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Abstract
Effective prediction of electrical energy consumption, rational formulation of corresponding safety
measures, and improvement of the accuracy of power load time series prediction are important
guidelines for improving the application and management of electrical energy. In order to accurately
predict the electric energy consumption and enhance the applicability of the model. In this paper, we
propose a convolutional neural network (CNN) based on electric energy consumption data combined with
a long-term short-term memory recurrent neural network (LSTM) for electric energy consumption
prediction model, selecting electric energy consumption time series with large samples and large time
span. consumption time series, including model structure design, model training, model prediction, and
model optimization, to implement the prediction algorithm. By using the minimum objective function as
the optimization objective, the Adam optimization algorithm is used to continuously update the weights
of the neural network and to tune the network layers and batch size to select the best. The number of
layers and batch size are used as parameters of the power consumption prediction model. Finally, the
optimized CNN-LSTM prediction model is invoked to predict the electricity consumption in the next time
period using the electricity load data of Interconnection LLC (PJM) under the Regional Transmission
Organization (RTO) in the United States as an example. The results show that the combined model can
achieve 98.94% prediction accuracy and 0.0066 mean absolute error (MAE), all of which are better than
other basic models, proving that the combined prediction model has better performance in terms of
power load prediction accuracy.

1. Introduction
Energy transformation is the current development trend of the energy industry, and an important aspect
of it is to improve the e�ciency of energy utilization [1]. On the one hand, the problems of non-renewable
energy depletion and environmental pollution are becoming increasingly prominent and become new
challenges for the development of the energy industry [2]; on the other hand, various traditional energy
systems such as electricity, gas and heat have the problem of poor energy coupling, and each energy
system is relatively independent and managed and operated by different energy companies [3]; in
addition, the energy �eld shows the development trend of high information-physical integration, and data-
driven machine Learning is an important aspect of AI in the energy sector [4]. In recent years, we have
observed a convergence of these approaches due to advances in computing power, innovations in
algorithms, and the availability of su�cient data. The main bene�ciaries of this convergence are data-
driven dimensionality reduction methods [5–8], model identi�cation procedures [9–13] and forecasting
techniques [14–22], which aim to provide accurate short-term predictions while capturing long-term
statistics of these systems. Successful prediction methods address the highly nonlinear energy transfer
mechanisms between patterns that cannot be effectively captured by downscaling methods. At present,
deep learning has achieved fruitful results in the �eld of time series prediction, and applying data-driven
machine learning to make good predictive analysis of power resource consumption and make speci�c
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planning measures is of great guidance and practical signi�cance to maintain the health, stability, and
development of the national economy.

Electricity load forecasting plays an important role in the control of smart grids, power security, market
operation and the development of rational dispatching plans, which not only helps the safe and reliable
operation of power systems, but also reduces the waste of resources and improves economic e�ciency,
and is one of the main theoretical bases for the power sector to make production development plans [23].
In previous studies, scholars at home and abroad have developed many methods to improve the
accuracy of short-term forecasting, which are mainly classi�ed into statistical-based methods and
arti�cial intelligence-based methods. Statistical methods are based on mathematical models, including
multiple linear regression analysis [24], stochastic time series [25], and autoregressive integrated moving
average models [26], etc., which usually target linear relationship models, while the forecasted load is
more random and has obvious nonlinear characteristics, so the �tting ability in nonlinear forecasting is
not strong and the performance is poor. Short-term power load forecasting methods based on arti�cial
intelligence such as support vector machines (SVM) [27], arti�cial neural network models [28], expert
system models [29], Bayesian neural networks [30], BP (backpropagation) neural networks [31], etc. have
good nonlinear function �tting The shallow machine learning algorithms with good nonlinear function
�tting ability have improved the prediction accuracy compared with traditional methods, but the high
accuracy short-term prediction is still a challenge due to the complexity and time-series of load data. In
recent years, the rapid development of deep learning has led to its wide application in the �eld of load
forecasting. Deep con�dence networks [32], deep neural networks [33], and convolutional neural networks
[34–35] have been applied to short-term load forecasting problems, and the accuracy of load forecasting
has been improved, but the time-series characteristics of load data are ignored. Recurrent neural network
(RNN) introduces recurrent structure to extract the time-series characteristics to �t the time series data
[36], but it is prone to the gradient disappearance problem when processing the time series. Long short-
term memory network (LSTM) solves this problem by incorporating memory cells, which can learn more
complete information of long and short-term patterns in historical sequence data and performs better in
long time level prediction based on past load data [37]. In addition, in the literature [38], by adding an
attention mechanism to the network structure to assign different weights to the hidden layer units, the
model is more likely to learn the long-range interdependencies in the sequences and improve the accuracy
of the model. In response to the problems of non-stationarity and complexity of load sequences, the
di�culty of tuning the machine learning algorithm and the large data demand, the combination of data
decomposition and machine learning was applied to load prediction [39].

Based on the superiority of neural network models, domestic and foreign scholars have achieved good
results in applying neural networks for prediction, but in the research of one-dimensional power
prediction, few people would use combinatorial algorithms for more accurate prediction, we then try to
propose a combinatorial algorithm for accurate prediction of one-dimensional data on this basis. First,
the real processed historical load time series are processed for data; then, by using the minimum
objective function as the optimization objective, the Adam optimization algorithm is used to continuously
update the weights of the neural network, comparing the prediction effect of four models CNN, LSTM,
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RNN, XGBoot, selecting the two models with the best prediction effect, and tuning the network layers and
batch size to choose the best. Finally the best tuned single example models are combined to construct
the combined prediction model. The number of layers and batch size are used as the parameters of the
power consumption prediction model, and the results show that the proposed prediction model has
higher prediction accuracy and better prediction performance than other prediction networks in short-term
load prediction.

2. Model

2.1 Convolutional neural network(CNN)
CNNs are built by mimicking biological visual perception mechanisms and are capable of both
supervised and unsupervised learning. the sharing of convolutional kernel parameters in the implicit
layers and the sparsity of connections between layers allow CNNs to extract deep local features from
high-dimensional data with small computational effort and to obtain effective representations through
convolutional and pooling layers. the structure of a CNN network consists of two convolutional layers
and a spreading operation. Each convolutional layer contains one convolutional operation and one
pooling operation. The CNN structure is shown in Fig. 1.

2.2 Long short-term memory network(LSTM)
A recurrent neural network (RNN) can be thought of as a neural network that passes in time with a depth
that is the length of time. For moment t, the gradient it generates disappears after a few layers of
propagation to history on the time axis and cannot affect the too distant past. To solve the problem of
temporal gradient disappearance, the �eld of machine learning has developed the long and short time
memory unit LSTM, which implements the temporal memory function and prevents gradient
disappearance by means of gate switches. LSTM Networks is a kind of recurrent neural networks, and the
algorithm was �rst published by Sepp Hochreiter and Jurgen Schmidhuber in Neural computation. Later,
the internal structure was gradually improved through continuous improvement. It will perform better than
general RNNs in processing and predicting data related to time series. At present, LSTM Networks have
been widely used in robot control, text recognition and prediction, speech recognition, protein homology
detection, and other �elds. Based on the excellent performance of LSTM Networks in these areas, this
paper aims to investigate whether LSTM can be applied to the prediction of electric energy consumption
time series.

The most basic LSTM cell consists of three gates (input, forget, output) and a cell. Gate uses a sigmoid
activation function, while input and cell state are usually transformed using tanh. the cell of the LSTM
can be de�ned using the following equation.

Gates :

it = g Wxixt + Whiht−1 + bi
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Thanks to the gating mechanism, the cell can be kept informed for a period of time while working and
keep the internal gradient undisturbed by adverse changes during training. va-nilla LSTM has no forget
gate and adds the cell state without changes during updates (it can be seen as a recursive link with a
constant weight of 1), often referred to as a Constant Error Carousel(CEC). It is so named because it
solves the severe gradient disappearance and gradient explosion problems during RNN training, thus
making it possible to learn long-term relationships. The LSTM cell structure is schematically shown in
Fig. 2.

2.3 Multi-layer CNN-LSTM combined prediction model
In load prediction, the load time series are complex and not smooth, so it is di�cult to build a single
model to capture all the features of the signal for training and making accurate prediction. Based on the
above reasons, we selected two individual models with the most accurate prediction results from the
analysis of individual models such as LSTM, CNN, RNN, and XGBoot to create a combination model with
more accurate prediction results than individual models. The proposed power load forecasting process in
this paper is shown in Fig. 3.

Step 1 : Data acquisition and processing. Raw loads are used as input, data are pre-processed, mean
values are used to �ll in vacant data and replace abnormal data, and the data are normalized.

ft = g Wxf xt + Whf ht−1 + bf

ot = g Wxoxt + Whoht−1 + bo

~ct = tanh (Wxcxt + Whcht−1 + b~ct
)

ct = ftct−1 + it
~ct

ht = ottanh(ct)
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Step 2: Build feature equations. In order to make the model for effective simulation and validation,
feature datasets and labels will be constructed �rst, and then the data will be sliced based on the new
feature datasets and label sets to obtain the training and test sets of the data, and �nally the batch data
will be created based on the training and test sets, where the batch data size will be de�ned and judged
based on the dataset type so that the test and training batches can be constructed.

Step 3: Build the model. Use algorithmic statements for LSTM, CNN, RNN, XGBoot model construction,
de�ne their own model parameters as well as the model hierarchy, so as to complete the initial
construction of the model.

Step 4: Compilation, training and validation of the model. After initializing the parameters of LSTM, CNN,
RNN, and XGBoot prediction models by the above steps, the models are compiled and run, and the
optimal two training models are found by comparing and analyzing the r^2 values.

Step 5:Model fusion. Based on the two optimal models that have been screened above, the parameters
are tuned to determine the optimal parameters, and then the models are compiled, and the optimal single
case training model is found by comparing and analyzing the r^2 values by changing the number of
implied layers of the model and other parameter adjustments, and �nally the optimized single case
models are combined and the prediction effect is veri�ed.

The number of layers of neural network mainly depends on the complexity of the learning target,
theoretically increasing the number of network layers can improve the model nonlinear �tting ability, but
the complexity of the model and training time will also increase, when the number of hidden layers is too
large, the speed of update iteration will be reduced, the convergence effect and e�ciency decreases, and
the accuracy will not improve, so choose the solution with better effect and less time, this paper has been
experimentally veri�ed. In this paper, it is veri�ed that setting 2 CNN layers fusion and then 2 LSTM
implicit layers can well balance the prediction accuracy and learning e�ciency. There are many kinds of
gradient-based optimization algorithms, but the gradient-based adaptive momentum estimation
algorithm is chosen in this paper, which can dynamically adjust the learning rate of each parameter, so
that the learning rate of each iteration has a certain range, and the parameter changes are relatively
stable. To evaluate the accuracy of the prediction model, R^2 value, Root Mean Square Error (RMSE),
Mean Absolute Error (MAE) and Mean Absolute Percentage Error (MAPE) are selected as evaluation
indexes of this model to measure the accuracy of prediction.

The evaluation indexes are mathematically expressed as:

 (7 )

 (8 )

 (9 )

R
2 =

∑ (ŷi−
−
yi)

2

∑ (
−
yi−ŷi)

2

RMSE = √ ∑n
i=1 (ŷi − yi)

21
n

MAE = ∑
n
i=1 |ŷi − yi|1

n
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 (10 )

Where: N is the number of samples; , ,  are the actual load, the predicted load and the mean value
of the actual �t at the ith sampling point of the prediction, respectively. R^2 is an index to evaluate the
goodness of the regression model, which can visually represent the �tting effect of the prediction model,
MAE can re�ect the actual situation of the prediction error, RMSE, as a comprehensive index of error
analysis, re�ects the accuracy of the prediction, MAPE evaluates the degree of �uctuation of the model
prediction error, and re�ects the robustness and stability of the model.

3. Model Analysis And Discussion

3.1 Data selection and processing
In order to evaluate the performance of the proposed CNN-LSTM prediction model, the electric load data
of Interconnection LLC (PJM) under the Regional Transmission Organization (RTO) in the United States
are selected to analyze the prediction model in this paper. A total of 66,497 electric load samples were
collected from 1:00 on December 31, 2011 to 24:00 on January 2, 2018, with a 1-hour collection interval.
The data set is pre-processed and normalized, and the processed data set is shown in Fig. 4 below. The
model can accurately predict load values by learning the cyclical pattern of historical changes in load
data at the same point in time without factors such as day type and climate, which reduces the cost of
data storage and simpli�es the application process of large-scale load forecasting.

After preprocessing and normalization of the dataset, in order to facilitate the construction and training of
the model, this paper will continue to build the feature project, complete the construction of the feature
dataset and label set by establishing different functional functions, and slice the test set and training set
based on the new feature dataset and label set. In this paper, we construct time series data for testing
and training, choose time series segmentation to segment the data set, slice the �rst 90% of the data set
into training set and the last 10% into testing set, a total of 59829 data for training and 6648 data for
testing, and set the sequence length to 20.

3.2 Model and parameter selection
After the feature equations are established, the algorithms are used to construct the LSTM basic model,
CNN basic model, RNN basic model and XGBoot model, and to compile and train the models. Finally,
through the comparative analysis of the prediction effects of the above basic models, two optimal
models suitable for the data prediction of this paper are found, and then the combination of models is
optimized. Due to the huge amount of data, if the data are all displayed, the graphical comparison is not
clear, so in the following three prediction models of neural networks in this paper intercepted the real
value and predicted value of the �rst 500 groups of data, in XGBoot prediction model selected from
January to February 2017, the comparison chart is as follows.

MAPE = ∑
n

i=1
∣∣
∣

∣∣
∣

100%
n

ŷi−yi

yi

yi ŷi
−
y i
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The evaluation coe�cients of each model are shown in Table 1 below.

Table 1
Comparison table of model evaluation coe�cients

Model R ^ 2 value RMSE MAE MAPE

LSTM 0.9709 0.0215408 0.0132779 6.762935

CNN 0.9792 0.0182011 0.01077140 5.920370

RNN 0.8055 0.8015393 11.63799 15.195008

XGBoot 0.6135 181.32491 920.49845 7.866397

By analyzing Table 1, it is obvious that in predicting the accuracy of the data in this paper, the LSTM
model and CNN model have a better prediction effect, and the accuracy of prediction can be as high as
97% or more. Therefore, in the following, the LSTM model and CNN model will be analyzed separately
and the model combination will be optimized in order to achieve better prediction results.

3.3 Integrated Model Discussion and Optimization

3.3.1 Effect of the number of implied layers of LSTM model
on prediction results
After segmenting the data, the segmented training dataset is fed into the LSTM model for parameter rate
determination and the model is trained. The framework used in this paper is the TF2.0 (TensorFlow2.0)
based on python 3.7 to build the LSTM prediction model, which is an open source software library for
numerical computation based on data �ow diagrams using nodes to impose mathematical operations
and lines to represent the input/output relationships between nodes, and after several experiments, the
detailed parameters of the �nal model construction are shown in Table 2.

Table 2
Parameter table of LSTM neural network model construction.

Batch size Loss function Optimization algorithm vector Monitoring indicators

32 MAE Adam 0.05 MSE

By adjusting the number of implied layers and other parameters of the LSTM model, the LSTM models
with one, two and three implied layers were used to train and predict the data of this paper, and �nally the
optimal LSTM model suitable for processing the data of this paper was selected by comparing the
prediction results. The model prediction pairs are shown in Fig. 7, and the evaluation indexes are shown
in Table 3.
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Table 3
Table of evaluation coe�cients of different layers of LSTM model.
Model R ^ 2 value RMSE MAE MAPE

LSTM-1 0.9709 0.0215408 0.0132779 6.762935

LSTM-2 0.9851 0.0143038 0.0073448 3.587704

LSTM-3 0.9813 0.0172336 0.00997243 4.990608

Through the analysis of Table 3, it can be found that when the LSTM model is trained to predict the data
in this paper, the prediction effect when the implied layer is 2 layers is signi�cantly higher than that of the
other two models, and the prediction accuracy can reach 98.51%, and the mean absolute error (MAE)
reaches 0.0073448.

3.3.2 Analysis and discussion of CNN models
In this paper, considering the dimensionality of the current CNN model training data when creating the
CNN model, the one-dimensional convolutional neural network model and the two-dimensional
convolutional neural network model were used to predict the data of this paper, and then the layers of the
two CNN models were optimized again separately, in order to �nd the optimal CNN model for training
prediction of the data of this paper.

The prediction effects of the one-dimensional convolutional neural network model (CNN(Conv1D)) with
different convolutional layers are shown in Fig. 8 below, and the corresponding evaluation coe�cients are
shown in Table 4.

Table 4
Table of evaluation coe�cients of 1D CNN models with different

convolutional layers
Model R ^ 2 value RMSE MAE MAPE

CNN(Conv1D)-1 0.9792 0.0182011 0.01077140 5.920370

CNN(Conv1D)-2 0.9815 0.0171658 0.00977320 5.689096

CNN(Conv1D)-3 0.9845 0.0156910 0.0082690 4.358851

By observing Fig. 8 and analyzing Table 4, it is obvious that the prediction effect of the one-dimensional
convolutional neural network model (CNN(Conv1D)) is improved with the increase of the number of
layers when processing the data in this paper. Based on this conclusion, this paper experimentally found
that when the number of layers of the (CNN(Conv1D)) model reached three, the prediction accuracy could
already reach 98.45%, and the mean absolute error (MAE) reached 0.0082690, which is similar to the
prediction accuracy of the optimal model screened by LSTM above, but in order to save the model
training time, this paper tentatively put the one-dimensional convolutional neural network model (
CNN(Conv1D)) of the optimal model as CNN(Conv1D)-3, and then let it be combined with the LSTM-2
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model. If the prediction effect can be improved on the original basis of the two basic models, it means
that the two models can be further combined, and this paper will continue to increase the number of
implicit layers of (CNN(Conv1D)) to get the optimal 1D convolutional neural network model.

After discussing the prediction effect of the one-dimensional convolutional neural network model
(CNN(Conv1D)) with different convolutional layers, this paper continues to investigate the prediction
effect of the two-dimensional convolutional neural network model (CNN(Conv2D)) with different
convolutional layers, as shown in Fig. 9 below, and the corresponding evaluation coe�cients are shown
in Table 5.

Table 5
Table of evaluation coe�cients of 2D CNN models with different

convolutional layers
Model R ^ 2 value RMSE MAE MAPE

CNN(Conv2D)-1 0.9798 0.0179456 0.01026735 5.5656215

CNN(Conv2D)-2 0.9829 0.0164944 0.00879986 4.4783502

CNN(Conv2D)-3 0.9793 0.0181290 0.01120285 5.0469165

According to the analysis of Table 5, it is obvious that the prediction effect of the two-dimensional
convolutional neural network model (CNN(Conv2D)) in processing the data of this paper, the model is
optimal when the hidden layer is two layers. The prediction accuracy can already reach 98.29%, and the
mean absolute error (MAE) reaches 0.00879986, so we set the optimal model of the two-dimensional
convolutional neural network model (CNN(Conv2D)) as CNN(Conv1D)-2, and then construct the model in
combination with the LSTM-2 model.

3.4 Forecast results and analysis
Through the model analysis above, it can be obtained that the LSTM model has the best prediction effect
when the number of implied layers is 2 when processing the data in this paper, and the CNN(Conv1D)
model and CNN(Conv2D) model have the highest prediction accuracy when the number of implied layers
reaches 3 and 2, respectively. To further analyze the optimal combination models, this paper combined
the CNN(Conv1D) three-layer model with the LSTM two-layer model and the CNN(Conv2D) two-layer
model with the LSTM two-layer model, respectively, and then compared the prediction results of
individual models separately. The prediction effect is shown in Fig. 10 below, and the corresponding
evaluation coe�cient is shown in Table 6.
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Table 6
Single model and combined model predict effect evaluation coe�cient.

Model R ^ 2 value RMSE MAE MAPE

CNN(Conv1D)-LSTM(3 + 2) 0.9819 0.0169567 0.00941868 4.8474206

CNN(Conv2D)-LSTM(2 + 2) 0.9894 0.01297160 0.0066239 3.2421672

CNN(Conv2D)-2 0.9829 0.0164944 0.00879986 4.4783502

CNN(Conv1D)-3 0.9845 0.0156910 0.0082690 4.358851

LSTM-2 0.9851 0.0143038 0.0073448 3.587704

The analysis of the above table shows that the prediction accuracy of the combined model of
CNN(Conv1D) and LSTM can reach 98.19%, but compared with the original single base model, the
prediction accuracy of LSTM can reach 98.51% and the prediction accuracy of CNN(Conv1D) model can
reach 98.45%. In comparison, the prediction effect of the combined model is still reduced, and it is
obvious that the combined model of CNN(Conv1D) and LSTM does not achieve the effect of optimization
and improvement, indicating that the prediction effect of the combined CNN(Conv1D) model and LSTM
model does not improve after processing the data in this paper, and the two are not suitable for combined
improvement.

The prediction accuracy of the combined model of CNN(Conv2D) and LSTM can reach 98.94%,
compared with 98.51% of the original LSTM model, the combined model improves the prediction
accuracy by 0.43%, and also improves the accuracy by 0.65% compared with the original CNN(Conv2D)
model. This indicates that the combined model of CNN(Conv2D) and LSTM has better prediction effect
than the original single model and can analyze and predict the electric load data more accurately.

4. Conclusion
Electricity load forecasting is of great importance to the economic operation of power grids. In this paper,
a combined forecasting model is applied, which mainly consists of a combination of convolutional
neural network model (CNN) and LSTM neural network, and the following conclusions are obtained:

(1) the pre-processed raw electricity load data are simply split by the algorithm, and then the next set of
electricity load values are predicted by using different kinds of neural networks, combined with Adam
optimization algorithm is used to continuously update the weights of the neural network, and the load
smoothing process can greatly improve the prediction performance of the model.

(2) By adjusting different layers and other parameters in the LSTM neural network model and CNN, the
prediction accuracy of the model can be well improved and the problem of gradient explosion can be
avoided to the greatest extent.
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(3) Experiments are conducted through the actual power load data, and the effectiveness of the model is
evaluated respectively. The prediction performance of the model is better than other models and the
prediction results are better compared with the prediction models of comparative data processing
methods or networks. In summary, the combined forecasting model proposed in this paper provides a
new method for electric load forecasting, which can obtain better forecasting results and is excellent in
dealing with periodic, trending and stochastic nonlinear loads.
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Figures

Figure 1

CNN structure
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Figure 2

Schematic diagram of LSTM unit structurec
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Figure 3

Flow chart of power load forecasting
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Figure 4

Data set of 2011-2018

Figure 5

Comparison of prediction effects of CNN, LSTM and RNN
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Figure 6

Comparison diagram of XGBoot prediction effect

Figure 7

LSTM model effect comparison diagram of different layers
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Figure 8

Comparison of the effect of 1D CNN models with different convolutional layers

Figure 9

Comparison of the effect of 2D CNN models with different convolutional layers
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Figure 10

Comparison of prediction effect between single model and combination model


