Volume: 09 Issue: 09 | Sept - 2025

International Journal of Scientific Research in Engineering and Management (IJSREM)

SJIF Rating: 8.586 ISSN: 2582-3930

Energy Adaptive Consensus Mechanism Using Renewable Energy Prediction
for Sustainable Blockchain Networks

Ningthoujam Chidananda Singh!, Thoudam Basanta Singh?, Mutum Bidyarani Devi®

Research Scholar, Computer Science Department, Manipur International University
2School of Physical Sciences & Engineering, Manipur International University
3School of Physical Sciences & Engineering, Manipur International University

kokok

Abstract - The exponential growth of blockchain technology
has raised significant concerns about energy consumption and
environmental sustainability. Traditional consensus mechanisms,
particularly Proof-ofWork (PoW), consume substantial amounts
of energy without considering the availability of renewable energy
sources. This paper proposes an Energy-Adaptive Consensus
Mechanism (EACM) that dynamically adjusts blockchain
operations based on renewable energy prediction models. Our
approach integrates machine learning-based forecasting of solar
and wind energy availability with consensus timing and difficulty
adjustments. Through comprehensive simulations and real-world
data analysis, we demonstrate that EACM achieves a 35.2%
reduction in carbon footprint while maintaining network security
and decentralization properties. The proposed mechanism
employs Long Short-Term Memory (LSTM) networks for
renewable energy prediction and implements adaptive difficulty
adjustment algorithms that optimize mining operations during
periods of high renewable energy availability. Performance
evaluation shows improved energy efficiency with minimal
impact on transaction throughput and network latency. Our
contributions include a novel consensus framework, predictive
energy models, and empirical validation demonstrating the
feasibility of sustainable blockchain operations.
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1.INTRODUCTION

Blockchain technology has emerged as a revolutionary paradigm
for decentralized systems, enabling trustless transactions and data
integrity across distributed networks[ 1]. However, the widespread
adoption of blockchain, particularly cryptocurrencies utilizing
Proof-of-Work consensus, has led to unprecedented energy
consumption levels. Bitcoin alone consumes approximately 150
TWh annually, equivalent to the energy consumption of entire
countries [2].

The environmental impact of blockchain technology has become
a critical concern, with carbon emissions from cryptocurrency
mining contributing significantly to global greenhouse gas
emissions [3]. Traditional consensus mechanisms operate
independently of energy source considerations, leading to
inefficient utilization of available renewable energy resources.
This disconnects between blockchain operations and sustainable
energy practices presents both environmental challenges and
economic inefficiencies.

Current blockchain networks exhibit temporal energy
consumption patterns that rarely align with renewable energy
generation cycles. Solar energy peaks during daylight hours, while
wind energy generation varies based on weather conditions and
geographical factors [4]. The misalignment between energy
intensive blockchain operations and renewable energy availability
represents a missed opportunity for sustainable computing.

1.1 Problem Statement

Existing blockchain consensus mechanisms suffer from several
critical limitations:

1. Energy Blindness: Traditional protocols do not consider the
carbon intensity or renewable nature of available energy sources
2. Fixed Operation Patterns: Mining difficulty and block
generation times remain constant regardless of energy market
conditions

3. Carbon Intensive Operations: Peak mining activities often
coincide with high carbon intensity periods when fossil fuel
generation dominates

4. Economic Inefficiency: Failure to capitalize on periods of
abundant, low-cost renewable energy

1.2 Research Contributions

This paper addresses the identified limitations through the
following contributions:

* Energy-Adaptive Consensus Framework: A novel consensus
mechanism that dynamically adjusts operations based on
renewable energy forecasts

* Predictive Energy Models: Machine learning algorithms for
accurate short-term renewable energy generation prediction

* Dynamic Difficulty Adjustment: Algorithms that optimize
mining difficulty based on renewable energy availability

* Empirical Validation: Comprehensive evaluation demonstrating
35.2% carbon footprint reduction with maintained security.

The remainder of this paper is organized as follows: Section 2
reviews related work in sustainable blockchain and renewable
energy prediction. Section 3 presents our methodology, including
the EACM framework and predictive models. Section 4 details
experimental results and performance evaluation. Section 5
discusses implications and limitations, while Section 6 concludes
with future research directions.

2 Related Work

2.1 Energy-Efficient Consensus Mechanisms

The environmental impact of blockchain technology has
motivated extensive research into energy-efficient alternatives to
traditional PoW consensus. Proof-ofStake (PoS) mechanisms
significantly reduce energy consumption by replacing
computational competition with stake-based validation [5].
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However, PoS introduces different security assumptions and
potential centralization risks related to wealth concentration [6].
Delegated Proof-of-Stake (DPoS) further improves energy
efficiency by limiting the number of validators, but this approach
may compromise decentralization principles [7]. Practical
Byzantine Fault Tolerance (pBFT) and its variants offer energy
efficiency for permissioned networks but face scalability
challenges in fully decentralized environments [8].

Recent hybrid approaches attempt to balance energy efficiency
with security requirements. The Ethereum 2.0 transition to PoS
represents a significant milestone in sustainable blockchain
development [9]. However, these approaches do not explicitly
consider renewable energy integration or dynamic adaptation
based on energy availability.

2.2 Renewable Energy Integration in Computing
The integration of renewable energy sources in computing
systems has been extensively studied in the context of data centers
and cloud computing. Temporal shifting of computational
workloads to align with renewable energy availability has shown
promising results in reducing carbon footprints [10].

Geographic load balancing techniques distribute computational
tasks to regions with higher renewable energy availability [11].
These approaches demonstrate the feasibility of energy-aware
computing but primarily focus on centralized systems rather than
distributed blockchain networks. 2.3 Energy Prediction Models
Accurate prediction of renewable energy generation is crucial for
effective energy management. Machine learning approaches,
particularly deep learning models, have shown superior
performance in renewable energy forecasting [12]. Long Short-
Term Memory (LSTM) networks have demonstrated
effectiveness in capturing temporal dependencies in renewable
energy generation patterns [ 13]. Support Vector Machines (SVM)
and Random Forest algorithms provide alternative approaches
with different computational complexity trade-offs [ 14].

2.4 Research Gap

Despite extensive research in energy-efficient consensus
mechanisms and renewable energy prediction, no existing work
has proposed a consensus protocol that dynamically adjusts
blockchain operations based on real-time renewable energy
forecasting. This represents a significant gap in sustainable
blockchain research, particularly given the temporal variability of
renewable energy sources and the continuous operation
requirements of blockchain networks.

3 Methodology

3.1 Energy-Adaptive Consensus Mechanism Framework

Our Energy-Adaptive Consensus Mechanism (EACM) integrates
renewable energy prediction with dynamic consensus parameter
adjustment. The framework consists of four main components:

Energy Prediction Modube #.—
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Figure 1: Energy-Adaptive Consensus Mechanism

3.1.1 Energy Prediction Module

The Energy Prediction Module employs machine learning models
to forecast renewable energy availability. We utilize LSTM
networks due to their effectiveness in capturing temporal
dependencies in time series data:

Epreq(t + At) = LSTM(Wg, [E(t —n), ..., E(t — 1), E(®)], 0r)

(1

where Epred(t+At) represents predicted energy at time ¢ + Az, W
are the learned weights, and 6 represents environmental factors
including weather conditions, seasonal patterns, and historical
generation data.

3.1.2 Consensus Adaptation Engine

The adaptation engine determines optimal consensus parameters
based on energy predictions. The adaptation function is defined
as:
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where a(t) represents the adaptation factor, and Erenewanie(?) and
Ewwi(t) are renewable and total energy availability, respectively.

3.2 Dynamic Difficulty Adjustment Algorithm

Traditional blockchain networks adjust mining difficulty based on
block generation time. Our approach incorporates renewable
energy availability:

Algorithm 1 Energy-Adaptive Difficulty Adjustment

Require: Current difficulty Dy rrent. Energy forecast
Eforecast. Target block time Tyarget
Ensure: New difficulty D,,..,
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3.3 Renewable Energy Prediction Models

3.3.1 Solar Energy Prediction

Solar energy prediction incorporates meteorological data
including solar irradiance, temperature, and cloud cover:

Psolar (t) = Nsotar X Apanel X G(t) X COS(e(t)) X ftemp (T(t))
A3)

where 75010+ 1S panel efficiency, Apaer is panel area, G(z) is global
horizontal irradiance, 6(2) is sun angle, and fimy(7(?)) represents
temperature correction factor.

3.3.2 Wind Energy Prediction
Wind energy prediction utilizes wind speed and direction
forecasts:

Puina(t) =5 X p X Aroror X Cp (A, B) X () (4)

where p is air density, 4. 1S rotor swept area, C, is power
coefficient, and v(?) is wind speed.

3.4 Security Analysis Framework
To ensure that energy adaptations do not compromise network

security, we implement the following security measures:

Table 1: Security Parameters and Constraints Security Metric
Minimum Threshold Maximum Adapt

Table 1: Security Parameters and Constraints

Security Metric Minimum Maximum

Threshold Adaptation
Hash Rate Stability +15% 50% increase
Block Generation 8 — 12 minutes | +30%

Time
Network Participation

> 60% active N/A
miners
> (.75 N/A

Decentralization Index

4 Results

4.1 Experimental Setup
We conducted comprehensive simulations using real renewable
energy data from multiple geographic regions over a 12-month
period. The experimental setup included:
*  Blockchain Simulation: Modified Bitcoin testnet with
EACM implementation
*  Energy Data: Solar and wind generation data from
NREL and ENTSOE databases
*  Computational Resources: High-performance
computing cluster with 64 nodes
*  Simulation Duration: 365-day continuous operation
with varied renewable energy scenarios

4.2 Energy Consumption Analysis

Figure 2 presents comparative energy consumption patterns
between traditional PoW and EACM over a representative 7-day
period.
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Figure 2: Energy consumption comparison between traditional PoW
and EACM over 7-day

The results demonstrate significant energy efficiency
improvements:
Table 2: Energy Efficiency Comparison

Metric Traditional PoW | EACM | Improvement
Total Energy 0
(MWh/day) 1,2473 808.2 35.20%
Renewable

Energy 23.40% 67.80% | 44.4 pp
Utilization

Carbon

Emissions 623.7 404.1 35.20%
(tCO2/day)

Energy Cost 0
(USD/day) 87,311 56,574 | 35.20%

4.3 Renewable Energy Prediction Accuracy
The LSTM-based prediction models achieved high accuracy
across different renewable energy sources:

Renewable Energy Prediction Accuracy Comparison
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Figure 3: Prediction accuracy degradation over time horizon

Table 3: Renewable Energy Prediction Performance

Energy Source MAE RMSE | R?
(%) (%) Score
Solar Energy (1-hour ahead) 3.2 4.7 0.94
Solar Energy (6-hour ahead) 8.1 11.3 0.87
Wind Energy (1-hour ahead) 5.7 8.4 0.89
Wind Energy (6-hour ahead) 12.4 17.2 0.78
Combined Renewable 4.9 7.1 0.91

4.4 Network Security and Performance
Despite dynamic adaptations, EACM maintains network security
and performance characteristics:
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Figure 4: Network security and performance metrics

4.5 Economic Impact Analysis

The economic benefits of EACM extend beyond energy cost
savings:

EconomicBenefit = ¥1-1[Conergy () — Cracu (©)] +

Z{:l Rcarbon (t) (5)

where Cenerg(t) and Ceqcm(?) represent traditional and EACM
energy costs, and Rcason(?) represents carbon credit revenues.

Table 4: Annual Economic Impact (USD)

Category Traditional | PoW EACM
Energy Costs 31, 868, 515 | 20, 653, 535
Carbon Credits Revenue 0 2, 847,320
Infrastructure Costs 5, 200, 000 5, 720, 000
Net Annual Savings - $8,342.300

4.6 Scalability Analysis
EACM demonstrates linear scalability with network size while
maintaining energy efficiency:

Etotar = Epase Tk X Nypoges+E€ (6)
where Ejpqse is base energy consumption, & is the scaling factor

(0.73 for EACM vs 1.0 for traditional POW), Nyoqes is the number
of network nodes, and € represents prediction overhead.
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Figure 5: Annual carbon footprint reduction achieved through EACM
implementation

5 Discussion

5.1 Implications for Sustainable Blockchain

The results demonstrate that EACM successfully addresses the
primary challenge of aligning blockchain operations with
renewable energy availability. The 35.2% reduction in carbon
emissions represents a significant step toward sustainable
blockchain technology without compromising network security or
decentralization properties.

The high renewable energy utilization rate (67.8% vs 23.4%)
indicates effective temporal alignment between energy-intensive
operations and renewable generation peaks. This alignment
creates positive feedback loops where increased renewable energy
deployment becomes economically attractive for blockchain
operators.

5.2 Predictive Model Performance

The LSTM-based prediction models achieve satisfactory accuracy
for operational decision making. The R? scores above 0.87 for
short-term predictions (1-6 hours) provide sufficient reliability for
dynamic consensus adjustments. The slightly lower accuracy for
wind energy predictions reflects the inherent variability of wind
resources compared to solar energy’s more predictable diurnal
patterns.

5.3 Security Considerations
Maintaining network security while implementing dynamic
adaptations requires careful parameter tuning. Our security
analysis confirms that EACM preserves essential blockchain
properties:
*  Immutability: Block validation mechanisms remain
unchanged
* Decentralization: No single entity controls adaptation
decisions
* Consensus: Agreement mechanisms function within
defined parameters
* Resistance to Attacks: Hash rate stability prevents
manipulation attempts

5.4 Economic Viability

The substantial annual savings ($8.34M) justify the additional
infrastructure investment required for EACM implementation.
Carbon credit revenues provide additional economic incentives,
particularly in jurisdictions with established carbon pricing
mechanisms.

The reduced energy costs improve mining profitability during low
renewable energy periods, potentially increasing network
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participation and  further

decentralization.

enhancing security through

5.5 Limitations and Challenges
Several limitations must be acknowledged:
1. Prediction Accuracy: Weather-dependent renewable
energy sources introduce unavoidable uncertainty
2. Geographic Constraints: Implementation requires
diverse renewable energy infrastructure
3. Adoption Barriers: Network-wide deployment requires
consensus among stakeholders
4. Regulatory Considerations: Carbon accounting and
renewable energy certificates require standardization

5.6 Future Research Directions
Potential enhancements to EACM include:

*  Multi-Regional Optimization: Coordination across
geographic regions with complementary renewable
resources

* Energy Storage Integration: Incorporation of battery
storage systems for enhanced temporal flexibility

* Dynamic Validator Selection: PoS variants that
prioritize validators with renewable energy access

* Interoperability: Cross-chain protocols for energy-
efficient blockchain ecosystems

6 Conclusion

This paper introduces the Energy-Adaptive Consensus
Mechanism (EACM), a novel approach to sustainable blockchain
operations through renewable energy integration. Our
comprehensive evaluation demonstrates significant
environmental benefits with maintained network security and
economic viability.

6.1 Key Contributions

The primary contributions of this work include:

1. Novel Framework: First consensus mechanism to
dynamically adapt based on renewable energy
forecasting

2. Empirical Validation: Demonstrated 35.2% carbon
footprint reduction through comprehensive simulation

3. Predictive Models: High-accuracy machine learning
models for renewable energy forecasting

4. Economic Analysis: Quantified economic benefits
exceeding 8.3M annually for large—scale deployment

6.2 Practical Implications

EACM addresses critical sustainability challenges in blockchain
technology while preserving fundamental security and
decentralization properties. The mechanism provides a practical
pathway for existing blockchain networks to reduce
environmental impact without requiring complete consensus
protocol replacement.

6.3 Societal Impact

The widespread adoption of EACM could significantly contribute
to global decarbonization efforts. By creating economic incentives
for renewable energy utilization, EACM promotes sustainable
energy infrastructure development while enabling continued
blockchain innovation.

6.4 Future Outlook
As renewable energy deployment accelerates globally, the
temporal variability of clean energy sources necessitates adaptive

computing approaches. EACM represents an important step
toward energy-aware distributed systems that optimize operations
based on environmental considerations.

The integration of artificial intelligence, renewable energy
systems, and blockchain technology demonstrated in this work
establishes a foundation for next generation sustainable
computing infrastructure. Future research should focus on scaling
these approaches across diverse blockchain applications and
energy systems.

In conclusion, EACM proves that environmental sustainability
and blockchain technology are not mutually exclusive. Through
intelligent system design and renewable energy integration, we
can achieve both technological innovation and environmental
responsibility
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