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Abstract

With population growth and technological advancements, electricity demand in residential buildings has increased sharply. Accurate energy consumption forecasting enables building owners and operators to understand and predict the energy usage patterns of their buildings. However, the prevailing forecasting techniques have certain limitations that must be addressed for improved energy optimization. To address these concerns, this paper proposes a novel three-stage energy optimization framework for individual home appliances. In the first stage, season-wise cluster analysis is performed using a hierarchical clustering algorithm. In the second stage, an adaptive Long Short-Term Memory (LSTM) model is developed to estimate the electricity consumption of home appliances. Next stage integrates Particle Swarm Optimization (PSO) for hyperparameter tuning of the LSTM model to improve prediction accuracy. Then, the hybrid PSO-LSTM technique has been rigorously evaluated using a benchmark dataset on energy consumption of individual home appliances. Comparative analysis with previous state-of-the-art prediction models reveals the superiority of the proposed work. Integration of clustering, deep learning, and optimization offers a practical solution for smart energy management. The extracted insights show that the proposed approach leads to sustainable, efficient, and user-aware energy practices in households.
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1 Introduction
Electricity demand is rapidly growing in different sectors, namely residential and commercial buildings, industry, transport, and agriculture. According to reports from the International Energy Agency (IEA) [1], energy consumption in residential buildings has largely increased. The primary contributors to rising electricity consumption in the residential sector are the rising population and the availability of domestic appliances at nominal prices. Energy consumption and generation must be aligned, as they cannot be stored or transported. Technological advancements have adopted the IoT paradigm in buildings for energy management. IoT devices, including smart meters and sensors, are generating large time-series data that are useful for demand-side energy estimates. The increased energy consumption motivated the researchers to develop strategies for energy prediction and optimization. Precise estimates are beneficial for electricity suppliers, utility companies, and consumers [2, 3]. Therefore, overestimation can lead to monetary losses, and underestimates may result in a shortage of power [4]. There are various factors, namely, the number of occupants, outdoor temperature, humidity, building design parameters, and usage behavior, influence the electricity consumption prediction performance [5].
Machine learning, as well as deep learning-based prediction models, have been developed to estimate the energy demand of residential buildings [6, 7]. Deep learning models performed excellently and achieved high accuracy, as these models can better handle non-linear data [8, 9], in comparison to classical models. Indeed, the performance of deep learning models is affected by certain hyperparameter values [10]. To deal with hyperparameter selection, various optimization approaches are available that make the hyperparameter selection automatic [11]. It will reduce the error rate while improving the prediction accuracy of deep learning models. The hyperparameter selection techniques, such as grid search, swarm intelligence, and evolutionary algorithm, are utilized by several authors for optimizing the performance. As a result, the optimization approaches improved accuracy, but there is still a scope for improvement, and the existing energy prediction techniques are underperforming heterogeneous home appliances due to varying consumption patterns and operational features. In this paper, a hybrid electricity forecasting approach has been implemented by integrating an LSTM model and a PSO approach. The PSO is employed to optimize the model’s hyperparameters (neuron units, learning rate, and batch size) to improve the model’s accuracy and convergence. Further, this combined energy prediction and optimization approach has been applied to make predictions using the energy consumption dataset of home appliances. The results analysis shows that the proposed PSO-LSTM-based prediction approach reduced the prediction error in comparison to existing prediction models. The proposed approach can potentially provide consumers with awareness and understanding of their usage patterns of home appliances. The research contributions of this paper are mentioned as follows.
1.1 Motivation and our novel contributions

	
The fluctuating climatic conditions highly impact the energy utilization of a particular set of home appliances [12, 13]. The proposed work performs cluster analysis based on the whole-year weather conditions using the Agglomerative Hierarchical Clustering (AHC) algorithm.



	
A LSTM model has been trained and tested on heterogeneous home appliances by incorporating the usage patterns to improve the prediction performance [9].



	
To handle dissimilarities of electricity-driven appliances, an LSTM model is built separately based on optimized hyperparameters [5]. The hyperparameters, namely, time_step, neuron_units, and batch_size, are optimized using a Particle Swarm Optimization (PSO) approach.



	
The performance of the hybrid PSO-LSTM approach has been verified on a benchmark dataset of individual home appliances and compared with state-of-the-art works.




This paper follows the structure: Section 2 discusses the related literature in the field of prediction and optimization, followed by the material and methods section. Further, Section 3 elaborates on the methodology of the proposed work, and experimental results are discussed in Section 4. Finally, Section 5 concludes the proposed hybrid PSO-LSTM approach.
2 Related work
The literature survey elaborates on the existing research papers on machine learning and deep learning-based prediction approaches. The popular prediction models developed by several authors are Random Forest (RF), Support Vector Regression (SVR), ensemble models, and neural network models [13, 14]. The household appliances have been categorized by many authors using clustering algorithms [15, 16] to fetch day-wise energy consumption patterns. Satre-Meloy et al. [17] have developed a clustering-based demand forecasting approach to extract peak demand hours using k-means and hierarchical clustering. Abera and Khedkar [18] proposed an ensemble XGBoost model to classify and predict peak energy demand of residential buildings. Petsis et al. [19] developed an Ensemble prediction model using RF and SVM for estimating the indoor temperature of smart homes. Wang et al. [20] proposed an edge computing-based energy management framework for residential buildings. The indoor temperature is being controlled by an automatic learning algorithm. Piscitelli et al. [21] applied ANN and RT models to estimate the energy consumption patterns on University campuses. The authors have detected abnormal patterns of energy consumption; the performance was verified using a benchmark dataset.
Ngo et al. [22] developed prediction models using an ensemble model for non-residential buildings future energy demand. Authors applied ANN, SVR, and M5Rules models and found that the ensemble approach outperformed and accurately predicted energy demand. Khan et al. [3] developed a short-term energy prediction and optimization approach. Authors have used LSTM and Gated Recurrent Unit (GRU) for predictive analytics and also applied K-means clustering to arrange apartment-wise consumption patterns. The proposed work successfully achieved a small error rate; in the future, this approach can be implemented and extended onto large datasets. Similarly, Kim and Cho [23] proposed CNN-LSTM and autoencoder-based energy prediction models for residential buildings. Theogene Bimenyimana [24] proposed a load forecasting architecture using RF and LSTM models for the residential sector using weather information. The experimentation was performed using the AMPds dataset.
Ilbeigi et al. [25] developed an energy prediction and optimization technique based on NN and GA for office buildings. The objective function is taken as energy consumption, which was optimized using GA. The proposed approach has reduced the average energy consumption by 35% on the simulated dataset of EnergyPlus and the Grasshopper tool. Another optimization approach based on the adaptive Grey Wolf Optimization (GWO) algorithm was proposed by Li et al. [26] to predict indoor temperature level of residential buildings and energy consumption. Later, Wang et al. [27] developed a load forecasting approach using GRU for smart appliances in households. The prediction accuracy of the proposed framework has been assessed using benchmark datasets, namely, AMPds, UKDALE, and DRED. Besides, Sauer et al. [28] combined Jaya optimizer with eXtreme Gradient Boosting (XGBoost) to estimate the energy demand of residential buildings.
The summary of existing prediction models is extracted and specified in Table 1. It has been analyzed that energy prediction models deployed in residential and other buildings are based on machine learning and deep learning techniques. Few authors have applied weather clustering by considering smart home appliances. The performance has been evaluated using benchmark, simulated, or real-time energy consumption datasets. As per the literature review, some research works are integrating weather clusters to extract seasonal patterns in energy consumption for smart homes.
Table 1 
Summary of energy consumption prediction and optimization models developed in the literature in comparison to the proposed work.


2.1 Research gaps
The following research gaps have been found during the literature review:
	
Several authors have predicted the whole building’s energy consumption instead of considering the individual home appliances [37, 39]. It may not provide granular details related to household energy consumption patterns. The energy usage of specific home appliances is influenced by weather conditions [9, 38], and few authors have considered changing weather conditions when predicting the energy demand of home appliances.



	
Few authors have associated weather conditions with whole building energy consumption [40]. However, the energy consumption of home appliances is not clustered according to the different seasons of the year.



	
Some authors have utilized neural network-based models for energy prediction of residential buildings [41], but clustering algorithms need to be integrated with prediction models.





3 Techniques used
In this paper, a hybrid prediction approach is proposed, considering the weather conditions throughout the year using clustering and regression analysis. An optimization technique known as particle swarm optimization is adopted for hyperparameter selection of a deep learning model. The methods and techniques used in this paper are discussed subsequently.
3.1 Agglomerative Hierarchical Clustering (AHC)
An unsupervised learning technique, clustering is useful to group or segregate the dataset into homogeneous subsets based on a similarity index. It provides a deeper understanding of unknown patterns in the dataset. There exist various clustering algorithms, such as k-means, DBSCAN, hierarchical, etc., that extract similar clusters based on similarity measures or apply some grouping criteria. But k-means depends on the prior information about the number of clusters, and DBSCAN depends on sensitive density parameters; in contrast, hierarchical clustering is a non-parametric technique that searches naturally occurring seasonal clusters in time-series data. The dendrogram offers cluster selection, showing the number of clusters at various levels, capturing subtle changes in seasonal appliance usage.
This research work applied an agglomerative hierarchical clustering approach. In this method, each data point is considered as a single cluster, and the model keeps identifying the remaining data points and adds them to the appropriate cluster based upon the distance between the data points [17]. The distance measure and linkage method used in this paper are discussed below.
	
For time-series data, the famous distance measure known as dynamic time warping (DTW) is used. It calculates the distance more accurately compared to the Euclidean distance method, as data is arranged in a time-sequential order [42]. DTW computes the distance between data points and selects the data points with the shortest distance.



	
The similarity between different clusters is found using Ward’s linkage criterion method. Based upon this, the similar data points are added to the same cluster [13]. The Ward’s method is useful to avoid large cluster formation, and requires no prior knowledge of the number of clusters required.






The closest clusters are combined into one cluster. This process is repeated until all similar clusters are converged. Subsequently, similar clusters are merged in every iteration until a big cluster consists of all data points. Eventually, the clustering algorithm identifies the significant climatic patterns in the electricity consumption of home appliances.
3.2 Long short-term memory unit model
LSTM is suitable for solving time-series prediction problems because it can remember the historical data for a long time. LSTM is a type of Recurrent Neural Network (RNN) which is able to preserve only short-term information across data points, addressing the problem of vanishing gradient points [43]. The information can be retained over a longer period of time through a set of layers called cell states that save the historical data [44], and the issue of vanishing gradient point is resolved in the LSTM neural network. Additionally, it consists of three other components, namely: the forget gate, input gate, and output gate, shown in Figure 1 [45].
	[image: Thumbnail: Figure 1 Refer to the following caption and surrounding text.]	Figure 1 Architecture of the LSTM network.




The new electricity data Xt enters into the input gate at time-stamp t, and the forget gate ft keeps the historical data, and both are combined for updating the previous cell state ct − 1 to the subsequent cell state ct. Further, the state information is utilized to generate the output; this information is filtered by output gates, hidden layers, and the desired output Yt is produced at the end.
3.3 Particle swarm optimization approach
Particle swarm optimization is a swarm intelligence-based meta-heuristic technique that is commonly used to solve non-linear objective functions [46]. It follows the bird’s behavior adopted for food search. According to the position of the neighbor, the birds change their position to fit in the best position. The birds are called particles, characterized by speed, location, and fitness value computed with a fitness function. The particles drift their trajectory to find the optimum spot. The updated location (position) and speed of particles are calculated using equations (1) and (2) defined below:[image: Mathematical equation: $$ {v}_{{ij}}^k=w{v}_{{ij}}^k+{c}_1{r}_1\left(p{{best}}_{{ij}}-{x}_{{ij}}^k\right)+{c}_2{r}_2\left(g{{best}}_{{ij}}-{x}_{{ij}}^k\right), $$](1)
[image: Mathematical equation: $$ {p}_{{ij}}^{k+1}={{p}_{{ij}}^k}_i+{v}_{{ij}}^{t+1}, $$](2)where [image: Mathematical equation: $ {v}_i^k$] is the rate of change of particles’ position, W is the inertia weight, c1, c2 are the position constants, and r1, r2 are the random numbers selected uniformly within [0, 1]. Where i = 1, 2, 3 … N (N is the ith particle), j = 1, 2, 3… M (M is the search space dimension), local best and global best particles are depicted as pbest and gbest. The particle population is optimized for candidate solutions, the particles are directed to the open search space using new positions, and the velocity of particles. Varying the dimensions and PSO particles can enhance the convergence rate and computational complexity. The present work applies PSO for the LSTM model’s hyperparameter selection.
The techniques mentioned in this section are employed to design an energy prediction framework for smart appliances in households. The subsequent section presents the proposed methodology adopted for this research work.
4 Proposed methodology: Hybrid PSO-LSTM-based technique
The proposed hybrid technique for prediction and optimization of energy consumption for implementing the energy-aware prediction model is depicted in Figure 2. It comprises three primary modules: data preprocessing, data clustering, energy prediction, and optimization approach. The subsequent section elaborates all three modules in systematic order.
	[image: Thumbnail: Figure 2 Refer to the following caption and surrounding text.]	Figure 2 Proposed hybrid PSO-LSTM-based prediction and optimization approach for home appliances.




4.1 Dataset description and preprocessing
In the proposed work, the smart meters’ electricity consumption dataset, known as the Almanac of Minutely Power data set (AMPds), has been utilized [47]. The AMPds dataset is a collection of electricity consumption recorded from a single house in Greater Vancouver for a period of two years. There are overall 1048575 rows measured at 1-minute time intervals using UNIX-timestamp for each sub-meter electricity consumption.
This paper uses five home appliances or loads, namely, Furnace/HVAC (FRE), Hot water unit (HTE), Refrigerator (FGE), Heat pump (HPE), and Clothes dryer (CDE). The selected appliances fall into the category of high energy-consuming, but the appliances such as plugs and lights, which are low energy-consuming appliances, are not taken for model training. In the proposed work, the actual power consumption of five home appliances is depicted in Table 2. The Watt is a unit of actual power consumption, and the data of electricity measurements is stored as a CSV file format. All these appliances exhibit different usage patterns.
Table 2 
Description of home appliances for AMPds.


Table 3 
Search space parameters of PSO algorithm.


Table 4 
Appliance-wise optimized hyperparameters given by the PSO algorithm for LSTM model training.


Table 5 
Predictive performance of proposed PSO-LSTM prediction model for individual home appliances.


Table 6 
Comparative analysis with existing prediction approaches.


Data preprocessing is applied to prepare the input data for model training. The electricity data is stored in UNIX-timestamp order, which is converted into a date-time format. The input dataset contains missing values that need to be filled. Therefore, linear interpolation is applied, and the missing values are filled with the average of the previous and next value in the sequence. Hence, the missing value is computed and filled with the same sequence of prior values. To detect outliers in the input dataset, we have performed data visualization, and some outlier values are found to have a skewed distribution. The interquartile range method (IQR) is applied to treat outliers. Then the energy measurements recorded on a minute interval are resampled into the day-wise energy data. Later, we applied data transformation using the Min-Max scalar given by the equation (3) [48]. The min-max scalar transforms the input datapoints into the range of (0, 1).[image: Mathematical equation: $$ {x}_n=\frac{{x}_i-\mathrm{min}({x}_i)}{\mathrm{max}({x}_i)-\mathrm{min}({x}_i)}. $$](3)

4.2 Data clustering
The season-wise clustering has been performed to create energy clusters. The individual home appliances’ energy consumption trend during various climatic conditions throughout the year has been investigated. We have considered four seasons, i.e., summer, winter, autumn, and spring, for trend analysis. We have applied agglomerative hierarchical clustering to fetch month-wise energy clusters and to analyze year-round usage patterns of various home appliances. The clustering process begins with the initial n energy measurements and creates individual clusters iteratively by combining similar clusters. The dynamic time-warping (DTW) method is used to compute the similarity of two clusters based on the shortest distance between two data points. depicted by distance D(p, q) is the minimum value between the two data points p(p1, p2, p3, p4…pi) and q(q1, q2, q3, q4 … qj) is given by equation (4):[image: Mathematical equation: $$ D\left(p,q\right)=\left|{p}_i-{q}_j\right|+\mathrm{min}D\left[i-1,j-1\right],D\left[i-1,j\right],D\left[i,j-1\right]. $$](4)

A new cluster is produced by merging similar clusters, and data in the distance matrix is updated after each iteration. The data cluster are representation of season-wise energy consumption throughout the year for a particular appliance dataset. The season-wise clusters of appliance energy consumption are shown in Figure 3, showing consumption patterns of appliance energy demand in various seasons. The energy consumption of the AMPDS dataset reveals that the climatic conditions of Canada comprise four seasonal clusters. Where Cluster 1 is clearly seen as distributed in the winter season across late December, January, February, March, and April. While Cluster 2 is spread in the months of the spring season, i.e., late April, May, and June, and Cluster 3 is distributed across the summer season months, July, August, and September. Eventually, cluster 4 consists of autumn months, namely late September, October, and November. The changing weather conditions throughout the year affect the performance of energy consumption prediction. In the next section, a hybrid prediction and optimization model has been developed to predict appliance-wise energy consumption.
	[image: Thumbnail: Figure 3 Refer to the following caption and surrounding text.]	Figure 3 Season-wise energy clusters for year-round historical data.




4.3 Hybrid PSO-LSTM-based prediction and optimization technique
The main aim of cluster analysis is to identify meaningful patterns in energy consumption and to provide day-wise (timestamp) and season-wise energy clusters for predicting electricity demand in the future.
The proposed hybrid approach utilized a univariate LSTM model to predict the energy consumption of individual home appliances. However, LSTM model performance is influenced by a certain set of hyperparameters; this paper adopted a swarm intelligence-based PSO algorithm for optimal hyperparameter selection. Here, PSO is implemented for choosing hyperparameters, namely, time_step, neuron_units, and batch_size. These parameters are considered as decision variables in the optimization process by taking the mean absolute error (MAE) as the objective function. The proposed hybrid optimization approach is depicted in Figure 4 (Algorithm 1).
	[image: Thumbnail: Figure 4 Refer to the following caption and surrounding text.]	Figure 4 Proposed workflow of hybrid PSO-LSTM approach for hyperparameter optimization.




Algorithm 1PSO-driven hyperparameter optimization of the LSTM modelInput: Households electricity consumption dataset (E)
Output: Energy predictions
1: Initialization: Hyperparameters time_step, neuron_units batch_size and swarm
2: Initialization of fitness_function (MAE)
3: Declare personal and global best particle p_best, p_gbest
4: train and test sets split
5: build LSTM model
6: update particle velocity using p_best and p_gbest
7: use velocity to compute particle position
8: Evaluate fitness_score ←MAE
9: If max_iteration <= 50 then
10: goto step 5
11: end if
12: model.predict(test_x)
13: Calculate loss = MAE

Initially, the hyperparameters time_step, neuron_units, and batch_size are declared and initialized; subsequently, the swarm and fitness function (MAE) are initialized. Next, the local and global particles are initiated and updated. The list of hyperparameters selected for optimization is specified in Table 3. The swarm size selection is a crucial step because a small swarm size may lead to a solution that gets stuck at a local space, failing to reach the global solution; in contrast, a large swarm size achieves an optimal solution, consuming high resources. The optimal global solution is found after evaluation of the fitness function for each LSTM model trained for an individual home appliance. The hyperparameters search starts with a random set of particles. We have used the trial-and-error method for selecting the swarm size and the inertia weight parameters during model training. The best swarm size and inertia weight vary in the case of heterogeneous data. The optimal global solution yielded within the range of ns ∈ [10, 20] for the optimal swarm size ns. The inertia weight (ω) is set at ω ∈ [0.9]. The acceleration constants, C1 and C2, are assigned values 0.5 and 0.3, respectively, whereas the random number r1 and r2 are taken as 0.8 and 0.3, respectively.
The predictive analysis LSTM model has been done using the performance metric MAE. LSTM model takes a three-dimensional matrix in which the input data’s size is the first dimension, timestamps are the second dimension, and the number of output observations is the last dimension. In this research, input electricity dataset is converted into a supervised dataset. We have applied the lag window method to transform time series signals into a supervised learning dataset, generating lag observations of column energy consumption. The updated three-dimensional dataset consists of matrix with multiple inputs [image: Mathematical equation: $ {e}_t,{e}_{t-1},{e}_{t-2},{e}_{t-3}...{e}_{t-{t}_p}$] produced by function [image: Mathematical equation: $ {energ}{y}_{{ds}}({e}_i,{t}_p,{e}_o)$] where [image: Mathematical equation: $ {e}_i$] is an input energy dataset, [image: Mathematical equation: $ {t}_p$] is the past day timestamp and [image: Mathematical equation: $ {e}_o$] is the next day timestamp showing predicted energy demand.
4.4 Performance metrics
To evaluate the performance of the hybrid energy prediction and optimization model, we have computed state-of-the-art metrics such as MAE, mean squared error(MSE), and root mean squared error (RMSE). These performance metrics are defined below in equation (5):[image: Mathematical equation: $$ \begin{array}{ll}\mathrm{MAE}& =\frac{1}{{x}_i}\sum_{i=1}^{{x}_i} {y}_t-{y}_p,\\ \mathrm{MSE}& =\frac{1}{{x}_i}\sum_{i=1}^{{x}_i} ({y}_t-{y}_p{)}^2,\\ \mathrm{RMSE}& =\sqrt{\frac{1}{{x}_i}\sum_{i=1}^{{x}_i} ({y}_t-{y}_p{)}^2,}\end{array} $$](5)where energy data points are denoted as [image: Mathematical equation: $ {x}_i$], the target value is depicted as [image: Mathematical equation: $ {y}_t$] and the predicted outcome is denoted by [image: Mathematical equation: $ {y}_p$] for each appliance dataset.
5 Experimental results
The proposed hybrid energy prediction model is evaluated on a benchmark dataset, i.e., AMPds [47], which is a collection of individual home appliances. We have used Python 3, using Keras with TensorFlow to develop an electricity prediction approach. PySwarm, a Python-based research tool, is applied for PSO hyperparameter optimization. The PSO algorithm takes a particle population, including velocity and position, repeat the optimization process until optimal parameters are achieved. The optimal hyperparameters are used for LSTM model training for each home appliance dataset. The appliance-wise dataset has been divided into a training and a testing. The LSTM model contains one hidden layer and ‘relu’ is taken as the activation function, followed by one dense layer for producing output. Adam optimizer is used to build the model, and Mean Absolute Error calculates the loss function. Then the proposed model is trained and tested for 50 epochs.
5.1 Predictive performance of novel PSO-LSTM-based technique
The hybrid PSO-LSTM model has been deployed to predict the energy consumption of individual home appliances. We have entered the day-wise energy consumption record, which is assigned to a vector xt; t depicts the timestamp of the day. Further lagged window converted it into a vector comprising previous days’ timestamps. For the LSTM model, specific hyperparameters such as input lag value, number of neurons, and batch size are searched using a PSO-based optimization approach. The home appliances are characterized as heterogeneous and non-linear in consumption behavior. Therefore, every appliance shows different consumption trends during specific hours, on certain weekdays, and months. The LSTM model performance is generalized by the PSO approach, and adaptive LSTM architectures are implemented for smart home appliances. Table 4 depicts appliance-wise optimized hyperparameters given by the PSO algorithm.
The hybrid prediction model is trained to estimate the next day’s energy demand. The prediction accuracy is measured using performance metrics, namely MAE, MSE, and RMSE. Figure 5 depicts different home appliances’ energy predictions and actual energy consumption. The x-axis and y-axis represent the number of measurements and the amount of electricity consumed by particular home appliances. The blue lines in the graph depict actual measurements, and the orange lines represent predicted values. The proposed work successfully attained generalized results for heterogeneous home appliances. At certain points, input data contains non-stationary and fluctuating patterns, which is the reason behind the difference between actual and predicted energy consumption.
	[image: Thumbnail: Figure 5 Refer to the following caption and surrounding text.]	Figure 5 Energy predictions of individual home appliances.




FGE is a finite-state-type appliance, and the consumption patterns are high peak values, as shown in Figure 5b therefore, accurate energy consumption predictions are obtained. The load of home appliances CDE is a finite-state, depicting peak values on some days, and the model received close energy predictions Figure 5c. However, the consumption patterns of the HPE and HTE appliances exhibit fluctuation, which results in gaps between the actual and predicted values. Eventually, the proposed hybrid model obtained close electricity predictions as shown in Figure 5d, Figure 5a. The proposed model has achieved close predictions as compared to actual measurements for a constant load type home appliance FRE (Furnace/HVAC) as shown in Figure 5c.
We have trained and tested a standalone LSTM model without hyperparameter optimization and a hybrid LSTM model using PSO-optimized hyperparameters. The performance of both LSTM and hybrid PSO-LSTM approaches has been verified and compared. In the case of the LSTM model, the minimum MAE value (0.125 kWh) is attained on the CDE dataset, and the maximum MAE value (0.183 kWh) is obtained on the HTE dataset. The prediction results for both the LSTM and the hybrid PSO-LSTM model are presented in Table 5. PSO-LSTM provides the minimum MAE (0.105 kWh) using the refrigerator (FGE) dataset. However, the maximum MAE (0.152 kWh) has been achieved on the instant hot water unit(HTE) dataset.
5.2 Statistical analysis
In this paper, we performed a statistical test to verify the performance of the model. The proposed work applies the Wilcoxon signed-rank test to all datasets of individual home appliances for LSTM and PSO-LSTM model prediction results [49]. This test compares the performance of two related machine learning models using MAE, MSE, and RMSE on individual appliance datasets. Then the performance differences for each case are arranged and ranked. For these metrics, the Wilcoxon test has been performed to evaluate whether this median difference lies between 0 and 0.05. It has been found that the p-value falls within the range of 0.05 for all metrics, which shows PSO-LSTM improved prediction performance compared to the LSTM model.
5.3 Comparative analysis with existing approaches
The AMPds dataset [50] is used to compare how well the hybrid PSO-LSTM technique can make predictions with other machine learning models and neural network-based models. The comparative analysis with existing research papers is given by Table 6. The authors [12] have implemented clustering on individual appliances for predicting the energy demand of appliances within each cluster. They have applied an ANN model for prediction and obtained RMSE (2.55 kWh). Gajowniczek and Ząbkowski [13] used the same energy consumption dataset (AMPds) to forecast future energy consumption by training a neural network model and provided an MAE of 0.23 kWh. In another paper, Hossen et al. [9] trained an LSTM model on the AMPds dataset [50] to predict energy consumption and attained MAE (0.24 kWh). The comparative result analysis reveals that the proposed PSO-LSTM model outperformed the existing prediction model.
5.4 Computational overhead and complexity analysis
During LSTM model training, hyperparameters are selected manually using the hit-and-trial method. In contrast, the PSO-based hyperparameter selection approach has been adopted for LSTM. Although the computational overhead of PSO-LSTM has increased due to the optimization process. The PSO has P number of particles and I number of iterations, which contributes to the increased training time with a factor of P × I, because for all configuration settings, model training is being performed. However, computational overhead can be ignored if it achieves improvement in prediction performance with minimum external intervention. In certain scenarios, such as limited computational resources, the PSO parameters can be calibrated by reducing the swarm size or number of iterations.
5.5 Implications and Limitations
The proposed hybrid PSO-LSTM technique is suitable for implementing energy management for household appliances in residential structures. Additionally, it might be advantageous for homes, as it increases user awareness by presenting daily energy use patterns. The season-wise cluster analysis reveals the usage trends of particular home appliances across seasons throughout the year.
Also, this component enables utility companies and energy management teams to develop adaptive demand-response policies based on seasonal consumption patterns that can improve grid reliability and encourage load shifting during peak hours. Besides, the hybrid prediction model can be integrated with IoT-based smart meters to design a home automation system, providing actionable recommendations on the consumer dashboard in real-time.
It is important to take into account human behavior when developing energy prediction models for residential appliances. Thus, it is necessary to have a dataset that specifically captures the occupancy and energy-usage patterns of different equipment in residential structures. The present work has been tested on residential buildings; its performance evaluation on commercial, educational, and industrial buildings is unexplored. To assess the applicability and reliability of the PSO-LSTM-based technique, it can be implemented on various categories of residential and commercial buildings that exhibit unique consumption patterns. The efficacy of the suggested method relies on both the amount and the caliber of the input dataset. Additionally, it is necessary to provide a user-friendly interface that offers real-time data on energy consumption.
6 Conclusion
This paper proposed a hybrid electricity prediction and optimization technique for home appliances using LSTM and PSO. Initially, each appliance with identical energy consumption behavior is categorized as a seasonal cluster using a hierarchical clustering algorithm. Secondly, the hybrid PSO-LSTM model is developed with PSO-optimized hyperparameters. Next step, deploys the proposed PSO-LSTM technique on individual home appliances to predict the next day’s electricity demand. The results of the experiment unequivocally demonstrate that the choice of hyperparameters for the LSTM model is crucial, as it has a direct impact on the accuracy of predictions. The comparative investigation demonstrates that the PSO-LSTM model has achieved an approximately 53% reduction in MAE in comparison to the LSTM model. In the future, the hybrid PSO-LSTM approach can be used on large-scale, real-time datasets of energy use to better anticipate electricity demand in homes. The framework can also be used in self-managing energy systems that not only provide real-time advice on appliance operation, but also recommend that users control the energy consumption. This kind of extension would make the proposed approach more useful in smart grid settings and help with sustainable energy management.
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      Table 1 

      Summary of energy consumption prediction and optimization models developed in the literature in comparison to the proposed work.

      
        


	Authors
	Residential sector
	Individual appliances
	Weather clustering
	Prediction
	Optimization
	Deep learning
	Benchmark data 





	Gajowniczek et al. [13]
	√
	√
	×
	√
	×
	√
	√



	Hossen et al. [9]
	√
	×
	×
	√
	×
	√
	√ 



	Kaur et al. [12]
	√
	×
	√
	√
	√
	√
	√ 



	Luo et al. [5]
	√
	×
	√
	√
	√
	√
	× 



	Ullah et al. [29]
	√
	×
	×
	√
	√
	√
	√ 



	Wang et al. [2]
	×
	√
	×
	√
	×
	√
	 × 



	Goudarzi et al. [30]
	×
	×
	×
	√
	√
	×
	× 



	Walker et al. [4]
	×
	×
	×
	√
	×
	×
	× 



	Gaur et al. [31]
	√
	√
	×
	√
	×
	√
	√ 



	Pham et al. [32]
	×
	×
	×
	√
	×
	×
	√ 



	Sajjad et al. [8]
	√
	×
	×
	√
	√
	√
	√ 



	Huang et al. [33]
	×
	×
	×
	√
	√
	√
	× 



	Fan et al. [34]
	×
	×
	×
	√
	×
	√
	√ 



	Ozdemir et al. [35]
	×
	×
	×
	√
	×
	√
	√ 



	Cai et al. [36]
	×
	×
	×
	√
	×
	√
	√ 



	Akter et al. [37]
	×
	×
	√
	√
	×
	√
	√ 



	Iram et al. [38]
	√
	×
	√
	√
	×
	√
	√ 



	Proposed Model
	√
	√
	√
	√
	√
	√
	√ 





      

    

  
    
      Figure 1 

      
        [image: Figure 1 Refer to the following caption and surrounding text.]
      

      
        Architecture of the LSTM network.

      

    

  
    
      Figure 2 
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        Proposed hybrid PSO-LSTM-based prediction and optimization approach for home appliances.

      

    

  
    
      Table 2 

      Description of home appliances for AMPds.

      
        


	Appliance name
	Description
	Features/No. of measurements(AMPds)





	FRE
	Furnace/HVAC
	




	HTE
	Hot water unit
	




	FGE
	Refrigerator
	[1048575] 



	HP
	Heat pump
	




	CDR
	Cloth dryer 
	






      

    

  
    
      Table 3 

      Search space parameters of PSO algorithm.

      
        


	Hyperparameter
	Search space





	Lag value
	20 to 35



	No. of neurons
	21–45



	Batch_size
	50, 64, 72





      

    

  
    
      Table 4 

      Appliance-wise optimized hyperparameters given by the PSO algorithm for LSTM model training.

      
        


	Appliance id

	Lag value
	No. of Neurons
	Batch_size





	Cloth dryer (CDE)
	24
	22
	64 



	Refrigerator (FGE)
	15
	24
	64 



	Hot water unit (HTE)
	30
	32
	50 



	Heat pump (HPE)
	25
	21
	72 



	Furnace/HVAC (FRE)
	31
	45
	72 





      

    

  
    
      Table 5 

      Predictive performance of proposed PSO-LSTM prediction model for individual home appliances.

      
        


	Home appliance dataset
	LSTM


	PSO-LSTM





	

	MAE
	MSE
	RMSE
	MAE
	MSE
	RMSE 





	FRE
	0.165
	0.675
	0.821
	0.143
	0.511
	0.714



	HTE
	0.183
	0.643
	0.955
	0.152
	0.532
	0.914



	FGE
	0.132
	0.981
	0.997
	0.105
	0.885
	0.948



	HPE
	0.172
	1.921
	1.389 
	0.141 
	1.721 
	1.304



	CDE
	0.125
	1.313
	1.145
	0.113
	1.052 
	1.024





      

    

  
    
      Table 6 

      Comparative analysis with existing prediction approaches.

      
        


	Authors
	Prediction approach
	Dataset
	RMSE
	MAE





	Gajowniczek et al. [13]
	NNET
	AMPds
	–
	0.23 



	Hossen et al. [9]
	LSTM
	AMPds
	–
	0.24 



	Kaur et al. [12]
	ANN
	AMPds
	2.55
	–



	Proposed Work
	PSO-LSTM
	AMPds
	0.914
	0.105 
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        Season-wise energy clusters for year-round historical data.
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        Proposed workflow of hybrid PSO-LSTM approach for hyperparameter optimization.
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        Energy predictions of individual home appliances.
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