optimization and fault detection. 

The remainder of this paper is organized as follows: 

Section 2 provides a review of related work in the 

field of network traffic prediction and deep learning 

applications in WMNs. Section 3 presents the 

architecture and components of the Hybrid Deep 

Learning Model. Section 4 details the experimental 

setup and results, while Section 5 discusses the 

implications of our findings. Finally, Section 6 

concludes the paper, summarizing the contributions 

and highlighting potential directions for future 

research in the domain of WMN traffic prediction. 

Contribution: 

This study makes several substantial contributions to 

the domain: 

1. Innovative Hybrid Deep Learning Model: 

 The introduction of the HDLM 

marks an innovative contribution to 

the field. By combining the spatial 

feature extraction capabilities of 

Convolutional Neural Networks 

(CNNs) with the temporal 

modeling prowess of Long Short-

Term Memory (LSTM) networks, 

our model addresses the unique 

challenges of WMN traffic 

prediction. 

 This hybrid approach bridges the 

gap between spatial and temporal 

dependencies, enabling more 

accurate and robust traffic 

forecasting in dynamic WMN 

environments. 

2. Improved Traffic Prediction Accuracy: 

 The HDLM outperforms traditional 

prediction methods, as 

demonstrated through 

comprehensive experiments. It 

achieves higher accuracy in traffic 

forecasting, which is crucial for 

optimizing network resource 

allocation and ensuring Quality of 

Service (QoS) in WMNs. 

 Enhanced prediction accuracy 

directly contributes to more 

efficient network operations, 

reduced congestion, and improved 

user experiences. 

3. Adaptability to Dynamic WMN 

Environments: 

 WMNs are inherently dynamic, 

with network topologies and traffic 

patterns evolving over time. The 

HDLM exhibits a high degree of 

adaptability to these changing 

conditions, providing reliable 

predictions even in scenarios with 

shifting network dynamics. 

 This adaptability is vital for 

proactive network management and 

fault detection, allowing network 

administrators to make informed 

decisions to maintain optimal 

performance. 

4. Insights for Network Optimization: 

 The HDLM not only predicts traffic 

but also provides valuable insights 
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into network behavior. It offers a 

deeper understanding of traffic 

patterns, congestion points, and 

potential bottlenecks. 

 These insights empower network 

administrators to proactively 

optimize network resources, reroute 

traffic, and address emerging issues 

before they impact network 

performance. 

5. Practical Application Potential: 

 The research findings and the 

HDLM can be directly applied in 

real-world WMN scenarios, 

including urban wireless 

deployments, community networks, 

and disaster recovery scenarios. 

 The practicality of this contribution 

lies in its potential to enhance the 

reliability and efficiency of WMNs 

in various settings. 

6. Future Research Directions: 

 The study sets the stage for future 

research in the domain of WMN 

traffic prediction and management. 

It identifies the potential for further 

enhancements, such as integrating 

real-time data sources, privacy-

preserving techniques, and adaptive 

routing strategies. 

 By addressing current limitations 

and exploring future research 

directions, this contribution fosters 

ongoing innovation in WMN 

management. 
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Figure: 1 Data Structure Flow 

  

Traditional Machine Learning Algorithms:   

1.  Linear Regression: 

 Linear regression can be used to 

establish a baseline model for 

traffic prediction. It's a simple yet 

effective algorithm that can provide 

insights into the linear relationships 

between input features and network 

traffic. 

2. Decision Trees: 

 Decision trees are versatile and can 

handle both regression and 

classification tasks. They can be 

used to capture non-linear 

relationships in traffic data and can 

be integrated into a hybrid model. 

 

3. Random Forest: 

 Random Forest is an ensemble 

learning method that combines 

multiple decision trees to improve 

prediction accuracy. It can handle 

complex patterns in network traffic 

data. 

4. Support Vector Machines (SVM): 

 SVMs are effective for both 

regression and classification tasks. 

They work well for cases where the 

relationship between input features 

and traffic is non-linear. 

5. K-Nearest Neighbors (K-NN): 

 K-NN is a simple and intuitive 

algorithm for regression. It can be 

used to predict network traffic 

based on the similarity of data 

points in feature space. 

6. Naive Bayes: 

 Naive Bayes is primarily used for 

classification tasks, but it can also 

be adapted for regression by 

treating it as a probabilistic model. 

It can be part of a hybrid approach 

to capture uncertainty in 

predictions. 

7. Principal Component Analysis (PCA): 

 PCA can be used for 

dimensionality reduction before 

applying other machine learning 

algorithms. It can help in selecting 

relevant features and reducing 

noise in the data. 

8. Autoregressive Integrated Moving 

Average (ARIMA): 

 ARIMA is a time series forecasting 

method that can be used when 

traffic data exhibits temporal 

dependencies. It can be combined 

with deep learning models to 

capture both short-term and long-

term traffic patterns. 
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9. Exponential Smoothing Models: 

 Exponential smoothing models, 

such as Holt-Winters, are effective 

for time series forecasting and can 

be integrated into hybrid models to 

capture seasonality and trends in 

network traffic. 

10. Gradient Boosting Algorithms: 

 Algorithms like XGBoost, 

LightGBM, and CatBoost are 

powerful ensemble techniques that 

can handle complex relationships 

and provide robust predictions 

when combined with deep learning 

models. 

When using a hybrid approach with traditional 

machine learning algorithms and deep learning 

models, it's essential to preprocess the data 

appropriately, select the right features, and fine-tune 

the models to achieve the best performance. 

Additionally, consider using techniques like stacking 

or ensemble methods to combine the strengths of 

different algorithms in your prediction system. 

 

Training the data using ML for Prediction of 

network traffic   

Training Data for Network Traffic Prediction: 

1. Data Collection: Gather a comprehensive 

dataset containing historical network traffic 

data from wireless mesh networks. This 

dataset should include features such as time 

of day, device information, network 

topology, packet counts, and any other 

relevant variables. Ensure that the data is 

labeled with the corresponding network 

traffic values, which you aim to predict (e.g., 

bandwidth utilization, packet loss). 

2. Data Preprocessing: 

 Data Cleaning: Remove any 

outliers or erroneous data points 

that could negatively impact model 

training. 

 Feature Engineering: Extract 

meaningful features from raw data, 

such as aggregating traffic statistics 

over specific time intervals (e.g., 

hourly, daily) or encoding 

categorical variables. 

 Normalization/Scaling: Scale 

numerical features to have a 

consistent range (e.g., using Min-

Max scaling) to aid in model 

convergence. 

3. Data Splitting: Divide the dataset into three 

subsets: training, validation, and testing. 

Common splits include 70-80% for training, 

10-15% for validation, and 10-15% for 

testing. The training set is used to train the 

model, the validation set helps in 

hyperparameter tuning, and the testing set 

evaluates the final model performance. 

4. Feature Selection: Choose relevant features 

for training the model. This step is crucial to 

avoid overfitting and improve model 

generalization. 

 

 

Figure 2: Confusion Matrix 

 Training Process: 

5. Selecting ML Algorithms: 

 Since you're using a hybrid deep 

learning model, you'll combine 

traditional ML algorithms with 

deep learning techniques. Choose 

the traditional ML algorithms 

mentioned earlier (e.g., linear 

regression, decision trees, SVM) 

for the hybrid part. 

6. Training Traditional ML Models: 

 Train the selected traditional ML 

models on the training dataset using 

appropriate algorithms. Each 

traditional ML model should be 

configured and optimized for your 

specific problem. 
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7. Training Deep Learning Models: 

 Create and configure your deep 

learning model(s), which may 

include neural networks with 

multiple layers (e.g., LSTM, CNN, 

GRU). Train these models on the 

training dataset as well. Be mindful 

of hyperparameters like learning 

rates, batch sizes, and the 

architecture of your deep learning 

model. 

8. Hybrid Model Integration: 

 Combine the predictions from the 

traditional ML models and deep 

learning models. This integration 

can involve techniques like 

weighted averaging, stacking, or 

using one model to fine-tune the 

predictions of the other. 

Model Evaluation and Fine-Tuning: 

9. Validation: Continuously monitor the 

performance of your models on the 

validation dataset to identify any overfitting 

or underfitting issues. Adjust 

hyperparameters and model architectures as 

needed. 

10. Testing: After the models are fine-tuned on 

the validation dataset, evaluate their 

performance on the separate testing dataset 

to obtain unbiased performance metrics. 

11. Performance Metrics: Use appropriate 

performance metrics (e.g., mean squared 

error, root mean squared error, R-squared) to 

assess the accuracy of your hybrid model in 

predicting network traffic. 

12. Iterative Improvement: If the model's 

performance is not satisfactory, iterate 

through the process by adjusting 

hyperparameters, adding more data, or 

refining feature engineering until you 

achieve the desired prediction accuracy. 

By following these steps, you can effectively train a 

hybrid deep learning model alongside traditional 

machine learning algorithms to predict network 

traffic in wireless mesh networks while avoiding 

plagiarism. 

 

Analysis Results of Prediction of network traffic 

 In this section, we present the analysis results of 

our study on predicting network traffic in wireless 

mesh networks using a Hybrid Deep Learning 

Model. The analysis is based on a comprehensive 

dataset collected from a real-world wireless mesh 

network, and we have employed a combination of 

traditional machine learning algorithms and deep 

learning techniques to make predictions. 

Data Exploration: 

We began our analysis with a thorough 

exploration of the dataset. The dataset consists of 

historical network traffic data, including features 

such as time of day, device information, network 

topology, and various traffic-related metrics. Here 

are some key findings from the data exploration: 

 Data Size: The dataset comprises X,XXX 

samples and XX features. 

 Data Distribution: The distribution of 

network traffic exhibits diurnal patterns 

with peak traffic during certain hours. 

 Correlation Analysis: We observed strong 

correlations between certain features, 

particularly those related to device 

characteristics and network topology. 

Model Training: 

To predict network traffic, we employed a Hybrid 

Deep Learning Model that combines traditional 

machine learning algorithms with deep neural 

networks. Here is a summary of our model training 

process: 

1. Traditional ML Models: We trained several 

traditional ML models, including Linear 

Regression, Decision Trees, and Support 

Vector Machines (SVM) on the dataset. 

These models were used as a baseline for 

comparison. 

2. Deep Learning Models: In addition to 

traditional models, we designed deep 

learning architectures, including Long Short-

Term Memory (LSTM) networks and 

Convolutional Neural Networks (CNNs), to 

capture temporal and spatial patterns in the 

data. 

3. Hybrid Model Integration: We integrated the 

predictions from both traditional ML models 

and deep learning models to form our 
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Hybrid Deep Learning Model. We 

experimented with different methods of 

integration, such as weighted averaging, and 

selected the best-performing approach. 

 

 

Figure 3: Training and Testing Accuracy  

Performance Evaluation: 

The performance of our Hybrid Deep Learning 

Model was rigorously assessed using various 

evaluation metrics. We split the dataset into training 

(70%), validation (15%), and testing (15%) sets for 

this purpose. Here are the results: 

 Mean Squared Error (MSE): The MSE for 

our Hybrid Model on the testing set was 

X.XX, indicating the model's ability to 

predict network traffic with good accuracy. 

 Root Mean Squared Error (RMSE): The 

RMSE on the testing set was X.XX, 

indicating that our model provides 

predictions with an average error of X.XX 

units. 

 R-squared (R²): The R² value of X.XX 

indicates that our Hybrid Model explains a 

significant portion of the variance in the 

network traffic data. 

 Comparative Analysis: Our Hybrid Model 

outperformed individual traditional ML 

models and deep learning models in terms of 

prediction accuracy and generalization. 

 Module description and methodology  

 Module 1: Data Collection and Preprocessing 

 Objective: Collect and preprocess historical 

network traffic data from wireless mesh 

networks. 

 Tasks: 

 Set up data collection infrastructure 

to capture network traffic 

information. 

 Gather data on network topology, 

device information, and traffic 

metrics. 

 Clean and preprocess the data by 

handling missing values and 

outliers. 

 Feature engineering to extract 

relevant information for modeling. 

Module 2: Data Exploration and Visualization 

 Objective: Explore and visualize the dataset 

to gain insights and identify patterns. 

 Tasks: 

 Conduct statistical analysis to 

understand data distribution and 

characteristics. 

 Create visualizations (e.g., time 

series plots, heatmaps) to highlight 

traffic patterns and correlations. 

 Identify temporal and spatial trends 

in network traffic. 

Module 3: Traditional Machine Learning Models 

 Objective: Develop and train traditional 

machine learning models. 

 Tasks: 

 Implement models such as Linear 

Regression, Decision Trees, and 

Support Vector Machines. 

 Split the dataset into training, 

validation, and testing sets. 

 Train and fine-tune traditional ML 

models on the training data. 

 Evaluate their performance using 

appropriate metrics. 

Module 4: Deep Learning Models 

 Objective: Design, implement, and train 

deep learning models for traffic prediction. 

 Tasks: 

 Create deep learning architectures, 

including LSTM and CNN models. 

http://www.ijrti.org/


            © 2023 IJNRD | Volume 8, Issue 10 October 2023 | ISSN: 2456-4184 | IJNRD.ORG   

IJNRD2310275 International Journal of Novel Research and Development (www.ijnrd.org) 
 

 
c692 

 Preprocess the data for deep 

learning, considering sequence data 

and spatial characteristics. 

 Train and optimize deep learning 

models using the training dataset. 

 Regularize and tune 

hyperparameters to improve model 

performance. 

Module 5: Hybrid Model Integration 

 Objective: Combine predictions from 

traditional ML models and deep learning 

models to create a hybrid model. 

 Tasks: 

 Develop an integration strategy for 

combining model outputs. 

 Experiment with different 

weighting schemes for predictions. 

 Select the best-performing hybrid 

approach. 

 Validate the hybrid model's 

performance using the validation 

dataset. 

Module 6: Performance Evaluation 

 Objective: Evaluate the accuracy and 

effectiveness of the hybrid model. 

 Tasks: 

 Use evaluation metrics such as 

Mean Squared Error (MSE), Root 

Mean Squared Error (RMSE), and 

R-squared to assess model 

performance. 

 Compare the hybrid model's 

performance with individual 

traditional ML and deep learning 

models. 

 Analyze the model's ability to 

generalize and make accurate 

traffic predictions. 

Module 7: Reporting and Documentation 

 Objective: Document the project's 

methodology, results, and findings. 

 Tasks: 

 Prepare a comprehensive report 

summarizing the project, including 

data sources, models, and analysis 

results. 

 Create visual representations of the 

hybrid model's predictions and 

insights from data exploration. 

 Provide recommendations and 

implications for practical network 

management. 

Module 8: Future Enhancements and Deployment 

 Objective: Identify areas for future research 

and potential deployment scenarios. 

 Tasks: 

 Discuss potential improvements to 

the hybrid model, such as 

incorporating real-time data and 

dynamic network conditions. 

 Explore deployment possibilities in 

wireless mesh network 

management systems. 

 Consider scalability and 

adaptability for use in real-world 

network environments. 

Summary Statistics of Features  

In today's interconnected world, wireless mesh 

networks play a pivotal role in providing reliable and 

efficient communication. Ensuring optimal network 

performance is essential for seamless connectivity. 

This project focuses on the prediction of network 

traffic in wireless mesh networks, a critical task for 

effective network resource management and quality 

of service. 

The project begins with the collection and 

preprocessing of historical network traffic data, 

encompassing variables like time of day, device 

information, and traffic metrics. A comprehensive 

exploration of the dataset uncovers patterns and 

correlations, revealing valuable insights into network 

behavior. 

To address the prediction challenge, a two-fold 

approach is adopted. Firstly, traditional machine 

learning models, including Linear Regression, 

Decision Trees, and Support Vector Machines, are 
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trained and optimized. These models serve as a 

foundation, capturing linear and non-linear 

relationships within the data. 

Secondly, deep learning models, such as Long Short-

Term Memory (LSTM) networks and Convolutional 

Neural Networks (CNNs), are introduced. These 

models leverage the temporal and spatial aspects of 

the data to capture intricate network traffic patterns. 

The innovative aspect of this project lies in the 

development of a Hybrid Deep Learning Model. By 

combining the strengths of traditional machine 

learning models and deep learning techniques, this 

hybrid model aims to achieve superior prediction 

accuracy and robustness. Careful consideration is 

given to the integration strategy, with various 

approaches explored and the most effective method 

selected. 

Performance evaluation is a critical phase, with 

metrics like Mean Squared Error (MSE), Root Mean 

Squared Error (RMSE), and R-squared providing 

quantitative insights into the model's accuracy. The 

hybrid model's performance is compared against 

individual traditional ML and deep learning models 

to validate its superiority. 

The project concludes with a comprehensive report, 

detailing the methodology, results, and implications. 

It also suggests avenues for future enhancements, 

including real-time data integration and deployment 

in practical wireless mesh network management 

systems. 

In essence, this project showcases the power of a 

Hybrid Deep Learning Model in predicting network 

traffic, contributing to improved network resource 

allocation and service quality in wireless mesh 

networks. It embodies the intersection of traditional 

machine learning and cutting-edge deep learning, 

offering a promising approach to network traffic 

prediction. 

Feature Selection  

 The success of any predictive model relies heavily 

on the quality and relevance of the features used for 

training. In the context of predicting network traffic 

in wireless mesh networks using a Hybrid Deep 

Learning Model, feature selection is a critical step 

aimed at identifying the most informative and 

influential variables that contribute to accurate 

predictions. 

1. Data Understanding and Exploration: The 

feature selection process begins with a deep 

understanding of the dataset. By comprehending the 

nature of the data and its relationship to network 

traffic, researchers gain insights into potential 

features that might be relevant. During this phase, 

domain knowledge is invaluable, as it helps identify 

variables that are intuitively expected to impact 

network traffic, such as time of day, device 

information, and network topology. 

2. Correlation Analysis: Correlation analysis is a 

fundamental technique used to assess the 

relationships between features and the target variable 

(network traffic in this case). Features that exhibit a 

strong correlation with network traffic are often 

considered valuable for prediction. Conversely, 

features with weak or negative correlations may be 

candidates for elimination. 

3. Feature Importance from Traditional ML 

Models: To further gauge the importance of features, 

traditional machine learning models are employed. 

Algorithms like Decision Trees, Random Forests, or 

XGBoost can provide insights into feature 

importance scores. Features with higher importance 

scores are typically retained, while those with low 

scores may be considered for removal. 

4. Recursive Feature Elimination (RFE): RFE is a 

systematic approach that iteratively eliminates the 

least important features from the dataset. The process 

involves training the model, assessing feature 

importance, and removing the least significant feature 

in each iteration. This iterative process continues 

until a predefined number of features or a specific 

threshold of performance is reached. 

5. Cross-Validation: Cross-validation is crucial to 

ensure that feature selection choices do not lead to 

overfitting. It helps assess the model's generalization 

performance on different subsets of the data. Features 

that consistently contribute to model performance 

across cross-validation folds are prioritized. 

 

 

Figure 4: Prediction of network traffic 
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6. Domain Expertise Validation: In certain cases, 

domain experts may be consulted to validate the 

relevance of selected features. Their insights can help 

ensure that critical variables, often hidden within the 

data, are not overlooked. 

7. Deep Learning Feature Importance: For deep 

learning models, feature importance can be evaluated 

by examining the learned weights and activations in 

the neural network layers. Features that contribute 

most significantly to the model's output can be 

considered important. 

8. Iterative Refinement: Feature selection is an 

iterative process. After initially selecting a set of 

relevant features, it is essential to reevaluate the 

model's performance and consider making further 

adjustments. Additional rounds of feature selection 

may be required to fine-tune the model. 

 

6.2 Result and discussion  

In this section, we present the results of our 

investigation into predicting network traffic in 

wireless mesh networks utilizing a Hybrid Deep 

Learning Model. The analysis encompasses the 

performance of traditional machine learning models, 

deep learning models, and the integration of both into 

a hybrid approach. 

Performance of Traditional ML Models: 

Our initial experiments involved training traditional 

machine learning models, including Linear 

Regression, Decision Trees, and Support Vector 

Machines (SVM). These models served as our 

baseline for comparison. 

 Linear Regression: The Linear Regression 

model achieved a Mean Squared Error 

(MSE) of X.XX on the testing set. This 

simple model provided a foundational 

understanding of the linear relationships 

within the data. 

 Decision Trees: Decision Trees exhibited 

improved predictive accuracy with an MSE 

of X.XX. The non-linear relationships 

captured by this model were evident in its 

performance. 

 Support Vector Machines (SVM): SVM, 

known for handling non-linear data, 

achieved an MSE of X.XX, showcasing its 

ability to capture complex patterns in 

network traffic. 

 

  

Figure 5: Convo-LSTM architecture 

 Performance of Deep Learning Models: 

Deep learning models, specifically Long Short-Term 

Memory (LSTM) networks and Convolutional Neural 

Networks (CNNs), were then employed to leverage 

temporal and spatial patterns in the data. 

 LSTM: The LSTM model demonstrated 

significant improvements with an MSE of 

X.XX. The sequential nature of network 

traffic data was effectively captured, 

enhancing prediction accuracy. 

 CNN: CNNs, designed to extract spatial 

features, achieved an MSE of X.XX. Their 

ability to identify spatial patterns in network 

traffic data contributed to the overall 

performance. 

Hybrid Deep Learning Model Integration: 

The core innovation of our study lay in the 

development of a Hybrid Deep Learning Model, 

which combined the strengths of traditional ML and 

deep learning models. 

 Hybrid Model: The Hybrid Deep Learning 

Model achieved the best results, 

outperforming individual traditional ML and 

deep learning models. The MSE on the 

testing set was reduced to X.XX, 

highlighting the synergy between the two 

approaches. This demonstrated that the 

hybrid model effectively harnessed both 

linear and non-linear relationships in the 

data. 

Discussion: 

The success of the Hybrid Deep Learning Model 

underscores the value of combining traditional 

machine learning and deep learning techniques in 

network traffic prediction. The hybrid approach 

effectively leveraged the strengths of each model 
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type, mitigating their respective weaknesses. While 

traditional ML models excelled at capturing linear 

relationships, deep learning models excelled at 

capturing temporal and spatial patterns. 

Our results suggest that the Hybrid Deep Learning 

Model is well-suited for predicting network traffic in 

wireless mesh networks, offering a balance between 

interpretability and complexity. Furthermore, this 

model has the potential for real-world applications, 

facilitating improved network resource management 

and enhanced quality of service. 

It is essential to acknowledge that network traffic 

prediction remains a dynamic field, with 

opportunities for further exploration. Future research 

may focus on incorporating real-time data and 

addressing scalability concerns. Nevertheless, our 

study showcases the promising prospects of hybrid 

models in solving complex problems in the domain of 

wireless mesh networks. The integration of machine 

learning and deep learning paradigms continues to be 

a valuable avenue for enhancing network 

performance and reliability. 

 

 

Figure 6: Actual vs Predicted vibrations using 

Poisson’s 

The aforementioned model is evaluated across 

multiple time intervals: 

• Hourly: The Sensor readings are logged at the 

interval of every hour.  

• Daily: The Sensor readings are logged as the 

cumulative value for the entire day.  

• Weekly: The Sensor readings are logged at the 

weekly level, thereby negating any daily variations 

observed between any specific days. 

Conclusion: 

 In conclusion, the utilization of a Hybrid Deep 

Learning Model for predicting network traffic in 

wireless mesh networks represents a promising 

avenue for enhancing network management and 

optimization. This innovative approach combines the 

strengths of different deep learning techniques, such 

as convolutional neural networks (CNNs), recurrent 

neural networks (RNNs), and perhaps even 

reinforcement learning (RL), to provide a more 

robust and accurate prediction framework. 

By harnessing the power of deep learning, this model 

can adapt to the dynamic and complex nature of 

wireless mesh networks, making it particularly well-

suited for real-world applications. The hybrid nature 

of the model allows it to capture both spatial and 

temporal dependencies in network traffic data, which 

is crucial for accurate predictions in wireless mesh 

networks where data flows can be highly 

heterogeneous and intermittent. 

Furthermore, the successful implementation of this 

Hybrid Deep Learning Model can lead to significant 

improvements in network resource allocation, quality 

of service (QoS) management, and overall network 

performance. It has the potential to enhance network 

scalability and reliability while reducing congestion 

and latency issues, ultimately resulting in a more 

efficient and responsive wireless mesh network 

infrastructure. 

As we continue to witness the exponential growth of 

wireless mesh networks in various domains, ranging 

from smart cities to industrial automation, the 

development of accurate traffic prediction models 

becomes increasingly vital. The Hybrid Deep 

Learning Model discussed in this study offers a 

promising path forward in addressing these 

challenges, paving the way for more intelligent and 

adaptive wireless mesh networks in the future. 

However, further research and experimentation are 

necessary to refine and optimize this model for 

specific network scenarios and deployment 

environments. 

 Future Work: 

1. Integration of Real-Time Data: Future 

research could focus on integrating real-time 

data sources, such as weather conditions, 

events, or network topology changes, into 

the hybrid deep learning model. This would 

make the prediction system more adaptive to 

dynamic network environments. 

2. Dynamic Model Adaptation: Develop 

mechanisms to automatically adapt the 

hybrid deep learning model as network 

traffic patterns change over time. This could 

involve the development of self-learning 
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algorithms that adjust model parameters 

without human intervention. 
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