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░ ABSTRACT- The researchers argue that better deep learning methods need to be applied in smart power systems because 

of the smart grid's inability to effectively plan the generation, transmission, and distribution of electrical power in the coming years. 

Convolutional neural networks (CNNs) are used to set up the energy forecasting estimation approach; CNNs with flexible data 

features are used to mine characteristics; power ambiguity is quantified; drop regularization is used to optimize the deep network 

structure; data features are learned using a deep forest; and a model for prediction is constructed. The results showed that the root 

mean square errors (RMSE) for the weekend power load forecast were 17.3 for the random forest and 17.1 for the Long Short-Term 

Memory (LSTM) algorithm, while 27.5 was predicted by the Support Vector Machine (SVM) algorithm. The authors' approach 

provides the most accurate forecast (14.8). After being validated using real-world load data, this technique provides reliable power 

load predictions even when load oscillations are present. Because of its superior accuracy compared to currently used approaches, 

it is seen as crucial technical assistance in resolving the fundamental issues associated with smart power systems. 
 

Keywords: Convolutional neural networks, Root Mean Square Errors, Long Short-Term Memory, Support Vector Machine, 

Smart Power Systems. 

 

 

 

░ 1. INTRODUCTION   
Power supply management's primary goal has shifted to the 

development of power load forecasting systems in response to 

growing concerns about the smart grid's impact on the 

environment, sustainability, and energy independence. 

Information and communication technologies are becoming 

increasingly potent and efficient, which has aided in the creation 

of smart grids. Research on safer, more dependable, more 

efficient, and cheaper smart grids has received a lot of interest 

in this setting, as illustrated in figure 1. Load forecasting for 

users one day in advance is now required for daily operation and 

planning of the smart grid. Many choices, such as those 

involving gas supply planning, security measures, financial 

planning for power generation, and e-business strategy, depend 

on the precision of intraday forecasting models. Predicting the 

next day, however, is challenging due to the fact that it is 

dependent on variables such as weather and chance. Reducing 

demand-related uncertainty and satisfying product 

specifications are key to achieving this goal. To accomplish 

this, it is important to learn about the features of demand 

forecasting and then use that knowledge to either fine-tune or 

choose the best model for short-term load forecasting. Since 

short-term load forecasting can be viewed as a time forecasting 

problem, the accuracy of load forecasts can be further improved 

by integrating a set of neural network models based on the 

current load forecasting load. Although effective for short-term 

energy load forecasting, the neural network algorithm's limited 

number of hidden nodes means it can't be used to fully explore 

the investment properties of certain casino problems. During 

short-term energy load forecasting, the peak load is considered 

to be an important factor affecting the stability of the smart grid, 

so understanding this is crucial. Overestimation and dip can 

cause energy waste during peak loads, regardless of how well 

the machine learning algorithm performs. It's possible that the 

weekly maximum forecast will serve as the short-term forecast 

objective in some situations. It is on the basis of short-term peak 

load forecasts that power sector operations including electricity 

production, safety measures, and energy conservation are 

carried out. Thus, it is crucial to enhance the precision of short-

term energy load forecasting. 
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Figure 1. Smart electrical power system 
  

Short-term power load forecasting has been around for a long 

time, and many scholars have studied the topic extensively, 

leading to a wide variety of approaches to the problem and 

generally positive outcomes [1]. Simple linear regression, 

multiple linear regressions, nonlinear regression, the artificial 

neural network (ANN), and the support vector machine (SVM) 

are just some of the methods that have been utilised by 

numerous academics to predict short- and medium-term power 

demand. Load predictions were made using linear regression. 

After combining the ant colony algorithm with grey theory, 

Zhang et al. set up a grey ant colony neural network and 

implemented a feedback mechanism based on the GM (1,1) 

model to achieve the desired outcomes [2]. By combining 

autoregressive modelling with nonlinear load regression and 

chaos theory, Chen and Chen were able to lessen the impact of 

locally extreme values on their predictions [3]. Ngoc opted for 

the Grassberger-Procaccia algorithm for short-term load 

prediction by chaotic dynamic reconstruction, and residual 

values pertinent to the factor were obtained through least-

squares regression [4]. Yu looked into the multiple regression 

tree (CART) random forest model for estimating short-term 

energy loads [5]. Souza opted for an ANN (artificial neural 

network), a neural fuzzy structure made out of experimental 

data that may be used to set the parameters of a fuzzy reasoning 

system. The ANN (artificial neural network) with research data 

for collision-free systems can be used to select a neural fuzzy 

model [6]. Short-term load forecasting models based on 

artificial neural networks (ANNs) are quite accurate, and the 

most commonly used ANN is the multilayer perceptron (MLP), 

which estimates the load curve based on historical data. We 

know that the structure of a neural network is crucial because it 

stores information about the network (such as estimated time or 

change) [7]. An ANN-based time prediction model was 

proposed by Liu et al. for personal usage [8]. 
 

The authors propose using enhanced deep learning approaches 

in intelligent power systems based on current research. First, the 

convolutional neural network is utilised to create the energy 

prediction calculation model, and then the deep forest is 

employed in conjunction with the Monte Carlo algorithm to 

quantify the power uncertainty. Second, the features of 

uncertainty evaluation and power distribution that were gleaned 

are fed into a deep forest in order to make reliable predictions 

of near-term power consumption [9]. Figure 2 depicts the 

detailed procedure for this approach. 

 

 

 
 

 

Figure 2. A novel method for predicting power load accurately 

 

To train the deep convolutional network, we first select from 

historical data enough time series of short-term power load data 

that were collected under identical operating conditions. The 

authors offer the potential laws buried in the data that are hard 

to express or find by analytical approaches and store them in the 

form of graph data using a deep convolutional network [10]. To 

take into account the impact of the uncertainty of the original 

data on the prediction results, the authors use dropout 

regularization to optimize the deep network structure and 

realize the uncertain quantification of extracted features through 

the uncertain evaluation of model parameters. To conclude, the 

authors develop a prediction model using the deep forest to 

learn the extracted data features and accomplish an accurate 

forecast of power load. 

 

2. Materials and Methods  
2.1. Convolutional Deep Networks 
According to its theoretical foundation, the deep convolutional 

network is a prominent deep learning technique that can 

accurately determine the spatial relationship between parts of a 

complicated matrix and extract significant data features. The 

authors' CNN model consists of the following layers: input, 

convolutional (C1), convolutional (C2), perceptron (P2), 

perceptron (P4), fully connected (FC5), and softmax (output). 

The convolution process in a deep convolutional network 

descends the feature map, reduces the map dimension, and 

extracts local features in order to better understand the texture 

of the input (image) matrix. The original image's details can be 

recovered by folding the image in half and then joining the two 

layers. Next, the fully connected layer (FC5) is an abstract 

https://www.ijeer.forexjournal.co.in/
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method for displaying class traits. The distribution result is 

given via the Softmax function as the output method [11]. One 

way to accomplish this is to insert a deep process between the 

second integration layer and all of the related processes. The 

efficacy of deep convolutional network training may then be 

better understood, sensitive feature information can be 

extracted more precisely, and a foundation can be laid for future 

predictions.  

 

2.2. Regularisation using Monte Carlo—

Discarding 

1. The authors adopt a Monte Carlo dropout 

regularization (Monte Carlo-dropout regularization) algorithm 

to measure the uncertainty of the parameters of the deep 

convolutional network model, using the Monte Carlo 

uncertainty estimation capability to quantify the uncertainty of 

the model parameters; this indirectly reflects the hidden 

uncertainty of the power load data and ensures a trustworthy 

final prediction result [12]. 

2. In general, a deep convolutional network can be 

represented by the function fw(x), where x is the network input 

and w is the network weight. After being trained, the network 

will produce the output y=fw(x). New sample x can be predicted 

using the formula y* = fw(x*). The Monte Carlo drop 

regularisation uses the following computation technique to 

determine the network's uncertainty: First, test the trained 

convolutional network with the fresh input x*, and then, while 

computing the prediction, randomly discard the intermediate 

layer neurons N times with a given probability p. This yields a 

collection of predicted value vectors y*1, y*2... y*N. This 

allows us to assess the network's prediction's level of 

uncertainty as follows: 

3. 𝑉𝑎𝑟[𝑓𝑤(𝑥∗)] =
1

𝑁
∑ (𝑦𝑖

∗ − 𝑦∗), 𝑒 =𝑁
𝑖=1

√𝑉𝑎𝑟[𝑓𝑤(𝑥∗)] (1) 

4. The formula uses the variance of N replicates of the 

Monte Carlo prediction (represented by Var[fw(x*)]), the 

average value of N replicates of the Monte Carlo forecast 

(represented by y*), and the forecast uncertainty (represented 

by e). This allows the prediction uncertainty to be assessed 

using Monte Carlo dropout, with the results being fed into a 

future prediction model for the purposes of learning and 

memory. By doing so, the effects of uncertainty on the updated 

data can be adaptively compensated for, leading to more reliable 

prediction outcomes. 

1. 2.3 Deep Forest 

5. If you want to delve deeply into random forests, you 

can use a technique called "deep forest (GCForest). First, a 

random forest bootstraps a subset of data sets L from the initial 

data set x. Then, a decision tree is constructed using the 

information from each individual subset dataset, and these trees 

are combined into an L-tree deep forest. The random forest's 

final result is decided using a voting or averaging approach after 

each decision tree has been constructed. Class classification 

probabilities are obtained by computing the percentage of 

distinct classes in the report [13], and deep forest implements 

the complete decision tree as a random forest. As a result, the 

yield of a dense forest is calculated by analysing the location of 

each tree inside the forest. Multivariate analysis (MGS) and 

cascade forests are utilised in deep forests, which are 

applications of deep learning techniques. The purpose of MGS 

is to derive meaningful data from an image by doing the 

following: To begin, a sub image S is printed from each grey 

scale image (M×M matrix, where M is the size of the image). 

Each sub graph is represented by a K×K matrix. S = [(M-k)/j + 

1] if the overshoot is j. If we train all the random forests at once 

with each little image, then the resultant information class letter 

C will be represented by a vector of points C. The 2C critical 

feature vectors for each sub image are derived by summing the 

output vectors from the two training forest models. Therefore, 

both forest models produce a feature matrix for each grey scale 

image with dimension S×2C. Once the MGS output of each 

grey image has been obtained, the columns of the feature matrix 

can be collected to yield a 2×S×C visual probability vector. 

Gary scale images can be scanned using a multi-sliding window 

to generate output vectors. For this analysis, we employ a 

sliding window with the following parameters: M = 28 for the 

grey scale images, k = 26 for the sliding window, and j = 1 for 

the number of photos. The standard is the cascade forest. When 

applying deep learning methods, the deep forest is often the tool 

of choice. It takes the MGS findings as a vector and spits out 

the final distribution. Matte forests are multi-layered, with two 

independent random forests in each layer [14]. The output 

length of each layer in the cascade forest is 4C, much like the 

MGS forest, because each sampled random forest yields a result 

vector of C items. During training, the optimal number of layers 

is established, and cross-validation is used to ensure each layer's 

accuracy. The MGS probability P=(S×2C) is sent into the first 

layer for each grey scale image. The P probability components 

from the first layer are added to the 4C elements from the first 

layer to form a new vector that serves as input to the second 

layer. The input vectors of subsequent layers are formed using 

a chain reaction of these same connections. Class C is 

determined by averaging the outputs of the last layer's four 

forest models. The maximum value of the final result is used for 

the deep forest [15]. Cascade forests are more effective than 

deep neural networks at handling multivariate input because the 

number of layers in the model is adaptively chosen based on 

training results. As a result, the energy load forecasting strategy 

proposed by the authors can process many data types, adjust to 

new or changing information, and make robust, trustworthy 

forecasts. 

6. 3. Results 

7. Smart grid technology relies heavily on intelligent 

energy management and demand-side integration. Particularly 

useful is the ability to predict near-term energy demands. The 

authors offer a new approach to deep learning that accounts for 

the uncertainty of prediction as well as the use of powerful deep 

learning algorithms to address this issue. The method's efficacy 

was evaluated by analysing the power plant's energy load data 

collected over time [16]. In 2021, the power grid will be 

recording the whole power load data constantly; due to the 

volume of data, Figure 3 will only display the full power load 

data for two days. While the data curve may appear to 

demonstrate relevant laws or trends at first glance, a closer 

examination reveals that the original power load data exhibits 

obvious variations, showing that there are significant 

https://www.ijeer.forexjournal.co.in/
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uncertainties in the power load during the functioning of the 

power grid. 

8. In addition, the authors extensively analysed the past 

data to foresee how they would behave and to analyse the 

frequency of power load fluctuations, particularly the influence 

of different time periods and seasons on power load 

fluctuations, so as to provide ideas for the analysis of past data. 

An examination of past data reveals that while power load 

curves tend to have a fairly consistent distribution across all 

time points on weekends (Saturday and Sunday), this is not the 

case during the week (Monday through Friday) due to the 

complex and variable nature of power demand, making 

weekday predictions more challenging. The investigation also 

reveals that electricity demand forecasting is negatively 

impacted more by data variations in the summer than in other 

seasons, revealing more complex uncertainty. Figure 4 [17] 

displays the results of a variance calculation performed on the 

data for weekdays, weekends, and the summer of 2021 in order 

to statistically examine the variability of the power curve of the 

power grid throughout these three time periods. 
 

 

Figure 3. Power consumption records for the preceding two days 

 

Figure 4 shows the calculated degree of power variation for 

several time periods, such as weekends, weekdays, summer, 

and other times of the year. Forecasting is particularly difficult 

on weekends, workdays, during the summer, and other times of 

the year due to swings' unpredictable nature. However, if the 

volatility of power loads can be kept under control, the accuracy 

of power load predictions across time periods can be improved, 

and reliable and accurate results can be generated. Predictions 

of historical data for many epochs were made to confirm this 

scholarly perspective. The root-mean-squared error (RMSE) 

and the mean absolute deviation (MAD) are two metrics used 

to evaluate the reliability of a prediction model. 
 

Table 1. Power consumption fluctuations 

Portion of Time 
Variability in uncertainty  / 

(MVh) 

Period of Labour 3554.3 

Weekends 2719.1 

Summer Time 4652.7 

 

 
 

Figure 4. Power consumption fluctuations 

 

Table 2. Predictions of the Daytime Power Demand 

Predictive 

Technique 

Precision in forecasting 

RMSE  MAPE 

SVM  26.1 0.025 

Random forest  19.5  0.023 

LSTM  19.3  0.023 

Proposed Technique  17.2 0.021 

 

 
 

Figure 5. Predictions of the Daytime Power Demand 

 

Table 3. Predictions regarding this weekend's power 

consumption 

Predictive Technique 
Precision in forecasting 

RMSE  MAPE 

SVM  27.5 0.026 

Random forest  17.3 0.022 

LSTM  17.1 0.022 

Proposed Technique 14.8 0.020 
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Figure 6. Predictions regarding this weekend's power consumption 

 

Table 4. Predicted power consumption during the next 

three months 

Predictive 

Technique 

Precision in forecasting 

RMSE  MAPE 

SVM  35.1 0.033 

Random forest  27.8 0.027 

LSTM  27.5 0.026 

Method  18.3 0.022 

 

 

Figure 7. Predicted power consumption during the next three months 
 

The main common ones are compared, including LSTM, SVM, 

and random forest. The expected daily power consumption is 

displayed in figure 5 during business hours. Complete grid 

power load data for 100 weekdays (excluding weekends) was 

chosen for analysis. Prediction results show that random forest 

and the LSTM algorithm are on par with one another, 

outperforming SVM but falling short of the authors' technique. 

The network can automatically adjust to counteract the impacts 

of random power fluctuations thanks to the author's way of 

analysing model uncertainty. 
 

Figure 6 shows the forecast results of the power load for the 

weekend. The complete power load data of the grid for 100 

consecutive weekends (excluding weekdays) was selected for 

the analysis. From the predicted results, the prediction results of 

the random forest and LSTM algorithms are relatively close, 

with RMSEs of 17.3 and 17.1, respectively, while the SVM 

prediction has a larger RMSE error of 27.5; the authors’ method 

predicts the best with 14.8. 
 

This is because the authors' approach makes use of the deep 

forest's scalability with respect to sample size by adjusting the 

forest parameters to the actual sample size. 
 

Figure 7 delves deeply into the summertime power load 

forecast figures. Summer's high electricity usage variability 

amplifies the accompanying unpredictability. The RMSE error 

for predictions made using the SVM algorithm is 35.1, while 

the RMSE error for predictions made using the random forest 

and LSTM algorithms is 27.8 and 27.5, respectively. The root-

mean-square error (RMSE) of the authors' approach to 

prediction is 18.3. Even though power fluctuations have a 

noticeable impact on forecast precision, the authors' approach 

nevertheless provides reliable estimates of future power use. As 

is evident, the authors' strategy offers a logical and effective 

way to predict electricity loads. 

 

░5. Conclusions 
The authors propose applying the improved deep learning 

method in the intelligent power system to address the central 

issue of accurate prediction of power load in the current smart 

grid system, where the accuracy of existing prediction methods 

is reduced due to random fluctuations in power. The analysis of 

real-world power data demonstrates that the proposed deep 

learning method outperforms the most popular methods in 

predicting the power load during periods of high power 

fluctuations, thanks to its uncertainty evaluation based on 

discarding regularisation. Therefore, the authors' solution is 

anticipated to provide crucial technological support for 

resolving the fundamental issues of smart grids due to its 

robustness and effectiveness. 
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