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Abstract: A sparse power matrix is a type of two-dimensional data that conveys the amount of electric 

power each node, connected to an electric power meter sensor. The need for sensors increases in large power 

networks. This is problematic due to the increase in the number of sensors resulting in increased costs, the 

installation is more complicated, attenuation of sensor power, and requires maintenance. In order to reduce the 

use of sensors and increase the effectiveness of power to the sensors, electrical power measurements can be 

carried out at certain nodes. This also increases performance due to an efficient communication channel 

bandwidth and reduces power system data storage. This paper estimates the minimum required sensors on a 

power grid using compressive sensing (CS). The present study proposes a novel reconstruction algorithm for 

CS, the effective-OMP (E-OMP), to address this power network problem. E-OMP determines the minimum 

number of sensors in use. The study simulations reveal that E-OMP can save power from sensor use and 

preserve storage space. The proposed reconstruction algorithm generates NMSE less than 0.05 and has 

guaranteed high reconstruction accuracy compared to other ones (OMP, IRLS, and L1 reconstruction 

algorithms. 
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一种新颖的方法：电网问题中的有效压缩感测 

 

摘要：稀疏功率矩阵是一种二维数据，用于传输连接到电表传感器的每个节点的电

量。在大型电力网络中，对传感器的需求增加。这是有问题的，这是由于传感器数量的

增加导致成本增加，安装更加复杂，传感器功率衰减并且需要维护。为了减少传感器的

使用并提高传感器的电源效率，可以在某些节点上执行电功率测量。由于有效的通信信

道带宽，这也提高了性能，并减少了电力系统数据的存储。本文使用压缩感测（CS）估

计电网上所需的最少传感器。本研究提出了一种新颖的 CS 重构算法，即有效 OMP（电

子邮件），以解决该电网问题。电子邮件确定使用的最小传感器数量。研究仿真表明，

电子邮件可以节省传感器使用的电能并节省存储空间。与其他算法（OMP，红外光谱和

大号 1 重建算法）相比，提出的重建算法生成的 NMSE 小于 0.05，并保证了较高的重建

精度。 

关键词：压缩传感，有效 OMP，电网，重建。 
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1. Introduction 
In the light of the global energy crisis, greater 

effort must be put into achieving energy efficiency to 

reduce the amount of energy needed; one way of doing 

this is to minimize the use of devices or systems in a 

particular industry. One motivation for increasing 

energy efficiency is reducing financial costs. According 

to the International Energy Agency, increasing energy 

efficiency in buildings, industrial processes, and 

transportation can reduce the world’s energy needs by 

one-third by the year 2050 [1, 2]. One such in 

industrial power grid is electricity distribution systems 

which includes a sensing system for adjustment 

between source and electric load [3, 4]. A system built 

using a number of sensors is needed to apply this 

mechanism. Currently, the number of sensors is 

adjusted based on the number of consumers and 

penetration node, and increasing the number of these 

sensors will increase the demand for power. This also 

results in increased costs, complex installations, sensor 

attenuation, and additional maintenance. Metric sensors 

have the ability to detect, process, and forward 

information signals within the network, resulting in 

increased data exchange and increased storage space on 

the network [42]. Therefore, an efficient technique is 

needed that uses communication channel bandwidth 

and saves storage space. Savings can be made by 

reducing the number of sensors or the volume of power 

system data; thus, the technique must reduce the use of 

sensors whilst ensuring the existing control system 

continues to work optimally. 

A recent mathematical method that can reduce the 

number of samples needed when gathering data was 

introduced by Donoho in 2006 and known as CS [33]. 

Before CS, a conventional method called the Nyquist–

Shannon sampling theorem was used for signal 

sampling. Here, the sampling frequency is performed 

at least twice to measure the highest frequency in the 

signal [5]. In contrast, CS enables reconstruction of 

data with a smaller number of sample than the 

Nyquist–Shannon theorem [6]. Thus, the present study 

applies CS to an electrical distribution control system 

to reduce the number of sensors that are needed. 

CS techniques have been used in a huge variety of 

applications and industries. They are commonly used in 

signal or image reconstruction applications [5, 7]. CS-

based biomedical signal reconstructions have been 

reported for electrocardiogram (ECG) signals [8], 

respiratory sounds [9, 10], and electroencephalogram 

(EEG) signals [11]. CS simulations for images, such as 

MRI imaging, have also been proposed [12, 13, 14, 15, 

41]. Yet another application of CS is processing radar 

signals [16] to estimate the source of the signal more 

efficiently. In terms of communication networks, the 

method has been used to estimate network traffic [17, 

18, 19, 20] and conduct channel estimations on wireless 

sensor array network [21]. CS has proven to be very 

good at minimizing the number of samples needed 

while still being able to reconstruct the data accurately. 

Common reconstruction methods include L1, 

orthogonal matching pursuit (OMP), iteratively 

reweighted least squares (IRLS), and Lq norms. All 

methods have been simulated and performed well in 

their respective study results; however, each method 

has a drawback. For example, OMP adopts a greedy 

algorithm that can perform a rapid reconstruction but is 

less accurate. Meanwhile, IRLS is an improvement on 

L1; it provides high accuracy but is more time-

consuming [22].  

This lack of a “perfect solution” has prompted the 

present study to further investigate CS simulation and 

develop a new reconstruction method for other 

applications. This study proposes several methods for 

reconstructing sensor data from power systems using 

the CS approach. It posits that measurements of 

electrical parameters can be carried out at certain nodes 

without having to install sensors on every node. The 

simulation uses an open dataset consisting of two 

dimensions (rows and columns) assuming that at these 

points, installed reader sensors record the use of electric 

power. The study uses singular value decomposition 

(SVD) as a sparsity technique. It proposes a new 

reconstruction method called effective-orthogonal 

matching pursuit (E-OMP) and compares it with 

general reconstruction methods such as L1, IRLS, and 

conventional OMP to detect any performance 

improvements from using the new method. The 

performance parameters analyzed here include NMSE, 

compression ratio, and time processing. 

The remainder of the paper is organized as follows: 

Section II presents an overview of CS. Section III 

explains power system network and power signal 

representation. Section IV describes the proposed 

method for power signal CS and outlines the 

performance parameters. Section V presents the 

datasets and performance analysis. Finally, Section VI 

concludes and makes recommendations for future 

work. 

 

2. Related Works 
According to Teheou et al., power signal 

compression methods can be categorized into two 

groups: lossless and lossy [23]. Lossless methods 

include Lempel-Ziv [24] and Huffman coding [25]. 
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Lossy methods include discrete wavelet transform 

(DWT) [26, 27], wavelet packet transform (WPT) [28, 

29], mixed transform and parametric method [30], and 

parametric coding [31, 32]. Parametric coding is a 

compression technique used on signals that can be 

represented by different parameters. These parameters 

will be stored in a dictionary and can be returned to 

the original signal based on the parameters.  

CS starts with parametric coding in the acquisition 

and reconstruction process. CS acquisition is 

calculated by the inner product between the sparse 

input signal 𝒙 ∈ ℝ𝑁×1  and the measurement matrix 

𝑨 ∈ ℝ𝑀×𝑁 , where 𝑀 ≪ 𝑁 . The compressed 

measurement result is 𝒚 ∈ ℝ𝑀×1 .  The acquisition 

model is shown in equation (1) [33]. 

𝑦 = 𝐴𝑥 (1) 

The sparse signal is obtained from an appropriate 

base transformation. This transformation aims to 

reduce the size of the input signal. The transforms use 

cosine and sine forms, such as the discrete Fourier 

transform (DFT) and the discrete cosine transform 

(DCT) [34, 35]. The potential transform methods for 

electric power signals are DWT and WPT. The 

relationship between the sparse signal (𝑥) and the non-

sparse signal (𝑠) in the transformation domain (Ψ) is 

expressed in equation (2). 

𝑠 = Ψ𝑥 (2) 

where Ψ ∈ ℝ𝑁×𝑁and 𝑠 ∈ ℝ𝑁×1.  

In [31], the authors developed a dictionary of 

damped sinusoids for the compression of electric 

signals. The parameters were obtained by the 

matching pursuit (MP) technique [36]. The MP 

algorithm approximates sequential signals iteratively 

using dictionary elements. The MP technique is 

related to the compressive sensing area and has been 

developed by a community of researchers. Tropp and 

Gilbert extended an orthogonal version, named 

orthogonal MP (OMP), which has become popular 

[37]. 

 

3. The Research Method 
This paper's research method consists of several 

steps:(1) We have searched the previous literature 

describing the compression of the signal power by CS 

and other methods than CS. (2) We use data sources 

or datasets for this research from the sparse matrix 

collection displayed in Table 1. These data represent 

the electricity network, with the values of the matrix 

elements indicating the power passing through the 

network. 3) Since the datasets are sparse matrices, we 

apply the datasets acquisition to generate compacted 

data with a much smaller size. This acquisition 

produces a high compression ratio but does not affect 

much the power effectivity. The high compression 

ratio implies the low resource used for monitoring the 

power signal. Thus, we can do the resource-saving for 

lower costs. 4)  This acquisition affects the lossy 

datasets when reconstructed. Thus, we design the 

acquisition and reconstruction by singular value 

decomposition and reconstruction. This design makes 

sure the acquired data is sparse. This design also helps 

the reconstructed datasets be of high quality, similar 

to the original datasets. 5) We use several types of CS 

reconstruction and compare the performance. In this 

paper, we also use e-OMP or OMP with minor 

modification to reconstruct the acquired data after 

singular value reconstruction, producing the best 

performance in reconstructed datasets quality and the 

time processing. This minor modification enhances 

the OMP performance with a faster process and better 

NMSE. 

 

4. The Proposed Technique 
Fig. 1 illustrates the mesh power network, which 

consists of mesh routers and links. In this study, the 

links pass the signal, which represents power. A 

power network with an 𝑁  mesh router can be 

represented in a 2-dimensional matrix of size 𝑁 × 𝑁. 

If the power signal is expressed as 𝒔 , the power 

flowing in the network can be represented according 

to the following matrix equation: 

𝑆 = [

𝑠11 𝑠12 ⋯ 𝑠1𝑁

𝑠21 𝑠22 ⋯ 𝑠2𝑁

⋮ ⋮ ⋮ ⋮
𝑠𝑁1 𝑠𝑁2 ⋯ 𝑠𝑁𝑁

] 

(3) 

Fig. 1 The illustration of the mesh power network 
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Fig. 2 The proposed block diagrams 

 

We propose a novel approach for obtaining the 

sparse matrix by decomposing the input power matrix 

applications. The sparse matrix is sampled with a 

random Gaussian measurement matrix. The proposed 

reconstruction algorithm has the role of recovering the 

sampling results to a matrix that approaches the input 

matrix. The E-OMP novelty is to change the iteration 

of the previous algorithm OMP by adjusting the 

position of the singular value on the SVD diagonal 

matrix. Fig. 2 shows the block diagrams of the 

proposed methods with the details of each step given 

below: 

1. Given a power matrix 𝑆 ∈ ℝ𝑁×𝑁 

2. SV decomposition is used to divide the given 

power matrix into 3 matrices 𝑈 ∈ ℝ𝑁×𝑁  , 𝛴 ∈
ℝ𝑁×𝑁  and 𝑉 ∈ ℝ𝑁×𝑁. The sparse matrix is a matrix𝛴, 

that contains significant values from the input 

matrix𝑆.  

3. We use a random Gaussian measurement 

matrix,𝐴, which fulfills Restricted Isometric Property 

(RIP) property [38], as shown in equation (4): 

 (1 − 𝛿𝑠) ∙ ‖Σ𝑟‖2 ≤ ‖𝐴 ∙ Σ𝑟‖2 ≤ 
(4) 

(1 + 𝛿𝑠) ∙ ‖Σ𝑟‖2 

where 0 < 𝛿𝑠 ≪ 1. 

4. Compressed measurement is measured 

according to equation (1). It becomes a matrix 

equation as follows: 

𝑌 = 𝐴 ⋅ Σ𝑟 (5) 

5. For reconstruction, we proposed a new 

reconstruction algorithm, E-OMP. It reconstructs the 

matrix  𝛴̂𝑟 by finding the value of each of its 

constituent elements 𝜎𝑖̂ . The E-OMP algorithms are 

shown below: 

 

Algorithm E-OMP 

Input: 

 Compressed matrix 𝑌 ϵ ℝ𝑚×𝑟 

 Column vector from nth column of Y, 

yn ϵ ℝ𝑚×1, where 𝑌 = [𝑦1 𝑦2… . 𝑦𝑟] 
 Orthonormal measurement matrix, 𝐴 ϵ ℝ𝑚×𝑟 with 𝑚 ≤
𝑟 

 Column vector from nth column of A, 

an ϵ ℝ𝑚×1, where 𝐴 = [𝑎1 𝑎2… . 𝑎𝑟] 
 

Output: 

 Reconstructed singular value vector 𝜎𝑖̂ ϵ ℝ𝑟×1 matrix 

 Reconstructed matrix Σ̂𝑟  ϵ ℝ𝑟×𝑟  as a diagonal matrix 

 

Procedure: 

1) Initialization with the iteration i = 1 

2) Denote ∆= 𝑎𝑖 , containing a vector with size m×1 

3) Calculate 𝜎𝑖̂ = (∆𝑇∆)−1∆𝑇𝑦𝑖 

4) Repeat 2 and 3 until i = r 

5) Create reconstructed matrix Σ̂𝑟 as a diagonal matrix of 

𝜎𝑖̂, where Σ̂𝑟 = diag[σ̂1σ̂2σ̂3 … σ̂𝑟] 

Thus, Σ̂𝑟 = [

𝜎1̂ 0
0 𝜎2̂

… 0
… 0

⋮ ⋮
0 0

⋱ ⋮
… 𝜎𝑟̂

]. 

 

6. After reconstruction, the reconstructed 

matrix Σ̂𝑟 , 𝑈𝑟,  and 𝑉𝑟 are rearranged into the 

approximate given power matrix using SV 

reconstruction, as presented in equation (6): 

𝑆̂ = ∑ 𝜎̂𝑖𝑢𝑖𝑣𝑖
𝑇 =  𝜎̂1𝑢1𝑣1

𝑇 + ⋯ + 𝜎̂𝑟𝑢𝑟𝑣𝑟
𝑇

𝑟

𝑖=1

 
 

(6) 

The difference between OMP and E-OMP is at the 

index i in the above procedure. In OMP algorithm, 

index i at 𝑎𝑖  is obtained by the following equation (7): 

𝑖 = argmax𝑖∈{1,2,…𝑟} 𝐴𝑇𝑦𝑛. (7) 

E-OMP removes this equation, and replaces i with 

the iteration index as the row position of the singular 

S
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value in the diagonal matrix. This causes E-OMP to 

be more effective than the OMP procedure [40]. 

From Fig. 2, the complexity of SVD process is 

O(N
3
). The CS acquisition had a complexity O(R

3
), 

where R is the truncated size of the row or column 

from S matrix. The reconstruction also had a 

complexity O(R
3
). Due to 𝑁 > 𝑅, the complexity of 

the overall system is dominated by the SVD as O(N
3
) 

[40]. 

The performance of the novel algorithms is 

compared to other reconstruction schemes. We use the 

compression ratio (CR), power efficiency (PE/ 𝜂), and 

normalized mean square error (NMSE). The 

compression ratio describes the level of compression 

that occurs due to the application of a system that is 

measured between the size of an uncompressed matrix 

and a compressed matrix. The higher the level of 

compression, the greater savings in storage space. The 

compression ratio equation is expressed as follows: 

CR =  
N2

R2 + 2NR
 

(8) 

Power efficiency describes the ratio of the input 

power to the output power. The power illustrates the 

energy that is used by the system to collect data. The 

equation of power efficiency (𝜂) is shown in (9). 

𝜂 =
𝑃

𝑃0
× 100% 

 

(9) 

𝑃0 = ∑ ∑|𝑆(𝑖, 𝑗)|

𝑁

𝑗=1

𝑁

𝑖=1

 

 

(10) 

𝑃 = ∑ ∑|𝑈̂(𝑖, 𝑗)|

𝑅

𝑗=1

𝑁

𝑖=1

+ ∑ ∑|𝛴̂(𝑖, 𝑗)|

𝑅

𝑗=1

𝑅

𝑖=1

+ ∑ ∑|𝑉̂(𝑖, 𝑗)|

𝑅

𝑗=1

𝑁

𝑖=1

 

(11) 

where 𝑃0 is the total power of the matrix 𝑆 and 𝑃 is 

the total power of matrixes 𝑈̂, 𝛴̂, and 𝑉̂.  

The success of reconstruction is measured by the 

NMSE parameter, which minimizes the square of the 

error value. NMSE is calculated between the original 

power matrix, 𝑆, and the reconstructed power matrix 

𝑆̂. Given the two matrixes 𝑆(𝑖, 𝑗) and 𝑆̂(i,j), NMSE is 

represented as follows: 

𝑁𝑀𝑆𝐸(𝑆, 𝑆̂) =
‖𝑆(𝑖, 𝑗) − 𝑆 ̂(𝑖, 𝑗)‖

2

2

‖𝑆(𝑖, 𝑗)‖2
2  

(12) 

 

5. Experiment Results and Discussion 

Dataset 
This paper simulates datasets from SuiteSparse 

matrix collection that shown in Table 1 [7, 39]. There 

are three datasets, which are 2-dimensional matrixes 

that have rows, columns, and non-zero values. We 

assume that these matrices are representations of the 

electricity network, with the values of the elements in 

each matrix indicating the power passing through the 

network. In addition, we suppose that the network 

installed sensors for reading electricity meters in each 

node. 

 
Table 1 SuiteSparse matrix collection [7, 39] 

Id Name Rows Columns Non-zero Kind Date 

Dataset 1 1138_bus 1138  1138 4.054 Power network problem 1985 

Dataset 2 494_bus 494  494 1.666 Power network problem 1985 

Dataset 3 662_bus 662  662 2.474 Power network problem 1985 

 

6. Performance Analysis 
Simulation one shows the E-OMP performance for 

all datasets. The results are shown in Fig. 3, which 

illustrates the trade-off between NMSE and PE at 

different numbers of sparsity (10–200). The 

measurement number is 0.5*sparse number. NMSE-1 

and PE-1 show the results from dataset-1; NMSE-2 and 

PE-2 show the results from dataset-2, and NMSE-3 and 

PE-3 show the results from dataset-3. The changes in 

the sparsity number within the three datasets do not 

impact the power effectivity, with PE in each dataset 

reaching 50% in almost all ranks. Dataset-1 has a larger 

set of data than the others. For a sparsity number of less 

than 30, dataset-1 produces the smallest NMSE, 

followed by dataset-3 and dataset-2. 

Fig. 4 shows the performance comparison of the 

reconstruction algorithms in dataset-1. The simulation 

results show that the E-OMP performance is as good as 

the L1 performance. With a sparsity number of 20, all 

reconstruction algorithms generate NMSE of less than 

0.05. 
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Fig. 3 Trade-off between NMSE and power effectivity (PE) at 

different number of sparse and dataset 
 

Fig. 4 Trade-off between NMSE and power effectivity (PE) at 

different number of sparse and reconstruction algorithms 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 5 Trade-off between NMSE and compression ratio (CR) at 

different number of sparse and reconstruction algorithms 

 

Fig. 5 illustrates the trade-off between NMSE and 

CR in all reconstruction algorithms. Testing was 

carried out on dataset-1. The test results show that up to 

a sparsity number of 200, CR is produced above the 

minimum CR threshold.  

Fig. 6 shows the processing time required by all 

reconstruction algorithms in dataset-1. The simulation 

results show that the greater the number of sparse, the 

longer the processing time. The E-OMP reconstruction 

algorithm is superior, with the fastest processing time 

compared to other reconstruction algorithms at the 

same number of sparse. 

Fig. 6 Time processing at different number of sparse and 

reconstruction algorithms 

 
The test results show that the proposed method can 

reconstruct the sensor data with an NMSE less than 

0.05. E-OMP can generate a higher reconstruction 
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accuracy compared to other reconstruction methods. 

However, the sparse matrix collections in [7] and [39] 

have low-rank properties; in fact, the actual 

measurement results in the power network do not 

guarantee sparsity. Therefore, the model that was built 

has provided a sparsity method that does not work 

optimally. Moreover, we did not explore any other 

sampling techniques because, according to [18], 

Gaussian is the best technique for two-dimensional 

internet traffic data. 

 

7. Conclusion 
In this study, we proposed a novel reconstruction 

algorithm named E-OMP, based on the concept of 

compressed sensing using SVD sparsity to achieve 

bandwidth and power efficiency. This system is 

appropriate for large networks. The natural power 

matrix data has a compressible property, therefore 

supporting the CS process. E-OMP performance is 

analytically proven in terms of power consumption and 

bandwidth requirements and demonstrates substantial 

savings compared to previous reconstruction 

algorithms, such as OMP, L1, and IRLS. In addition, 

E-OMP is superior in speed of processing. In the 

future, the proposed method is expected to be applied 

in large power networks to improve sensor efficiency, 

increase transmission bandwidth efficiency, and save 

memory resources in the database system. 

 

References 
[1] GLOBAL SUSTAINABLE ELECTRICITY 

PARTNERSHIP. New electricity frontiers: Harnessing the 

role of low-carbon electricity uses in a digital era, 2018. 

https://www.globalelectricity.org/content/uploads/New-

electricity-frontiers-report.pdf 

[2] GIELEN D., BOSHELL F., SAYGIN D., 

BAZILIAN M. D., WAGNER N., and GORINIR. The role 

of renewable energy in the global energy transformation. 

Energy Strategy Reviews, 2019, 24(1): 38-

50.https://doi.org/10.1016/j.esr.2019.01.006 

[3] ALAM M. S., & AREFIFARS. A. Energy 

Management in Power Distribution Systems: Review, 

Classification, Limitations and Challenges. IEEE Access, 

2019, 7: 92979-93001. 

https://doi.org/10.1109/ACCESS.2019.2927303 

[4] SCHNEIDER K. P., LAVAL S., HANSEN J., 

MELTON R. B., PONDER L., and FOX L. A distributed 

power system control architecture for improved distribution 

system resiliency. IEEE Access, 2019, 7: 9957-9970. 

https://doi.org/10.1109/ACCESS.2019.2891368 

[5] RANI M., DHOK S. B., and DESHMUKHR. B. A 

Systematic Review of Compressive Sensing: Concepts, 

Implementations and Applications. IEEE Access, 2018, 6: 

4875-4894. 

https://doi.org/10.1109/ACCESS.2018.2793851 

[6] QUINSAC A. B. C., & KOUAMÉ D. Frequency 

domain compressive sampling for ultrasound imaging. 

Advances in Acoustics and Vibration, 2012, 2012: 231317. 

https://doi.org/10.1155/2012/231317 

[7] KOLODZIEJ S. P., AZNAVEH M., BULLOCK 

M., DAVID J., DAVIS T. A., HENDERSON M., HU Y., 

and SANDSTROM R. The Suite Sparse Matrix Collection 

Website Interface. Journal of Open Source Software, 2019, 

4(35): 1244-1248. 

[8] MISHRA A., THAKKAR F., MODI C., and 

KHER R. ECG Signal Compression Using Compressive 

Sensing and Wavelet Tranform. Proceedings of the Annual 

International Conference of the IEEE Engineering in 

Medicine and Biology Society, San Diego, California, 

2012, pp. 3404-3407. 

https://doi.org/10.1109/EMBC.2012.6346696 

[9] OLETIC D., SKRAPEC M., and BILAS V. 

Monitoring Respiratory Sounds: Compressed Sensing 

Reconstruction via OMP on Android Smartphone. In: 

GODARA B., & NIKITA K.S. (eds.) Wireless Mobile 

Communication and Healthcare. MobiHealth 2012. Lecture 

Notes of the Institute for Computer Sciences, Social 

Informatics and Telecommunications Engineering, Vol. 61. 

Springer, Berlin, Heidelberg, 2013: 114-121. 

https://doi.org/10.1007/978-3-642-37893-5_13 

[10] OLETIC D., SKRAPEC M., and BILAS V. 

Prototype of Respiratory Sounds Monitoring System Based 

on Compressive Sampling. In: ZHANG Y. T. (ed.) The 

International Conference on Health Informatics. IFMBE 

Proceedings, Vol 42. Springer, Cham, 2014: 92-

95.https://doi.org/10.1007/978-3-319-03005-0_24 

[11] ZHU J., CHEN C., SU S., and CHANGZ. 

Compressive Sensing of Multichannel EEG Signals via lq 

Norm and Schatten-p Norm Regularization. Mathematical 

Problems in Engineering, 2016, 2016: 2189563. 

https://doi.org/10.1155/2016/2189563 

[12] LAKSHMINARAYANA M., & SARVAGYAM. 

MICCS: A novel framework for medical image 

compression using compressive sensing. International 

Journal of Electrical and Computer Engineering, 2018, 

8(5): 2818-2828. 

http://doi.org/10.11591/ijece.v8i5.pp2818-2828 

[13] IRAWATI I. D., HADIYOSO S., and 

HARIYANIY. S. Multi-wavelet level comparison on 

compressive sensing for MRI image reconstruction. 

Bulletin of Electrical Engineering and Informatics, 2020, 

9(4): 1461-1467. https://doi.org/10.11591/eei.v9i4.2347 

[14] OROVIĆ I., PAPIĆ V., IOANA X. L. C., and 

STANKOVIĆ S. Compressive Sensing in Signal 

Processing: Algorithms and Transform Domain 

Formulations. Mathematical Problems in Engineering, 

2016, 2016: 7616393. 

https://doi.org/10.1155/2016/7616393 

[15] RAGAB M., OMER O. A., and ABDEL-NASSER 

M. Compressive sensing MRI reconstruction using 

https://www.globalelectricity.org/content/uploads/New-electricity-frontiers-report.pdf
https://www.globalelectricity.org/content/uploads/New-electricity-frontiers-report.pdf
https://doi.org/10.1016/j.esr.2019.01.006
https://doi.org/10.1109/ACCESS.2019.2927303
https://doi.org/10.1109/ACCESS.2019.2891368
https://doi.org/10.1109/ACCESS.2018.2793851
https://doi.org/10.1155/2012/231317
https://doi.org/10.1109/EMBC.2012.6346696
https://doi.org/10.1007/978-3-642-37893-5_13
https://doi.org/10.1007/978-3-319-03005-0_24
https://doi.org/10.1155/2016/2189563
http://doi.org/10.11591/ijece.v8i5.pp2818-2828
https://doi.org/10.11591/eei.v9i4.2347
https://doi.org/10.1155/2016/7616393


122 

 

 

empirical wavelet transform and grey wolf optimizer. 

Neural Computing and Applications, 2018, 7: 1-20. 

https://doi.org/10.1007/s00521-018-3812-7 

[16] USMAN K., GUNAWAN H., and 

SUKSMONOA. B. Compressive sensing reconstruction 

algorithm using L1-norm minimization via L2-norm 

minimization. International Journal on Electrical 

Engineering and Informatics, 2018, 10(1): 37-50. 

https://doi.org/10.15676/ijeei.2018.10.1.3 

[17] IRAWATI I. D., SUKSMONO A. B., and 

EDWARDI. J. M. An Interpolation Comparative Analysis 

for Missing Internet Traffic Data. Proceedings of the 3rd 

International Conference on Electronics, Communications 

and Control Engineering, Bali, 2020, pp. 26-30. 

https://doi.org/10.1145/3396730.3396740 

[18] IRAWATI I. D., SUKSMONO A. B., and 

EDWARDI. J. M. Measurement Matrix for Sparse Internet 

Data based Compressive Sampling. Proceedings of the 

IEEE International Computer Science and Engineering 

Conference, Chiang Mai, 2018, pp. 1-6. 

https://doi.org/10.1109/ICSEC.2018.8712812 

[19] NIE L., JIANG D., and GUOL. End-to-end 

network traffic reconstruction via network tomography 

based on compressive sensing. Journal of Network and 

Systems Management, 2015, 23: 709-730. 

https://doi.org/10.1007/s10922-014-9314-8 

[20] JIANG D., WANG W., SHI L., and SONGH. A 

Compressive Sensing-Based Approach to End-to-End 

Network Traffic Reconstruction. IEEE Transactions on 

Network Science and Engineering, 2020, 7(1): 507-519. 

[21] YIN M., YU K., and WANGZ. Compressive 

Sensing Based Sampling and Reconstruction for Wireless 

Sensor Array Network. Mathematical Problems in 

Engineering, 2016, 2016: 9641608. 

https://doi.org/10.1155/2016/9641608 

[22] IRAWATI I. D., SUKSMONO A. B., and 

EDWARDI. J. M. Enhanced OMP and Bilinear 

Interpolation in Missing Traffic Reconstruction based on 

Sparse SVD. Proceedings of the 26th IEEE International 

Conference on Telecommunications, Hanoi, 2019. 

[23] TEHEOU, M., LOVISOLO L., RIBEIRO M. V., 

DA SILVA E. A. B., RODRIGUES M. A. M., ROMANO 

J. M. T., and DINIZP. S. R. The Compression of Electric 

Signal Waveforms for Smart Grids: State of the Art and 

Future Trends. IEEE Transactions on Smart Grid, 2014, 

5(1): 291-301. https://doi.org/10.1109/TSG.2013.2293957 

[24] GEREK O. N., & ECED. G. Compression of 

power quality event data using 2D representation. Electric 

Power Systems Research, 2008, 78(6): 1047-1052. 

https://doi.org/10.1016/j.epsr.2007.08.006 

[25] ZHANG D., BI Y., and ZHAOJ. A new data 

compression algorithm for power quality online 

monitoring. Proceedings of the International Conference on 

Sustainable Power Generation and Supply, Nanjing, 2009, 

pp. 1-4. https://doi.org/10.1109/SUPERGEN.2009.5347884 

[26] DASH P. K., PANIGRAHI B. K., SAHOO D. K., 

and PANDA G. Power Quality Disturbance Data 

Compression, Detection, and Classification using 

Integrated Spline Wavelet and S-Transform. IEEE Power 

Engineering Review, 2002, 22(7): 595-600. 

https://doi.org/10.1109/MPER.2002.4312423 

[27] SANTOSO S., POWERS E. J., and GRADY W. 

M. Power Quality Disturbance Data Compression Using 

Wavelet Transform Methods. IEEE Transactions on Power 

Delivery, 1997, 12(3): 1250-1257. 

https://doi.org/10.1109/61.637001 

[28] NING J., WANG J., GAO W., and LIU C. A 

Wavelet-based Data Compression Technique for Smart 

Grid. IEEE Transactions on Smart Grid, 2011, 2(1): 212-

218. https://doi.org/10.1109/TSG.2010.2091291 

[29] LITTLER T. B., & MORROWD. J. Wavelets for 

the Analysis and Compression of Power System 

Disturbances. IEEE Transactions on Power Delivery, 1999, 

14(2): 358-364. https://doi.org/10.1109/61.754074 

[30] RIBEIRO M. V., PARK S. H., ROMANO J. M. 

T., and MITRAS. K. A novel MDL-based compression 

method for power quality applications. IEEE Transactions 

on Power Delivery, 2007, 22(1): 27-36. 

https://doi.org/10.1109/TPWRD.2006.887091 

[31] LOVISOLO L., DA SILVA E. A. B., 

RODRIGUES M. A. M., and DINIZP. S. R. Efficient 

Coherent Adaptive Representations of Monitored Electric 

Signals in Power Systems Using Damped Sinusoids. IEEE 

Transactions on Signal Processing, 2005, 53(10): 3831-

3846. https://doi.org/10.1109/TSP.2005.855400 

[32] TCHEOU M. P., LOVISOLO L., DA SILVA E. 

A. B., RODRIGUES M. A. M., and DINIZP. S. R. 

Optimum rate-distortion dictionary selection for 

compression of atomic decompositions of electric 

disturbance signals. IEEE Signal Processing Letters, 2007, 

14(2): 81-84. https://doi.org/10.1109/LSP.2006.882117 

[33] DONOHO D. Compressed Sensing. IEEE 

Transactions on Information Theory, 2006, 52(4): 1289-

1306. https://doi.org/10.1109/TIT.2006.871582 

[34] QING A., HONGTAO Z., ZHIKUN H., and 

ZHIWENC. A compression approach of power quality 

monitoring data based on two dimension DCT. Proceedings 

of the 3rd International Conference on Measuring 

Technology and Mechatronics Automation, Shangshai, 

2011. https://doi.org/10.1109/ICMTMA.2011.12 

[35] DAI S., LIU W., WANG Z., LI K., ZHU P., and 

WANG P. An Efficient Lossless Compression Method for 

Periodic Signals Based on Adaptive Dictionary Predictive 

Coding. Applied Sciences, 2020, 10: 4918. 

https://doi.org/10.3390/app10144918 

[36] MALLAT S., & ZHANG Z. Matching Pursuits 

with Time-Frequency Dictionaries. IEEE Transactions on 

Signal Processing, 1993, 41(12): 3397-3415. 

https://doi.org/10.1109/78.258082 

[37] TROPP J. A., & GILBERT A. C. Signal Recovery 

from Random Measurement via Orthogonal Matching 

Pursuit. IEEE Transaction on Information Theory, 2007, 

53(12): 4655-4666. 

https://doi.org/10.1109/TIT.2007.909108 

https://doi.org/10.1007/s00521-018-3812-7
https://doi.org/10.15676/ijeei.2018.10.1.3
https://doi.org/10.1145/3396730.3396740
https://doi.org/10.1109/ICSEC.2018.8712812
https://doi.org/10.1007/s10922-014-9314-8
https://doi.org/10.1155/2016/9641608
https://doi.org/10.1109/TSG.2013.2293957
https://doi.org/10.1016/j.epsr.2007.08.006
https://doi.org/10.1109/SUPERGEN.2009.5347884
https://doi.org/10.1109/MPER.2002.4312423
https://doi.org/10.1109/61.637001
https://doi.org/10.1109/TSG.2010.2091291
https://doi.org/10.1109/61.754074
https://doi.org/10.1109/TPWRD.2006.887091
https://doi.org/10.1109/TSP.2005.855400
https://doi.org/10.1109/LSP.2006.882117
https://doi.org/10.1109/TIT.2006.871582
https://doi.org/10.1109/ICMTMA.2011.12
https://doi.org/10.3390/app10144918
https://doi.org/10.1109/78.258082
https://doi.org/10.1109/TIT.2007.909108


123 

 

 

[38] CANDES E. The Restricted Isometry Property and 

Its Implications for Compressed Sensing. Comptes Rendus 

Mathematique, 2008, 346(9-10): 589-592. 

[39] DAVIS T. A., & HU Y. The University of Florida 

Sparse Matrix Collection. ACM Transactions on 

Mathematical Software, 2011, 38(1): 1-28. 

https://doi.org/10.1145/2049662.2049663 

[40] BUDIMAN G., SUKSMONO A. B., and 

DANUDIRDJO D. Compressive Sampling with Multiple 

Bit Spread Spectrum-Based Data Hiding. Applied Sciences, 

2020, 10(12): 4338. https://doi.org/10.3390/app10124338 

[41] IRAWATI I. D., HADIYOSO S., BUDIMAN G., 

and MULYANA A. Lifting Wavelet Transform in 

Compressive Sensing for MRI Reconstruction. Journal of 

Southwest Jiaotong University, 2020, 55(5). 

http://jsju.org/index.php/journal/article/view/726 
 

 

参考文: 

[1]全球可持续电力合作伙伴关系。新的电力领域：利

用 低 碳 电 力 在 数 字 时 代 中 的 作 用 ， 2018 。

https://www.globalelectricity.org/content/uploads/New-

electricity-frontiers-report.pdf 

[2] GIELEN D. ， BOSHELL F. ， SAYGIN D. ，

BAZILIAN M. D.，WAGNER N.和GORINIR。可再生

能源在全球能源转型中的作用。能源战略评论，2019，

24 （ 1 ） ： 38-50 。
https://doi.org/10.1016/j.esr.2019.01.006 

[3] ALAM M. S.和AREFIFAR S. A.配电系统中的能源管

理：回顾，分类，局限性和挑战。电气工程师学会访问，

2019 ， 7 ： 92979-93001 。
https://doi.org/10.1109/ACCESS.2019.2927303 

[4] SCHNEIDER K. P.，LAVAL S.，HANSEN J.，

MELTON R. B.，PONDER L.和FOXL。一种用于改善

配电系统弹性的分布式电源系统控制体系结构。电气工

程 师 学 会 访 问 ， 2019 ， 7 ： 9957-9970 。

https://doi.org/10.1109/ACCESS.2019.2891368 

[5] RANI M.，DHOK S. B.和DESHMUKH R. B.压缩感

测的系统综述：概念，实现和应用。电气工程师学会访

问 ， 2018 ， 6 ： 4875-4894 。

https://doi.org/10.1109/ACCESS.2018.2793851 

[6] QUINSAC A. B. C.和KOUAMÉD.超声成像的频域压

缩采样。声学和振动进展， 2012， 2012： 231317. 

https://doi.org/10.1155/2012/231317 

[7] KOLODZIEJ S. P.，AZNAVEH M.，BULLOCK M.

，DAVID J.，DAVIS T. A.，HENDERSON M.，HU Y.

和SANDSTROMR。套件稀疏矩阵收集网站界面。开源

软件学报，2019，4（35）：1244-1248。 

[8] MISHRA A.，THAKKAR F.，MODI C.和KHER R.

使用压缩传感和小波变换的心电图信号压缩。电气工程

师学会医药与生物学工程学会年度国际会议论文集，加

利福尼亚州圣地亚哥， 2012，第 3404-3407页。

https://doi.org/10.1109/EMBC.2012.6346696 

[9] OLETIC D.，SKRAPEC M.和BILAS V.监测呼吸音：

通过安卓系统智能手机上的OMP压缩感知重建。在：

GODARA B.和NIKITA K. S.（编辑）无线移动通信和

医疗保健中。移动健康2012。计算机科学，社会信息学

和电信工程学院的讲义，第1卷。61.斯普林格，柏林，

海德堡，2013：114-121。https://doi.org/10.1007/978-3-

642-37893-5_13 

[10] OLETIC D.，SKRAPEC M.和BILAS V.基于压缩采

样的呼吸音监测系统原型。在：张T（编辑）国际卫生

信息学会议上。财务会计准则委员会会议录，第42卷。

施 普 林 格 ， 湛 ， 2014 ： 92-95 。
https://doi.org/10.1007/978-3-319-03005-0_24 

[11]朱静，陈春，苏苏，常长。通过lq范数和沙滕普范

数正则化对多通道脑电图信号进行压缩感知。工程数学

问 题 ， 2016 ， 2016 ：

2189563.https://doi.org/10.1155/2016/2189563 

[12] LAKSHMINARAYANA M. 和 SARVAGYA M. 

MICCS：一种使用压缩传感进行医学图像压缩的新颖

框架。国际电气与计算机工程学报，2018，8（5）：

2818-2828 。 http://doi.org/10.11591/ijece.v8i5.pp2818-

2828 

[13] IRAWATI I. D.，HADIYOSO S.和HARIYANI Y. S.

对核磁共振图像重建进行压缩感测的多小波水平比较。

电机工程与信息学报，2020，9（4）：1461-1467。

https://doi.org/10.11591/eei.v9i4.2347 

[14]OROVIĆI. ， PAPIĆV. ， IOANA X. L. C. 和

STANKOVIĆS.信号处理中的压缩感测：算法和变换域

公 式 。 工 程 数 学 问 题 ， 2016 ， 2016 ：

7616393.https://doi.org/10.1155/2016/7616393 

[15] RAGAB M.，OMER O. A.和ABDEL-NASSER M.使

用经验小波变换和灰太狼优化器进行压缩感测核磁共振

重 建 。 神 经 计 算 与 应 用 ， 2018 ， 7 ： 1-20 。

https://doi.org/10.1007/s00521-018-3812-7 

[16] USMAN K.，GUNAWAN H.和SUKSMONO A. B.

通过大号2范数最小化使用L1范数最小化的压缩感知重

建算法。国际电气工程与信息学报，2018，10（1）：

37-50。https://doi.org/10.15676/ijeei.2018.10.1.3 

[17] IRAWATI I. D.，SUKSMONO A. B.和EDWARD I. 

J. M.丢失互联网流量数据的插值比较分析。第三届电子，

通信和控制工程国际会议论文集，2020，巴厘岛，第

26-30页。https://doi.org/10.1145/3396730.3396740 

[18] IRAWATI I. D.，SUKSMONO A. B.和EDWARD I. 

J. M.基于稀疏互联网数据的压缩采样的测量矩阵。 

IEEE国际计算机科学与工程会议论文集，清迈，2018

年 ， 第 1-6 页 。

https://doi.org/10.1109/ICSEC.2018.8712812 

[19] NIE L.，JIANG D.和GUO L.通过基于压缩感知的

网络层析成像的端到端网络流量重构。网络与系统管理

杂 志 ， 2015 ， 23 ： 709-730 。

https://doi.org/10.1007/s10922-014-9314-8 

https://doi.org/10.1145/2049662.2049663
https://doi.org/10.3390/app10124338
http://jsju.org/index.php/journal/article/view/726
https://doi.org/10.1109/ICSEC.2018.8712812


124 

 

 

[20]姜丹，王威，史立，宋海。一种基于压缩感知的端

到端网络流量重构方法。电气工程师学会网络科学与工

程学报，2020，7（1）：507-519。 

[21]尹敏，余克，和王Z。基于压缩感知的无线传感器

阵列网络采样和重构。工程数学问题，2016，2016：

9641608. https://doi.org/10.1155/2016/9641608 

[22] IRAWATI I. D.，SUKSMONO A. B.和EDWARD I. 

J. M.在基于稀疏SVD的丢失交通重建中，增强了OMP

和双线性插值。第26届电气工程师学会国际电信会议论

文集，河内，2019。 

[23] TEHEOU，M.，LOVISOLO L.，RIBEIRO M.V.，

DA SILVA E.A.B.，RODRIGUES M.A.M.，ROMANO 

J.M.T.和DINIZ P.S.R. 智能电网的电信号波形压缩：最

新状况和未来趋势。电气工程师学会智能电网交易，

2014 ， 5 （ 1 ） ： 291-301 。
https://doi.org/10.1109/TSG.2013.2293957 

[24] GEREK O. N.和ECE D. G.使用2D表示压缩电能质

量事件数据。电力系统研究，2008，78（6）：1047-

1052。https://doi.org/10.1016/j.epsr.2007.08.006 

[25]张丹，毕勇，和赵坚。一种新的数据压缩算法，用

于电能质量在线监测。国际可持续发电与供电会议论文

集 ， 南 京 ， 2009 ， 第 1-4 页 。

https://doi.org/10.1109/SUPERGEN.2009.5347884 

[26] DASH P. K.，PANIGRAHI B. K.，SAHOO D. K.和

PANDA G.使用集成样条小波和小号变换的电能质量扰

动数据压缩，检测和分类。电气工程师学会电力工程评

论 ， 2002 ， 22 （ 7 ） ： 595-600 。

https://doi.org/10.1109/MPER.2002.4312423 

[27] SANTOSO S.，POWERS E. J.和GRADY W. M.使用

小波变换方法的电能质量扰动数据压缩。电气工程师学

会电力传输事务， 1997， 12（ 3）： 1250-1257。

https://doi.org/10.1109/61.637001 

[28]宁健，王健，高伟，刘柳。一种基于小波的智能电

网数据压缩技术。电气工程师学会智慧电网交易，2011，

2 （ 1 ） ： 212-218 。
https://doi.org/10.1109/TSG.2010.2091291 

[29] LITTLER T. B.和MORROW D. J.小波分析和压缩电

力系统扰动。电气工程师学会电力传输事务，1999，14

（2）：358-364。https://doi.org/10.1109/61.754074 

[30] RIBEIRO M. V.，PARK S. H.，ROMANO J. M. T.

和MITRA S.K.一种基于MDL的新颖压缩方法，用于电

能质量应用。电气工程师学会电力传输事务，2007，22

（ 1 ） ： 27-36 。
https://doi.org/10.1109/TPWRD.2006.887091 

[31] LOVISOLO L.，DA SILVA E. A. B.，RODRIGUES 

M. A. M.和DINIZ P. S. R.使用阻尼正弦曲线的电力系统

中受监视电信号的有效相干自适应表示。电气工程师学

会信号处理事务， 2005， 53（ 10）： 3831-3846。

https://doi.org/10.1109/TSP.2005.855400 

[32] TCHEOU M. P.，LOVISOLO L.，DA SILVA E. A. 

B.，RODRIGUES M. A. M.和DINIZ P. S. R.最优速率失

真字典选择，用于压缩电干扰信号的原子分解。电气工

程师学会信号处理快报，2007，14（2）：81-84。

https://doi.org/10.1109/LSP.2006.882117 

[33] DONOHO D.压缩感测。电气工程师学会信息理论

学 报 ， 2006 ， 52 （ 4 ） ： 1289-1306 。

https://doi.org/10.1109/TIT.2006.871582 

[34] QING A.，HONGTAO Z.，ZHIKUN H.和ZHIWEN 

C.一种基于二维DCT的电能质量监测数据的压缩方法。

第三届测量技术与机电一体化自动化国际会议论文集，

上海，2011。https://doi.org/10.1109/ICMTMA.2011.12 

[35] DAI S.，LIU W.，WANG Z.，LI K.，朱鹏，和王

鹏。一种基于自适应字典预测编码的周期信号有效无损

压缩方法。应用科学， 2020， 10： 4918.https：

//doi.org/10.3390/app10144918 

[36] MALLAT S.和张Z。将追求与时频字典相匹配。电

气工程师学会信号处理事务，1993，41（12）：3397-

3415。https://doi.org/10.1109/78.258082 

[37] TROPP J. A.和GILBERT A. C.通过正交匹配追踪从

随机测量中恢复信号。电气工程师学会信息理论交易，

2007 ， 53 （ 12 ） ： 4655-4666 。
https://doi.org/10.1109/TIT.2007.909108 

[38] CANDES E.受限等距特性及其对压缩传感的影响。

计算数学学报，2008，346（9-10）：589-592。 

[39] DAVIS T. A.和胡Y。佛罗里达大学稀疏矩阵集。

ACM关于数学软件的交易，2011，38（1）：1-28。

https://doi.org/10.1145/2049662.2049663 

[40] BUDIMAN G. ， SUKSMONO A. B. 和

DANUDIRDJO D.基于多位扩频的数据隐藏的压缩采样。

应 用 科 学 ， 2020 ， 10 （ 12 ） ： 4338. 

https://doi.org/10.3390/app10124338 

[41] IRAWATI I. D.，HADIYOSO S.，BUDIMAN G.和
MULYANA A.压缩感知中的提升小波变换，用于MRI

重建。西南交通大学学报， 2020， 55（ 5）。

http://jsju.org/index.php/journal/article/view/726 

 

 

 


