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The objective of this study is to propose a novel method for forecasting the monthly 

electricity consumption of subscribers in Ilam County. The results of this study can assist 

energy-supply companies in obtaining an overall understanding of household electricity 

consumption patterns. For forecasting purposes, a combination of a multilayer perceptron 

(MLP) neural network and the Cuckoo Search Optimization Algorithm is employed. In the 

proposed method, the estimation process is performed in three stages: “preprocessing,” 

“feature selection,” and “estimation.” The minimum redundancy–maximum relevance 

(MRMR) algorithm is used for feature selection. This algorithm identifies the optimal 

features for forecasting electricity consumption such that they exhibit minimum 

redundancy and maximum relevance to the target variable. In the estimation stage, a 

combination of three multilayer perceptron neural networks is employed, and their 

configurations are adjusted using the Cuckoo Search Optimization Algorithm so as to 

minimize the estimation error. The results of the performance evaluation of the proposed 

method indicated that the accuracy of forecasting subscribers’ monthly electricity 

consumption can be maximized using six features. Furthermore, comparison of the 

proposed method with other existing techniques showed that the proposed hybrid system 

can perform the forecasting process with a mean absolute error of 5.66 kWh, representing 

an error reduction of at least 29.4% compared with previous methods. 

Keywords: multilayer perceptron network, electricity consumption forecasting, machine 

learning, electricity consumption in Ilam. 
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1. Introduction 

he rapid growth of electricity demand, increasing 

urbanization, expansion of residential infrastructure, 

proliferation of electrical appliances, and growing 

dependence of households on energy-intensive technologies 

have transformed electricity consumption forecasting into a 

central issue in contemporary energy management. Accurate 

estimation of future electricity demand is essential for 

generation planning, load balancing, distribution 

management, infrastructure investment, demand-side 

management, and the economic operation of power systems. 

At the household level, forecasting is particularly 

challenging because residential electricity use is influenced 

by heterogeneous and dynamic factors, including household 

behavior, seasonal patterns, climatic conditions, appliance 

ownership, occupancy schedules, income levels, and broader 

socioeconomic trends. These characteristics make 

residential electricity consumption highly variable and often 

nonlinear, thereby limiting the effectiveness of conventional 

statistical forecasting approaches. In this context, data-

driven and machine-learning methods have increasingly 

attracted attention because of their ability to identify 

complex relationships within historical consumption data 

and produce more flexible predictive models (Ardabili et al., 

2019; Mosavi & Bahmani, 2019). 

The importance of electricity forecasting is also closely 

associated with sustainability objectives and the transition 

toward smarter energy systems. Reliable electricity-demand 

prediction can help utilities reduce unnecessary reserve 

margins, improve the allocation of generation resources, 

optimize grid operation, and decrease both economic and 

environmental costs. In smart-city environments, energy 

information generated from buildings and households can be 

transformed into predictive knowledge that supports 

intelligent control and more efficient use of resources. 

Machine-learning models have therefore become 

increasingly important for demand and consumption 

forecasting in the context of sustainable and smart cities 

because they can process historical data, discover nonlinear 

patterns, and adapt to complex variations in consumption 

behavior (Ardabili et al., 2019). The broader energy 

literature likewise indicates that the interaction among 

electricity demand, economic growth, fossil-fuel use, and 

environmental pressures has made accurate energy 

forecasting increasingly relevant for long-term energy 

policy and environmental planning, particularly in countries 

with substantial dependence on fossil-based energy systems 

(Lotfalipour et al., 2010). 

Iran provides an especially relevant context for research 

on electricity-demand forecasting. The national energy 

system has historically been characterized by a strong 

dependence on fossil fuels, while the need to diversify the 

energy mix and expand renewable-energy deployment has 

received increasing policy attention. At the same time, 

electricity consumption continues to rise, creating pressure 

on generation, transmission, and distribution infrastructure. 

Research on Iran’s energy sector has highlighted both the 

significant potential of renewable resources, particularly 

solar photovoltaic power, and the institutional, 

technological, economic, and policy barriers that continue to 

affect their wider deployment (Gorjian et al., 2019). Under 

these conditions, improving the accuracy of electricity-

demand forecasting becomes important not only for 

operational planning but also for facilitating the integration 

of renewable resources, reducing mismatches between 

supply and demand, and supporting long-term energy-

transition strategies. More accurate forecasts can assist 

electricity providers in anticipating short- and medium-term 

demand, improving capacity allocation, and reducing the 

need for costly corrective interventions. 

Household electricity consumption constitutes a 

particularly important component of electricity demand 

because residential users display substantial temporal 

variability. Consumption may change considerably across 

months due to temperature fluctuations, heating and cooling 

requirements, changes in occupancy, and seasonal 

household activities. This temporal variability means that 

monthly electricity forecasting requires models capable of 

extracting meaningful patterns from sequential consumption 

records while remaining robust to noise and irregular 

observations. Recent studies have consequently examined a 

variety of data-driven approaches to residential electricity 

forecasting. For example, household monthly electricity 

consumption has been forecast using pattern-based 

approaches that identify similarities between current and 

historical consumption structures, demonstrating the 

potential value of historical-pattern information in 

improving monthly demand estimation (Hosseini, 2025). 

Similarly, research applying long short-term memory 

architectures to residential electricity forecasting has 

emphasized the effectiveness of sequence-based deep-

learning models for capturing temporal dependencies in 

household consumption data (Chen, 2025). 

T 

https://journals.kmanpub.com/index.php/jppr/index


 Feizollahi et al.                                                                                                       Journal of Resource Management and Decision Engineering 6:5 (2027) 1-21 

 

 3 

The forecasting of electricity demand has evolved 

considerably from traditional regression and time-series 

models toward artificial intelligence, machine learning, and 

deep-learning techniques. Conventional statistical models 

are often based on assumptions regarding linearity, 

stationarity, or predefined functional relationships among 

variables. However, electricity-consumption data frequently 

exhibit nonlinear behavior, abrupt variations, seasonal 

effects, and interactions among multiple explanatory factors. 

Machine-learning approaches are advantageous in such 

contexts because they can approximate complex functions 

without requiring a complete prior specification of the 

relationships embedded in the data. Reviews of machine-

learning applications in energy-consumption prediction have 

identified artificial neural networks, support vector 

machines, ensemble methods, decision trees, and hybrid 

optimization-based models among the most frequently 

employed techniques for improving predictive performance 

(Mosavi & Bahmani, 2019). The growing availability of 

digital metering data has further strengthened the 

applicability of these methods by providing more detailed 

and reliable consumption records. 

Artificial neural networks are among the most widely 

used machine-learning techniques for electricity-demand 

forecasting. Their principal advantage lies in their capacity 

to approximate nonlinear mappings between input variables 

and target outputs. In electricity-consumption forecasting, a 

neural network can learn the relationship between historical 

load patterns and future consumption without requiring an 

explicit mathematical representation of the underlying 

process. Multilayer perceptron networks, in particular, have 

been extensively used for prediction problems because of 

their flexible structure and universal approximation 

capability. Nevertheless, the effectiveness of an MLP 

depends strongly on its architecture, number of hidden 

neurons, initialization of connection weights, bias 

parameters, and training procedure. An inadequately 

configured network may exhibit poor generalization, slow 

convergence, overfitting, or convergence toward local 

optima. Therefore, determining an appropriate architecture 

and parameter configuration remains one of the major 

challenges in designing neural-network forecasting systems. 

Deep recurrent neural networks have also been employed 

for building-level electricity forecasting because of their 

ability to model sequential dependencies. Research on 

commercial and residential buildings has shown that 

recurrent neural-network architectures can exploit temporal 

information in electricity-consumption data and generate 

effective forecasts across different building types (Rahman 

et al., 2018). Such findings illustrate the broader potential of 

neural approaches for energy-demand modeling. However, 

deep architectures generally require substantial amounts of 

training data and may involve greater computational 

complexity than simpler feedforward models. In 

applications involving relatively limited household datasets 

or monthly observations, an optimized multilayer perceptron 

may therefore provide an attractive balance between 

predictive flexibility and computational efficiency. This 

consideration becomes particularly important when the 

forecasting framework is intended for practical 

implementation by local utilities with limited computational 

resources. 

Another important challenge in electricity-demand 

forecasting concerns the selection of appropriate input 

variables. Historical consumption records may contain 

numerous lagged observations, but not all of them contribute 

equally to the prediction of future electricity use. Including 

irrelevant or highly redundant features can increase 

computational complexity, reduce model interpretability, 

and even degrade predictive accuracy. Feature selection is 

therefore a critical preprocessing step in machine-learning-

based forecasting. Among the available feature-selection 

approaches, the maximum relevance–minimum redundancy 

method seeks to select variables that have strong 

relationships with the target variable while exhibiting 

minimal redundancy with one another. This strategy has 

been applied in machine-learning environments to improve 

predictive efficiency by balancing relevance and redundancy 

during feature selection (Zhao et al., 2019). For electricity-

demand forecasting, such an approach is especially useful 

because lagged consumption values may be strongly 

correlated with one another, making it necessary to identify 

a compact subset that preserves the most informative 

temporal characteristics. 

The integration of feature-selection algorithms with 

predictive models can improve both efficiency and accuracy. 

By removing unnecessary input dimensions, the learning 

algorithm can focus on the most informative patterns in the 

data, potentially reducing training time and improving 

generalization. In household electricity forecasting, this 

issue is particularly important because monthly consumption 

histories naturally generate multiple candidate lag variables. 

A forecasting framework that treats all historical 

observations as equally informative may therefore include 

redundant information. Applying MRMR before model 

construction offers a systematic mechanism for identifying 

https://journals.kmanpub.com/index.php/jppr/index
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the most relevant historical consumption features while 

minimizing duplication of information. This feature-

selection stage can consequently simplify the subsequent 

neural-network model and reduce the dimensionality of the 

optimization problem. 

In addition to feature selection, optimization of neural-

network parameters represents another major avenue for 

improving electricity-consumption forecasting. 

Metaheuristic optimization algorithms have been 

increasingly applied to model training because they can 

search complex, nonlinear, and nonconvex solution spaces 

without relying solely on gradient information. Long-term 

electricity-consumption forecasting research has shown that 

evolutionary and population-based optimization techniques 

can be effectively integrated with forecasting systems to 

enhance predictive accuracy (Kaboli et al., 2016). Such 

approaches are particularly useful when the problem 

includes simultaneous optimization of structural and 

numerical parameters, such as the number of hidden neurons 

and the connection weights of an artificial neural network. 

Among population-based optimization techniques, the 

Cuckoo Search Algorithm has received considerable 

attention because of its relatively simple structure, limited 

number of control parameters, and capacity for global 

search. The algorithm is inspired by the brood-parasitic 

behavior of certain cuckoo species and typically combines 

random nest selection with Lévy-flight-based exploration. 

Its optimization mechanism allows candidate solutions to 

explore different regions of the search space while retaining 

high-quality solutions between iterations. An adaptive form 

of the Cuckoo Search Algorithm has demonstrated the 

ability to improve optimization performance by modifying 

search behavior and balancing exploration and exploitation 

(Mareli & Twala, 2018). These characteristics make Cuckoo 

Search potentially suitable for optimizing neural-network 

parameters, where the search space may be highly nonlinear 

and contain multiple local minima. 

The combination of neural networks with metaheuristic 

optimization may overcome several limitations of 

conventional neural-network training. Standard gradient-

based algorithms, although computationally efficient, may 

be sensitive to initialization and can become trapped in local 

optima. Metaheuristic methods provide an alternative 

mechanism for exploring the parameter space more globally. 

By optimizing both the neural-network topology and its 

weight vector, a Cuckoo Search-based framework can 

potentially identify configurations that yield lower 

forecasting errors than conventionally trained neural 

networks. This is particularly relevant for multilayer 

perceptrons because predictive performance can vary 

substantially depending on the hidden-layer structure. 

Instead of manually selecting the number of neurons or 

relying exclusively on trial-and-error procedures, an 

optimization algorithm can search for an appropriate 

network configuration using an explicit error criterion. 

Another promising strategy for improving forecasting 

accuracy is the use of ensemble learning. A single predictive 

model may produce errors because of model-specific bias, 

training variability, or sensitivity to particular observations. 

Combining multiple learning models can reduce the 

influence of these individual errors and improve robustness. 

In neural-network forecasting, averaging the outputs of 

several independently optimized networks provides a simple 

ensemble mechanism through which extreme or inaccurate 

predictions from one network can be moderated by the 

outputs of the others. Such an approach can be especially 

valuable when the individual networks differ in topology and 

weight configuration, because diversity among the 

constituent models is generally an important source of 

ensemble effectiveness. Accordingly, a forecasting 

framework that combines feature selection, metaheuristic 

optimization, and neural-network aggregation has the 

potential to address multiple sources of prediction error 

simultaneously. 

Climatic variability provides another important 

motivation for improving electricity-demand forecasting. 

Household electricity consumption is often sensitive to 

temperature and weather patterns because cooling and 

heating loads constitute significant components of 

residential demand. Recent research examining electricity 

consumption and its relationship with climate change has 

shown that forecasting electricity demand requires attention 

to changing environmental conditions and their potential 

influence on consumption behavior (Zhafran & Miefthawati, 

2024). Although historical electricity-consumption values 

can implicitly reflect seasonal and climatic patterns, the 

variability associated with changing weather reinforces the 

need for predictive models capable of learning nonlinear and 

temporally dynamic relationships. Flexible machine-

learning frameworks are particularly appropriate for this 

purpose because they can update their learned relationships 

when new observations become available. 

Recent developments in household electricity forecasting 

also demonstrate a continued transition toward models that 

exploit sequential structure more effectively. LSTM-based 

studies have emphasized that the temporal dependence of 

https://journals.kmanpub.com/index.php/jppr/index
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household demand can be captured through models 

specifically designed for sequence learning (Chen, 2025), 

whereas pattern-based monthly forecasting has shown that 

recurring consumption profiles themselves contain 

substantial predictive information (Hosseini, 2025). These 

approaches support the general proposition that historical 

household electricity consumption contains meaningful 

temporal regularities. However, they also highlight an 

unresolved methodological question: how can a forecasting 

system identify the most informative historical observations 

while simultaneously optimizing the predictive model used 

to transform those observations into future estimates? 

Addressing both dimensions jointly may provide a more 

efficient alternative to frameworks that concentrate 

exclusively on either temporal modeling or parameter 

optimization. 

The literature therefore suggests three complementary 

methodological requirements for improving household 

electricity forecasting. First, the model should select 

informative historical features and eliminate redundant input 

information. Second, the nonlinear forecasting model should 

be configured using an optimization mechanism capable of 

exploring a complex parameter space. Third, the final 

forecasting system should be sufficiently robust to reduce 

model-specific errors. The MRMR algorithm provides an 

appropriate mechanism for satisfying the first requirement, 

while the Cuckoo Search Algorithm provides a population-

based strategy for optimizing neural-network topology and 

weights. An ensemble of independently optimized 

multilayer perceptron networks can address the third 

requirement by integrating multiple forecasts into a single 

output. The combination of these components offers a 

coherent hybrid architecture in which each stage addresses a 

distinct source of forecasting inefficiency. 

The need for such an integrated framework is particularly 

evident in local-scale electricity systems, where utilities may 

require reliable forecasting but have access to comparatively 

limited datasets. In these settings, extremely data-intensive 

deep-learning models may not always be necessary or 

practical, whereas conventional forecasting approaches may 

fail to capture nonlinear temporal patterns sufficiently well. 

An optimized MLP-based ensemble provides a potentially 

effective intermediate solution because it preserves the 

nonlinear learning capacity of neural networks while using 

feature selection to limit input dimensionality and 

metaheuristic optimization to enhance network 

configuration. The use of monthly data further makes this 

approach relevant for medium-term utility planning, where 

forecasting accuracy can support budgeting, procurement, 

maintenance scheduling, infrastructure planning, and 

demand-management decisions. 

In Ilam, the availability of historical household 

electricity-consumption records provides an opportunity to 

develop and evaluate such a framework under real-world 

conditions. Local electricity-demand patterns may reflect 

climatic seasonality, household behavior, and region-

specific socioeconomic characteristics. A forecasting model 

developed using actual household records can therefore 

provide more operationally meaningful evidence than 

models tested exclusively on synthetic or benchmark 

datasets. Moreover, evaluating the proposed model against 

conventional neural networks, Gaussian process regression, 

and classification and regression trees can clarify whether 

the integration of feature selection, Cuckoo Search 

optimization, and ensemble averaging provides measurable 

improvements over alternative machine-learning methods. 

Accordingly, the aim of this study is to develop and 

evaluate a novel hybrid forecasting model that integrates 

MRMR-based feature selection, Cuckoo Search-based 

optimization, and an ensemble of multilayer perceptron 

neural networks to improve the accuracy of monthly 

household electricity-consumption forecasting in Ilam 

County. 

2. Methods and Materials 

In this study, a hybrid framework based on machine 

learning and optimization algorithms was employed to 

forecast monthly household electricity consumption in Ilam. 

The data comprised actual electricity consumption records 

of households in Ilam over a 10-year period (2015–2025), 

obtained from the Ilam Regional Electricity Company. 

During the preprocessing stage, missing values were 

replaced using temporal averaging. Subsequently, the 

MRMR algorithm was employed to select the optimal subset 

of features associated with electricity consumption, thereby 

reducing redundancy while preserving maximum relevance 

to the target variable. In the next stage, an ensemble model 

based on three multilayer perceptron (MLP) neural networks 

was designed. The architecture and weight vectors of each 

network were optimized simultaneously and independently 

using the Cuckoo Search metaheuristic algorithm. The 

fitness function used in this algorithm was the mean absolute 

error (MAE) between the predicted and actual values. 

Finally, the model’s final output was obtained by averaging 

the outputs of the three neural networks. The performance of 

https://journals.kmanpub.com/index.php/jppr/index
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the proposed model was compared with baseline methods, 

including a conventional artificial neural network (ANN), 

Gaussian process regression (GPR), and a classification and 

regression tree (CART). 

The model proposed in this study is an intelligent hybrid 

framework for electricity consumption forecasting and was 

designed in three main stages. First, the raw data are 

preprocessed and the optimal features are selected using the 

MRMR algorithm so that redundancy is reduced while 

maximum relevance to electricity consumption is retained. 

In the second stage, an ensemble model based on three 

multilayer perceptron (MLP) neural networks is developed, 

in which the parameters and topology of each network are 

independently and simultaneously optimized by the Cuckoo 

Search metaheuristic algorithm to minimize forecasting 

error. Finally, the model’s final output is calculated by 

averaging the results of the three networks in order to 

improve forecasting accuracy and stability. 

In the first stage of the proposed method, the raw 

electricity consumption records of subscribers are 

preprocessed. For this purpose, records containing missing 

values are corrected, after which the MRMR algorithm is 

employed to select the optimal features for describing 

subscribers’ electricity consumption records. Following 

feature selection, an MLP-based ensemble system is used to 

organize the estimation model. In this ensemble system, the 

Cuckoo Search Algorithm is used to determine the optimal 

configurations of the MLP models. Finally, the final output 

of the proposed method is determined based on the mean of 

the outputs of the three aforementioned multilayer 

perceptron neural networks. These stages are illustrated in 

Figure 1. 

Figure 1 

Flowchart of the proposed method 

 

https://journals.kmanpub.com/index.php/jppr/index
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The purpose of preprocessing electricity consumption 

data is to prepare them for subsequent processing stages. 

However, the structure of the samples contained in the 

database must first be described. In the database used in this 

study, each data record contains the electricity consumption 

history of one subscriber at regular one-month intervals. 

Thus, each record indicates how many watt-hours of 

electricity a subscriber consumed in different months. An 

example of a database record is presented in Figure 2. 

Figure 2 

Example of a database record 

 

As illustrated in the figure above, some samples in the 

database may contain missing values. In the example shown, 

information regarding the subscriber’s electricity 

consumption in the sixth month is unavailable. In such cases, 

the proposed method corrects missing values according to 

the following rules: 

If consumption records are available for both the 

preceding and following months of the current missing 

value, the mean electricity consumption of the preceding and 

following months is substituted for the missing value. For 

example, in Figure 2, the mean consumption in the fifth and 

seventh months is considered the electricity consumption for 

the sixth month. 

If consumption records are unavailable for both the 

preceding and following months of the current missing 

value, the entire data record is disregarded because it 

contains multiple instances of incomplete information. 

Using the simple rules described above, the proposed 

method corrects records containing incomplete information. 

After this procedure, a set of time series containing 

subscribers’ electricity consumption histories becomes 

available. In the proposed method, these time series are 

represented as follows: 

𝑆𝑡 = {𝐸𝑡−10
, 𝐸𝑡−9

, … , 𝐸𝑡−1
, 𝐸𝑡} (1) 

 

In the above equation, 𝑡denotes the time index, and 

𝐸𝑡represents the amount of electricity consumed at that time 

point. Based on time series 𝑆, electricity consumption in 

period 𝑡 + 1can be forecast. Accordingly, if the relationship 

between time series 𝑆and electricity consumption in period 

𝑡 + 1is represented by a function such as 𝑍, forecasting can 

be performed using subscribers’ historical electricity 

consumption records according to the following equation: 

𝐸𝑡+1 = 𝑍(𝑆𝑡) (2) 

 

In the proposed method, an ensemble system based on 

neural networks is used to represent function 𝑍. It should be 

noted that determining the length of sequence 𝑆is of 

considerable importance. In other words, not all members of 

the sequence {𝐸𝑡−10
, 𝐸𝑡−9

, … , 𝐸𝑡−1
, 𝐸𝑡}may be necessary for 

forecasting 𝐸𝑡+1. The use of unnecessary input data can not 

only increase processing time but also reduce estimation 

accuracy. Therefore, the MRMR algorithm is employed in 

the proposed method to identify the optimal features for 

electricity consumption estimation. In other words, at this 

stage, the MRMR algorithm selects an optimal subset of the 

members of sequence 𝑆, thereby maximizing forecasting 

accuracy. 

https://journals.kmanpub.com/index.php/jppr/index
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MRMR is a feature-selection approach that seeks to select 

features exhibiting high correlation with the target variable 

(output) and low correlation with one another. For 

continuous features, the 𝐹-statistic can be used to calculate 

correlation with the target variable (relevance), whereas 

Pearson’s correlation coefficient can be used to calculate 

correlations among features (redundancy). Features are then 

selected sequentially by applying a greedy search to 

maximize an objective function based on relevance and 

redundancy. Two common objective functions are used in 

the MRMR algorithm: 

 Mutual Information Difference (MID) criterion  

 Mutual Information Quotient (MIQ) criterion  

These functions represent, respectively, the difference 

between and the quotient of relevance and redundancy. In 

the proposed method, the Mutual Information Quotient 

criterion is used to define the objective function of the 

MRMR algorithm. The MRMR algorithm identifies an 

optimal set of features that simultaneously possesses the 

following two characteristics: 

The selected features exhibit maximum pairwise 

differences and the highest correlation with the target 

variable; therefore, they can effectively describe the target 

variable. The objective of the MRMR algorithm is to identify 

an optimal feature set 𝑆that simultaneously maximizes 𝑉𝑆, 

representing the relevance of 𝑆to the target variable 𝑦, and 

minimizes 𝑊𝑆, representing the redundancy of 𝑆. 

Considering mutual information 𝐼, 𝑉𝑆and 𝑊𝑆can be defined 

as follows: 

𝑉𝑆 =
1

∣ 𝑆 ∣
∑𝐼

𝑥∈𝑆

(𝑥, 𝑦) (3) 

𝑊𝑆 =
1

∣ 𝑆 ∣2
∑ 𝐼

𝑥,𝑧∈𝑆

(𝑥, 𝑧) (4) 

 

In the above equations, ∣ 𝑆 ∣denotes the number of 

features in 𝑆. Identifying an optimal set 𝑆requires 

considering all 2∣𝐷∣possible combinations, where 

𝐷represents the complete set of features in the database. 

Instead, the MRMR algorithm ranks features using the 

Mutual Information Quotient (MIQ) through a forward-

addition scheme. This procedure has a computational 

complexity of 𝑂(∣ 𝐷 ∣⋅∣ 𝑆 ∣)and is calculated as follows: 

𝑀𝐼𝑄𝑥 =
𝑉𝑥
𝑊𝑥

(5) 

 

In the above equation, 𝑉𝑥and 𝑊𝑥represent the relevance 

and redundancy of a feature, respectively: 

𝑉𝑥 = 𝐼(𝑥, 𝑦) (6) 

𝑊𝑥 =
1

∣ 𝑆 ∣
∑𝐼

𝑧∈𝑆

(𝑥, 𝑧) (7) 

 

Accordingly, the MRMR algorithm ranks the data 

features as follows: 

1. Select the feature with the highest relevance, 

max
𝑥∈𝐷

𝑉𝑥, and add it to the initially empty set 𝑆.  

2. Store features with nonzero relevance and zero 

redundancy in 𝑆′.  

3. If 𝑆′contains no feature with nonzero relevance and 

zero redundancy, proceed to Step 4.  

4. Otherwise, select the feature with the highest 

relevance,  

max
𝑥∈𝑆′, 𝑊𝑥=0

𝑉𝑥 , 

 

and add the selected feature to set 𝑆. 

5. Repeat Step 2 until redundancy is no longer zero for all 

features in 𝑆′. 

6. Select the feature in 𝑆′with the highest MIQ value, 

nonzero relevance, and nonzero redundancy, and add it to set 

𝑆: 

max
𝑥∈𝑆′

𝑀𝐼𝑄𝑥 = max
𝑥∈𝑆′

𝐼(𝑥, 𝑦)

1
∣ 𝑆 ∣

∑ 𝐼𝑧∈𝑆 (𝑥, 𝑧)
(8) 

 

7. Repeat Step 4 until relevance becomes zero for all 

features in the remaining candidate set.  

8. Add the features with zero relevance to 𝑆in random 

order.  

By implementing the above steps, the 𝑁highest-ranked 

features are selected and passed to the next stage of the 

proposed method, namely, construction of the ensemble 

model. 

As noted previously, in the second stage of the proposed 

method, a combination of multilayer perceptron networks 

and the Cuckoo Search Optimization Algorithm is employed 

to construct the ensemble model. The ensemble model used 

in the proposed method consists of three multilayer 

perceptron networks, for each of which the optimal topology 

and weight vector are determined using the Cuckoo Search 

Algorithm. It should be noted, however, that more than three 

multilayer perceptron networks can be employed in this 

ensemble model. The operation of the proposed ensemble 

model is illustrated in Figure 3. 
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Figure 3 

Proposed ensemble model based on neural networks and the Cuckoo Search Algorithm 

 

According to the procedure illustrated in the figure above, 

each multilayer perceptron network is independently 

optimized using the Cuckoo Search Algorithm, and during 

the optimization process, the optimal neural-network 

topology and weight vector are determined. Because the 

optimization process for each neural network is independent 

of the other networks, this stage of the proposed method can 

be implemented using parallel-processing techniques. 

Accordingly, the processing time required to construct the 

ensemble model can be substantially reduced. Thus, at this 

stage of the proposed method, one Cuckoo Search optimizer 

is executed for each multilayer perceptron network. Using 

training error as its fitness function, each optimizer attempts 

to identify the most appropriate topology and weight vector 

for its corresponding neural network. The remainder of this 

section describes the process of optimizing multilayer 

perceptron neural networks using the Cuckoo Search 

Algorithm. For this purpose, the structure of the solution 

vector and population in the optimization algorithm is first 

described, followed by an explanation of the stages through 

which the algorithm determines the optimal solution. 

This section describes the structure of the solution vector 

employed in the Cuckoo Search Algorithm. The solution 

vector in the optimization algorithm used in the proposed 

method determines the topology of the multilayer perceptron 

network as well as the weights of the connections among 

neurons and the network biases. Therefore, each solution 

vector in the optimization algorithm consists of two 

interrelated components. The first component specifies the 

network topology, whereas the second component specifies 

the neuron weights and biases for the topology defined in the 

first component. Consequently, the solution vectors in the 

Cuckoo Search Algorithm have variable lengths determined 

by the topology specified for the multilayer perceptron 

network. Because the number of possible multilayer 

perceptron network topologies may be unlimited, constraints 

must be imposed on the network-topology component of the 

solution vector. Accordingly, the following constraints are 

applied to the first component of the solution vector to 

restrict the search space: 

Each multilayer perceptron network contains one hidden 

layer. Accordingly, the first component of the solution 

MLP1 

 

 

 

 

CSO 
MAE 
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vector contains one element, and the numerical value of this 

element represents the number of neurons assigned to the 

hidden layer of the multilayer perceptron network. 

The hidden layer of the multilayer perceptron network 

contains a minimum of 4 and a maximum of 15 neurons. 

It should be noted that the first component of the solution 

vector, which determines the topology, describes only the 

number of neurons in the hidden layer because the 

dimensions of the input and output layers of the neural 

network are determined by the number of input features and 

output variables, respectively. 

Because the number of neurons in the neural network is 

determined by the first component of the solution vector, the 

length of the second component is also determined according 

to the topology specified in the first component. For a neural 

network with 𝐼input neurons, 𝐻hidden neurons, and 𝑃output 

neurons, the length of the second component of the solution 

vector in the Cuckoo Search Algorithm is 𝐻 × (𝐼 + 1) +

𝑃 × (𝐻 + 1). 

The optimality of each solution in the Cuckoo Search 

Algorithm is evaluated using a fitness function. For this 

purpose, after each solution vector specifies the topology 

and weights of the neural network, the network outputs are 

generated for the training samples and compared with the 

actual target values. The mean absolute error criterion is then 

used to evaluate the performance of the neural network and 

the optimality of the generated solution. Accordingly, the 

fitness function of the Cuckoo Search Algorithm is defined 

as follows: 

𝑀𝐴𝐸 = ∑∣∣𝑇𝑖 − 𝑍𝑖∣∣

𝑁

𝑖=1

(9) 

 

In the above equation, 𝑁represents the number of training 

samples, and 𝑇𝑖denotes the target value for the 𝑖th training 

sample. Moreover, 𝑍𝑖represents the output generated by the 

neural network for the 𝑖th training sample. In the proposed 

method, the Cuckoo Search Optimization Algorithm is 

employed to determine a neural-network structure capable 

of minimizing Equation (9). 

The initial population in the Cuckoo Search Algorithm is 

generated randomly, and the search bounds for the second 

component of the solution vector are set to [−, 1 + 1]. Thus, 

each weight associated with the connections among neurons 

and each neural-network bias assumes a value within this 

interval. 

In the proposed method, the Cuckoo Search Algorithm is 

responsible for determining the most appropriate neural-

network topologies and their optimal weight values. This 

process is described below. Cuckoo Search is an 

optimization algorithm that, in addition to providing faster 

convergence than many other optimization methods, does 

not require the specification of numerous parameters. The 

general framework of this algorithm involves initiating the 

search from a set of random solutions and subsequently 

improving them through different operators. The algorithm 

operates according to the following three rules: 

Each cuckoo lays one egg at a time and deposits its egg 

in a randomly selected nest. 

The best nests with the highest-quality eggs are retained 

for the next generation. In other words, the best solutions 

remain present in the next iteration of the search algorithm. 

The number of available host nests is fixed, and a host 

bird discovers a cuckoo egg with a probability of 𝑃𝑎 ∈ (0, 1). 

The pseudocode of the Cuckoo Search Algorithm is as 

follows: 

Algorithm 1. Cuckoo Search 

1. Define the algorithm fitness function as 𝑓(𝑥) =

(𝑥1
, … , 𝑥𝑑).  

2. Generate an initial population comprising 𝑛nests, 

each containing 𝐾eggs.  

3. While 𝑡 < 𝑇, or until one of the stopping criteria is 

satisfied, repeat the following operations:  

1. Select a random cuckoo 𝑖using a Lévy-

flight procedure.  

2. Evaluate the fitness of the selected cuckoo 

using the fitness function.  

3. Select a random nest 𝑗from the 𝑛nests.  

4. If the solutions contained in 𝑗dominate 

those contained in 𝑖, replace 𝑖with the 

solutions contained in 𝑗.  

5. Abandon a proportion 𝑃𝑎of the worst nests 

and replace them with new nests.  

6. Retain the best solutions/nests.  

7. Increment 𝑡by one.  

4. End.  

According to the above pseudocode, the search algorithm 

begins by generating a random set of solutions for the nests. 

During each iteration, a cuckoo such as 𝑖is first selected 

randomly, and the fitness of its solution is calculated. In the 

next step, a second random nest, such as 𝑗, is selected, and 

the fitness of its solution is compared with that of nest 𝑖. If 

nest 𝑗dominates nest 𝑖, the set of solutions in nest 𝑗is 

considered superior to that in nest 𝑖, and the solutions of 𝑖are 

replaced accordingly. In the subsequent step, a proportion 

𝑃𝑎of nests with the poorest fitness values is abandoned, and 
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new sets of solutions are generated randomly. At the end of 

each iteration, the best solution sets are retained. These steps 

continue until the number of iterations reaches the 

predetermined value 𝑇. Accordingly, each neural network in 

the proposed ensemble model uses the above procedure to 

optimize its structure and weight vector. Ultimately, the 

structure used to forecast electricity consumption in the test 

samples is the one capable of minimizing the fitness function 

presented in Equation (9). 

The final stage of the proposed method involves 

forecasting electricity consumption for the next time period 

using the neural-network ensemble model. In the proposed 

method, an averaging technique is employed to determine 

the final output of the ensemble system. The purpose of this 

technique is to reduce the error of individual learning models 

by combining their outputs so that the error associated with 

each neural network can be compensated for by the outputs 

of the other neural networks. Accordingly, in the final stage 

of the proposed method, each optimized neural network in 

the ensemble system forecasts the outputs of the test 

samples, after which the mean of the outputs generated by 

these models is considered the final estimated value. 

3. Findings and Results 

At this stage, the proposed method was evaluated, and its 

results were compared with those of other forecasting 

models. The proposed method was implemented using 

MATLAB software tools. The experiments were conducted 

using a real-world database containing the electricity 

consumption records of 10 households. 

The database used in the proposed method was collected 

from the Ilam Electricity Department. This database contains 

the electricity consumption data of 10 households in Ilam. 

The electricity consumption histories of these households 

cover the period from approximately April–May 2015 to 

April–May 2025. 

The database contains 120 data records for each 

household. These records describe the electricity 

consumption of each household during different months. Of 

the data available for each household, 96 samples were used 

for the learning phase and construction of the forecasting 

model, whereas the remaining samples were used for testing. 

Figure 4 shows variations in the monthly electricity 

consumption of one household in the database. 

Figure 4 

Variations in the monthly electricity consumption of one household in the database 

 

The proposed method performs forecasting by combining 

the results generated by three multilayer perceptron neural 

networks. In this method, the Cuckoo Search Optimization 

Algorithm is employed to determine the optimal weight 

vector and structure of each neural network. The parameters 

used in the Cuckoo Search Algorithm to optimize the 

structure of the neural networks in the proposed method 

were as follows: number of iterations = 200, population size 

= 40, and nest-abandonment probability = 0.25. Figure 5 

illustrates the variation in the fitness of the Cuckoo Search 

Algorithm during optimization of the neural-network 

structure. 
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Figure 5 

Variation in the fitness of the Cuckoo Search Algorithm during neural-network structure optimization 

 

According to the figure above, the Cuckoo Search 

Algorithm can minimize forecasting error (fitness) in the 

learning model by efficiently searching the problem space 

and determining the optimal combination of neural-network 

weight values. The downward trend in the fitness curves 

indicates the continuous improvement of the discovered 

solutions and the movement of the population toward the 

global optimum. 

Evaluation of the proposed method showed that the three 

optimal multilayer perceptron neural-network models for 

forecasting subscribers’ electricity consumption contained 

7, 8, and 10 neurons in their hidden layers, respectively. The 

training errors of these learning models were 0.3945, 0.4747, 

and 0.3912, respectively. No significant relationship was 

observed between the number of neurons in the neural 

networks and training error. Therefore, it cannot be 

concluded that a larger or smaller number of neurons in a 

multilayer perceptron neural network has a significant effect 

on the training error of the model. After determining the 

optimal structure and weight vector for these learning 

models, electricity consumption was forecast by each model, 

and the final output was subsequently calculated by 

averaging the outputs of all three models. Figure 6 presents 

the actual values and the values forecast by the proposed 

method, based on the combined results of three multilayer 

perceptron neural networks, for electricity consumption in 

one of the test samples. 

Figure 6 

Performance of the proposed method in forecasting household electricity consumption 
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Based on the results obtained, the mean absolute error of 

the proposed method for the sample shown in Figure 6 was 

4.33. To compare the performance of the proposed method, 

its error in forecasting household electricity consumption 

was compared with those of other forecasting algorithms, 

including an artificial neural network trained using the 

Levenberg–Marquardt algorithm, Gaussian process 

regression, and a classification and regression tree. 

Figure 7 presents the actual values and the values forecast 

by the artificial neural network for monthly electricity 

consumption in one of the test samples. This neural network 

contains one hidden layer with 15 neurons. 

Figure 7 

Performance of the artificial neural network in forecasting household electricity consumption 

 

Based on these results, the mean absolute error of this 

neural network for the test sample shown in Figure 7 was 

7.03. Accordingly, the proposed method can reduce 

forecasting error by 38% compared with a conventional 

neural network. Thus, the proposed method, through the use 

of the Cuckoo Search Algorithm, can improve the 

performance of neural networks compared with 

conventional training functions. 

Figures 8 and 9 present, respectively, the actual values 

and the values forecast by Gaussian process regression and 

the classification and regression tree for the same test 

sample. 

Figure 8 

Performance of the Gaussian process regression model in forecasting household electricity consumption 
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Figure 9 

Performance of the classification and regression tree in forecasting household electricity consumption 

 

These results indicate that the mean absolute error of the 

GPR model for the test sample presented in the figures above 

was 8.48. In addition, the classification and regression tree 

forecast electricity consumption for this sample with a mean 

error of 7.199. Based on these findings, the proposed method 

can substantially reduce forecasting error. This improvement 

can be attributed to two factors: 

In the proposed method, a combination of multiple 

models is used to minimize forecasting error. In this setting, 

the learning models reduce one another’s errors through the 

averaging technique. 

Moreover, the use of the Cuckoo Search Optimization 

Algorithm makes it possible to obtain neural-network 

models with a high level of performance. 

Figure 10 illustrates variations in forecasting error across 

different households (samples) in the database. In this figure, 

the horizontal axis represents the households contained in 

the database, whereas the vertical axis represents the 

forecasting error rate of the different algorithms in 

estimating each household’s electricity consumption. 

Figure 10 

Variations in forecasting error across different households in the database 

 

According to Figure 10, the proposed method exhibits a 

lower error rate for most samples. The minimum and 

maximum error rates of the proposed method across all 

database samples were 0.00021 and 0.01456, respectively. 

To examine this criterion more precisely, the mean error 

rates of the different algorithms can be evaluated. Figure 11 

presents the error rates of the proposed method and the other 

algorithms used to forecast the electricity consumption of all 

households. 
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Figure 11 

Mean error rate of the proposed method compared with the other methods 

 

 

The error-rate criterion was calculated by dividing the 

difference between the learning model output (forecast 

electricity consumption) and the actual consumption value 

by the actual consumption value: 

𝐸𝑟𝑟𝑜𝑟𝑅𝑎𝑡𝑒 =
1

𝑁
∑

∣∣𝑦𝑖 − 𝑦𝑖̂∣∣

𝑦𝑖̂

𝑁

𝑖=1

(10) 

 

In the above equation, 𝑁denotes the number of test 

samples, whereas 𝑦𝑖and 𝑦𝑖̂represent the forecast and actual 

electricity consumption values for the 𝑖th test sample, 

respectively. 

Based on the results obtained, the proposed method can 

effectively reduce the error rate in forecasting household 

electricity consumption. This outcome results from the use 

of the Cuckoo Search Optimization Algorithm to optimize 

the learning components of the proposed ensemble system. 

Table 1 presents the mean absolute error values of the 

proposed algorithm and the other learning models in 

forecasting household electricity consumption. 

Table 1 

Mean Absolute Error Obtained from the Performance Evaluation of the Proposed Method 

Household ID CART ANN GPR Proposed Method 

1 7.8176 8.2415 13.6571 5.4260 

2 7.1998 7.0327 8.4865 4.3347 

3 4.4696 9.0560 12.3304 3.3795 

4 11.1135 8.9369 25.8376 7.9625 

5 1.6389 3.6016 6.0095 1.2004 

6 17.5555 12.0860 49.1733 11.8833 

7 14.8493 10.2491 16.7727 8.8393 

8 1.9676 2.1811 2.2893 1.0898 

9 11.3315 10.8027 19.7347 6.8769 

10 13.8658 7.9653 17.0244 5.5715 

Mean 9.1809 8.0152 17.1315 5.6563 
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The results obtained from the database evaluation 

presented in Table 1 indicate that the proposed method can 

reduce forecasting error in all cases. Therefore, the use of an 

optimization strategy can serve as an effective technique for 

improving the accuracy of multilayer perceptron neural 

networks. Based on the obtained results, the mean absolute 

error of the proposed method in forecasting electricity 

consumption across all database samples was 5.66, 

indicating a reduction of at least 29.4% in mean absolute 

error compared with the methods used for comparison. The 

regression plots of the proposed method and the other 

methods are presented in Figure 12. 

(a) Proposed method 

(b) CART 

(c) ANN 

(d) GPR 

Figure 12 

Regression plots of (a) the proposed method, (b) CART, (c) ANN, and (d) GPR 

 
a 

 
b 

 
c 

 
d 

 

Examination of the regression plots presented in the 

figure above shows that the outputs of the proposed method 

are more consistent with the expected outputs; consequently, 

the forecast values exhibit less deviation from the fitted line. 

This figure demonstrates that the proposed method is 

capable of modeling subscribers’ consumption patterns 

more accurately and that the consumption values forecast by 

the proposed method are closer to the actual consumption 

pattern of each household. The error histograms of the 

proposed method and the other methods used for comparison 

are presented in Figure 13. 

(a) Proposed method 

(b) CART 

(c) ANN 

(d) GPR 
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Figure 13 

Error histograms of (a) the proposed method, (b) CART, (c) ANN, and (d) GPR 

 
a 

 
b 

 
c 

 
d 

 

Comparison of the error histograms of the different 

methods in Figure 13 indicates that the error range of the 

proposed method is narrower than that of the other methods. 

This characteristic confirms that the use of an ensemble 

technique and optimization of the structure of multilayer 

perceptron neural networks in the proposed method can 

enhance the reliability of the forecast outputs. According to 

these plots, for more than two-thirds of the test samples, the 

error of the proposed method lies within the range of −0.6 to 

+1.2, indicating that, in most cases, the proposed method can 

forecast household electricity consumption with an error of 

less than 1.5 kWh. Achieving this level of error demonstrates 

the effectiveness of the proposed method in modeling 

household electricity consumption patterns and suggests that 

the proposed method can also be employed in real-world 

applications. 

4. Discussion and Conclusion 

The findings of this study demonstrated that the proposed 

hybrid forecasting framework, which integrates MRMR-

based feature selection, Cuckoo Search optimization, and an 

ensemble of multilayer perceptron neural networks, can 

substantially improve the accuracy of monthly household 

electricity-consumption prediction. The most important 

result was that the proposed model achieved a mean absolute 

error of 5.6563 across the 10 households included in the 

database, outperforming the comparison models, including 

ANN, GPR, and CART. The corresponding mean absolute 

errors for ANN, GPR, and CART were 8.0152, 17.1315, and 

9.1809, respectively. Therefore, the proposed method 

reduced the mean absolute prediction error by at least 29.4% 

relative to the competing approaches. In addition, the 

proposed method yielded the lowest prediction error for 

every household examined, indicating that the superiority of 

the model was not confined to a small subset of cases. These 

findings suggest that integrating feature-selection and 

optimization procedures with ensemble neural learning can 

improve both the accuracy and robustness of household 

electricity-consumption forecasting. 

The superior performance of the proposed model is 

consistent with the broader literature emphasizing the 

effectiveness of machine-learning methods for energy-

consumption prediction. Machine-learning approaches are 

particularly appropriate for electricity-demand forecasting 

because electricity-use patterns are typically nonlinear, 

temporally dependent, and influenced by interacting 

behavioral and environmental factors. Reviews of energy-

consumption prediction have shown that neural networks 

and other machine-learning approaches can outperform 
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conventional models when the underlying relationships 

cannot be adequately represented through simple linear 

structures (Mosavi & Bahmani, 2019). Similarly, the 

application of machine-learning models to building energy-

demand and consumption prediction has demonstrated their 

usefulness for sustainable energy management and smart-

city applications (Ardabili et al., 2019). The present findings 

reinforce these conclusions by showing that a machine-

learning system specifically optimized for household 

monthly consumption can achieve lower forecasting errors 

than conventional ANN, GPR, and CART models. 

An important finding of this study was that the highest 

forecasting performance was achieved using six selected 

features rather than the complete set of historical 

consumption variables. This result highlights the importance 

of feature selection in electricity-consumption forecasting. 

The MRMR algorithm is designed to retain variables that are 

strongly associated with the target while reducing 

redundancy among the selected predictors. In this study, 

applying this principle allowed the forecasting model to 

avoid the unnecessary inclusion of highly correlated or 

weakly informative historical consumption values. This 

finding is consistent with the logic underlying maximum 

relevance–minimum redundancy feature-selection 

approaches, which seek to improve predictive efficiency by 

balancing the relevance of individual variables with the 

redundancy among them (Zhao et al., 2019). The result 

therefore suggests that increasing the number of historical 

inputs does not necessarily improve forecasting accuracy 

and may instead introduce redundant information that 

complicates learning. 

The relevance of this finding is particularly evident in 

monthly household electricity forecasting, where adjacent 

lagged consumption values may contain overlapping 

information. Consumption levels in consecutive months can 

be highly correlated because household routines, appliance 

ownership, and seasonal conditions often change gradually. 

Consequently, the simultaneous use of all lagged values may 

unnecessarily increase model dimensionality without 

contributing independent predictive information. By 

selecting six informative features, the proposed model 

appears to have preserved the most useful temporal 

information while reducing unnecessary complexity. This 

feature-selection strategy may also have contributed to the 

lower computational burden and improved generalization 

observed in the proposed system. The importance of 

efficiently representing temporal information is also 

reflected in recent studies applying sequence-oriented 

models to household energy forecasting, where historical 

patterns are treated as the primary source of predictive 

information (Chen, 2025; Hosseini, 2025). 

The results also showed that the three optimized MLP 

networks contained 7, 8, and 10 hidden neurons, 

respectively, and achieved training errors of 0.3945, 0.4747, 

and 0.3912. No meaningful relationship was observed 

between the number of hidden neurons and training error. 

This finding indicates that increasing network size does not 

automatically lead to greater predictive accuracy. Neural-

network performance depends not only on the number of 

neurons but also on the interaction between topology, 

connection weights, biases, input representation, and 

training strategy. A relatively compact architecture may 

therefore perform as effectively as or better than a larger 

architecture if its parameters are appropriately optimized. 

This observation supports the use of optimization-based 

model configuration rather than the manual assumption that 

more complex networks necessarily produce more accurate 

forecasts. 

The Cuckoo Search Algorithm appears to have played an 

important role in the performance improvement achieved by 

the proposed model. The fitness curves showed a gradual 

decline during the optimization process, indicating 

continuous improvement in candidate solutions and 

convergence toward lower forecasting error. Cuckoo Search 

is particularly suitable for such problems because it 

combines global exploration with local refinement and 

requires relatively few control parameters. Previous research 

has shown that adaptive Cuckoo Search can provide 

effective optimization performance by improving the 

balance between exploration and exploitation (Mareli & 

Twala, 2018). The current findings are consistent with this 

evidence, suggesting that Cuckoo Search can be successfully 

employed to optimize both the topology and weight vectors 

of multilayer perceptron networks used for household 

electricity forecasting. 

The performance of the proposed model further supports 

earlier research demonstrating the usefulness of population-

based optimization in electricity-demand prediction. Long-

term electricity-consumption forecasting using artificial 

cooperative search has shown that metaheuristic 

optimization can improve predictive performance by 

searching for model configurations that are difficult to obtain 

through conventional procedures (Kaboli et al., 2016). The 

present study extends this principle to monthly household 

electricity forecasting by simultaneously optimizing neural-

network architecture and connection weights. The 
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substantial reduction in error relative to the conventional 

ANN is particularly informative. For the representative test 

sample, the proposed model produced an MAE of 4.33 

compared with 7.03 for the conventional ANN, 

corresponding to an error reduction of approximately 38%. 

This result indicates that optimization of the neural-network 

configuration can materially improve predictive 

performance beyond the use of a neural network alone. 

Another important result concerns the advantage of 

ensemble averaging. The final prediction of the proposed 

system was obtained by averaging the outputs of three 

independently optimized MLP models. This procedure was 

intended to reduce model-specific errors and improve 

stability. The results suggest that this ensemble strategy was 

effective because the proposed model consistently produced 

lower errors across households than the individual 

comparison models. Even if one constituent neural network 

generates a relatively inaccurate prediction for a particular 

observation, averaging across multiple independently 

optimized networks can reduce the influence of that error. 

This mechanism may explain why the proposed method not 

only achieved lower average error but also exhibited a 

narrower error distribution in the histogram analysis. The 

observed stability is particularly important for practical 

forecasting applications because utilities require models that 

perform consistently across consumers rather than models 

that achieve high accuracy only for selected households. 

The regression plots further confirmed the superiority of 

the proposed model. Predicted values generated by the 

hybrid system were more closely aligned with expected 

values and exhibited less deviation from the regression line 

than the values produced by CART, ANN, and GPR. This 

indicates that the proposed model captured the actual 

structure of household electricity-use patterns more 

effectively. The finding is consistent with research showing 

that residential electricity demand contains temporal 

dependencies that can be modeled using data-driven neural 

approaches (Rahman et al., 2018). Although recurrent neural 

networks are specifically designed for sequential 

information, the current results demonstrate that a properly 

optimized MLP ensemble can also capture useful temporal 

relationships when relevant lagged features are carefully 

selected. 

The error histogram provides additional evidence 

regarding the reliability of the proposed method. For more 

than two-thirds of the test observations, prediction errors 

were located approximately within the range of −0.6 to +1.2, 

and in most cases the model was able to estimate household 

electricity use with an error below 1.5 kWh. This relatively 

concentrated error distribution indicates that the model was 

not only accurate on average but also stable across test 

observations. Such stability is important in residential 

demand forecasting because household electricity use may 

vary substantially over time. Forecasting models that 

produce occasional large deviations can create operational 

difficulties even when their average performance is 

acceptable. The proposed model’s narrower error range 

therefore represents a practically relevant advantage. 

The results can also be interpreted in light of the growing 

emphasis on temporal pattern recognition in residential 

electricity forecasting. Recent research on household 

monthly electricity consumption has shown that identifying 

similarities between historical consumption patterns can 

support accurate prediction (Hosseini, 2025). Likewise, 

LSTM-based forecasting has demonstrated the importance 

of learning temporal dependencies from historical 

residential electricity data (Chen, 2025). The proposed 

model follows a different computational strategy but is 

conceptually aligned with these studies because it uses 

historical electricity-consumption values as the principal 

predictive information. The contribution of the current 

approach lies in combining temporal feature selection with 

neural-network optimization and ensemble averaging, rather 

than relying exclusively on a single sequential-learning 

model. 

The findings should also be considered within the broader 

context of environmental and energy-management 

challenges. Accurate household electricity forecasting can 

support more efficient generation scheduling, grid 

management, and demand-side planning. These functions 

are especially relevant in energy systems where electricity 

production remains closely associated with fossil-fuel 

consumption and environmental impacts. Previous research 

on Iran has demonstrated important relationships among 

economic growth, fossil-fuel consumption, and carbon 

dioxide emissions, emphasizing the environmental 

implications of energy use (Lotfalipour et al., 2010). 

Improved electricity-demand forecasting can indirectly 

contribute to more efficient resource utilization by reducing 

mismatches between generation and consumption and 

supporting better planning of energy resources. 

The relevance of improved forecasting is further 

strengthened by Iran’s energy-transition challenges. 

Although Iran possesses considerable renewable-energy 

potential, particularly for solar photovoltaic generation, the 

development of renewable energy has faced economic, 
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policy, infrastructural, and institutional barriers (Gorjian et 

al., 2019). Greater penetration of variable renewable 

generation increases the importance of accurate demand 

forecasting because supply from renewable sources can 

fluctuate considerably. Improved knowledge of expected 

household demand can therefore facilitate better 

coordination between consumption and generation. 

Although the present study did not directly model 

renewable-energy integration, its findings suggest that 

accurate local demand forecasting may provide a useful 

analytical component for future smart-grid and renewable-

energy management systems. 

Climate variability is another factor that reinforces the 

importance of robust electricity forecasting. Residential 

electricity use is strongly influenced by heating and cooling 

requirements, and these may change as climatic conditions 

vary. Research examining electricity consumption in 

relation to climate change has emphasized that changes in 

environmental conditions can substantially affect demand 

patterns (Zhafran & Miefthawati, 2024). The proposed 

model used historical consumption rather than explicit 

climate variables; nevertheless, seasonal climatic effects 

may be partially embedded in historical monthly 

consumption patterns. The successful forecasting 

performance therefore suggests that the model was able to 

recover some of these recurring temporal structures 

indirectly. Incorporating explicit meteorological information 

in future versions of the model may further improve 

accuracy under changing climatic conditions. 

The comparison with GPR and CART also provides 

useful methodological evidence. GPR produced the largest 

average MAE, whereas CART also exhibited substantially 

higher errors than the proposed model. These results suggest 

that the household consumption patterns present in the 

dataset may be too nonlinear or heterogeneous to be 

adequately represented by these individual learning 

approaches. The proposed model benefits from multiple 

layers of adaptation: MRMR reduces irrelevant information, 

Cuckoo Search optimizes network structure and weights, 

and averaging combines multiple forecasts. The observed 

improvement therefore likely reflects the cumulative effect 

of these components rather than the contribution of a single 

technique. This finding is consistent with the broader 

development of energy forecasting toward hybrid models in 

which complementary computational procedures are 

integrated to improve predictive performance (Ardabili et 

al., 2019; Mosavi & Bahmani, 2019). 

Overall, the results indicate that an optimized ensemble 

of multilayer perceptron neural networks can provide an 

effective solution for monthly household electricity-

consumption forecasting when combined with appropriate 

feature selection. The proposed system achieved lower 

forecasting errors, greater consistency, and closer agreement 

with actual consumption values than the comparison 

methods. Its performance supports the use of metaheuristic 

neural optimization and compact feature subsets in 

household energy modeling and demonstrates that relatively 

small datasets can still support accurate forecasting when the 

model architecture is carefully designed and optimized. 

This study has several limitations that should be 

considered when interpreting the findings. First, the dataset 

consisted of electricity-consumption records from only 10 

households in Ilam, which limits the extent to which the 

results can be generalized to larger and more heterogeneous 

populations. Second, the model primarily relied on historical 

electricity-consumption values and did not explicitly 

incorporate potentially influential variables such as outdoor 

temperature, humidity, household size, income, dwelling 

characteristics, appliance ownership, occupancy schedules, 

electricity tariffs, or behavioral factors. Third, the database 

covered monthly observations, and therefore the model was 

not evaluated for shorter forecasting intervals such as hourly 

or daily consumption. Fourth, the proposed model was 

evaluated using a specific set of comparison algorithms, and 

alternative deep-learning, boosting, or probabilistic 

forecasting methods were not examined. Finally, although 

the proposed optimization procedure improved prediction 

performance, the computational cost associated with 

independently optimizing multiple neural networks may 

become substantial when the number of households, input 

variables, or candidate network structures increases. 

Future studies should evaluate the proposed framework 

using substantially larger datasets collected from different 

cities, climatic regions, and household groups in order to 

determine its generalizability. Researchers could also 

incorporate meteorological, demographic, behavioral, 

economic, and building-related variables into the feature-

selection stage and assess whether these factors improve 

prediction beyond historical consumption alone. The 

proposed model could be extended to hourly, daily, and 

seasonal forecasting tasks and compared with LSTM, GRU, 

transformer-based architectures, random forests, gradient 

boosting, and other advanced ensemble models. Future 

research could also investigate alternative feature-selection 

procedures and compare different metaheuristic 
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optimization algorithms for configuring neural-network 

topology and weights. Another useful direction would be to 

develop adaptive or online versions of the proposed system 

capable of updating model parameters when new 

consumption data become available. Probabilistic 

forecasting and prediction intervals should also be 

considered to quantify uncertainty and provide electricity 

utilities with information about the range of likely future 

demand rather than only point estimates. 

Electricity distribution companies can use optimized 

household forecasting models to improve monthly demand 

planning, allocate generation and distribution resources 

more efficiently, and identify periods in which unusually 

high consumption is likely to occur. Utilities may implement 

the proposed approach as part of smart-metering or energy-

management platforms in which recent consumption records 

are automatically processed and used to update household-

level forecasts. Feature-selection procedures should be 

incorporated into operational forecasting systems to reduce 

unnecessary data processing and focus computational 

resources on the most informative consumption indicators. 

Utilities should also consider using ensembles of 

independently optimized forecasting models rather than 

relying on a single neural network, particularly when 

prediction reliability is important for planning decisions. At 

the managerial level, household-level forecasts can support 

targeted demand-management programs, infrastructure 

maintenance planning, load-shifting initiatives, and more 

efficient procurement of electricity. The model may also be 

integrated into decision-support systems for local grid 

management, allowing planners to identify consumption 

trends early and implement preventive measures before 

demand pressures affect network performance. 
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