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Abstract


Short-term electrical demand forecasting is crucial for the efficient operation of modern power grids. Traditional methods often fail by neglecting system nonlinearities and external factors that influence electricity consumption. In this study, we propose an enhanced deep learning-based forecasting model that integrates external factors such as meteorological data and economic indicators to improve prediction accuracy. Using an ISO NE (Independent System Operator New England) dataset from 2017 to 2019, we analyze 23 independent variables to assess their impact on model performance. Our findings demonstrate that careful variable selection reduces dimensionality while maintaining forecasting accuracy, enabling the effective application of deep learning models. The CNN plus LSTM composite model achieved the lowest prediction error of 0.15%, outperforming standalone CNN (0.8%) and LSTM (1.44%) approaches. The combination of CNN’s feature extraction capabilities with LSTM’s strength in handling time series data was instrumental in achieving superior performance. Our results highlight the importance of incorporating external influences in electricity demand forecasting and suggest future directions for developing more precise and efficient models.
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1. Introduction


The modernization of electrical power systems, driven by the integration of clean and sustainable energy sources, has significantly altered grid management. Unlike traditional systems, where power flows unidirectionally from centralized plants to consumers, modern smart grids enable bidirectional energy exchange, requiring adaptive strategies for stability and efficiency [1,2].



Electricity demand forecasting plays a fundamental role in smart grids by ensuring grid stability, preventing overloads, and facilitating renewable energy integration [3]. However, forecasting has become increasingly complex due to the variability of renewable sources, external factors such as weather and socioeconomic trends, and the necessity for real-time decision-making [4,5]. Traditional time series models often fail to capture these nonlinear dependencies, emphasizing the need for advanced machine learning approaches [6].



In [6], two demand categories are identified: individual consumer demand and aggregate demand, which depends on the hierarchical structure of the grid [7]. Effective forecasting supports unit commitment and load dispatch, where decisions range from long-term resource planning to real-time energy distribution [8,9]. Consequently, forecasting models must accommodate multifactorial influences, ensuring precise short-term predictions [10,11].



Deep learning, particularly recurrent neural networks (RNNs) and convolutional neural networks (CNNs) [11], has demonstrated remarkable potential in handling multivariate, high-dimensional data [12]. These models can process vast historical datasets, incorporate weather and economic indicators, and adapt to changing consumption patterns.



This paper presents a machine learning-based methodology for short-term electricity demand forecasting, providing a structured approach to model construction. A case study using the ISO NE dataset is conducted to analyze the impact of different input variables, model architectures, and forecasting strategies.



The key contributions of this study are as follows:




	
Enhanced forecasting accuracy through the integration of multiple external factors.



	
A structured deep learning framework for energy demand prediction.



	
Empirical validation demonstrating the effectiveness of combining CNN and long short term memory (LSTM) models.








The remainder of this paper is organized as follows: Section 2 presents the developed modeling methodology, Section 3 discusses experimental results, and Section 4 concludes with key findings.




2. Modeling Methodology


Electricity prediction models can be divided into two categories: univariate, where consumption is treated as time series data with implicit exogenous factors, and multivariate, where all influencing factors are explicitly included. The models can also be categorized by the forecasting horizon (one-step or multi-step) [13]. Building effective neural network models for electricity forecasting remains a challenge, particularly in parameter determination and choosing the right architecture [14].



2.1. Pipeline for Building Electricity Forecasting Models


Creating a neural network for forecasting involves selecting the appropriate model architecture and parameter tuning. For instance, time series methods such as autoregressive with exogenenous inputs (ARX models) can incorporate both endogenous (e.g., demand history) and exogenous factors (e.g., weather), but require temporal alignment of data [15]. The process of model creation involves many decisions that are not straightforward, and the goal is to simplify and guide model-building for load prediction.




2.2. Key Aspects of Forecasting Methodology


Effective models must capture the input variables’ behavior and their impact on the output. Key decisions include the following:




	
Number of Input Nodes: It should correspond to the relevant variables influencing demand [14].



	
Hidden Layers: Networks with hidden layers are more capable of learning complex relationships; typically, one or two layers suffice [16].



	
Neurons in Hidden Layers: An excessive number can lead to overfitting, with guidelines for determining the appropriate number [17].



	
Hyperparameters: Model training is influenced by hyperparameters like activation functions, learning rates, and batch sizes. A GridSearchCV method is used to optimize these [18].



	
Training Algorithm: The backpropagation method minimizes error by adjusting network weights to improve predictions [14].








Data pre-processing is crucial, involving cleaning, normalization, and variable selection to enhance model performance [19,20]. Additionally, seasonality, calendar patterns, and thermal discomfort indexes are incorporated to refine model accuracy.



To build accurate forecasting models, the pipeline encompasses the main modeling steps, including the collection and integration of endogenous and exogenous variables, followed by an assessment of their relevance to the model. Data preparation involves adjusting temporal resolution, cleaning, and normalization. To enrich the model, additional features such as calendar variables, seasonal indicators, and the thermal discomfort index are generated from the raw data. The pipeline then moves to data splitting, model structure definition, internal parameter selection, division into training and test sets, and performance evaluation of the results.



The pre-processing stage is critical to maintaining model performance, as noted by [21]. During this phase, real-time data integration helps ensure that the model remains accurate and resilient. While some variables are directly extracted from the input database or climate data sources, others are created through encoding methods to represent key phenomena related to the forecasting problem. It is important to note that the automation of this stage, particularly the integration of real-time data, falls outside the scope of the present study.



Finally, several metrics can be employed to measure the accuracy of the model (shown as ‘Evaluate error’). In this study, we use the mean absolute percentage error (MAPE) as a metric, as this is a widely accepted measure of prediction accuracy for time series analysis. MAPE is calculated by taking the average of the absolute percentage errors between the predicted and actual values. This metric is particularly useful because it expresses the error as a percentage, thus making it easier to interpret the model’s performance across different scales and datasets. It is defined as follows:


  M A P E =      1   n      ∑  i = 1   n           A   i   −   F   i       F   i        ×   100    



(1)




where n represents the number of observed instances,     A   i     is the current consumption value, and     F   i     is the predicted value for each point. The total absolute error value is then determined by summing the absolute values for each instance divided by the number of evaluated points, n. Our conclusions are based on MAPE values, where a lower MAPE value indicates a higher accuracy for the model [22].





3. Implementation and Results


For better clarity in terms of comprehending the construction of forecasting load models, a structured pipeline is introduced here. This pipeline encompasses the stages essential for developing multivariate and multi-step models using deep learning techniques. Each stage is meticulously justified, and its necessity and specific contribution are justified.



In the following, we present a brief evaluation of the fundamental components that are essential in composing accurate load forecasting models. To demonstrate the applicability of our pipeline and to evaluate its efficacy, a comprehensive array of experiments was conducted, including various input conditions (numbers of variables) and output conditions (time horizons), as shown in the tables below. Notably, they encompass different configurations of input variables, prediction algorithms, and model architectures (shallow or deep).



3.1. Dataset


The dataset used in this study can be obtained from the ISO NE (Independent System Operator New England) website at http://www.iso-ne.com. It contains the total electrical loads for several cities in England over the period January 2017 and December 2019, and comprises 23 independent variables such as weather information, economic indicators, and market data.



Graphical representations of the annual, weekly, and daily variations in total electricity consumption for this dataset are given in [23]. The chart of the annual variation contains peaks during the summer months and another, albeit less intense, peak in the winter months. The weekly variation chart shows higher consumption levels on Mondays, while the daily variation chart has consumption peaks during the day, particularly between 6 and 7 p.m.



While the ISO NE dataset offers valuable insights for evaluating electricity consumption models, the generalizability of the study’s findings depends on the similarity between the source region and the target region in any future application. Given the dynamic nature of the factors involved, which fluctuate with both seasonal and temporal changes, it is critical to update the model with current data tailored to the specific region of interest. This can be facilitated through real-time time series data processing, as shown in the first step of the flowchart (Figure 1). This foundational step in the proposed predictive model ensures accurate capture of regional and temporal variations.




3.2. Case Study


To achieve the objective of this paper, we present some results obtained through a series of the test simulations conducted using the proposed methodology. Further details and tests from these simulations are shown in Figure 1.



The simulation results are summarized in Table 1, Table 2 and Table 3 and cover various combinations of input variables, algorithms and prediction horizons.



Our scheme was implemented using the Python programming language version 3.10, the Sklearn version 1.7.0 and Keras machine learning libraries version 3 [18].



To highlight the importance of Step 1 of the pipeline, details of the processing are given in Table 1, with a focus on the variation in the input variables and a comparison of processing times. It is important to note that the processing detailed in Table 1 includes seasonality and calendar representations. We also note that the variable selection algorithms employed here originate either from the Waikato environment for knowledge analysis (WEKA tool [24]) or were custom-built in Python (shown in the ‘Source’ column). The experimental results were compared based on the precision (MAPE) and processing time (shown in the ‘Magnitudes’ column).



Based on these simulation steps, the following observations can be made:




	o 

	
Among the variable selection algorithms tested here, the most notable ones were correlation-based feature subset evaluation (CFS subset evaluation), classifier attribute evaluation, and relief. These algorithms selected the five or six variables that were most strongly correlated with the target variable, yielding predictions with error rates similar to or lower than those obtained when all variables in the database were considered (as indicated in the last line of Table 3). This underscores the relevance of the selected variables.




	o 

	
Regarding the performance of models with different prediction algorithms, LSTM stands out as having the highest computational cost. Its processing time was 10 times higher than for the DNN, five times more than for the CNN, and 2.5 times more than for the combined CNN + LSTM model. However, the models based on the LSTM and a combination of CNN + LSTM achieved the highest accuracy.




	o 

	
From comparing the performance of shallow and deep models, it was observed that the latter incurred a higher computational cost. Nevertheless, in most scenarios, they demonstrated superior accuracy compared to shallow models.









To demonstrate the importance of integrating external factors into the model, as described in Step 2 of the pipeline, some simulation tests were carried out, and the results are presented in Table 2 and Table 3.



In these tables, the columns indicate the presence of external factors, with the distinction based on the prediction horizon. The acronyms and elements included in the columns are defined as follows: Sh: shallow model; D: deep learning model; Sl: system load; W: weather; S: seasonality; C: calendar; Fs: feature selection; Av: all variables, Id: discomfort index; Δ: percentage variation in error. For instance, the column Sl + W presents the results incorporating both system load and seasonality external factors for different prediction algorithms (shallow model or deep learning model).



From the results presented in Table 2 and Table 3, the following observations can be made:




	o 

	
The distinguishing factor between the tables is the prediction horizon. It is evident that increasing the prediction horizon leads to a reduction in accuracy.




	o 

	
Processing involving only the target variable (Sl), with or without external factors, gave the biggest errors. This implies that deep learning algorithms face limitations in terms of their generalization capacity when operating with a very limited number of input variables, resulting in elevated error rates.




	o 

	
From a comparison of the predictions based on only the target variable (Sl), the selected variables (Fs), and all variables in the dataset (Av), it is notable that errors in the Fs and Av columns are very similar. This suggests that despite the reduction in the number of input variables from 23 to 6 or 7 in the variable selection step, this did not lead to an increase in the prediction error.









A detailed simulation was conducted to assess the impact of model architecture on performance by varying the number of intermediate layers and neurons. Deep learning models were used, with variable selection performed in WEKA [24], considering external factors like seasonality and the calendar. The results suggest that using two or three intermediate layers with six neurons provides accurate predictions with lower computational cost and error rates below 1%. Complete results are not presented due to space limitations.





4. Conclusions and Future Research


This study highlights the importance of input variable selection, which significantly influences model architecture, processing time, and accuracy. By considering the correlation between variables and the target, dimensionality reduction was achieved without compromising performance. The integration of external factors, such as seasonality, calendar variations, and economic indicators, proved crucial in enhancing forecast accuracy beyond traditional climate-based approaches.



Defining the model architecture carefully was also essential. Simulations demonstrated that deep learning models with up to three intermediate layers and an optimized number of neurons performed best. CNN-based models, particularly the CNN + LSTM combination, consistently delivered the lowest error rates due to CNN’s feature extraction capabilities and LSTM’s strength in handling time series data. Additionally, variable selection reduced computational cost and minimized overfitting, further improving model performance.



While the proposed methodology was validated with a specific dataset, adapting it to different regions may require adjustments due to unique electricity demand patterns. Future research should assess the individual impact of external factors and test models on individual consumer datasets. Moreover, integrating real-time data collection and reinforcement learning could enhance prediction accuracy, capturing dynamic factors like climate change and improving operational efficiency.
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Figure 1. Simulation detail flowchart. 
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Table 1. Processes with variation in input variables (horizon: one step ahead).






Table 1. Processes with variation in input variables (horizon: one step ahead).





	
Technique

	
Source

	
Selected

Variables

	
Magnitude

	
DNN

	
CNN

	
LSTM

	
CNN Plus LSTM




	
Shallow

	
Deep

	
Shallow

	
Deep

	
Shallow

	
Deep

	
Shallow

	
Deep






	
CFS subset evaluation

	
WEKA

	
RT demand, DACC, DA MLC,

RT MLC, MIN_5MIN_RSP, MAX_5MIN_RSP

	
MAPE

	
0.22

	
0.18

	
1.80

	
0.74

	
0.37

	
0.24

	
0.21

	
0.18




	
t(s)

	
152

	
185

	
276

	
340

	
887

	
1798

	
739

	
848




	
Classifier attribute

evaluation

	
MAX_5MIN_RSP, DA EC, DA CC, RT demand, DA LMP

	
MAPE

	
0.27

	
0.23

	
1.60

	
0.48

	
0.21

	
0.16

	
0.26

	
0.24




	
t(s)

	
153

	
187

	
342

	
384

	
994

	
1813

	
761

	
790




	
Principal components

	
RT LMP, RT EC, DA LMP, DA EC, RT MLC

	
MAPE

	
7.80

	
6.84

	
9.67

	
6.50

	
10.95

	
9.79

	
8.06

	
7.57




	
t(s)

	
87

	
130

	
150

	
219

	
594

	
912

	
996

	
386




	
Relief

	
RT demand, DA demand, DA EC, DA LMC, reg. service price

	
MAPE

	
0.52

	
0.33

	
3.82

	
0.22

	
0.23

	
0.16

	
0.16

	
0.17




	
t(s)

	
112.8

	
123

	
274

	
339

	
906

	
1792

	
692

	
823




	
Mutual information

	
Python

	
DA MLC, DA LMP, MIN_5MIN_RSP, DA EC, dew point

	
MAPE

	
5.90

	
5.76

	
8.15

	
5.03

	
10.21

	
7.82

	
7.23

	
6.11




	
t(s)

	
155

	
186

	
270

	
339

	
581

	
1827

	
725

	
792




	
-

	
-

	
All

	
MAPE

	
0.86

	
0.38

	
2.27

	
1.05

	
0.29

	
0.20

	
0.25

	
0.20




	
t(s)

	
118

	
123

	
158

	
153

	
591

	
920

	
695

	
879








The best values are highlighted in bold.













 





Table 2. MAPE results for processes with different sets of input variables (horizon: one step ahead).






Table 2. MAPE results for processes with different sets of input variables (horizon: one step ahead).





	
Technique

	
Model

	
Sl

(1)

	
Sl + W

(2)

	
Sl + S +

C + Id

(3)

	
Δ (%)

(4)

	
Fs

(5)

	
Fs + S + C + Id

(6)

	
Δ (%)

(7)

	
Av

(8)

	
Av + S +

C + Id

(9)

	
Δ (%)

(10)






	
DNN

	
Sh

	
11.30

	
6.76

	
5.38

	
52.40

	
0.29

	
0.19

	
34.50

	
0.19

	
0.18

	
5.30




	
D

	
10.85

	
5.98

	
8.57

	
44.90

	
0.37

	
0.17

	
54.10

	
0.22

	
0.17

	
22.70




	
CNN

	
Sh

	
12.13

	
8.46

	
8.00

	
34

	
2.85

	
2.23

	
21.8

	
3.40

	
2.26

	
33.50




	
D

	
11.04

	
4.95

	
4.29

	
61.10

	
0.18

	
0.18

	
0.00

	
0.26

	
0.16

	
38.50




	
LSTM

	
Sh

	
12.37

	
8.31

	
7.86

	
36.5

	
0.65

	
0.25

	
61.50

	
0.47

	
0.17

	
63.80




	
D

	
11.74

	
7.59

	
9.00

	
23.30

	
14.10

	
7.07

	
49.80

	
14.96

	
10.45

	
30.10




	
CNN plus LSTM

	
Sh

	
10.38

	
6.56

	
5.67

	
45.40

	
0.31

	
0.21

	
32.2

	
0.42

	
0.19

	
54.80




	
D

	
11.11

	
5.09

	
7.60

	
31.60

	
0.25

	
0.15

	
40.00

	
0.25

	
0.24

	
4.00








The best values are highlighted in bold.













 





Table 3. MAPE results for processes with different sets of input variables (horizon: 12 steps ahead).
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Technique

	
Model

	
Sl

(1)

	
Sl + W

(2)

	
Sl + S + C + Id

(3)

	
Δ (%)

(4)

	
Fs

(5)

	
Fs + S + C + Id

(6)

	
Δ (%)

(7)

	
Av

(8)

	
Av + S + C + Id

(9)

	
Δ (%)

(10)






	
DNN

	
Sh

	
33.20

	
23.44

	
27.98

	
15.70

	
36.58

	
29.77

	
18.60

	
29.80

	
29.76

	
0.13




	
D

	
48.10

	
27.63

	
37.01

	
23.10

	
45.03

	
32.4

	
28.10

	
44.0

	
40.58

	
7.77




	
CNN

	
Sh

	
12.01

	
15.37

	
4.92

	
59.00

	
4.91

	
4.83

	
1.60

	
4.92

	
4.68

	
4.90




	
D

	
10.60

	
9.19

	
3.77

	
64.40

	
4.79

	
3.96

	
17.30

	
4.39

	
3.63

	
17.70




	
LSTM

	
Sh

	
13.00

	
14.36

	
9.82

	
24.50

	
4.39

	
4.30

	
2.00

	
4.29

	
3.66

	
14.70




	
D

	
15.58

	
15.65

	
15.27

	
2.00

	
15.8

	
11.34

	
4.46

	
15.4

	
15.15

	
1.62




	
CNN plus LSTM

	
Sh

	
15.00

	
8.04

	
4.58

	
69.50

	
4.42

	
3.93

	
11.00

	
4.12

	
4.09

	
0.70




	
D

	
11.24

	
8.65

	
10.70

	
4.80

	
15.94

	
10.82

	
32.10

	
15.6

	
15.36

	
1.50








The best values are highlighted in bold.
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