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Wind Turbine Clutter Mitigation for Weather Radar by an Improved
Low-Rank Matrix Recovery Method
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Abstract—Matrix completion (MC) theory has attracted much attention for its capability of recovering
a low-rank matrix through its partial entries. In this paper, we investigate the novel suppression methods
of wind turbine clutter (WTC) and introduce the application of MC in WTC suppression for weather
radar. First, the vectors of weather signals contaminated by WTC are sequentially constructed into
a low-rank snapshot matrix satisfying random under sampling, and then, the weather data can be
accurately recovered by minimizing the nuclear norm in the inexact augmented Lagrangian multiplier
(IALM) method. The proposed algorithm can effectively suppress not only the wind turbine clutter but
also the noise, greatly improving the signal-to-noise ratio of the echo. An experimental test validates
the effectiveness of the proposed MC algorithm, and its performance is superior to the widely-used
multiquadric interpolation algorithm with potential engineering applications.

1. INTRODUCTION

The use of wind farms to produce electricity has increased astonishingly in recent years due to the
importance of renewable energy sources. However, a typical wind farm has up to several hundred wind
turbines with rotating blades reaching heights of up to a hundred feet. The dynamic clutter caused by
the rotating blades of the wind turbine has become a main factor that limits the detection performance
of weather radar systems [1-3]. Many scholars have delved into the WTC of Doppler characteristics
in scanning and spotlight, which can be classified under two different working modes [4, 5], and several
mitigation techniques have been developed to help reduce the effect of WTC on weather radars, such
as those based on spatial interpolation, including multiquadric interpolation, Lagrange interpolation,
and spline interpolation. These methods regard weather data as spatial data and only make use of the
spatial continuity of weather data.

However, weather data are typical spatial-temporal data. The direct application of the interpolation
algorithm may lead to the loss of valuable information in time dimension and affect the interpolation
accuracy, and the interpolation algorithm usually selects the interpolation model and order according
to experience. Therefore, its performance will be reduced when the model and order are not selected
correctly. However, MC algorithm can avoid this defect. Moreover, due to the limitations of wind farm
scale, fan speed, weather radar operating mode, and other practical conditions, none of the conventional
clutter mitigation techniques [6-8] can simultaneously suppress WTC and recover weather information
without damage. Therefore, considering the influence of radar parameters and other practical conditions,
several accurate WTC mitigation schemes have been proposed. Omne such proposition is to use
morphological component analyses (MCA) for signal separation [9], and it is a multi-source blind
separation method based on sparse representation and morphological difference of signals. However,
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the corresponding computation amount and complexity are also increasing. In addition, compared with
MC, MCA is more complex to construct sparse dictionary matrix.

In general, we aim to incorporate the matrix completion theory [10] into WTC suppression.
Therefore, this paper studies a new signal processing method of wind turbine clutter adaptive
suppression. In recent years, with the deepening of research on compressed sensing theory, matrix
completion has been widely used in many scientific and engineering fields, including computer vision,
machine learning, radar signal processing, etc. Matrix completion is a procedure for reconstructing an
unknown matrix with low-rank or approximately low-rank constraints from a sampling of its entries.
According to the matrix completion technology, in our problem, if we can excise all samples contaminated
by interferences and only keep the remaining data, then the WTC suppression can be cast into a matrix
completion problem: Reconstruct the low-rank matrix from the sampled echo. The advantages of the
new sparse recovery scheme are twofold: First, accurate recovery can be achieved with a relatively small
error. Second, benefiting from noise suppression, the signal-to-noise ratio is improved. To verify the
validity of the proposed approach, an IALM method for recovery of weather signals is obtained and
emulated.

In this paper, the sparse optimization theory is first introduced into WTC suppression of a weather
radar. According to the size of wind farm, different sparse optimization models are constructed, and
a new signal processing method of adaptive wind turbine clutter suppression is studied. The above
research content not only is a new engineering application of the compressed sensing sparse recovery
theory in the field of weather radar WTC suppression, which solves the shortcomings of existing
algorithms in wind turbine clutter suppression, but also improves and optimizes the sparse recovery
mathematical model and fast iterative solution. The algorithm is the development and improvement of
the compressed sensing sparse recovery theory, which can be popularized in the fields of speech, image,
video, and array signal processing.

A description of the weather radar model is given in Section 2. The proposed algorithm is presented
in Section 3 and Section 4. Simulation results and performance analyses are discussed in Section 5.
Finally, conclusions and future work are given in Section 6.

2. WEATHER RADAR SIGNAL MODEL

In radar systems, suppose that the [th range bin contains both WTC and weather signals. The received
signals in a given azimuth-range cell within the coherent integration time (CIT) can be expressed as

zi(m) = si(m) + q(m) + wy(m) + y(m), m=1,...,. M (1)

where m denotes the slow time index, M the number of pulses in CIT, and s;(m) the weather signal.
The side lobe or even the main lobe of the radar beam will touch the ground and be blocked by hills and
buildings, so the radar will receive reflection signals from these ground objects forming ground clutter
ci(m). wi(m) is the WTC, and n;(m) denotes the noise.

The weather signal is formed by the coherent superposition of all the scattering echoes in the lth
range bin, assuming that the target is moving with a constant radial speed [11], and the weather signal
can be modeled by

U
sim) = Ay mV =12 L, m=12,...M (2)
u=1

where U denotes the number of all scattering particles, A, the complex amplitude of each scattering
particle, w; = 27 fy/f, the time domain angular frequency, f, the pulse repetition frequency, fy the
Doppler frequency, and L the total number of range bins.

3. CONSTRUCT A LOW-RANK MATRIX OF RANDOM SAMPLING

Matrix completion requires that the recovered matrix satisfies the strong incoherence property [12].
For any sampled data, when some array elements are unsampled or broken in the whole observing
time, it means that there is no available information in the missing data, and the recovered matrix
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cannot be effectively complemented. Therefore, the sampling points of array signals should be randomly
distributed in the entire echo data during the sampling process.

1 al . e a(m_l)l
al al+1 a((m=1)+1)l
al—1 2-1 aM-1

In order to solve this problem, this paper proposes a new data recovery method, and we
carries out matrixing process for vector using a snapshot matrix. For an geometric guide vector
[a®,al, ... cab,atl oM ~1], we construct it as a snapshot matrix as shown above. The guiding vector
of the array element is originally an M x 1 dimensional vector. Then, it is rewritten as an equivalent
[ x m dimensional matrix and satisfies the requirement that M =1 x m.

Similarly, we can use the snapshot matrix to construct the echo signal. Firstly, for echo signal
xy(m), m=1,..., M, according to the micro-Doppler characteristics of radar echoes, we can effectively
detect the range bin where WTC is located. The method realizes wind turbine clutter detection by
using micro-Doppler characteristics of wind turbine clutter under the condition that wind turbine and
radar beams are at different positions, and it matches the estimated value of tip doppler frequency with
the theoretical value of tip Doppler frequency and detects the radar clutter of wind turbine through the
matching results of the two [13]. Then, we zero the array elements containing the WTC and construct
the signals under each pulse as a m1 X mo dimensional snapshot matrix X in turn. In the new matrix,
the high-precision completion is realized by the sparseness and strong incoherence property of snapshot
matrix [14], where my x mg = L. On the premise of known radial velocity, according to the form of the

B 2@ x@ o xn] [RO Ha® e xS D)
xz(l): 52 xB) .. x,(M) A0 X, o0 0 X, D X D)
X (D X (2) X 3 .. X (M) => o T e X1 (1)

0: 0 0 .. 0 0

M 62 x03 .. x (M) X, M) X O o Xy D x, (D)

snapshot matrix above, extract a column of the weather signal matrix, and construct it as the snapshot
matrix S € R"™*™2_ Then in order to prove the low rank of the constructed matrix, we build a square
matrix B = S x S and the eigendecomposition of matrix B can be written as

B—VZVT—V<%T 8)VT (3)

where V' is the eigenvectors arranged in columns, and ), = diag(o1,02,03...,0,) € R"™™ resulting
in
oL>09>...20,>0 (4)
According to the eigendecomposition theory [15], the rank of matrix B is equal to the number of
eigenvalues, i.e., rank(B) = r. Moreover, due to r(SS™) = r(S), if we suppose that m; = my = 10,
from Fig. 1, it can be concluded that the rank of S is 1. Generally, the number of pulses M in CIT
is far greater than r; thus, we can always construct an approximate low-rank snapshot matrix .S using
si(m) in Equation (2), i.e., rank(S) < min(my, ms).

4. WEATHER SIGNALS RECOVERY USING MATRIX COMPLETION

In this section, we first define X, S, C, W, and N as the snapshot matrices with respect to the column
vectors at the mth pulse of x;(m), s;(m), ¢;(m), w;(m), and ny(m). In addition, we suppress the
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Figure 1. The eigenvalue distribution of snapshot matrix.

detected ground clutter signal [16] before using MC to recover the weather signal [17]. It is known that
the snapshot matrix S to be recovered is of low rank r, and it has been proven that most matrices of
rank 7 can be reconstructed by solving the convex program.

min [15]].
s o (5)
s.t. Xz'j = SZ']', (Z,j) €N

This paper presupposes an input signal as an X matrix and a low-rank matrix as S. Then, the
error matrix as W is assumed from the discrepancy of X and S. We can in fact recover S by solving
the following constrained optimization equation [18]

min [15]].
S (6)
s.t. Po(X) = Po(S + N)
where € is the space of observations; || - ||« denotes the nuclear norm of a matrix (the sum of its singular

values); Po : R™" — R™*™ is a linear operator that keeps the entries in € unchanged and sets those
outside  (i.e., in Q) to be zeros, and it can be expressed as
_ ) Xy, if(ij) € Q
Pa(X) = { 0, otherwise (7)
As N will compensate the unknown entries of X, the unknown entries of X are simply set as zeros.
Next, we zero the WTC elements to be suppressed in matrix X. In order to solve the MC problem in

Equation (7), we may apply the inexact augmented Lagrange multiplier method (IALM) [18,19], and
the corresponding Lagrange function can be expressed as

L(S,W,N,Y, 1) = [[S]l- + R, X =S =N = W)+ Z|IX =S =N - W]}}. (8)

in which R(-) denotes the real part operator, (X,Y) = tr(X”Y) the matrix inner product, tr(-) the
trace of the matrix, p a penalty factor, and Y the Lagrange multiplier matrix.

Then we can use IALM approaches for the MC problem, where for updating W the constraint
Pqo(W) = 0 should be enforced when minimizing L(S, W, N,Y, 1), and the basic IALM iteration steps
are given in Table 1.

Then, the weather matrix S'm, m =1,..., M recovered successively under all pulses, is reconstructed
into the corresponding original L x 1 dimensional vectors. After arranging them, we can obtain an M x L
dimensional recovery matrix Sys«r. Extract the Ith row of the matrix, and the recovered weather signal
is obtained: §;(m) = [§;(1), 8;(2),...5(M)].
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Table 1. Matrix completion via the inexact ALM method.

Input: Sampled matrix X, sampled set €2, penalty factor pg

1: Initialization: puo >0, p>1,7=10"3,Yy =0, Wy =0, N = 0;
2: while ||Sk — Sk—1]||lr/||SkllF <7

3: // Lines 4-5 solve Si11 = argmgn L(Sk, Wk, N, Yk, ti);

4

D (U,S, V) = svd(X — Ny, — Wy + ' Ye);

o

U= AZITHEWVT, i 2] > o

S=UT(, 1 [Z]VI =
(h) {2 { 0, otherwise

Update Wy: Wiyt = Po(X — Sp1 — N + ;' Vi)
Update Ny: Nip1 = Po(X — Spy1 — Wit + g Ya);
Update Yy: Yiq1 = Yi + (X — Sky1 — Nggpr — Wig);
Update pg: pgq1 = ppg, k< k +1;

10: otherwise, stop;
Output: S.

5. SIMULATION RESULTS AND PERFORMANCE ANALYSES

A computer simulation of the weather signal recovery is built and tested for the performance of the
proposed algorithm. Simulation is performed for 64 pulses, assuming the existence of WT'C in the 30th
range bin; set it to zero and construct it as a snapshot matrix. Given the radar operating frequency f,.
of 5.5 GHz and a moderate modulation bandwidth of 6 MHz [20], the pulse repetition frequency PRF
is set to 1000 Hz, while the range bin varies from 1 to 100. Firstly, the signal noise ratio (SNR) is set
to 30dB to analyze the time-domain and frequency-domain waveforms of the weather signal under the
constant SNR. Then, in order to analyze the signal recovery capability under different SNRs, the SNR
is set to 0 to 30dB. Taking into account the accuracy of the test, the results below are the average of
100 independent Monte Carlo experiments.

The amplitude shown in Fig. 2 is plotted for different circumstances: the weather signal, weather
signal plus noise, and weather signal recovered by MC under noise and WTC interference. When
modeling the weather signal, it is simplified and assumed that its average radial velocity under each
pulse is a fixed value, so the amplitude of weather signal is a constant. From Fig. 2, we can see the
fluctuation of the amplitude in different situations; in order to describe this aspect quantitatively, the
variance defining the dispersion degree of the signal amplitude is given by

M
1 v \2
Var = — ; (X; — X;) (9)

The variance of the weather signal amplitude under noise interference can be calculated as Varl =
6.23e — 004, while the variance of the weather signal amplitude recovered by MC is Var2 = 1.86e — 004.
It is obvious that the amplitude of weather signals not contaminated by WTC fluctuates markedly under
the noise disturbance, and we can see that MC greatly reduces the deviation degree of the amplitude
in the presence of noise and WTC from the real value.

Figure 3 shows the Doppler spectrum of the weather signal with or without noise. In addition,
we can see the Doppler spectrum of the weather signal recovered by MC, which is distributed within a
certain spectrum range. When the Doppler frequency is between 300 and 400 Hz, the noise interference
is not obvious, while in the sidelobe region, the amplitude of the weather signals is much higher than the
truth value due to noise interference. However, after matrix completion, the peak sidelobe is reduced.
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Figure 2. The amplitude of the weather signal recovered by MC.

60 T T T T T T T T T 12
i i Truth value . . —4— The radial velocity estimation
— The Doppler spectrum under noise disturbance —* Truth value
401 S +--{ = The Doppler spectrum recovered by MC IR SEEEEEEEEE . e P

The weather signal amplitude/dB
speed estimation/(m/s)

60 | | | | | | | ‘\“1 [ 6 | | | i i
-500 -400 -300 -200 -100 0 100 200 300 400 500 0 5 10 15 20 25 30
Doppler frequency /Hz Input SNR/dB

Figure 3. The Doppler spectrum of the weather = Figure 4. The radial velocity estimation of
signal. weather signals recovered by MC.

Therefore, the proposed MC algorithm can effectively suppress not only the WTC but also the noise.

Figure 4 shows the mean value of the radial velocity estimation of weather signals recovered by the
MC algorithm. In the iterative process of matrix completion, the matrix to be completed only contains
weather signals and part of the noise signals, and the influence of noise on the estimation accuracy of
weather signals speed depends on the intensity of noise signal. When the SNR is low, the noise intensity
is high, and the radial velocity estimation fluctuates greatly at low SNR and has a large deviation from
the truth value. However, with the increase of SNR, the error of radial velocity estimation decreases
gradually and finally converges to the truth value.

To quantitatively examine the performance of the matrix completion based on the IALM algorithm,
the following root mean square error (RMSE) is defined as the performance index:

M
RMSE = (Z (S; — E)?) M (10)

i=1

Figure 5 shows the curve of signal recovery error under different SNRs using the same mitigation
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algorithm and analyzes the influence of the SNR of input signals on the performance of the algorithm,
in which the SNR varies from 0dB to 30dB. It can be seen from the figure that the RMSE of matrix
completion for missing data decreases with increasing SNR. Since this algorithm needs to carry out
singular value decomposition for the correlation matrix, different noise factors affect the results of
singular value decomposition. Therefore, as the SNR of the input signals increases, the influence of
singular value decomposition and the error of matrix completion are both reduced.

Figure 6 analyzes the recovery performance of the proposed algorithm and the multi-quadratic
interpolation [21] for weather signals. In order to compare the results under the same conditions, the
same noise interference with SNR = 30 is adopted in this experiment. As shown in Fig. 6, the above
two methods can effectively recover data. However, according to the further analysis of the denoising
results in Fig. 6, it can be seen that the matrix completion has a higher output signal-to-noise ratio, and
the matrix completion can effectively suppress the noise while restoring the weather signal and improve
the recovery accuracy.

the curve of signal recovery error under different SNR
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Figure 7 shows the curve of signal recovery error under different SNRs using two different mitigation
algorithms. It is obvious that the RMSE of the multi-quadratic interpolation also decreases with
increasing SNR. However, SNR, of weather signals recovered by the algorithm in this paper is smaller,
and the recovery accuracy is higher, so the algorithm in this paper has a higher precision than the
multiquadric interpolation.

In general, compared with the matrix completion, the multi-quadratic interpolation is more difficult
to select models, and resolution loss inevitably exists in the weather echo recovered by this algorithm.
In addition, the matrix completion restores the weather signal by using the space-time information [22],
while the multiquadratic interpolation just makes use of the time domain information, which causes the
waste of prior knowledge and reduces the recovery ability.

6. CONCLUSIONS AND FUTURE WORK

In this paper, a WTC mitigation method for weather radars is presented using the improved MC recovery
method. In the case of low rank, the MC algorithm reshapes the vector in a single snapshot into an
equivalent low-rank matrix and effectively recovers the missing data by minimizing the nuclear norm.
The proposed design approach is verified well by the simulation data, and its estimation performance is
superior to the widely-used multiquadric interpolation algorithm with potential engineering applications.
Increasing the efficiency and precision of MC will be further explored in future works by improving the
optimization algorithm.

ACKNOWLEDGMENT

This research was supported in part by the National Natural Science Foundation of China (No. 41830110,
No. 61771182).

REFERENCES

1. Uysal, F.; I. Selesnick, and B. M. Isom, “Mitigation of wind turbine clutter for weather radar by
signal separation,” IEEE Transactions on Geoscience and Remote Sensing, Vol. 54, No. 5, 1-10,
2016.

2. He, W., X. Wang, and Y. Shi, “Wind turbine clutter mitigation based on matching pursuits,” IET
International Radar Conference 2015, 1-6, Hangzhou, China, Oct. 2015.

3. Pakrooh, P., A. Homan, and L. L. Scharf, “Multipulse adaptive coherence for detection in wind
turbine clutter,” IEEE Transactions on Aerospace and Electronic Systems, Vol. 53, No. 6, 3091—
3103, 2017.

4. Lok, Y. F., A. Palevsky, and J. Wang, “Simulation of radar signal on wind turbine,” IEEE National
Radar Conference, 538543, Arlington, USA, Jun. 2010.

5. Danoon, L. R. and A. K. Brown, “Modeling methodology for computing the radar cross section
and doppler signature of wind farms,” IEEFE Transactions on Antennas & Propagation, Vol. 61,
No. 10, 5166-5174, 2013.

6. Evans, J. E., “Ground clutter cancellation for the NEXRAD system,” Lincoln Laboratory: Project
Report ATC-122, Oct. 1983.

7. Hubbert, J. C., M. Dixon, and S. M. Ellis, “Weather radar ground clutter. Part I: Identification,
modeling, and simulation,” Journal of Atmospheric & Oceanic Technology, Vol. 26, No. 7, 1165—
1180, 2009.

8. Hubbert, J. C., M. Dixon, and S. M. Ellis, “Weather radar ground clutter. Part II: Real-time
identification and filtering,” Journal of Atmospheric & Oceanic Technology, Vol. 26, No. 7, 1181—
1197, 2009.

9. Uysal, F., “Signal processing techniques forwind turbine clutter mitigation,” New York University,
New York, 2016.



Progress In Electromagnetics Research M, Vol. 88, 2020 199

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

Candes, E. J. and T. Tao, “The power of convex relaxation: Near-optimal matrix completion,”
IEEE Transactions on Information Theory, Vol. 56, No. 5, 2053-2080, 2010.

Deng, B., R. Tao, and D. F. Ping, “Moving-target-detection algorithm with compensation for
Doppler migration based on FRFT,” Binggong Xuebao/Acta Armamentarii, Vol. 20, No. 10, 1303~
1309, 2011.

Candes, E. J. and Y. Plan, “Matrix completion with noise,” Proceedings of the IEEFE, Vol. 98,
No. 6, 925-936, 2010.

He, W. K. and Q. P. Zai, “Wind turbine radar clutter detection method based on Micro-Doppler
characteristics of wind turbine,” Journal of Signal Processing, Vol. 33, No. 4, 1-9, 2017.

Yang, D., G. S. Liao, and S. Q. Zhu, “Improved low-rank recovery method for sparsely sampling
data in array signal processing,” Journal of Xidian University, Vol. 41, No. 5, 30-35, 2014.

Suleiman, W. and M. Pesavento, “Performance analysis of the decentralized eigendecomposition
and ESPRIT algorithm,” IEEE Transactions on Signal Processing, Vol. 64, No. 9, 2375-2386, 2015.

Mohammad-Hossein, G. H., G. Zhang, and Y. Li, “Detection of ground clutter from weather radar
using a dual-polarization and dual-scan method,” Atmosphere, Vol. 7, No. 6, 83-93, 2016.

Ai;, W., etal.,, “Ground clutter removing for wind profiler radar signal using adaptive wavelet
threshold,” International Conference on Measuring Technology & Mechatronics Automation IEEE
Computer Society, 370-373, Washington, USA, Mar. 2010.

Yang, J. F. and X. M. Yuan, “Linearized augmented Lagrangian and alternating direction methods
for nuclear norm minimization,” Mathematics of Computation, Vol. 82, No. 281, 301-329, 2011.

Li, M., Z. He, and W. Li, “Transient interference mitigation via supervised matrix completion,”
IEEE Geoscience & Remote Sensing Papers, Vol. 13, No. 7, 907-911, 2016.

Turso, S. and T. Bertuch, “Electronically steered cognitive weather radar — A technology
perspective,” The 2017 IEEE Radar Conference, Seattle, Washington, USA, May 2017, DOI:
10.1109/RADAR.2017.7944266.

Koredianto, U. and R. Mohammad, “Comparison of classical interpolation methods and
compressive sensing for missing data reconstruction,” 2019 IEEE International Conference on
Signals and Systems (ICSigSys), Bandung, Indonesia, Jul. 2019.

Li, B. and A. P. Petropulu, “Optimum co-design for spectrum sharing between matrix completion

based MIMO radars and a MIMO communication system,” IEEE Transactions on Signal
Processing, Vol. 64, No. 17, 4562-4575, 2016.



