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Abstract In recent years, with the booming development of computer technology, the application of deep learning
methods in power load forecasting is of great significance to improve the forecasting accuracy. To this end, the
article uses stacked self-encoder and entity embedding to improve the multilayer perceptron, and constructs a
power load forecasting model based on the multilayer perceptron. The effectiveness of the model proposed in this
paper is verified on relevant datasets and examples, and a power scheduling decision-making method is proposed
and optimized for scheduling. The experimental results show that the various anomalies existing in the original data
processed using the model in this paper are basically effectively corrected. After the regulation strategy and
optimization adjustment, the original load curve occurred peak elimination and valley filling behavior. This proves
the effectiveness of the model and adjustable capacity optimization method proposed in this paper.

Index Terms multilayer perceptron, power load, power dispatch, forecasting model

. Introduction

Electricity energy is by far the most commonly used secondary energy, but also with the national economy, residents
living in close contact. In the country's comprehensive economic strength continues to improve at the same time,
enterprises and residents for the use of electric energy is also further increased, the user side of the increase in
demand, but also to the supply side of the electric energy has formed a huge pressure, the power supply of the
solid and the standard of power quality is also raised [1]-[4]. With the promotion of smart grids, it has led to a more
stable, safe and efficient use of electric energy, and the utilization rate of electric energy has been gradually
improved, and various wastes of electric energy have been further reduced [5], 6]. The construction and promotion
of smart grid also closely links the power supply side and the power consumption side, providing a more
comprehensive support system for the power supply side to understand the user's behavioral habits of electricity
consumption and to formulate a reasonable tariff, and at the same time, demand-side energy efficiency
management and intelligent power distribution technologies are receiving more and more attention [7]-[9].

In the electric power system, electric load refers to the electric energy required by users in a specific time period.
Reasonable scheduling and management of power load is crucial to ensure the stable operation of the power
system and to meet user demand [10]. Power load monitoring technology does not require cumbersome hardware
installation, but only needs to collect the voltage and current at the entrance of the power supply, and through load
recognition, it can obtain the category status of the power load and power consumption [11], 12]. It can provide a
basis for guiding users to save electricity, and at the same time, it can help the grid to carry out demand-side energy
efficiency management and fine-grained electricity consumption information perception, and combined with time-
sharing tariffs, incentive response and other policies, it can achieve the purpose of peak shaving and peak filling
and optimization of the operation of the grid, which is a research hotspot in the field of smart grid nowadays [13]-
[16]. However, there are some difficulties in the practice of load identification methods. Under the application of
smart meters, the related electric power data is crazy, and the calculation efficiency of electric power data in load
monitoring decreases, and the complexity of its identification ability is increasing under the previous clustering
algorithm [17], 18]. And the flexibility and responsiveness of flexible loads, such as electric vehicles, energy storage
devices, distributed power sources, etc., the error rate of load identification in the dynamic environment is raised,
which seriously interferes with the demand-side energy efficiency management and the perception of electricity
consumption by customers, and creates an obstacle to the electricity consumption strategy and grid operation [19]-
[21]. Meanwhile, the load recognition method does not consider the stochastic nature of users' electricity
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consumption, and the adjustable capacity of electricity load is difficult to meet the current electricity demand, and
the adjustment response lags under real-time and dynamic demand, which affects the power supply demand
management [22]-[24].

The multilayer perceptron algorithm has unique value in solving problems such as classification and regression
due to its excellent ability to recognize high-dimensional data and dynamics [25], [26]. It processes and learns
information by connecting each neuron to the neurons in the previous layer and by adjusting the connection weights.

The article proposes a power load forecasting model based on multilayer perceptron, which is improved using
two methods, stacked self-encoder and entity embedding, respectively. The high-dimensional coded data of discrete
attributes are first mapped to the low-dimensional space, which effectively reduces the sparse data produced by
one-hot coding and increases the correlation between the discrete attribute values, and then the method of data
processing is proposed. Forecasting experiments are carried out on the real power load dataset in a region,
synthesizing the electricity load and power system operation cost, formulating the decision variables of the power
load, setting the objective function and constraints, and obtaining the power load scheduling decision. Finally, the
dispatchable capacity optimization method proposed in this paper is applied to the simulation experiment.

Il. Improved power load forecasting model with multilayer perceptron machine

Il. A.Preparatory work

Il. A.1) Discrete attributes and one-hot coding

Discrete attributes are attributes of structured data that have a finite or infinite number of values that may or may
not be represented using integers, including ordinal, binary, and nominal attributes. One-hot coding is often used to
handle discrete data.

Il. A.2) Multi-layer perception machines

A multilayer perceptron (MLP) is a neural network model in which neuron nodes between neighboring layers are
fully connected, while neuron nodes within the same layer are unconnected. The multilayer perceptron is shown in
Fig. W where the training data of the samples are input from the input layer, passed through one or more fully
connected layers, and the neurons in each fully connected layer are able to fit the original data, and finally the data
are output from the output layer, which uses the output values and the sample labels to construct the loss function,
and iteratively reduces the loss function and updates the parameters of the model through the back-propagated
gradient descent algorithm, so that the loss function reaches the minimum value. , at this point the multilayer
perceptron model has the ability to accurately fit the sample features [27].

Input layer Hidden layer Output layer
Figure 1: Multilayer perceptron

Il. A.3) Stacked Self-Encoders

Stacked autocoder is a neural network model that can characterize high-dimensional data in a low-dimensional

form, which effectively reduces the dimensionality of the data and retains the vast majority of the information, and

retains more information about the data compared to a single-layer autocoder. The data is input from the input layer,

encoded by the coding layer, and then the high-dimensional data is characterized by low-dimensional vectors in the
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hidden layer, then decoded by the decoding layer, and finally output by the output layer. Unlike the traditional neural
network model, the auto-encoder doesn't use the sample labels to construct the loss function, but rather uses the
input sample data and the output values to construct the mean squared deviation loss function:

m

d()/):%Z:(xi—outi)2 (1)

i=1

where x' is the input data of the ith sample, out’ is the output value of the ith sample, y is the model
parameter, and m is the number of samples [28]. The loss function is reduced through several iterations so that
the model output values are as close as possible to the same as the input data, then the vectors in the hidden layer
are the low-dimensional representational forms of the sample data.

ll. A.4) Entity embedding

The entity embedding method not only increases the correlation between different values within the same attribute,
but also the different embedded vectors in the embedding space are closer together if the correlation is higher, and
vice versa. For the vectors before and after embedding are usually represented by the ternary (h,r,l), h

represents the high-dimensional original data, / represents the embedded low-dimensional representation vectors,

and r represents the connection between the two vectors. For high-dimensional sparse vectors, they are mapped
to the low-dimensional space:

xX; > X ()
where x; is the vector of the ,th discrete attribute after one-hot coding and X; is the vector after mapping.

Assuming that ¢, is the number of values of the ; th discrete attribute, the dimension of x; is ¢;, and the

dimension of the vector X, after the mapping is carried out is between 1 and ¢, —1. By mapping into a lower

dimensional space, the coded vector for each discrete attribute reduces the dimension and increases the interaction
between attribute values.

Il. B.Power Load Forecasting Model Architecture

Il. B.1) Multi-layer Perceptron Modeling

The multilayer perceptron model is shown in Figure @ using a single-layer network model with fully connected layer
nodes using the Elu activation function:

X, x>0

a(exp(x)-1), x<0 (3)

fx)= {

where « is a hyperparameter and needs to be debugged. Compared with activation functions such as Sigmoid

and Relu, the Elu function can effectively solve the problems of gradient dispersion and inability to carry negative
value information [29]. The output layer has only 1 neuron, and the sigmoid activation function is used:

1
S= 1+ exp(—x) @
The backpropagation process minimizes the cross-entropy loss function using the Adam gradient descent
algorithm:

i© :_%i[(yi <log, (pred[))-i-(l—yi)XlOga (1—predi):| (5)

i=1
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Output Layer Sample layer

A

Fully Connected Layer

Input Layer Sample Data

Figure 2: Multilayer perceptual machine mode

A

Il. B.2) Multilayer Perceptron Machine Model with Fused Stacked Self-Encoders

The multilayer perceptron model incorporating stacked selfencoder is shown in Fig. @ First, the discrete data after
performing one-hot coding is put into the stacked selfencoder for processing to obtain the low-dimensional
representation vectors:

I, = sigmoid (W211 +b, ) (6)

where w, and b, are the weights and offsets of the hidden layers in the stacked autocoder, respectively. Then,
the numerical data are merged with the low-dimensional representation vectors:

Leoncate = [lnum - ] (7)
Finally, the merged vectors are processed using a multilayer perceptron:
Iy = el (Wil oneare +b4) (8)
Output Layer 2 [« one-hot coding>
Output Layer 1 0
T Decoding Layer | /3
Iy | Fully Connected Layer A

A

Hidden Layer b
A

Numeric data

Encoding Layer | /;
A

Input Layer [« one-hot coding>

Figure 3: Multi-layer perceptive machine mode of fusion stack

Il. B.3) Multi-layer Perceptron Model with Fused Entity Embedding

In contrast to the traditional perceptron, the model incorporating entity embedding does not directly merge the coded
vectors of discrete data with numerical data into the multilayer perceptron model. The multilayer perceptron model
incorporating entity embedding is shown in Fig. @ where first an embedding layer is added after each coding layer,
i.e., the vectors of the & discrete attributes after coding are mapped:

Forj:1,2,-~-,k:xj—>Xj (9)
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where x; represents the one-hot encoding of the ; th discrete attribute, a process that makes each embedding
layer a complex combinatorial form of the original encoded vector. Then, all the embedded representation vectors
are merged with the numerical data:

X :[Xnum’Xl’XZ’”"Xk] (10)

concate

Finally, the combined feature vectors are put into the multilayer perceptron training, and the module is constructed
in the same way as the two models mentioned above.

The model is able to optimize both the entity embedding process and the multilayer perceptron module by
iteratively using backpropagation during the training process, which utilizes the distributed representation capability
of neural networks to transform the encoded feature vectors into low-dimensional representation vectors, which
solves the problem of data sparsity as well as strengthens the interactions between different values of the discrete
data. In practice, the dimension of X, i.e., the number of neurons in the embedding layer, takes the value of 1 for
the binary attribute, while the dimensions of the remaining embedding layers need to be determined by continuous
debugging in the experiments.

Output Layer

*

Fully connected layer
7

. Embedding Embedding
Numeric Data| X, Layer 1 X Layer k
One-hot One-hot
coding layer 1 coding layer k

Figure 4: Multi-layer perceptive machine type embedded in fusion entity

Il. C.Power load identification process
Il. C. 1) Handling of outliers
In the actual data measurement process active power is measured by the actual value of the field sensors, so the
instrument measurement frequency, faults, recording or transmission anomalies and many other factors will affect
the collected data. This will cause data duplication, missing and excessive error, etc. Since the AdaBoost algorithm
will amplify the error data when the weights are assigned, which will increase the error rate of the model, the
preprocessing of the data is very important.

According to the temporal order of the load data, direct deletion is chosen for the duplicated and redundant data.
The standard deviation method is used to filter the outlier data. The interpolation method is used to fill in the missing
values.

F(x;)=x; -1,x; = nan,x;_; # nan (11)

where: x; denotes the value at the current moment, x,_; denotes the value at the previous moment, and if the
value at the current moment is null then the value at the previous moment is used to supplement the data.

X - 3xstu’ <X < Xpean T 3xstd (1 2)

mean

where: x denotes the mean of the data and x,,; denotes the standard deviation of the data, identifying outliers

mean

as critical values that are more than 3 standard deviations from the mean.

Il. C.2) Data normalization

In this paper, a single input model is used, but a sliding window is used to divide the dataset to make the model
parameters complex, so in order to narrow the range of values, to avoid the value is too large, and to retain all the
features while reducing the size of the parameters, this paper adopts the 0-mean normalization.
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@
X~ Xinean

Xscale = (1 3)

Xstd

where x is the original data, x,,,, is the mean of the original data, x,, is the standard deviation of the original
data, and x denotes the normalization result.

scale
Il. C. 3) Sliding windows

The sliding window method is used to process the data, and the window size of N is selected to predict the future
X +1 active powerusing X—-N to X measured active powers. By moving the sliding window, the data of longer
moments are gradually removed, and new data are added as the window moves to realize the data turnover, and
the temporal order of the data is taken into account through the sliding window.

Il. C. 4) Model structure parameters and training

The sliding window based MLP-AdaBoost power load forecasting model is a univariate forecasting model, which is
implemented using the TensorFlow framework in this experiment. The MLP network is used to construct the model,
which contains 150 neurons in the input layer, 150 neurons in the hidden layer, and 1 neuron in the output layer,
and Dropout is added in the middle of the input layer and hidden layer to prevent overfitting. OptimizerOptimizer is
selected as ADAM algorithm for optimization and loss function Loss is selected as mean square error MAE (MAE)
for calculation.

lll. Application of power load forecasting models

lll. A. Power load data preprocessing

After data preprocessing, the load data at the same moment are summed for the next model prediction. The electric
load data before and after preprocessing are shown in Fig. @ and Fig. @ The line graph of the processed data shows
that the various anomalies existing in the original data have basically been effectively corrected, which is of great
significance for the next power load forecasting experiments.

60

Hour / hour

Figure 5: Before pre-processing power load data
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Figure 6: After pre-processing power load data
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fis
lll. B. Research on the application of models in power load forecasting
lll. B. 1) Introduction to the data set and data processing

The power load data of a region for the years 2020-2024 are selected for the experiment, and the data sampling
interval is 30 min. the dataset covers information in eight dimensions: average temperature, dew point temperature,
dry bulb temperature, wet bulb temperature, humidity, weekday, electricity price, and power load. In order to improve
the accuracy of load forecasting, maximum mutual information analysis was performed on the electricity load and
other feature data in order to filter out high-quality feature data.

lll. B.2) Model evaluation indicators

In order to measure the accuracy of the model prediction, four evaluation metrics, which are the most common in
power load forecasting tasks, were used to evaluate the model, namely, the mean square error MSE, the mean
absolute error MAE, the root mean square error RMSE, and the mean percentage error MAPE.

lll. B. 3) Experimental analysis

In the paper, the mean absolute error (MAE) function is proposed to be used as the loss function for load forecasting.
In order to verify the accuracy of the model for the task of power load forecasting, five commonly used time series
forecasting models were selected and compared with the SCIMN-SE model. The models for the comparison
experiments include LSTM, GRU, TCN, Informer and SCINet, and the results of the comparison with other models
are shown in Table 1. As can be seen from the table, the evaluation indexes of the model proposed in this paper
are the lowest values of the evaluation indexes in the models of the above comparison experiments, for example,
the prediction value in the MAPE value is 1.7025. This can show that the model in this paper has a higher prediction
accuracy.

Table 1: Compare the results with his model

Prediction method MAPE MSE MAE RMSE
LSTM 2.47816 0.43375 0.37754 0.61074
GRU 2.31806 0.40648 0.34363 0.55525

TCN 2.32546 0.2637 0.37646 0.53931
Informer 2.20985 0.29424 0.30579 0.61401
SCINet 1.89927 0.17768 0.19941 0.4442
Ours 1.7025 0.20741 0.31646 0.47101

lll. C. Example analysis

The results of comparison between some real values and predicted values are shown in Fig. [7. From the prediction
results, the predicted load curves of the model proposed in the paper are closer to the real values, and the prediction
errors at each point are relatively smaller.
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Figure 7: The comparison of the real value and the predicted value

Comparison of the load forecasting results of various models in the experiment is shown in Figure 8. From the
figure, it can be seen that in the power load change trend is more regular, in the moment of small fluctuations,
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various models, are able to track the trend of the true value to a certain extent, but the prediction accuracy is not as
good as the model in this paper. When the true value continues to rise to the peak, the prediction value and error
of various models near the peak have a big change. 4 models, LSTM, GRU, TCN and SCINet, have obvious bias
for the prediction of the extreme value, which leads to a larger prediction error after the extreme point, and do not
fit the change of the true value in the vicinity of the peak better. And although the Informer model is able to track the
rising trend of the true value better, it has a large jump near the peak, making the prediction error much higher. And

the model in this paper improves the prediction accuracy on the basis of SCINet, which is closer to the curve of the
true value and controls the prediction error better.
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Figure 8: The load prediction results of various models in the experiment are compared

Overall, the model in this paper has strong robustness, the prediction results are more accurate than other models,
and the anti-interference ability to abnormal changes is also stronger, which can provide a basis for real power load
prediction and improve the accuracy of power load prediction.

IV. Power dispatching decision-making and simulation experiments

IV. A. Designing grid scheduling methods
IV. A. 1) Decision-making variables

In the process of scheduling electric loads, it is necessary to establish a set centered on the customer's electric load
unit based on the decision variables U,, = {UI,U2,-~-,Ui} . In this scheduling cycle, time is divided into a number of

different time periods, and at this time, the electric load of each load unit in the unit time period can be expressed
as:

K, (¢
KL :{ l.( ),VieUm,tem}
1

(14)
P = {Py)ft) ,Vte m}

where K, denotes the expected electricity load, and K;(r) denotes the electricity load at a certain time period
within the ith load cell. P, denotes the operating cost of the power system, and P,(¢) denotes the cost of
electricity consumptionina y electricity unit [30].

IV. A. 2) Objective Functions and Constraints
The minimized economic cost as well as the load power can be used as an objective function, taking into account
the volatility of the load profile:
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min F, = Zn:[Hp 0% f(0)]
t=1
n 15
> [H,0)-H,0] )

t=1

min F, =
t

where F; denotes the minimized economic cost of power operation. F, denotes the electric load power. H ,(¢)

denotes the value on the load power curve at moment ¢, and H,(t) denotes the average of the values on the
load power curve during time ¢. f(¢) denotes the operation and maintenance factor of the power at time ¢. The
two objective functions are compounded into a single objective function:

F, =wF +wW,F, (16)

where F, denotes the function value of a single objective and w;, and w, denote the weights of the above two

objective functions respectively. After the above formulation, scheduling optimization can be performed for both cost
as well as load power problems. But it also requires certain constraints:

z K.()=¢

ieU,,
ZKi(t)
staE > K.(O)-K,(t+1]) (17)

i

B () =P (1+1)

where ¢, denotes the ith acceleration constant. K;(z+1) denotes the electricity load at the ¢+1th moment in
the ith electricity unit. P, (r+1) denotes the cost of electricity consumption at the #+1 moment. Combining the
above objective function and constraints, the result of power load scheduling decision can be obtained.

IV. B. Simulation Verification
The daily load profile of consumers in the distribution network is shown in Fig. @ The daily output power curve of
photovoltaic power generation is shown in Fig. 10/ based on the solar light intensity characteristics of a region.

— Resident load (original)

0 T T T T T T T T T T T
0 2 4 6 8 10 12 14 16 18 20 22 24
t/s

Figure 9: Daily load curve
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Figure 10: Photovoltaic power curve

~ The regulation time is taken as 1 hour, and the distribution ratio variable under time-sharing tariff is shown in Fig.
11|, and the optimized scheduling state on the user side is shown in Fig. ﬂ 9:00~11:00 and 13:00~16:00 time-
sharing tariff peak stage, the light intensity is sufficient, and the remaining power is deposited into the battery
proportionally, and the remaining is online to sell the power, which makes the revenue maximized. 19:00~22:00
time-sharing tariff into the peak stage in the peak phase, the light intensity is decreasing, and the output power
cannot meet the demand of the electricity load. The battery is used as a power supply, and if it still cannot meet the
load demand, part of the load can be interrupted to reduce the power supply pressure at the peak of the power grid.
8:00~9:00, 14:00~18:00 and 23:00~0:00 time-sharing tariff leveling phase, mainly purchasing power from the power
grid to supply the load, which plays a role of filling in the valley of the grid. 1:00~5:00 time-sharing tariff valley phase.
Purchase power from the grid to continuously supply loads and improve the economy of power consumption by
users. 5:00~7:00 PV power generation modules start to work, but the power issued cannot meet the demand of
power consumption loads. Since this period is in the valley of electricity price, power can be purchased from the
power grid to meet the remaining load demand.
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Figure 11: The proportional variable is allocated under the hourly price
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Figure 12: User side optimization scheduling status
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The optimized load curve is shown in Fig. @ It can be clearly seen that after the adjustment of the regulation
strategy and optimization, the load curve undergoes peak elimination and valley filling behavior.

V.

— Resident load (after optimization)

0 T T T T T T T T T T T
0o 2 4 6 8 10 12 14 16 18 20 22 24
t/s

Figure 13: Optimized load curve

Conclusion

The article proposes a power load forecasting model and designs a power dispatching decision-making method by
improving the multilayer perceptual machine. The following conclusions are drawn through experiments:

Comparing with other models, the evaluation indexes of this paper's model are the lowest values of evaluation
indexes in the comparison experimental model, and its prediction value in the MAPE value is 1.7025. Which shows
that this paper's model has good prediction accuracy.

Applying the power dispatch decision-making method proposed in this paper to the simulation experiment, it is
found that after the adjustment of the regulation strategy and optimization, the peak elimination and valley filling
behavior of the load curve occurs, thus proving the effectiveness of the power dispatch optimization strategy
proposed in this paper.
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