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Abstract: The purpose of this research is to explore and develop advanced techniques for autonomous cloud management using 

artificial intelligence (AI), focusing specifically on self-healing and self-optimization capabilities. Autonomous cloud management 

aims to reduce human intervention, improve reliability, and enhance the efficiency of cloud services. This study is significant 

because it addresses the growing complexity of cloud environments and the need for dynamic, real-time responses to ensure optimal 

performance and resilience. 

 

This research employs a multi-faceted approach to achieve self-healing and self-optimization in cloud environments. For self-

healing, we utilize AI-driven anomaly detection algorithms, predictive maintenance models, and automated recovery protocols. 

These techniques are designed to identify and rectify faults without human intervention. For self-optimization, we apply machine 

learning algorithms to analyze workload patterns, predict resource demands, and dynamically allocate resources to maximize 

efficiency and minimize costs. The experimental setup involves a simulated cloud environment where these AI techniques are tested 

and validated using a range of performance metrics, including response time, throughput, and resource utilization. 

 

The implementation of AI-driven self-healing techniques resulted in a significant reduction in downtime and improved system 

reliability. The anomaly detection algorithms were able to identify potential issues with a high degree of accuracy, triggering 

automated recovery processes that restored normal operation swiftly. The predictive maintenance models successfully forecasted 

potential failures, allowing for preemptive measures. For self-optimization, the machine learning models effectively balanced 

workloads and resource allocation, leading to enhanced performance metrics. Compared to traditional methods, the AI-based 

approaches demonstrated superior efficiency in resource utilization and cost savings. 

 

The findings of this research highlight the potential of AI to revolutionize cloud management by enabling autonomous, self-healing, 

and self-optimization capabilities. These advancements not only improve the reliability and efficiency of cloud services but also 

reduce the need for human intervention, thus lowering operational costs. The successful implementation of these AI techniques in 

a simulated environment indicates their feasibility for real-world application. Future research could explore the integration of these 

techniques with other emerging technologies, such as edge computing and IoT, to further enhance the capabilities of autonomous 

cloud management. 
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1. INTRODUCTION  

Figure 1:self healing 

 

1.1 Background 

Cloud management involves the comprehensive control of cloud computing services and resources. It encompasses the deployment, 

monitoring, and optimization of applications and infrastructure in cloud environments. With the proliferation of cloud services, 

organizations increasingly rely on cloud management solutions to ensure efficient resource utilization, cost control, and service 

reliability. However, managing cloud resources presents several challenges, such as the complexity of distributed systems, dynamic 

workloads, and the need for real-time responsiveness (Zhang, Cheng, & Boutaba, 2010). 

 

1.2 Problem Statement 

Despite the advancements in cloud management tools, the growing complexity and scale of cloud environments necessitate a shift 

towards autonomous management. Traditional manual and semi-automated management approaches are becoming insufficient due 

to the increasing demand for agility and efficiency. Specifically, issues such as prolonged downtime, inefficient resource allocation, 

and the inability to predict and mitigate failures underscore the need for AI-driven autonomous management solutions. Autonomous 

cloud management, which integrates AI for self-healing and self-optimization, can address these challenges by reducing human 

intervention and improving system resilience and performance (Garg & Buyya, 2012). 

 

1.3 Objectives 

The primary goals of this study are: 

 

 To develop and evaluate AI-driven techniques for self-healing in cloud environments. 

 To design and test machine learning algorithms for self-optimization of cloud resources. 

 To compare the performance of these AI techniques against traditional cloud management methods. 

 To assess the feasibility and practical implications of implementing autonomous cloud management in real-world 

scenarios. 

 

1.4 Significance 

The importance of self-healing and self-optimization in cloud management cannot be overstated. Self-healing capabilities ensure 

that cloud systems can automatically detect and correct faults, thereby minimizing downtime and maintaining service availability. 

Self-optimization techniques dynamically adjust resource allocation based on workload patterns and demand forecasts, leading to 

improved efficiency and cost savings. By integrating these capabilities, autonomous cloud management can enhance the overall 

reliability and performance of cloud services, providing a robust solution to the challenges faced by modern cloud infrastructures 

(Kashif et al., 2019). 

 

1.5 Scope 

This study focuses on developing and evaluating AI techniques for autonomous cloud management with an emphasis on self-healing 

and self-optimization. The research is conducted in a simulated cloud environment to control variables and ensure replicability. 

While the findings provide valuable insights into the potential of AI in cloud management, the study acknowledges certain 

limitations. These include the need for real-world validation, potential scalability issues, and the dependency on the quality of the 

training data for AI models. Future work should address these limitations by extending the research to diverse cloud environments 

and integrating other emerging technologies such as edge computing and Internet of Things (IoT) to further enhance the capabilities 

of autonomous cloud management (Mihailescu & Teo, 2010). 
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2. LITERATURE REVIEW  

2.1 Current State of Cloud Management 

Cloud management involves a suite of tools and techniques aimed at managing cloud infrastructure, applications, and services 

effectively. These techniques encompass resource provisioning, workload balancing, monitoring, and maintenance to ensure 

optimal performance and cost efficiency. Traditional cloud management relies heavily on manual interventions and rule-based 

automation, which can be inadequate in handling the dynamic and complex nature of modern cloud environments. The literature 

highlights several approaches, such as policy-based management, model-based management, and feedback control systems, which 

have been developed to address these challenges. However, these approaches often fall short in terms of adaptability and real-time 

responsiveness, necessitating the exploration of more advanced solutions (Zhang, Cheng, & Boutaba, 2010; Armbrust et al., 2010). 

 

2.2 AI in Cloud Computing 

The integration of artificial intelligence (AI) into cloud computing has opened new avenues for enhancing cloud management. AI 

techniques, such as machine learning (ML) and deep learning (DL), enable the automation of complex tasks and the optimization 

of cloud resources. AI-driven cloud management systems can learn from historical data, predict future trends, and make informed 

decisions autonomously. This capability is particularly beneficial for tasks that require real-time analysis and adaptation, such as 

anomaly detection, predictive maintenance, and dynamic resource allocation. AI has been shown to improve efficiency, reduce 

operational costs, and enhance the reliability of cloud services (Li, Zhao, & Lu, 2018; Kaur & Chana, 2015). 

 

2.3 Self-Healing Techniques 

Self-healing in cloud computing refers to the system's ability to automatically detect, diagnose, and recover from faults without 

human intervention. Several self-healing techniques have been proposed and implemented in the literature. These include rule-

based systems, which rely on predefined policies to handle failures, and AI-based systems, which utilize machine learning 

algorithms to identify and resolve issues proactively. For instance, Kalyvianaki et al. (2009) developed an adaptive self-healing 

framework that uses reinforcement learning to optimize the recovery process. Another approach by Tang et al. (2014) employs a 

hybrid model combining statistical analysis and machine learning to predict and mitigate failures in cloud environments. These 

techniques significantly enhance system reliability and availability (Kalyvianaki, Charalambous, & Hand, 2009; Tang et al., 2014). 

 

2.4 Self-Optimization Methods 

Self-optimization in cloud systems involves the autonomous tuning of resources to achieve optimal performance and cost efficiency. 

Various methods have been explored in the literature, including heuristic algorithms, machine learning models, and optimization 

frameworks. Machine learning-based approaches, such as reinforcement learning and neural networks, have shown promise in 

dynamically adjusting resource allocation based on workload patterns and performance metrics. For example, Mao et al. (2016) 

proposed a deep reinforcement learning method for auto-scaling in cloud environments, which outperforms traditional threshold-

based methods. Another study by Rao et al. (2010) introduced a utility-based optimization model that leverages machine learning 

to balance resource usage and application performance. These methods have demonstrated significant improvements in efficiency 

and responsiveness (Mao, Dou, Zhang, & Chen, 2016; Rao, Bu, Xu, & Wang, 2010). 

 

2.5 Gaps in Literature 

While significant advancements have been made in the field of autonomous cloud management, several gaps remain. Firstly, there 

is a need for more comprehensive frameworks that integrate both self-healing and self-optimization capabilities. Most existing 

studies focus on either aspect in isolation, which limits their effectiveness in addressing the full spectrum of cloud management 

challenges. Secondly, real-world validation of AI-driven techniques is often lacking, with many studies relying on simulated 

environments. This raises questions about the scalability and practical applicability of these methods. Lastly, the dynamic nature of 

cloud environments, characterized by fluctuating workloads and evolving user requirements, necessitates continuous adaptation and 

learning, which current models do not fully address. This research aims to fill these gaps by developing and validating an integrated 

AI-based framework for autonomous cloud management, capable of real-time self-healing and self-optimization in diverse cloud 

scenarios (Garg & Buyya, 2012; Mihailescu & Teo, 2010). 

3. METHODOLOGY 

3.1 Research Design 

The study employs a mixed-methods research design, integrating both qualitative and quantitative approaches to thoroughly 

investigate the efficacy of AI-driven techniques for autonomous cloud management. The qualitative component involves an in-

depth literature review and expert interviews to understand the current state and challenges of cloud management. The quantitative 

component includes the development, implementation, and evaluation of AI algorithms for self-healing and self-optimization in a 

controlled experimental environment. This dual approach ensures a comprehensive understanding of the research problem and 

robust validation of the proposed solutions (Creswell, 2014). 
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Figure 2 : AI-driven techniques for autonomous cloud management. 

 

3.2 Data Collection 

Data collection is a critical aspect of this study, involving both primary and secondary sources. Primary data is gathered through 

simulated cloud environments using tools such as Apache CloudStack and OpenStack, which provide detailed logs and performance 

metrics. Secondary data is sourced from existing research, case studies, and industry reports to inform the design and evaluation of 

AI techniques. Additionally, synthetic datasets are generated to simulate diverse cloud scenarios and workloads, ensuring the 

robustness of the AI models (Armbrust et al., 2010). 

 

3.3Techniques for Self-Healing 

The self-healing component of this research leverages several AI techniques and algorithms: 

 

1. Anomaly Detection: Machine learning algorithms such as k-means clustering and principal component analysis (PCA) are 

used to detect anomalies in cloud system performance. These algorithms identify deviations from normal behavior, which 

could indicate potential failures (Chandola, Banerjee, & Kumar, 2009). 

 

2. Predictive Maintenance: Predictive models based on recurrent neural networks (RNN) and long short-term memory 

(LSTM) networks forecast potential system failures by analyzing historical performance data. These models predict the 

likelihood of failures and trigger preemptive maintenance actions (Zhang et al., 2019). 

 

3. Automated Recovery: Reinforcement learning (RL) algorithms, such as Q-learning and deep Q-networks (DQN), are 

implemented to automate the recovery process. These algorithms learn optimal recovery actions through trial and error, 

ensuring minimal downtime and efficient fault resolution (Mnih et al., 2015). 

 

3.4 Methods for Self-Optimization 

Self-optimization techniques focus on dynamically adjusting cloud resources to optimize performance and cost-efficiency: 

 

1. Resource Allocation: Machine learning models, including support vector machines (SVM) and decision trees, predict 

resource demands based on workload patterns. These models enable proactive resource allocation, ensuring that cloud 

resources are used efficiently (Xu et al., 2012). 

 

2. Auto-Scaling: Deep reinforcement learning (DRL) techniques, such as proximal policy optimization (PPO) and advantage 

actor-critic (A2C), are used to implement auto-scaling strategies. These techniques adjust the number of active instances 

in response to real-time workload changes, optimizing performance and minimizing costs (Schulman et al., 2017). 

 

3. Load Balancing: Genetic algorithms (GA) and particle swarm optimization (PSO) are employed to balance workloads 

across cloud resources. These optimization techniques ensure an even distribution of workloads, preventing resource 

bottlenecks and enhancing system performance (Delavar & Meybodi, 2016). 

 

3.5 Experimental Setup 

The experimental setup involves a simulated cloud environment configured using Apache CloudStack. The environment consists 

of multiple virtual machines (VMs) and containers running various applications and services. Key components of the setup include: 

 

 Infrastructure: A cluster of physical servers hosting the VMs and containers, connected through high-speed networking to 

simulate a real-world cloud environment. 
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 Monitoring Tools: Open-source monitoring tools such as Prometheus and Grafana are used to collect and visualize 

performance metrics in real time. 

 AI Frameworks: Machine learning and deep learning frameworks, such as TensorFlow and PyTorch, are employed to 

develop and deploy the AI models for self-healing and self-optimization. 

 Simulation Tools: Synthetic workloads are generated using tools like Apache JMeter to simulate various cloud usage 

scenarios and stress test the AI algorithms. 

3.6 Evaluation Metrics 

The performance of the proposed AI techniques is evaluated using a set of comprehensive metrics: 

 

 Detection Accuracy: The accuracy of anomaly detection algorithms in identifying system faults, measured using precision, 

recall, and F1-score (Chandola et al., 2009). 

 Prediction Accuracy: The accuracy of predictive maintenance models, evaluated using mean absolute error (MAE) and 

root mean squared error (RMSE) (Zhang et al., 2019). 

 Recovery Time: The time taken by reinforcement learning algorithms to restore normal system operation after a fault, 

measured in seconds (Mnih et al., 2015). 

 Resource Utilization: The efficiency of resource allocation and auto-scaling models, measured by the utilization rates of 

CPU, memory, and storage resources (Xu et al., 2012). 

 Cost Savings: The cost efficiency of self-optimization techniques, calculated as the reduction in operational costs compared 

to traditional methods (Schulman et al., 2017). 

 Load Balancing Efficiency: The effectiveness of load balancing algorithms, measured by the standard deviation of 

workloads across resources (Delavar & Meybodi, 2016). 

 

4. RESULT 

4.1 Data Presentation 

The data collected during the experiments are presented in various forms, including tables, graphs, and figures, to provide a 

comprehensive view of the findings. 

Metric k-means Clustering PCA Baseline Method 

Precision 0.92 0.90 0.78 

Recall 0.89 0.87 0.75 

F1-Score 0.90 0.88 0.76 

Table 1: Anomaly Detection Performance Metrics 

 

 
 

Figure 3: Predictive Maintenance Accuracy 

 

Method CPU Utilization (%) Memory Utilization (%) Cost Savings (%) 

SVM 85 80 25 

Decision Tree 82 78 22 

Baseline Method 70 65 0 
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Table 2: Resource Allocation Efficiency 

 

 
 

Figure 4: Auto-Scaling Response Time 

 

 
 

Figure 5: Load Balancing Distribution 

 

4.2 Performance Analysis 

 

Self-Healing Techniques: 

The anomaly detection algorithms, k-means clustering, and PCA outperformed the baseline method in terms of precision, recall, 

and F1-score. K-means clustering achieved the highest precision at 0.92, followed by PCA at 0.90. Both methods demonstrated 

high recall rates, with k-means at 0.89 and PCA at 0.87, indicating their effectiveness in identifying anomalies accurately. 

Predictive maintenance models, specifically the LSTM networks, showed significant improvements in prediction accuracy, with 

mean absolute error (MAE) reduced by 30% compared to the baseline method. The models accurately forecasted potential system 

failures, enabling proactive maintenance and reducing downtime. 

Reinforcement learning algorithms, such as deep Q-networks (DQN), exhibited superior recovery times, restoring system operations 

swiftly after detecting faults. The average recovery time for DQN was 50% faster compared to traditional rule-based recovery 

methods. 

 

4.3 Self-Optimization Methods: 

Machine learning models for resource allocation, including SVM and decision trees, significantly enhanced resource utilization 

efficiency. SVM achieved an average CPU utilization of 85% and memory utilization of 80%, compared to the baseline method's 

70% and 65%, respectively. These models also contributed to notable cost savings, with SVM achieving a 25% reduction in 

operational costs. 
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Deep reinforcement learning (DRL) techniques, such as proximal policy optimization (PPO), demonstrated effective auto-scaling 

capabilities. The average response time for auto-scaling actions was reduced by 40% compared to traditional threshold-based 

methods, ensuring timely adaptation to workload changes. 

Load balancing algorithms, including genetic algorithms (GA) and particle swarm optimization (PSO), efficiently distributed 

workloads across cloud resources. The standard deviation of workloads was significantly lower for GA and PSO compared to the 

baseline method, indicating a more balanced and optimized resource distribution. 

 

1. Comparison with Existing Methods 

The proposed AI-driven techniques for self-healing and self-optimization were compared with traditional and existing 

cloud management methods. The results highlighted the superior performance of AI-based approaches across various 

metrics. 

2. Anomaly Detection: 

AI techniques such as k-means clustering and PCA outperformed traditional rule-based methods in terms of precision, 

recall, and F1-score. The higher accuracy rates indicate the ability of AI algorithms to detect anomalies more reliably. 

3. Predictive Maintenance: 

LSTM networks demonstrated higher prediction accuracy and lower error rates compared to baseline statistical methods. 

The improved predictive capabilities enabled timely maintenance actions, reducing system downtime. 

4. Automated Recovery: 

Reinforcement learning algorithms like DQN exhibited faster recovery times compared to traditional rule-based recovery 

methods. The ability to learn optimal recovery actions through trial and error resulted in more efficient fault resolution. 

5. Resource Allocation and Auto-Scaling: 

Machine learning models for resource allocation, such as SVM and decision trees, achieved higher resource utilization and 

cost savings compared to conventional methods. DRL techniques like PPO showed faster and more responsive auto-scaling 

actions, ensuring optimal performance during workload changes. 

6. Load Balancing: 

Genetic algorithms and particle swarm optimization provided more balanced workload distribution compared to traditional 

load balancing techniques. The lower standard deviation of workloads indicates the effectiveness of AI algorithms in 

preventing resource bottlenecks. 

 

4.4 Key Findings 

 Improved Anomaly Detection: AI-based anomaly detection algorithms, including k-means clustering and PCA, 

significantly outperformed traditional methods in terms of accuracy, ensuring reliable identification of potential system 

faults.  

 Enhanced Predictive Maintenance: LSTM networks demonstrated superior prediction accuracy, enabling proactive 

maintenance actions that reduced system downtime and improved reliability. 

 Efficient Automated Recovery: Reinforcement learning algorithms like DQN provided faster recovery times, optimizing 

the fault resolution process and minimizing service disruption. 

 Optimal Resource Utilization: Machine learning models for resource allocation, such as SVM and decision trees, achieved 

higher resource utilization rates and substantial cost savings, enhancing the efficiency of cloud operations. 

 Responsive Auto-Scaling: DRL techniques like PPO showed significant improvements in auto-scaling response times, 

ensuring timely adaptation to workload changes and maintaining optimal performance. 

 

 Effective Load Balancing: Genetic algorithms and particle swarm optimization effectively distributed workloads across 

cloud resources, preventing bottlenecks and enhancing system performance. 

 

These findings underscore the potential of AI-driven techniques in revolutionizing cloud management by providing autonomous, 

self-healing, and self-optimization capabilities. The proposed methods demonstrated significant improvements over traditional 

approaches, highlighting the feasibility and benefits of integrating AI into cloud management practices. Future research should 

focus on real-world validation and further enhancement of these techniques to address the dynamic nature of cloud environments. 

5. DISCUSSION 

5.1 Interpretation of Results 

The findings of this study highlight the significant potential of AI-driven techniques in enhancing cloud management through self-

healing and self-optimization. The high precision and recall rates achieved by k-means clustering and PCA in anomaly detection 

indicate their effectiveness in identifying and addressing system faults early, reducing downtime and maintenance costs. 

LSTM networks have shown improved predictive maintenance accuracy, forecasting system failures reliably and enabling timely 

maintenance actions. This contributes to a robust cloud infrastructure, minimizing unexpected disruptions and enhancing 

performance. 

Reinforcement learning algorithms, such as DQN, have demonstrated superior performance in automated recovery processes, 

optimizing recovery actions through continuous learning and adaptation. The faster recovery times achieved by DQN compared to 

traditional methods underscore the efficiency of reinforcement learning in fault recovery. 
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Machine learning models for resource allocation, including SVM and decision trees, have shown higher resource utilization rates 

and cost savings, ensuring efficient use of cloud resources and reducing operational costs. 

The responsiveness of DRL techniques like PPO in auto-scaling actions suggests that these methods can adapt to workload changes 

in real-time, maintaining optimal performance. This adaptability is crucial in dynamic cloud environments where workloads 

fluctuate rapidly. 

Genetic algorithms and particle swarm optimization have proven effective in load balancing, distributing workloads more evenly 

across cloud resources and preventing bottlenecks. The lower standard deviation of workloads achieved by these methods compared 

to traditional techniques highlights their efficiency in maintaining balanced resource utilization. 

 

5.2 Practical Implications 

The results have several practical implications for real-world cloud management scenarios: 

 

 Enhanced Reliability and Uptime: Effective anomaly detection and predictive maintenance can enhance reliability and 

uptime by proactively addressing potential issues. 

 Cost-Effective Resource Management: Improved resource utilization and cost savings help optimize resource management 

strategies, reducing operational costs while maintaining high performance. 

 Efficient Fault Recovery: Faster recovery times minimize downtime and enhance fault recovery mechanisms, ensuring 

uninterrupted service delivery. 

 Adaptive Auto-Scaling: Responsive DRL techniques help adapt to workload changes in real-time, maintaining optimal 

performance and preventing over- or under-provisioning. 

 Balanced Workload Distribution: Effective load balancing distributes workloads evenly, preventing bottlenecks and 

ensuring smoother operations. 

5.3 Limitations  

Despite the promising results, this study has several limitations: limited scope, data dependency, computational overhead, and 

generalizability. The experiments were conducted in a controlled environment with specific configurations. Real-world cloud 

environments can be more complex and dynamic, and the performance of the proposed techniques may vary under different 

conditions. The effectiveness of the machine learning models depends on the quality and quantity of the training data. Inadequate 

or biased data can affect the performance of these models. Some of the AI techniques, particularly reinforcement learning 

algorithms, can introduce significant computational overhead. This can impact the overall efficiency and scalability of the cloud 

management system. The proposed techniques were evaluated on specific types of cloud environments and workloads. Their 

generalizability to other types of cloud environments and workloads needs further investigation. 

 

5.4 Recommendation for the research 

Based on the findings and limitations of this study, several areas for future research can be identified: real-world validation, 

enhanced data collection, optimizing computational efficiency, exploring hybrid approaches, and adapting to emerging 

technologies. Future research should focus on validating the proposed techniques in real-world cloud environments with diverse 

configurations and workloads to assess their effectiveness and scalability under different conditions. Improving the quality and 

quantity of training data can enhance the performance of the machine learning models. Future research should explore advanced 

data collection and preprocessing techniques to address data-related challenges. Research should focus on optimizing the 

computational efficiency of AI techniques, particularly reinforcement learning algorithms, to reduce their overhead and improve 

their scalability. Combining different AI techniques, such as machine learning and reinforcement learning, can potentially enhance 

the overall performance of cloud management systems. Future research should explore hybrid approaches to leverage the strengths 

of different techniques. As cloud computing technologies continue to evolve, future research should explore how the proposed 

techniques can be adapted to emerging technologies, such as edge computing and serverless architectures, to ensure their continued 

relevance and effectiveness. 

6. CONCLUSION 

In this research, we explored the evolving landscape of autonomous management techniques in cloud computing. We discussed the 

introduction to autonomous cloud management, highlighting the use of AI and machine learning to automate the provisioning, 

scaling, and maintenance of cloud resources. Traditional cloud management faces challenges such as manual configuration, 

inefficient resource utilization, and difficulties in seamless scaling. Autonomous management techniques like predictive analytics, 

self-healing systems, and automated orchestration enhance the efficiency and reliability of cloud services. 

 

AI and machine learning applications aid in monitoring, anomaly detection, decision-making, and optimization, with examples 

including automated load balancing, fault detection, and predictive scaling. Real-world implementations show significant 

improvements in operational efficiency and cost reduction through autonomous cloud management. Emerging areas like edge 

computing, serverless architectures, and AI-driven automation in multi-cloud environments highlight future research directions. 

 

The integration of autonomous management techniques will significantly impact cloud computing by enhancing efficiency through 

automating routine tasks and using predictive analytics to optimize resource allocation and reduce wastage. Autonomous systems 

proactively detect and fix issues, minimizing downtime and enhancing system resilience. Automation reduces manual intervention 
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and operational costs, while predictive scaling prevents over-provisioning and under-utilization. Autonomous management allows 

seamless scaling, supporting business agility without manual reconfiguration. AI-driven security mechanisms detect anomalies and 

threats in real-time, providing robust security and ensuring compliance. 

 

This research underscores the importance of autonomous management techniques in transforming cloud computing. As demand for 

cloud services grows, AI and machine learning in cloud management are crucial for sustaining future growth. The shift towards 

autonomous cloud management promises enhanced efficiency, reliability, and cost-effectiveness. Organizations leveraging these 

technologies will better compete in a digital landscape. 

 

In conclusion, autonomous management is pivotal in shaping the future of cloud computing. Continued innovation and research 

will lead to advanced, intelligent, and self-sustaining cloud infrastructures, driving the next wave of technological advancements.  
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