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Abstract. With the advent of the big data era, the volume and rate of increase of the
electric power data have reached an unparalleled level that has severely exceeded the scope

of current data storage and network transmission capacity. To mitigate such circum-
stance, it is of particular significance to study how to reduce the data volume on the

premise of retaining the useful information of power plant’s original data. By analyzing

the data features of the power plant’s data and taking the data density distribution as
the criterion, the corresponding data have been sorted out according to a new zone lim-

itation strategy without destroying the original data structures, thus, proposing a sparse

representation data compression algorithm for the power plant in the paper. The pro-
posed algorithm filters the similar or overlapping data in the original data by constantly

updating the zone positions through the iteration of time. The maximum filtration cri-
terion can be utilized to limit the amount of data filtering in a single circular zone and

prevent the data structure from being destroyed. In this way, the compressed data will

be further evaluated by the twin support vector regression. The simulation experiment
results indicate that, compared with the conventional method, the proposed algorithm can

make the compression ratio lower than 15% and retain the features of original data af-

ter compressed. The results demonstrate the feasibility and the validity of the proposed
algorithm.

Keywords: Data compression, Density distribution, Filtration criterion, Twin support
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1. Introduction. The power equipment, playing an important role in terms of the daily
production and life, is essential to the running of the electric power system. The pow-
er equipment is indispensable to people’s daily life, and any activity will depend on the
power industry. As a result, government has vigorously practiced the reform of the power
industry system and the upgrading of pertinent electric power technology. However, the
imperfection of the process equipment and field data involving the mentioned industry
leads to many problems, including instable operation state, diversified equipment param-
eters and higher sudden faults and parameter complexity. It is of vital forward-looking
significance to monitor the safety and economy of power equipment for power production
in real time to raise the real value of the power generation.

Over the past few years, rapid development has been made for the big data technology.
It has been served to many fields, including public security, AI, and the state monitoring of
industrial production [1]. It has become a hit about how to make the big data technology
better serve the power industry in recent years. For any power enterprise, a large amount
of data will be generated from the daily monitoring of the power equipment, in addition
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to that, there will be other data related to equipment management, operation, overhaul
and power network maintenance. Confronting such enormous and complicated data, the
challenges for the power enterprise to consider are how to efficiently storage and utilize
such data to better serve the power industry. With the rapid development and constant
maturity of AI and big data technology, data mining can be adopted to get the informa-
tion needed from the huge amounts of data, and in this way, the conundrum of making use
of power data in power enterprises can be better solved [2]. Nowadays, many researchers
have begun to conduct data mining on massive power plant data, hoping to find useful
information to improve the value of electricity production. Fachrizal et al. proposed on
applying cluster analysis techniques to evaluate the level of power quality parameters of
a virtual power plant. The conducted research concerns the application of the K-means
algorithm in comparison with the agglomerative algorithm for power quality data, which
have different sizes of features [3]. For Khaleel et al., an analytical model has been devel-
oped to predict the effectiveness of the closed feedwater heaters based on the measured
data available from a coal-fired thermal power plant. Invoking this model, a ‘predictive
model’ has been developed to anticipate the energy and exergy-based behavior of the
coal-fired power plants. Based on this model, a numerical code has been developed to
analyze an existing coal-fired power plant using Engineering Equation Solver software [4].
Liang et al. introduced the subsystems and structure of the distributed control system,
and lists the commonly used analysis methods related to safety and reliability. Since
traditional methods may no longer be suitable for direct analysis of current complex sys-
tems, it proposes to use principal component analysis algorithm to study power plant
operation control system data. The simulation results are compared with the results of
other algorithms to verify the usability and advantages of the principal component anal-
ysis algorithm [5]. Choi et al. discussed data-driven fault diagnosis of the power plant
reheater tube leakage based on their operating data. From the temperature sensors, fault
data and normal data are measured. Mahalanobis distance (MD) analysis was performed
to quantitatively analyze whether the distribution of fault data differed from that of the
normal data. Finally, they demonstrated the feasibility of the proposed approach to de-
tect reheater tube leakage prior to the failure [6]. At the same time, Desell et al. used
recurrent neural networks to predict the long term of coal fired power plant data, and the
simulation results show that the method has a certain practical value [7]. The majority
of research now focuses on analyzing case studies of hydropower plants in different issues.
Michal et al. presented the investigation that is based on real hydropower plants. The
investigation discusses different input databases of hydropower plants for cluster analysis.
This enables the reduction of the size of the input database of hydropower plants with
maintaining the data features for cluster analysis [8]. Although predicting the amount of
power generation is crucial for efficient operations, it is not easy because of fluctuating
nature of wind speed. Baek et al. applied a deep neural network method to predicting
wind power generation based on weather forecast data. The prediction performance of
the model was evaluated with wind power generation data, and the simulation experi-
ment results show that the prediction effect of this method is better [9]. In addition to
the above studies, there are many related studies that have proved the importance of
studying power plant data.
However, the premise for the data mining of vast power plant data is to efficiently store

the data, as only the stored data can be utilized for the subsequent big data analysis,
mining, and prediction. Despite that a large amount of storage equipment can be used
to solve the problem, the data types are various and most of the data are generated from
the production process, which are dynamic with fast refreshing speed and huge amount.
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It would be a major burden for the enterprises to preserve all real-time data in the form
of original format in a long term.

In terms of problems mentioned above, the universal practice is to compress the power
plant data, which will be stored in the storage equipment, by doing so, the storage space
can be substantially reduced, and the transmission efficiency of data can be raised [10].
There are two common types of data compression in the industrial community, which
are lossless compression and lossy compression. The principle of the former is to adopt
the statistics redundant data for the compression, making the compression ratio lower;
as for the latter, the compression ratio is larger with the sacrifice of some data. The
lossy compression may not be able to completely restore the original data, the entire
structure will not be compromised, though. There is no special compression algorithm to
compress the data in terms of the data of power plant except for the universal compression
algorithm [11-13]. As the actual data of power plant are voluminous and diversified,
the data are stored in seconds, making the amplitude of fluctuation of the generated
data smaller; therefore, the lossy compression is more suitable to the data compression
[14,15]. The popular spinning door transformation (SDT) algorithm discards too much
data when it is utilized to compress the data of power plant, bringing on the data fault
and the destroyed data structure. As a result, it is necessary to consider how to reduce
the data storage volume while raising the data transmission efficiency by studying the
compression algorithms with higher compression ratios for specific targets via the analysis
and utilization of power plant data.

In terms of above problems, starting from the actual condition of power plant data,
the paper takes the compression ratio and accuracy into consideration and puts forward a
sparse representation data compression algorithm for power plant. The main contributions
of this paper are summarized as follows.

1) A zone limitation strategy has been adopted to filter and screen the similar or
overlapping data by constantly iterating over the location of the zone. Furthermore, the
zone can limit the sample numbers to be filtered, avoiding the destruction of the original
data structure.

2) A filter criterion has been adopted to screen the data while automatically filtering the
abnormal points. In addition, the size of the filtration volume can be limited for the data
period with smaller amplitude of fluctuation, preventing the obvious fault phenomenon
occurring in the compressed data.

3) The compression ratio can be controlled by constantly adjusting the pre-set param-
eters to achieve the higher portability and extensibility for different tasks in real life.

In addition, we conduct extensive experiments on artificial datasets, and actual power
plant to demonstrate the superiorities of the proposed algorithm over some state-of-the-art
algorithms in terms of compression performance and anti-interference capability.

The remainder of this paper is arranged as follows. In Section 2, we briefly review the
overview of compression algorithm. In Section 3, we mainly analyze the power plant data.
Section 4 introduces the proposed sparse representation data compression algorithm for
power plant in detail. Section 5 presents the experimental results and analyses. The
conclusions are summarized in Section 6.

2. Overview of Compression Algorithm. The lossless compression can be divided
into statistics-based compression and dictionary-based compression according to the com-
pression model. The former mainly consists of the run-length coding, Huffman coding,
arithmetic coding etc. In terms of the dictionary-based compression, it comprises LZ77
coding, LZW algorithm [16-20]. The lossy compression mainly includes quantization al-
gorithm, spinning door transformation algorithm [21,22]. The Huffman coding algorithm,
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the typical lossless compression and the spinning door transformation algorithm, the typ-
ical lossy compression, will be mainly introduced below.

2.1. Huffman coding. The major steps of Huffman coding are 1) The source symbols
from large to small, Table 1 shows the sorted source symbols; 2) Add together the proba-
bility of the two symbols with the least probability while allocating the code word length,
generating the new probability; 3) Re-sort the new probability set generated from the
composition and repeat step 2), in this way, the sum of the last two probability will be
1; 4) Construct the code tree from bottom to top and obtain the coding of the symbol
formation from the results of the tree. Figure 1 shows the process of Huffman coding.

Table 1. The sorted source symbols

Symbol A B C D E
Frequency 15 7 6 6 5

Figure 1. The process of Huffman coding

2.2. Spinning door transformation algorithm. The spinning door transformation
(SDT) algorithm is a kind of lossy compression method like the linear fitting. It has
many merits, including higher compression ratio, simple realization, and controllable error.
Figure 2 displays its principle. The starting point t0 is the previous storage point and the
supporting points are the top and bottom points of E, which is the distance to t0. Two
doors will be established, and the doors are closed when there is only one data. With the
increase of data points, the door will spin to open with an extensible. Once the door is
open, it could not be closed; as long as the interior angle between two doors is smaller
than 180◦, it will keep spinning; it will stop spinning when the angle between two doors
is no smaller than 180◦, the data points of previous period will be stored, and a new
round of compression will be started from this point. As shown in figure, the compression
section 1 of the straight line from t0 to t4 replaces the data point of t0 ∼ t4; in terms of
compression section 2, the straight line from t4 to t7 substitutes the data point of t4 ∼ t7.
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Figure 2. The schematic diagram of spinning door transformation algorithm

3. Problem Analysis. The data of power plant is a kind of time series data, featuring
for the voluminous data size and weaker regularity of amplitude of fluctuation. As a
result, it needs to understand the data features and configuration of power plant data to
study the compression algorithm with higher compression ratio under certain goals.

3.1. Data description. The data format gathered from the coal-fired unit (CFU) data
of power plant is .txt, among which, the integral data can be divided into formatted files of
real-time and previous data. In the .txt file, each data represents the data of a measuring
point and each file contains several lines, with a total number of lines within 20,000. Each
line can be separated into three fields, representing the code field of measuring point,
time stamp, and load value, respectively. The field will be isolated by TAB key. The time
stamp is the difference formed by the time value of the measuring point minus the value
of 0-hour 0-minute 0-second on January 1, 2001. The code field is the desensitization
data for the name of the power plant (the sampling frequency is five seconds). Figure
3 signifies the numerical fluctuation graph obtained from the data visualization. As can
be seen from it, the regularity of time series data is weak, showing significant peaks in
some locations, and there is no distinct change in the amplitude of data fluctuation over
a period of time.

3.2. Problem analysis. According to the time series data of power plant and the sam-
pling frequency, one of the equipment can generate up to 518,400 data, while there are
over 10,000 equipment in the power plant running simultaneously. Besides, the power
plant is always running uninterruptedly, and the generated data volume is immeasurable.
Therefore, the priority to store the original data of power plant is to compress the data
with suitable method. However, both the Huffman coding and the lossless compression
method based on dictionary are facing a problem of low compression ratio. Consequently,
a kind of lossy compression method can be utilized with the premise that the generated
loss will not exert significant impact on the subsequent data analysis and mining.

Compared with other type, the data of power plant is a time-series data, showing an
irregular and random float due to the complicated system structure. The traditional lossy
compression method, such as spinning door transformation algorithm, may destroy the
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Figure 3. The visual figure of data

original data structure while compressing the data and have higher compression ratio.
Therefore, a new sparse representation lossy compression algorithm has been put forward
in this paper. The method adopts a new strategy that can not only efficiently compress
the data but also effectively retain the features of original data, mitigating the destruction
of data structure and high compression ratio problem caused by the conventional lossy
compression.

4. A Sparse Representation Data Compression Algorithm for Power Plant.

In this section, we first discuss the sparse representation data compression algorithm for
power plant.

4.1. A sparse representation data compression algorithm. A sparse representation
lossy compression algorithm has been proposed in this paper in terms of power plant data
with small amplitude of fluctuation and large data volume. The specific representation for
the algorithm is that the initial data point will be selected as the compressed data set. The
circular zone with a radium of r will be adopted to measure the shortest distance between
each point in the original data and each point in the compressed data set, determining
whether this point is smaller than the self-defined δ. If it is smaller than r, then, determine
whether the sample density of the point is smaller than the volume threshold δ. If it is,
filter the point, otherwise, the point shall be added to the compressed data set; if it
is larger than r, then the point should be directly added to the compressed data set.
The final compressed data set can be obtained via repeated iteration. Figure 4 shows
the schematic diagram of the sparse representation data compression algorithm of power
plant.

4.2. Algorithm flow. Given the data set of power plant S = {x1, . . . ,xn} and the
compressed data set Q = {d1,d2, . . . ,dq}. The Euclidean distance between two points
shall be firstly calculated:

dis = argminD(xi,dj) i = 1, 2, . . . , n, j = 1, 2, . . . , q

where D(xi,dj) = ‖xi − dj‖ signifies the Euclidean distance between sampling point xi

and dj.
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Figure 4. The schematic diagram of the sparse representation data com-
pression algorithm of power plant

Figure 5. The one-dimensional visualization diagram of compression algorithm

In terms of the compressed data set Q, have it initialized, Q = {x0}. Firstly, iterate
each data point of data set S, obtaining dis and determining whether the obtained dis-
tance is smaller than the self-defined error threshold r. It is to qualify the circular zone on
the compressed data set, and any point within the circular region on the compressed data
set will need to be filtered. Extend Figure 4 and the one-dimensional visualization can
be adopted to expound the filtering criterion of the algorithm, which is shown as Figure
5. The upper half part signifies the original data set, and the lower half part represents
the compressed data set. Taking C1 as the sample x0, the points within the circular zone
of r will be eliminated. One sample point has been eliminated, and the condition of C5 is
similar to that of C1. In terms of C2, C3 and C4, instead of one point, there are 3 points
reserved here. The principle will be described below. 5 sample points were retained out
of 13 sample points of the original data through the compression algorithm.
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Figure 6. The visualization diagram of filtering criterion

As the data of power plant have small amplitude of fluctuation in certain period, the
data fault phenomenon is prone to occur if all the points within the circular zone are
eliminated. As a result, a new filtering mechanism is added here, which can be simply
signified by Figure 6. First, there are five data points in the circular zone r, represented
by ‘�’ and the set number of threshold is δ; then, determining whether the filtered data
points near the data points ‘�’ framed by the circular zone are greater than the set
threshold δ, if that is the case, the last data point greater than δ will be compulsively
added to the compressed data set, which are the black data points ‘�’. At last, the five
data points within the circular zone will be compressed, obtaining two data points, which
are the black and white data points ‘�’. The maximum value of the filtration yield can
be ensured through this strategy, which also explains the three retaining points in Figure
2, which are C2, C3 and C4. Here δ = 5.
In terms of circular radius r and the number of threshold δ described above, the pro-

portion of the compressed data set and the original data, namely, the compression ratio,
can be utilized to determine the optimal value of these two parameters. Or the grid search
algorithm can be used to find the optimal pair of these two parameters. The pseudocode
of this algorithm is shown in Algorithm 1.

4.3. Twin support vector regression. Given a training sample set T = {(x1, y1), . . .,
(xm, ym)} (m is the size of the training sample set) such that xi ∈ R

d (d is the dimension
of the training sample set) is an input and yi ∈ R is a target output. The training
sample is represented by m row vector Ai, i = 1, 2, . . . , m. And the training sample
Ai = (Ai1,Ai2, . . . ,Aid) is in the d-dimensional real space R, whereA = (A1,A2, . . . ,Ad)
and Y = (y1, y2, . . . , ym). In linear case, the twin support vector regression (TSVR)
determines the primal problems by the ε1 insensitive lower bound f1(x) = wT

1
x+ b1 and
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Algorithm 1: A sparse representation data compression algorithm

Input: {xi}
n−1

i=0
; xi ∈ R

d

Output: Q = {di}
q
i=0

, index ; di ∈ R
d

Initialization: Q = {x0}, r, δ, index = {0}, L = {:}

for i = 1, 2, . . . , n− 1:

//find the nearest point xi near d0

mindis = argminD(xi,d0)

m = len(Q)

for j = 0, 1, . . . , m− 1:

//find the nearest distance dis between the xi and the set Q

dis = argminD(xi,di)

//set the dis as the neartest distance between the xi and the set Q

if mindis ≥ dis:

mindis = dis

//if the dis is greater than r, put the xi into the set Q

if mindis ≥ r:

Q = {xi,Q}; index = {i, index}; L = {L; 1}

else:
//if xi do not have found point in the set Q within L, put the xi into the set Q

if len(L) ≥ δ:

Q = {xi,Q}; index = {i, index}; L = {:}

else:

L = {L, 1}

the ε2 insensitive upper bound f2(x) = wT

2
x+ b2 as follows:

min
1

2
‖Y − eε1 − (Aw1 + eb1)‖

2 + C1e
Tξ

s.t. Y − (Aw1 + eb1) ≥ eε1 − ξ, ξ ≥ 0 (1)

min
1

2
‖Y + eε2 − (Aw2 + eb2)‖

2 + C2e
Tη

s.t. (Aw2 + eb2)− Y ≥ eε2 − η, η ≥ 0 (2)

where C1 and C2 are penalty parameters, ε1, ε2 > 0 are constant, w1,w2 ⊆ R
d, b1, b2 ⊆ R.

ξ and η are slack variables, and e is a unit column vector of dimension d× 1.
By introducing the Lagrange multipliers α and γ, we can obtain the following dual

problems of Equations (1) and (2):

max−
1

2
αTG

(

GTG
)

−1

GTα+ fTG
(

GTG
)

−1

GTα− fTα

s.t. 0 ≤ α ≤ C1e (3)

max−
1

2
γTG

(

GTG
)

−1

GTγ − hTG
(

GTG
)

−1

GTγ + hTγ

s.t. 0 ≤ γ ≤ C2e (4)

where G = [ A e ], f = Y − ε1e and h = Y + ε2e.
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Solving Equations (3) and (4), we can obtain the following regression function:

f (x) =
1

2
[f1(x) + f2(x)] =

1

2
(w1 +w2)

Tx+
1

2
(b1 + b2) (5)

where
[

wT

1
b1

]T

=
(

GTG
)

−1

GT(f −α) and
[

wT

2
b2

]T

=
(

GTG
)

−1

GT(h+ γ).
By introducing kernel function K(·, ·), we can easily extend the linear case to the non-

linear case. The non-linear TSVR determines the primal problems by the ε1 insensitive
lower bound f1(x) = K

(

xT,AT
)

w1 + b1 and the ε2 insensitive upper bound f2(x) =

K
(

xT,AT
)

w2 + b2, which determines the final regression function.

Let H =
[

K
(

A AT
)

e
]

, the final regression function of non-linear TSVR can
be expressed as follows:

f (x) =
1

2
K

(

xT,AT
)

(w1 +w2) +
1

2
(b1 + b2) (6)

where
[

wT

1
b1

]T

=
(

HTH
)

−1

HT(f −α) and
[

wT

2
b2

]T

=
(

HTH
)

−1

HT(h+ γ).
In this section, we first give an overview of combining the above two algorithms, and

then we present the pseudocode of this algorithm as shown in Algorithm 2.

Algorithm 2: Combine TSVR and the proposed algorithm.

Input: The training sample set T, the optimal parameters C1, C2, ε1, ε2, parameters
r and δ = 5, set iterator = 1;

Output: The regression function f(x).

Step 1. Compress data using Algorithm 1;

Step 2. Remove outliers and get compressed data;

Step 3. Solving Equations (3) and (4) by the LMI (matlab toolbox);

Step 4. Construct the regression function f(x) according to Equation (5);

Step 5. Compute the iterator value, if iterator < 1000, then update C1, C2, ε1, ε2,
repeat Steps 3 and 4; else go to Step 6;

Step 6. Use the LMI to compute the final optimal solutions C1, C2 and ε1, ε2;
Step 7. Construct the final regression function f(x) according to Equation (5).

5. Experimental Results and Analyses. In this section, we first present the experi-
mental design. Then, we discuss the parameter selection of different algorithms. Finally,
we conduct extensive experiments on power plant datasets, artificial datasets.

5.1. Simulation analysis. In this simulation, three types of data sets will be used to
evaluate and verify the algorithm. The data type 1 is an artificial data set that satisfies
the function sin c(x), which is a time series data set. The data are fetched from [0, 2π]
with an interval of 0.1; data type 2 is an artificial data set that suffices the Gaussian
distribution. The data set is an ordinary structured data set; type 3 is the real data set
of power plant (the data over a period).
Compare the proposed algorithm with the popular spinning door transformation (SDT)

algorithm on the artificial data set that satisfies function sin c(x). The results are shown
in Figure 7. As can be seen from the figure, the spinning door transformation algorithm
is exceedingly sensitive to the maximum point of time series, and most of the retained
data are near the maximum point while the distribution of the proposed algorithm is
even; from the compression results, the compression ratio for the proposed algorithm is
0.17, while it is 0.43 for the spinning door transformation algorithm. To sum up, the
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Figure 7. The original data and reconstitution of data

spinning door transformation algorithm is relatively stable and effective on the uniform
and stationary time series data sets.

On the artificial data set that suffices Gaussian distribution, the results of the pro-
posed algorithm are shown in Figure 8 (simulation will not be done for the spinning door
transformation algorithm, as it is mainly for the time series data). Note: The red data
points in the figure also belong to blue data points, and the overlapping makes the effect
less distinct. As can be seen, the main idea of the proposed algorithm is to filter the
similar or overlapping data for compression without altering the data structure, which is
one of the merits of such algorithm. It can compress the time series data set as well as
the structured data sets common in life in a flexible manner.

As stated above, compared to SDT algorithm, the compression rate of the proposed
algorithm is effective and reasonable. And our algorithm is suitable for any situation, so
the proposed algorithm has a wider application field than the traditional SDT algorithm.
The relevant compression rate can be flexibly controlled by adjusting the parameters, so
the flexibility of the proposed algorithm is better than SDT algorithm.

Part of the data of power plant were selected for the simulation experiment due to the
consideration of time factor. Three sections of data H, M and L were randomly selected to
carry out the simulation experiment. Figure 9 shows the analysis results of the comparison
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Figure 8. Visualization diagram of the algorithm effect with compression
ratio of 0.63 (left) and 0.36 (right)

of the proposed algorithm and the spinning door transformation algorithm, among which,
the left is the visualization results of the proposed algorithm for the same data set and
the right is that of the spinning door transformation algorithm. The simulation results
indicate that the proposed algorithm has better effect than that of the compared algorithm
in terms of disordered and time series data sets with large amplitude of fluctuation.
The results also demonstrate that, in terms of the three sections of data H, M and L,
the compression ratio of the spinning door transformation algorithm was 0.91, 0.92 and
0.90, while that of the proposed algorithm was 0.12, 0.14 and 0.13. The difference is
distinctive, revealing the defficiency of the spinning door transformation algorithm. This
method, which measures the similarity of random and disordered data through slope and
then conducts data filtering, has great limitations. The spinning door transformation
algorithm can only be applied to the specific data for the lossy compression, which is not
a good choice for the data of power plant.
In summary, on power plant data, the compression rate of our proposed algorithm

is much better than that of traditional SDT algorithm. In particular, the compression
rate of the traditional SDT algorithm is very low, so our proposed algorithm has wider
applicability. It can be concluded from the above artificial dataset that our proposed
algorithm has better applicability and stronger robustness.

5.2. Result analysis. To better evaluate the validity of the data reconstitution, the twin
support vector regression was adopted to fit the mentioned data to assess whether the
compressed data set can retain the features of the original data [23-26]. In terms of the
parameters in the algorithm, the current more popular grid search was adopted in the
simulation experiment to determine the optimal parameters. The selection range for the
twin support vector regression penalty parameter C and the insensitive loss parameter ε
is {10i|i = −3,−2, . . . , 3}. In terms of the selection of different data set parameters r and
δ, the general practice is to select about 1% of the total number of data sets as r and δ are
normally set as 5. Two regression performance metrics, namely, root-mean-square error
(RMSE) and mean absolute error (MAE), have been adopted to appraise the estimated
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Figure 9. The original data and reconstitution of data
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performance of the algorithm.

RMSE =

√

√

√

√

1

n

n
∑

i=1

(yi − ŷi)
2 (7)

MAE =
1

n

n
∑

i=1

|yi − ŷi| (8)

where ŷi signifies the predicted value, yi is the true value, and n refers to the number of
samples. The smaller the RMSE and MAE, the better the fitting effect of the algorithm.
Furthermore, the experiment results made statistics of the running time of the algorithm.
To make the experiment results more persuasive, 80% of each data set was taken as the
training set and 20% was the test set. The standard 10-fold cross validation method
has been adopted to the simulation experiment and all the results are the average of 10
independent runs. Table 2 shows the experiment results on the data set of power plant.

Table 2. The experiment results for data set of power plant before and
after compression

Dataset Method RMSE MAE Time

H
After 0.52 0.42 1.37

Before 0.60 0.48 14.06

M
After 0.54 0.46 1.31

Before 0.69 0.56 13.48

L
After 0.25 0.13 1.32

Before 0.38 0.22 13.57

As can be seen from Table 2, the compressed data set performed better on the twin
support vector regression and the time efficiency of the algorithm was higher. The data
compression has reduced the impact for the interference points in data on the fitting curve
to a certain extent. In addition, the compression algorithm can filter the possible abnormal
points existing in data. In terms of the running time, the data only contain the important
data points after compression that the insignificant data points were eliminated; as a
result, the running efficiency has been significantly improved, verifying the effectiveness
of the proposed algorithm. This also illustrates from the side that it is imperative to
compress the data in the process of mass data classification or regression analysis, which
is not only efficient but also effective.
Therefore, both artificial dataset and power plant dataset show that the compression

rate of the proposed algorithm is better than the traditional SDT algorithm. The proposed
algorithm can also be better applied to traditional data mining work, not only can improve
the accuracy of data mining, but also can greatly reduce the time of data mining. In
particular, for the current era of big data, this work has a good basic research effect.

6. Conclusions. In this paper, a sparse representation data compression algorithm for
power plant has been put forward. The core idea of the method is to update the locations
of circular zone through the iteration of time so that the similar or overlapping data sets
can be filtered and screened. During the filtering process, the maximum filtering value
will be increased, avoiding the destruction of original data structure. The experiment
results indicate that the compression ratio can be lower than 0.15 in terms of the real
data of power plant and the data can better retain the features of original data. Therefore,
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compared with the other popular compression methods, the algorithm in the paper can
compress the data of power plant more effectively.

However, it should be pointed out that the zone limitation strategy is not an optimal
choice. Therefore, improving zone limitation strategy by introducing other approaches
with better global searching capabilities may be a solution we need to focus. Further-
more, combining the advantages of different compression algorithms to form new com-
pression algorithm is also our future research directions. We hope these questions will be
successfully addressed in the near future.
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