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Decoupling Based Monthly Net Electricity Consumption Prediction 
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stract 

e large-scale introduction of distributed photovoltaic (DPV) increases the need for retailers to consider and quantify the 
ferences in monthly electricity consumption of customers to maximize their interests in trading in the forward electricity 
rket. For customers with DPV, retailers need to predict net electricity consumption (NEC), which is actual electricity 
sumption (AEC) minus DPV generation. However, the DPV is behind the meter and DPV generation data is invisible to 

ailers. Therefore, the issue of how to distinguish the transition of customers from no DPV to with DPV and their DPV 
tallation information needs to be addressed. To better capture the additions of DPV timely under high penetration of DPV, 
ecoupling-based monthly NEC prediction model considering the DPV installation update is proposed. Firstly, the features 
 extracted from the hourly NEC data of known customers with DPV to distinguish other customers whether installing 
V. Secondly, an online update framework of DPV installation evaluated by two validations is proposed. Thirdly, based on 
 difference in the electricity consumption series before and after the installation of DPV, the NEC is decoupled into AEC 
 DPV generation. Finally, the monthly DPV generation prediction results are subtracted from the monthly AEC prediction 

ults to obtain the final monthly NEC results. Different scenarios of DPV penetration are set in case studies to test the 
formance between the proposed model and other direct models. The results indicate the superiority of the proposed 
thod under high penetration of DPV. 

ywords: Retailers; Forward Electricity Market; Distributed Photovoltaic Penetration; Monthly Net Electricity 
nsumption Prediction; Online Update Framework 

menclature 

breviations 

V Distributed Photovoltaic 

C Actual electricity consumption 

C Net electricity consumption 

R Support vector regression 

IMA Auto-regressive integrated moving average 

mbols 

 Set of timeslot 

 Set of customers 

Indices of timeslot 

, i , j  Indices of the hour, month and year 

Indices of prediction error 

, y  Input/output vector of SVR 

 Binary variable indicating the identification of 

customers 

, b  Parameters of SVR 

, d , q  Partial correlation order, differential order, 

and auto-correlation order of ARIMA 

, C  Value of the Bayesian/Akaike information 

validation 

g , iM , 

 
The g th hour, i th month and j th year 

,g  The slope of the cut line at gH  

,tp gr  Degree of concavity at gH  

,s gr  The average rate of change of the slope 

k  Prediction error of the prediction of 

, , ,g i jLoad H M YP  at k th time 

av  Average prediction error 

,Net tP , 0

,Net tP  NEC of each customer whose DPV 

information is unknown/known 

,Load tP , 0

,Load tP  AEC of each customer whose DPV 

information is unknown/known 

,DPV tP , 0

,DPV tP  DPV generation of each customer whose 

DPV information is unknown/ known 

, , ,
ˆ  

g i jLoad H M Yy  The real value of AEC of 
, , ,g i jLoad H M YP  

, , ,  
g i jLoad H M Yy  Prediction result of AEC of 

, , ,g i jLoad H M YP  

, , ,  
g i jDPV H M Yy  Prediction result of DPV generation of 

, , ,g i jLoad H M YP  

,Net fluctuationP  Fluctuation of NEC 

,Net trendP  Trend of NEC 

corn  Correct identification number of non-solar 

customers converted to solar customers 

toln  The real number of all non-solar customers 

to be identified that are converted to solar 

customers 

updatea  Accuracy of the DPV installation update 

check validations 

tacy ,
tprey  Real/predicted value of NEC 
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Introduction 

In the past decades, the traditional monopoly utility form 

supplying electricity to customers has revealed a series of 

blems such as negativity and inefficiency, and the 

egulation of the electricity industry in various countries 

 introduced market competition, which has activated the 

ctricity market and improved economic efficiency [1-2]. 

der the retail competition model, retailers participate in 

 wholesale market on behalf of small customers, and then 

l electricity to small customers in the retail market, 

fiting from the price difference. Retailers need to predict 

tomers' electricity consumption in the coming month 

ore purchasing electricity in advance in the forward 

ctricity market [3]. The error of prediction affects the 

al profit, and the imbalance of electricity is the source of 

 trading risk. Therefore, an accurate monthly electricity 

sumption prediction is beneficial in helping retailers plan 

 amount of electricity to be purchased in advance, which 

cerns their interests. 
The monthly electricity consumption prediction is 
fronting new obstacles in the current environment, where 
 proportion of distributed energy generation is increasing. 
e large-scale installation on the demand side of the power 
tem, represented by distributed photovoltaic (DPV), 

ows customers to generate their electricity. The 
racteristics of customers' electricity consumption curves 

ring the daytime are altered by DPV generation. The 
ctricity consumption that needs to be bought by retailers is 
sidered net electricity consumption (NEC), which refers 
the AEC minus the distributed energy generation. This 
er focuses on DPV, and the NEC in this paper refers to 
 AEC minus the DPV generation. The DPV penetration is 
 ratio between DPV generation and the total power 
eration in a given period [4]. 

Therefore, the stochastic nature of DPV generation 

erlaid with the uncertainty of customer load brings new 

racteristics to monthly NEC. This brings new questions 

 retailers to consider when predicting monthly NEC for 

tomers: 1) Is the original method of predicting monthly 

ctricity consumption considering DPV still applicable? 2) 

e installation of DPV by customers is a random event, so 

V for households in a certain area is constantly changing 

er time. As DPV penetration increases, how can retailers 

 first-hand information about DPV installations of 

tomers to guide monthly NEC prediction? To address the 

ve issues, it is necessary to figure out novel methods of 

nthly NEC considering the increasing DPV penetration 

. 

The impact of DPV penetration on monthly NEC 

racteristics varies with different levels. The study of 

nthly NEC has significant implications for grid dispatch, 

and-side management, and forward electricity market 

ding. The NEC prediction ideas can be classified into two 

egories: the direct idea and the indirect idea. The direct 

a, whose prediction target is the NEC, involves using the 

V generation data monitored by the additional metering 

ipment installed, but this will significantly increase the 

t due to the large number of DPV. The indirect idea is 

omposing the NEC into AEC and DPV generation by 

ning the relevant information included in various data 

rces with adequate temporal and spatial granularity [6-9], 

th the prediction targets being the AEC and DPV 

generation produced after NEC decomposition. Deep 

learning algorithms [10] and probabilistic statistics [11] are 

popular among scholars studying net load prediction. In [12], 

the proposed ANN-based short-term residential net load 

forecasting method is validated in 75 single-family 

composition micro-neighborhood cases in the Netherlands. 

Considering the uncertainty of human behavior and 

distributed energy generation, probabilistic algorithms have 

received attention recently [13]. In [14], a new hybrid 

probabilistic scheme approach is proposed to model the 

uncertainties associated with electrical and thermal load 

demand and renewable distributed output. Reference [15] 

provides a detailed description of the application of 

probabilistic prediction methods in solar irradiance 

prediction and load prediction. In [16], it finds that 

increasing the proportion of DPV output power in the net 

load of residential customers can improve the clarity and 

reliability of probability prediction in spring and winter. The 

photovoltaic generation prediction method proposed in [17] 

aiming for invisible photovoltaic sites is different from [18], 

which belongs to unsupervised learning. Therefore, the 

model training does not require historical data of the sites, 

and the proposed method applies to high penetration. 

In addition, with the support of advanced metering 

facilities, it is easy to collect a full range of electricity data 

[19]. Reference [20] designs the experiments and verifies 

that the data obtained from smart meters have advantages in 

mining residential electricity consumption features and that 

the extracted features interpret residential electricity 

consumption features better than those using the standard 

load profile methods. For the huge amount of data collected 

from smart meters, reference [21] proposes a clustering 

algorithm that reduces dimensionality while preserving load 

characteristics. 
Despite the developments in NEC prediction, there are still 

issues that need to be addressed and improved. First, they fail 
to account for non-solar customers' DPV installation 
information changes, resulting in a portion of DPV 
generation not being included in the NEC calculation. This 
portion is commonly referred to as the AEC prediction error, 
as it can cause variances in the extraction of customer load 
characteristics, affecting the NEC prediction accuracy. 
Second, it is insufficient to research the NEC characteristics 
based only on the NEC curve under variable weather 
conditions. As an example, the possible scenarios behind a 
decrease in the net load curve during daytime hours 
compared to neighboring days are 1) slightly better weather 
conditions and a minor increase in DPV generation, 2) a 
combination of lower actual customer electricity 
consumption and smaller DPV generation, and 3) no DPV 
installation (NEC equals AEC), where the AEC decreases. 
The first two cases may also be mistaken for no newly 
installed DPV due to the similarity to the AEC curve. 

The main contributions of this paper are as follows:  
(1) A novel monthly NEC prediction method that utilizes 

decoupling technology is proposed to sort out the factors 
affecting NEC and the degree of influence (For example, 
weather factors have an impact on both AEC and DPV 
generation, but the impact mechanism is different) so that the 
model can be more targeted. 

(2) An online update framework of customer DPV 
installation information is proposed to address the 
incomplete, non-reciprocal, and severely delayed DPV 
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tallation statistics held by grid dispatch operators or 
ailers and improve the performance of the monthly NEC 
diction model further.  

(3) The validations are proposed to evaluate the 
formance of the online update framework. In particular, 
ed on the differences in fluctuation between AEC and 
V generation, it is judged whether it is the error of the 
C prediction or the installation of DPV. 

The rest of the paper is shown below: The problem 
tement and overall framework will be introduced in 
ction II. Then, the specific process of the proposed method 
ll be presented in Section III. Next, the data set, case 
dy, and performance evaluation will be proposed in 
ction IV. Finally, the conclusion and future work will be 
itten in Section V. 

Problem statement and overall framework 

 Problem statement 

Since the NEC is equal to the AEC minus DPV 

eration and the DPV penetration is variable, it is 

essary to study the effect of DPV generation on the 

racteristics of the AEC. The typical daily curve of NEC 

called the duck curve, which is famous for its “belly” 

earance during the daytime [22]. How monthly NEC 

racteristics vary with DPV penetration needs to be 

own. In addition to the numerical difference, there is a 

ference in the slope change of the monthly AEC and 

nthly NEC curves for an individual residential customer, 

shown in Fig. 1. The numerical and shape difference 

ween monthly AEC and monthly NEC is expanded as the 

V penetration increases for a cluster of 300 customers, as 

wn in Fig. 2. How the NEC curves differ from AEC 

ending on the rate and trend of the change in DPV 

etration for a cluster of 300 customers in Fig. 3. When 

 DPV penetration increases to a particular level, the NEC 

ve differs significantly from the AEC curve. 
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. 2. The comparison of monthly AEC and monthly NEC for 300 
tomers under different fixed DPV penetration 
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Fig. 3. The comparison of monthly AEC and monthly NEC for 300 

customers under different changing patterns of DPV penetration 
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Fig. 4. The process of customer classification  

Driven by incentive or subsidy policies, residents are 

enthusiastic about installing DPV. Therefore, there is a 

possibility of untimely reporting of customer DPV 

installation information, incomplete statistics, or 

non-authorized private installation. It is not conducive to the 

monthly NEC prediction results. After some time, new solar 

customers may add, requiring the retailers to update the 

solar customer information. It is necessary to identify the 

characteristics that reflect the transformation of customer 

status (including non-solar customers and solar customers), 

as shown in Fig. 4. Let LoadP , DPVP and 
NetP respectively 

denote AEC, DPV generation, and NEC of each customer. 

After dividing all customers into solar customers and 

non-solar customers, monthly AEC is predicted for 

non-solar customers and monthly NEC is predicted for solar 

customers. The relationship among AEC, DPV generation 

and NEC is shown as follows: 

 
 

l l lNet Load l DPV

l l

P P u P
 

    (1) 

where lu  indicates whether the l th customer has 

installed DPV and 0-1 variable.   is the set of customers. 

2.2 Benefits for Decoupling of Net Electricity Consumption 

The benefits of decoupling the NEC will be discussed in 

two aspects. From the perspective of qualitative analysis, it 

can be seen in (1) that monthly AEC plays a positive growth 

role on NEC, while DPV generation plays a decreasing role 

on NEC. Under the joint effect, AEC plays a positive 

growth role on NEC, while DPV generation plays a 

decreasing role on NEC. When NEC eventually exhibits a 

descend trend due to the combined influence of AEC and 

DPV generation, the causes could be 1) AEC decreases, 2) 

DPV generation grows, and 3) AEC decreases more than 

DPV generation. For machine learning, if the NEC is 

directly used as input, the selected parameters may not 

reflect the inherent characteristics of the NEC change 

pattern. The ambiguity in learning the patterns behind the 
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nges in NEC could easily further lead to large prediction 

ors when the changes in DPV penetration are more 

plex. 

From the perspective of influencing factors, since changes 

either AEC or DPV generation directly affect NEC, the 

tors that affect AEC and DPV generation also affect 

C. Reference [23] found that the problem of predicting 

V power generation and AEC can be converted into 

dicting solar irradiance and ambient temperature through 

 derivation of mathematical equations. The mechanisms 

ambient temperature on DPV power generation and 

ual power consumption are different. The high 

perature of DPV panels is not favorable for the operation 

power electronics [24]. Besides, the summer and winter 

 the peak periods of actual residential demand for 

ctricity [25]. Therefore, modeling AEC and DPV 

eration separately after decoupling the NEC can make 

 mapping relationship between input and output variables 

arer and the model more relevant. 

 Overall framework  

Extract DPV features from historical data of few solar customers 

whose DPV installation information is known

Detect DPV installation date based on hourly NEC data 

and classify the customers into two categorizes

AEC prediction

Yes

No

Monthly AEC 

data without DPV 

installation

Monthly NEC 

data after DPV 

installation

Monthly AEC data 

without DPV 

installation

Is DPV installation information update finished?

Solar customers Non-solar customers 

Predict DPV generation and AEC separately and 

add the results to get monthly NEC result

age 1: Online update of DPV installation information

ge 2: Net electricity consumption decoupling

ge 3: Net electricity consumption prediction

DPV generation = Real NEC - AEC prediction result

DPV capacity estimation model based on SVR

 

. 5. Data updates and prediction framework 

Fig. 5 illustrates the overall framework of the monthly 

C prediction method with an online DPV installation 

ormation update. It concludes with three stages on the 

ole and the detailed processes of each stage are 

roduced in section III. Stage I: Online Update of DPV 

tallation Information. To identify the solar customers and 

e the way for NEC decoupling, this stage is divided into 

o steps. First, customers are classified into solar and 

n-solar customers by the extracted characteristics 

racterizing DPV installations. Then, an online DPV 

tallation check is performed for non-solar customers, as 

wn in Fig. 6. Stage II: NEC Decoupling. NEC is 

oupled into AEC and DPV generation. The DPV 

acity information is afterward obtained from the DPV 

generation as the input. Stage III: Monthly NEC Prediction. 

The monthly NEC is obtained by separately predicting the 

monthly AEC and the monthly DPV generation. 
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Fig. 6. Online update check diagram 

3. Proposed methodology 

3.1 Feature Exaction and Classification 

The difference between NEC and AEC comes from the 

amount of DPV generation. Typical features to distinguish 

the DPV installation are extracted using hourly electricity 

consumption data from a small number of customers who 

are known to be solar customers. The fine-grained data 

helps study the monthly electricity consumption [26]. The 

monthly NEC curves smooth out fluctuations compared 

with the daily electricity consumption curve. It is easier and 

more obvious to extract the DPV features from the daily 

electricity consumption curve.  

During the DPV generation period, the actual electricity 

consumption curve is abated by DPV generation to the 

extent that it first increases to a peak and then decreases. 

Based on this, it is mathematically described from different 

perspectives, as mentioned in [27]. When installing DPV, 

the magnitude of the slope will decrease during the period of 

sunrise. The magnitude and rate of change of the slope in 

the morning are considered features. The calculations are 

shown below: 

    , , , , , , , /
g g i j g i jcl g Net H M Y Net H M Y g g gs P P H H
     (2) 

    , , , /s g cl g g cl g g g gr s s H H     (3) 

where ,cl gs  is the slope of the cut line at gH . ,s gr  is the 

average rate of change of the slope during gH  and g gH  . 

T  denote time and consist of the hour gH , month iM , and 

year jY , namely { , , },g i jT H M Y t T  . Among them, g, i, 

and j represent the number of hours H, month M and year Y 
respectively. 

The irradiation intensity at noon is the greatest during the 

day, so the magnitude of NEC decreases the most during 

this time. The degree of concavity at noon is calculated as 

follows: 

 
   

2 12 1
, , , , , , ,

, , , 1 2

/

    , [ , ]

g i j g i j

g i j

tp g Net H M Y Net H M Y g g

Net H M Y

r P P H H

P g g g

  

 
  (4) 
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ere ,tp gr  represents the degree of concavity during 
1gH  

 
2gH  . 

tP  denote the electricity consumption of each 

tomer whose DPV information is unknown and 

 , , ,, ,Net t Load t DPV tP P P . Let 
0

tP be the electricity 

sumption of each customer whose DPV information is 

own and define  0 0 0 0

, , ,, ,t Net t Load t DPV tP P P P . 

Customers are classified into solar customers and 
n-solar customers according to the change of features 
ore and after the installation of DPV. For known solar 
tomers, the features show a significant difference before 
 after the installation of DPV. The changes before and 

er the installation of DPV for the same feature are 
orded as references. For other customers, these features 
the daily electricity consumption series are calculated in 
n. By determining whether the changes of each feature of 
 two adjacent days match the references, the customers 
 classified into two categories. If yes, the customer is 
ssified as a solar customer. If not, the customer is 
rently a non-solar customer. 

 DPV Installation Update Check 

Let 1  denote the number of solar customers after 

ssification, 
1 1l  ; 

2  denote the number of non-solar 

tomers after classification, 
2 2l  . To capture the new 

V installations by non-solar customers, the hourly 
ctricity consumption series data of non-solar customers 
 predicted. The hourly AEC data of each non-solar 
tomer is predicted per day based on an artificial neuron 
work [28] and the prediction errors per time are recorded. 
e error between the prediction results and the actual 
ctricity consumption data collected from the smart meters 
calculated. The non-solar customer whose hourly AEC 
diction error is higher than the average of the former error 

v is suspected of installing DPV newly and the equations 

 as follows:  

1

1 m

av k

km
 



   (5) 

, , , , , ,
ˆ

g i j g i jLoad H M Y Load H M Y avy y    (6) 

ere k  is the error of the prediction of 
, , ,g i jLoad H M YP and 

s the time of the prediction.
, , ,  ˆ

g i jLoad H M Yy is the real AEC of

, , ,g i joad H M Y
 and 

, , ,  
g i jLoad H M Yy  is the predicted result of 

C 
, , ,g i jLoad H M YP . 

Further verification is required to determine whether the 
or is caused by the DPV installation and to exclude the 
se of the prediction method. The time-series data 
tains trend and fluctuation information [29]. The random 

ctuations of the AEC and NEC sequences during the 
time DPV generation period are different. Based on this, 
 analysis compares the stochastic fluctuations of the 
acent two-day electricity consumption series. The 

chastic fluctuations ,Net fluctuationP  in the AEC series are 

tained by removing the trend ,Net trendP from the actual 

sumption series, as shown in the following: 

, , ,Net fluctuation Net t Net trendP P P   (7) 

Wavelet packet analysis divides the time-frequency plane 
more carefully, and it has a higher resolution of the 
high-frequency part of the signal than the binary wavelet 
[30]. Wavelet package decomposition is performed on the 
electricity consumption series to extract the high-frequency 
components. It is determined which segment of 
high-frequency information is distinguishable between AEC 
and NEC by comparing the decomposed hourly AEC and 
NEC data before and after the DPV installation for known 
solar customers, which is then used to determine whether a 
non-solar customer becomes a solar customer. As a result, if 
the above two validations are met, the prediction error is 
determined to be due to the addition of DPV, implying that 
this non-solar customer becomes a solar customer. 

3.3 Net Electricity Consumption Decoupling 

The difference between AEC and NEC is DPV generation. 
Before installing DPV, the curves of hourly AEC and the 
hourly NEC are overlapped. According to the hourly AEC 
prediction of the day before the date of installation of DPV, 
the amount of DPV generation is obtained by using the 
hourly AEC on the day of installation of DPV minus the 
hourly AEC prediction results, as shown in the following 
equation: 

 
2 2

1

, , , , , , , ,

1
i j q i j q i j

k k

Load M Y Net H M Y DPV H M Y

q q k

y y y
 

    (8) 

where 2k is the total number of the hours in DPV 

installation month iM  and 1k  is the number of the hours 

after installing DPV in the month iM . 

The predicted DPV generation after decoupling is shown 
as: 

 
, , , , , , , , ,q i j q i j q i jDPV H M Y Load H M Y Net H M Yy y y   (9) 

3.4 DPV Capacity Estimation 

The customer may install the DPV on any day of the 
month, so the smart meter collects the NEC data after the 
installation of the DPV. To restore the monthly AEC data, 
the actual NEC data is used to add the predicted DPV 
generation in the days after the installation of DPV. In light 
of the support vector regression (SVR) model's benefits in 
handling small sample data and excellent generalization [31], 
the model is based on SVR. Let x  be the vector of the 

inputs of SVR, namely , ,wc te gx x x   x . It includes weather 

conditions wcx (such as sunny, rainy, and cloudy), 

temperature tex , and DPV generation gx . Let y  denote the 

DPV capacity information of a few solar customers whose 
DPV information is known. A small number of the known 
solar customer hourly data is set as the training set, and the 
rest of the solar customer hourly data is set as the test set. 
Targeted training samples are as follows: 

 
        1 1 2 2 3 3, , , , , , , ,n nD x y x y x y x y  (10) 

 
  T

i if x w x b   (11) 

where f(x) is a function expected to be obtained through 
learning, and w and b are the parameters to be determined. 



Journal Pre-proof

3.5

the
op
seq
op
sel

 

wh
Ba
Ak

det

of 

the

 

sep
ave

 

wh

wi

Th
dec
deg
len
cyc
and
the
res

3.6

che

fol

 

wh

cus

nu
con

err
(M

 

 

Jo
ur

na
l P

re
-p

ro
of

 Monthly Net Electricity Consumption Prediction 

To make the output of the prediction model better follow 
 actual results, the seasonal trend is removed. Differential 
erations can smooth a class of non-smooth sequences (i.e., 
uences with a trend). The essence of the differential 

erator is to extract determination information by 
f-regression: 

1

0

(1 ) ( 1)
d

d d i i

t t d t

i

x B x C x 



    
 (12)

 

ere d is the differential order. B is the value of the 
yesian information criterion and C is the value of the 
aike information criterion (AIC). AIC criterion for 

ermining the order of the model: S  is the total number 

unknown parameters of the model. 2̂  is the estimate of 

 variance of the series. N  is the length of the series. 

  2 2
ˆln

S
AIC S

N
   (13) 

Then the monthly AEC and DPV generation are predicted 
arately based on the auto-regressive integrated moving 
rage (ARIMA) of order (p, d, q): 

   
1 1

p q
d d

i t j t j

i j

X t X t i a a  

 

        (14) 

ere 
d is the dth difference operator, ta  is white noise 

th variance
2

a , i  and j  are model parameters [32]. 

e AEC and DPV generation obtained by NEC 
omposition have seasonal cycle variations to different 
rees. A differential operation with a step size of the cycle 
gth for a series with a fixed cycle can usually extract the 
le information better. The ARIMA model parameters p 
 q are determined by the trailing and truncated tails of 
 auto-correlation and partial correlation coefficients 
pectively. 

 Evaluation Criteria 

To quantify the accuracy of the DPV installation update 

ck validations, the accuracy updatea  is calculated by the 

lowing: 

/update cor tola n n  (15) 

ere corn  is the correct identification number of non-solar 

tomers converted to solar customers. toln  is the real 

mber of all non-solar customers to be identified that are 
verted to solar customers. 

To quantify the accuracy of the proposed method, the 
or is evaluated using the mean absolute percentage error 
APE) and root mean squared error (RMSE): 

 
1

1
/

t t t

m

pre ac ac

t

MAPE y y y
m 

 
 

(16) 

 

2

1

1
t t

m

pre ac

t

RMSE y y
m 

 
 

(17) 

where 
tprey is the predicted value of NEC and 

tacy  is the 

real value of NEC. m is the number of the sequence 
tprey  

and 
tacy . 

4. Case Study 

4.1 Dataset and Parameter Settings 

The dataset used in our work is from an Australian grid 
named Ausgrid [33]. The framework proposed in this paper 
is for a real-life situation where DPV penetration is 
constantly changing. Based on a half-hourly dataset of 300 
known solar households over three years, including hourly 
DPV generation and hourly AEC, DPV installation dates and 
DPV generation have been randomly selected to be added to 
the non-solar customers' AEC series. Thus, DPV penetration 
is increasing by adding solar customers. Three scenarios 
have been set up as shown in Fig. 7. As the penetration of 
DPV changes, it is obvious that the difference between 
monthly NEC and actual monthly electricity consumption 
becomes larger. Scenario 1: three hundred customers without 
DPV for three years; Scenario 2: One hundred customers 
without DPV installation and two hundred solar customers, 
of which two hundred solar customers' DPV installation 
dates are randomly determined over three years, reaching 27%
penetration by the end of the third year; Scenario 3: three 
hundred solar customers by the end of the third year, 
reaching a penetration of 39%. The DPV installation dates 
for three hundred solar customers have been randomly set 
over the three years. 
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Fig. 7.  Three scenarios of DPV penetration setting 
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Fig. 8. Comparison of the fluctuation of electricity consumption sequence 

before and after the installation of DPV by one customer 
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 Results and Analysis 

Fig. 8 illustrates the comparison of the fluctuation of 
ctricity consumption sequence before and after the 
tallation of DPV by one customer. Although the AEC 
ve and the NEC curve are very similar due to the small 

tput of DPV, the characteristics of the AEC series are 
nd to be changed during the noon hour after the 
tallation of DPV by observing the fluctuation of the two 
ves. As seen in Fig. 9, adding the validation of random 
ctuations in the electricity consumption series has a 
sitive effect on improving the accuracy of DPV 
tallation updates. This is because when the weather is bad 
the DPV capacity is small, it is somewhat strained to 
ermine whether to install DPV only by the average error 
AEC prediction. 
he monthly prediction results of NEC, AEC and DPV 
eration based on the method proposed in this paper under 
nario 3 are respectively shown in Fig. 10, Fig. 11 and Fig. 

. It can be seen that the proposed method overall performs 
ll. Above all, the performance evaluation of the proposed 
thod and direct NEC prediction based on ARIMA under 
ferent scenarios is shown in Table 1. When in the absence 
DPV installations, the direct prediction method is slightly 
ter than the method proposed in this paper, because the 
ulative error of decomposition and reorganization is 

ger in this case. However, when the simulated scenario is 
t the DPV penetration rate changes over time, the method 
posed in this paper has the advantage of detecting the 
tallation of DPV and updating the database of solar 
tomers, making the monthly NEC prediction by the 
omposition better than the direct prediction. This 
antage becomes obvious as the DPV penetration 
reases. 
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. 9. Comparison of the accuracy of the DPV installation update check 

h and without fluctuation validation in scenario 2 and scenario 3 
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Fig. 11. Monthly AEC prediction results under scenario 3 
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Fig. 12. Monthly DPV generation prediction results under scenario 3 

Table 1 Performance evaluation of the proposed method and ARIMA under 
different DPV penetration 

Scenario Method MAPE RMSE (kW) 

1 
Proposed 
Method 

0.1174 14372.59 

ARIMA 0.0983 14461.18 

2 
Proposed 
Method 

0.0927 11892.62 

ARIMA 0.1094 13574.31 

3 
Proposed 
Method 

0.0825 10876.52 

ARIMA 0.1126 13892.45 

5. Conclusion 

 Some of the factors affecting DPV and AEC are the 
same but have different mechanisms of action, such as 
weather. There are also different influencing factors, such as 
calendar effects for AEC and national policies for DPV. 
Considering the different patterns of variation of DPV and 
AEC under the action of multiple influencing factors, the 
idea of decoupled prediction is proposed. To cope with the 
difficulty of uncertainty added to the monthly electricity 
consumption prediction by the random additions of DPV, a 
monthly electricity consumption prediction method under 
the framework of online update of DPV information is 
proposed. Given the continuous updating of the DPV 
database, the process of change in DPV penetration is 
simulated in this paper, making the prediction of DPV 
generation more realistic. The validation that the fluctuations 
of monthly AEC series are injected new characteristics of 
DPV generation is used to determine the former non-solar 
customers have installed DPV, which ensures that the newly 
installed DPV generation is subtracted. The proposed 
monthly NEC prediction model taking into account DPV 
installation information update outperforms the direct model 
based on ARIMA under high DPV penetration. 
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Though the DPV installation check for each non-solar 
tomer in turn is easier to find DPV additions, it also 
reases the time of prediction. Future work could improve 
s point and extend the proposed method to monthly NEC 
diction considering the demand response to verify its 
licability [34-36]. Furthermore, the integration of various 

tributed renewable energy generation [37-40] and a 
ssive amount of data collected from advanced metering 
rastructure will bring more challenges. 
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