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Power Load Forecasting Based on LSTM Deep Learning Algorithm
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Abstract: In recent years, the scale of China's power grid has been expanding, and the electricity consumption load has been rising year by year. Load forecasting plays a
crucial role in ensuring the efficient coordination of power generation, transmission, and distribution in intelligent power systems. It holds immense significance in the planning,
operation, control, and scheduling of new power systems. However, many current forecasting models do not take into account the temporal relationship of electricity
consumption data, and therefore the models do not perform very well. In order to improve the accuracy of electricity consumption prediction, a Long Short Term Memory
neural network model is proposed. We collect a series of electricity consumption data based on a fixed time interval, and use the daily collected data as a time series, and
use Long Short Term Memory to build a simulated ensemble for the time series. Considering the impact of different acquisition intervals on the prediction results, we
conducted experiments on load prediction with different sampling intervals. Our experiments were all performed on the data provided by the test questions of the 9th

Electrician Mathematical Modeling Contest 2016.
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1 INTRODUCTION

Due to the development of social economy and the
increasing improvement of people's living standard,
high-power electrical equipment is more and more widely
used in daily life. In order to ensure the normal operation of
the general public, factories, etc., power companies must
ensure the stability of power supply and provide a higher
quality of power supply. As a very important step in the
power grid, power load forecasting is a prerequisite to ensure
the stability and reliability of the entire regional electrical
network. Therefore, power load forecasting is one of the
foundations to ensure the normal supply of electricity and
the importance of power load forecasting is becoming more
and more prominent [1]. In the past, the traditional methods
of electricity load forecasting were mainly based on time
series analysis and statistical methods, such as multiple
linear regression, exponential smoothing [4], Kalman filter
[5], and time series method [6], which are small in
computation, simple in structure, rapid in prediction, and
very suitable for load series forecasting with strong time
series but weak in volatility and randomness. These methods
are good at predicting short-term power loads, but with the
growing size of power systems and the diversification of
power demand, these methods as well cannot meet the
complex nonlinear problems and long-term dependent
forecasting needs in today's power systems [7]. In order to
solve these problems, some scholars have started to use
machine learning methods for power load forecasting.
Support  vector machines (SVMs) can handle
high-dimensional data well, and Wan et al [9] used SVMs to
forecast short-term electricity load in a region with certain
results; Fan et al [18] used Grey Model (GM) to fit the
growth trend of electricity load, and then used Markov Chain
(MC) to correct the forecast results; Feng [10] and Li [11]
used Random Tree algorithm to forecast the electric load,
but this method will have obvious overfitting defects on
larger data. With the development of deep learning in recent
years, it has achieved good results in various fields [2-7].
Some scholars have started to use deep learning methods to
forecast electric loads, and in theory, neural network-based
algorithms have strong nonlinear fitting ability and can fit
arbitrary nonlinear functions, so simple network models

based on back propagation [12, 13] have achieved more
mature results in the field of short-term electric load
forecasting. However, the previous methods usually just
take the collected data as input without considering the
time-series relationship between the data, and thus still do
not fully exploit the connection between the data. Data that
consider time-series relationships are called time-series data.
Time series data is a series of observations obtained at a
certain time interval. The first network used by scholars to
solve time series data is Recurrent Neural Network (RNN).
In an RNN, the current output of a sequence is related to the
previous output as well. This takes the form of the network
memorizing the previous information and applying it to the
computation of the current output. The nodes between the
hidden layers are no longer connectionless, and the inputs to
the hidden layers include not only the output of the input
layer but also the output of the hidden layer at the previous
moment. Theoretically, RNNs are able to process sequence
data of any length, but when two words are far apart, the
gradient will disappear or explode after many stages of
propagation. So traditional RNN networks suffer from
long-term dependency problem. To better handle time series
data, LSTM networks have been proposed. LSTM [8], a
special type of RNN network, has been widely used in the
field of time series forecasting because of its ability to
effectively solve the long-term dependence problem. LSTM
can not only cope with nonlinear problems and long-term
dependence problems that cannot be solved by traditional
algorithms, but also make full use of historical data in the
power system to improve the accuracy of forecasting.
Electricity load data collected by electric utilities at different
time periods can well constitute a time series dataset, which
is very suitable for the input requirements of LSTM. In this
paper, we apply LSTM networks to electric load forecasting
and propose an electric load forecasting model based on
LSTM deep learning algorithm. To verify the effectiveness
of the method, we experimentally validate the model on a
public dataset.

2 LST™M

LSTM (Long Short Term Memory) is a special RNN
network, which was proposed by Hochreiter and
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Schmidhuber in 1997. Compared with the traditional RNN
network, LSTM network can effectively solve the problem
of long-term dependence. It can store and access long-term
memory and filter unimportant information while
maintaining long-term memory. LSTM network consists of
three gated units: The output gate controls the updating of
new input information, and its calculation formula is Eq. (1).
The forgetting gate controls the forgetting of historical
information, and its calculation formula is Eq. (2) and Eq.
(3). The output gate controls the information output by the

LSTM network, and its calculation formula is Eq. (5) and Eq.

(6). The LSTM network structure is shown in Fig. 1.
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Figure 1 The structure of LSTM
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where, o represents sigmoid function, tan/ represents tank
activation function, Wy, W;, W., W, represent different weight
matrices respectively. by, bi, b., b, represent different biases;
means multiplying elements. Eq. (4) is used to update the
output state, C, f;, i, C,, o, are the intermediate variables. The
process of LSTM state update and output information is as
follows: (1) update the input gate according to the previous
moment's input and output, and the forgetting gate controls
the retention ratio of useful historical information; (2) update
the state according to the current input, previous moment's
output, and historical memory information; (3) output the
current information under the control of the output gate.

3 ELECTRICITY CONSUMPTION FORECASTING
PROCESS BASED ON LSTM MODEL

The LSTM model is used to forecast the power load, as
shown in Fig. 2, which can be divided into the following
three steps:

(1) Data preprocessing: fill missing values first, and then
divide training set and test set.

(2) Model training: The data from the training set is fed into
the model for training. The data sampled at different
moments of each day are formed into a time-series sequence

in chronological order and fed into the LSTM, which is used
to model the data as a time series, and finally the predicted
data are output through two fully connected layers.
Computational losses are used for back propagation to
update the model parameters.

(3) Result evaluation: The trained model is predicted on the
test set, and the fit between the predicted and true values is
measured using performance evaluation metrics.

Data Preprocessin#

’ Linear Layer ‘

| Model |

! t Learningi
Time Series Data ‘ ‘ Dropout ‘ !
i
l 1 .. — 4 it
‘ LSTM ‘ ‘ Linear Layer ‘ ‘ Evaluation ‘

Figure 2 Using LSTM models to predict electrical loads

4 EXPERIMENTAL SETUP
4.1 Data Preprocessing

Electricity load data for Area 1 and Area 2 from January
1, 2009 to January 10, 2015 (one sampling point every 15
min, 96 points per day, in MW). For the dataset, we did the
following:
(1) Missing value processing
In the data, missing values refer to data that is not present or
unknown in some records or variables. To fill in the missing
values, we use the mean substitution method to fill in the
missing values data by replacing them with the mean.
(2) Feature scaling
A depth network is more sensitive to the input data. If there
is a large gap in the scale between the input features, it can
impact the network convergence, so we normalize the data
by dividing all the features between 0 and 1.
(3) Splitting the dataset
In order to ensure that the data distribution of the validation
set is as consistent as possible with that of the training set,
we split the training and validation sets into intervals of 10,
using 9 consecutive days for training data and 1 day for
testing data to ensure that the data distribution of the
validation set is consistent with that of the training set.

4.2 Model Parameter Settings

The experiment is implemented in Python, and the
model framework is built based on PyTorch deep learning
tool. The training process uses the ReLU activation function
and mean square error as the loss function. The batch size is
128; the epoch is 30. The SGD optimizer with driving
volume is selected. The learning rate and momentum
parameters are set to 0.001 and 0.9, respectively. The hidden
layer dimension of each LSTM and the dimension of LSTM
are both 256. After the input data is processed by LSTM, we
select the final output as the input of our subsequent fully
connected network. Our fully connected network consists of
two layers, each of which adopts relu activation function.
The first layer of the network maps 256 dimensions to 256
dimensions, while the second layer of the network maps 256
dimensions to 1 dimension. To prevent overfitting, we use
the Dropout method between the fully connected layers.
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4.3 Metrics

In this paper, four of most common evaluation indexes
are used to measure the strength of the model's regression
ability: mean square error (MSE), root mean square error
(RMSE), mean absolute error (MAE) and mean absolute
percentage error (MAPE). Their formulas are given in Eq. (7)
to Eq. (10).

|
MSE = _Ziil ()’i — )i )2 (7
m
(8)
|
MAE =—2X1, |yi _yi| )
m
MAPE = Lym |22 (10)
m Vi

where, y; represents the actual electricity consumption, y;
denotes the predicted value of our model, and m represents
the number of predicted samples.

5 EXPERIMENTAL RESULTS AND ANALYSIS

The experimental data was collected at a sampling
frequency of 15 minutes, resulting in a total of 96 time points
gathered within a single day. To further explore the
influence of sampling frequency on the results, we
subsequently changed the sampling frequency to 30 minutes
and 45 minutes. Tab. 1 to Tab. 3 and Fig. 3 to Fig. 5 display
the experimental results of our method and other methods
under different sampling frequencies. Due to substantial
differences in data, we performed log operations on all
results. After this operation, the higher the value shown in
the bar chart in Fig. 3 to Fig. 5, the better the effect.

Table 1 Performance of different models at a sampling frequency of 15 minutes

Model MSE RMSE MAE MAPE
SVM 2.04 1.03 0.11 0.08
Decision tree 3.68 1.85 2.52 1.06
Random Forest 3.81 1.92 2.52 1.14
Ours 3.92 0.96 2.63 1.79

Table 2 Performance of different models at a sampling frequency of 30 minutes

Model MSE RMSE MAE MAPE
SVM 2.04 1.00 0.10 —0.03
Decision tree 3.69 1.85 2.52 0.99
Random Forest 3.82 1.92 2.52 0.74
Ours 3.85 1.92 2.58 1.33

Table 3 Performance of different models at a sampling frequency of 45 minutes

Model MSE RMSE MAE MAPE
SVM 1.95 0.97 0.08 —0.56
Decision tree 3.25 1.61 2.30 —0.22
Random Forest 3.61 1.79 2.39 -0.07
Ours 3.84 1.80 2.47 0.37

45

4
35
25 1
5
| I| I |
1
- I I
0 - -

MSE RMSI MAE MAPE

mSVM = Decision tree Random Forest Ours

Figure 3 Performance of different models at a sampling frequency of 15 minutes
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Figure 4 Performance of different models at a sampling frequency of 30 minutes
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Figure 5 Performance of different models at a sampling frequency of 45 minutes

Upon examination of Tab. 1, we observe that the
model's performance remains relatively consistent,
regardless of whether or not the connections between data at
different time points are considered when utilizing a larger
dataset. This finding suggests that there is ample data
available to generate a fitting curve that accurately captures
the underlying patterns, even without explicitly considering
the temporal dependencies between the data points. By
examining Tab. 2 and Tab. 3, we can infer that our method,
which incorporates time series data, exhibits enhanced
stability as the sampling interval increases. This stands in
contrast to other methods that do not leverage the temporal
nature of the data. Based on our analysis, we are confident
that residential electricity consumption does not undergo
abrupt changes within short time intervals. This
understanding forms the basis for utilizing time series data
in curve fitting. By incorporating previous data, we
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introduce constraints that result in a smoother curve fitting
process for subsequent data points. This approach takes
advantage of the gradual and continuous nature of electricity
consumption patterns in residential settings.

6 CONCLUSION

Load forecasting is a necessary prerequisite for the
rational arrangement of power generation, transmission and
distribution in intelligent power systems, and is of great
significance for the scheduling of power systems, etc. Deep
learning has achieved good results in various fields in recent
years, so it is also widely used in power systems. In this
paper, we propose a deep learning method based on LSTM
to predict the electricity load. The method inputs the daily
sampled data into the network as a time series in time order,
uses the powerful parsing ability of LSTM for time series to
analyze the data, and then we select the final output of the
LSTM network as the feature input to the fully connected
network for regression prediction. The experimental results
show that our method is effective in MAE, MAPE, MSE and
RMSE metrics. Nevertheless, further testing of our method
across multiple regions and with more complex datasets is
crucial. Additionally, future work will involve optimizing
the model based on the outcomes of these tests. These efforts
will contribute to enhancing the reliability and applicability
of our approach, ultimately advancing the field of research
in this area.
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