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Abstract

In order to improve the accuracy of short-term load forecasting for users, an
adaptive frequency-domain decomposition (AFDD), long-short term skip neural
network (LSTSNET) and the AFDD-LSTSNET-SARIMA short-term load fore-
casting model is proposed by combining the seasonal autoregressive integrated
moving average model (SARIMA). Firstly, AFDD is used to find the optimal
combination of all potential periodicity in the frequency domain by using genetic
algorithm, thus decomposing the load into periodic and non-periodic components.
Based on this, SARIMA and LSTSNET are used to predict the periodic and
acyclic components respectively; finally, the prediction results of each component
are recombined to obtain the final prediction results of short-term net load of
users. The AFDD-LSTSET-SARIMA model is validated on the measured data
set of a community in New York State, U.S.A. The experimental results show
that the proposed model overcomes the problem of high randomness and fluc-
tuation of net load and effectively improves the accuracy of short-term net load
prediction of customers.

Keywords: Short-term net load forecasting, Combinatorial model, Adaptive
frequency domain decomposition method, ong- and short-term recurrent jump neural
network model, seasonal differential integrated moving average autoregressive model
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1 Introduction

”Carbon neutrality” is the vision of human society, and the efficient use of new
energy is one of the effective ways to achieve the goal of carbon neutrality. At present,
new energy is distributed in the form of ”energy cells” on the customer side, and
has the characteristics of plug-and-play[1] . Microgrid is the main form of new energy
consumption, and its short-term load forecast is the basis for the stable operation of
smart grid[2] . New microgrids are usually composed of a large number of customers
with new energy generation equipment[3] . The ability to accurately predict the short-
term net load of customers, i.e. the difference between electricity consumption and PV
generation, will provide an important guarantee for the consumption of new energy in
the whole region[4].

Researchers have conducted extensive studies on load forecasting. Prediction
methods have transitioned from linear regression[5] , differential integrated mov-
ing average autoregressive models[6] , support vector machines[7] , and BP neural
networks[8] to recurrent neural networks[9] and convolution neural network (CNN)[10]
; prediction models have evolved from single models such as long short term memory
neural network (LSTM) , gated recurrent unit neural network (GRU) , to a single
model such as gated recurrent unit neural network (GRU) . (LSTM)[11] , gated recur-
rent unit neural network (GRU)[12] , to RNN-CNN[13] , GRU-CNN[14] and other
combined models. However, the net load of customers is affected by many complex
factors such as natural conditions, individual electricity consumption behavior, and
electricity price, which makes it difficult for these methods to accurately predict the
short-term net load of customers[15] .

In recent years, wavelet transform[16, 17] , empirical mode decomposition
(EMD)[18, 19] , frequency domain decomposition[20] and other methods adopt the
idea of decomposing the load before predicting the components, which effectively
solve the problems of strong randomness and large fluctuation of the load. However,
there are still some shortcomings, for example, it is difficult to find the appropriate
mother wavelet and decomposition layers for wavelet transform; EMD has problems
of over-envelope, under-envelope, modal confusion and large amount of noise; fre-
quency domain decomposition method has the disadvantage of difficult to choose the
frequency domain.

In order to improve the accuracy of short-term net load prediction of users,
this paper proposes a short-term load prediction model based on AFDD-LSTSNET-
SARIMA. Firstly, the net load data is transferred from the time domain to the
frequency domain by Fourier transform, and then the optimal combination of periods
is found among all potential periodicity in the frequency domain by genetic algorithm,
so that the net load data is decomposed into periodic and non-periodic components.
In order to improve the prediction accuracy at the fluctuation of non-periodic compo-
nents, an LSTSNET model consisting of convolutional layer, CRU unit and GRU jump
unit, and fully connected layer is proposed. The periodic components have obvious
regularity, and the SARIMA algorithm is chosen to predict the periodic components
to ensure the prediction accuracy while saving computational resources. On this basis,
the prediction results of each component are recombined to obtain the final prediction
results of short-term net load of users. Compared with the single prediction model,
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the combined AFDD-LSTSNET-SARIMA model can obtain higher prediction accu-
racy by combining linear and nonlinear prediction methods on the basis of solving the
problem of difficult frequency domain selection of frequency domain decomposition
method.

2 Technical framework for combined predictive
models

In this paper, after decomposing the net load data using the adaptive frequency
domain decomposition method, the load components will show certain regularity.
According to the different characteristics of the load components, different forecasting
methods are used to solve the problems of large uncertainty and fluctuation of the net
user load, so as to improve the forecasting accuracy. Figure 1 shows the flow diagram
of the prediction model based on the adaptive frequency domain decomposition of the
net user load combination.

Fig. 1 Schematic diagram of the combined prediction process
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The specific prediction process is as follows:
(1) The user load data is decomposed into periodic and non-periodic components

using adaptive frequency domain decomposition.
(2) The periodic component has obvious regularity, and it can be accurately

predicted only by mining the change pattern from the data itself. SARIMA predicts
the data by mining the periodic pattern of the historical data itself, which is consistent
with the characteristics of the periodic component itself. Therefore, the SARIMA
model is used to predict the periodic components.

(3) To address the problems of non-periodic components with obvious volatility
and instability, this paper proposes a long and short-term cyclic jump convolutional
neural network, which uses convolutional layers to capture local feature relationships
and adds a jump link in the cyclic process of GRU units to achieve the ability of
mining the hidden and periodic relationships among load data while preserving the
nonlinear fitting ability of GRU units, which improves the non-periodic components
The prediction accuracy is improved.

(4) The periodic and non-periodic components obtained from the above two
algorithms are recombined to obtain the final net load prediction results.

3 Technical details of the combined predictive model

3.1 Adaptive frequency domain decomposition method based

on genetic algorithm

The frequency domain decomposition method uses the Fourier transform to con-
vert the load data from time domain to frequency domain, and then combines the
components of different frequencies to obtain new load components and decompose
them from the original load, so that the original irregular electric load is decom-
posed into components with different regular changes. Therefore, the frequency domain
decomposition method is applicable to the time series data of power load with nonlin-
earity and non-smoothness. However, the frequency domain decomposition method is
a data processing method that requires a priori experience, i.e., the frequency domain
periodicity is determined before extraction. In the process of decomposition of net cus-
tomer load, if only the daily and weekly components are extracted, the best regularity
of the load cannot be found, i.e., the ideal non-periodic components are not obtained.

The adaptive frequency domain decomposition method based on genetic algo-
rithm is an improved method of frequency domain decomposition method. After
converting the load data to frequency domain, the genetic algorithm is used to extract
all the periodic components in combination to find out the best regular components
in the historical data, which improves the problem of high uncertainty and volatility
of net load of users, and thus improves the prediction accuracy. Figure 2 shows the
flow chart of the adaptive frequency domain decomposition method based on genetic
algorithm.
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Fig. 2 Flow chart of adaptive frequency domain decomposition method based on genetic algorithm

The specific steps are:
(1) After Fourier decomposition, the user load data are orthogonal to each other,

and the periodic components of the original load are extracted with different periods.
The original load P (t) is reconstructed as follows:

P (t) = a0 + S(t) + L(t) +A(t) (1)

where: a0 + S(t) constitutes the short-period component, L(t) is the long-period
component, and A(t) is the acyclic component.

(2) Divide all extractable periods into long-period components and short-period
components.mod(m,n)mn The short period S(t) is α and contains the DC component
a0. a0 + S(t) The set of frequencies of :

Ωshort = {w0} ∪

{

wi | mod(α,
2π

wi

) = 0

}

(2)

In this paper, we set the long period L(t) period to b . L(t) Thefrequency set of :

Ωlong =

{

wi | mod(b,
2π

wi

) = 0 ∩mod(a,
2π

wi

) ̸= 0

}

(3)

(3) All potential long and short periods are encoded using 0 or 1, and then the ini-
tial population is generated, and the corresponding period combination scheme of the
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population is transformed to the time domain by Fourier inverse transform to obtain
the short period component, long period component, and non-periodic component.

(4) The SARIMA and LSTSNET prediction models are used to predict the peri-
odic and non-periodic components, respectively, and the obtained results are used to
find the optimal periodic components using the fitness function, i.e., to find a and b
in Eqs. (4) and (5). the fitness functions are shown below:

R2 = 1−

∑n

i=1
(yi − y∗i )

∑n

i=1
(yi − ȳ)

(4)

Where: y∗i is the predicted value at the i time point; yi is the actual value at the
i time point; ȳ is the mean of the actual values;n is the sample size.

3.2 Periodic component forecasting based on SARIMA model

In the field of load forecasting, SARIMA is the most commonly used seasonal
time series forecasting technique. SARIMA is obtained by adding seasonality analysis
based on ARIMA model.SARIMA model is generally expressed as SARIMA ( , , ) (
p d q P D Q , ,),which is in the form of:

ϕp(B)φP (B
s)(1−BS)Dyt = θ(B)ΘQ(B

s)εt (5)

Where, Yt is the predicted value, εt is he residual, P is the autoregressive model
order, P is the seasonal autoregressive model order, qis the moving average model
order, Q is the seasonal moving average model order, d is the number of differences,
D is the number of seasonal differences, ϕp(B)is the autoregressive model, φp(b

s) is
the seasonal autoregressive model, θq(b)is the moving average model, andΘQ(B

s)is
the seasonal moving average model.

After testing the data for smoothness using the unit root test, SARIMA converts
the non-smooth series into a smooth series by using the difference operation and the
seasonal difference operation. The autocorrelation and partial autocorrelation plots
are used to find the possible parameters of p, q, P,Q in the SARIMA model. When
the SARIMA algorithm predicts the periodic components, the model parameters are
determined by the above process, and the optimal model is found by using the deficit
pool information criterion and Bayesian information criterion, and the degree of fit of
SARIMA to the data is checked by the coefficient of determination. When the fit degree
meets the requirement, the prediction result of the periodic component is output.

3.3 Non-periodic component prediction based on LSTSNET

model

The non-periodic components obtained by the adaptive frequency domain decom-
position method reflect the stochastic fluctuations of PV power generation and
customer load, which have strong stochasticity. In response to the above situation, we
propose a deep learning prediction framework based on GRU unit improvement, i.e.,
long and short term recurrent jump neural network model, whose model is shown in
Fig. 3.
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Fig. 3 LSTSNET model framework diagram

The first layer of the LSTSNET algorithm is a convolutional layer without pooling,
which captures the local dependencies between load data and features using convolu-
tion. The convolutional layer consists of multiple filters with a width of w (determined
by the number of features) and a height of h. The second layer of the LSTSNET
algorithm is a GRU unit and a GRU jumping unit. GRU is designed to mine the rela-
tionship between data in time series, but when the length of time series features is
too large, GRU is often unable to capture the long-term hidden relationships between
data as well. By adding a time-hopping loop structure, GRU can improve the ability of
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mining data with a large time span. The mathematical expression of the loop-hopping
process is shown below:

rt = σ(xtwxr + ht−pwhr + br)

ut = σ(xtwxu + ht−pwhu + bu)

ct = RELU(xtWxc + rt ⊙ (ht − pWhv) + bc)

ht = (1− ut)⊙ ht − p+ ut ⊙ ct.

(6)

where ⊙ is the product of elements, σ is the sigmoid function, RELU is the
RELU function, wxr, wxu,whr, whu,wxc, whc is the weight of the input variables in
the corresponding gate, br, bu, bc is the bias term of the corresponding gate, xt is the
input variable, ht − p is the state memory variable of the previous p moment, ht is
the state memory variable of the current moment, rt is the reset gate state, ut is the
update gate state, ct is the current waiting candidate set state.

The third layer of the LSTSNET algorithm is the fully-connected layer, and the
inputs of the fully-connected layer are the predicted values of GRU units and jump
GRU units. The input expressions of the fully connected layer are shown below:

ht = WRhR
t +

p−1
∑

i=0

WS
i hS

t−i + b (7)

Where: hR
t is the output value of GRU unit, ht − iS is the output value of long

jump cycle unit.

4 Example analysis

4.1 Experimental data presentation and analysis

The data in this study are obtained from 35 days of measured net load data and
weather data of 26 households in a smart community in Brookdale, New York, USA,
fromMay 1, 2019 to June 4, 2019.All 26 customers are equipped with distributed power
(photovoltaic generation equipment) and self-generated. The smart meter collection
period is 15 minutes, that is, 96 points a day for one household, a total of 3360 points
for 35 days, of which 30 days is the training set and 5 days is the test set, and the raw
data are shown in Figure 4
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Fig. 4 Dataset of 1 household net load

From Fig. 4 , it can be seen that neither the single household net load data nor
the total net load data of 26 households are cyclical, and the daily peak-to-valley
differences fluctuate significantly and in different ranges.

4.2 User net load forecasting feature set

The net user load consists of both PV power generation and load, so in addition
to factors affecting load such as temperature, humidity and previous hour load, factors
affecting PV power generation such as PV panel temperature and sunlight radiation
should also be added. In summary, the input parameters of the model constructed in
this paper are shown in Table 1:

Table 1 Model input parameters

Parameter Meaning

x1 Dew point temperature
x2 Humidity
x3 Photovoltaic panel temperature
x4 Amount of sunlight radiation
x5 First 15 minutes load
x6 First 30 minutes load
x7 First 45 minutes of load
x8 First 60 minutes load

The above five eigenvectors are arranged into 3360 96×8 two-dimensional matrices
on the principle of time series, as shown in equations (8) and (9).

XN,96×8 =







X1,1 · · · X1,1

...
. . .

...
X1,1 · · · X1,1






(8)
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f =







X1,96×8

...
X3360,96×8






(9)

4.3 SARIMA and LSTSNET hyperparameter settings

The details of the implementation of several major algorithms in this paper are
as follows:

The LSTNET model is implemented using the framework keras and tensorflow,
and the hyperparameters of LSTNET mainly include, convolutional kernel size, train-
ing number, learning rate and so on. All hyperparameters are set as shown in Table
2.

Table 2 Model input parameters

Parameter Name Parameter Value Parameter Name Parameter Value

Epoch 50 GRU-unit 10
Batch size 128 Skip-GRU-unit 10
Learn rate 0.01 dropout 0.5
Kernel size 3*5 skip 24

The SARIMA model is implemented using the framework sklearn. The hyperpa-
rameters of SARIMA include p = regression order, d = difference order and q =moving
average order, P = seasonal autoregressive order, D = seasonal difference order and
Q = seasonal moving average order.The hyperparameters of SARIMA include regres-
sion order, difference order and moving average order, seasonal autoregressive order,
seasonal difference order and seasonal moving average order.

In this paper, the mean absolute percentage error EMAPE , root mean square error
ERMSE , is used as the performance evaluation index of the prediction model, and the
mathematical expression is as follows:

EMAPE =

∑n

i=1
(
|yi−y∗

i
|

yi

)

n
(10)

ERMSE =

√

∑n

i=1
(yi − y∗i )

n
(11)

4.4 Comparison and analysis of prediction results

In this paper, the load components obtained from the adaptive frequency domain
decomposition of the data in Figs. 4 above are used to train the corresponding pre-
diction models, and the previous hourly load data are processed in a dynamic way
during the training process, i.e., after the prediction points are obtained, the predic-
tion points are added to the feature series as new features to continue predicting the
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next value. Fig. 5 to Fig.10 show the results of adaptive frequency domain decom-
position for single-user and 26-user net load, in which the optimal decomposition
frequency domain for 26-user total net load data is, a = 480 b = 1680, and the optimal
decompositon frequency domain for 1-user load data is, a = 480 b = 672.

Fig. 5 Short period component

Fig. 6 Long period component
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Fig. 7 Non-periodic component

Fig. 8 Short period component

Fig. 9 Long period component
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Fig. 10 Non-periodic component

From Fig. 5 to Fig. 10, it can be seen that after the adaptive frequency domain
decomposition, the non-periodic load components peaks and troughs of both 26-home
net load and single-home net load appear with certain patterns, which reduces the pre-
diction difficulty. Short-term net load forecasting is carried out for single households
of 1 day and 5 consecutive days in the dataset using single forecasting models such as
LSTM, GRU, LSTSNET and combined models such as frequency domain decompo-
sition method, CNN-LSTM, AFDD-LSTSNET-SARIMA. Among them, the periodic
components obtained by frequency domain decomposition method and adaptive fre-
quency domain decomposition method are predicted by SARIMA algorithm, and the
non-periodic components are predicted by LSTSNET. The mean absolute percentage
error EMAPE and root mean square error ERMSE of the above models on the test set
were calculated and the results are shown in Table 3.

Table 3 Evaluation indicators of different models for single households

2019/5/31 2019/5/31-2019/6/5

Predicetive Models RMSE MAPE RMSE MAPE

LSTM 0.1987 0.4411 0.2576 0.4493
GRU 0.1913 0.4316 0.2628 0.4376
CNN-GRU 0.1747 0.3707 0.2229 0.3667
LSTSNET 0.1111 0.2473 0.1346 0.2318
Frequency domain decomposition method 0.1052 0.2590 0.1282 0.2383
AFDD-LSTSNET-SARIMA 0.0855 0.1818 0.1195 0.1270

As shown in Table 3, from the analysis of EMAPE indicators, the prediction effect
of single algorithms such as LSTM and GRU is not as good as the combined mod-
els such as CNN-LSTM, LSTSNET, frequency domain decomposition and adaptive
frequency domain decomposition method. The reason is that the combined models
incorporate the convolutional structure of the convolutional neural network, and the
feature vectors are more closely related to each other after passing through the convo-
lutional layer, which has a better effect in predicting the peaks and valleys of waves.
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The LSTSNET is more effective in capturing the relationship between long interval
data by adding jump GRU units during training. The frequency domain decomposi-
tion method and adaptive frequency domain decomposition method are more effective
than other methods because the load data are decomposed in the frequency domain,
which changes the original pattern of the load, making the peaks and valleys regular
in terms of values and trends. Fig. 11 shows the prediction curves comparing the pre-
diction model and the model proposed in this paper for 1 day, and Fig. 11 shows the
prediction curves for 5 days.

Fig. 11 Single household 1-day multiple model prediction results

Fig. 12 Single Household 5-Day Multiple Model Forecast Results

AFDD-LSTSNET-SA RIMA model proposed in this paper predicts better than
the other five models at the peaks and troughs, and also restores the trend of net
user load. Fig. 12 proves that the AFDD-LSTSNET-SA RIMA model can also predict
the sudden load changes better in the long-term prediction process, but there are
also prediction errors, which may be caused by the sharp increase in load at the
corresponding moment in the training set, and therefore follow the previous pattern in
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the smooth section. In order to further verify the effectiveness of the proposed model
and the prediction accuracy of the model under the fluctuation of large values of load,
the total net load of 26 households in the district was predicted by using the above
six models, and the prediction evaluation indexes are shown in Table 4.

Table 4 Evaluation indexes of different models for 26 households

2019/5/31 2019/5/31-2019/6/5

Predicetive Models RMSE MAPE RMSE MAPE

LSTM 4.595 0.2583 7.448 0.2840
GRU 3.6491 0.2419 6.5043 0.2722
CNN-GRU 3.6774 0.2387 5.6546 0.3300
LSTSNET 3.278 0.2202 5.4350 0.2300
Frequency domain decomposition method 2.8642 0.3272 4.1800 0.1745
AFDD-LSTSNET-SARIMA 2.5658 0.1663 3.3742 0.1521

single-family, all the prediction models except the AFDD-LSTSNET-SARIMA
model have decreased in EMAPE , but the AFDD-LSTSNET-SARIMA model still has
the lowest values of EMAPE and ERMSE , which once again proves the superiority of
the proposed method in the paper.

Fig. 13 Forecasting results of different models for 26 households 1 day
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Fig. 14 Forecast results of multiple models for 26 households for 5 days

It can be seen from Fig. 10 and Fig. 11 that the load fluctuates continuously
at the peaks and troughs, and the single prediction model is less effective in facing
such situations, while the combined model performs better. The AFDD-LSTS-NET-
SARIMA proposed in this paper is more stable, without large error points, and almost
restores the load variation trend.

5 Conclusion

In this paper, we propose a combined prediction model based on AFDD-
LSTSNET-SARIMA. The adaptive frequency domain decomposition method finds two
optimal frequency domains among all decomposable frequency domains, i.e., the pre-
diction accuracy of the separated non-periodic variation components is the highest.
The LSTSNET model uses convolutional layers to explore the relationship between
adjacent data, while adding jumping GRU units to strengthen the connection between
data with large span, which improves the prediction accuracy of non-periodic compo-
nents. The experiments show that the integrated prediction model proposed in this
paper is better than the frequency domain decomposition method with fixed frequency
domain and other common models.
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