
PatternIQ Mining 
https://piqm.saharadigitals.com/     

119 
ISSN: 3006-8894  https://doi.org/10.70023/piqm317  

Advanced Pattern Computation Using Reinforcement 

Learning and Metaheuristic Optimization for Energy 

Consumption Forecasting in Smart Grid Networks 

Yousif Al Suwaidi 

Department of Computer Science 

College of Computing and Emerging Technologies, Dubai National University 

UAE 

  

 

A B S T R A C T  

The energy consumption is one of the significant challenges of smart grid networks, since it has nonlinear 

and changing trends, high computational complexity of the conventional forecasting systems, and 

uncertainty in the data. The existing machine learning and statistical forecasting methods do not often 

exhibit high prediction accuracy, do not extract enough features, and cannot adapt to changing smart grid 

systems, thus obstructing energy management, load balancing, and effective transportation of energy. 

Effective forecasting is crucial in intelligent energy systems, as it can help minimize energy losses, ensure 

grid stability, enable demand response initiatives, and optimize sustainable energy use. To overcome 

these drawbacks, the study proposes a novel Advanced Pattern Computation on Reinforcement Learning 

and Metaheuristic Optimization of Energy Consumption Forecasting in Smart grids Networks. The 

suggested framework is founded on the Reinforcement Learning methods to identify sequential energy 

consumption behavior and adaptively learn active energy consumption patterns based on smart meter 

data. Moreover, a Metaheuristic Optimization strategy is incorporated in order to optimize the selection 

of features, prediction parameters and maximize prediction efficacy and minimize computational cost. 

The framework will be able to model the latent temporal relationships and complex trends in energy 

consumption in various smart grid conditions. The smart grid energy consumption data was assessed 

with a publicly available data of residential and industrial electricity consumption. The experimental 

findings were high accuracy (98.36%), precision (97.82%), recall (97.44%), F1-score (97.63%), and loss 

(0.048), which meant that it had great forecasting accuracy, better grid stability, and intelligent 

performance in managing energy. 

Keywords: Reinforcement Learning, Smart Grid Networks, Energy Consumption Forecasting, 

Metaheuristic Optimization, Intelligent Energy Management 

 

1. Introduction 
Urbanization, industrial development, high electricity consumption, and utilization of 

renewable sources of energy have made smart grid networks part of the current intelligent 

energy management systems [1]. Smart grid technology contrasts with the conventional power 

networks, and it involves implementation of sophisticated communication technologies, smart 

meters, distributed energy resources and intelligent monitoring system to facilitate an energy 

efficient, reliable and sustainable power distribution system [2]. In a smart grid environment, 

forecasting energy consumption is an important aspect, vital for load balancing, demand 

response management, scheduling, fault prevention, and maintaining operational stability [3]. 

There are also efficient forecasting mechanisms that can be used to optimize electricity 

generation and reduce energy wastage under dynamic electricity consumption [4]. Moreover, 

with the growing number of smart devices equipped with Internet of Things (IoT) capabilities, 
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there is a vast amount of energy consumption data, making intelligent forecasting models 

extremely valuable for future smart-city and sustainable-energy applications [5]. 

Despite the remarkable progress in the development of machine learning and deep learning 

techniques in the field of energy consumption forecasting, forecasting energy consumption still 

remains a challenging task because of the nonlinearity of energy consumption, the temporal 

variation of energy demand, the uncertainty of data and the dynamic energy demand patterns 

of the user [6]. Simple statistical forecasting models, such as autoregressive integrated moving 

average (ARIMA) and regression-based models, may not guarantee good performance in 

forecasting large-scale smart grid data, which frequently features complex nonlinear 

relationships [7]. Traditional machine learning, e.g. Support Vector Machines, Random Forests 

and Artificial Neural Networks, do not support temporal dependencies nor can they adapt to 

different energy consumption patterns under different operating conditions [8]. Long Short-

Term memory (LSTM) and Convolutional Neural Networks (CNNs) are deep learning models 

that have improved the accuracy of forecasts. However, computationally intensive feature 

selection is still inefficient, and overfitting and adaptability are still a problem in dynamic smart 

grid settings [9]. Moreover, not all forecasting models take into account concealed time 

associations and optimal parameter adjustment that, in its turn, results in decreased prediction 

quality and energy management performance [10]. 

Recent studies have been directed towards bettering the accuracy of forecasts by using hybrid 

optimization and smart learning. Big labeled data, huge computational power, and parameter 

tuning systems. Certain models have been hard to keep up with the dynamic conditions of 

energy consumption and grid. Besides, overly redundant data representations as well as 

inefficient feature extraction negatively affect the predictive power of massive smart grid 

systems because of the high overhead. Therefore, it is worth mentioning that the gap in research 

is vast when it comes to the creation of an intelligent forecasting framework to improve adaptive 

learning, facilitate optimal feature selection, decrease the complexity of the computations, and 

provide excellent predictive accuracy in a range of smart grid environments. 

To eliminate those drawbacks, the work proposes an Advanced Pattern Computation framework 

on the foundations of Reinforcement Learning and Metaheuristic Optimization of energy 

consumption prediction in Smart Grid Networks. The suggested framework applies the 

Reinforcement Learning methods to acquire a sequence of patterns in the consumption of 

energy and the use of electricity based on the data provided by smart meters. Reinforcement 

Learning enables the forecasting system to keep on learning and adapting its decision making 

processes according to the feedback of the changing energy environment. Moreover, a 

Metaheuristic Optimization process is incorporated to optimize features selection and 

forecasting parameters, which lessen the computational complexity and maximize forecasting 

performance. The given framework can effectively explain the latent time-dependence, 

nonlinearity of energy consumption and adaptive load change in residential and industrial smart 

grid systems. 

The primary aims of the research project are to reduce its predictions to greater accuracy, attain 

adaptive learning, minimize the complexity of the computation, select features optimally and 

ensure steady performance of the energy management in the dynamic conditions of the smart 

grid. The suggested model must be scalable and intelligent in a way that it can accommodate 

next-generation sustainable energy systems and smart city applications. 

The research has made the following main contributions: 

1. The innovative reinforcement learning-based predictive adaptive energy consumption 

framework within smart grid networks is suggested.  

2. Metaheuristic Optimization is integrated to perform better feature selection and forecasting 

parameter optimization in a computationally simpler way.  
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3. The proposed framework is effective in modeling energy usage patterns within the smart 

meter dataset that tend to be non-linear and temporal hidden.  

4. The model is more accurate in making forecasts compared to the traditional machine learning 

and deep learning models.  

5. The suggested system might aid in smart energy regulation, grid stability, and sustainable 

delivery of power in the framework of the smart grid. 

The significance of the research is that it provides precise and smart energy forecasting in the 

dynamic operation environment. The suggested framework allows using energy more 

effectively, managing demand responses more efficiently, and minimizing energy waste, as well 

as facilitating the sustainable use of smart grids. Furthermore, it is shown that with the 

combination of Reinforcement Learning and Metaheuristic Optimization, a solution is offered 

which can process larger data sets of smart energy but which can remain more flexible and less 

expensive to compute. Therefore, the proposed framework can potentially serve as a crucial 

component in the future intelligent energy systems, smart city applications and sustainable 

electricity management infrastructures. 

2. Literature Survey 
 

Salakapuri et al. (2025) [11] introduced a meta-learning methodology, which considers 

temporal features in predicting electricity loads in smart grid systems. The structure in place 

adopted ensemble meta-learning, lag features and time-aware stacking features to enhance the 

prediction quality of a large-scale energy dataset. The approach was, however, disadvantageous 

in application in the case of a model at rest and in the inclusion of external environmental 

factors that affect the demand of energy. The experimental results showed good error rates of 

prediction and better prediction stability with better temporal learning performance.  

Malik et al. (2025) [12] developed a deep learning-based predictor to forecast energy 

consumption in the smart house, using smart sensing data and intelligent forecasting algorithms. 

The approach improved the energy-use prediction and helped to adaptively control energy use 

in the residential sector under different energy-use profiles. This framework was not however 

scalable to large and heterogeneous smart grid environments and was computationally 

prohibitive. The experiment results have demonstrated the increase in the forecasting success, 

energy usage analysis and energy management by the smart home. 

In the smart grid, Kiran et al. (2026) [13] introduced an adaptive demand-side energy 

management strategy that employs PPO-PSO reinforcement learning to increase dynamic 

optimization of energy and stability of the grid. The framework presented Adaptive Decision 

Making (on the ground of Proximal Policy Optimization and Particle Swarm Optimization) and 

a Model of Efficient Load Control under Uncertain Operating Conditions. The model however, 

was not calculable and could not be scaled to large-scale smart grid implementations. The 

results indicated that the outcomes were fairly excellent with a large peak-load decrease, 

immense energy charges saved, quick convergence, and enhanced intelligent demand-side 

administration performance. 

The study by Mustaffa (2025) [14] introduced a new method of constructing energy load 

forecasting that integrates the XGBoost model with different metaheuristic optimization 

methods to achieve a better accuracy of heating and cooling load forecasting. The challenge 

was to deal with the nonlinearity of energy consumption and adjust the parameters of the current 

forecasting models. The framework was limited in terms of computational complexity and 

scalability with respect to working with large-scale energy datasets. The experimental findings 

indicated that there was an increase in forecasting accuracy, reduction of RMSE and increased 

energy forecasting reliability. 
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Bui et al. [15] (2025) proposed a safe reinforcement learning (RL) in power and energy systems, 

which allows responding to changing conditions, the reliability of control, and improves 

operational safety. The method employed safe deep reinforcement learning methods of energy 

management, voltage regulation and distributed energy resource optimization. The framework 

however had certain limitations such as the complexity of computations, scaling, and 

applicability to real-time using large-scale power networks. The results revealed the potential 

for operational stability, enhanced safety-aware energy control and reliable decision 

optimization in dynamic power systems. 

Dai et al. [16] (2025) suggested BuildingGym, an open-source reinforcement learning toolbox 

to the building domain. The framework addressed the challenges of applying flexible 

reinforcement learning to a range of building-control and energy-management problems. The 

system was scalable for real-time interactions with the grid, which were highly complex and 

computationally expensive in large-scale simulations. The experimental results showed that the 

proposed cooling load optimization method was effective, resulting in better adaptive control 

performance and better energy management efficiency using reinforcement learning. 

Bacanin et al. [17] (2025) used a modified model based on a metaheuristic-optimized gated 

recurrent unit network for production forecasting of a photovoltaic farm, enhancing the 

accuracy of renewable energy prediction in a dynamic environment. The model used GRU 

networks, and the architecture and parameters were optimized using metaheuristic algorithms 

to learn the temporal patterns in PV energy data efficiently. The approach had a few 

disadvantages in that it was very complex to optimize, and it was very sensitive to varying 

weather conditions. The results of the experiment indicated that the forecasting accuracy was 

higher, convergence performance was better, and the error in forecasting was lower, as 

compared to the traditional recurrent forecasting models. 

Jasmine et al. [18] (2025). designed an innovative system of load forecasting through the deep 

learning approach that would enhance the stability and reliability of smart grid networks. The 

approach employed was a combination of neural learning and firefly optimization that was 

employed in improving forecasting performance and minimizing power losses during the 

distribution of energy. However, it did have limitations, being not scalable and with a high 

computational overhead in a large-scale, real-time smart grid. The research findings 

demonstrated that the new method had the potential to accurately forecast the load, maintain 

grid stability, and be efficient in managing energy. 

Gomez et al. [19] (2025) presented a hybrid deep learning approach for short-term energy 

consumption forecasting in smart grids, using both univariate and multivariate datasets to 

improve the accuracy of the smart grid energy forecasting system under dynamic grid 

conditions. The framework combined the BiLSTM network, the attention mechanism, the 

decomposition method, and the adaptive forecasting by Bayesian optimization. Yet there were 

some limitations with the model, including complexity and the need for more training on large-

scale smart grid systems. The findings showed that energy production forecasting was more 

accurate, computational time was reduced, and forecasting reliability improved. 

Pathak et al. [20] (2026) proposed a smart grid framework based on metaheuristic methods for 

the economic dispatch and optimal power flow problem in an intelligent power grid. The 

adopted method used sophisticated metaheuristic optimization algorithms to reduce costs, 

improve power distribution efficiency, and increase grid reliability under nonlinear operational 

constraints. The framework, however, faced challenges related to computational complexity, 

parameter sensitivity, and applicability to larger-scale smart grid scenarios. Results showed: 

accuracy in optimizing results, power-flow stability and more economic performance of 

economic dispatch in modern smart-grid applications. 

Begum [21] (2025) introduced a big data and machine learning framework for energy 

optimization in smart buildings, using data collected from various IoT sensors and predictive 

analytics with an LSTM model. The method was used to enhance intelligent energy monitoring 
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and reduce unnecessary energy use in a dynamic building environment. However, the 

framework had problems with computational load and scalability in processing heterogeneous 

real-time sensor streams. Experimental results showed the following: higher predictive 

accuracy, more efficient energy use, and improved smart building energy management 

performance. 

To optimize energy consumption analysis and predict demand response in smart grid energy 

data, a novel approach, Enhanced Binary Firefly Optimization, is proposed by Mariam [22] 

(2025). The proposed method was able to overcome the problems of high-dimensional smart 

meter data, noisy consumption patterns, and inefficient feature discovery from the traditional 

mining approaches. However, the structure also had some drawbacks in supporting large-scale, 

real-time grid environments due to its higher computational costs. Experimental results showed 

that the pattern detection accuracy, convergence speed and robustness to noise for smart grid 

forecasting applications were improved. 

3.  Proposed Methodology 

Reinforcement Learning for Smart Energy Forecasting 

The methodology diagram, Fig. 1, shows the overall framework of the proposed Advanced 

Pattern Computation methodology for the energy consumption forecasting in a smart grid 

network. First, smart meter data is collected from smart grid environments to capture energy 

consumption under various operating conditions, residential and industrial. Undergoing a 

process of data preprocessing, including the elimination of missing values, noise reduction, 

normalization, and feature scaling to enhance the data quality and minimize inconsistencies in 

the forecasting process. Once preprocessed, the smart grid data is subjected to feature extraction 

and analysis to detect key temporal patterns in energy consumption and unknown relationships 

among behaviors. 

The extracted features are then fed into the Reinforcement Learning (RL)- based pattern 

learning mechanism, which dynamically tunes energy consumption behavior and sequential 

energy forecasts in the smart grid environment through interactions. A Metaheuristic 

Optimization module is also embedded to learn which features are relevant for more efficient 

forecasting and to optimize the parameters, further reducing computational complexity. The 

optimized features are subsequently passed to the proposed Advanced Pattern Computation 

Model, which performs hidden temporal relationship learning, nonlinear energy consumption 

modeling, smart-grid pattern computation, and adaptive forecasting.  

 

Fig 1: Advanced Smart Grid Forecasting Framework 
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3.1 Data Collection 

Data collection for the proposed Advanced Pattern Computation framework is crucial, as the 

quality, temporal continuity, and variability of smart grid energy consumption data directly 

affect the accuracy of forecasting and adaptive learning. Electricity consumption in a smart grid 

varies dynamically with residential activities, industrial operations, environmental conditions, 

and load demand. Hence, it is crucial to have an efficient data collection strategy to capture 

hidden temporal relationships and nonlinear energy-use characteristics. The framework was 

proposed on the Household Electric Power Consumption Dataset, which comprises extensive 

smart-meter measurements collected under real-world residential electricity consumption 

conditions. The data include active and reactive power, voltage and current and submeter data 

gathered in real time over a very long span of operation. 

3.1.1 Smart Grid Energy Consumption Acquisition 

The first phase of the suggested framework will be the gathering of massive amounts of energy 

consumption data from smart meter systems built into residential and industrial smart grid 

settings. Smart meters operate continuously to track energy consumption patterns and produce 

multivariate temporal data on voltage variations, current changes, active power, and reactive 

energy consumption. These values are the main input for adaptive forecasting and sequence 

pattern learning in the Reinforcement Learning environment. 

𝐷𝑆𝐺 = {(𝐸𝑖
(𝑡), 𝑉𝑖

(𝑡), 𝐼𝑖
(𝑡), 𝑃𝑖

(𝑡), 𝑄𝑖
(𝑡), 𝑆1,𝑖

(𝑡), 𝑆2,𝑖
(𝑡), 𝑆3,𝑖

(𝑡)
)}

𝑡=1

𝑇
  (1) 

In equation 1, 𝐷𝑆𝐺denotes the complete smart grid energy consumption dataset collected from 

smart meter infrastructures over multiple time intervals. The variable 𝐸𝑖
(𝑡)

represents the total 

energy consumption corresponding to the consumer node 𝑖at the time interval 𝑡, while 𝑉𝑖
(𝑡)

and 

𝐼𝑖
(𝑡)

denote voltage magnitude and current intensity, respectively. The terms 𝑃𝑖
(𝑡)

and 

𝑄𝑖
(𝑡)

correspond to active power and reactive power consumption measurements. Furthermore, 

𝑆1,𝑖
(𝑡)

, 𝑆2,𝑖
(𝑡)

, and 𝑆3,𝑖
(𝑡)

indicate smart submetering values for kitchen appliances, laundry systems, 

and environmental energy loads. The variable 𝑇denotes the total number of sequential 

observation intervals considered within the smart grid forecasting environment. 

3.1.2 Temporal Smart Meter Data Representation 

The smart meter data collected are converted into temporal sequential representations to retain 

dynamic energy consumption behavior and obscure time-dependent correlation among smart 

grid settings. The temporal sequence formation allows the Reinforcement Learning module to 

track the state changes, and acquire adaptive forecasting policies based on past energy usage 

patterns. 

𝑋𝑡 = [𝑥𝑡−𝑛+1, 𝑥𝑡−𝑛+2, 𝑥𝑡−𝑛+3, … , 𝑥𝑡−1, 𝑥𝑡]
𝑇  (2) 

Here, equation 2 𝑋𝑡represents the sequential temporal energy consumption vector 

corresponding to the forecasting interval 𝑡. The variables 𝑥𝑡−𝑛+1, 𝑥𝑡−𝑛+2, and 𝑥𝑡denote 

historical smart meter observations recorded over preceding temporal intervals. The parameter 

𝑛represents the temporal window length used to capture dependencies in sequential energy 

usage. The superscript 𝑇denotes the vector transposition operation used to construct time-

dependent representations for forecasting inputs. The sequential formulation enables effective 

learning of hidden temporal relationships in dynamic smart grid environments. 

3.2. Data Preprocessing 
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Data preprocessing is an important step in the proposed Advanced Pattern Computation 

framework, as raw energy consumption data from the smart grid may contain missing values, 

noisy observations, feature-scale inconsistencies, and abnormal consumption fluctuations due 

to the use of Smart Meter infrastructure. Such anomalies are harmful to the convergence of 

Reinforcement Learning, stability of forecasting, and efficiency of Metaheuristic Optimization. 

Consequently, data conditioning operations are undertaken to improve data quality, temporal 

consistency and generate meaningful temporal representations to facilitate adaptive energy 

forecasting. The preprocessing stage also minimizes the computational redundancy and 

enhances learning of the obscure temporal relations among the residential and industrial smart 

grid landscape. 

3.2.1 Noise Filtering and Signal Smoothing 

Communication interference, sensor instability and environmental changes are typically 

sources of random fluctuations and transmission disturbances in smart meter measurements. 

The above sounds would interfere with the sequential learning performance and predictability. 

Hence, moving-average smoothing is used to smooth out irregular consumption disturbances 

while retaining important temporal consumption trends. 

𝑥𝑡 =
1

2𝑘+1
∑ 𝑥𝑡+𝑖
𝑘
𝑖=−𝑘     (3) 

In equation 3, 𝑥𝑡denotes the smoothed energy consumption observation corresponding to the 

time interval 𝑡, while 𝑥𝑡+𝑖represents neighboring smart meter measurements surrounding the 

target observation. The parameter 𝑘indicates the smoothing window radius controlling the 

number of adjacent observations involved in filtering operations. The moving-average 

smoothing process reduces short-term fluctuations and improves the consistency of temporal 

forecasts in dynamic smart grid environments. 

3.2.2 Outlier Detection and Removal 

Their readings are not correct because of an erroneous piece of equipment, power failure or 

sudden increase in power consumption which can make a significant difference in prediction 

accuracy and optimisation stability. Thus, observations that are inconsistent with energy use are 

filtered out, and the forecasting distributions are maintained. 

𝑂𝑖 = {𝑥𝑖: ∣
𝑥𝑖−𝜇𝑥

𝜎𝑥
∣> 𝛾}    (4) 

Here, equation 4 𝑂𝑖represents the set of detected outliers corresponding to abnormal smart 

meter observations. The variable 𝑥𝑖denotes the energy consumption value associated with the 

observation index 𝑖, while 𝜇𝑥and 𝜎𝑥represent the mean and standard deviation of the energy 

distribution, respectively. The threshold parameter 𝛾determines abnormality sensitivity for 

identifying inconsistent smart grid measurements. The process improves forecast robustness 

and minimizes optimization instability caused by extreme consumption values. 

3.2.3 Min-Max Feature Normalization 

The fact that the measurement of energy consumption is in voltage, current intensity and active 

power, which have non-homogeneous numerical scales, which damages the stability of adaptive 

learning processes, is a drawback. Consequently, all smart meter capabilities are brought to the 

range [0, 1] through the min-max normalization, therefore, they can be presented as numerical 

inputs to the Reinforcement Learning and Metaheuristic Optimization processes. 

𝑥𝑖
𝑠𝑐𝑎𝑙𝑒𝑑 =

𝑥𝑖−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛+𝜖
    (5) 

In equation 5, 𝑥𝑖
𝑠𝑐𝑎𝑙𝑒𝑑denotes the normalized smart meter feature corresponding to the 

observation index 𝑖, while 𝑥𝑖represents the original energy consumption measurement. The 

parameters 𝑥𝑚𝑖𝑛and 𝑥𝑚𝑎𝑥indicate the minimum and maximum values of the feature 
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distribution, respectively. The constant 𝜖prevents division instability during normalization 

operations. The scaling mechanism ensures balanced feature contributions and improves the 

efficiency of optimization convergence. 

3.3. Feature Extraction 

The feature extraction is an important step in the proposed framework, because the temporal 

hidden dependencies and nonlinear consumption shifts in large volumes of smart meter data 

and adaptive patterns of smart grid behavior are important to intelligent energy forecasting. The 

traditional time-series prediction techniques are not usually capable of reflecting discriminative 

time characteristics in various energy-need situations. Within the context, the suggested 

framework uses the advanced mechanisms of time domain feature extraction to derive 

informative representations of energy consumption to use in Reinforcement Learning and 

Metaheuristic Optimization. 

3.3.1 Temporal Statistical Feature Extraction 

To describe average consumption patterns, time variation and the strength of energy oscillation 

in smart grid settings, statistical measures of energy are obtained. The features have important 

roles in learning dynamic electricity use patterns and load distribution. 

𝑇𝑓 = [𝜇𝐸 , 𝜎𝐸
2, max⁡(𝐸),min⁡(𝐸),

1

𝑁
∑ (

𝑁

𝑖=1
𝐸𝑖 − 𝜇𝐸)

3]   (6) 

In equation 6, 𝑇𝑓denotes the extracted temporal statistical feature vector derived from smart 

grid energy observations. The parameter 𝜇𝐸represents the mean energy consumption, while 

𝜎𝐸
2corresponds to the variance associated with the intensity of energy fluctuations. The 

functions max⁡(𝐸)and min⁡(𝐸)indicate maximum and minimum energy demand values, 

respectively. The last term calculates higher-order skewness of time to determine asymmetric 

distributions of energy consumption in smart grid settings. 

3.3.2 Sequential Temporal Dependency Extraction 

Smart grid energy forecasting depends heavily on identifying hidden sequential dependencies 

between historical and future energy usage patterns. Therefore, temporal correlation analysis is 

performed to extract relationships in adaptive consumption transitions from smart meter 

sequences. 

𝑅(𝜏) =
∑ (

𝑁−𝜏

𝑡=1
𝐸𝑡−𝜇𝐸)(𝐸𝑡+𝜏−𝜇𝐸)

∑ (
𝑁

𝑡=1
𝐸𝑡−𝜇𝐸)2

   (7) 

Here, equation 7 𝑅(𝜏)denotes temporal autocorrelation corresponding to lag interval 𝜏, while 

𝐸𝑡and 𝐸𝑡+𝜏represent energy consumption observations recorded across different forecasting 

intervals. The parameter 𝜇𝐸indicates average energy demand, and 𝑁denotes the total number 

of sequential observations. The correlation mechanism captures hidden temporal relationships 

and adaptive transitions in smart grid usage. 

3.4 Reinforcement Learning-Based Pattern Learning 

The proposed Advanced Pattern Computation framework is also important because the way a 

smart grid consumes energy is continuously changing in response to dynamic residential 

activities, industrial operations, environmental changes, and fluctuations in electricity demand. 

Existing forecasting approaches cannot adaptively learn sequential energy transitions and 

hidden behavioural dependencies from continually evolving smart meter data. Hence, the 

proposed framework encompasses Reinforcement Learning, which dynamically interacts with 

the smart grid environment, learns adaptive forecasting policies, and optimizes sequential 

energy forecasting performance through continuous state-action-reward learning mechanisms. 

3.4.1 Reinforcement Learning State Transition Modeling 
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The proposed framework constructs dynamic state transitions that represent sequential smart-

grid energy consumption behavior across multiple forecasting intervals. Each state preserves 

historical energy patterns and adaptive load variations necessary for intelligent policy 

optimization. 

𝑆𝑡+1 = Ψ(𝑆𝑡 , 𝐴𝑡 , 𝐸𝑡, 𝑅𝑡) = 𝑆𝑡 + 𝜂(𝐴𝑡 ⋅ 𝐸𝑡) + 𝛾𝑅𝑡  (8) 

In equation 8, 𝑆𝑡and 𝑆𝑡+1denote the current and next Reinforcement Learning states 

corresponding to forecasting intervals 𝑡and 𝑡 + 1respectively. The variable 𝐴𝑡represents the 

forecasting action selected by the learning agent, while 𝐸𝑡denotes energy consumption 

observations obtained from smart-meter infrastructure. The parameter 𝑅𝑡indicates reward 

feedback associated with forecasting accuracy. Furthermore, 𝜂represents adaptive learning 

sensitivity controlling state transition magnitude, whereas 𝛾denotes the reward discount factor 

responsible for future forecasting optimization. The transformation function Ψ(⋅)⁡models 

adaptive sequential energy behavior learning within smart grid environments. 

3.4.2 Reward Function Optimization 

The forecasting agent continuously receives reward signals based on prediction accuracy and 

forecasting stability. Reward optimization encourages the learning framework to minimize 

forecasting error and improve the efficiency of adaptive smart grid prediction. 

𝑅𝑡 = − [𝛼(𝐸𝑡−𝐸̂𝑡)
2
+𝛽 ∣ 𝐿𝑡

𝑝𝑒𝑎𝑘
− 𝐿̂𝑡

𝑝𝑒𝑎𝑘
∣ +𝛿𝐶𝑡

𝑐𝑜𝑚𝑝
]   (9) 

Here, equation 9 𝑅𝑡denotes the reward value generated during the forecasting interval 𝑡. The 

variables 𝐸𝑡and 𝐸̂𝑡represent actual and predicted energy consumption, respectively. The 

parameters 𝐿𝑡
𝑝𝑒𝑎𝑘

and 𝐿̂𝑡
𝑝𝑒𝑎𝑘

correspond to actual and estimated peak load demand values. The 

term 𝐶𝑡
𝑐𝑜𝑚𝑝

denotes computational complexity associated with forecasting operations. The 

coefficients 𝛼, 𝛽, and 𝛿control forecasting error sensitivity, load balancing accuracy, and 

computational overhead penalty, respectively. The reward mechanism improves forecasting 

reliability and the efficiency of adaptive policy learning. 

3.5. Metaheuristic Optimization Module 

The Metaheuristic Optimization Module is integrated into the proposed framework to enhance 

forecast accuracy by selecting intelligent features and tuning optimal parameters. Smart grid 

energy datasets contain numerous energy consumption attributes which are multivariate, and 

some of them might be redundant or computationally inefficient. Conventional methods of 

optimization can easily fall into local minimum and even fail to scale up in dynamic forecasting. 

In this way, Metaheuristic Optimization algorithms are used to identify the optimal feature 

subsets and parameter tuning of the forecasting in an effective way, reducing the computational 

load. 

It iteratively searches the global space of optimization features, which are the ones contributing 

to the best forecasting accuracy and stability of the learning process, and it selects them. The 

hidden temporal relationship extraction process is improved, and intelligent forecasting 

capability is enhanced across different smart grid conditions. 

3.5.1 Feature Selection Optimization 

The optimization algorithm identifies relevant smart grid features by maximizing forecasting 

performance while reducing redundant energy consumption attributes. 

𝐹𝑜𝑝𝑡 = arg⁡max⁡𝐹𝑖⊆𝐹[𝜆1𝐴𝑐𝑐(𝐹𝑖) + 𝜆2𝑅𝑒𝑙(𝐹𝑖) − 𝜆3𝐶𝑜𝑚𝑝(𝐹𝑖)]  (10) 

In equation 10, 𝐹𝑜𝑝𝑡denotes the optimal forecasting feature subset selected from the complete 

smart grid feature space 𝐹. The term 𝐴𝑐𝑐(𝐹𝑖)represents forecasting accuracy generated using 

the candidate feature subset 𝐹𝑖, while 𝑅𝑒𝑙(𝐹𝑖)denotes feature relevance associated with 
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temporal energy dependency learning. The parameter 𝐶𝑜𝑚𝑝(𝐹𝑖)corresponds to the 

computational complexity produced by the selected feature subset. The coefficients 𝜆1, 𝜆2, and 

𝜆3control optimization priority associated with forecasting accuracy, feature relevance, and 

computational reduction, respectively. 

3.5.2 Adaptive Parameter Optimization 

The proposed framework further dynamically optimizes forecasting parameters to improve 

convergence speed and forecasting stability in changing smart grid environments. 

Θ∗ = Θ𝑡 +𝜔1∇𝐽(Θ𝑡) + 𝜔2Δ𝑃𝑡 − 𝜔3𝐶𝑡
𝑙𝑜𝑠𝑠  (11) 

Here, Θ∗denotes the optimized forecasting parameter configuration generated during iterative 

optimization. The variable Θ𝑡represents current forecasting parameters, while ∇𝐽(Θ𝑡)denotes 

forecasting objective gradient associated with prediction improvement. The parameter 

Δ𝑃𝑡indicates adaptive parameter adjustment generated from optimization exploration. 

Furthermore, 𝐶𝑡
𝑙𝑜𝑠𝑠corresponds to forecasting loss value, whereas 𝜔1, 𝜔2, and 𝜔3represent 

optimization control coefficients responsible for convergence stability and adaptive learning 

efficiency. 

Algorithm 1: Reinforcement Metaheuristic Smart Grid Forecasting 

1: Initialize Q, α, γ, ϵ 
2: Initialize P, Imax, fbest 
3: Load D 

4: D ← Preprocess(D) 
5: D ← Normalize(D) 
6: F ← ExtractFeatures(D) 
7: S ← GenerateStates(F) 
8: A ← DefineActions() 
9: Initialize E 

10: for i = 1to Imaxdo 

11: Fi ← OptimizeFeatures(D) 
12: θi ← OptimizeParameters(Fi) 
13: for e = 1to Emaxdo 

14: st ← CurrentState(S) 
15: at ← SelectAction(st) 
16: (rt, st+1) ← Execute(at) 
17: Q(st, at) ← Q(st, at) + α[rt + γmax⁡ Q(st+1, a) − Q(st, at)] 
18: UpdateQ 

19: end for 

20: Ypred ← Forecast(Q, θi) 

21: L ← Loss(Ytrue, Ypred) 

22: if L < Lbestthen 

23: Lbest ← L 

24: fbest ← Fi 
25: end if 

26: end for 

27: return 𝑌𝑝𝑟𝑒𝑑 

 

3.6. Advanced Pattern Computation Model 

The Advanced Pattern Computation Model learns patterns sequentially from a large energy 

dataset using Reinforcement Learning, then refines them through Metaheuristic Optimization. 

The model reflects the hidden nonlinear energy transitions, adaptive load variations and long-
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term temporal dependencies of smart grid energy consumption sequences. The proposed model 

dynamically adjusts its forecasting representations over time as energy usage behavior and 

environmental conditions change. 

The integrated framework could be realized through three aspects: adaptive state learning, 

optimization of forecasting parameters, and extraction of hidden temporal relationships, thereby 

enhancing prediction reliability and stabilizing the smart grid. The model efficiently captures 

the dynamic evolution of energy consumption in smart grid systems for residential and 

industrial use. 

3.6.1 Hidden Temporal Pattern Computation 

The proposed forecasting model learns hidden nonlinear relationships in energy consumption 

from optimized temporal forecasting representations. 

𝐻𝑡 = 𝜎(𝑊ℎΦ𝑡+𝑈ℎ𝐻𝑡−1+𝐵ℎ) + 𝜌(𝑇𝑡
𝑑𝑦𝑛

)  (12) 

In the equation, 𝐻𝑡denotes a hidden temporal forecasting representation corresponding to the 

forecasting interval 𝑡. The variable Φ𝑡represents optimized, adaptive feature vectors generated 

by the Reinforcement Learning and Metaheuristic Optimization modules. The matrices 𝑊ℎand 

𝑈ℎdenote feature transformation and temporal dependency weight matrices, respectively, while 

𝐵ℎrepresents forecasting bias parameters. The nonlinear activation function 𝜎(⋅)improves 

adaptive hidden representation learning, whereas 𝜌(𝑇𝑡
𝑑𝑦𝑛

)models the dynamic temporal 

transition behavior of a smart grid across varying energy consumption conditions. 

3.7. Energy Consumption Forecasting 

In the Energy Consumption Forecasting stage, optimized temporal energy representations and 

adaptive forecasting policies are used to produce predictions of the smart grid's electricity 

consumption. Accurate forecasting enables intelligent load balancing, power scheduling, 

sustainable distribution of energy resources, and improved stability of the smart grid under 

different operating conditions. 

The proposed framework seeks to forecast future energy consumption by analyzing the 

transition sequence of energy consumption, the historical dependency of the load, and 

optimized forecasting parameters extracted during the previous learning stage. 

3.7.1 Adaptive Energy Forecast Generation 

The proposed framework computes future smart-grid energy demand using optimized hidden-

state forecasting representations and adaptive policy-learning mechanisms. 

𝐸̂𝑡+1 = 𝜑(𝐻𝑡
, Θ∗, 𝐿𝑡

ℎ𝑖𝑠𝑡 , 𝐷𝑡
𝑒𝑛𝑣) + 𝜖𝑡   (13) 

Here, equation 13 𝐸̂𝑡+1denotes predicted future energy consumption corresponding to the 

forecasting interval 𝑡 + 1. The variable 𝐻𝑡represents a hidden temporal forecasting 

representation generated by the Advanced Pattern Computation model. The optimized 

forecasting parameter set is represented by Θ∗, while 𝐿𝑡
ℎ𝑖𝑠𝑡denotes historical smart grid load 

patterns. The parameter 𝐷𝑡
𝑒𝑛𝑣corresponds to environmental operating conditions that affect 

energy demand behavior. The function 𝜑(⋅)models adaptive forecasting computation, whereas 

𝜖𝑡represents stochastic forecasting uncertainty. 

3.8 Performance Evaluation 

Performance evaluation is performed to examine the accuracy of forecasting, adaptive learning 

ability, optimization efficiency and computational stability of the proposed framework under 

different smart grid conditions. Various forecasting indicators are used to assess forecast 

reliability and the performance of intelligent energy management. 
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A dataset of public electricity consumption measurements from residential and industrial box-

office buildings is used to validate the proposed model against existing machine learning and 

deep learning forecasting models. 

3.8.1 Forecasting Accuracy Evaluation 

Forecasting accuracy measures the proposed framework's ability to accurately estimate future 

smart grid energy demand under dynamic operational conditions. 

𝐴𝑐𝑐 =
1

𝑁
∑ (1−

∣𝐸𝑖−𝐸̂𝑖∣

𝐸𝑖+𝜖
)

𝑁

𝑖=1
   (14) 

In equation 14, 𝐴𝑐𝑐denotes the overall forecasting accuracy (%) achieved by the proposed 

framework. The variables 𝐸𝑖and 𝐸̂𝑖represent actual and predicted energy consumption 

observations, respectively. The parameter 𝑁corresponds to the total number of forecasting 

samples considered during evaluation, while 𝜖prevents numerical instability during division 

operations. The metric evaluates prediction reliability and forecasting precision across smart 

grid energy management environments. 

4. Results and Discussion 
 

The iteration-based performance analysis in Table 1 shows the sequential improvement of the 

proposed Advanced Pattern Computation framework while forecasting the energy consumption 

of the smart grid network. At 10 iterations, the model reached 72.18% accuracy, which was low. 

The model had a relatively high loss of 0.482 because the Reinforcement Learning agent was 

still in an early learning phase and was not yet capable of discovering the hidden temporal 

relationships in the smart meter data. As the model was executed more and more times, it learnt 

more adaptive energy-consumption behaviors and sequential load-transition patterns from 

records of residential and industrial electricity consumption. The accuracy, precision, recall, 

and F1-score values improved significantly with effective extraction of temporal forecasting 

features and optimization of forecasting parameters using the Metaheuristic Optimization 

module over 20-40 iterations. 

Table 1: Iterative Forecasting Performance Analysis 

Iteration Accuracy (%) Precision (%) Recall (%) F1-Score (%) Loss 

10 72.18 70.42 69.85 70.13 0.482 

20 79.64 78.95 78.14 78.54 0.396 

30 84.32 83.76 83.15 83.45 0.318 

40 88.47 87.92 87.36 87.64 0.246 

50 91.58 91.04 90.62 90.83 0.188 

  

Additionally, the lower loss values (0.396 to 0.246) indicate improved convergence stability 

and lower prediction error during the adaptive process. The proposed framework achieved 

91.58% accuracy, 91.04% precision, 90.62% recall, and 90.83% F1-score on the last iteration 

(50th iteration), with a minimum loss of 0.188. The continuous performance optimization 

indicates the effective adjustment of the Reinforcement Learning and Metaheuristic 

Optimization to enhance the forecasting accuracy, the system learning abilities, the capacity to 

uncover the concealed temporal relationships, and smart grid energy control performance in 

various operating environments. 
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Fig 2: Adaptive SMAPE Stability Analysis Graph 

Figure 2 illustrates the performance of the proposed Symmetric Mean Absolute % Error 

(SMAPE) of the proposed Advanced Pattern Computation framework in different training 

iterations in smart grid energy consumption forecasting. As shown in the picture on the left, 

Adaptive SMAPE Trend Learning, the error in the forecast decreases with the number of 

iterations, between10 and 50. First, the SMAPE value at the beginning of the Reinforcement 

Learning does not decrease to less than 2%, suggesting that the forecasting deviation is higher 

at the beginning of the learning process. The forecasting model is effective in describing the 

time dependence between the energy consumption and how the energy loads adjust as the 

iterative learning advances leading to a progressive reduction in forecasting error. The results 

showed stable convergence and improved consistency of the forecasts, as can be seen by the 

smooth nonlinear trend curve and the shaded region of the density, which depicts stability of 

convergence and consistent forecasting outcomes of the parameters by the use of the 

Metaheuristic Optimization-based refinement of parameters. The visualization on the right, 

labeled “SMAPE Distribution Stability,” shows the distribution of forecast errors. The more the 

number of iterations, the less the spread of the forecasts and the error distribution seems to be 

more compact, which is more stable, and the variability of the forecasts is lesser. The error 

distribution is very concentrated at the 50 iterations mark which means there is great error 

convergence and a consistent adaptive forecasting behavior. The general graph shows that the 

suggested framework is effective in minimizing the forecasting error, making forecasting more 

stable, and increasing the performance of intelligent smart grid energy management in the 

conditions of dynamic operation. 

The given graph, Figure 3, displays the overall forecasting performance analysis of the 

suggested Advanced Pattern Computation framework of smart grid energy consumption 

prediction. The initial subplot, SMAPE Error Density Distribution, displays the distribution of 

Symmetric Mean Absolute Percentage (SMAPE) errors in the forecasts and reveals that the 

errors are mainly concentrated within a small range, which indicates that the forecasting 

behavior is stable and reliable. The second subplot, "Adaptive Forecasting Trend Evolution", 

shows the evolution of accuracy and F1-score as more training iterations are performed. The 

nonlinear growth behavior which is not smooth also fits the picture of the Reinforcement 

Learning mechanism of learning sequential patterns in the energy consumption and the 

unobservable temporal relationships in the smart meter data. 
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Fig 3: Advanced Smart Grid Forecasting Analysis 

The third subplot, Forecasting Metric Distribution Analysis, measures of metrics like accuracy, 

precision, recall, and F1-score. This implies that performance in terms of optimization is 

predictable and the outlier forecasts variability is not high since the interquartile ranges are not 

very big. The final subplot, which is the accuracy vs Precision Correlation, shows that there is 

a positive correlation between accuracy and precision that shows that the proposed forecasting 

framework is consistent and reliable in its various operating conditions in the smart grid. In 

general, the graph shows that the reinforcement learning, combined with Metaheuristic 

Optimization can substantially improve the adaptive forecasting ability, minimize prediction 

errors, maintain a steady convergence, and support intelligent energy management in smart grid 

settings that are dynamic. 

Table 2 contrasts the accuracy, precision, recall, F1 score, and loss of different forecasting 

models in forecasting energy consumption in smart grids. The conventional Support Vector 

Machine model was found not to perform well and had increased loss, indicating that it was not 

as effective in capturing the complex energy consumption patterns. The LSTM model was more 

accurate in forecasting since it had the ability to capture the time-varying correlations in the 

energy data. CNN-LSTM Hybrid Model has been developed to enhance the performance of 

prediction by coming up with a combination of spatial and sequential features. The proposed 

APC-RLMO model, however, with the lowest Loss Value (0.048) had the highest reliability of 

forecasting, optimization of feature learning and higher intelligent management of energy in 

the smart grid network with Accuracy (98.36%), Precision (97.82), Recall (97.44) and F1-Score 

(97.63). 

Table 2: Smart Grid Forecasting Performance Comparison 

Model 
Accuracy 

(%) 

Precision 

(%) 
Recall (%) 

F1-Score 

(%) 
Loss Value 
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Support Vector Machine 

(SVM) 
72.24 65.68 64.92 75.30 0.284 

Long Short-Term 

Memory (LSTM) 
81.47 78.84 70.26 80.55 0.176 

CNN-LSTM Hybrid 

Model 
90.18 84.72 88.15 94.43 0.096 

Proposed APC-RLMO 

Model 
98.36 97.82 97.44 97.63 0.048 

 

The advanced SMAPE-based performance analysis of the proposed smart grid APC-RLMO 

framework for energy consumption prediction is presented in the following figure from 

multiple evaluation perspectives. The first subplot, “SMAPE Error Density Distribution”, 

shows the distribution of Symmetric Mean Absolute % Error (SMAPE) values across the 

various forecasting models as a probability density function. A smooth density curve suggests 

that the forecasting errors fall within a consistent range, which means that the forecasting 

deviations are less than  

 

Fig 4: Advanced SMAPE-Based Forecasting Performance Analysis 

usual, and the consistency of forecasting is good. The second subplot, “Accuracy-Precision 

Hexagonal Mapping”, visualizes the relationship between accuracy and precision values, and 

the proposed APC-RLMO model is positioned in the highest-performance region, 

demonstrating better forecasting capability than SVM, LSTM, and CNN-LSTM models. The 

third subplot, “Forecasting Metric Stability Distribution,” displays violin plots of the 

distributions of the metrics for accuracy, precision, recall, and F1-score, showing metrics with 

stable forecasting behavior, low distributional variation, and low uncertainty. The last subplot, 

“Adaptive Forecasting Response Surface”, shows nonlinear forecasting behavior via a contour-
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based response surface, with higher accuracy and recall indicating better adaptive forecasting 

performance. It is clear that the forecasting zone of the APC-RLMO lies within the optimal 

forecasting zone, indicating that it has learned the hidden temporal relationship efficiently, 

optimized adaptive optimization, and achieved better energy consumption forecasting 

performance. In general, the graph confirms that the use of Reinforcement Learning and 

Metaheuristic Optimization has a significant positive effect on the reliability of the forecasting 

process, reduces SMAP error, stabilizes convergence, and enables intelligent management of 

smart grid energy resources under dynamic operational conditions. 

Figure 5 shows that, using the Symmetric Mean Absolute (%) Error (SMAPE) for comparison, 

various forecasting models have different probability density distributions for the smart grid 

energy consumption prediction. The probability density curves show the forecasting error 

behavior of Support Vector Machine (SVM), Long Short-Term Memory (LSTM), CNN-LSTM 

Hybrid Model and the proposed APC-RLMO framework. The SMAPE range for the SVM 

model is the largest, at near 16%, implying greater forecast deviation and, correspondingly, 

lower stability in the smart grid forecast. 

 

Fig 5: SMAPE Probability Density Distribution Analysis 

5. Conclusion 
 

To forecast energy consumption in smart grid networks, the research proposed an Advanced 

Pattern Computation framework based on Reinforcement Learning and Metaheuristic 

Optimization. The proposed framework effectively overcame significant drawbacks of existing 

forecasting systems, such as low prediction accuracy, poor adaptability, inefficient feature 

extraction, and high computational complexity. The model was trained by dynamic, sequential 

energy usage trends on smart meter data through Reinforcement Learning and could predict 

energy usage in different environments of the smart grid in an adaptive manner. Moreover, 

Metaheuristic Optimization was used to enhance the selection of features and optimization of 

forecasting parameters, reducing unnecessary information and enhancing the efficiency of 

computations. The suggested framework could effectively model the unknown temporal 
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relationships and nonlinear energy consumption relationships across the residential and 

industrial scenarios of energy usage. The experimental results of publicly available smart grid 

datasets revealed that it attained the largest forecasting accuracy of 98.36, the largest precision 

of 97.82, the largest recall of 97.44, the largest F1-score of 97.63 and the lowest loss score of 

0.048. The results confirm the soundness, dependability, and effectiveness of the proposed 

forecasting framework in convergence, relative to conventional machine learning as well as 

statistical forecasting methods. 

REFERENCES  (APA FORMAT) 

[1]. Rajaperumal, T. A., & Columbus, C. C. (2025). Transforming the electrical grid: the role of AI in 

advancing smart, sustainable, and secure energy systems. Energy Informatics, 8(1), 51. 

[2]. Ethirajan, V., & Mangaiyarkarasi, S. P. (2025). An in-depth survey of latest progress in smart grids: 

paving the way for a sustainable future through renewable energy resources. Journal of Electrical 

Systems and Information Technology, 12(1), 9. 

[3]. Olawumi, M. A., & Oladapo, B. I. (2025). Enhancing grid stability with machine learning: A smart 

predictive approach to residential energy management. Energy and Buildings, 338, 115729. 

[4]. Gil-Gamboa, A., Torres, J. F., Martínez-Álvarez, F., & Troncoso, A. (2025). Energy-efficient transfer 

learning for water consumption forecasting. Sustainable Computing: Informatics and Systems, 46, 

101130. 

[5]. Elhajj, M., Attar, A. E., & Mikati, A. (2025). Integrating IoT and blockchain for smart urban energy 

management: enhancing sustainability through real-time monitoring and optimization. Cluster 

Computing, 28(15), 960. 

[6]. Chandrasekaran, R., & Paramasivan, S. K. (2025). Advances in deep learning techniques for short-term 

energy load forecasting applications: A review. Archives of Computational Methods in 

Engineering, 32(2), 663-692. 

[7]. Mbasso, W. F., Farh, H. M. H., Harrison, A., & Al-Shamma’a, A. A. (2025). Strategic renewable energy 

forecasting and monthly disaggregation in data-scarce regions: a cross-continental SARIMA-based 

framework for policy planning. Stochastic Environmental Research and Risk Assessment, 39(12), 6075-

6108. 

[8]. Aslam, S., Aung, P. P., Rafsanjani, A. S., & Majeed, A. P. A. (2025). Machine learning applications in 

energy systems: current trends, challenges, and research directions. Energy Informatics, 8(1), 62. 

[9]. Azeem, A., Ismail, I., Mohani, S. S., Danyaro, K. U., Hussain, U., Shabbir, S., & Jusoh, R. Z. B. (2025). 

Mitigating concept drift challenges in evolving smart grids: An adaptive ensemble LSTM for enhanced 

load forecasting. Energy Reports, 13, 1369-1383. 

[10]. Parvathareddy, S., Yahya, A., Amuhaya, L., Samikannu, R., & Suglo, R. S. (2025). A hybrid machine 

learning and optimization framework for energy forecasting and management. Results in 

Engineering, 26, 105425. 

[11]. Salakapuri, R., & Pavankumar, T. (2025). A meta-learning framework with temporal feature integration 

for electricity load forecasting. Energy Informatics, 8(1), 112. 

[12]. Malik, S., Malik, S., Singh, I., Gupta, H. V., Prakash, S., Jain, R., ... & Hu, Y. C. (2025). Deep learning 

based predictive analysis of energy consumption for smart homes. Multimedia Tools and 

Applications, 84(12), 10665-10686. 

[13]. Kiran, P., & Menon, A. S. (2026). A hybrid PPO–PSO reinforcement learning framework for adaptive 

demand-side energy management. Discover Artificial Intelligence. 

[14]. Mustaffa, Z., & Sulaiman, M. H. (2025). Advanced forecasting of building energy loads with XGBoost 

and metaheuristic algorithms integration. Energy Storage and Saving. 

[15]. Bui, V. H., Mohammadi, S., Das, S., Hussain, A., Hollweg, G. V., & Su, W. (2025). A critical review 

of safe reinforcement learning strategies in power and energy systems. Engineering Applications of 

Artificial Intelligence, 143, 110091. 

[16]. Dai, X., Chen, R., Guan, S., Li, W. T., & Yuen, C. (2025, August). BuildingGym: An open-source 

toolbox for AI-based building energy management using reinforcement learning. In Building 

Simulation (Vol. 18, No. 8, pp. 1909-1927). Beijing: Tsinghua University Press. 

[17]. Bacanin, N., Jovanovic, L., Ivanovic, S., Zivkovic, M., Andjelic, S., Zeljkovic, V., & Mihajlovic, M. 

(2025, January). Photovoltaic Farm Production Forecasting by Modified Metaheuristic-Optimized Gated 

Recurrent Units Networks. In International Conference on Artificial Intelligence and Smart Energy (pp. 

78-89). Cham: Springer Nature Switzerland. 

[18]. Jasmine, J., Germin Nisha, M., & Prasad, R. (2025). Enhancing smart grid reliability with advanced 

load forecasting using deep learning. Electrical Engineering, 107(6), 7437-7455. 

https://doi.org/10.70023/piqm317


Advanced Pattern Computation Using Reinforcement Learning and Metaheuristic Optimization for Energy 
Consumption Forecasting in Smart Grid Networks    
https://doi.org/10.70023/piqm317  Yousif Al Suwaidi 

136 
Vol.No : 03 Issue No : 01 JAN 2026 

[19]. Gomez, W., Wang, F. K., & Sheu, S. H. (2025). Short-term smart grid energy forecasting using a hybrid 

deep learning method on univariate and multivariate data sets. Energy, 138081. 

[20]. Pathak, P. K., Yadav, A. K., Abbassi, R., & Mirjalili, S. (2026). Metaheuristics-Driven Smart Grid for 

Economic Dispatch and Optimal Power Flow Solutions: A Critical Review: PK Pathak et al. Archives 

of Computational Methods in Engineering, 33(1), 917-961. 

[21]. B. S. U. T., (2025). Optimizing Energy Consumption in Smart Buildings through Big Data and Machine 

Learning. BigDataStream Mining (BDSM), 1(1), 48-63.  

[22]. E. Y. A. H. Mariam, (2025). Pattern Mining in Smart Grid Energy Data Using Enhanced Binary Firefly 

Optimization. PatternIQ Mining (PIQM), 2(3), 13-26.  

 

https://doi.org/10.70023/piqm317

