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Abstract: In this work, we present a novel approach for predicting short-term electrical
energy consumption. Most energy consumption methods work well for their case study
datasets. The proposed method utilizes a cloud computing platform that allows for in-
tegrating information from different sources, such as weather data and historical energy
consumption, while employing machine learning techniques to achieve higher accuracy in
forecasting. We collected detailed weather data from the “Weather Underground Company”
website, known for its accurate records. Then, we studied past energy consumption data
provided by PJM (focusing on DEO&K, which serves Cincinnati and northern Kentucky)
and identified features that significantly impact energy consumption. We also introduced a
processing step to ensure accurate predictions for holidays. Our goal is to predict the next
24 h of load consumption. We developed a hybrid, generalizable forecasting methodology
with deviation correction. The methodology is characterized by fault tolerance due to dis-
tributed cloud deployment and an introduced voting mechanism. The proposed approach
improved the accuracy of LSTM, SARIMAX, and SARIMAX + SVM, with MAPE values
of 5.17%, 4.21%, and 2.21% reduced to 1.65%, 1.00%, and 0.88%, respectively, using our
CM-LSTM-DC, CM-SARIMAX-DC, and CM-SARIMAX + SVM-DC models.

Keywords: IoT; cloud computing; machine learning; feature selection; electrical load
prediction; power systems; statistical methods; deep learning; artificial intelligence;
deviation correction

1. Introduction
Modern energy management systems rely on accurate energy consumption forecasting

to maintain power grid reliability and efficiency. Electrical load forecasting plays a crucial
role in ensuring effective energy distribution and grid stability, allowing utilities to predict
demand fluctuations. Reliable predictions lead to better resource management, cost savings,
and enhanced power system dependability. Two major aspects affect the efficiency of
forecasting: model and data.

Machine learning and hybrid models that combine different methods to improve
prediction accuracy have gained popularity due to their high accuracy. The authors in [1]
used a machine learning approach based on household usage data to improve time series
forecasting and demonstrated that the hybrid model outperforms both individual and
ensemble models in terms of accuracy. In [2], the authors introduced a new method
combining statistical methods with a land consumption model for future energy demand.
In [3], the researchers used neural networks and the bee colony method for better short-term
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load forecasting. The authors in [4] used hybrid regression techniques for their predictions.
A 99.2% prediction accuracy for peak electricity demand was attained with a hybrid model
based on faster k-medoids clustering, support vector machine, and artificial neural network
in [5].

In [6], the authors showed that deep learning methods in hybrid models efficiently
handle nonlinear patterns. The authors in [7] tested four ML models on two different sites
and across four forecasting horizons. Khan and Byun [8] created an ensemble method
with optimized feature selection that outperformed single models. The authors in [9] used
a clustering–classification hybrid method for short-term consumption forecasting. The
researchers in [10] reviewed hybrid methods (such as statistical and machine learning
techniques) in building energy prediction, and Chou and Ngo [11] applied a combination
of metaheuristic sliding window methods based on ML systems with time-series models
for identifying building energy consumption patterns. Models like SVM, ANN, DNN, and
optimization algorithms were demonstrated in [12–14]. It was also shown that combining
ML methods with ensemble weather forecasts could produce more accurate estimates of
future energy consumption [15].

The quality and contents of input data play a crucial role in the performance of energy
forecasting models. It was explained in [16] how the selection of weather stations affects
electric load forecasting. Jain et al. [17] showed that hourly and location-specific sensor
data help predict consumption in multi-family buildings. In [18], the authors emphasized
the crucial role of data preprocessing and feature selection in ensuring high-quality inputs
for artificial neural network models, thereby improving the accuracy and reliability of
short-term load forecasting. Researchers in [19] found that the real weather values are
better than averages. Ahmad et al. [20] and Shin and Woo [21] used time series data to show
how data type affects prediction results. In [22], the researchers discussed the missing effect
of human behavior in many datasets, which makes some models less accurate. Authors
of [23] found that LSTM has problems predicting cooling power when behavior is not
included. Demolli et al. [24] and Persson et al. [14] used long-term and multi-site data to
improve solar and wind predictions. Herrera et al. [25] showed that energy commodity
prices are useful for long-term forecasts.

Some papers warned about biased or overfitting problems. Wei et al. [26] concluded
that ML models might cause overfitting in long-term predictions. Beyca et al. [27] demon-
strated that, in stable time series, statistical methods can work better than ML.

Both energy providers and grid managers have identified smart meter information as
a key factor in improving local forecast accuracy [28]. Aside from analyzing error-causing
factors like weather changes, holidays, and weekends, it is necessary to analyze factors that
could lead to errors in predicting energy consumption [29]. Jain et al. [17] highlighted that
the time and location of sensors matters in support vector regression (SVR).

As much as data quality, feature selection significantly affects the forecasting perfor-
mance, and the proper selection of input features affects model performance [30,31]. In [32],
a hybrid system whose forecasting performance was largely improved by selecting useful
features was discussed. The authors of [8] used genetic algorithms for feature selection
and improved results. Ahmad et al. [7] focused on climate-sensitive and non-sensitive
conditions by choosing suitable features. Deb et al. [33] also combined statistical knowledge
with engineering ideas for better building energy forecasting. Dong et al. [12] earlier proved
that SVR works well in tropical climates when features are well selected.

Smart grid technologies continue to improve rapidly in the energy field. Moreover,
supervised learning has shown promise in reducing noise (random, misleading data points)
from systems with imbalanced data in the network formulation [34].
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For model implementation, cloud computing provides access to more computing
power and real-time processing. It offers scalable resources, enhanced flexibility, and
cost-efficiency, enabling businesses to access and manage data and applications remotely
without the need for extensive on-premise infrastructure.

Hou et al. [35] used a cloud-edge system to handle abnormal data and improve
prediction. Zhang et al. [36] created a hybrid method with edge and cloud computing and
used ELM models for fast forecasting. Raju and Laxmi [37] used IoT and ML together
for real-time load prediction. Geberslassie and Bitzer [38] showed how cloud computing
supports future smart grid systems. Hou et al. [39] added a privacy-safe edge–fog–cloud
system for load forecasting. Pelluri et al. [40] and Devaraj et al. [41] explained some of the
problems of using cloud in forecasting, like resource allocation and privacy. But, overall,
the future is moving toward more real-time, scalable, and secure cloud-based models.

The current methodologies for forecasting energy consumption show both their poten-
tial and challenges. These studies also demonstrate how cloud computing in electrical load
forecasting is diverse and evolving. In addition to addressing challenges such as privacy
and real-time processing, cloud solutions have the potential to improve load forecasting
model accuracy, efficiency, and scalability. In the above review, we highlighted the transfor-
mative impact of parallel approaches that combine ML and cloud computing, underscoring
the scalability and resilience these methods bring to energy consumption forecasting.

Our research introduces an innovative and robust energy consumption forecasting
model that leverages a parallel approach, employing three distinct machine learning meth-
ods alongside weather and dynamic correction strategies. This approach includes an
advanced “2-out-of-3” system utilizing three independent cloud platforms, ensuring op-
erational reliability and robustness. Each method operates independently across cloud
services such as AWS, Google Cloud, and Microsoft Azure, allowing for fault tolerance in
cases where one or two models or cloud infrastructures encounter technical issues. This
configuration enhances system resilience and maintains optimal performance, even with
substantial datasets, dynamically allocating resources to meet computational demands.
The innovative parallelized prediction approach—integrating ML with cloud computing
resources—adds a significant layer of reliability and robustness to energy forecasting. Our
proposed system, outlined in a multiphase structure (as seen in Figure 1), begins by collect-
ing accredited data, followed by feature selection to identify the most relevant predictors.
Subsequent noise reduction techniques address holiday-related variabilities, preparing
the data for forecasting. Finally, we run three ML methods across three cloud platforms,
achieving greater reliability and robustness due to the unique “2-out-of-3” system—a
novel contribution of this research that underpins the system’s high fault tolerance and
operational resilience.

The key contributions of our paper can be summarized as follows:

(a) Hybrid forecasting framework with deviation correction:

We develop a two-stage forecasting approach using historical load data (1 April 2022–
30 March 2025). The framework partitions the dataset using the first 80% for training and
the remaining 20% for testing.

The proposed model first generates a 24 h load forecast (for 31 March 2025) and then
refines the initial prediction by analyzing the deviation trend present within the test data.
For the first 5 h of 1 April 2025, the forecast is computed as the sum of the initial predictions
and the forecasted deviation, thereby reducing systematic errors in volatile periods.
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Figure 1. Steps of the proposed load consumption forecasting system.

(b) Fault Tolerance via Distributed Cloud Deployment and Voting:

To enhance the reliability of the forecasting system, we deploy three distinct forecasting
models across three independent cloud platforms. We use a “2-out-of-3” voting scheme
to determine the final prediction at each time point, ensuring that even if one platform or
model produces an outlier result, the consensus from the other two can override it. This
approach significantly improves the fault tolerance of the system as the overall prediction
reliability remains high unless multiple components fail concurrently.

(c) Generalizable and Adaptable Methodology

By integrating robust feature selection, machine learning, statistical methods, and
cloud computing, our framework does not rely on region-specific assumptions. This
design facilitates its application to various types of electrical load data and across different
geographic regions.

Collectively, these contributions demonstrate the novelty of our approach in simul-
taneously addressing accuracy through deviation correction and ensuring operational
reliability with a fault-tolerant cloud-based ensemble system. This comprehensive method-
ology paves the way for future enhancements using diverse energy market data.

The rest of the paper is organized as follows: Section 2 explains the methodology
of prediction. Then, we show results in Section 3 and present a discussion in Section 4,
followed by the conclusion in Section 5.

2. Methodology
2.1. Procedures

The methodology consists of implementing five steps. The procedures of each step are
shown in Figure 1.

First, we gathered weather information. To do this, we checked a variety of sources
such as the National Weather Service, Weather Channel, AccuWeather Co., Weather Un-
derground Co., and wunderground.com. We selected Wunderground data (1 April 2022–1
April 2025) as the primary source of information based on our consideration of the available
sources. Our project significantly benefited from the database’s comprehensive weather
information and historical data, and this source provided us with reliable and accurate
information to work with. However, the proposed model is built to be flexible for different
regions and types of electrical loads. It combines machine learning, statistical methods, and
strong feature selection and deviation correction to capture the key patterns of energy use
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without being limited to a particular area. Its modular design allows it to work with various
datasets and operating conditions, ensuring reliable forecasts even when the data quality
and structure differ. This broadly applicable method maintains consistent performance and
sets the stage for future improvements with diverse energy market data.

2.2. 1-Collecting Historical Data for Load Consumption

The PJM (PJM is a regional transmission organization (RTO) that coordinates the
movement of wholesale electricity in all or parts of 13 states and the District of Columbia)
website represents data from the electrical grid in 13 of the United States (Figure 2) and pro-
vided us with resources to track and analyze power usage. They are known for providing
reliable and official datasets that are essential for studying energy consumption patterns
across a wide region.

Figure 2. PJM’s dataset from several companies in the United States—courtesy of PJM [42].

As mentioned, the analysis focused on DEO&K Co (Figure 3). According to existing
data, the area is the smallest, and the weather data are accurate due to its size.

Figure 3. Duke Energy Ohio and Kentucky (DEO&K) Co serving area—courtesy of PJM [42].

In order to access these data directly, we used the “Data Miner 2” platform. Data Miner
2 provides us with a comprehensive feed of operational summaries from previous periods
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and a wealth of information to analyze electrical energy consumption. Figures 4 and 5
show the collected data for load consumption from 1 April 2022 to 1 April 2025.

Figure 4. Consumption data from 1 April 2022 to 1 April 2025.

 

Figure 5. Dispatch rate data from 1 April 2022 to 1 April 2025.

Duke Energy Ohio and Kentucky (DEO&K) is a major utility company serving over a
million customers across southwestern Ohio and northern Kentucky. As a subsidiary of
Duke Energy, it operates and maintains the electric grid, ensuring reliable power delivery
through a mix of traditional generation assets and investments in modern infrastructure.

2.3. 2-Feature Selection
Correlation Matrix (CM)

A correlation matrix is a matrix of correlation coefficients between two variables (in
A correlation matrix is a matrix of correlation coefficients between two variables (in this
case, load consumption and weather features). The values range from −1 to 1. Correlation
matrices represent the following values:

• +1: means that the two variables increase proportionally as one increases.
• −1: indicates that a perfect negative correlation exists, meaning that as one variable

increases, the other variable decreases proportionally.
• A correlation of 0: there is no linear relationship between the variables. It is still

possible; however, that another nonlinear relationship exists.

The best feature can be defined as the smallest values for “actual load—feature”. The
results for the calculated correlation matrix can be seen in Table 1.
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Table 1. Correlation by CM.

Features Correlation Value Features Correlation Value

Dispatch rate 0.33921 Condition −0.029156

Wind Speed 0.11236 Pressure −0.091274

Wind Gust 0.11188 Dew Point −0.10462

Humidity 0.052206 Temperature −0.1339

Precipitation 0.0035134 Actual Load 1

As follows from Table 1, the most important predictors are wind speed, wind gusts,
and temperature. We also incorporate the energy price (Figure 5, “Dispatch Rate”) and
local population growth (https://news.duke-energy.com/, access on 30 March 2025). The
Cincinnati area grew at an average annual growth rate of 0.56% from 2000 to 2024, which
we apply to the DEO and K territory’s forecast (https://fred.stlouisfed.org/series/CTIPOP,
access on 21 May 2025).

2.4. 3-Trend Correction

Adjusting the “actual load” data for holidays and weekends is crucial for creating accu-
rate energy consumption forecasts because these days often exhibit unique usage patterns
distinct from regular weekdays. During holidays and weekends, typical daily routines
shift significantly—people may stay at home longer, leading to increased residential energy
use, while many businesses close or reduce operations, decreasing commercial energy
demand. Ignoring these variations could skew data analysis, leading to inaccurate models
that perceive these anomalies as regular consumption trends, thus mistaking significant
deviations for ‘noise’ in the data.

To accurately reflect energy consumption patterns, we employ a systematic approach
to adjust for these discrepancies. Firstly, we identify public holidays and weekends within
the dataset. We then calculate the average energy usage on these days and compare it to the
average on typical weekdays to understand the variance in consumption. By calculating
a holiday coefficient, a metric that quantifies the difference in energy use, we can adjust
daily load values accordingly. In this case, the holiday coefficient is 0.937; this indicates
that energy use on holidays and weekends is 93.7% of that on a regular day.

Applying this coefficient systematically across the dataset enables us to adjust the
actual load values for holidays and weekends. This adjustment ensures that our energy
consumption data more accurately reflects the true patterns, taking into account the lower
or shifted energy use on these non-standard days. By doing so, we mitigate the risk of
misinterpreting the seasonal or occasional drops in energy usage as errors or outliers,
thereby enhancing the overall accuracy and reliability of our energy forecasting models.
This nuanced approach is not only methodologically robust but also essential for sectors
like utility planning and energy policy making, where predicting precise demand is critical.

It is important to mention that using a holiday factor helps reduce the variation caused
by holidays. This adjustment is only applied during model training to lessen the impact
of irregular consumption on holidays and weekends. When making predictions, if the
target date is a holiday, weekend, or special day, we reverse the adjustment by dividing the
forecasted value by the holiday coefficient. This approach helps us have smoother trends
during training, while still being able to accurately predict holiday consumption during
the prediction phase.

https://news.duke-energy.com/
https://fred.stlouisfed.org/series/CTIPOP
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2.5. Implementation of Multiple Machine Learning Methods on Multiple Clouds

To forecast consumption for the next 24 h, we use data from 1 April 2022 to 1 April
2025. The consumption for the next 24 h (31 March) can be seen at Table 2 with different
methods by using heart Al [43–45], namely the following machine learning methods:
Support Vector Machine (SVM), Seasonal Autoregressive Integrated Moving Average with
eXogenous regressors (SARIMAX), SARIMAX + SVM, Long Short-Term Memory (LSTM),
Linear Regression (LR), and forecasting values by Decision Tree (DT).

Table 2. Results of the first prediction for the next 24 h by different methods in gigawatt.

Points Actual Data SVM SARIMAX SARIMAX-SVM LSTM DT LR

1 2.7142 2.6015 2.6639 2.6643 2.5890 2.5957 2.6134
2 2.4560 2.3966 2.4690 2.4344 2.5842 2.4083 2.3944
3 2.3348 2.3481 2.4151 2.3484 2.4777 2.3426 2.3371
4 2.2407 2.3904 2.3956 2.2992 2.2989 2.5218 2.3509
5 2.1184 2.3425 2.3332 2.2162 2.1163 2.5564 2.3206
6 2.0390 2.3999 2.2708 2.1503 2.0707 2.2839 2.3288
7 2.0019 2.3812 2.2343 2.1183 2.1638 2.2340 2.3469
8 1.9885 2.2186 2.2119 2.1052 2.2506 2.2557 2.2873
9 2.0104 2.2542 2.1978 2.1095 2.2660 2.1821 2.2571

10 2.1826 2.3480 2.3251 2.2581 2.3503 2.2845 2.3648
11 2.4312 2.5364 2.5075 2.4677 2.4726 2.3892 2.5374
12 2.5925 2.5118 2.6105 2.5944 2.5176 2.5190 2.5796
13 2.6633 2.5209 2.6243 2.6300 2.5002 2.4803 2.5489
14 2.7386 2.5162 2.6607 2.6812 2.5322 2.4634 2.5464
15 2.8005 2.5569 2.7059 2.7328 2.5907 2.6012 2.5706
16 2.8049 2.5523 2.7000 2.7302 2.6029 2.6616 2.5567
17 2.8078 2.6193 2.7314 2.7517 2.6543 2.7387 2.6047
18 2.8121 2.8028 2.7914 2.7927 2.7578 2.9074 2.7348
19 2.8116 3.0136 2.8453 2.8277 2.9006 2.9053 2.9066
20 2.8131 2.8910 2.8782 2.8489 2.9880 2.7959 2.9388
21 2.8432 2.8151 2.9128 2.8805 2.9828 2.7885 2.8989
22 2.8704 2.7953 2.9080 2.8846 2.8775 2.7140 2.8317
23 2.9160 2.7785 2.9365 2.9175 2.8068 2.7983 2.8109
24 2.9439 2.7573 2.8954 2.9234 2.8334 2.7480 2.7514

In order to evaluate the methods, Deviation, MSE (Mean Squared Error), MAE (Mean
Absolute Error), MAPE (Mean Absolute Percentage Error), and RMSE (Root Mean Squared
Error) are calculated using Equation (1) through (4), where A stands for actual and F for
forecasted loads. The results are shown in Figure 6.

MSE : MSE =
1
N ∑N

i=1(Ai − Fi)
2 (1)

MAE : MAE =
1
N ∑N

i=1|Fi − Ai| (2)

MAPE : MAPE =
1
N ∑N

i=1

∣∣∣∣ Ai − Fi
Ai

∣∣∣∣× 100% (3)

RMSE : RMSE =

√
1
N

× ∑N
i=1(Fi − Ai)

2 (4)

Thus, SARIMAX and SARIMAX + SVM yield the top two results. Third, we select
LSTM forecasts. The first cloud represents SARIMAX, the second cloud represents SARI-
MAX + SVM, and the third cloud represents LSTM. All results from these methods should
always be close to one another. One of the results should not be considered until it is
aligned with the other two if it deviates significantly. This way, we are always able to
forecast accurately.

In our analysis, we implemented a threshold-based approach to evaluate the closeness
of predictions from LSTM, SARIMAX, and SARIMAX + SVM models, establishing a 5%
threshold relative to actual load values to ensure robustness in our forecasting accuracy. By



Forecasting 2025, 7, 25 9 of 17

calculating the absolute differences between each pair of forecasted results and comparing
these to the threshold, we determined whether the deviations fell within acceptable limits.
This method enabled us to apply a systematic and quantifiable measure to assess the
prediction alignment, requiring at least two out of the three models to agree within this
predefined margin. This approach ensures that our forecasting system remains reliable by
incorporating a consensus mechanism, which enhances the validity of the predictions by
mitigating the impact of outlier forecasts and refining the overall prediction accuracy.

Figure 6. MAE, MSE, MAPE, and RMSE errors produced by the methods under analysis.

2.6. Deviation Correction (DC)

In this step, we calculate how much each outcome deviates from the actual data. Then,
by understanding the pattern of these differences, we can accurately predict the future
deviation. We now have a deviation for the first 24 h and can predict the next 5 h of
deviation, which means the first 5 h of 1 April 2025 (Figure 7).

Now, we have the predicted values for the next 5 h as well as the forecasted deviation
for the last 5 h (Table 3).

Table 3. Predicted consumption and deviation for the last 5 h—values given in gigawatt (GW).

Predicted Consumption Predicted Deviation

LSTM SARIMAX SARIMAX + SVM LSTM SARIMAX SARIMAX + SVM

2.9623 2.9698 2.9696 0.0118 0.01 0.0114

2.868 2.852 2.8763 0.0123 0.0415 0.0184
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Table 3. Cont.

Predicted Consumption Predicted Deviation

LSTM SARIMAX SARIMAX + SVM LSTM SARIMAX SARIMAX + SVM

2.6871 2.6976 2.6977 0.0141 0.024 0.0274

2.5187 2.5452 2.5309 0.0150 0.0152 0.0361

2.4111 2.4233 2.4239 0.0154 0.0334 0.0389

Figure 7. Forecasted value deviations for the next 5 h using selected methods.

So, after collecting historical data for load consumption, feature selection, and trend
correction, the next steps are explained in parameters of the proposed model in clearer way.

Description 1: Parameters of the Proposed Model

So, after collecting historical data for load consumption, feature selection, and
trend correction, the next steps are explained in the parameters of the proposed model
more clearly.

Input:

• Dataset D from 1 April 2022, to 30 March 2025;
• Forecast horizon: next 24 h (31 March 2025).

Output:

• Hourly load forecast for 31 March 2025, with refined predictions for the first 5 h of
1 April 2025.

Data Partitioning

The training set consists of the first 80% of D.
The test set consists of the remaining 20% of D.

24 h Forecasting

2.1. Train the forecasting models on the training set.
2.2. Generate the forecast for the next 29 h: 24 h for 31 March 2025 (A), and the first 5 h of

1 April 2025 (B).
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Deviation Analysis and Correction

3.1. Analyze the deviation trend within the test set.
3.2. Forecast the deviation for the first 5 h of 1 April 2025 (C).
3.3. For the first 5 h, compute the corrected forecast:

Final Forecast = B + C

Fault Tolerance via 2-out-of-3 Voting on Three Cloud Platforms

4.1. Deploy three different models on three cloud platforms.
4.2. Determine the final prediction by majority voting (averaging the consensus) if at least

two out of the three platforms produce consistent predictions.

For instance, if all three systems work, reliability follows R3.
If exactly two systems function correctly while one fails, the reliability contribution is

proportional to 3R2(1−R).
The system fails only if two or more components (cloud or forecasting method) fail,

which is not considered in the formula.

• R represents reliability.

3. Results
Table 3 presents the predicted consumption values alongside the forecasted deviations.

To derive the final forecast for the last five targeted hours, we sum these two metrics.
The outcomes of this computation are documented in Table 4, representing the finalized
forecasted values.

In our analysis, Figure 6 illustrates the errors in the forecast before applying DC.
Figure 8 shows the final prediction.

Figure 8. Final prediction for the next 5 h.

Table 4. Predicted consumption and deviation for the last 5 h—value given in gigawatt (GW).

Actual Predicted Consumption by Proposed Methods Predicted Consumption Without DC

Real Data LSTM-DC SARIMAX-DC SARIMAX-SVM-DC LSTM SARIMAX SARIMAX SVM SVM LR DT

2.9734 2.9741 2.9798 2.981 2.9623 2.9698 2.9696 2.9108 2.9201 2.9267

2.9042 2.8803 2.8935 2.8947 2.868 2.852 2.8763 2.8002 2.8065 2.7971
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Table 4. Cont.

Actual Predicted Consumption by Proposed Methods Predicted Consumption Without DC

Real Data LSTM-DC SARIMAX-DC SARIMAX-SVM-DC LSTM SARIMAX SARIMAX SVM SVM LR DT

2.7497 2.7012 2.7216 2.7251 2.6871 2.6976 2.6977 2.5907 2.5951 2.6522

2.6016 2.5337 2.5604 2.567 2.5187 2.5452 2.5309 2.4679 2.4688 2.5314

2.5026 2.4265 2.4567 2.4628 2.4111 2.4233 2.4239 2.3556 2.3538 2.4221

4. Discussion
The errors depicted in Figure 6 represent discrepancies likely caused by assumptions,

external factors not accounted for in the initial model, or inherent data variability and other
factors. By comparing these results with those in Table 5, Figures 8 and 9, which showcase
the errors after applying deviation correction and final prediction, we observe a marked
improvement in forecast accuracy.

Table 5. MAE, MAPE, RMSE, and MAPE produced by the methods under analysis.

Metric CM-LSTM-DC CM-SARIMAX-DC CM-SARIMAX-SVM-DC

MAE 0.0434 0.0264 0.0232

MSE 0.0027 0.0009 0.0007

RMSE 0.0516 0.0308 0.0266

MAPE 1.65% 1.00% 0.88%

Figure 9. MAE, MSE, MAPE, and RMSE errors produced by the methods under analysis after/
before DC.

By implementing the proposed technique, we have seen a marked improvement
in the accuracy of our forecasting models across all metrics. As detailed in Table 4, the
initial forecasts from models such as LSTM, SARIMAX, and SARIMAX + SVM show
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certain deviations from actual consumption values. However, after applying the proposed
method, there is a significant reduction in both MAE and MAPE, indicating a closer
alignment with the actual data, as shown in Table 5. The RMSE and MSE metrics also
show a substantial improvement, confirming the effectiveness of the proposed method
in refining our predictions. This enhancement is further evidenced by the visual analysis
in Figure 6, where the post-proposed system predictions align more closely with the true
consumption patterns.

By comparing the forecasted values with recorded data in Table 5, the SARIMAX model
shows a notable increase in forecast accuracy, as evidenced by the progression of predicted
values compared to the relatively stable initial results. This suggests that the proposed
method enhances the model’s ability to better capture and adjust to underlying trends,
possibly by improving the handling of seasonal patterns or anomalies previously not as
accurately modeled, with a clear shift indicating a reduction in systematic underestimations.
For the SARIMAX + SVM model, the results indicate an improved model response to data
variance, starting with higher predictions and tapering to values that more closely match
actual measurements. Meanwhile, even the already highly accurate LSTM model shows
subtle but important enhancements; slight increases in forecast values reflect the fine-tuning
provided by the proposed method, which, although minor, significantly boosts the model’s
precision and alignment with real consumption data. These nuanced adjustments, while
numerically slight, signify meaningful improvements in the models’ abilities to predict
energy consumption with reduced error margins, demonstrating the effectiveness of the
proposed technique in refining forecast accuracy and providing a more reliable, adaptable
tool for energy management and planning.

Overall, the proposed system not only enhances the accuracy but also bolsters the
reliability of forecasting by integrating advanced analytical techniques that effectively adapt
to varying data patterns and seasonal fluctuations. This integration enables the system to
handle anomalies and outliers with greater precision, ensuring that forecasts remain robust
under diverse conditions. Additionally, by leveraging real-time data processing capabilities,
the system continuously updates its predictive models to reflect the latest trends, further
enhancing the forecast reliability. The incorporation of machine learning algorithms also
allows the system to learn from past discrepancies, automatically adjusting its parameters
for future predictions, thereby reducing the likelihood of significant forecasting errors and
improving the overall decision making in energy management. This holistic approach not
only optimizes the accuracy and reliability of forecasts but also enhances the operational
efficiency of energy systems, providing a valuable tool for both immediate and long-
term planning.

The proposed 2-out-of-3 cloud-based voting system works as follows (R is the reliabil-
ity of each cloud, such as AWS):

R3: All three systems work correctly.
(3R2) (1−R): Exactly two systems work and one fails (and the two correct results

“outvote” the incorrect one).
The system only fails if two or more components fail, which is excluded in this formula.
The structure could be seen in Figure 10.
The proposed method aims to predict the grid demand. Consumer behavior in using

renewable energy is affected by personal motivation, making it difficult to study with
numbers alone. Instead, forecasts focus on the results of consumer actions. The study
in [46] looks at the future of renewable energy in Poland by reviewing consumer opinions,
legal rules, and energy balance.

Another study [47] shows that events like war can change energy management condi-
tions and increase the focus on energy efficiency. War can raise natural gas prices, which in
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turn may push up electricity prices in some markets. Unfortunately, unexpected events
like war also affect oil prices, the economy, industry, and even physical and mental health.
Energy demand, prices, and environmental concerns may accelerate the shift to cleaner
and more sustainable sources, such as wind and solar energy.

Another interesting area for future work is energy forecasting at a local level, such as
for a specific region, building, or location. For example, the authors in [48] describe using
machine learning in smart buildings to boost the energy efficiency by analyzing energy use,
occupancy patterns, and environmental conditions. They tested prediction models using
algorithms like LSTM, RF, and the gradient boosting regressor, and applied these models to
real-life case studies in educational buildings. The results show that customizing predictive
models to fit each building’s unique energy consumption characteristics is crucial.

Cloud A 

DATA Cloud B 

Cloud C 

Cloud B 

Cloud C 

Cloud A 

Final 

Prediction 

Figure 10. The proposed 2-out-of-3 cloud based voting system for energy prediction.

5. Conclusions
In this paper, we introduced a novel parallel method for short-term energy forecasting

in electrical networks, leveraging the DEO&K Co data from the PJM website. The system
was rigorously applied to real hourly energy consumption data spanning from 1 April 2022
to 1 April 2025. We provided forecasts for the five subsequent intervals of the case study
and demonstrated increased forecasting accuracy through the integration of deviation
correction, trend correction, and redundant machine learning across three diverse clouds.
This approach not only enhanced reliability through a ‘2-out-of-3’ cloud-based system, but
also significantly improved the precision of our machine learning models. Specifically, the
LSTM model’s Mean Absolute Percentage Error (MAPE) decreased from 5.17% to 1.65%,
reflecting an absolute improvement of 3.52% (a 68.09% relative reduction). The SARIMAX
model showed even greater gains, with MAPE dropping from 4.21% to 1.00%—an absolute
improvement of 3.21% (76.25% relative reduction). Similarly, the SARIMAX + SVM model
achieved a MAPE reduction from 2.21% to 0.88%, marking an absolute improvement of
1.33% (60.18% relative reduction). These results underscore the potential of integrating
cloud-based infrastructure into real-time grid management, offering substantial advance-
ments over traditional forecasting methods. Future work will aim to further refine these
techniques and expand their application to additional datasets and forecasting scenarios.
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Nomenclature

Metric Definition
MSE Mean square error
MAE Mean absolute error
MAPE Mean absolute percentage error
RMSE Root mean square error
AE Average error
DC Deviation correction
ML Machine learning
SARIMAX Seasonal autoregressive integrated moving average with exogenous regressors
DT Decision tree
LSTM Long short-term memory
SVM Support vector machine
LR Linear regression
ANN Artificial neural networks
DEO&K Co Duke Energy Ohio and Kentucky
TC Trend correction
AWS Amazon Web Services
CM Correlation matrix

PJM
PJM is a regional transmission organization (RTO) that
coordinates the movement of wholesale electricity
in all or parts of 13 states and the District of Columbia
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46. Zielińska-Sitkiewicz, M.; Chrzanowska, M.; Furmańczyk, K.; Paczutkowski, K. Analysis of Electricity Consumption in Poland
Using Prediction Models and Neural Networks. Energies 2021, 14, 6619. [CrossRef]
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