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Abstract

This paper presents an adaptive real-time spectrum data compression and recovery method for radio monitoring, its purpose is
to reduce the data storage space and the network bandwidth occupied by transmission without affecting the subsequent analysis
and application. Considering the similarity between spectrum data, we use correlation coefficients and bitmap similarity to
measure them, and then replace all the original spectrum with a small amount of typical spectrum to achieve the purpose
of compressing the original spectrum for storage and compression. The experimental conclusions show that the method can

automatically adapt to various radio frequency bands and achieve better compression effects.
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Key Points:

e The algorithm is used to judge the similarity of the spectrum, and the similarity threshold
is adaptive to any radio frequency band.

e The Pearson similarity coefficient judges the similarity of the signal envelope.

e The bitmap similarity coefficient judges the degree of signal overlap.
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Abstract

This paper presents an adaptive real-time spectrum data compression and recovery method for
radio monitoring, its purpose is to reduce the data storage space and the network bandwidth
occupied by transmission without affecting the subsequent analysis and application. Considering
the similarity between spectrum data, we use correlation coefficients and bitmap similarity to
measure them, and then replace all the original spectrum with a small amount of typical spectrum
to achieve the purpose of compressing the original spectrum for storage and compression. The
experimental conclusions show that the method can automatically adapt to various radio frequency
bands and achieve better compression effects.

Keywords: Spectrum data compression; Correlation coefficient; Real-time; Adaptive

1. Introduction

In the field of radio monitoring, spectrum data is the main research object and plays an
important role in radio spectrum management. A lot of meaningful spectrum information can be
obtained by analyzing scanning spectrum data [1-2], which has always been an important means
to effectively manage spectrum resources and improve radio spectrum utilization. In practical
applications, the acquisition of useful information in the radio spectrum is mainly through real-
time spectrum data analysis, or data mining of past spectrum data [3]. Therefore, we need to store
radio signal spectrum data for a long time, however, this leads to the need for a large amount of
storage media consumption.

To efficiently store the huge amount of spectrum data, many spectrum data compression
algorithms have been proposed, such as inspired by image compression methods, several improved
image compression algorithms have been used to compress spectrum data [4-6]. In [7-8], spectrum
data compression algorithms are based on energy detection, that is the algorithms realize the
compression and storage of spectrum data by separating signal and noise. Summary, existing
algorithms commonly possess the following characteristic: 1) they are relied on prior knowledge,
i.e., by analyzing the pre-stored spectrum data and extracting information from the pre-stored
spectrum data, these algorithms are utilized to compress and store spectrum data. 2) they have a
high time complexity and recovery distortion. 3) they are used to compress and store off-line
spectrum data, and there is no algorithm can be used to compress and store real-time or on-line
spectrum data.

In this paper, an adaptive real-time spectrum data compression and recovery method is
proposed, in which similarity among radio spectrum data is utilized. In applications, it is worth to
notice that based on different similarity measurements in different frequency bands, the new
spectrum data compression algorithm has low time complexity, the advantage can be used to avoid
affecting the collect of spectrum data in real-time compression [9]. In addition, according to
comparison experiments, the proposed spectrum data compression algorithm is more effective to
handle real-time network spectrum data transmission than existing algorithms.

The rest of the paper is structured as follows: In Section 1, the similarity between radio
spectrum data is introduced, including: spectrum data storage method and the process of spectrum
similarity measurement, minimum similarity coefficient, correlation coefficient and bitmap
similarity. In Section 2, an improved similarity measurement algorithm based on the normal
distribution of noise is proposed. In Section 3, the compressed and restored spectrum data is shown.
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In Section 4, the performance of the improved algorithm is verified through experiments. Section
5 concludes that the algorithm can perform real-time adaptive compression of spectrum data
without serious distortion.

2. Similarity among radio spectrum data

2.1. Similarity measurement process

To achieve spectrum data compression, first, obtain a frame of original spectrum data, use
the original spectrum to compare the similarity with all typical spectrums data in the typical
spectrum database one by one. If the original spectrum is similar to a typical spectrum in the
database, use the serial number of the typical spectrum in the database to replace the original
spectrum, otherwise, compare with the next typical spectrum. If all the typical spectrums are not
similar to the original spectrum, it is added to the typical spectrum database and assigned a number.

The basic idea is to judge the similarity of the signal envelope of the two frames spectrum,
then judge the overlap degree of the region in the envelope, and determine whether it is similar or
not according to the comprehensive results. Based on this, the judgment criteria for the similarity
between two frames of spectrum data is that the following two conditions are all satisfied in turn:
Rg > Rpin and Ry, > Ry, That is, if the similarity coefficient R; is greater than the minimum
similarity coefficient R,,;,,then the bitmap similarity R} is alsojudged, ifitis greater than R,,;,
too, the two frames of spectrum data are similar, otherwise it is not similar. As show in Fig.1.

The similarity coefficient R, is obtained by calculating Pearson similarity coefficient of
two frames of spectrum data, R;, is the bitmap similarity. And the minimum similarity coefficient
Rnin 1s obtained by empirical formula, which is obtained based on the characteristics of the
spectrum data, obviously, the similarity judgment process is adaptive.

Typical spectrum Original spectrum
| |

v

Acquire Ry, Ryinand R

v

false @

true
Acquire Ry,
false @ true
v v
Dissimilarity Similarity

Fig.1. Similarity measurement of process 1
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2.2. Correlation coefficient

Since spectrum data can be regarded as a vector, the similarity of spectrum can be measured
by those methods that measuring the similarity between two vectors. Existing vector distance
calculation methods, such as Euclidean distance, calculate the total difference between two vectors
[10], which cannot give expression to the shape similarity of data. In this paper, the Pearson
correlation coefficient is used, and it can represent whether the trend of change of two vectors is
the same [11]. Therefore, when applied to the spectrum data, we can judge whether two frames of
spectrum are linearly correlated, that is, whether their shapes are similar, and then make a further
judgment. The formula of Pearson correlation coefficient is as follows:

Pxy = ﬁ i=1 (Xi_X) (ﬂ) (1)

ox oy

Where pyy is the Pearson correlation coefficient value, X; and Y; arethe i — th of'the

two vectors, X and Y is the average value, oy and oy is the standard deviation of the two
vectors, respectively.

2.3. Minimum similarity coefficient

The minimum similarity coefficient is used to determine whether two frames of spectrum
are similar. In actual radio monitoring, the number of signals and noise parts in different frequency
bands are different. Even in the same frequency band, the frequency band occupancy of signals
and noise at different times are constantly changing.

In the process of radio monitoring, more attention is paid to the signal parts of spectrum
data. Therefore, during spectrum data compression, the information of the signal part should be
kept as much as possible. In other words, the similarity between spectrum mainly requires that the
signal parts must be similar to a great extent without paying too much attention to the noise part.
So, we propose an adaptive method to obtain R,,;,, 1.€., according to the data changes of different
frequency bands to achieve a better compression effect. That is, R,,;, is dynamically adjusted by
the proportion of noise in the whole given frequency band.

Empirically, the more the spectrum data obeys the normal distribution [12-13], the greater
the proportion of noise, on the contrary, the more the number of signals. So, the proportion of noise
can be judged according to the degree that it obeys the normal distribution. We translate this
question into: compare whether the histogram of the spectrum data is similar to the histogram from
the normal distribution [14]. If the similarity Rj;s; between the two histograms is larger, the
proportion of noise is larger, and the coefficient R,,;;, should be small relatively. On the contrary,

if Rp;s+ 1s smaller, then indicate the number of signals is more, here, in order to retain as much

signal information as possible in the compression process, the coefficient R,,;, is required to be
large relatively. Therefore, we use the following empirical formula to calculate R,,;,.

Rypin =1 — (0.3 + 0.7 X Rpisr) 2)

Rin and Ry;s; 1s negative correlation, 0.7 represents the weight in the negative
correlation, 0.3 for limiting the maximum range of R,,;, will not exceed 0.7.

Formally, for a frame of original spectrum data S; = {s;,S,,**,S;,***, S}, where s; isthe
level value of this frame spectrum. Firstly, divide the range [S;,in, Smax] Of level values into
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Smax—Smin

several subintervals G = , in which, S,., = max(S;), Spin = min(S;), g is the

number of intervals, which is taken as 11 in this paper.

Second, for every s; of one frame of spectrum, statistic the number of spectrum data
points placed in each subinterval H; = {Cy,C;, -, C;, -, C11} ,then get the histogram of H,, as
shown in Fig2(a). Meanwhile, calculate the median value of each subinterval M, =
{My, My, -+, M;, -++, My}, respectively. Thirdly, calculate the mean S,,,; = Avg(S;) and variance

o(S;) of S, and the normal distribution of the current spectrum is obtained according to the

—-A S,
Avg(S,) and o(S,): F(x) = %ﬁtgt)
real

400 w

22.21 24.83 27.45 30.06 32.68 35.30 37.92 40.54 43.15 45.77 48.39
level/dBpV

(a) Real histogram

normal distribution
2 5 O T T T

count

22.21 24.83 27.45 30.06 32.68 35.30 37.92 40.54 43.15 45.77 48.39
level/dBpV

(b) Normal distribution histogram

Fig.2. Real histogram and Normal distribution histogram of original spectrum data.

Let X = %P be the total number for M, in each subinterval of real histograms

=171
corresponding to the normal distribution histogram, where n is total number of S;, P; =
Mi—Avg(St)

a(t)
V ={V,V,, -, V;, -+, Vi1} is the amount of data of each subinterval. Calculate the Pearson
correlation coefficient between vector H; and vector V, when the correlation coefficient Rp;q >
0.8, it is determined that the frame spectrum obeys the normal distribution. Finally, according to
the correlation coefficient of histogram Rp;g:, the minimum similarity coefficient R,,;, can be
obtained.

, P is probability value of each subinterval, and then V; = P; X X, as shown in Fig2(b).
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2.4. Bitmap similarity

Pearson correlation coefficient can be used to preliminary judge whether the waveforms of
the spectrum are similar, but even if the waveforms are similar, there may be a large gap between
the corresponding level values of the two frames of spectrum data, so it is impossible to directly
assert whether the two frames of spectrum are similar.

To solve this problem, after using the Pearson correlation coefficient R; of the two frames
of spectrum data to judge that they are similar, we convert the spectrum to a binary bitmap, and
continue to perform a further comparison method to determine whether the two frames of spectrum
are similar. That is, by comparing Pearson correlation coefficient of two binary bitmaps.

The essence of converting spectrum data into binary bitmap is to convert 1-dimensional
data S; into 2-dimensional binary matrix B[row][col]. The construction process of 2-dimensional
matrix B is: assign values to each element in the matrix and compare them with the spectrum data
one by one. If it is greater than the corresponding level value, it will be set to 0, otherwise it will
be set to 1. Through this operation, the area above the spectrum envelope will be filled with white
and the area below will be filled with black, the build process as show in Algorithm 1. Where

row = W, let step = 0.5, S, and S, 1s the upper limit and lower limit of the level

value of a given frequency band, which obtained from multi frame spectrum data through
monitoring for a period of time. And col is the number of points of S;.

A spectrum bitmap of the broadcast frequency band is shown in Fig3, in which the values
of the black area be 1 and the values of the white area be 0.

Fig.3. Spectrum bitmap in broadcast band.

Algorithm 1: Spectrum data convert to binary bitmap

Input: spectrum data array S,

Output: 2d array of binary bitmaps B

1 for var=S,,;, and i=0 ; var<S,,,, ; vart+=step and i++ do
2 for j=0; j<col; j++ do

3 if var > S[j] then
4 B[i][j]=0

5 else

6 Blillj] =1
7 end if

8  end for

9 end for
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The similarity of binary bitmaps is the quotient of their intersection divide by union [15].
The formula is as follows:

Borig N Beypi
Rb — Zorig ypi (3)
BorigUBtypi

Where Ry, is bitmap similarity, B,y and Byyp; is the filled area with black in the
original spectrum bitmap and the typical spectrum bitmap respectively. Then, U = B,yig U Bypi,
is the number of elements of the union set that value be 1 in both two bitmaps, A = Byyig N Biypi,

is the number of elements of the intersection set that value be 1 in two bitmaps. The calculation
process is shown in Algorithm 2.

Algorithm 2: Bitmap similarity

Input: bitmap B,y and Byyp;
Output: bitmap similarity Ry,
1 for i=0; i<row; i++ do

2 for j=0; j <col; j++ do

3 if Boriglillj1==1and Byyp;[i][/] == 1 then
4 A++, U++

5 else if Boyig[ill/1 # Beypilill/]

6 Ut+

7 end if

8 end for

9 end for

10 Ry=A4/U

3. Optimization of Similarity Measure

Experiments show that when most of the spectrum data are noise and only a few small
signals, as shown in Fig4, the compressed spectrum often has distortion, especially in these signal
areas. Here, we improve the algorithm.

10
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Fig.4. Spectrum of a small number of signals
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Firstly, judge whether the original spectrum data obey the normal distribution, that is, judge
whether Ry;s; is greater than the given threshold P = 0.8. If true, it indicates that the noise
occupies the majority in this frame of spectrum. Then, judge whether there are signals in the frame
spectrum. If the maximum level value S,,,, of the frame 5 greater than the average value, that is
Smax — Savg > 5, it is determined that there are some signals [16]. Thirdly, Judge whether the
bitmap similarity R}, is greater than the given threshold R,,;;, = 0.4. If it is true, it is asserted that
they are similar. It is worth noting that, here we use a skill on obtaining bitmap similarity, that is,
let Spin = Sayg during bitmap transformation, so that these signals in the bitmap occupies the
main part, which reduces the impact of noise on bitmap similarity.

When it does not obey the normal distribution, that is, Rp;s; < P, it indicates that the
signals in the spectrum occupy the majority, and the spectrum is compressed according to the
previous judgment process of similarity. The similarity measurement process described in Fig5.

Due to the redundancy of spectrum data, a limited number of typical spectrums always can
be found to represent all original spectrum. After similarity judgment, if the original spectrum is
similar to the typical spectrum, the serial number of the typical spectrum can be used to replace
the original spectrum. If all the typical spectra are not similar to the original spectrum, the original
spectrum can be used as a new typical spectrum. The result of similarity judgment is: either the
serial number of the typical spectrum is obtained, or the new typical spectrum and its serial number
are obtained. Then, the content of the stored files is the typical spectrum stored by serial and the
serial list corresponding to the original spectrum.

Typical spectrum Original spectrum

v

Acquire Ry;q

Acquire S and S
false @ true
\ 4 v
Similarity measurement process 1 Acquire R,

Dissimilarity Similarity

Fig.5. Similarity measurement of process 2.

4. Compression and recovery

When recovering the spectrum data, the serial number list is read from the file, and the
typical spectrum data is found by the serial number and replaced in turn. Of course, this algorithm
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is a lossy compression, but from the perspective of radio monitoring, almost all the useful
information used for frequency band occupancy, time occupancy analysis and electromagnetic
environment evaluation are retained, as show in Fig6, so we can tolerate it.

801 ' ' ' ' i
— original
?1 — typical
m 60} .
2
[
>
O ]
B 40 ',‘ ‘ [ Al‘ || f\'l )\‘x“f"“ “W‘ ) | i
»/ ' ‘* )vwlw,‘ '."'\ v ' WD l~. \}‘.' .\/ g \v/\
90 92 94 96 98 100

frequency/MHz

Fig. 6. The comparison of original spectrum and typical spectrum.

5. Experiment

The hardware platform of this experiment is composed of EM 100 receiver, HE600 antenna,
and PC. After receiving the wireless spectrum data packet, EM 100 receiver sends it to PC through
LAN. Then, the program on PC communicates with EM100 based on SCPI protocol. After
receiving the data packet, the frequency, level values and other relevant information can be
obtained by parsing according to the protocol. While receiving spectrum data, each received frame
spectrum can be compressed according to the algorithm.

TABLE 1
COMPRESSION RATIO AND ERROR IN DIFFERENT BANDS.

Band/MHz CR PRD SRD
87-108 0.17 8.58 62.14
108-137 0.24 8.67 63.68
825-840 4.93 112.38 121.65
870-885 0.89 6.97 18.18
890-909 5.67 78.50 88.68
935-954 1.23 19.74 48.68
1710-1755 55.49 37.64 52.67
1900-1920 5.28 13.84 25.95
2635-2655 35.48 75.00 79.83

After experiments on different frequency bands, the original spectrum files and compressed

files are obtained respectively. And the original spectrum and typical spectrum in each band are
shown in Fig7.
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According to these two types of files, we can evaluate the compression effect through three
parameters: Compression ratio CR, Percent Root means square Difference PRD and standard
Percent Root mean square Difference SRD, as shown in Table 1.

The formula of compression ratio (CR) is:
CR = 2™ % 100% (4)
orig

Where CR is compression ratio, Doy, 18 the size of compressed spectrum data, Dy, 18
the size of original spectrum data.

The formula of the Percent Root means square Difference (PRD) is:
i, (Yi—Xi)?

b X 100% (5)

i=11i

PDR =

The formula of the standard Percent Root means square Difference (SRD) is:

T (Yi—X;)?
?zl(yi_y)z

SRD = X 100% (6)
Where Y; and X; is the i-th value corresponding to the original spectrum data and the
compressed spectrum data, Y is the average of the level of the original spectrum.

It can be seen from table 1 and Fig7 that the overall compression efficiency of the algorithm
is high, the CR of some frequency bands is close to 2%, and the PRD is close to 9%, especially in
these frequency bands with less noise. At the same time, we also find that when the noise is

dominant, R,,;, is generally small, and there are too many typical spectra that meet the conditions,
So the error is relatively large.

In fact, in the similarity judgment stage, the most similar typical spectrum should be used
to represent the original spectrum. Due to the limitation of computing resources, we only use serial
number of the first qualified typical spectrum to replace the original spectrum in the sequential
calculation. In this way, it may appear that the typical spectrum used to represent the original
spectrum is not the best one.

6. Conclusion

The algorithm proposed in this paper can adaptively compress real-time spectrum data
without serious distortion. It can be widely used in on-line and off-line compression of swept
spectrum data in radio monitoring process, and does not need a priori knowledge. The algorithm
replaces the spectrum with the serial number, so that the serial number can be transmitted in real

time through the network while compressing, which greatly reduces the consumption of network
bandwidth.

In future, we will further optimize the similarity calculation process to quickly match the
best typical spectrum and reduce the compression error of the original spectrum. In addition, on
this basis, we can further study the compression for storage and transmission based on coding to
further improve the compression efficiency.
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