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Abstract. Spectrum monitoring often demands a great quantity of spectrum data,
and the massive characteristics of spectrum data make it consume a lot of resources
in the process of transmission and storage. At the same time, the compressed
acquisition system of spectrum data often has the problem of low reconstruction
accuracy of the original data, and the reconstruction accuracy and compression
performance cannot be achieved simultaneously. This paper studies the factors
affecting the reconstruction error in the process of electromagnetic spectrum data
utilization. In this paper, an electromagnetic spectrum compression and recon-
struction framework called QRK-SVD is proposed. Aiming at the problems of slow
dictionary convergence and low accuracy in dictionary learning, QRK-SVD pur-
posely uses k-means clustering to construct the initial dictionary, which effectively
improves the compression accuracy and system robustness. QRK-SVD increases
the minimum singular value of sensing matrix through QR decomposition to opti-
mize the problem of low accuracy of random observation matrix in compressed
system. We designed a set of spectrum data acquisition and compression system
based on QRK-SVD. It can adapt to various collection scenarios, greatly reduce
the amount of data transmitted and stored, and has high reconstruction accuracy.
The measured data proves that the performance of QRK-SVD is better than the
traditional K-SVD framework in different data compression situations.
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1 Introduce

With the increasing update of information science, wireless network devices can be
seen everywhere in daily life, which also leads to the increasing shortage of spectrum
resources. The spectrum resources in the electromagnetic space are distributed unevenly,
scheduling is uneven, and the electromagnetic environment is facing deterioration. The
utilization rate of a large number of spectrum resources is low, and only 15% to 85%
of spectrum resources are utilized [1]. Spectrum resources are limited, and the available
spectrum resources are difficult to meet the needs of various communication services.
Exponential growth of radio services, repeated prohibitions of illegal radio equipment,
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ecological deterioration of environmental noise and other factors make it imperative to
effectively and reasonably monitor and manage spectrum resources [2]. The management
of spectrum utilization inevitably requires a great quantity of spectrum data. Currently,
with the development of networking radar, electromagnetic space network, wireless
communication and other technologies, a large amount of electromagnetic spectrum
data has been collected in various regions. Electromagnetic spectrum data is a kind of
electromagnetic big data, which has the characteristics of high dimension, many types,
and wide sources. The amount of electromagnetic spectrum data collected for a long
time is extremely large, which makes it extremely inconvenient to transmit, store, and
use spectrum data in real time [3, 4].

In order to solve the “dimension disaster” caused by massive data, Candes et al.
proposed Compressed Sensing (CS) [5]. Compressed sensing is a technology that can
effectively reduce the data sampling rate and compress data redundancy. However, most
signals do not have sparseness, and the theory of signal sparse representation came into
being. Its purpose is to linearly represent a given non-sparse signal using some coef-
ficients. The sparse representation of the signal meets the requirements of compressed
sensing technology and can be compressed, transmitted and stored.

For the problem of dictionary learning, authors in [6] proposed the Sparsenet dic-
tionary learning algorithm [7], which uses the sparse coding of images to emergence
the receptive field of a single cell. The optimization effect of the algorithm in the litera-
ture [6] is not ideal. To further optimize the above algorithm, a method of updating the
dictionary by alternating optimization is proposed, namely MOD (Method of optimal
directions) [8]. However, MOD requires matrix inversion, which leads to high algorithm
complexity. K-SVD [9] is proposed on the basis of MOD by updating dictionary atoms
one by one, which does not need to calculate matrix inverse and is more efficient. Dictio-
nary learning under various constraints has been proposed one after another, and online
dictionary learning with batch dynamic updates is proposed [ 10]. In this paper, we study
the sparse representation and compression and reconstruction process of electromag-
netic spectrum data. Aiming at the acquisition, compression, transmission, storage and
reconstruction of electromagnetic spectrum data, the QRK-SVD framework is proposed
to promote the compression and reconstruction capability of spectrum data.

2 Dictionary Learning and QRK-SVD

2.1 Dictionary Learning

As shown in Fig. 1, let X be a discrete signal. X satisfies X = W6 under a specific set of
basis (dictionary) W, where 6 is sparse, signal X is said to be sparse under basis W, where
W is called the sparse basis of signal X, and 6 is marked as the sparse representation of
signal X under sparse basis W. Different sparse bases are generally not universal. Sparse
bases are usually for a specific signal. For example, common natural image signals are
sparse under discrete cosine transform basis, discrete wavelet transform basis or discrete
fourier transform basis.

Moreover, the performance of general sparse basis can not meet our requirements.
Dictionary learning can design a dictionary with less reconstruction error according
to the signal. One of the widely used algorithms is K-SVD. It mainly includes two
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Fig. 1. Signal sparse representation

parts: sparse decomposition and dictionary updating. First, D is generated as the initial
dictionary, and the corresponding optimization problem is:

minD,g{nX —De||%} st 10l < s, Vi. (1)

where X is the discrete signal and @ is the sparse coefficient matrix. Then fix dictionary
D=V and use OMP algorithm to solve the following optimization problems:

2
mein{ Hx,- _ pt=hyg, HZ} st 16l < s, Vi. )

When K-SVD updates the dictionary, each atom is updated. The error matrix of the
signal corresponding to the k-th atom removed is:

E =X - di]. 3)
J#k

where 6"T is the j-th row vector of 6. Then perform singular value decomposition on EX,

which is a matrix determined by the nonzero-valued indices of %:
Eg=UzVvT. 4)

Update the dictionary cAlk = u and the coefficient R = % [1, 1]v; at the same time.

2.2 QRK-SVD

We often need to reconstruct a high-dimensional original sparse matrix from a low-
dimensional observation matrix, as shown in Egs. (5) and (6). The most commonly used
method is orthogonal matching pursuit. We can linearly transform the signal X to get Y.
When reconstructing X from Y, there will be errors in both the matching algorithm and
dictionary learning. We propose to choose a more accurate initial dictionary in dictionary
learning and improve the sensing matrix to make observations contain more information.

Y = X = ®DO 5)

6 = arg min ||6;, s.t PDO; =Y. (6)
0 eRm
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In dictionary learning, the selection of the initial matrix is very important. For real-
time systems, the efficiency of data compression is very important. It is worth thinking
about how to achieve a high reconstruction SNR with fewer iterations. In K-SVD, the
initial dictionary selection method is to randomly select several columns of X, which
is random and has poor performance. In QRK-SVD, each column of X is clustered by
k-means, and each cluster center w; is selected as the initial dictionary, see Eq. (7). x;
that is not in the initial dictionary can be well represented by its own class center wj;, as
shown in Eq. (8). The overall error of the initial dictionary of QRK-SVD will be smaller
than that of K-SVD, see Eq. (9).

Dy = (u1, p2, - oo s fom) (N
Gl’j

X~ D10 = (Wi - Wi - - ) B;T (8)
:

|y —pier], = Y — D167, ©)

where D7 represents initial dictionary for QRK-SVD, D represents initial dictionary
for K-SVD.

In coefficient reconstruction, the selection of the observation matrix is very important,
and the observation matrix is generally selected as a Gaussian random matrix. However,
it is not easy to generate random numbers in hardware, and the precision of random
matrices is not high. Literature research shows that so as to enhance the independence
of matrix column vector, it is essential to make its minimum singular value larger.
The QR decomposition can increase the minimum singular value of the matrix without
changing the original properties of the matrix, so we use QR decomposition to increase
the reconstruction accuracy of the sensing matrix. The QRK-SVD data compression and
reconstruction framework is shown in Fig. 2.

QR decomposition decomposes the transpose of the sensing matrix W7 into Q matrix
and R matrix, as shown in Eq. (10). Perform Then set all elements in R except on the

diagonal to zero to obtain matrix R, as shown in Eq. (11), matrix / is a unit matrix. The

optimized matrix LIAJ is obtained by multiplying the matrix Q and E, as shown in Eq. (12).

v’ = (oD)" = Or (10)
R=IR (11)

w=QR" (12)
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Fig. 2. The QRK-SVD data compression and reconstruction framework

3 Data Set and System Model

3.1 Electromagnetic Spectrum Data Set

The experimental dataset is an open-source measured spectrum dataset from the Broad-
band Spectrum Observatory of the Wireless Networks and Communications (WiNCom)
Research Center of the Illinois Institute of Technology (IIT). The spectrum dataset was
collected at a fixed location in Turku, Finland, and included a continuous 8-day spectrum
data from January 20 to January 27, 2015 to 2018. The total dataset size is over 900 GB,
and the acquisition frequency band is from 30 MHz to 6 GHz. See Table 1 for details.

Inmost cases, what we want to analyze and study is often a certain frequency band that
may have key signals, rather than all frequency bands, so in the experiment, we consider
the compression of data in one frequency band. The experimental data set selects the
spectrum data of the first frequency band in the data collected in 2018, and the frequency
band of the data is 17.93-22.14 MHz. Figure 3 shows the original time-frequency graph
of the data from 8:00 am to 9:00 am in the second day.

3.2 System Model

The electromagnetic spectrum data compression storage system is shown in Fig. 4. On the
local end, spectrum data collection is mainly implemented, which is divided into nyquist
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Table 1. Dataset information

Data information

Data volume Over 900 GB

Collecting time In the four years from 2015 to 2018, there are 32 days from
January 20 to January 27

Collecting frequency band 30 MHz~6 GHz

Time resolution 10 s for 30 MHz~130 MHz and
3 s for 130 MHz~6 GHz

Frequency resolution 78.125 kHz for 30 MHz~130 MHz and 3 GHz~6 GHz,
39.0625 kHz for 130 MHz~3 GHz

Data form Spectrum power value and GPS data

Data format Mat file format and excel table

Power/dBm

19
8 18 Frequency/MHz

Fig. 3. Time-frequency graph of the second day spectrum

sampling and undersampling. Nyquist sampled data is compressed by CS module and
QR decomposition. The compressed value is transmitted over the network to the cloud,
where the compressed value is stored in the cloud database. Then the compressed value
can generate initial dictionary, and dictionary learning is performed, and the dictionary
is fed back to the local end. The sparse coefficients are reconstructed in the cloud using
the dictionary and compressed data, and raw spectral data is generated for analysis. The
following describes the detailed work on the local side and the cloud.

Local Slide
At the local slide, we use RF spectrum analyzers, acquisition antennas, power sup-
ply equipment, transportation equipment, etc. to sample the electromagnetic spectrum.
The collection methods of electromagnetic spectrum data are generally divided into
Nyquist sampling and Nyquist sampling. We compress the Nyquist sampled data through
the CS module, and then go through QR decomposition to improve its reconstruction
performance.

Under-nyquist sampling is a collection method based on compressive sensing theory,
its process graph is shown in Fig. 5. The RF signal x(¢) is divided into m signals, each
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Fig. 4. Electromagnetic spectrum data compression system
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Fig. 5. Under-nyquist sampling process

signal is mixed with a pseudo-random code p;(¢) with a period of 7}, and then passed

73

through a low-pass filter 4(¢) with a cutoff frequency of 1/(275), and finally get the
sequence y[n] after sampling, and the discrete-time Fourier transform of y[n] can be

denoted by Eq. (13).

e¢]

Lo

Yi<ejZﬂﬂ}) — Z yi[n]e—jannTs - Z Cilx(f — lfp), feFs

n=—oo

I=—Lo

13)
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where X (f) is the spectrum of x(t), c;; is the fourier series coefficient of p;(t).

The collected electromagnetic spectrum data is generally temporarily stored in the
local computer. The current local storage method consumes a lot of storage resources.
Cloud storage, cloud computing and other methods are more suitable for the processing
of big data. When we transmit the collected electromagnetic data to the cloud server,
we also face the problem of a large amount of transmitted data, so we need to compress
the collected electromagnetic data in the local computer first. This process uses a matrix
with a smaller dimension. Multiplied by the electromagnetic data matrix, the model can
be expressed as Eq. (14).

Y:[yl’yz""yn]=¢F=¢[f1,fz,...fn]. (14)
Similarly, we can also express Eq. (13) in this form.
Y = [Yi(@/anT;), Yi(@ﬂnfo)’ o Yi(ejznm)]
= A[X(f — Lofy), X (f — Lo+ Dfy), ..., X (f + Lafy)]-

In the Eq. (14) and (15), the observation value matrix is denoted by Y, ® and A is
the observation matrix.

5)

Cloud Side

After the observations are uploaded to the cloud through the network, we can directly
store the observations in the cloud server database. However, the observed values can-
not be directly used for data analysis. Before analyzing the electromagnetic spectrum
data, we need to obtain the original electromagnetic spectrum data. The known prior
condition is the observation matrix @, and the electromagnetic spectrum data itself is
not sparse, so we cannot reconstruct the original electromagnetic spectrum data with
only the observation matrix ® and the observation value matrix Y.

In the cloud, we also need to train a complete or over-complete dictionary of elec-
tromagnetic spectrum data. The dictionary is the sparse domain of the data, and the data
is represented by the dictionary in the form of multiplying the dictionary and the sparse
coefficient, as shown in Eq. (16). The over complete dictionary includes more dictionary
atoms than the signal dimension, while in the complete dictionary, the number of the
two is equal. First, let the number of clusters equal the number of dictionary atoms, and
minimize the error E, see Eq. (17), to get cluster center (@1, 2, . .. iy,). Let the initial
dictionary D1 = (i1, 42, - - - Un)-

f =Da (16)

k
E=) ) If —wl (17)

i=1feC;

where f is the spectrum data, the dictionary is denoted by D, and the sparse coefficient
is denoted by «.

When the dictionary of a certain frequency band is trained in the cloud and the
observed values are known, we can use various methods to reconstruct the sparse coeffi-
cients, such as greedy algorithm, convex optimization algorithm and so on. In this paper,
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the most commonly used OMP is selected to construct the sparse coefficients. The OMP
ensures the accuracy and efficiency of reconstruction. Through the OMP, we can obtain
the estimated value of the sparse coefficient reconstructed from the observation matrix
and the dictionary. The estimated value of the signal can be obtained by multiplying the
dictionary and the estimated value, and the estimated value of the signal can be sent to
the data analysis model for data analysis and data mining.

There are bound to be errors in the entire system model, and there are three main
types of errors. One is the acquisition error generated during acquisition, which can be
improved by improving the accuracy of the acquisition device. The second type of error
is the dictionary error generated when learning the dictionary. Because a dictionary
cannot perfectly match all signal sets, there must be a dictionary error. The way to
improve this error is to select appropriate system parameters and perform dictionary
learning. The third error is the reconstruction error generated when using the OMP. The
reason for this error is that the OMP cannot reconstruct a completely accurate sparse
coefficient. The selection of observation matrix, sparsity and observation size will affect
the reconstruction accuracy. The QRK-SVD framework can effectively reduce the latter
two errors and improve the system performance.

4 Experiments

4.1 Evaluation Indicators

Through data acquisition, data compression, data transmission, data decompression and
other processes, the estimated value of electromagnetic spectrum data is obtained in the
cloud. We measure the accuracy of signal reconstruction by reconstruction SNR, which
is defined as:

X 2
Olg‘ X115

SNR = 101g .
‘X—X

_ 18
RRMSE? (18)

2

Among them, RRMSE is the relative root mean square error, X is the original
electromagnetic spectrum data, and the estimated value is denoted by X.

We define the ratio of the size of the observations to the size of the original sample
as the compression ratio (Cr), which is defined as Eq. (19).

_ row(Y)

= 100%. 1
row(X) x ? (19)

4.2 Dictionary Error and Reconstruction Error

We select the data from 8:00 am to 9:00 am in the first frequency band on the second day,
the fourth day, and the seventh day to study the relationship between the dictionary error
and the reconstruction error. We performed 50 iterations with a dictionary sparsity of
0.05, a dictionary size of 380, and the Cr value of 25%. Figure 6 shows the relationship
between dictionary error and reconstruction error.
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Fig. 6. The reconstruction SNR changes with the number of iterations

As can be seen from Fig. 6, no matter what day the data is, the reconstructed SNR
of QRK-SVD is greatly improved than that of K-SVD. When the number of iterations
is small, the dictionary error is not much different from the reconstruction error. When
the number of iterations is large, the reconstruction performance of the K-SVD method
decreases, while the QRK-SVD method still has good reconstruction performance. This
is mainly because the selection strategy of the initial dictionary is better and because
the QR decomposition reduces the correlation between the observation matrix and the
dictionary, QRK-SVD achieves higher reconstruction accuracy.

4.3 Reconstruction Capability with Different Dictionary Sizes

We select the electromagnetic spectrum data from 8:00 to 9:00 in the first frequency
band on the second day, the fourth day, and the seventh day to study the reconstruction
ability of K-SVD under different dictionary sizes. We let the dictionary size vary from
360 to 400, the dictionary sparsity is 0.05, the number of iterations is 5, and the Cr value
is shown in the figure. Figure 7 shows the effect of dictionary size on reconstruction
performance under different Cr values.

55
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Fig. 7. The reconstruction SNR changes with the size of the dictionary

As can be seen from Fig. 7, no matter what day the data is, under any Cr value,
the performance of QRK-SVD is better than that of K-SVD. And as the dictionary size
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increases, the reconstructed SNR also increases. Since the dictionary size increases,
more atoms participate in the sparse representation, and the sparse representation power
also increases.

4.4 Reconstruction Capability with Different Sample Sizes

We select the electromagnetic spectrum data from 8:00 to 9:00 in the first frequency
band on the second day, the fourth day, and the seventh day to study the reconstruction
ability of K-SVD under different sample sizes. The sample size is changed from 36 to
1800, the dictionary sparsity is 0.05, the dictionary size is 380, and the Cr value is 20%.
Figure 8 shows the reconstruction SNR curve under the change of sample size.
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Fig. 8. The reconstruction SNR changes with the size of sample

As can be seen from Fig. 8, QRK-SVD outperforms K-SVD at any sample size.
Because in the case of the same Cr value, the larger the spectrum sample size, the more
the information content of the observed value. In this way, the reconstruction accuracy
that can be obtained based on the orthogonal matching pursuit is also greater. However,
it is not wise to choose a large sample size, as this will make the running time of the
algorithm become longer and increase of the dictionary size, which reduces the system
efficiency.

4.5 The Amount of Data at the Same Reconstruction Accuracy

We study the size of the transmitted data size of the two frameworks under the same
reconstructed SNR. The dictionary size is 380, the dictionary sparsity is 0.05, and the
number of iterations is 5. When the reconstruction SNR is 35 dB, 40 dB, and 45 dB, the
amount of transmitted data of the two frameworks is shown in Fig. 9, 10 and 11.
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As can be seen from the figure, the amount of data in the QRK-SVD framework
under any reconstruction SNR is smaller than that in the K-SVD framework. And when
the reconstruction SNR is large, this advantage is more obvious.

5 Summarize

This paper studies the whole process of electromagnetic spectrum data acquisition,
compression, transmission and utilization. It is proposed to use dictionary learning to
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improve the performance of spectral data compression and reduce the storage capacity.
The reconstruction error of electromagnetic spectrum data is related to many factors,
including the number of algorithm iterations, the sample size, and the size of the dictio-
nary. This paper studies the influence of these factors on the reconstruction error. The
electromagnetic spectrum data compression and reconstruction framework of QRK-
SVD is proposed, and the reconstruction ability of QRK-SVD under different parameter
conditions is analyzed. For different dictionary sizes, the reconstruction ability of the
overcomplete dictionary is better than that of the complete dictionary, but the storage
space required is also larger. The increase of dictionary size can effectively improve the
reconstruction performance. When the sample size increases, the reconstruction ability
of QRK-SVD continues to improve, indicating that QRK-SVD can adapt to samples of
various sizes, which is very valuable in practical applications, because the size of each
compressed sample cannot be guaranteed to be the same in actual spectrum data collec-
tion. In the follow-up research, we can think about how to ensure that there is no error
in the transmission process and at the same time have a strong real-time transmission
capability. Whether a more efficient dictionary can be designed and whether a stronger
observation matrix can be designed to meet the requirement reconstruction needs further
research and analysis.
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