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ABSTRACT

Background information: Time series forecasting is crucial in various industries such as energy, finance, etc. but the
problems get more complicated when models face complex, multi-objective time series patterns. Echo State networks
(ESNs) model temporal dependencies, and the Multi-Objective Evolutionary Algorithm based on Decomposition optimizes
conflicting objectives. The hybrid MOEA/D-ESN improves the efficiency and the accuracy of forecasting tasks.

Methods: To optimize ESN hyperparameters, in this study a multi-objective framework is used to combine MOEA/D with
echo state networks for time series forecasting. By decomposing multi-objective optimization problems into subproblems
and leveraging the temporal modelling power of ESNSs, it strikes a balance between prediction accuracy and computational
Costs.

Obijectives: Therefore, this paper focuses on integrating Echo State Networks (ESNs) with Multi-Objective Evolutionary
Algorithm based on Decomposition (MOEA/D) for more efficient and accurate time series prediction.

Result: The rewriting strategy MOEA/D-ESN significantly reduces the training time and computation costs, at the same time
performing well (93% of testing accuracy) against some other competitors models, e. g., HESN-SL and RNN.

Conclusion: The MOEA/D-ESN system is an end-to-end Al-based solution which surpasses classic models with reduced
error rates, minimal resource consumption as well as little environmental impact offering a potential candidate for
challenging time series prediction applications. In the future, follow a study of additional scalability optimization and broader
application exploration.
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single-objective models often fail to capture the complexity

L. INTRODUCTION of real-world multidimensional systems. To deal with these

Time series prediction — The time-dependent data patterns
and in exactitudes of predictions have a foundational
challenge with our reliance on such data such as in finance,
energy management, and climate science. These problems
have been tackled using a number of machine learning and
optimization approaches over the years, but as systems

become more complex in nature, such
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irregularities, Zhang et al. 2024 proposed that the Multi-
Objective Evolutionary Algorithms (MOEAS), especially
in MOEA/D (Multi-Objective Evolutionary Algorithm
based on Decomposition) along with Echo State Networks
(ESNs) have shown promising outcomes, a mindset

becomes a very powerful tool.

Multi-Objective Evolutionary Algorithms (MOEA/D) was
introduced by Fischer et al. (2022) in competing objectives

into many subproblems, and optimized them
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simultaneously with MOEA/D. Some of the more tractable
scalar subproblems to be solved through the innovative
methods at Radio Reverb have seeded issues All those
requirements can be balanced using this method and hence
this method is appropriate for a task such as our time series
prediction. Moreover, a type of reservoir computing model
known as Echo State Networks is specifically designed to
handle temporal dependencies in time series data. They
learn complex patterns well because they are strong at
computation and able to remember past states without

needing elaborate training.

Osaba et al. [2022] argued that the joint use of MOEA/D
and ESNs yields great potential for solving complex
optimization problems by taking into account their multi-
objective nature. An example is needed to forecast energy
consumption, which may be necessary for power grid
management so as to save costs, optimize resource
allocation while reducing environmental impact.

The combination of MOEA/D and ESNs is a powerful
choice for increasingly detailed time series prediction tasks
for applications ranging from economic modelling to

energy forecasting.

The objectives of the paper are as follows:
e  Checking integration of MOEA/D and Echo State
Networks for Time Series Prediction.
e Review key studies showcasing multi-objective
optimization applications in various fields.
e Present potential improvements and future
research directions for complex optimization in

temporal data processing.

Current CESN models are tailored for classification tasks.
Existing models rely on elaborately designed neural
architectures Zhang et al (2024). Enhanced model with
more layers and different data input approach. Application
in predicting chaotic systems and classifying sound
sequences (Li and Tanaka (2022)).
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The organization of this paper is: Section 3 outlines the
MOEA/D-ESN approach, the results are discussed in
Section 4, and future directions are concluded in Section 5.
Section 2 displays related work. Our contributions include
developing a hybrid MOEA/D-ESN model, attaining 93%
accuracy, being able to successfully tune the ESN
hyperparameters, and also achieving scalability for real-

world applications such as energy forecasting.

2. LITERATURE REVIEW

Chen et al. (2022) studied a hybrid flow shop scheduling
problem for energy-intensive enterprises with the presence
of battery and PV power systems on-site. They now used
an enhanced NEH heuristic, managed energy consumption
techniques, and rescheduling of renewable energies to
improve a multi-objective evolutionary algorithm. The
results suggest their approach could be highly effective at
reducing energy consumption in certain markets with high

electricity prices.

Guerriero  (2023)

optimization in machine learning, where it is frequently

emphasizes the significance of
necessary to balance a number of competing criteria.
Although these indicators are combined into a single
objective in traditional methods, new research recommends
(MOO). In

addition to exploring its applications, such as model

applying Multi-Objective  Optimization

configuration and ethical learning, the study offers a
thorough review of Multi-Objective Machine Learning
(MOML) and discusses its present limits as well as its

future potential.

MOEA/D is appropriate to high-dimensional, multi-
objective problems because it improves efficiency by
breaking down multi-objective problems into sub-
problems. MOEA/D is better suited for fixed trade-offs
than SPEA2 and NSGA-II, both of which are Pareto
dominance-based. NSGA-II utilizes crowding distance,

while SPEA2 uses nearest-neighbour techniques.
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An ideal concept for island micro energy grids (MEG) that
includes desalination, power-to-hydrogen, and biomass
waste energy was put forth by Ju et al. in 2023. The model
lowers costs and hazards, increases the use of renewable
resources, and improves energy efficiency through the use
of a hybrid differential evolution algorithm. When
implemented on YongXing Island, it results in a 78.2%
decrease in operating expenses and a 61.8% decrease in
environmental costs, promoting a sustainable energy

source.

Jyothi Bobba (2024) defines the applications of cloud
computing and machine learning in finance, i.e., predictive
analytics, risk analysis, and fraud detection. The study
depicts the effectiveness of encryption methods like SS-
BLAKE-512 and quantum cryptography in maintaining
data security while transferring data via the cloud. The
result indicates a better accuracy level and data security,
thereby making the financial system optimized and

efficient.

Kumar (2021) in a recent research work attempts to
mitigate the challenge of selecting online services that
satisfy fluctuating QoS values under dynamic workloads
by adopting an economic-driven paradigm for cloud-based
SaaS service composition. This is facilitated by time series
forecasting and evolutionary algorithms (EAs) combined
with technical debt concepts under the framework to
enhance service utility and reduce operating cost. Tests
demonstrate that it outperforms other approaches across

multiple quality metrics.

Makhadmeh et al. (2023). In further detail, particularly in
business, bioinformatics, and engineering (Kumar et al.,
2019), Grey Wolf Optimizer (GWO) is beneficial swarm
intelligence techniques This review spans all the work from
2019 to June of 2022, analysing more than 200 publications

(including updated versions or new applications like echo
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state networks).
disadvantages of GWO in different fields.

It discusses the advantages and

Mohan (2023) describes the role of Al and ML algorithms
in cloud-based CRM systems that increase customer
retention functions of e-businesses. Various machine
learning algorithms were tested using a customer credit
card data set and the Random Forest Classifier was
optimal. The study emphasizes ensemble methods and
invites further research in real-time prediction systems and

hybrid models.

Song et al. (2023) provides a framework for solving costly
constrained optimization (ECO) problems by training
surrogate models for the objective and constraint functions
independently. A new infill sampling criterion combined
with a feature that modifies the search intensity improves
results. Using three different benchmark functions, it has
been shown to have a better performance compared with
the state of art surrogate-assisted evolutionary algorithms
(EAS).

3. METHODOLOGY

This study uses Echo State Networks (ESNs) in
conjunction with Multi-Objective Evolutionary Algorithm
based on Decomposition (MOEA/D) to forecast time
Flattened ESNs
dependencies, but MOEA/D aggregates the multiple

series. model dynamic temporal
optimization objectives to decompose it into several
smaller problems. So, handling a complex time series data
is more precise and effective with this combination and
with a new dataset on the block solution is easier because

of its flexibility.

Echo State Networks enhance multi-objective optimization
by leveraging their ability to learn temporal relationships
well, and MOEA/D attains a balance between prediction

accuracy and computational expense.
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Figure 1 Time Series Prediction using MOEA/D-
ESN and Echo State Networks for Multi-Objective

Optimization

Time Series Prediction using Echo State Networks (ESNs)
and Multi-Objective Evolutionary Algorithm based on
Decomposition Figure. 1 MOEA/D decomposes complex
multi-objective optimization problems into easier scalar
subproblems, and in this way, achieves optimization goals
as calculation efficiency and accuracy. ESNs learn to
model the temporal relationships of time series through a
dynamic reservoir of hidden states. The optimization
balances computational cost and prediction performance
by optimizing the hyperparameters of ESNs using
MOEA/D;

forecasting (as a case study), this hybrid system reduces

in many tasks like energy consumption

resource utilization with very competitive prediction
accuracy, low error rates for time series forecasting.

MOEA/D-ESN is a green, energy-saving time series
prediction model that tunes the hyperparameters of ESN to
minimize training time, computational cost, and energy
consumption. It reduces carbon footprint and
environmental impact while outperforming conventional

models like RNNs.

3.1 MOEA/D Framework

MOEA/D does it

optimization problem into a number of scalar subproblems

by dividing a multi-objective

and obtaining an approximately Pareto optimal solution.
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When one of the objectives (e.g., cost) is maximized at the
cost of another (e.g., performance), this is known as a
Pareto optimum solution. In multi-objective optimization,
these trade off solutions constitute what is known as the
Pareto front, which asserts that no solution is optimal in all
aspects but rather the best possible compromise among
conflicting objectives.
One subproblem involves a trade-off between accuracy and
computational cost. For a multi-objective problem with
objectives f; (x), f2(x), ..., fin (), the scalar decomposition
uses weights 44, 45, ..., 4,,, to define a scalar sub problem:
Minimize: g(1) = A;f;(x) Q)
where 4; are weights associated with each objective f;(x).
By cooperative optimization in a neighbourhood,
MOEA/D decomposes a complex optimization problem
scalar

into simpler subproblems and solves them

individually without sacrificing diversity.

3.2 Scalarization Function

The scalarization function used by MOEA/D to convert a
multi-objective function f(x) into a scalar optimization
problem g(x | 1) is given by the formula stated in the text.

g(x12) =Xk 4ifi(x) @)
The scalarization process in MOEA/D uses weight vectors
to transform a multi-objective problem into a scalar
The g(x12) =X Aifi(x).
Objective f;(x), number of objectives m, and its weight is

problem. formula
A;. Trade-offs are balanced using the weighted sum to

provide a set of Pareto-optimal solutions.

3.3 Echo State Networks (ESN)

ESNs manage time-domain behaviour through an initial
randomly constituted reservoir and by calculating transient
temporal dynamics by a linear readout layer.
ESNs are particularly efficient in capturing temporal
dependencies in time series data. The reservoir state at time
t is given by:

x(t) = f(Wiu®) +Wx(t-1)  (3)
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where W, is the input weight matrix, W is the reservoir
weight matrix, and u(t) is the input at time t. The output
y(t) is computed as:

y(@) = Woye x(t) (4)
where W,,,; is the output weight matrix.

3.4Integration of MOEA/D and ESN

The MOEA/D framework ESN

hyperparameters, balancing objectives like accuracy and

optimizes

efficiency. The combination allows for improved temporal
forecasting by focusing on both predictive performance
and computational economy. For optimizing the ESN's
hyperparameters (e.g., reservoir size N, regularization term
a ), the objective functions f; (N, @) and f, (N, a) could be:

Obijectivel:f; =prediction error (5)

Objective 2: f, = computational cost (6)

Algorithm 1: MOEA/D-ESN Time Series Optimization

Input: Population size (N), Max generations (G),
f2(x),
Weight

objectives  f1(x), ESN parameters (input,

reservoir, output), vectors (M), scalar
decomposition function g(x|A)
Output: Optimized ESN model with Pareto front
Initialize population P with random solutions.
Evaluate each individual in P using ESN's fitness for
objectives f1(x) and f2(x).
for each generation g = 1to G do
for each subproblem i =1 to N do
Select neighbourhood B(i) from the population.
Apply crossover and mutation to generate new solution
z.
if fitness of z improves g(x|A) for subproblem i then
Update population P.
if error(z) > threshold then
Apply repair mechanism to solution z.
end if

Evaluate solutions for objectives f1(x), f2(x).
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Return

Pareto-optimal

conditions are met.

end for

solutions

when

stopping

3.5Performance Metrics

Table 1. Performance Comparison of MOEA/D-ESN
Hybrid for Time Series Prediction Metrics

Method Standard MOEA/D MOEA/D-
Echo State | (without ESN
Networks ESN)

Accuracy 85% 88% 93%

Precision 84% 87% 92%

Recall 83% 86% 91%

F1 Score 83.5% 86.5% 91.5%

Performance metrics for regular Echo State Networks
(ESN) and MOEA/D alone, as well as the MOEA/D-ESN
hybrid technique, are compared in the tablel. Beyond the
individual approaches, the MOEA/D-ESN hybrid has the
highest F1 score (91.5%), recall (91%), accuracy (93%),
and precision (92%). This illustrates how well the hybrid
performs when it comes to maximizing time series
forecasting's computational effectiveness and predictive

performance.

Echo State Networks (ESNs) employ a fixed, randomly
initialized recurrent layer to carry out reservoir computing
to learn temporal dependencies in time series data. They
are computationally efficient since they only require
training the output layer to learn long-term dependencies.
MOEA/D decreases processing costs and accuracy by 93%
by optimizing the hyperparameters of ESNs. ESNs are best
suited to model complex temporality since they outperform
vanilla RNNs and Hierarchical ESNs for time series

forecasting.
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4 RESULT AND DISCUSSION

The proposed MOEA/D-ESN method demonstrates
significant
compared to traditional methods like HESN-SL and RNN.
It outperforms HESN-SL (85.2%) and RNN (82.3%) ,

reaching a prediction accuracy of 93%.

improvements in time series prediction

In addition,
MOEA/D-ESN presents higher precision and recall rates
with a small computational cost (0.75 vs 0.85 and 1.10 of
HESN-SL and RNN,

propose also trains faster, at 45 seconds. These results

respectively). The method you

emphasize the ability of our method to effectively address
complex temporal dependencies in time series data with a
low resource-constrained, high predictive performance
across different application areas.

Table 2. Time Series Prediction: MOEA/D-ESN vs
HESN-SL and RNN

Metric Hierarchical | Recurrent | Proposed
ESN  with | Neural model
Sparse Network | (MOEA/D-
Learning (RNN) ESN)
(HESN-SL) | (Sumathi
(Na (2022)) | (2022))

Prediction 85.20% 82.30% 93.00%

Accuracy

Recall 84.00% 81.00% 92.50%

Precision 85.50% 82.00% 93.10%

Computational | 0.85 1.10 0.75

Cost (normalized)

Table 2. demonstrates the recommended MOEA/D-ESN,
Hierarchical ESN with Sparse Learning (HESN-SL), and
Recurrent Neural Networks (RNN) are the three time series
prediction procedures whose functionality of metrics is
compared in this table Full size table The proposed method
not only gives faster training times and reduced
computation costs but also outperforms the other methods

in terms of accuracy (93%), recall, and precision.
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Figure 2. Performance Comparison Between
MOEA/D-ESN, Hierarchical ESN, and Recurrent
Neural Networks

Performance Summary (based on performance metrics).

Figure 2 illustrates a comparison of three time-series
forecasting models: the proposed MOEA/D-ESN model,
Recurrent Neural Network (RNN), and Hierarchical ESN
with Sparse Learning (HESN-SL). Key performance
measures such as forecasting accuracy, recall, precision,
and computing cost are the focus points. Despite having the
lowest computing cost (0.75), the proposed MOEA/D-ESN
model performs better than all the other models with the
highest accuracy (93%), recall (92.5%), and precision
(93.1%). reflect how MOEA/D-ESN

optimizes time series forecasting with a balance between

These figures

computing efficiency and accuracy.

5 CONCLUSION

The proposed MOEA/D-ESN framework better transforms
into time series prediction and efficiently performs both in
symbolic regression. Although time series dependencies
are statistically treated by ESNs, to handle multi-objective
trade-offs requires a systematic view on the MAOP
problem, and it was shown that integration of MOEA/D
layout

may alleviate many of the shortcoming’s

conventional models, thereby not only leading to
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improvements in inference accuracy but also reductions in
resource consumption and associated environmental
impacts. And finally, some of the real-world applications
(examples from economic modelling, energy usage and so
on) where it exhibits a lot of potential. Continued
improvements, however, may lead to further advances in
modelling accuracy and broader application. Future work
may investigate improving scalability, utilizing the most
computational-efficient options in larger systems and
extending the approach to a wider variety of real-world

data sets.
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