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Abstract. In Mars exploration the effective time of communication between orbiters is short, 
and the relative distance and gesture between them change fast. The signal to noise ratio (SNR) 
estimation is required in receiver to change adaptively the data rate in the communication 
system. Therefore, SNR estimation is a key technique in adaptive data transmission. We 
propose a blind SNR estimation for communication between orbiters in Mars exploration via 
subspace method. The subspace method has better SNR estimation than some conventional 
SNR estimation algorithms. Numerical simulations demonstrate the effectiveness and 
improvement of the proposed algorithm. 

1 Introduction 
The long distance between Mars and Earth causes long transmission time delay and signal attenuation. 
In Mars exploration the effective time of communication between orbiters is short, and the relative 
distance and gesture between them change fast [1, 2, 3]. The signal to noise ratio (SNR) estimation is 
required in receiver to change adaptively the data rate of the communication system. SNR estimation 
approach contains frequency domain method and time domain method. Time domain method contains 
data aided (DA) method and non-data aided (NDA) method [4]. DA method has higher estimation 
accuracy than NDA method, but it needs the insertion of the training sequence, which lowers the 
transmission efficiency. In time domain method, SNR estimation algorithms based on DA contain 
maximum likelihood (ML), minimum mean square error (MMSE) [5, 6], split symbol moments 
estimator (SSME) [7, 8], and the separation of signal and noise using higher-order cumulants [9]. SNR 
estimation algorithms based on NDA are second- and fourth-order moments (M2M4) [10, 11], 
signal-to-variation ratio (SVR) [12], squared signal-to-noise variance (SNV) [13], and data fitting (DF) 
[14]. Classic frequency domain method is based on the flat character of power spectrum of white 
noise, which is suitable for SNR estimation of AWGN channel, but not for colored-noise 
environment.  

This paper intends to develop a blind SNR estimation for communication between orbiters in Mars 
exploration via subspace method, which not only achieves accurate estimate result. The subspace 
method has better SNR estimation than some conventional SNR estimation algorithms including DF, 
SVR, SNV and M2M4. 
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The reminder of this paper is structured as follows. The data model is given in Section 2. Section 3 
introduces the blind SNR estimation algorithm via subspace method. Section 4 presents the simulation 
results, and the conclusions are drawn in Section 5. 

2 Data model 
In complex additive white Gaussian noise (AWGN) channel, the received signals can be represented 
as follows: 

� � �� � �= +  (1) 

where ��  is a zero-mean complex AWGN sample with a variance of �

�σ . When the sampling time 

is � , the noise column vector consisting of �  samples is n(t) = [nt,nt−1,�,nt−L+1]
T , where 

•� ��  denotes the transpose. The second-order moment of the noise vector can be written as 

σ δ=� �� � � � �� � ��� � � �� �  (2) 

where •� ��  denotes the mathematical expectation, the upper-case symbol �  is the Hermitian 

transpose, and �  is the � �×  identity matrix. Function ��δ  has the value of 1 only when � �= , 

while under other circumstances it has the value of 0. ��  is the bandpass signal at the carrier 

frequency �� , i.e., 

xk = �xe
− j (2π fck/ fs+θ )  (3) 

�xk  is the complex equivalent baseband signal. In terms of MPSK signal. In terms of MQAM signal, 

�xk = Ale
j2πl/M ( l = 0,…,M −1 ), 

�� �∈  represents the corresponding amplitude. θ  is the 

initial phase of the carrier, and ��  is the sampling rate. Let the signal power and the noise power be 

��  and 
�� , respectively, so the SNR can be written as [14] 

����� � �� �� �ρ =  (4) 

3 Blind SNR estimation algorithm via subspace method 

Assume that the receiving signal has �  numbers of symbols. We sample �  times for each symbol, 
then the nth symbol after sampling can be expressed as rn (t) = [rn (t), rn (t −1),�, rn (t − L +1)]

T . 

The receiving signal is a � �×  matrix  
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The covariance matrix of it is = � � � � ���
�� � �� � �� � � . Assume the signal and the noise are 

uncorrelated. 
��� can be expressed as  

= +�� �� ��� � �  (5) 

According to the eigenvalue decomposition theorem, 
���  can be denoted by[15] 

= Σ �
��� � �  (6) 

where �  consists of the eigenvectors. The diagonal matrix Σ = diag(b1,b2,�,bL )  
represents the eigenvalues of Rrr , where b1 ≥ b2 ≥�bL . From Eq. 2 we know that the 

autocorrelation matrix of white noise 
���  satisfies 

σ= �

�� �� �  (7) 

Then the eigenvalues of 
���  is in the form of  

� �

�

� �

� �
�� �

�
�

� �
�

� � �
σ σ

σ

⎧ + ≤ ≤⎪
= ⎨

+ ≤ ≤⎪⎩
 (8) 

where �

��
σ  denotes the signal power of the � th eigenvector. The signal subspace is the subspace 

spanned by the first �  eigenvectors, while the noise subspace is the subspace spanned by the last 

� �−  eigenvectors. And the noise power 
��  is �  times of �

�σ . When the signal subspace 

dimension �  is fixed, the SNR estimates could be obtained via calculation of �

�σ  and 
�� .  

The noise power can be obtained by 

P̂n = bi
i=p+1

L

∑ (L − p)  (9) 

Then, the source signal power is 

P̂s = (bi
i=1

p

∑ −Pn )  (10) 

We can adopt the Minimum Description Length (MDL) criterion [16] to estimate the signal 
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subspace dimension � , while �  is known as the number of source signal in this paper. Actually it is 

hard to get the perfect value of correlated matrix
��� , since we can only estimate it via the 

limited-length received signals. Assume there are N observation vectors, and the sampled covariance 
matrix is 

R̂rr =
1

N
rn (t)rn

H (t)
n=1

N

∑  (11) 

It is proven that the eigenvalues of R̂rr  defined by Eq. 11 are the maximum likelihood of 

eigenvalues ofRrr . 
The steps of blind SNR estimation algorithm via subspace method are as follows: 

Step1: Obtain the covariance matrix estimate R̂rr  from the received signal. 

Step2: Compute the ED of R̂rr  according to Eq. 6. 

Step3: Sort the eigenvalues ��  in descending orders. 

Step4: Estimate the noise power and the signal power according to Eq. 9 and Eq. 10, respectively;  
Step5: Obtain the SNR estimate according to Eq. 4. 

4 Simulation results 
We use Monte Carlo simulations to assess the performance of the proposed algorithms. Use ρ  to 

represent the actual value of SNR, and ˆkρ  is the estimate of ρ  in the lth Monte Carlo trial, so the 
RMSE can be written as 

{ } ( )2

1

1ˆ ˆρ ρ ρ
=

= −∑
M

k
k

RMSE
M

 (12) 

where M is the number of Monte Carlo simulations. 
In simulations, we choose QPSK signal over AWGN channel. The roll-off root of the raised cosine 

filter factor is 0.5 and tap number is 65. The number of samples �  is 16, the number of symbols �  
is 300, and the number of Monte Carlo simulations M is 500.  

Figure.1 demonstrates the SNR estimate of subspace method. SNR estimate gradually approaches 
to real SNR as the real SNR increasing.  

The RMSE of SNR estimate via subspace method under different numbers of symbols is shown in 
Figure. 2. Under the same SNR, the greater the number of the symbols is, the smaller the RMSE of 
SNR estimate is.  

We compare our proposed algorithm against the DF, M2M4, SVR and SNV, which is shown in 
Figure.3. It is shown in Figure.3 that the SNR estimation performance of subspace tracking method is 
the best among the algorithms.  
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Figure. 1 SNR estimate of subspace method 
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Figure. 2 RMSE of SNR estimate under different numbers of symbols 
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Figure. 3 Estimation performance comparison of different algorithms (N=300) 
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Conclusions 
A blind SNR estimation for communication between orbiters in Mars exploration via subspace 
method is proposed in this paper. The subspace method has better SNR estimation than some 
conventional SNR estimation algorithms. 
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