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A B S T R A C T

Energy Management with Sustainability Creates, an urgent Need In the management of energy sustainably
creates an urgent need for the development of new, flexible approaches that take into account the environment,
economy, and social equity. Conventional approaches are too rigid to adopt changes both in technological and
environmental spheres. This paper will introduce the resource allocation method that uses sustainable energy,
which will inspire four new methodologies, for instance, DRL-DRA. These utilize deep and reinforcement
learning techniques with Multi-Criteria Decision Making concerning energy distribution in order to minimize
carbon emissions, along with the maximization of exploitation of renewable energy sources. PA-EDF provides
accurate computation for future energy demands and affords planners an opportunity to regain lost ground.
Third one is CA-TIS. GRL-SRA uses geography to inform the setting of energy user policy sets similar to others
using the MCDM to locate energy infrastructures with the help of environmental consideration, space, etc. The
methods together have been shown to impressively cut carbon emissions by 28 %, boost renewable energy use by
35 %, and improve energy equity by 22 %, far exceeding the benchmarks of traditional methods. In showing how
the methods work together in process, this study illustrates how machine learning can enhance energy man-
agement for social situations.
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Abbreviations:

CA-TIS Cluster Analysis-driven Targeted Intervention Strategy
DER Distributed Energy Resources
DRL Deep Reinforcement Learning
GBM Gradient Boosting Machines
GIS Geographical information systems
MCDM Multi-Criteria Decision Making
MSE Mean squared error
PA Predictive Analytics
PA-EDF Predictive Analytics-based Energy Demand Forecasting
PV Photovoltaic
QoS Quality of service
RES Renewable energy sources
RMSE Root Mean Square Error
SDG Sustainable Development Goals
SGD Stochastic gradient descent
SRA Spatially-Aware Resource
WCSS Within-cluster sum of squares

1. Introduction

Renewable energy sources, such as solar, wind, hydro, geothermal,
and biomass, are derived from natural processes that are continually
replenished [1]. Renewables can provide the world’s energy demands
without finite, hazardous fossil fuels [2–4]. Sustainable environmental,
economic, and social sustainability requires renewable energy [5].
Renewable energy adoption is driven by climate change mitigation.
Renewable energy emits little greenhouse emissions, reducing energy
generation’s carbon impact. They also reduce air and water pollution
from fossil fuels [6]. Renewable energy investments benefit the envi-
ronment and economy [7]. Manufacturing, installation, operation, and
maintenance jobs result from renewable energy initiatives [8]. They
reduce imports and safeguard economies from fossil fuel price volatility,
improving energy security. Renewable energy minimizes air pollution,
which causes respiratory and cardiovascular diseases, increasing public
health [9]. Decentralized technology like rooftop solar provide clean,
reliable electricity to remote or impoverished people [10]. Renewable
energy improves energy security by diversifying the energy mix and
reducing fossil fuel supply chain vulnerabilities [11]. Solar and wind
energy are reliable and less susceptible to geopolitical and price fluc-
tuations [12,13]. Renewable energy helps the UN Sustainable Devel-
opment Goals (SDGs) for affordable and clean energy, climate action,
and sustainable cities and communities [14–16]. Renewable energy
helps the globe become more equitable and sustainable. High initial
costs, intermittency, and the need for better energy storage impede
renewable energy adoption [17]. Technological improvements, sup-
portive policies, and financial incentives are driving the global renew-
able energy shift [18]. Sustainable development requires renewable
energy to alleviate environmental challenges, increase economic
growth, and improve social well-being [19,20]. A strong and sustainable
future necessitates its inclusion in global energy [21].

Resource management and allocation are necessary for the global
transition to sustainable energy systems [22]. Energy systems are com-
plex due to the complexities of dynamic environmental changes, tech-
nological advancements, and a variety of policy implications,
necessitating wise, adaptive decision-making processes [23,24]. In
general, conventional methods for energy system optimization are
deficient in real-time data and multidimensionality, which leads to
suboptimal resource allocation and waste [25]. In recent years, MCDM
has emerged as a critical strategy for strategic energy planning due to its
incorporation of all pertinent criteria, such as economic cost, environ-
mental impact, and social equity, into decision-making frameworks
[26]. Nevertheless, the ability of MCDM frameworks to adapt and iterate
in response to the rapid evolution of energy technologies and the volatile
nature of energymarkets is significantly underdeveloped [27]. There is a
need for a framework that not only takes into account a variety of

criteria but also dynamically adapts to changing conditions and learns
from new data samples over time.

The progress in machine learning technologies, specifically Deep
Reinforcement Learning (DRL) and Predictive Analytics (PA), gives
reassuring solutions to these challenges [28]. DRL brings together the
perceptual capabilities of deep learning with the decision-making
powers of reinforcement learning to create a system that can learn
optimal policies by trial-and-error interaction with a dynamic environ-
ment [29,30]. This approach seems ideal for applications where decision
processes are complicated and the environment in which the decisions
are made is constantly changing. Predictive analytics utilizes past data
to predict future events so that the energy systems can anticipate
changes in the demand or supply conditions and adapt accordingly. The
framework proposed in this paper incorporates such cutting-edge tech-
nologies into an iterative MCDM approach to address the dynamic and
multi-dimensional challenges of sustainable energy management [31].
Specifically, it introduces four new methods: Deep Reinforcement
Learning for Dynamic Resource Allocation, which learns optimal allo-
cation strategies through continuous feedback; Predictive
Analytics-based Energy Demand Forecasting, which uses advanced
machine learning models to forecast future energy needs; Cluster
Analysis-driven Targeted Intervention Strategy, which identifies clusters
of similar energy consumers for targeted policy interventions; and
Geospatial Reinforcement Learning for Spatially-aware Resource Allo-
cation, which brings geographical information into decision-making
processes to optimize the spatial distribution of resources. The next
detailed explanation is given to every method, including their individual
contributions and synergistic effects within the more extensive
framework.

Tang et al. [32], describes power electronics renewable energy
integration. The report outlines how power electronics facilitate
renewable energy adoption but does not address issues or future de-
velopments. This highlights power electronics relevance in energy sys-
tems without addressing scalability or innovation. Wu et al. [33],
discusses multi-timescale renewable power trading for ammonia virtual
power plants. The paper states that an effective trading system across
numerous energy markets has been designed but not implemented or
confirmed. Echevarria et al. [34], studied Puerto Rico solar energy
transition sociotechnical imaginaries. These imaginaries are involved in
energy changes, but the case study limits generalizability. Abbas et al.
[35], integrates green computing and renewable energy sources into an
energy-efficient computing architecture. Though practical, the frame-
work is theoretical and untested. Wang et al. [36], improves energy
system resilience and sustainability via machine learning. It implies
machine learning could tackle energy management’s dynamic diffi-
culties. Its findings are essentially theoretical and irrelevant. Digmayer
and Pogue [37], found that growth, independence, sustainability,
inexpensive living, and mobility influence energy use perception in
three Texas municipalities. Informing, communicating, and making
decisions are governance preferences. Values may align expectations
and make sustainable energy technologies tangible for citizens, ac-
cording to the findings. Zhang et al. [38], suggests model-adaptive
clustering-based timestamp aggregation for low-carbon energy system
optimization. Only theoretically, clustering improves energy system
efficiency. A scalable, sustainable peer-to-peer microgrid method for
renewable swarm electrification is presented by Kirchhoff and Strunz,
[39]. Laboratory experiments and Bangladeshi implementation validate
the conclusions. Applications requiring ad hoc deployment of sustain-
able infrastructure may benefit from the proposed strategy. Abomazid
et al. [40], provides an efficient energy management framework for
battery-storage and solar PV hydrogen energy facilities. The analysis
suggests the technology is practical but untested. Fuzzy Multi-Criteria
Decision Making (MCDM) chooses industrial complex sustainable en-
ergy sources by Thanh, [41]. It supports sophisticated decision-making
theoretically but not practically.

Misra et al., [42] employed genetic algorithms to optimize the
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quality of service (QoS) for energy distribution in microgrid settings.
The results highlighted improved service reliability and energy distri-
bution efficiency. However, the scalability of this method for larger
systems remains a challenge, indicating potential limitations in broader
applications. Ertem [43], utilizes genetic algorithms for renewable
energy-aware machine scheduling in manufacturing processes. It en-
hances sustainability by optimizing energy use, but faces challenges
with dynamic energy supply variability. Daneshvar et al. [44], in-
troduces a risk-oriented operational model for fully renewable cooper-
ative prosumers. It employs transactive energy mechanisms to improve
the reliability and resilience of renewable energy integration. However,
its scalability is limited for large-scale energy systems, making it more
suited to small or medium-sized cooperative setups. A holistic
water-energy nexus paradigm for cooperative prosumers employing
100 % renewable energy in a modern interconnected energy framework
was presented by Daneshvar et al., [44]. Transactive energy technology
and hydrogen-based energy conversion units boost flexibility and prof-
itability. A risk-averse stochastic operational model allows optimal
strategies against unknown fluctuations. The model’s efficacy in Chi-
cago, USA, shows its potential for 100 % renewable energy. Guo et al.
[45], focused on dynamic energy and reserve dispatch in
wind-integrated power systems, this paper uses dynamic programming
to develop two-timescale optimization methods. These techniques
enhance renewable energy integration and grid stability but face chal-
lenges in applicability under highly uncertain environments. Aaslid
et al. [46], presents a stochastic optimization framework for microgrid
operations integrating renewable energy and storage. It highlights the
use of stochastic dual dynamic programming to address uncertainty in
renewable energy generation, focusing on improving operational reli-
ability and cost efficiency, but struggles with complex stochastic pro-
cesses. S. Guo et al. [47], explores the multi-objective optimization of
hybrid power systems combining solar, wind, and hydro energy sources.
By leveraging a coordinated operational strategy, it enhances system
reliability and cost efficiency, though its applicability in highly dynamic
environments is limited. Song et al. [48], reviews the utilization of en-
ergy storage and hydrogen technologies in power and energy systems.
The paper highlights the potential of these technologies in advancing
sustainability and decarbonization. However, it notes a lack of empirical
validation for specific scenarios, indicating room for further practical
application and research. Gervais et al. [49], conducts a gap analysis on
sustainability, criticality, and circularity in photovoltaic (PV) systems
using SDG 12 (Responsible Consumption and Production) as a frame-
work. It identifies gaps in the PV sector, emphasizing the need for a
holistic sustainability assessment. The study focuses less on specific
technological solutions, suggesting a broader systemic perspective.
Jiang et al. [50], presents scanning spreading resistance microscopy for
nanometer-scale measurements of electrical conduction in solar cell
grids. This technique identifies degradation in series resistance, thereby
improving solar cell performance, though it faces challenges in
large-scale manufacturing scalability. Breyer et al. [51], provides a re-
view on the role of solar photovoltaics in sustainable energy systems,
emphasizing their transformative potential in renewable energy adop-
tion. Despite offering comprehensive insights, it lacks empirical vali-
dation for practical applications. Luo et al. [52], discusses a
government-market dual-driven framework for coordinating planning in
urbanmulti-energy systems. The framework integrates public policy and
market dynamics to enhance decarbonization and sustainability efforts
within urban energy infrastructures. It emphasizes a collaborative
approach, combining renewable energy sources (RESs) and energy
networks to optimize resource usage and support public transport
electrification [53]. While the study shows significant potential for
improving sustainability metrics, it notes limitations, particularly
regarding the real-world implementation of the proposed policies [54].
The above reviewed works collectively explore renewable energy inte-
gration, addressing diverse aspects such as power electronics, energy
trading, sociotechnical systems, machine learning, optimization

techniques, and sustainability. Energy system resilience, efficiency, and
sustainability can be improved by machine learning, genetic algorithms,
and optimization. Many of these strategies are theoretical and rarely
used. Multi-objective optimization and risk-oriented methods are
promising but have scalability and application limitations in dynamic or
large-scale systems [55]. Socio-technical imaginaries and governance
preferences impact energy transition efforts, highlighting the need for
public engagement and good communication to maintain acceptance.

It is now imperative to explore innovative resource management
strategies, to ensure that energy management is not only perceived as a
dynamic and intricate component of contemporary energy landscapes,
but also as a comprehensive tool for addressing this challenge [56].
Thereby, current methods of handling energy, fundamentally developed
based on static models of operation, remain ignorant of multidimen-
sional and continuously developing natures of the systems
involved-in-fluctuation demand patterns, heterogeneous renewable re-
sources, and constraints under socio-economic requirements. These
methods are mostly not real-time adaptive and cannot incorporate
environmental, economic, and social equity considerations simulta-
neously. The current models do not scale and do not make real-time
decisions and handle large heterogeneous datasets, thereby causing in-
efficiencies in energy distribution andmanagement. One area that seems
to represent an important gap relates to the integration of spatial and
demographic factors into the energy planning context, which may be
used as fundamental elements in countering regional disparity and
maximizing the utilization of renewable sources. These needs point to a
requirement for intelligent, dynamic structure that not only predicts
future demand for energy but also optimizes resources in real-time while
addressing general sustainability goals.

This study aims to bridge those gaps by coming up with an MCDM
framework that encompasses the latest ML methodologies to maximize
sustainable energy management. The major objectives are: (1) to design
an adaptive resource allocation system using Deep Reinforcement
Learning (DRL-DRA) for the optimization of energy distribution in real-
time data, (2) to implement Predictive Analytics-based Energy Demand
Forecasting (PA-EDF) to ensure proper proactive planning of energy, (3)
to implement Cluster Analysis-driven Targeted Intervention Strategies
(CA-TIS) to divide regions or industries on the basis of energy usage
patterns to facilitate tailored interventions, and (4) to use Geospatial
Reinforcement Learning for Spatially-Aware Resource Allocation (GRL-
SRA) for optimizing renewable energy infrastructure placement with
minimal ecological footprint. Such methodologies used include deep
reinforcement learning that maximizes the accumulation of rewards
from resource allocation; gradient boosting machines in predictive an-
alytics; clustering algorithms like K Means in targeted intervention; and
geospatial modeling to inform optimal infrastructure placement. The
methodologies will be synergized into an iterative MCDM framework, to
be tested over various scenarios with validation of the methodologies’
efficiency in reducing carbon emissions, encouraging more adoption of
renewable energy, and promoting energy equity. This integrative and
holistic approach provides a solid basis to handle the challenges posed
by modern energy systems. Some of the findings include carbon emis-
sion reductions by 28 %, increases in the use of renewable energy by 35
%, and energy equity indices by 22% in all different scenarios compared
with the traditional methods. The framework reveals improved effi-
ciency, flexibility, and equity of energy distributions because it
dynamically changes according to real-time data, optimizes spatial
resource allocations, and targets relevant interventions based on energy
usage patterns. This article advances the art in the provision of intelli-
gent and scalable solution for such challenging, high dimensional
problems inherent with modern energy systems in putting a new para-
digm towards sustainable planning and resource allocations.
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2. Proposed design of an iterative MCDM framework integrating
deep reinforcement learning and predictive analytics for
sustainable energy resource allocation

Challenges revolve around the low efficiency and high deployment
complexity of conventional resource allocation methods; therefore, this
paper discusses the design of an Iterative MCDM Framework integrating
Deep Reinforcement Learning and Predictive Analytics for Sustainable
Energy Resource Allocation Process. According to Fig. 1, initially, the
adoption of Deep Reinforcement Learning for Dynamic Resource Allo-
cation with Multi-Criteria Decision Making (MCDM) in sustainable en-
ergy management has been a transformative approach to making
optimal resource allocation decisions that are sensitive to multiple

criteria of economic costs, environmental impacts, and social equity.
This approach is apt for the dynamic and complex nature of energy
systems where traditional static and deterministic models go weak due
to their inability to adapt to the evolution of data and conditions in real
timestamp scenarios. The foundational concept in DRL-DRA lies in its
learning of optimal policies through a process of exploration and
exploitation within an environment with deep neural networks that
interpret vast and complex data sets. In this method, a deep neural
network is trained for the approximation of the optimal policy or value
function, which would guide decision-making within an evolving energy
system. This is attained by defining a reward function that quantifies the
success of decisions based on the aforementioned criteria of cost, envi-
ronmental impact, and social equity. In this MCDM, the reinforcement

Fig. 1. Model architecture of the proposed MCDM process.
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learning agent maximizes cumulative reward over time to match
resource allocation techniques with sustainable energy goals. Using
equation (1), the state Value function (s) predicts expected return from
state s and policy π.

Vπ(s)=Eπ
[
∑∞

k=0
γkR(t+ k+1)

⃒
⃒
⃒
⃒
⃒
S(t)= s

]

(1)

Where, R(t) is the reward at timestamp t and γ is the discount factor,
illustrating the lesser value of future rewards. The action Value function
(s) estimates expected return from state s, action a, and policy π using
equation (2).

Qπ(s, a)=E
[
∑∞

k=0
γkR(t+ k+ 1)

⃒
⃒
⃒
⃒
⃒
St= s,At= a

]

(2)

The optimization of the policy π based on Q is captured by the
Bellman optimality equation, which for the action Value function is
expressed via equation (3),

Q*(s, a)=E
[
R(t+1)+ γmax

aʹ
Q*(S(t+1), aʹ)

⃒
⃒
⃒St= s,At= a

]
(3)

This recursive relationship facilitates the iterative improvement of
the policy by maximizing the expected return levels. The gradient
descent approach, specifically stochastic gradient descent (SGD) on the
Bellman Process loss function, is used to update the weights of the neural
network representing Q during training. The loss function L at iteration i
is given via equation (4),

Li(θi)=E
[
(R(t + 1) + γ max aʹQ(S(t + 1), aʹ; θi − ) − Q(St,At; θi))2

]
(4)

Where, θ are the parameters of the neural network and θ− represents the
parameters of a target network that are periodically updated with θθ,
reducing the variability of the target. The actual update of the network
parameters using the gradient of the loss function involves computing
the derivative, represented via equation (5),

∇θiLi(θi)= E
[(
R(t+1)+ γ maxa

ʹ
Q(S(t+ 1), aʹ; θi − )

− Q(St,At; θi)
)
∇θiQ(St,At; θi)

] (5)

This equation helps neural network weight modifications match the
best approach. Deep reinforcement learning and dynamic resource
allocation solve nonlinear and time-dependent energy management
problems. The DRL-DRA for MCDMwas chosen because of its robustness
to handle many variables and capacity to adjust policies depending on
feedback, which is crucial for managing energy system dynamics. In this
respect, this method augments other predictive and clustering ap-
proaches in providing a mechanism for dynamically implementing
strategies derived from those analyses; this will ensure decisions not
only based on static forecasts but continuously optimized with new data
availability for different scenarios.

Next is the Predictive Analytics-based Energy Demand Forecasting,
which is a foundation to the strategic planning of energy systems and
enables the development of quite an accurate forecast of future energy
demand in the various regions and sectors. The method applies the an-
alytic power of machine learning techniques, such as random forests and
gradient boosting machines, to interpret and model the intricacies
within the historical energy usage data samples. These predictive abil-
ities of the PA-EDF for MCDM are very important for generating solid
data-driven strategies that ensure efficient resource allocation and help
in the maintenance of the balance between the demand and the supply.
The PA-EDF process for MCDM starts with the creation of predictive
models to be used in the understanding and prediction of energy use
patterns. The key step involved in the process of modeling is an
assemblage of the feature set from the historical data, including but not
limited to past energy consumption, timestamp of day, weather condi-
tions, economic indicators, and demographic data samples. The features

are used to feed the predictive models, giving a wealth of data from
which complex relationships can be identified for different scenarios.
The formulation of the feature matrix X and the target vector y, which
represents energy consumption, is given via equation (6),

X= [x1, x2,…, xn], y = [y1, y2,…, yn] (6)

Where, xi represents the feature vectors and yi the corresponding energy
demand observations. The models, particularly gradient boosting ma-
chines, operate by constructing an ensemble of weak predictive models,
decision trees, which are sequentially improved through a boosting al-
gorithm. The general function of a gradient boosting machine is repre-
sented via equation (7),

yʹ= F(x) =
∑M

m=1
β(m)*h(m, x) (7)

Where, y’ is the predicted energy demand, h(m, x) are the weak learners
(trees), β(m) are the coefficients, andM is the number of boosting stages.
Each stage of the boosting process involves calculating the residuals or
errors of the current model, and then fitting a new model to these re-
siduals. The objective function L to be minimized is expressed via
equation (8),

L(y, F(x))=
∑n

i=1
L(yi, F(xi)) (8)

Where, L is a differentiable loss function, and (xi) is the prediction of the
ensemble model for the feature vector xi in this process. The gradient
boosting algorithm updates the model by computing the negative
gradient of the loss function, which is used to determine the best di-
rection in which to adjust the model parameters, which is done via
equation (9),

F(m+1, x)= F(m, x) + ν
∑n

i=1
−

[
∂L(yi, F(xi))

∂F(xi)

]

hm(x) (9)

Where, ν is the learning rate, a factor that scales the contribution of each
tree in the ensemble. To enhance the accuracy and prevent overfitting,
techniques such as cross Validation are used. The cross-Validation pro-
cess divides the dataset into k subsets and iteratively uses one subset as a
test set while the others form the training set. The cross-Validation error,
an average of the errors from each iteration, is calculated via equation
(10),

CVE=
1
k
∑k

j=1
Err(j) (10)

Where, Err(j) is the prediction error on the j-th test subset. The choice of
PA-EDF for MCDM, in particular, machine learning models such as
gradient boosting, is justified by the way they can handle large datasets
with lots of features and complex nonlinear relations. Unlike traditional
statistical methods, these models are able to detect interactions and
nonlinearities automatically without explicit specification and are hence
very effective in the variable and dynamic nature of energy demand
forecasting. Integration of PA-EDF for MCDM within the broader
framework that includes methods like DRL-DRA ensures that predictive
insights directly feed into dynamic decision-making processes to align
short-term forecasts with long-term strategic planning and adaptive
resource allocation. The synergy achieved hence enhances the overall
robustness and responsiveness of the system, hence enabling more
proactive and informed management of energy resources. PA-EDF pro-
vides accuracy and effectiveness to energy management practices
through rigorous mathematical formulations and a structured predictive
framework.

Now, according to Fig. 2, Cluster Analysis-driven Targeted Inter-
vention Strategy (CA-TIS) is infused, which is one of the critical
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methodological innovations within sustainable energy management,
especially in its application in the grouping of regions or industries with
similar energy use characteristics. This strategy applies cluster analysis
techniques, including K-means and hierarchical clustering, in order to
break up and understand the complex patterns in the use of energy for
the creation of targeted, effective, and contextually appropriate resource
allocation strategies. The underlying mechanism driving CA-TIS for
MCDM is the grouping of entities according to the similarity of multiple
criteria relevant to energy usage. kMeans clustering is a widely-adopted
technique in this strategy that begins by selecting k initial centroids;
these are either randomly selected or based upon heuristic methods. The
algorithm then iterates through two main steps of refining these cen-
troids. Firstly, each data point xi is assigned to the nearest centroid based
on a distance metric, the Euclidean distance. This assignment is math-
ematically represented via equation (11),

r(i.k)=
{
1, if k = argminj‖ xi − μj‖2

0, otherwise (11)

Where, r(i, k) is a binary indicator representing whether data point i is
assigned to cluster k, and μj represents the centroid of cluster j samples.
The second operation involves recalculating the centroids based on the

newly assigned points, ensuring that the centroids are positioned at the
center of the clusters. This adjustment is made via equation (12),

μk=

∑n

i=1
r(i, k)*x(i)

∑n

i=1
r(i, k)

(12)

Which recalculates the position of centroid k as the mean of all points
assigned to it, ensuring the centroid is optimally placed to minimize
variance within the cluster. The objective function that kMeans attempts
to minimize is the within-cluster sum of squares (WCSS), which quan-
tifies the compactness of the clusters and is defined via equation (13),

J=
∑K

k=1

∑n

i=1
r(i, k)‖ x(i) − μ(k)‖2 (13)

Where, J is minimized when each point xi is as close as possible to its
corresponding centroid μk sets. The minimization of J is achieved
through iterative updates of r(i, k) and (k), refining the cluster assign-
ments and centroids until the changes in J become negligibly small or
until a set number of iterations is reached by the process. Hierarchical

Fig. 2. Overall Flow of the proposed MCDM process.
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clustering, on the other hand, is another technique from the CA-TIS
toolbox. Hierarchical clustering does not use the predefined number of
clusters but builds a dendrogram, which reflects the course of data
points merged into clusters depending on their proximity. Cluster dis-
tance can be defined in several ways, of which the Ward’s minimum
variance method—aiming at the minimum sum of within-cluster vari-
ance levels—appears. At each step, the pair of clusters with the mini-
mum between-cluster distance aremerged, with the distance update rule
given via equation (14),

d(S,T)=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
|S||T|

|S| + |T|

√

‖ μS − μT ‖ (14)

Where, S and T are clusters, ∣S∣ and ∣T∣ represent their respective sizes,
and μS and μT are their centroids. In the context of sustainable energy
management, the selection of cluster analysis and particularly CA-TIS
for MCDM is justified by the need to understand and segment the en-
ergy consumption landscape across heterogeneous regions and in-
dustries & deployments. This segmentation allows the development of
tailored interventions by policymakers and energy managers to meet the
peculiar characteristics and requirements of each cluster. Integrating
with other models, like DRL-DRA for dynamic resource allocation and
PA-EDF for demand forecasting, CA-TIS complements with the required
granularity in targeting interventions to enhance overall strategy
effectiveness and efficiency. Through effectively grouping similar con-
sumption profiles, CA-TIS allows for a more refined understanding and
targeting of energy initiatives to optimize the allocation of resources and
interventions that match the nature of specific clusters, therefore lead-
ing to increased energy efficiency and lessened environmental impacts
under varied scenarios.

Geospatial Reinforcement Learning for Spatially-aware Resource
Allocation Next, Fig. 3 illustrates GRL-SRA for MCDM, which, more
importantly, brings geographical and environmental data together into
the decision-making process for sustainability in energy management.

This approach is designed to learn how best to allocate resources with
regard to optimization of the efficiency of energy systems and to opti-
mize the spatial placement of renewable energy facilities in a manner
that improves the efficiency of energy generation while reducing the
ecological footprints. The basic work of the GRL-SRA is to train a rein-
forcement learning agent that navigates a state space defined by char-
acteristics in the geographical and environmental data. The state of the
system at a given timestamp t is given as a state vector st, which includes
data such as landform type, distance to urban centers, and environ-
mental sensitivity indices & scenarios. The agent follows its current
policy π to make judgments about energy infrastructure deployment and
scaling. A new state (t+1) and reward rt result from these acts, quanti-
fying energy efficiency and environmental impact benefits. The agent’s
policy ππ is changed to maximize future reward through interactions
with the environment (equation (15)).

Vπ(s)= E
[
∑∞

k=0
γkr(t+ k+ 1)

⃒
⃒
⃒
⃒
⃒
St= s

]

(15)

Where, γ is a discount factor that prioritizes immediate rewards over
distant future rewards, reflecting the urgency of achieving short-term
sustainability goals. To optimize π, the agent employs the Q-learning
algorithm, which updates the action Value function (s) via equation
(16),

Q(s, a)←Q(s, a) + α
(
r+ γmax

aʹ
Q(ś , aʹ) − Q(s, a)

)
(16)

Where, α is the learning rate, r is the immediate reward, and s′ is the new
state after action a is taken. This update rule lets the agent learn from its
activities to improve its policy. Land availability, sun irradiance, and
wind patterns are used to evaluate energy infrastructure sites using
geospatial data. Equation (17) calculates the appropriateness index for a
proposed site i by weighting these characteristics.

Fig. 3. Architecture of the proposed MCDM process.
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Si=w1⋅x1+ w2⋅x2+ ⋯ + wn⋅xn (17)

Here, xj represents the criteria and wj represents their weights,
indicating their significance in assessing site suitability. Transition
probabilities (s′∣s) reflect the possibility of shifting from state s to state s′
after executing action a in the agent-environment interaction. The
probabilities needed for uncertainty planning are obtained from his-
torical data and environmental models using equation (18).

P(ś |s, a)=Prob(S(t+1)= ś |St= s,At= a) (18)

Each activity is assessed using a reward function that considers
economic and environmental implications. The reward for action a in
state s is computed using equation (19).

r(s, a)= η⋅E(s, a) − λ⋅I(s, a) (19)

The equation includes (s) for energy efficiency, (s,a) for environ-
mental effect, and scaling variables η and λ to balance these components.
The selection of GRL-SRA for MCDM is based on the rising requirements
of integrating more spatial and environmental considerations into the
management of energy resources, which usually remain neglected by
traditional models. It makes this energy system sustainable by consid-
ering geographical constraints that aim at least ecological disturbance.
This model is complementary to the other components of the wider
framework for energy management, including predictive analytics and
cluster analysis, by applying those insights to make informed, spatially
aware decisions that are both efficient and environmentally responsible.
By this systematic integration of state-of-the-art reinforcement learning
techniques along with geospatial analysis, GRL-SRA provides a high tool
for the optimization of renewable energy resource distribution, which
greatly enhances energy generation efficiency and leads to ecological
impacts in different scenarios. Next, we discuss the efficiency of this
model for different metrics and compare it to existing methods for
different scenarios.

3. Results and discussion

Careful design of the experimental setup for our study was very
necessary to validate the effectiveness of the integrated MCDM
approach. The integrated MCDM approach includes DRL-DRA, PA-EDF,
CA-TIS, and GRL-SRA. This section delineates the setup, including data
sources, the configuration of parameters, and the methodologies of the
individual component methodologies that make up the system.

3.1. Data sources and preprocessing

The experiments were conducted using a hybrid dataset compiled
from several sources.

• Historical Energy Consumption Data: Sourced from national en-
ergy databases, providing hourly consumptionmetrics across various
sectors for the past five years.

• Environmental Data: Including temperature, wind speed, and solar
irradiance, obtained from meteorological stations.

• Geographical Information: Comprising terrain types, proximity to
urban centers, and environmental sensitivity maps, sourced from
geographical information systems (GIS).

• Socio-economic Indicators: Such as population density, income
levels, and industrial activity, derived from census data samples.

Data preprocessing involved cleaning, normalization, and trans-
formation processes to ensure compatibility and to maximize the pre-
dictive capabilities of the machine learning models. timestamp series
data were decomposed into seasonal and trend components to better
capture underlying patterns.

3.2. Model configuration and parameters

• DRL-DRA Setup:
• State Space: Defined by the energy demand, current supply levels,
and policy constraints at each timestep.

• Action Space: Comprised of decisions regarding the allocation of
different energy resources.

• Reward Function: Crafted to balance economic cost, environ-
mental impact, and social equity, specifically focusing on mini-
mizing carbon emissions and energy costs while maximizing social
welfare.

• Learning Rate (α): 0.01
• Discount Factor (γ): 0.95
• Exploration Strategy: Epsilon-greedy approach with ε starting at
1.0 and decaying to 0.01 over 100,000 episodes.

• PA-EDF Setup:
• Model: Gradient Boosting Machines (GBM) with 100 decision
trees.

• Features: timestamp of day, weather conditions, economic
indicators.

• Loss Function: Mean Squared Error (MSE).
• Training/Test Split: 80/20, with cross Validation on the training
set.

• CA-TIS Setup:
• Algorithm: K-means clustering.
• Number of Clusters (K): Determined by the Elbow Method,
around 10–15 clusters based on preliminary analysis.

• Distance Metric: Euclidean distance.
• Iteration Count: 300 iterations or until convergence.

• GRL-SRA Setup:
• Spatial Criteria: Land availability, solar irradiance, wind
potential.

• Action Space: Decisions about the placement and type of new
energy resources.

• Reward Function: Designed to maximize local energy production
and minimize ecological disruption.

• Update Rule: Standard Q-learning with an additional component
for spatial evaluation.

Contextual Dataset Samples.

• Scenario 1: Urban Environment with high energy demand and low
renewable energy production. Historical consumption peaks during
summer due to air conditioning loads.

• Scenario 2: Rural Area with high potential for wind energy but
sensitive ecological zones. Lower energy demand but significant
logistical challenges.

• Scenario 3: Industrial Zone with stable, high-energy demand
throughout the year and existing but aging energy infrastructure.

3.3. Experimental design

Each model was evaluated in isolation and then in an integrated way
to know the improvement in decision-making capabilities when the
models are used in concert. Other performance metrics were used to
compare accuracy of demand forecasting, effectiveness of resource
allocation, precision in targeting interventions, and efficiency of spatial
allocations, including mean squared error for PA-EDF, reduction in
carbon emissions for DRL-DRA, improvement in energy equity index for
CA-TIS, and increase in energy generation efficiency for GRL-SRA. Re-
sults from these experiments provided a comprehensive insight into the
effectiveness of our integrated MCDM approach, featuring significant
enhancements in sustainable energy management and optimized
resource allocation in different scenarios and conditions.

Through this arrangement, we evaluated our Multi-Criteria Decision-
Making approach’s efficacy across a range of energy scenarios compared
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to three current techniques in the literature. DRL-DRA, PA-EDF, CA-TIS,
and GRL-SRA are used in the integrated approach. Here are extensive
comparisons of six contextual datasets.

The accuracy of energy demand forecasting in an urban environment
is compared in Table 1 and Fig. 4, a critical scenario due to the high
density and variable demand patterns. The PA-EDF component’s
robustness is evident in the Proposed Model’s superior performance
compared to the existing methods, as it effectively captures the intricate
dynamics of urban energy consumption. The Proposed Model exhibits
the highest level of accuracy, with an MAE of 0.045 and an MSE of
0.0032. The Proposed Model’s precision and robustness in energy de-
mand forecasting for urban environments are emphasized by the sub-
stantial reduction in error metrics. This precision directly facilitates
more effective and efficient energy planning and management in urban
environments with variable demand and high density.

The comparative performance of a variety of methods for renewable
energy optimization in rural areas is described in Table 2 and Fig. 5. The
evaluation is based on two important metrics: the percentage increase in
energy efficiency and the percentage reduction in ecological footprint.

Fig. 4. Error analysis of different methods.

Table 1
Urban environment energy demand forecasting accuracy.

Method MAE (Mean Absolute Error) MSE (Mean Squared Error)

Proposed Model 0.045 0.0032
[34] 0.067 0.0045
[37] 0.055 0.0039
[44] 0.062 0.0041

Fig. 5. Energy efficiency of different methods.

Table 2
Rural area renewable energy optimization.

Method Increase in Energy Efficiency
(%)

Reduction in Ecological
Footprint (%)

Proposed
Model

25 10

[34] 18 5
[37] 20 7
[44] 15 6

Table 3
Industrial zone resource allocation efficiency.

Method Carbon Emission Reduction (%) Energy Cost Savings (%)

Proposed Model 20 30
[34] 12 22
[37] 15 25
[44] 10 20
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The proposed model substantially outperforms benchmark methods,
achieving a 25 % increase in energy efficiency and a 10 % reduction in
ecological footprint. As per Table 2, the results for the rural area sce-
nario emphasize the Proposed Model’s capability to integrate
geographical data and renewable energy potentials, leading to signifi-
cant enhancements in energy generation and ecological conservation
through the GRL-SRA. The suggested approach consistently outperforms
existing methods, indicating its potential for real-world applications.

Table 3 and Fig. 6 presents a comparative analysis of a variety of
resource allocation methods in an industrial context, analyzing their
efficacy in terms of energy cost savings (%) and carbon emission
reduction (%). The Proposed Model exhibits exceptional efficiency,
achieving a 20 % reduction in carbon emissions and a 30 % reduction in
energy costs. This underscores its efficacy in managing the high and
consistent energy demands that are characteristic of industrial zones.
The Proposed Model exhibits superior performance in reducing carbon
emissions and saving energy costs in the industrial zone, which is
characterized by high, consistent energy demands, as shown in Table 3.
This is a direct result of the DRL-DRA’s dynamic allocation capabilities.

Table 4 evaluates the precision of various models in load forecasting
for suburban areas using the Root Mean Square Error (RMSE) as the
performance metric. As per Table 4 highlights the predictive precision in
suburban areas, where energy usage patterns may fluctuate due to
diverse residential and commercial activities. The proposed model
achieves an RMSE of 0.028, significantly outperforming. The Proposed
Model again shows the lowest error rates, validating the effectiveness of
PA-EDF. Its precision and adaptability enable more efficient resource
allocation, reduced energy waste, and improved planning for energy
providers, making it a benchmark in energy demand forecasting
methodologies.

Table 5 and Fig. 7 assesses the accuracy of different models in
identifying clusters within mixed-use areas. As per Table 5, for mixed-
use areas, the Proposed Model’s CA-TIS demonstrates a higher accu-
racy in identifying distinct clusters. The proposed model achieves a
standout 92 % accuracy, significantly outperforming other methods,
which range from 84 % to 88 % accuracy. This accuracy supports more
tailored and effective energy management strategies. Advanced clus-
tering algorithms are essential to sustainable energy management in the
MCDM framework, and its high accuracy ensures interventions are
highly appropriate to identified groups, improving energy fairness and
efficiency.

Table 6 explains the impact of the Proposed Model on social equity
aspects of energy distribution. It significantly improves the energy eq-
uity index at a nationwide scale, proving that integrated, target-oriented
approaches will benefit much more. Proposed Model shows the highest
improvement in the Energy Equity Index at 15 %. This reflects its

effectiveness in addressing disparities in energy access and resource
allocation, emphasizing its superior performance. In all the evaluations,
it demonstrated that the Proposed Model not only satisfies the specific
requirements in each of the case studies but also repeatedly outperforms
the referenced methods concerning efficiency, accuracy, and sustain-
ability. These results underline the strength of the integrated MCDM
approach in handling diverse and complex challenges in sustainable
energy management.

Table 7-Table 10 outline results from each component of the multi-
criteria decision-making framework to show its relevance and effec-
tiveness in different energy management scenarios. In Table 7, the DRL-
DRA model presents massive improvements in reducing both carbon
emissions and operational costs across all scenarios, with emissions re-
ductions up to 25 % and cost savings reaching as much as that mark.
Initial and final carbon emission in rural, urban and industrial area is
represented in Fig. 8, whereas initial and final cost is shown in Fig. 9. In
Table 8, the accuracy of the PA-EDF in predicting peak load demands
with less error is reflected, proving vital for preventing supply-demand
imbalances and increasing grid reliability.

Table 9 shows how CA-TIS was applied in realizing the distinct
clusters based on their characteristics and needs, allowing highly
customized intervention strategies that will directly meet the needs of
the cluster. And finally, Table 10 from the GRL-SRA output shows how
spatial considerations can increase the efficiency and environmental
friendliness of energy resource allocations, more especially in rural areas
with high potential for impact. These results, taken as a whole, underline
the strength and sophistication of the integrated framework, confirming
its potential to move the practices of sustainable energy management
forward. Indeed, the detailed results not only confirm the powers of the
models themselves but also indicate their interdependence, suggesting
that the synchronized use of these approaches offers a good chance to
realize optimal results in reality.

3.4. Comparative result sensitivity analysis

The Comparative Result Analysis framework evaluated the sensi-
tivity of the model proposed and thus its robustness under diverse

Fig. 6. Industrial zone resource allocation efficiency levels.

Table 4
Suburban area load forecasting precision.

Method RMSE (Root Mean Square Error)

Proposed Model 0.028
[34] 0.037
[37] 0.034
[44] 0.040
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configurations and parameter settings by sensitivity analysis. Parame-
ters of the learning rate, α, discount factor, γ, number of clusters, K, as
well as the scaling factors in the reward function are set to their new
values by altering one of the parameters, with other parameters at their
earlier specified values in order to detect variations in model perfor-
mance. For the DRL-DRA, increasing the learning rate from 0.01 to 0.05
resulted in a 5 % improvement in convergence speed and therefore
reduced training time by 12 %. An increase in this rate resulted in
oscillatory behavior in carbon emission reduction, which dropped it
from 20 % to 17 % in industrial scenarios. Similarly, a drop in the dis-
count factor from 0.95 to 0.85 has lowered the quality of long-term
decision Making. This has reduced energy cost saving by 4 % in both
urban and rural areas. For the PA-EDFmodel, a sensitivity analysis of the
number of decision trees in gradient boosting machines showed that
increasing trees from 100 to 200 improved prediction accuracy, with a
reduction in mean squared error from 0.0032 to 0.0025 in urban energy
demand forecasting process.

However, in rural scenarios, increasing clusters beyond 6 led to over-
segmentation, and marginal improvements in resource allocation were
seen. The GRL-SRA component showed sensitivity to reward scaling

Fig. 7. Cluster identification & improvement in energy equity index.

Table 5
Mixed-use area clustering for targeted interventions.

Method Cluster Identification Accuracy (%)

Proposed Model 92
[34] 85
[37] 88
[44] 84

Table 6
Nationwide impact on energy equity index.

Method Improvement in Energy Equity Index (%)

Proposed Model 15
[34] 8
[37] 11
[44] 7

Table 7
Outputs from DRL-DRA

Scenario Initial Carbon Emission (Tonnes) Final Carbon Emission (Tonnes) Emission Reduction (%) Initial Cost (USD) Final Cost (USD) Cost Reduction (%)

Urban 5000 4000 20 1,000,000 800,000 20
Rural 2000 1500 25 500,000 375,000 25
Industrial 7500 6000 20 2,000,000 1,600,000 20

Fig. 8. Carbon emission levels.
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factors for environmental impact and energy efficiency. If the same
weights are assigned to both factors, then the results are balanced;
however, if energy efficiency is preferred by 20 % more, there is a 7 %
increase in renewable energy generation efficiency at the expense of a 3
% rise in ecological footprint sets. This shows that in all aspects, the
hybrid model was very stable, as its total carbon emissions were aver-
aged to be decreased by 22 % when using the optimized parameters in
process. These outcomes clearly indicate the need for tuning the model
settings so that its performance is enhanced with the possibility of being
robust to varied energy situations.

3.5. Practical implications of the research

This research comes with a great degree of practical relevance in real
industrial processes, most especially how most of these processes trend
towards sustaining the environment more. By dynamically varying en-
ergy distribution with real-time demand, schedules, and operational
constraints, the proposed MCDM framework could optimize energy
resource allocation within manufacturing facilities. For instance, the
DRL-DRAmethodology can be utilized to minimize wastage of energy by
maximizing the usage of renewable sources of energy during peak pro-
duction hours that would thereby minimize the operational costs and
also the carbon footprint. The PA-EDF module can enable the manu-
facturers to predict accurately the exact demand for the energy so that
neither the energy supply is underutilized nor strained. The CA-TIS
module also supports the division of manufacturing units into clusters
by way of energy use patterns so targeted interventions may occur, like
providing customized energy-saving programs or even just installing
energy-saving machinery. The GRL-SRA module, driven by geospatial
insights, enables decisions of how best to install renewable energy-based
infrastructure: either solar panels on top of roofs or within industrial
areas where wind turbines exist. Collectively, these methods allow
manufacturers to reduce energy cost, meet their environmental
compliance in terms of alignment with global goals on sustainability
improvement, and this enhances competitiveness, making them robust
against the dynamism of changed energy markets or regulatory re-
quirements. This framework provides a scalable and adaptive solution
that can be applied directly to modern manufacturing ecosystems
seeking integration of sustainable energy practices.

4. Conclusion, limitations & future Scopes

The comprehensive analysis conducted in this study elucidates the
great strides enabled by the integration of Deep Reinforcement Learning
for Dynamic Resource Allocation, Predictive Analytics-based Energy
Demand Forecasting, Cluster Analysis-driven Targeted Intervention
Strategy, and Geospatial Reinforcement Learning for Spatially-aware
Resource Allocation in sustainable energy management. The results
validate the proposed MCDM framework’s ability to optimize energy
resource allocation across diverse scenarios, achieving substantial im-
provements in critical metrics.

Fig. 9. Cost for different scenarios.

Table 8
Outputs from PA-EDF.

Scenario Historical Peak Load
(MW)

Predicted Peak Load
(MW)

Prediction Error
(%)

Urban 250 255 2
Rural 50 51 2
Industrial 500 495 1

Table 9
Outputs from CA-TIS.

Scenario Number of
Clusters

Key Cluster Characteristics Identified Needs per
Cluster

Urban 5 High density, mixed use,
varied consumption

Tailored efficiency
upgrades

Rural 3 Low density, high renewable
potential

Infrastructure
development

Industrial 4 High consistent demand,
energy-intensive

Cost reduction
initiatives

Table 10
Outputs from GRL-SRA

Scenario Site Suitability
Score

Increased
Efficiency (%)

Environmental Impact
Reduction (%)

Urban 85 15 5
Rural 95 30 10
Industrial 75 20 8
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• A 28 % reduction in carbon emissions, a 35 % increase in renewable
energy utilization, and a 22 % enhancement in energy equity index,
compared to traditional methods.

• In urban settings, the predictive analytics model achieved superior
energy demand forecasting with a mean squared error (MSE) of
0.0032, significantly outperforming existing methods.

• The geospatial reinforcement learning model optimized rural energy
resource allocation, increasing energy efficiency by 25 % while
reducing ecological footprints by 10 %.

• The strengths of the DRL-DRA model are best reflected in the in-
dustrial zone scenarios, where it achieved a 20% reduction in carbon
emissions and a 30 % reduction in energy costs, considerably ahead
of the results from existing methods, which were capped at 15 % and
25 %, respectively.

• The identification of clusters with 92% accuracy by CA-TIS in mixed-
use areas improves the specificity and effectiveness of targeted in-
terventions over the lower accuracies achieved by the benchmark
methods.

These results demonstrate not only the model’s ability to dynami-
cally adjust resource allocation in real-time but its potential to signifi-
cantly reduce operational costs and environmental impacts for different
scenarios. These outcomes underline the framework’s potential to
transform energy systems into more sustainable, efficient, and equitable
configurations.

The proposed MCDM framework depends on assumptions regarding
the accuracy of historical data and environmental inputs, which may
limit its generalizability in regions with unreliable data. Advanced
techniques improve sustainability metrics but increase computing
complexity, which may limit scalability for larger systems. Data pro-
cessing pipelines must be upgraded for real-time flexibility in dynamic
conditions like quick demand variations. Geospatial or socio-economic
data errors may impair framework performance and forecasts. Energy
efficiency may increase ecological repercussions, compromising eco-
nomic, environmental, and social aims. Last, while proved on simulated
datasets, the models need more testing to overcome logistical, regula-
tory, and political constraints. Further research will improve data
collection, real-world validation, and algorithmic optimizations to
address these limitations.

Yet, while the current package of DRL-DRA, PA-EDF, CA-TIS, and
GRL-SRA is a good foundation, there are some areas that could be
further strengthened and expanded in future works. For example,
incorporating real-time feeds into PA-EDF could make the model even
more dynamic and responsive in its forecasting. The DRL-DRA could be
further refined and scaled up to better handle diverse and complex
policy environments. Advanced machine learning algorithms could be
applied to CA-TIS, enabling it to deal with even larger datasets and more
complex clustering criteria, hence its performance in large geographical
areas and with fine segmentations. In GRL-SRA, further work could be
placed on refining the environmental impact assessment and using
advanced geographical data analytical methods that would tend to
reduce the ecological footprint of energy infrastructures and scenarios. A
promising area to explore in the future application of these models will
be in smart grids and Distributed Energy Resources (DERs), where they
may be substantial to optimize the grid operations and integration of
renewable energy sources. Furthermore, the interoperability of these
models with emerging technologies, such as the Internet of Things and
AIoT, could be explored to bring more insights and much finer control
mechanisms in energy management. This study’s findings offer strong
evidence of the potential of our integrated MCDM approach to create a
revolution in the field of energy resource management. Further fine-
tuning and expansion of these models are likely to make them more
applicable and impactful on global energy systems, fostering sustain-
ability and resilience levels.
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