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Abstract This paper preprocesses missing and anomalous power load data to reduce the error of power load 
forecasting. Loess smoothing-based time series decomposition algorithm (STL) is introduced to initially decompose 
the data into trend component, period component and residual component according to the inner and outer loop 
process. Aiming at the noise limitation of the residual component, the method of reconstruction is carried out by 
improving the STL-ICEEMDAN quadratic decomposition. Combined with sample entropy and maximum information 
number, it is quadratically divided into high-complexity component and low-complexity component to improve the 
prediction accuracy. The results show that the trend component autocorrelation coefficients are 0.786 and 0.729, 
the correlation is high, there is periodicity, and the decomposition method is effective. The root mean square error, 
average absolute error, average absolute percentage error, and relative absolute error of power load prediction of 
this paper's model are 91.66kW, 77.91kW, 0.88%, and 0.98%, respectively, and the prediction error is smaller than 
the comparison model. 
 
Index Terms electricity load forecasting, STL decomposition, inner and outer loops, quadratic decomposition 
reconstruction, residual components 

I. Introduction 
With the continuous development of power systems and smart grids, the marketization of electric energy has 
received increasing attention internationally in recent years. Electricity load forecasting is crucial for scientific 
electricity management, rational planning of energy construction, and improving the economic and social benefits 
of the power system [1], [2]. For power sales companies, the results of power load forecasting are the basis of 
contracting strategy, offer strategy, trading strategy, and individual user economic measurement and other behaviors 
[3], [4]. Therefore, improving the accuracy of load forecasting is a key issue in the field of electric energy. 

Currently, power load forecasting can be divided into two major categories. One is the traditional time series 
power load forecasting method, which has the advantages of simple structure, fast forecasting speed, etc., but it is 
difficult to highly fit the nonlinear and multifactor data [5], [6]. The second is power load forecasting with machine 
learning, whose goal is to mine the implied laws from a large amount of historical data, which not only can highly fit 
the nonlinear data, but also has the advantages of good adaptive ability and robustness [7]-[9]. The above data-
driven time series and machine learning approaches are based on fitting forecasting models to historical data, so 
the nature of data features and dynamic changes have a greater impact on the accuracy of model forecasting [10]-
[12]. 

However, in the practical application of power load forecasting, the uncertainty of domestic and international 
power load demand and the dynamic changes in power consumption patterns hinder the accuracy of machine 
learning algorithm forecasting [13], [14]. In contrast, the STL time-series decomposition algorithm can decompose 
the load data so that the components with different uncertainties and dynamic change patterns can be separated 
[15], [16]. Therefore, constructing a combination method combining the time-frequency domain analysis method 
and STL decomposition can effectively improve the prediction accuracy of uncertain power loads [17]. 

Accurate forecasting of loads can improve the emergency response capability of power systems. This paper 
focuses on the problem of normalized preprocessing of power load data and proposes a decomposition and 
reconstruction method. For anomalous data, the inner and outer loop technique of STL decomposition is used to 
smooth the processing time series, introduce robust weights, and realize the decomposition of trend component, 
cycle component and residual component of the data. Construct the secondary decomposition reconstruction model 
based on STL-ICEEMDAN. Measure the complexity of the decomposed component data by sample entropy, and 
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calculate the data correlation by using the maximum information number to complete the re-decomposition 
reconstruction of the residual component. Compare the actual power load prediction effect of this paper's model 
and the same type of prediction model to verify the practical value of this paper's method. 

II. Implementation of power load forecasting based on the combination of time-
frequency domain analysis and STL decomposition 

II. A. Power load data preprocessing 
II. A. 1) Missing data processing 
Missing items in power load data are values that are missing or zero in the power load data. These missing items 
may be caused by factors such as interference in data transmission, errors in staff operation, or problems with the 
power equipment itself. These missing items do not represent the load situation in this period, and will cause some 
interference in load forecasting, so it is necessary to effectively fill in the missing data in advance. In the field of load 
forecasting, the principle of dealing with missing data is to maintain the integrity of the data as much as possible, 
and the current common methods include deletion method and filling method. 

1) Deletion method 
The deletion method is to directly delete the missing items of the historical power load data directly, in order to 

purify the data and improve the performance of the model. Deletion method is a direct and effective method in data 
preprocessing, but its applicability is limited by the number of missing items. When there are a large number of 
missing items in the dataset, the deletion method is not the best choice. In the scenario of continuous data such as 
load forecasting, although the deletion of missing items can simplify the dataset, too many deleted missing items 
may damage the integrity and representativeness of the data, leading to a reduction in the sample size, which 
reduces the model's generalization ability. In addition, if the deletion is of missing terms in specific features, it may 
lead to the loss of important information provided by these features, affecting the final prediction results. Therefore, 
before using the deletion method, there is a need to weigh the integrity of the data and the accuracy of the prediction 
results. 

2) Filling method 
The purpose of the filling method is to estimate or fill in the missing items in a number of ways that can maximize 

the retention of information from the original data, while reducing the prediction error due to missing data. The power 
load data used in this paper is sampled at 10-minute intervals, the time interval between two adjacent samples is 
short, and the load data is time series data, so when the missing term is a single one, which has a large correlation 
with the two load values before and after it, it can be filled directly by linear interpolation, and the formula is shown 
in equation (1): 
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where 
kx  is the k th sampled data, and 

1kx 
 and 

1kx 
 are the previous and next data of 

kx , respectively. 
Simple linear interpolation may fail in the face of continuous missing data. In this case, an effective filling method 

is to use the neighboring point average method based on the same type of day, which takes into account the 
similarity characteristics of the power load data and is used to fill by using the average value of the same type of 
day (e.g., the same day of the week or other day of the same month) adjacent to the date on which the missing item 
is located, as shown in the calculation formula in Equation (2): 
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where x  is the missing value, i  is some date of the same type, and m  is the number of dates of the same type 
selected. 

 
II. A. 2) Abnormal data handling 
Since the power load data belongs to the time series data, its change has a certain inertia and shows a continuous 
smooth trend, and there are relatively few cases of sudden sharp increase or decrease, therefore, if there is a sharp 
increase or decrease in a data point, it is an abnormal term. If these data are not processed before the model 
training, it will affect the training effect of the model and lead to a decrease in training accuracy. The following two 
methods can be used to correct the anomalous terms: 

1) Horizontal processing method 
The power load data presents smooth and continuous characteristics, and the load data changes in adjacent 

moments are more stable. However, when the difference between the load value at a certain moment and the load 
value at adjacent moments exceeds the preset threshold, it can be judged as an abnormal term. When dealing with 



Research on power load forecasting model based on the combination of time-frequency domain analysis and STL decomposition 

343 

the abnormal term, the load data of the moments before and after the abnormal term can be used to analyze and 
deal with the specific formula as follows: 

Firstly, the abnormal term is determined: 

 
( , ) ( , 1) ( )

( , ) ( , 1) ( )

y i t y i t t
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Calculate the average of the moments 
1( , )y i t  before and after the moment t , as shown in equation (4): 

 
1

( , 1) ( , 1)
( , )

2

y i t y i t
y i t

  
  (4) 

Calculate the average of the four neighboring moments 
2 ( , )y i t  at moment t , as shown in equation (5): 
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Calculate the average of the four neighboring moments 
3 ( , )y i t  at the moment 

2 ( , )y i t , as shown in equation (6): 
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The final weighting is obtained: 
 

1 1 2 2 3 3( , ) ( , ) ( , ) ( , )y i t a y i t a y i t a y i t    (7) 

Among them, ( )t  and ( )t  are expressed as the thresholds of 15% and -15%, respectively, ( , )y i t  is the 
load value at the time of t  on day i , ( , 1)y i t   is the load value at the time 1t   on day i , and ( , 1)y i t   is 
expressed as the load value at time 1t   on day i . 

2) Vertical processing method 
Power load shows obvious periodicity, in the absence of emergencies, the load changes in the neighboring days 

show similarity. When the difference between the load value at a certain moment and the load value at the same 
moment of the neighboring days exceeds the preset threshold, it can be judged as an anomalous term, and in order 
to correct these anomalous terms, it can be processed by using the average value of the load at the same moment 
of the neighboring days, i.e., the vertical processing method. 

If, 
 ( , ) ( )y i t M t    (8) 
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where   is denoted as the threshold value and ( )M t  is denoted as the average value of the week corresponding 
to moment t . 

 
II. B. STL decomposition 
STL is a time series decomposition algorithm based on Loess smoothing. This algorithm can decompose the time 
series into trend component, period component, and residual component as shown in equation (10): 

 
t t t tY T S R    (10) 

where 
tY  is the observation at moment t , and 

tT , 
tS , and 

tR  are the trend component, the period component, 
and the residual component at moment t , respectively. 

The STL decomposition consists of two recursive processes, the inner loop and the outer loop. The inner loop is 
used to update the trend and period components of the time series, and the outer loop is used to compute the robust 
weights required for the next round of inner loops. 
II. B. 1) Internal circulation 
Let ( )k

vS  and ( )k
vT  be the results of the k th iteration, then the iteration process of the 1k  th inner loop is as 

follows: 
1) Detrending. Compute the detrended sequence ( )k

v vY T . 

2) Smoothing the periodic subsequence. Perform Loess smoothing on the periodic subsequence of the sequence 
in step 1) to obtain the temporary periodic sequence ( 1)k

vC
 . 

3) Apply a low-pass filter to ( 1)k
vC

  to obtain ( 1)k
vL
 . The low-pass filter consists of three moving average 

processes and a Loess process. 
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4) Calculate the periodic component. The expression for calculating the period component for the 1k  th iteration 

is ( 1) ( 1) ( 1)k k k
v v vS C L    . where ( 1)k

vL
  is subtracted from ( 1)k

vC
  to prevent low-frequency power from entering the 

periodic component. 
5) Removing the periodic component. The expression for removing the periodic component is ( 1)k

v vY S  . 

6) Calculate the trend component. The time series obtained in step 5) is smoothed using the Loess smoothing 
method to obtain the trend component for 1k   iterations as ( 1)k

vT
 . 

II. B. 2) External circulation 
Let the period component and trend component obtained after one inner loop be 

vS  and 
vT , respectively. The 

residual component is calculated as follows: 
 

v v v vR Y T S    (11) 

Robust weights are then introduced for each time point. The magnitude of the robust weights reflects the extremes 
of the residual component 

vR . The robust weights are calculated as follows: 
  6 vh median R  (12) 
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  /v vB R h   (14) 

where 
v  is the robust weight corresponding to time point v  and 

vR  is the residual component corresponding 

to time point v .  median  is the median function. ( )B u  is the bi-square weight function. 

In the subsequent inner loop process, when performing Loess smoothing in steps 2) and 6), the weight values 
should be multiplied by the robust weights 

v  of the corresponding moments on top of the original weight values 
to minimize the effect of outliers on the decomposition. 

 
II. C. STL-ICEEMDAN based quadratic decomposition reconstruction models 
After the decomposition of power load data, the complexity and relevance of the components need to be analyzed 
and reconstructed, this paper chooses two indicators, sample entropy and maximum information number, to analyze 
the complexity of the decomposed components, and the principle is introduced next. 

 
II. C. 1) Sample entropy 
Sample entropy (SE) is a time series complexity measure that determines the complexity of data by measuring the 
size of the probability of generating new patterns in the data. The greater its probability, the greater the complexity 
of the data.SE is similar to approximate entropy, but the calculation of SE does not depend on the length of the data 
and has better robustness and consistency. 

Let the load sequence consist of N  data with time series ( ) (1), (2), ( )x n x x x N  , and first form a one-

dimensional array of m  vector sequences, (1), , ( 1)m mX X N M  ; where ( )mX i  stands for the value of x  for 

m  consecutive x  starting from the i th one. 

Compute the distance between two sequences of vectors. 
    0, , 1( ), ( ) max ( ) ( )m m k md X i X j x i k x j k    

 (15) 

Count the number ( )mA r  of distances between sequences less than or equal to r , which is the probability that 
two sequences match at m  points. r  is the similarity tolerance, which represents a measure of similarity. 

 1
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1
m
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When N  is finite data, its sample entropy is calculated as shown in equation (17). 
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where m  is the embedding dimension of the moving window of the reconstructed time series. 
 

II. C. 2) Maximum number of messages 
The Maximum Information Coefficient (MIC) has been proposed to describe the degree of correlation between any 
two sets of random variables under big data, which is not susceptible to outliers and is characterized by universal 
and fair data measurement. If there is some relationship between two variables  1,2, ,X n   and  1,2, ,Y n  , 
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it can be treated as an ordered set ( , )D x y , and then x  and y  are taken in some way in the data X  and Y  

directions to be divided in a grid This makes most of the points fall centrally in the cells, from which the MIC values 
of the two sets of variables can be calculated as shown in Eq. (18). 

      
 ,

, ,
max max

min ,X Y

I D X Y
MIC D D

lb X Y
   (18) 

where  , ,I D X Y  is the maximum mutual information of all the distributions generated by D  on the X  and Y  
lattices, if the stronger the correlation between the two sets of variables X  and Y  is, the closer  MIC D  tends 
to be to 1, and vice versa the closer it is to 0, which means that it is more likely that the two sets of variables are 
independent variables. 

 
II. C. 3) STL-ICEEMDAN based quadratic decomposition reconstruction model construction 
In this paper, the STL-ICEEMDAN quadratic decomposition reconstruction strategy is used to process the original 
power load data. Figure 1 shows the improvement strategy flow. 

Raw data

STL decomposition

ICEEMD AN decomposition

SE, MIC analysis reconstruction

High Complexity 
Component

Low complexity 
component

IMF1 IMF2 IMFn

Trend 
components

Residual 
component

Seasonal 
component

…

 

Figure 1: Shows the process of the secondary decomposition and reconstruction model 

The STL primary decomposition is first performed to obtain the trend, seasonal and residual components. 
However, the residual component still contains complex nonlinearities and noise, and ICEEMDAN decomposition 
is performed on the residual component to obtain multiple 

nIMF  (intrinsic modal components), so as to obtain 
useful information not found in the residual component. Due to the excessive number of components obtained from 
the decomposition, direct prediction will take more time. Meanwhile, there are still some correlations between these 
components, which can be further analyzed by reconstructing the related components to reduce the inputs for 
prediction and improve the efficiency of prediction while reducing the non-stationarity of the data. 

In this paper, sample entropy and maximum information number are taken to analyze the components. The 
complexity of each intrinsic modal component is calculated by sample entropy, and the maximum information count 
calculates the correlation between each intrinsic modal component and the original data. The components with high 
complexity and small MIC value are reconstructed as high complexity components, and the rest are reconstructed 
as low complexity components, and finally four parts of the components are obtained, i.e., trend component, 
seasonal component, high complexity component and low complexity component. 
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III. Electricity load data processing and forecasting practices 
III. A. STL-ICEEMDAN based quadratic decomposition for reconstructing load data 
III. A. 1) Analysis of raw load data 
Taking the power load data of a city power grid as the basic research value, using the secondary decomposition 
and reconstruction model based on STL-ICEEMDAN to decompose and reconstruct the original load data, and 
taking the obtained trend component and its cycle change rule as an example to analyze the effectiveness of the 
data preprocessing method proposed in this paper. Figure 2 shows the raw power load data obtained with 10 
minutes as the collection unit. It can be seen in the raw load data of 6000min consecutively, the change range of 
electric power load volume is between 8000MW-13000MW, and there exists some kind of law with 1500min as the 
differentiation, which meets the requirements of decomposition and reconstruction. 

 

Figure 2: Original power load data 

III. A. 2) Trend components and their autocorrelation analysis 
Figure 3 shows the trend components obtained from the decomposition. Figure 4 is the result of autocorrelation 
calculation of the trend component. The maximum value of the trend component obtained by decomposition is 
11,817.6 MW, the minimum value is 7,434.1 MW, and the mean value is 9,547.1 MW.The red dots in Fig. 4 indicate 
the correlation coefficients between the data at n*332 intervals, which are 0.786 and 0.729, respectively, and both 
of them are greater than 0.700.It shows that there is a high correlation between the trend component obtained by 
decomposition at n*332 intervals, proving that there is a periodicity in the trend component. There is a high 
correlation, which proves that the trend component contains periodicity. By processing the raw power load data with 
outliers through the secondary decomposition reconstruction model of STL-ICEEMDAN, the periodicity of the power 
load data can be found, so as to realize the normalization of the raw power load data and improve the accuracy of 
the subsequent power load forecast. 

 

Figure 3: Decomposed trend components 
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Figure 4: Calculation result of the autocorrelation of the trend component 

III. B. Comparison of Power Load Forecasting Effectiveness 
III. B. 1) Comparison of model predictions 
In order to reflect the advantages of this paper's power load data preprocessing method based on time-frequency 
domain analysis and STL-ICEEMDAN decomposition, the single prediction models such as Extreme Learning 
Machine (ELM), Support Vector Regression (SVR), LSTM, and TCN, as well as the power load prediction model 
combining this paper's method, are selected for comparative analysis. Fig. 5 shows the prediction results of the five 
methods on a particular day in the test set. In a 24-hour period, the real power load has 2 peaks around 6h and 16h, 
and the overall power load variation ranges from 8411.5 MW to 12143.1 MW. Among the prediction results of the 
five models, this paper's model is the closest between the model and the real power load change. The model of this 
paper predicts that the power peaks at 6.5h and 16.2h, with the change range of 8499.2MW-12219.5MW, and the 
overall difference is not more than 1h and 100MW. The prediction effect of other single prediction models is not as 
good as this paper's model, and there is an obvious deviation from the real value. 

 

Figure 5: Comparison of the prediction results of each model 

III. B. 2) Comparison of prediction errors of different models 
The model prediction results were judged using three error judging metrics, i.e., judging criteria were used for 
judging, i.e., Root Mean Square Error (RRMSE), Mean Absolute Error (MMAE), and Mean Absolute Percentage 
Error (MMAPE). Table 1 shows the prediction error statistics of different models. The root mean square error of this 
paper's model is 91.66kW, the average absolute error is 77.91kW, and the average absolute percentage error is 
0.88%. Compared with the three corresponding index data of the other four models, this paper's model has a smaller 
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root mean square error, average absolute error and average absolute percentage error. Figure 6 shows the 
distribution of the relative absolute errors of the prediction results of each model at any moment. Compared with 
other models, this paper's method has a smaller relative absolute error at any moment, with a maximum of no more 
than 0.98%, and the maximum relative absolute error results are all smaller than the four comparison models of 
ELM (10.36%), SVR (11.06%), LSTM (10.71%), and TCN (10.84%). It indicates that after the time-frequency domain 
analysis and STL-ICEEMDAN decomposition, the power load data are more standardized, which improves the 
meticulousness and accuracy of the model power load prediction results. 

Table 1: Prediction errors of different models 

Model RRMSE (kW) MMAE (kW) MMAPE (%) 

Article method 91.66 77.91 0.88 

ELM 1100.69 908.58 10.19 

SVR 1158.52 976.92 10.95 

LSTM 1117.40 949.65 10.64 

TCN 1118.98 953.98 10.69 

 

 

Figure 6: Distribution of relative and absolute errors 

IV. Conclusion 
In this paper, the abnormal power load data are processed through data time series analysis and STL-ICEEMDAN 
quadratic decomposition reconstruction model to improve the level of power load forecast refinement. The model in 
this paper predicts that the peak power load occurs at 6.5h and 16.2h, and the load changes between 8499.2MW 
and 12219.5MW, which is closest to the real value. And the root mean square error = 91.66kW, the average absolute 
error = 77.91kW, the average absolute percentage error = 0.88%, and the relative absolute error at any moment is 
<0.98%, which is better than the comparative model in different judging indexes. In the future, the time length of 
power load prediction can be appropriately increased to test the generalization ability of this paper's method. 
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