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Abstract

The growing share of renewable generation in global power systems creates operational instability due to the volatile nature of solar, wind,
and hydropower. This study presents a novel cloud-edge integrated model designed to enhance the performance and efficiency of these
renewable sources through a data-centric approach. The proposed architecture relies on an loT-enabled sensor network for real-time data
gathering, processed through a hybrid infrastructure combining edge-level filtration with cloud-based analytics. For energy output
prediction, we compared Linear Regression, Random Forest, and Long Short-Term Memory (LSTM) models, with LSTM demonstrating
superior performance. To optimize operations, a multi-objective Genetic Algorithm was implemented to simultaneously minimize energy
losses and costs while improving grid utilization balance. Furthermore, exergy-based modeling was employed to evaluate the
thermodynamic quality of energy transformations. The results confirmed that the system significantly improved predictive accuracy,
responsiveness, and energy savings. Under varying loads, the system maintained low latency and high energy allocation efficiency,
validating its real-time adaptability. In summary, this research delivers a modular and scalable solution for intelligent energy management,
highlighting the power of predictive analytics and adaptive control in creating data-driven, next-generation sustainable energy efficiency
systems.
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1. Introduction

The global shift towards clean energy is essential for achieving sustainability and combating climate change. However, the increasing
reliance on renewable sources like solar, wind, and hydropower introduces significant operational challenges. Their inherent volatility and
intermittency complicate energy forecasting and grid scheduling, threatening the stability of power systems. To manage these complexities,
advanced technological solutions, particularly data-driven approaches, have become indispensable for the efficient management of modern
renewable energy infrastructure. The digitization of the energy sector has led to an exponential growth of data from sensors, meteorological
devices, and grid components. Cloud computing provides a scalable and flexible platform to process these vast datasets, enabling real-time
optimization that improves system efficiency and reduces operational costs [1]. This foundation is enhanced by the synergy of Artificial
Intelligence (AI), Machine Learning (ML), and the Internet of Things (IoT), which collectively transform energy management through
predictive analytics and dynamic control [2]. Unlike traditional static models that rely on manual intervention, these intelligent systems
can adapt to live grid conditions, for instance by using weather data to accurately forecast power generation and balance supply with
demand [3]. Despite the promise of cloud computing's powerful and scalable resources [4], the practical implementation of these systems
faces several hurdles. For critical infrastructure, concerns surrounding data privacy, security, and low-latency communication are
paramount. Furthermore, achieving seamless interoperability between heterogeneous systems requires robust standardization, a challenge
that has yet to be fully resolved [5]. This creates a significant gap between the theoretical potential of data-driven technologies and their
successful, large-scale deployment in renewable energy management [6][7]. This article aims to bridge this gap by designing, implementing,
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and evaluating a data-driven cloud framework to optimize renewable energy generation and consumption. Our objective is to present a
holistic and adaptive solution that enhances forecasting accuracy, improves system efficiency, and lowers operational costs. By
demonstrating the tangible benefits of this integrated approach, this work contributes to the advancement of more reliable, resilient, and
sustainable energy systems for the future.

2. Literature Review

The increasing penetration of renewable energy has spurred research into technologies that mitigate intermittency and variability. As power
systems transition towards decentralized, renewable-based grids, the need for sophisticated data management and optimization tools has
become critical for ensuring stability and efficiency. Consequently, a growing body of literature has investigated data-driven systems, with
a particular focus on cloud computing technologies for energy management [8][9][10][11]. This review examines the key technological
pillars—cloud computing, machine learning, and the Internet of Things—and discusses the persistent challenges that motivate the present
study.

2.1. The Role of Cloud Computing in Renewable Energy

Cloud computing has emerged as a cornerstone of the digital transformation in the renewable energy sector, offering a powerful
infrastructure for managing the immense data volumes generated by distributed energy resources. It provides scalable and cost-effective
solutions for both processing and storage, removing the need for expensive on-premise hardware. This paradigm shift allows energy
stakeholders to centralize vast and heterogeneous datasets, creating a unified foundation for advanced analytics and operational control.
The ability to scale resources on-demand is particularly crucial for an industry characterized by fluctuating data loads and evolving
computational requirements. The primary advantage of cloud platforms lies in their capacity to enable real-time data analysis, which allows
system operators to move from reactive to proactive decision-making. By leveraging cloud-based tools, operators can run complex
simulations and predictive models that were previously computationally prohibitive. This facilitates more accurate load forecasting,
optimized energy dispatch, and preventative maintenance scheduling, ultimately leading to more reliable and efficient grid operations. The
accessibility of these tools empowers even smaller renewable energy providers to adopt sophisticated management strategies. Furthermore,
the inherent flexibility and elasticity of cloud deployments have proven highly effective for managing the volatile workloads characteristic
of renewable energy generation [12][13][14][15]. As energy production from solar or wind fluctuates, the computational resources required
for monitoring and optimization can be scaled up or down automatically. This ensures that performance is maintained during peak times
without incurring unnecessary costs during periods of low activity. This dynamic resource allocation is essential for building resilient and
economically viable energy systems in an increasingly decentralized grid environment.

2.2 Machine Learning and Al for Energy Optimization

Machine learning (ML) and artificial intelligence (Al) algorithms have garnered significant interest for their ability to unlock the full
potential of the data collected from renewable energy systems. By analyzing complex historical and real-time data patterns, these intelligent
systems can identify underlying trends and correlations that are invisible to traditional analysis methods. This capability is fundamental to
accurately predicting energy production, which is a key challenge for intermittent resources like solar and wind. The application of
predictive analytics driven by ML models has been shown to yield substantial benefits, including increased accuracy of energy forecasts,
lower operational costs, and enhanced overall grid reliability. For example, ML algorithms can predict equipment failures before they
occur, reducing downtime and maintenance expenses. They can also optimize the flow of energy across the grid to minimize transmission
losses and ensure that supply consistently meets demand. This level of optimization is critical for integrating a high percentage of
renewables without compromising grid stability. When these advanced algorithms are integrated into cloud platforms, a powerful synergy
is created that bridges the gap between raw data collection and actionable, intelligent insights [16][17]. The cloud provides the necessary
computational power to train and deploy sophisticated ML models at scale, while the models, in turn, provide the intelligence needed to
automate and optimize energy management processes. This symbiotic relationship is a key enabler for the development of smart grids that
are not only efficient but also autonomous and self-healing.

2.3 IoT Integration for Real-Time Data Acquisition

The Internet of Things (IoT) serves as the sensory layer of modern energy systems, extending the capabilities of cloud computing and ML
by facilitating real-time data access and communication among millions of distributed energy devices. [oT connects physical assets—such
as solar panels, wind turbines, batteries, and smart meters—to the digital world, creating a constant stream of high-resolution data. This
connectivity is the bedrock upon which intelligent energy management systems are built, providing the granular visibility needed for precise
control. IoT-driven sensors collect a wide array of crucial data, including environmental parameters like solar irradiance and wind speed,
operational data such as energy production levels, and grid performance metrics like voltage and frequency. This rich dataset forms a key
pillar for developing sustainable and effective energy strategies, as it provides a detailed, real-time picture of the entire energy ecosystem.
Without the pervasive data collection enabled by 10T, any optimization or forecasting effort would be based on incomplete and outdated
information. The convergence of IoT with cloud and ML technologies results in a dynamic, adaptive architecture that can respond
immediately to real-time shifts in energy supply and demand [18][19][20]. In this model, IoT devices feed data to the cloud, where ML
algorithms analyze it to generate predictive insights and optimal control commands. These commands are then sent back to the grid's
control systems or even directly to the IoT devices themselves, closing the loop and enabling a high degree of automation. This intelligent,
responsive framework is essential for managing the complexity of a decentralized, renewable-powered grid.

2.4 Challenges and Research Gaps

Despite significant technological progress, the practical implementation of data-driven cloud systems for renewable energy optimization
faces persistent and multifaceted challenges. Issues related to ensuring secure data exchange, minimizing latency in control loops, achieving
interoperability between proprietary systems, and ensuring system scalability remain major obstacles to widespread adoption. Given that
energy grids are critical national infrastructure, the standards for security and reliability are exceptionally high, and any new technology
must prove its robustness before it can be deployed at scale. In response to these issues, various studies have proposed solutions such as
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standardized communication protocols, federated learning for privacy preservation, and hybrid cloud-edge architectures to reduce latency
[21][22][23]. Edge computing has emerged as a promising approach to perform initial data processing closer to the source, thereby reducing
the volume of data sent to the cloud and enabling faster local responses. However, these solutions often exist in isolation or have only been
tested in limited, controlled environments. Consequently, a notable gap remains between the theoretical advancements in individual
technologies and their seamless integration into practical, scalable, and commercially viable solutions. This review underscores the pivotal
role of cloud-enabled, data-driven systems in revolutionizing renewable energy management but also highlights the urgent need for
continued research. Future work must focus on creating holistic, secure, and interoperable frameworks to bridge this gap and accelerate
the transition towards more efficient, reliable, and sustainable energy systems.

3. Methods

The study presents a multi-layered data-driven framework to optimize the operation of renewable energy through cloud-edge architecture,
IOT-based sensor networks, advanced forecasting models and intelligent optimization techniques. The proposed framework consists of
five main segments: (1) data collection and preprocessing, (2) system architecture and energy flow modelling, (3) exergy-based efficiency
estimation, (4) machine learning guided forecasting, and (5) genetic algorithm optimization for load distribution, operating and
computational scheduling.

3.1. Data Acquisition and Preprocessing

The foundation of this research is a comprehensive dataset collected from three types of renewable energy sources: solar photovoltaic (PV)
farms, wind turbine installations, and hydropower stations. Each site was equipped with loT-based sensors that captured key environmental
and operational metrics at five-minute intervals over a 24-month period, resulting in a total of 1.2 million time-series data points. A
statistical summary of the key input parameters is provided in Table 1. IQR Filtering Criterion:

x; isoutlierifx; < Q1 —15-IQR or x; > Q3+ 1.5-IQR (1)

where IQR = Q3 — Q1

Table 1. Statistical Summary of Raw Renewable Input Parameters

Parameter Mean Value Standard Deviation Unit Measurement Frequency
Solar Irradiance § 470 80 W/m? Every 5 minutes
Wind Speed W/ 9.1 2.5 m/s Every 5 minutes
Hydro Flow Rate Q 2500 300 m®/s Every 5 minutes
Ambient Temperature T 22.4 5.2 °C Every 5 minutes
Relative Humidity RH 61.3 12.7 % Every 5 minutes

The cleaned dataset was synchronized and aggregated into hourly time blocks to match the computational demands of the forecasting and
optimization models [6], [25].

3.2. Cloud-Edge System Architecture
The system was built on hybrid cloud-edge architecture to leverage the benefits of both localized and centralized computing. This design
enables real-time data processing at the edge while performing computationally intensive model training and orchestration in the cloud.
The architecture consists of three distinct tiers:
o Edge Layer: Raspberry Pi-based embedded processors perform real-time data capture and initial pre-filtering directly at the
source.
e Fog Layer: This intermediate layer handles temporal data aggregation and provides local buffer control to manage data flow.
e Cloud Layer: Amazon Web Services (AWS)—including EC2, S3, Lambda, and SageMaker—are used for advanced modeling,
large-scale optimization, and persistent data storage [4][5][21].
The total latency across the architecture was modeled as:

Ltotar = Leage + Ltrans + Leioua 2)

Table 2. Engineering Parameters for Energy Conversion Subsystems

Subsystem Input Energy Source Major Loss Component Conversion Type Exergy Factor
Solar PV Solar Irradiance Heat dissipation in panels Direct Current (DC) 0.42
Wind Turbine Kinetic Wind Energy Aerodynamic drag Alternating Current (AC) 0.55
Hydropower System Potential Water Energy Turbulent flow resistance Alternating Current (AC) 0.68

3.3. Energy Modeling and Exergy-Based Efficiency

To assess energy transformation, a second-law thermodynamics approach was applied using exergy analysis. This accounts not just for
energy balances, but also for entropy generation and usable work output.

Basic Energy Balance:

Eoutput = Nsys * Einput = Ejoss 3)

Exergy Efficiency:

Nox = Euse};d — Eirr (4)
input

Where E_irr irreversibility due to entropy generation, 5, exergy-based system efficiency [2][12]. These metrics were used to benchmark
the relative performance of the energy subsystems in the optimization stage.
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3.4. Machine Learning for Predictive Forecasting

A core component of the framework is its ability to predict energy output 24 hours in advance using the preprocessed time-series data.
Three distinct machine learning models were developed and compared a) Linear Regression (LR): A baseline statistical model; b) Random
Forest (RF): An ensemble, tree-based model that uses feature bootstrapping; ¢) Long Short-Term Memory (LSTM): A recurrent neural
network (RNN) specifically designed to model sequential and time-dependent data. Given its suitability for time-series forecasting, the
LSTM model was expected to perform best. Its core dynamics are governed by gates that control the flow of information through cell states
[26][27]. The configurations for each model are detailed in Table 3. The LSTM model's dynamics were described by the following:

€t =ft Ceo1+ip-Cp ht = o, - tanh (c,) (5)
Where £, i,, o, forget, input, and output gates, ¢, cell state, p, hidden state [26][27].
Table 3. Configuration and Inputs for Energy Forecasting Models

Model Key Hyperparameters Input Features
Linear Regression None (analytical solution) Irradiance, Wind Speed, Temp., etc.
Random Forest n=100 trees, depth=8 Time-lagged inputs, rolling mean

Layers=[50, 25],

Long Short-Term Memory (LSTM) Activation= tanh

Time sequences with periodic decomposition

3.5. Genetic Algorithm Optimization
To optimize the distribution of energy and operational scheduling, a Genetic Algorithm (GA) was implemented. The GA targets a multi-
objective fitness function designed to simultaneously minimize energy losses and operational costs while maximizing grid utilization
balance. The fitness function was formulated as:

. E C
Fitness = a - % +B ﬂ"'y * (1 = Upatance) (6)
Eben (;nax
Where Egen generated energy, Cops operating cost, Uy ;;,nc. POWeT allocation balance, a, 8,y are weight coefficients tuned via grid search
[28][291].
Table 4. Genetic Algorithm Parameters for Renewable Energy Scheduling
Parameter Value Description
Population Size 100 Individuals in each generation
Max Generations 50 Maximum number of evolutionary cycles
Crossover Probability 0.85 Likelihood of genetic recombination
Mutation Rate 0.01 Rate of gene-level perturbation (Gaussian)

The parameters used to configure the GA are listed in Table 4. The algorithm was implemented in Python and integrated with the AWS
Lambda backend, allowing it to dynamically adapt its optimization strategy based on the latest forecasts from the machine learning module.

Algorithm Genetic Algorithm for Energy Optimization

Input: Initial Population P, Max Generations G, Crossover Rate Cr, Mutation Rate Mr
Output: Optimized Energy Allocation

1. Initialize population P randomly

2. Evaluate fitness of each individual in P

3. While (generation < G):

. Select individuals based on fitness

. Perform crossover with probability Cr

. Mutate offspring with probability Mr

a n T w

. Replace least fit individuals in P
e. Evaluate new fitness of P

4. Return best solution in P

Fig 1. Genetic algorithm for optimized energy allocation in smart systems
4. Result and Discussion

4.1. Exergy-Based Efficiency Improvements

The initial phase of evaluation targeted energy conversion efficiency across three key renewable subsystems: solar photovoltaics (PV),
wind turbines, and hydropower plants. To capture a more accurate measure of transformation quality, the analysis employs an exergy-
based approach rather than relying solely on conventional output-to-input energy ratios. Exergy efficiency accounts for entropy generation
and internal losses, providing a more precise assessment of thermodynamically driven processes such as solar-to-electric and hydro-
mechanical energy conversion. By comparing baseline and optimized configurations, the analysis identifies efficiency gains resulting from
data-driven energy management and architectural reconfiguration. Cloud-based control mechanisms and real-time analytics were shown
to enhance system-wide thermodynamic performance. Measurements were conducted over six months of continuous operation at all
deployment sites, ensuring high-resolution temporal data for benchmarking improvements in operational efficiency.
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Fig 2. Comparative evaluation of baseline vs. optimized exergy efficiencies

Results from the exergy analysis indicate significant enhancements in the performance of energy conversion for all the three sources of
renewable energy. The solar PV sub-system showed the largest efficiency increase from 38.4% to 46.5% and it is mainly explained by
inverter performance improvement as a result of optimal operation, control of thermal dissipation and adaptive tilts that benefit from real-
time data. Wind farms similarly showed a substantial 6.9% efficiency increase by controlling yaw alignment and blade drag, the latter
using predictive control inputs. The efficiency of hydropower increased from 58.7% to 65.4%, which means that the resonance regulator
operating characteristics and gate control of the turbine were improved. These enhancements affirm the ability of intelligent cloud-edge
systems to manage entropy-related inefficiencies that standard control systems neglect. The data suggest that integrating thermodynamic
awareness with operational control strategies leads to superior energy retention and improved usability of transformed energy, particularly
for intermittently available sources such as solar and wind. This positions exergy as a foundational indicator for future smart energy
infrastructure.

4.2. Disaggregated System Latency

Latency in cloud-edge systems directly impacts responsiveness, forecasting loop closure, and real-time energy load balancing. This section
evaluates the latency components across the three primary stages of the system: edge processing, data transmission to the cloud, and cloud-
based computation. The objective is to identify where delays are concentrated and how optimization interventions affect each latency tier.
Unlike monolithic energy management systems, the modularity of a cloud-edge architecture allows separate improvements at different
layers—this provides the opportunity for targeted latency reduction without compromising overall throughput. Data were recorded across
a series of 10,000 operations per stage, sampled uniformly across daytime and nighttime periods to account for variable workloads. Edge-
level optimizations involved model pruning and buffer reduction; transmission layers were improved via protocol compression, and cloud
layers benefitted from concurrent processing and vertical scaling on Amazon EC2 instances.

Latency Comparison: Baseline vs Optimized
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Fig 3. Latency distribution across edge, transmission, and cloud layers

The latency decomposition shows a significant reduction in system response. The cloud computing stage’s latency was reduced by 49.4%,
decreasing from 85 milliseconds to 43 milliseconds. This was accomplished by elastic autoscaling and the implementation of event-driven
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serverless functions rather than classical virtual machine workloads. Edge processing delay was reduced by 40%, as buffer sizes are
optimized and early feature extraction at local devices is introduced. The more rigid but less flexible transmission latency was reduced by
33.3% by employing lightweight protocols based on the MQTT and real-time packet-based compression techniques. The effects combined
to reduce overall latency from 150 ms down to 85 ms, 43.3% less latency. These results demonstrate that fine-grained latency engineering
in distributed energy systems is viable, and that the architectural separation is an effective and efficient choice. This renders the system
deployable for applications when latency is of importance such as real-time grid switching and demand-response coordination.

4.3. Forecasting Accuracy of Energy Prediction Models

Accurate prediction of energy generation is crucial to cope with the variability of renewable energy source. In this section, we assess the
prediction quality of the solar, wind, and hydropower dataset over three ML models, Linear Regression, Random Forest, and Long Short-
Term Memory (LSTM). All models were trained and validated with meteorological parameters, operational variables and Fourier-
transformed lags time-synchronized data. The aim is to evaluate average, not only accuracy (MAE and RMSE) but also the explained
variance (R?), which shows how closely the models match the system’s dynamics. For the parameter optimization the rolling validation
approach was applied to avoid overfitting and to mimic real-time learning. The quality of forecasting is important as it influences the
performance of energy allocation strategies in the downstream optimization module. This analysis provides an overview of the models'
performance under different environmental scenarios and temporal changes and a better understanding of their generalization and
robustness.

Table 5. Model-Wise Forecasting Accuracy by Renewable Energy Source

Energy Source Model MAE (kWh) RMSE (kWh) R?
Solar Linear Regression 18.7 23.5 0.75
Solar Random Forest 9.1 123 0.92
Solar LSTM 4.7 6.5 0.97
Wind Linear Regression 22.4 28.6 0.72
Wind Random Forest 10.8 14.7 0.89
Wind LSTM 5.6 8.1 0.94

Hydropower Linear Regression 25.1 31.7 0.70
Hydropower Random Forest 12.2 16.8 0.87
Hydropower LSTM 6.3 9.3 0.93

The forecasting results confirm that LSTM achieves the best performance for all energy sources. While predicting values for solar, the
LSTM was able to decrease MAE to 4.7 kWh and was able to attain an R? value of 0.97, signifying virtually perfect prediction with the
observed data. Similar results appear in wind and hydropower forecasts, for which LSTM has a huge gap to traditional models in terms of
RMSE and R2. Random Forest is an intermediary balanced choice; it strongly outperforms linear regression while it does not achieve the
performance of LSTM in the sequential aspect. By contrast, linear regression consistently had larger error and less explanatory power,
reiterating its shortcomings in accounting for nonlinear and time-dependent dynamics. These results validate the effectiveness of RNNs
for renewable energy prediction, especially for high-resolution and short-term forecasting applications. Enhancements in accuracy justify
the additional computational overhead of LSTM and provide confidence in its integration into real-time systems for predictive energy
scheduling.

4.4. Optimization Efficacy Using Genetic Algorithm

The optimization module aims to minimize losses, decrease operation costs and promote grid utilizations in distributed renewable-
intensive microgrids. The performance of the GA is obtained with respect to a multi-objective fitness function proposed at the time of the
system design. The GA performed 50+ generations for a population of 100 candidate solutions and also incorporated forecast data from
the real-world from an LSTM model to steer adaptive decision making. Comparison conditions were the baseline, historical, non-
algorithmic energy management approaches as a control. The optimal case shows the possibility of smart scheduling of energy flows as
well as the real-time control of the proposed GA. The KPIs comprise daily KW h loss, OPEX in USD, normalized U, and an overall fitness
score representing convergence stability and solutions quality. This analysis quantitatively confirms the effectiveness of metaheuristic-
optimized energy systems for enhancing the efficiency, reliability, and control in future energy systems.
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Fig 4. Genetic algorithm-based optimization performance metrics
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There was a significant gain on all evaluation criteria with GA optimization. Energy loss decreased from 520 to 390 kWh/day, which is a
25% improvement in transmission and distribution efficiency. This relief came from rearrangement of loads, from peak shaving, and from
smarter dispatch of generators. The operational expenses decreased by 21.3%, mostly because of saving in auxiliary equipment operation
and better matching the productive operation period and demand prediction. The use balance index increased from 0.81 to 0.93, suggesting
a relatively equitable and demand-driven power distribution in the network. Most notably, the composite fitness score based on normalized
cost and loss and balance factors achieved a 35% improvement, indicating that the algorithm was able to converge toward the optimal
states in the reality of a constrained energy environment. These results clearly show the effectiveness of GA for hybrid optimal operation
in microgrids and provides good reason to utilize it for cost sensitive, renewable-based systems, where dynamic limitations should be
accounted for.

4.5. Real-Time System Performance Under Load Conditions

A fundamental benchmark for evaluating intelligent energy systems is their capacity to sustain performance across variable load conditions.
System behavior is analyzed under simulated low, medium, and high demand scenarios, with key metrics including energy allocation
efficiency, end-to-end latency, and daily data throughput. These scenarios emulate operational profiles common to residential, commercial,
and mixed-use microgrids. Data collection was facilitated by a synthetic load generator calibrated to reflect real-world consumption patterns
ensuring validation of system responsiveness and adaptability. The analysis assesses whether the cloud-edge architecture consistently
delivers reliable performance and maintains throughput across diverse usage intensities. Additionally, it serves as a scalability benchmark
by evaluating the resilience of core components, such as forecasting algorithms and optimization routines under stress. The objective is to
confirm that the system maintains accuracy and avoids operational bottlenecks even as load complexity increases.

Load Scenario Performance Metrics
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Fig 5. Scalability and performance metrics for varying load scenarios

The system demonstrated high reliability and responsiveness at all demand levels. During low demand periods, the efficiency of the
allocation of energy reached 96.1% with very low latency (75 ms) and reasonable data consumption (42 GB per day). For medium-demand
operation the system remained 93.4% efficient at a 10 ms increase in latency and reduced throughput. In heavy load, adding a large
variance for both latencies and sharp consumption patterns, the efficiency did not drop below 89.2% with a total latency up to 105 ms and
throughput of 68 GB/day. These findings illustrate the effectiveness of the cloud-edge correspondences in addressing large-scale real-time
energy management tasks. The load results indicate that both forecasting and optimization model the resource scaling, and the adaptive
buffering operationally with low variability. This confirms the system’s suitability for dynamic real-world energy ecosystems, such as
smart cities and the interlinked grid designs.

The results of this study confirm the effectiveness and applicability of an integrated cloud-edge model for the real-time management of
renewable energy systems. The significant improvements observed in exergy efficiency, computational latency, and predictive accuracy
collectively demonstrate the value of embedding data-driven intelligence into distributed energy systems. By leveraging IoT-enabled
sensing, advanced machine learning, and genetic optimization, the proposed framework successfully addresses the inherent unpredictability
of renewable generation across solar, wind, and hydropower sources.

4.6. Interpretation of Key Findings

The enhancement of exergy efficiency across all renewable sources indicates that a cloud-orchestrated approach can effectively minimize
thermodynamic losses in energy conversion processes. The improved performance in solar PV systems, for instance, aligns with findings
by Zhao et al [1], who highlighted the potential of cloud-edge collaboration for dynamic operational control and thermal management.
Similarly, the increased wind energy yield validates previous work by Abdullah et al [3], where machine learning was used to guide yaw
and blade tuning to reduce aerodynamic drag. This consistency between our empirical results and existing literature supports the hypothesis
that computational intelligence can directly enhance the physical performance of renewable energy hardware. From a systems architecture
perspective, the study demonstrates that a modular, distributed design allows for fine-grained latency reduction. The total latency was
reduced by over 43%, supporting the argument that architectural separation, when paired with efficient communication protocols, enhances
rather than hinders performance. These findings resonate with the work of Bachoumis et al [4] on cloud-edge interoperability for near-real-
time responsiveness and with Dong et al [18], who identified edge preprocessing as a key enabler for fast-response microgrids. In
forecasting, the superior performance of the Long Short-Term Memory (LSTM) model is consistent with trends reported by Olcay et al
[27], confirming the robustness of recurrent neural networks for modeling complex, time-dependent energy data. The high predictive
accuracy achieved serves as a critical foundation for the optimization module, as precise forecasts directly influence scheduling efficiency
and cost-effectiveness. The genetic algorithm-based optimization framework also demonstrated strong performance, achieving a 25%
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reduction in energy losses and a 35% improvement in the multi-objective fitness score. This aligns with research by Kaushik et al [29] on
the effectiveness of GAs in smart grid applications. A key innovation in our work is the use of a dynamic control layer that adapts to real-
time data, enhancing operational resilience beyond the static configurations seen in many previous studies.

4.7. Limitations and Constraints

Despite these successful outcomes, several limitations must be acknowledged. First, the system's reliance on cloud services, while
beneficial for scalability, introduces vulnerabilities related to network connectivity and data security. This concern is echoed in the work
of Dibie [7] and Zahoor [30], who caution against the risks of using cloud-native paradigms for mission-critical energy infrastructure.
Second, a trade-off exists between model accuracy and computational cost. While the LSTM models provided the best forecasting accuracy,
they are computationally intensive and require significant training time. This makes them less suitable for deployment in resource-
constrained edge environments, a limitation also noted in other Al-based energy systems [16]. Finally, while the system was validated
under simulated real-time load conditions, the current study does not incorporate grid-level feedback loops involving energy storage,
electric vehicle (EV) fleets, or bidirectional power flow. Integrating multi-timescale control algorithms, such as those proposed by Yin et
al [5], could extend the optimization horizon to accommodate hourly, daily, and seasonal dynamics, representing a key area for future
development.

4.8. Future Research Directions

This work provides strong empirical evidence for the advantages of cloud-edge collaborative systems in optimizing renewable energy
networks. Future work should focus on addressing the current limitations and expanding the framework's capabilities. One promising
avenue is the incorporation of reinforcement learning algorithms for more adaptive and intelligent scheduling decisions that go beyond
fixed fitness functions. Furthermore, exploring hybrid frameworks that integrate economic and regulatory parameters, as suggested by
Rojek et al [2], could enhance the system's practical applicability in real-world energy markets. Another promising area is the deployment
of blockchain-based transaction frameworks to enhance transparency and security in decentralized energy trading platforms. To further
improve performance on resource-constrained devices, future iterations could explore edge Al compression techniques and federated
learning for collaborative model training across geographically dispersed microgrids without centralizing sensitive data. Expanding the
model to include socio-environmental metrics would also be crucial for ensuring the long-term sustainability and equity of smart energy
management solutions [31].

5. Conclusion

This research successfully designed and validated a comprehensive, data-driven cloud-edge framework for optimizing renewable energy
systems. By integrating IoT sensing, machine learning-based forecasting, and multi-objective genetic algorithms, the study effectively
addressed the critical challenges of variability and inefficiency in solar, wind, and hydropower generation. The results confirm that the
proposed architecture provides a scalable and adaptive solution that improves energy transformation efficiency, minimizes operational
losses, and enhances predictive control under dynamic load conditions. The key contribution of this work is a modular and flexible
architecture that has demonstrated success across computational and energy domains. The system's ability to shift from static resource
allocation to dynamic, data-driven control marks a significant advancement in the development of intelligent, context-aware energy
infrastructures. This approach not only enhances automation and strategic planning but also holds the potential to reduce reliance on fossil-
fuel backup systems, thereby lowering both carbon emissions and operational costs. The findings from this study open promising avenues
for future research and development. The modularity of the framework allows for future extensions, such as the integration of energy
storage, electric vehicle charging systems, and more advanced Al-driven control strategies like reinforcement learning. Further exploration
into areas like blockchain for secure energy trading and federated learning for privacy-preserving model training will be essential for
developing the next generation of intelligent, inclusive, and sustainable energy systems.

References

[11  Zhao, J., et al., Research on Distributed Renewable Energy Power Measurement and Operation Control Based on Cloud-Edge Collaboration. EAI
Endorsed Transactions on Energy Web, 2024. 11.

[2] Rojek, L, et al. Al-Based Computational Model in Sustainable Transformation of Energy Markets. Energies, 2023. 16, DOI: 10.3390/en16248059.

[3] Abdullah, HM., et al. Hybrid Renewable Energy System Design: A Machine Learning Approach for Optimal Sizing with Net-Metering Costs.
Sustainability, 2023. 15, DOI: 10.3390/sul5118538.

[4] Bachoumis, A., et al., Cloud-Edge Interoperability for Demand Response-Enabled Fast Frequency Response Service Provision. IEEE Transactions
on Cloud Computing, 2022. 10(1): p. 123-133.

[5] Yin, Z., et al. A Cloud—Edge Collaborative Multi-Timescale Scheduling Strategy for Peak Regulation and Renewable Energy Integration in
Distributed Multi-Energy Systems. Energies, 2024. 17, DOI: 10.3390/en17153764.

[6] Cicceri, G., et al. A Deep Learning-Driven Self-Conscious Distributed Cyber-Physical System for Renewable Energy Communities. Sensors, 2023.
23, DOIL: 10.3390/s23094549.

[7]1 Dibie, E., The Future of Renewable Energy: Ethical Implications of Al and Cloud Technology in Data Security and Environmental Impact. Journal
of Advances in Mathematics and Computer Science, 2024. 39(10): p. 62-73.

[8] Olanrewaju, O., Oduro, P., & Simpa, P., Engineering solutions for clean energy: Optimizing renewable energy systems with advanced data analytics
Engineering Science & Technology Journal, 2024. 5(6).

[91 M.-T.Lai and T. Hariguna, “Analyzing Company Hiring Patterns Using K-Means Clustering and Association Rule Mining: A Data-Driven Approach
to Understanding Recruitment Trends in the Digital Economy,” Journal of Digital Society, vol. 1, no. 1, pp. 20-43, 2025, doi: 10.63913/jds.v1il.2.

[10] U. Rahardja and Q. Aini, “Analyzing Player Performance Metrics for Rank Prediction in Valorant Using Random Forest: A Data-Driven Approach
to Skill Profiling in the Metaverse,” International Journal Research on Metaverse, vol. 2, no. 2, pp. 102-120, 2025, doi: 10.47738/ijrm.v2i2.26.

[11] F. Cheng, T. Sangsawang, M. Pigultong, and W. Watkraw, “Data-Driven Development of an Elderly Training Package Using the GCC Model,”
Journal of Applied Data Sciences, vol. 6, no. 1, pp. 773787, 2025, doi: 10.47738/jads.v6i1.662.

[12] Mohsin, S.M., T. Maqgsood, and S.A. Madani Towards Energy Efficient Cloud: A Green and Intelligent Migration of Traditional Energy Sources.
Energies, 2024. 17, DOI: 10.3390/en17112787.



International Journal of Engineering, Science and Information Technology, 5 (2), 2025, pp. 609-617 617

[13]
[14]
[15]
[1e]
[17]
(18]

[19]

[20]
[21]
[22]
[23]
[24]
[25]
[26]
[27]
[28]
[29]

[30]
[31]

N. Wang, T. Pasawano, T. Sangsawang, and M. Pigultong, “Data-Driven Analysis of Teaching Quality Impact on Graduate Employment in Higher
Vocational Colleges of Hefei,” Journal of Applied Data Sciences, vol. 5, no. 1, pp. 242-255, 2024, doi: 10.47738/jads.v511.169.

B. H. Hayadi and I. M. M. El Emary, “Enhancing Security and Efficiency in Decentralized Smart Applications through Blockchain Machine Learning
Integration,” Journal of Current Research in Blockchain, vol. 1, no. 2, pp. 139—-154, 2024, doi: 10.47738/jcrb.v1i2.16.

A. R. Hananto and B. Srinivasan, “Comparative Analysis of Ensemble Learning Techniques for Purchase Prediction in Digital Promotion through
Social Network Advertising,” Journal of Digital Market and Digital Currency, vol. 1, no. 2, pp. 125-143, 2024, doi: 10.47738/jdmdc.v1i2.7.
Yousef, L.A., H. Yousef, and L. Rocha-Meneses Artificial Intelligence for Management of Variable Renewable Energy Systems: A Review of Current
Status and Future Directions. Energies, 2023. 16, DOI: 10.3390/en16248057.

H. A. Albaroodi and M. Anbar, “Security Issues and Weaknesses in Blockchain Cloud Infrastructure: A Review Article,” Journal of Applied Data
Sciences, vol. 6, no. 1, pp. 155-177, 2025, doi: 10.47738/jads.v6i1.324.

Dong, W., et al., Machine-Learning-Based Real-Time Economic Dispatch in Islanding Microgrids in a Cloud-Edge Computing Environment. IEEE
Internet of Things Journal, 2021. 8(17): p. 13703-13711.

A. B. Prasetio, M. Aboobaider, and A. Ahmad, “Machine Learning for Wage Growth Prediction: Analyzing the Role of Experience, Education, and
Union Membership in Workforce Earnings Using Gradient Boosting,” Artificial Intelligence in Learning, vol. 1, no. 2, pp. 153-172, 2025, doi:
10.63913/ail.v1i2.12.

A. D. Buchdadi and A. S. M. Al-Rawahna, “Temporal Crime Pattern Analysis Using Seasonal Decomposition and k-Means Clustering,” Journal of
Cyber Law, vol. 1, no. 1, pp. 65-87, 2025, 10.63913/jcl.vlil 4.

Liu, X,, et al., Design and Implementation of Smooth Renewable Power in Cloud Data Centers. IEEE Transactions on Cloud Computing, 2023. 11(1):
p. 85-96.

H. Wang and P. Budsaratragoon, “Exploration of an ‘Internet+’ Grounded Approach for Establishing a Model for Evaluating Financial Management
Risks in Enterprises,” International Journal for Applied Information Management, vol. 3, no. 3, pp. 109-117, 2023, doi: 10.47738/ijaim.v3i3.58.

K. Y. Tippayawong, “Construction of Enterprise Logistics Decision Model Based on Supply Chain Management,” International Journal of
Informatics and Information Systems, vol. 6, no. 4, pp. 181188, 2023, doi: 10.47738/ijiis.v6i4.179.

Kanchan, P., A K. Singh, and N. Guruprasad. Revolutionizing Renewable Sources of Energy using IoT: Impact and Challenges. in 2023 International
Conference on IoT, Communication and Automation Technology (ICICAT). 2023.

Gowda, V.D., et al. Optimizing Renewable Energy Integration in Smart Grids through IoT-Driven Management Systems. in 2024 2nd International
Conference on Advancement in Computation & Computer Technologies (InCACCT). 2024.

Mishra, A., H.R. Lone, and A. Mishra, DECODE: Data-driven energy consumption prediction leveraging historical data and environmental factors
in buildings. Energy and Buildings, 2024. 307: p. 113950.

Olcay, K., S.G. Tunca, and M.A. Ozgiir, Forecasting and Performance Analysis of Energy Production in Solar Power Plants Using Long Short-Term
Memory (LSTM) and Random Forest Models. IEEE Access, 2024. 12: p. 103299-103312.

Patari, N., et al., Distributed Optimization in Distribution Systems: Use Cases, Limitations, and Research Needs. IEEE Transactions on Power
Systems, 2022. 37(5): p. 3469-3481.

Kaushik, E., et al. Optimal Placement of Renewable Energy Generators Using Grid-Oriented Genetic Algorithm for Loss Reduction and Flexibility
Improvement. Energies, 2022. 15, DOI: 10.3390/en15051863.

Zahoor, E., Security Challenges and Solutions in Al-Enhanced Cloud Platforms: A Comprehensive Study. Power System Technology, 2023. 47(4).
W. Y. Leong, "Digital Technology for ASEAN Energy," 2023 International Conference on Circuit Power and Computing Technologies (ICCPCT),
August 2023, pp. 1480-1486. DOI: 10.1109/ICCPCT58313.2023.10244806



