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Abstract 

This paper proposes a hybrid LSTM and GAN-driven Cloud-SDN fusion framework for dynamic network management, aimed 

at optimizing resource allocation and improving system performance. By integrating LSTM networks to capture temporal 

dependencies in network traffic and GAN for data augmentation, the framework enhances predictive accuracy and model 

robustness in cloud environments. The system predicts network states, detects anomalies, and adapts to dynamic traffic 

patterns, ensuring efficient management of cloud-SDN resources. The proposed framework is evaluated using a dataset that 

includes network parameters such as packet size, throughput, latency, and resource utilization. The results demonstrate the 

effectiveness of the proposed approach, with the Proposed Framework achieving 99% accuracy, 98% precision, 97% recall, 

and 97.5% F1-score, significantly outperforming traditional methods like CNN and Decision Tree, which achieved 85% 

accuracy, 82% precision, 80% recall, and 81% F1-score (for CNN) and 80% accuracy, 75% precision, 78% recall, and 76% 

F1-score (for Decision Tree). These performance metrics highlight the model's superior capability in real-time traffic 

prediction and resource optimization compared to existing methods. The integration of LSTM and GAN allows for better 

handling of data imbalance and long-term traffic trends, making the framework highly scalable and adaptable to real-time 
cloud-SDN environments. 
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1. Introduction 

In recent years, Software-Defined Networking (SDN) has emerged as a highly flexible and scalable solution for 

modern network management, addressing the increasing complexity of traditional network infrastructure [1]. As 

network demands grow, efficient resource allocation and robust security mechanisms are crucial to ensuring 

seamless operation in SDN environments [2]. The dynamic nature of network traffic, coupled with the complexity 

of security threats, has driven the need for advanced techniques that can enhance network management, such as 

Long Short-Term Memory (LSTM) networks and Generative Adversarial Networks (GAN) [3]. These methods 

enable SDN systems to predict traffic patterns accurately and adapt to evolving network conditions, ultimately 

improving overall system performance and security [4]. 

SDN environments have traditionally relied on static configuration and centralized controllers, making them 

vulnerable to network congestion, resource allocation challenges, and security breaches [5]. As a result, there is 

an increasing focus on dynamic network management solutions that can adapt in real time to changing conditions 

[6]. Recent studies have shown that integrating machine learning models, particularly deep learning techniques 

like LSTM, into SDN systems improves both the prediction accuracy and adaptability of network traffic 

management solutions [7]. The use of GANs has also proven beneficial, as they can generate synthetic data to 

alleviate data scarcity and class imbalance issues in training datasets [8]. 

Several existing approaches have been proposed to address network management and anomaly detection in SDNs. 

Methods such as Support Vector Machines (SVM), Random Forests, and Deep Neural Networks (DNN) have 

been applied for traffic classification and anomaly detection [9], [10]. However, these methods often suffer from 

limitations such as low detection accuracy in the face of complex and evolving threats and difficulties in 

generalizing when exposed to imbalanced datasets [11]. Furthermore, these traditional methods are unable to 

capture long-term temporal dependencies in network traffic or adapt dynamically to changes in real-time network 

conditions, which hinders their effectiveness in SDN environments [12], [13]. 

To overcome these limitations, the proposed framework combines LSTM and GAN for Cloud-SDN fusion, aiming 

to enhance network traffic detection, anomaly detection, and resource allocation in a unified manner [14]. LSTM's 

ability to model long-term dependencies within network traffic data ensures the framework’s ability to predict 

future traffic patterns accurately, while GAN generates synthetic data to resolve data imbalance issues, allowing 
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for more effective training of the model [15]. This hybrid approach offers a promising solution for real-time 

anomaly detection and dynamic resource allocation, significantly improving the performance of SDN systems in 

comparison to traditional methods [16], [17]. By leveraging the combined strengths of LSTM and GAN, the 

proposed framework is able to achieve better accuracy in traffic detection and adapt to changes in network 

conditions more effectively than previous techniques [18]. 

The novelty of this approach lies in its ability to dynamically adjust to evolving traffic conditions and network 

anomalies in real-time, providing a more adaptive, scalable, and efficient solution for SDN environments [19], 

[20]. This integration of LSTM and GAN offers significant improvements in resource allocation, anomaly 

detection, and system resilience, making it a valuable contribution to the field of SDN and network management. 

1.1 Research Objectives 

 

 Evaluate the effectiveness of the proposed LSTM and GAN-driven Cloud-SDN fusion framework in 

dynamic network management, focusing on resource allocation, anomaly detection, and real-time 

adaptation to network traffic patterns. 

 Utilize the InSDN dataset, which includes labeled network traffic data, to train the model for classifying 

both normal and malicious traffic types, ensuring comprehensive coverage of attack scenarios in SDN 

environments. 

 Apply LSTM (Long Short-Term Memory) networks to model and predict temporal dependencies in 

network traffic, enabling the detection of anomalies and improving prediction accuracy in SDN 

environments. 

 Integrate Generative Adversarial Networks (GAN) to generate synthetic traffic data, augmenting the 

dataset to address class imbalance and enhance the model’s ability to generalize and perform effectively 

in real-world scenarios. 

1.2 Organization of the paper 

The paper structure is as follows: the Abstract provides an introduction to the proposed framework and 

performance. Section 1- Introduction highlights the importance of job fit prediction in HR management. Section 

2 -Related Works covers existing models and their limitations. Section 3 - Methodology outlines the dataset, 

preprocessing, RNN training, and evaluation process, Section 4 - Results and Discussion presents the proposed 

framework performance and comparisons with the existing models. 

2. Related Works 

In recent years, the integration of machine learning techniques with cloud-SDN environments has garnered 

significant attention, especially in the context of dynamic network management and resource optimization [21]. 

Research on scalable network management has been evolving, with a focus on advanced prediction models to 

dynamically allocate resources, laying the foundation for more efficient cloud-SDN systems [22]. These 

developments have opened new possibilities for improving network efficiency and responsiveness using 

intelligent models. Neural network-based models have been widely adopted for traffic prediction, particularly in 

cloud environments, with deep learning algorithms like LSTM networks showing significant promise in enhancing 

prediction accuracy and capturing temporal dependencies in network traffic [23]. 

This idea of using LSTM models for better traffic forecasting and prediction accuracy has become integral to 

many cloud-SDN systems [24]. Another aspect that has seen considerable exploration is anomaly detection in 

cloud-SDN systems. Researchers have emphasized the application of generative models such as GANs for 

synthetic data generation and augmentation, focusing on improving model robustness to handle imbalanced or 

insufficient datasets, particularly for anomaly detection in dynamic network environments [25]. 

The importance of improving network performance by leveraging machine learning models to enhance cloud-

SDN systems has also been discussed in studies exploring real-time adjustments in network configurations. 

Predictive models and their application in optimizing network resource allocation and traffic management are 

central to the latest advancements in cloud-SDN [26]. Furthermore, the use of hybrid models to optimize network 

throughput and reduce latency in IoT-enabled cloud-SDN environments is gaining attention as researchers 

examine the challenges of network congestion and resource allocation in large-scale cloud networks [27]. The 

integration of predictive models and adaptive algorithms is crucial for ensuring real-time optimization in these 

dynamic environments [28]. 
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Research into dynamic cloud resource allocation using machine learning models highlights the growing need for 

better traffic forecasting, data augmentation, and robust anomaly detection mechanisms, which can be achieved 

through techniques like LSTM and GANs [29]. These systems rely heavily on real-time data and accurate 

prediction models for effective decision-making, leading to more optimized resource management and network 

configurations [30]. 

As the complexity of cloud-SDN environments continues to increase, the role of hybrid models, such as those 

combining LSTM and GAN, becomes essential in dealing with scalability and resource optimization challenges. 

These models enhance system adaptability and responsiveness, making them well-suited for real-time applications 

in large-scale cloud networks [31]. Moreover, these advancements aim at solving critical issues related to network 

congestion, resource management, and dynamic load balancing, which are vital for optimizing performance in 

cloud-based systems [32]. 

With the continual evolution of network technologies, it becomes evident that predictive models, especially those 

leveraging deep learning, are integral for efficient cloud-SDN operations. They help in reducing latency, 

improving throughput, and ensuring system responsiveness, which are crucial for the success of cloud-SDN 

environments [33]. Moreover, integrating data augmentation techniques like GANs further enhances the 

robustness and reliability of these predictive models, especially in complex and dynamic network conditions [34]. 

Through the integration of cutting-edge technologies, such as LSTM for traffic prediction and GAN for anomaly 

detection, cloud-SDN systems can achieve unprecedented levels of efficiency, scalability, and adaptability [35]. 

This work aligns with the ongoing efforts to enhance cloud network infrastructures by incorporating advanced 

predictive models to manage network resources and traffic dynamically [36]. 

Further research is focused on exploring the adaptability of hybrid models that combine deep learning and 

generative models, improving the overall efficiency of cloud-based systems. These models show considerable 

promise in addressing the limitations of traditional cloud-SDN systems and advancing the capabilities of dynamic 

network management [37]. Cloud-SDN environments are increasingly incorporating deep learning-based methods 

to predict and manage network traffic. Recent studies have explored the potential of LSTM networks in accurately 

forecasting network conditions, significantly improving system performance and adaptability [38]. These models 

are capable of handling large-scale data inputs, making them particularly useful for real-time cloud resource 

optimization [39]. Further exploration into network optimization within cloud environments has led to the 

adoption of hybrid machine learning models. These models integrate different algorithms, such as LSTM with 

reinforcement learning, to adjust network resources dynamically and efficiently [40]. This combination of models 

ensures that cloud-SDN systems remain responsive to changing network conditions without sacrificing 

computational efficiency [41]. 

As the need for real-time traffic prediction becomes more pressing, models like GANs have emerged as crucial 

tools for generating synthetic data. By simulating rare or unseen traffic patterns, GANs enhance the robustness of 

predictive models, enabling better decision-making in anomaly detection and traffic management [42]. This 

capability is especially valuable in cloud-SDN systems, where network configurations are frequently adjusted to 

meet varying demands [43]. Another growing area of interest is the use of machine learning to improve network 

congestion handling. Combining advanced traffic forecasting models with dynamic resource allocation strategies 

has been shown to significantly reduce latency and improve throughput in cloud-SDN environments [44]. These 

developments align with ongoing efforts to enhance the scalability and efficiency of cloud infrastructures through 

intelligent prediction models and adaptive traffic management systems [45]. 

The success of hybrid models like LSTM and GANs has sparked further research into the integration of multiple 

machine learning techniques for more effective network resource management. By blending different models, 

researchers aim to tackle the complexities of cloud-SDN systems, improving performance and stability under 

diverse conditions [46]. These multi-model approaches are considered essential for the future of cloud-SDN 

technologies [47]. 

2.1 Problem Statement 

The rapid growth of SDN introduces challenges in dynamic network management, including inefficient resource 

allocation and poor real-time detection of evolving network attacks [48]. Traditional methods struggle with data 
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imbalance and fail to capture long-term temporal dependencies, limiting their effectiveness [49]. The proposed 

framework integrates LSTM networks and GAN to enhance anomaly detection and optimize resource allocation 

[50]. This approach aims to address the shortcomings of existing systems by improving prediction accuracy, 

scalability, and adaptability. Ultimately, the framework provides a more efficient and secure solution for SDN 

environments. 

3.  LSTM and GAN-Driven Cloud-SDN Fusion Framework Methodology 

The proposed framework integrates LSTM and GAN-driven Cloud-SDN Fusion for dynamic network 

management in scalable systems. It begins with data collection from SDN traffic, followed by pre-processing 

steps like noise removal, missing data handling, and normalization. The LSTM model is then trained on the 

processed data to capture temporal patterns, while the GAN generates synthetic traffic for improved 

generalization. The fusion of LSTM and GAN enhances the model's predictive accuracy by combining real and 

synthetic traffic data. Finally, the framework predicts traffic flows and detects intrusions, ensuring efficient SDN 

resource allocation and continuous adaptation based on real-time data. 

 
Figure 1: Architectural Diagram 

The proposed framework consists of several stages. Data Collection involves gathering SDN network traffic data 

and converting it into a usable form for model training. Data Pre-processing steps clean and normalize the raw 

data to ensure quality inputs for the model. The LSTM Network learns temporal patterns in network traffic, while 

the GAN generates synthetic data to augment training datasets. The Fusion Layer combines LSTM outputs and 

GAN-generated data, improving prediction accuracy. Figure 4 visualizes the system's workflow, highlighting the 

interconnections between these processes and ensuring a seamless integration of LSTM and GAN for effective 

SDN management. 

3.1 Dataset Description of the Proposed Framework 

The dataset used for the proposed framework consists of network traffic data collected from IoT-enabled devices 

in a cloud-SDN environment. It includes various network parameters such as packet size, throughput, latency, 

resource utilization (CPU, memory usage), and connection state. The target variable in the dataset indicates the 

network performance with labels for optimal, sub-optimal, and failed network states. The dataset spans time-series 

data, capturing fluctuations in network traffic and resource usage over several periods. The dataset also contains 

both benign and malicious traffic, which helps train the model for anomaly detection. Preprocessing steps like 

missing data imputation, outlier removal, and feature normalization are applied to prepare the data for model 

training. The dataset consists of over 50,000 rows with multiple features, making it suitable for training LSTM 

and GAN models for dynamic network management. 

3.2 Preprocessing  

The preprocessing steps ensure the data is dean, normalized, and ready for model training. The steps include: 

Handling Missing Values: Missing values are handled using k-NN imputation. The formula is shown is in Eqn 

(1): 

�̂�𝑖 =
1

𝑘
∑  𝑗∈𝑁(𝑖) 𝑥𝑗      (1) 

where �̂�𝑖 is the imputed value for missing data point 𝑖, and 𝑁(𝑖) represents the nearest neighbor.  

Normalization: All numerical features are normalized using Min-Max scaling to bring values between 0 and 1. 

The formula is shown is in Eqn (2): 

𝑥morm =
𝑥−min(𝑥)

max(𝑥)−min(𝑥)
     (2) 
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where 𝒙 is the original data point. 

Outlier Detection and Removal: Z-score is used to detect outliers and remove values greater than a threshold. 

The formula is shown is in Eqn (3): 

𝑍 =
𝑥−𝜇

𝜎
      (3) 

where 𝜇 is the mean, 𝜎 is the standard deviation, and 𝑥 is the data point. 

 Data Augmentation: Using GAN, synthetic data is generated to increase the dataset size and address class 

imbalance, particularly for anomaly detection. 

3.3 Working of LSTM in the Proposed Framework 

The LSTM model is used in the proposed framework to capture temporal dependencies in network traffic data. It 

is ideal for time-series forecasting tasks like predicting future network traffic based on historical data. LSTM 

consists of gates that control the flow of information over time, which includes the forget gate, input gate, and 

output gate. 

Forget Gate: This gate decides which information from the previous time step should be discarded. The formula 

is shown is in Eqn (4): 

𝑓𝑡 = 𝜎(𝑊𝑓[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓)     (4) 

where 𝑓𝑡 is the forget gate output, ℎ𝑡−1 is the previous hidden state, and 𝑥𝑡 is the current input. 

Input Gate: This gate decides which new information should be stored in the cell state. The formula is shown is 

in Eqn (5): 

𝑖𝑡 = 𝜎(𝑊𝑖[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖)     (5) 

where 𝑖𝑡 is the input gate output. 

 Cell State Update: The cell state is updated based on the forget and input gates. The formula is shown is in Eqn 

(6): 

𝐶𝑡 = 𝑓𝑡 ∗ 𝐶𝑡−1 + 𝑖𝑡 ∗ 𝐶𝑡     (6) 

where 𝐶𝑡 is the updated cell state, and  𝐶𝑡 is the candidate cell state. 

Output Gate: The output of the LSTM is determined by the current cell state and the output gate. The formula is 

shown is in Eqn (7): 

ℎ𝑡 = 𝑜𝑡 ∗ tanh (𝐶𝑡)     (7) 

where 𝑜𝑡 is the output gate, and ℎ𝑡 is the final hidden state. 

LSTM's ability to remember past network traffic patterns allows it to predict future network states effectively, 

making it a crucial component of the proposed framework 

3.4 Working of GAN in the Proposed Framework 

GAN is used in the proposed framework to generate synthetic data and enhance the model's robustness, especially 

in cases of class imbalance. The GAN consists of two neural networks: the Generator and the Discriminator. The 

Generator creates fake data from random noise, while the Discriminator evaluates whether the data is real or fake. 

The networks are trained in an adversarial manner: the generator tries to fool the discriminator, and the 

discriminator tries to correctly identify real from fake data. 

Generator Network: The generator takes random noise 𝑧 as input and produces synthetic data 𝐺(𝑧).  The formula 

is shown is in Eqn (8): 

𝐺(𝑧) = Generator(𝑧; 𝜃𝑔)    (8) 
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where 𝜃𝑔 are the parameters of the generator, and 𝑧 is the input noise. 

 Discriminator Network: The discriminator takes both real and generated data and outputs a probability indicating 

whether the input data is real. The formula is shown is in Eqn (9): 

𝐷(𝑥) = 𝜎( Discriminator (𝑥; 𝜃𝑑))   (9) 

where 𝜃𝑑 are the parameters of the discriminator, and 𝜎 is the sigmoid activation function. 

Adversarial Loss: The generator and discriminator are trained using a binary cross-entropy loss function that 

measures the difference between the discriminator's prediction and the true label (real or fake). The formula is 

shown is in Eqn (10): 

ℒ(𝐷, 𝐺) = −𝔼𝑧∼𝑝tat 
[log 𝐷(𝑥)] − 𝔼𝑧∼𝑝𝑧

[log (1 − 𝐷(𝐺(𝑧)))] (10) 

where 𝑝data  is the distribution of real data, and 𝑝𝑧 is the noise distribution. 

Through this adversarial training process, the GAN improves the robustness of the model, particularly when the 

dataset is imbalanced or when there is a lack of sufficient training data. By generating synthetic traffic data, the 

GAN helps in improving the model's performance for network management tasks, ensuring more accurate 

predictions in dynamic ↓ jironments. 

4. Result and Discussion 

The proposed framework was implemented in Python using LSTM and GAN for dynamic network management 

within a cloud-SDN environment. The framework aims to optimize resource allocation and network performance 

by predicting network traffic patterns and adjusting configurations in real-time. The dataset used for the evaluation 

contains key network parameters like packet size, throughput, latency, and resource utilization. The system 

leverages LSTM for sequential prediction and GAN for data augmentation, ensuring robustness. Various 

performance metrics were used to evaluate the framework's accuracy and efficiency. The results demonstrate that 

the integration of LSTM and GAN significantly improves the model’s ability to predict network states and manage 

resources effectively. 

4.1 Dataset Evaluation of the Proposed Framework 

The dataset used for the evaluation consists of network traffic data with labels indicating different network states, 

optimal, sub-optimal, and failed. The features include network parameters such as packet size, throughput, latency, 

resource utilization (e.g., CPU, memory), and connection status.  

 

   Figure 2: Distribution of Traffic Types in the InSDN Dataset 

The dataset is composed of time-series data, capturing fluctuations in network performance over time. It includes 

both benign and malicious traffic for anomaly detection and predictive modelling as shown in Figure 2. Data 

preprocessing was applied to handle missing values, outliers, and normalization, ensuring the model can handle 

real-world network traffic variations effectively. 
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4.2 Cloud Performance Metrics of the Proposed Framework 

The cloud performance metrics are essential for assessing the framework's efficiency and scalability in real-world 

scenarios. Key metrics include: 

 Throughput: The rate at which data is successfully transferred over the network, indicating the overall 

performance. 

 Latency: The time it takes for data to travel from source to destination, which impacts the responsiveness 

of the system. 

 Packet Loss Rate: The percentage of packets lost during transmission, which directly affects the network 

reliability and performance. 

  

Figure 3: Throughput and Over Time and Packet loss Rate Over Time 

The fluctuations in throughput (blue line) and latency (red line) over time. While throughput varies significantly, 

indicating changes in the amount of data transferred, latency remains consistently low and stable, suggesting 

efficient data transmission with minimal delays as shown in Figure 3. The packet loss rate (green line) over the 

same time period, showing fluctuations between 0.02 and 0.08. Although occasional packet losses occur, they 

remain relatively low, indicating the system's reliability in handling data transmission.  

4.3 Proposed LSTM Performance Metrics  

Accuracy:  measures the overall proportion of correct predictions in the model.  The formula is shown is in Eqn 

(11): 

 Accuracy =
TP+TN

TP+TN+FP+FN
    (11) 

 Precision: Precision indicates the ability of the model to avoid false positives, ensuring that positive predictions 

are accurate. The formula is shown is in Eqn (12): 

 Precision =
TP

TP+FP
    (12) 

   Recall: measures the model's ability to correctly identify all true positives, especially useful for anomaly detection. 

The formula is shown is in Eqn (13): 

 Recall =
TP

TP+FN
     (13) 

F1-Score: balances precision and recall, providing an overall evaluation of the model's ability to identify network 

anomalies. The formula is shown is in Eqn (14): 

 F1-Score = 2 ×
 Precision × Recall 

 Precision + Recall 
    (14) 

These metrics allow the framework to be evaluated for its ability to accurately and reliably predict network states, 

which is crucial for effective dynamic network management. 
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4.4 Performance Comparison of Proposed Framework 

The performance comparison table highlights the superior performance of the Proposed Framework in comparison 

to both CNN and Decision Tree models across all key metrics as shown in Table 1. The Proposed Framework 

achieves 99% accuracy, significantly outperforming CNN (85%) and Decision Tree (80%). Similarly, it exhibits 

higher precision (98%) and recall (97%) compared to CNN (82% and 80%, respectively) and Decision Tree (75% 

and 78%, respectively), indicating its ability to correctly identify positive instances while minimizing false 

positives.  

Table 1: Performance Comparison of Proposed Framework 

Metric Proposed Framework CNN  Decision Tree 

Accuracy 99% 85% 80% 

Precision 98% 82% 75% 

Recall 97% 80% 78% 

F1-Score 97.5% 81% 76% 

 

The F1-score of the Proposed Framework (97.5%) also surpasses CNN (81%) and Decision Tree (76%), showing 

a balanced performance between precision and recall. These results demonstrate that the Proposed Framework is 

far more effective in handling network performance management tasks, making it a superior choice for dynamic 

cloud-SDN environments. 

4.5 Discussion 

The proposed framework effectively utilizes LSTM for sequential prediction and GAN for data augmentation, 

improving dynamic network management. The results indicate that this approach not only enhances network 

performance but also improves resource allocation in cloud-SDN systems. The robustness of the framework 

ensures that even in fluctuating network conditions, optimal decisions are made to sustain performance. The 

framework's performance surpasses existing methods, especially in terms of accuracy and precision. However, 

there is still room for improvement, particularly in minimizing packet loss and latency in more complex, large-

scale environments. 

5. Conclusion and Future Works 

In conclusion, the proposed LSTM and GAN-driven cloud-SDN fusion framework demonstrates significant 

improvements in network traffic prediction and dynamic decision-making for cloud environments. The framework 

excels in accuracy, precision, and recall, effectively managing network resources and ensuring reliability. Future 

work will focus on optimizing latency and packet loss through advanced techniques like edge computing and 

exploring more complex data augmentation methods. Additionally, incorporating real-time feedback from 

network devices will further enhance adaptability and scalability, making the framework even more effective in 

large-scale cloud-SDN deployments. 
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