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Abstract. In the era of big data, The prediction management system combined
with cloud computing platform can start from massive structured, semi-structured
and unstructured data, which has a positive impact on improving the compliance
quality analysis and prediction of power data sets. This paper focuses on the
characteristics of all kinds of data sets needed in the research of power demand side
business process of cloud platform at home and abroad, and analyzes, compares
and summarizes all kinds of data sets. First, this paper analyzes the problems
existing in various common data sets, and expounds the methods to improve the
quality of data sets from two aspects of data cleaning and data preprocessing.
Secondly, the LSTM prediction model and ARIMA prediction model are used to
predict and analyze the collected power data to judge whether the data set has
obvious defects in advance. Finally, through the experimental comparison of the
two models, a more efficient prediction model is analyzed.
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1 Introduction

Under the background of “energy Internet plus new electricity reform”, the power tech-
nology represented by smart grid is constantly integrating with information technology
represented by cloud computing and big data, changing the way of production and oper-
ation of power enterprises [1, 2]. Through the combination of “cloud platform + big
data”. On the one hand, the established big data management system can not only coor-
dinate the data management within the enterprise, but also make use of the existing data
processing technology to clean and preprocess the relevant data, ensure the quality of
data, and improve the efficiency of data utilization. On the other hand, cloud platform
technology can be used to share various data and improve data utilization [3].

Cloud is what we usually call network or Internet, and cloud platform is a space
for data storage and operation (such as network disk, micro disk, etc.) with the help
of network or Internet. It is abbreviated as CMP (cloud management platform), which
is a third-party platform derived from the development of cloud computing. Using the
convenient and fast characteristics of the cloud platform, the staff can use their own files in
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different network environments or different computers, providing convenient channels
and space for enterprises. Since the development trend of cloud platform application
technology in China [4]. The data quality in the big data management system established
by “cloud platform + big data” has become a key and difficult point. Improving the
quality of process data can improve the value of data in use, reduce the cost and risk in the
later stage of the project, and improve the accuracy of real-time information analysis [5].
At the same time, the cloud platform can further concentrate on information processing,
transmission, storage and other links, improve the speed, and make it more convenient to
access resources. Therefore, the factors affecting data quality in cloud platform big data
have become one of the concerns of major enterprises to improve big data management
system.

With the continuous development of smart grid construction, as an important way of
power consumption information acquisition and control, power consumption informa-
tion acquisition system produces more and more big data. In the face of massive power
consumption data, how to ensure the quality of data and how to improve the quality
of relevant power data in the cloud platform big data management system has become
the current research hotspot [6]. For example, in the process of power data collection,
through the use of intelligent terminal devices such as smart meters, the operation data of
the whole power system can be collected, so as to realize the authenticity and accuracy
in the data collection stage, and then the collected power big data can be processed and
analyzed systematically, so as to realize the timeliness of data. Finally, combined with
big data analysis and power system model, it can diagnose, optimize and forecast the
operation of power grid, and provide guarantee for safe, reliable, economic and efficient
operation of power grid [7-9]. Therefore, to achieve reasonable business process man-
agement, we need to have enough perfect data sets to improve the quality of process
data.

In order to obtain accurate and perfect data sets, in the power business process
management of cloud platform big data management system, each scholar collected
and established different power data sets. In “Non-intrusive load monitoring and load
disaggregation using transient data analysis” by Sachin Kumar Jain in 2018, the author
collected the power consumption data of 20 types and 8 different appliances in the
campus through the sensor acquisition device, with the sampling frequency of 12800 Hz
and the duration of about 5 h each time, After noise removal and unified data format
preprocessing, itis used as the experimental data set [ 10]. Meanwhile, in 2020, Seongbae
Kong and others developed a set of power data acquisition system in “home appliance
load disaggregation using cepstrum-smoothing based method”, which is used to obtain
the characteristic signals of electrical appliances [11]. But whether it is sensor acquisition
device or power data acquisition system, compared with the existing public data set,
although the data they collected is more targeted than the public data set, their sampling
accuracy and duration are not perfect, and for the existing monitoring model, it is not as
universal as the current public data set.
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2 Analysis and Improvement of Power Data

2.1 Classification and Comparison of Common Power Data Sets

With the improvement of smart meters and the popularity of data management system,
a large number of power data acquisition, storage and management have been realized.
At the same time, with the mature application of big data analysis, machine learning and
other technologies, the information value contained in smart meters can be better mined.
The authenticity, accuracy and integrity of power data set are guaranteed. At present,
the more popular power data sets mainly include REDD data set, BLUED data set and
UK-DALE data set [12]. The detailed information table of REDD data set, BLUED data
set and UK-DALE data set is shown in Table 1.

REDD Data Set. REDD data set contains data of six American families in different
time periods. REDD data set provides both high and low frequency household power
data. The main advantage of REDD data set is that its data volume is rich enough to adapt
to the large network training model [13]. REDD data set is relatively clean compared
with other data sets, and good results can be achieved without post-processing [14].

BLUED Data Set. The BLUED data set contains data collected by an American family
in about 8 days. The BLUED data set provides high-frequency household electric power
data with a frequency of 12 kHz. The data set also provides an event list when the
household appliance changes state [15]. The advantage of BLUED data set is that it
provides equipment power data with time axis, which is conducive to use in evaluation
algorithm to confirm decomposition results [16]. The main disadvantage of BLUED data
set is the high redundancy of high frequency data.

UK-DALE Data Set. The UK-DALE data set contains two to four years’ electricity
data of six UK households. UK-DALE data set provides both high-frequency house-
hold power data with sampling frequency of 16 kHz and an independent low-frequency
household power data [17]. The main advantage of UK-DALE data set is that it can
provide a long duration of data and meet the needs of monitoring at different times of
the year. The main disadvantage of UK-DALE dataset is that due to the large number
of data samples in UK-DALE dataset, the data classification is unbalanced. Finally, the
accuracy of the experiment is affected.

The analysis shows that REDD data set, BLUED data set and UK-DALE data set
have obvious differences in collection area, data duration, collection frequency and data
volume. According to these different attributes, the application scenarios of different
data sets are also different. However, due to the reasonable collection time and diverse
collection frequency of REDD data set, REDD data set has gradually become the standard
data set for benchmark test of decomposition prediction algorithm [18]. At the same
time, REDD data set, blue data set and UK-DALE data set play an important role in the
implementation and management of power business process.

2.2 The Function of Electric Power Data Set

A reasonable power data set can not only analyze in the power data system of cloud
platform and formulate a reasonable management process, but also predict and plan the
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Table 1. Detailed information of REDD data set, BLUED data set and UK-DALE data set

Dataset name | Acquisition Collection Duration Collection of | Number of
frequency area house types equipment

REDD 16500 Hz/1 Hz America A few Residential 6 houses

dataset months district

BLUED 12000 Hz America 8 days Residential 1 house

dataset district

UK-DALE 16000 Hz/1 Hz | Britain 2-4 years | Residential 6 houses

dataset district

future schedule, resource allocation and process management. In the whole life cycle
of business process management, reasonable data sets play different roles in different
stages. In the business process evaluation stage, the appropriate business process is
defined by analyzing the data set. In the business process design and analysis stage,
based on the actual data set, using the defined business process, the business process
content is modeled and the modeling model is verified and analyzed. In the business
process configuration stage, the real data set is used to configure the analyzed business
process and deploy the related process. In the business process implementation stage, the
configured business process is properly implemented and monitored with effective data
set [19-23]. Business process management flow chart, as shown in Fig. 1. Therefore,
in order to improve the efficiency of business process management, it is essential to
improve the data quality of relevant data.

assessment:
Define the
right business |
process

Design:
Business process

implementation: content

Business

Appropriate modeling
implementation ROt
and monitoring management analysis:
Verify the
modeling model

Deployment:
System
configuration
and related
process
deployment

Fig. 1. Business process management flow chart

2.3 Methods of Improving Data Quality

After big data construction, most enterprises have achieved good data construction results
and accumulated considerable amount of data. However, it is a great risk to use these
data directly. Therefore, it is necessary to analyze the data before processing to improve
the data quality [24]. There are many ways to improve the quality of data, and the
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academia generally starts to consider data cleaning and data preprocessing [25]. From
the perspective of data cleaning, improving the quality of data mainly from three per-
spectives: box method, clustering method and regression method. From the perspective
of data preprocessing, there are two ways to improve data quality: standardization and
normalization.

Data Cleaning. There are three methods for data cleaning, which are box division,
clustering and regression [26].

(1) Separate Box Method. Due to the complex characteristics of data quality manage-
ment, the data to be processed is put into the box according to certain rules, and
then the data in each box is tested. also, the data is processed by means of the actual
situation of each box in the data.

(2) Clustering. Itis to group abstract objects into different sets, find unexpected outliers
in the collection, which are noise. This allows you to detect noise directly and then
clear it.

(3) Regression Method. Data regression method is to use the data of the function to
draw the image, and then smooth the image. There are two regression methods,
one is single linear regression, the other is multiple linear regression. Single linear
regression is to find out the best line of two attributes, which can predict another
attribute from one. Multilinear regression is to find many attributes, and then fit the
data to a multi-dimensional surface, which can eliminate the noise.

Data Preprocessing. Data preprocessing is mainly divided into normalization and stan-
dardization. Normalization is to change the number into a decimal between (0, 1), which
is mainly proposed for the convenience of data processing. It is more rapid and conve-
nient to map the data to the range of 0—1. Standardization is to scale data to a specific
range. Standardized data is more conducive to the use of the properties of standard nor-
mal distribution. The common methods of standardization and normalization are z-sorce
(zero mean) method and min max method [27].

(1) Z-sorce. Zero mean normalization is also called standard deviation normalization.
The mean value of processed data is 0 and the standard deviation is 1. The formula
is as follows: Where, X is the mean value of the original data, o is the standard
deviation of the original data.

Xt = (D

(2) Min-Max. Min max normalization, also known as discrete normalization, is a linear
transformation of the original data, mapping the data values between [0, 1]. The
formula is as follows:

X — min

w= 2T )

max — min

Discrete standardization retains the relationship existing in the original data, and is
the simplest method to eliminate the influence of dimension and data value range. The
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disadvantage of this method is that if the values are concentrated and a certain value is
large, the normalized values are close to 0.

3 Data Prediction

In practical application, it is very important to ensure the data quality of the application
system and to supervise and predict the data quality of the future period. The premise of
the guarantee is the accurate prediction and evaluation of the time series data. According
to the historical series data of the time series data, the series value of the future period
can be predicted. We can learn from the common time series prediction methods and
models. ARIMA model (autoregressive integrated moving average model) and LSTM
model (long short term memory) have good case results in forecasting [28—30]. This
paper also uses the above models to forecast and analyze the load power data, and
reviews whether the data set meets the data requirements of the application system
through the predicted data, Judge whether the quality of follow-up data is qualified.

3.1 ARIMA Model

Arima is a typical time series model, which consists of three parts: AR model (autore-
gressive model), MA model (moving average model), and difference method. Therefore,
ARIMA (p, d, q) is called autoregressive moving average model [31].

Autoregressive Model (AR). The autoregressive model describes the relationship
between the current value and the historical value, and forecasts itself with the his-
torical time data of the variable itself. In the autoregressive model, the order P should be
determined first, which means that the current value can be predicted by the historical
value of several periods. The formula of p-order autoregressive model is defined as:

P
ye=pn+ Zi:l YiYi-it € 3)

Moving Average Model (MA). The moving average model focuses on the accumulation
of error terms in the autoregression model. The formula of g-order autoregression process
is defined as follows:

q
=ty b et @)

By combining autoregressive model, moving average model and difference method,
ARIMA (p, d, q) is obtained, where D is the order of data difference.

Determine the Parameters of ARIMA Model. The identification and order determi-
nation of the model are mainly to determine the three parameters p, d and q. the order
D of the difference is generally obtained by observing the graph. The determination of
P and Q is mainly obtained by autocorrelation function ACF (auto correlation function)
and partial autocorrelation function PACF (partial auto correlation function).
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Autocorrelation Function (ACF). Correlation: compared with the ordered random vari-
able sequence, the autocorrelation function reflects the correlation of its own data in the
same sequence in different time series. The formula of autocorrelation function is as
follows:
Cov(yt, yi—k)
ACF(k) = pp = ————= 5)
Var(y;)

Autocorrelation function ACF (k) = p The value range of K is [—1, 1]. The definition
of this value range is as follows, —1 is negative correlation, +1 is positive correlation
and 0 is no correlation.

Fartial Autocorrelation Function (PACF). The partial autocorrelation function is used to
measure the effect of temporary adjustment of all other short lag terms (y, — 1, y, —2, ...,
y; —k — 1). In time series, K time units (y; and y; — k). It is the linear correlation between
the time series observations and the expected past observations given the intermediate
observations.

ARIMA Model Overall Process

Check the data for stability, and if it is not stable, carry out differential processing
White noise test of stationary post sequence

e ACEF function and PACF function are used to determine the order of sequence meeting
the requirements

Test the accuracy of the model

Using model prediction to forecast and analyze data

3.2 LSTM Model

LSTM network is a special type of RNN, which can learn long-term dependent infor-
mation. Of course, LSTM and baseline RNN are not very different in structure, but they
use different functions to calculate the “hidden” state. LSTM can avoid the problem of
long-term dependence, and the central idea is cell state. The network consists of various
gates. Through the sigmoid function and point multiplication operation to complete the
creation of a door. RNN is a repetitive single neural network layer, while the repetitive
module in LSTM contains four interactive layers, three sigmoid layers and one tanh
layer, and interacts in a very special way [32-34]. The network structure of LSTM is
shown in Fig. 2.

Forgetting Gate. LSTM decides which part of the original cell state to delete. The
decision is made through a structure called the forgetting gate. The forgetting gate reads
the last output /;_; and the current input x;. Do a sigmoid nonlinear mapping, and then
output a vector f;. The value of each dimension of the vector is between 0 and 1. 0 means
to give up completely and 1 means to keep. Finally, it is related to cell state C;—1. The
screening formula of forgetting gate is as follows:

fr=o (W - [hi1, ] + by) ©6)
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i
Ap-1 ] e Ant1

Fig. 2. Network structure of LSTM

Among them, o Is the sigmoid function, Wy is the parameter of linear relation
coefficient, by is the bias parameter.

Input Gate. In order to determine the required information of the cell state, firstly, the
input information needs to be filtered by sigmoid function, and then the new update state
is created by tanh function C;. The update formula of the input door is:

ir = o (Wi [h—1.x] + bi) (7)

Cr = tanh (W, - [he—1, x| + be) (8)

Cellular State. Cell state is to update the old cell state, discard part of the old cell
information and add new information. C;_1 to C;.New state C; is from the old state C;_
and f produced by forgetting gate f; to determine the information to be updated, and
then add the product of the parameters generated by the input gate: i; * C,. The change
formula of cell state is as follows:

Cr=fi*Cr1 +irxC 9)

Output Gate. The final output is achieved by fitting sigmoid function and tanh function.
A sigmoid function to determine which part of the cell’s state will be output. Then, the
cell state is processed through the tanh layer (a value between —1 and 1 is obtained) and
multiplied by the output of the sigmoid function to determine the part of the output. The
related formula of output gate is as follows:

O = G(Wu : [htflyxt] + ba) (10)

h; = oy % tanh(Cy) (11)

3.3 Experimental Results and Evaluation

Dataset Description. The data set used to verify the data quality is the power data of a
room in October, and the sampling rate is one hour. ARIMA model and LSTM model
were established respectively. The two models established in this paper are implemented
in Python language, and the pandas, numpy, statsmodel and Matplotlib libraries are
downloaded for use. Table 2 shows the partial power data of a single room in October
2020.



Table 2. Partial power data of single room in October 2020.
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Time Power Time Power Time Power
consumption consumption consumption
(KWH) (KWH) (KWH)
2020100100 | 670718 2020100110 | 608067 2020100120 | 568008
2020100101 | 648975 2020100111 | 639951 2020100121 | 354354
2020100102 | 635599 2020100112 | 663172 2020100122 | 435257
2020100103 | 536269 2020100113 | 669666 2020100123 | 360796
2020100104 | 356870 2020100114 | 674347 2020100200 | 674078
2020100105 | 395430 2020100115 | 683242 2020100201 | 652474
2020100106 | 420034 2020100116 | 692810 2020100202 | 643138
2020100107 | 477297 2020100117 | 711472 2020100203 | 536794
2020100108 | 528439 2020100118 | 757839 2020100204 | 383872
2020100109 | 573939 2020100119 | 783315 2020100205 | 389773

Time Series Power Data Prediction Based on ARIMA Model. After the ADF sta-

tionarity test and judging whether the sequence is a stationary sequence, the p-value of
the sequence is 6.356402463960776 * 10¢~14) < 0.05, and the stationary sequence is
obtained. The white noise test of the stationary sequence shows that 0.0027 < 0.05 is a
non white noise sequence. The order of ARIMA model is determined by observing the
autocorrelation diagram and partial autocorrelation diagram of the stationary sequence,
as shown in Fig. 3. Finally, the values of P and Q are 2 and 4 respectively, which are

determined as ARIMA (2, 1, 4) according to the rule of thumb.

o8
0.6

0.4

0.2 I
0.0 .

Autocorrelation

JUs

Partial Autocorrelation

T '1“1111“- v %

Through data validation, this paper establishes ARIMA (2, 1, 4) time series model
as a model of load forecasting power data. After the model is determined, the data in the
next 250 days are predicted. The prediction results are shown in Fig. 4.

s

10 15

Fig. 3. Autocorrelation graph and partial autocorrelation graph
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Fig. 4. Data prediction results of ARIMA model in the next 250 days

Time Series Power Data Prediction Based on LSTM Model. Due to the small amount
of data, the number of iterations epochs is set to 50, batch_size is 1. In order to further
prevent over fitting, dropout technique is used in model training [35]. The loss rate of the
experimental model is set to 0.2, that is, 20% of the nodes are discarded in each round
of weight update. The loss function is MSE, the activation function is sigmoid, and the
optimizer parameter is Adam. The input data also use ADF stationary test and white
noise test. Finally, the data of the next 250 days are also predicted, and the prediction
results are shown in Fig. 5.

LSTM Forescast

800000 i
700000 | |
600000
[ “ )
500000 I |
|

400000

300000

— raw

200000 — predict

o 50 100 150 200 250

Fig. 5. Data prediction results of LSTM model in the next 250 days

Comparison of Prediction Results of Different Models. Through the comparison of
the prediction results in Fig. 4 and Fig. 5, we can intuitively see the effect comparison
of the two models, in which the abscissa is hour and the ordinate is kilowatt hour. It can
be seen from Fig. 4 that the lag of ARIMA model is serious, and the prediction offset
is large in the first 50 h, while the LSTM model shown in Fig. 5 has no serious lag, and
the offset is small in the first 50 h. This also illustrates the outstanding performance of
LSTM model in single prediction model.
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This paper also uses two representative evaluation error standards to evaluate the
accuracy of prediction, namely root mean square error (RMSE) and mean absolute
deviation (MAE). Their mathematical expressions are as follows:

1 n ’
MSE = \/; x Zi:l (F; — R;) (12)

MAE = Zi:l — (13)

Among them, F; is the i-th predicted value, R; is the ith real value, and N is the
sequence length (number of sample points). The smaller the RMSE and Mae, the smaller
the prediction error and the higher the accuracy of the model, the better the fitting ability
of the model. Table 3 shows the RMSE and Mae values of the prediction results of each
model. It can be seen from Table 3 that LSTM model is lower than ARIMA model in all
indexes, and the difference is large. LSTM model performs better than ARIMA model
in time series prediction.

Therefore, LSTM model has the highest prediction accuracy and the best perfor-
mance, and can be better applied to the prediction and analysis of data quality.

Table 3. Comparison of prediction results of different models

Model RMSE MAE
ARIMA 0.96154 0.74402
LSTM 0.59511 0.32526

4 Conclusion

The load data quality analysis of cloud platform big data can be divided into process
evaluation, process design and analysis, process deployment and process implementa-
tion. This paper starts with the process implementation, analyzes the process data quality
related problems in process implementation management and the ways to improve the
data quality. Taking the power business process execution management as an example,
the paper analyzes the shortcomings of the existing power data sets: (1) In terms of data
scale, the mainstream data sets can provide large-scale household power data, but in
large-scale data, the data classification is very unbalanced, which will seriously lead to
the accuracy of the experiment. (2) In terms of data frequency, high frequency data is
prone to redundant data, while low frequency data has a long sampling period and data
collection is slow. (3) In terms of data duration and distribution, they are different, and the
big data sets are not unified. These aspects seriously affect the quality of process data in
the implementation and management of power process. In view of this kind of problem,
and summarized the methods to improve the data quality. From the load data itself, the
paper respectively improves the final data quality from two methods: data cleaning and
data preprocessing. Finally, there are common methods of data prediction, and compare
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them on the data set collected by ourselves. The advantages and disadvantages of the
prediction model are compared through experiments. The results of future prediction
are analyzed, and the advantages and disadvantages of data sets are compared. Thus,
the quality problems of the dataset can be predicted in advance and the business risks
caused by the data quality will be reduced. In cloud platform data management, data
quality is an important part. Therefore, how to efficiently process the data sets to be used
in business processes and how to improve the data quality of these data still need to be
explored and discovered constantly.
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