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Abstract - Detecting a point-like target in compound Gaussian 
clutter has been addressed when a steering vector is completely 
known. In this paper, we propose a robust technique, based on the 
generalized likelihood ratio test, to address the detection when a 
steering vector is partly known. We assume that the actual steering 
vector  departs from the nominal one, but belongs to a known 
range. The detection  probability is then secured by employing a 
semi-definite programming. It is confirmed via simulation that the 
proposed detector experiences a negligible detection loss 
compared to an adaptive normalized matched filter in a perfectly 
matched case, but outperforms in cases of mismatched signal. 
Remarkably, the proposed detector possesses constant false 
alarm rate with respect to the clutter statistics. 

 Tóm tắt - Vấn đề phát hiện mục tiêu điểm trong nhiễu Gauss phức đã 
được giải quyết khi steering vector được hoàn toàn xác định. Trong bài 
báo này, chúng tôi đề xuất một kĩ thuật mới, dựa vào generalized 
likelihood ratio test, để giái quyêt vấn đề phát hiện mục tiêu điểm khi 
steering vector chưa được xác định hoàn toàn. Chúng tôi giả sử 
steering vector thực tế không hoàn toàn trùng khớp với steering vector 
danh nghĩa, nhưng nằm trong một khoảng xác định. Việc phát hiện 
được mục tiêu được bảo đảm bằng cách áp dụng semi-definite 
programming. Kết quả mô phỏng xác nhận kĩ thuật mới này đưa lại xác 
suât phát hiện mục tiêu gần bằng so với kĩ thuật dùng bộ lọc thích nghi 
chuẩn hóa trong trường hợp steering vector thật trùng khớp với steering 
vector giả định, và cho xác suât phát hiện mục tiêu cao hơn trong trường 
hợp không trùng khớp. Ngoài ra, kĩ thuật mới này còn cho tỉ lệ phát hiện 
nhầm không đổi úng với mọi đặc tính thống kê của nhiễu. 
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nghi chuẩn hóa; semi-definite programming; không gian vector 
con; dạng conic; vector chỉ phương. 

 

1. Introduction 

In the pioneering work [1], radar detection of a point-like 

target was addressed under two key assumptions: A target’s 

reflection was known up to a scalar, i.e. a target’s reflection 

was presented by a single vector of the form bs, with s 

perfectly known and that radar clutter was modeled as a 

Gaussian process. It was reported that the detector in [1] 

suffers a performance loss when an actual radar signature 

departs from its nominal one. Additionally, in many 

circumstances radar clutter is better characterized as a 

spherically invariant random process (SIRP) (compound 

Gaussian process) [2], for instance under a low aspect angle. 

To increase detection probability in the presence of a 

mismatch, some methods for detecting bs when s lies in a 

predefined space have been proposed. Such space is modeled 

as either a known linear subspace or a cone with axis as the 

nominal radar signature. Subspace detectors, based on the 

former approach, have been proposed in [2-4], whereas cone 

class-based detectors have been proposed in [5-8]. The main 

drawback of the former approach lies in a lack of guidance to 

choose a suitable subspace, which is circumvented in the latter 

approach. However, performance assessment of cone class-

based detectors, in most cases, rely only on numerical 

simulation due to the complexity of the detectors.  

Detecting a perfectly known radar signature in 

compound Gaussian clutter has been addressed in [9-10] 

via a normalized matched filter and/or its modification. 

However, an issue of a mismatch, a possibility in some 

practical cases, has not been considered, and is going to be 

solved in this paper.  

We address, based on the generalized likelihood ratio 

test (GLRT), the problem of detecting a point-like target in 

the presence of compound Gaussian clutter and 

mismatched steering vector. We employe  a uniform array 

of antennas and modeled a mismatch as an unknown phase 

shifting which lies in a known range. A practical example 

demonstrating the rationale of this assumption is a case of 

inaccurate estimate of an arrival angle. We use the 

Neyman-Pearson criterion. A hard optimization, related to 

the mismatched steering vector estimate, is solved via a 

semi–definite programming (SDP) [11]. In case of a 

perfect match, the proposed detector provides a 

comparable detection probability with that of a normalized 

matched filter. In the presence of a mismatch, the proposed 

detector outperforms a normalized matched filter. 

Additionally, with a maximum mismatch lying in the 

designed range, numerical results show a detection loss of 

around 3 dB. Factors that affect the proposed detector’s 

performance have been investigated. Remarkably, the 

proposed detector possesses a constant false alarm rate 

(CFAR) w.r.t the clutter covariance matrix.  

The rest of the manuscript is organized as follows. The 

problem formulation is stated and the proposed detector is 

derived in section 2. Numerical results are represented in 

section 3. Finally, conclusion is reported in section 4. 

2. Problem Formulation and Proposed Detector  

Consider a problem of detecting the presence of a point-

like target using a uniform linear array of N antennas. For 

the detection, reflection is collected at the cell under test and 

surrounding range cells, in which data is assumed to 

compose of only clutter and referred to as secondary data. 
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Target’s return in an equivalent baseband form is 

represented as p , where  is a complex scalar accounting 

for the combined effect of a target’s reflection and channel 

propagation and p is an 1N   steering vector departing 

from the nominal steering vector s , i.e.,

( ) ( )( )[1,exp , ,exp 1 ]Tj j N = −s and 

( ) ( )( )[1,exp , ,exp 1 ]Tj j N = −p , where

 ( ) ,   −  − with  is a known quantity expressing the 

discrepancy of p  from s . Clutter c  at a range cell is 

modeled as a compound Gaussian process with a texture 

component
0s . The number K denotes the number of 

surrounding range cells not occupied by a target’s reflection. 

The detection problem can now be stated as a problem 

of binary hypotheses  
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where the null hypothesis 
0H  and alternative hypothesis  

1H  denote the cases of clutter-only and signal plus clutter, 

respectively, and z  denotes the equivalent baseband of 

received signal at the cell under test. The probability density 

function of the observed data z  can be expressed as 
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where C  is the covariance matrix of radar clutter. To 

maximize the detection probability, given a predetermined 

false alarm rate, we employ the Neyman-Pearson criterion. 

Due to the ignorance of the clutter covariance matrix C , 

texture 
0s , the steering vector p , and  , we resort to a 

GLRT scheme, replacing these nuisance parameters with their 

maximum likelihood estimates (MLE) under each hypothesis 
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where G  is a threshold set for a predetermined false alarm 

rate. For detection, the next logical step is to replace such 

nuisance parameters with their MLE [10]. However, it is 

proved that a closed-form of the MLE of the covariance 

matrix C  does not exist. Hence, we assume known C  in 

the following development and derive a detector. Later, C  

is replaced by some estimators and properties of the 

resulting detector will be discussed. 

2.1. Detection with known structure of C  

Substituting the MLEs of 
0s  and  in the cases of the 

alternative and null hypotheses, we get the following ratio 

test [10]. 
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. Expanding the above 

fraction, and employing the theorem in [11], the 

maximization can be recast as the following minimization 

solvable by a semi-definite programming: 
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Here, t R+ , 
1X and 

2X  are semi-definite Hermitian 

matrices of size N  and ( )1N − , respectively; ( )diag   

denotes a vector formed by diagonal elements of matrix,  

denotes a vector product. Quantities 
1, , , ,y x dW W  are 

defined in the way mentioned in [11]. The optimal value, 
*t  attained from solving the above optimization, is the 

likelihood ratio of the derived detector with the likelihood 

ratio test written as follows 
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2.2. Detection with unknown structure of C  

As can be seen from, the likelihood ratio (and its 

statistics) remains unchanged if we substitute C  by M , 

the normalized covariance matrix. Hence, instead of 

estimating C , we can find a maximum likelihood estimate 

of M which is shown to satisfy the following condition [9] 
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The above condition assures an unique solution, which 

is approximated, denoted as M , by a recursive computing 

[9]. The likelihood ratio test of the detector, which we call 

𝜃-MLE detector,  is written as follows 
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3. Numerical Results 

In this section, via computer simulation we assess and 

compare performance of the 𝜃-MLE detector with that of 

the adaptive normalized matched filter, referred to as in the 

following as MLE-NMF since the unknown M  is replaced 

with its MLE. 
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For the simulation, we use a uniform linear array consisting 

of 8N= antennas and assume that the phase of nominal steering 

vector 𝜃 =
𝜋

3
 . Such values of 𝑁 and 𝜃 are common values used 

in radar detection problems. We also assume that the phase 

discrepancy between the nominal and actual steering vector lies 

in the interval [−𝛽, 𝛽] with 𝛽 =
𝜋

6
 . We choose 𝐾 = 32 to 

assure the invertibility of the estimated covariance matrix, 

which is based on secondary data. Since it is difficult, if not 
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impossible, to derive explicit formulas of detection probability 

𝑃𝑑 and false alarm rate 𝑃𝑓𝑎, we resort to the Monte Carlo trials. 

To alleviate computational load, a false alarm rate is chosen 

𝑃𝑓𝑎 = 10−3. The software CVX (http://cvxr.com) is employed 

to solve the semi-definite programming. 

To determine a target’s presence, a threshold 

corresponding to a predefined false alarm rate is firstly set 

via received signal without a target’s presence. In Figure 1, 

we show false alarm rates of the 𝜃-MLE detector with 

various values of threshold. It is worth noticing that such 𝑃𝑓𝑎 

are demonstrated at varied degrees of correlation 

𝜌 = 0.1, 0.4, 0.8, 0.9, 0.99, 0.999. From Figure1, it can be 

seen that a value of threshold for a false alarm rate does not 

depend on 𝜌, i.e. the threshold set for a fixed false alarm rate 

does not depends on fluctuation in radar clutter and hence, 

can be set once, which makes a radar operation convenient. 

 

Figure 1. False alarm rate versus the detection threshold of 

 the 𝜃-MLE detector 

 

Figure 2. Detection probabilities of the 𝜃-MLE detector in 

comparision with MLE-NMF in perfectly matched case 

In Figure 2 we compare detection probabilities of the 

𝜃-MLE detector with those  of the MLE-NMF in a case that 

the actual steering vector 𝒑 perfectly matches with the 

nominal one, i.e., 𝜃 = 𝜑. With an inaccurate knowledge of 

𝒑, the 𝜃-MLE detector yields a comparable detection 

probability with that of the MLE-NMF detector built with 

an exact knowledge of 𝒑. The slight detection loss of the 

𝜃-MLE detector in this case can be compensated by an 

increase of just around 3 dB in signal power. However, in 

the presence of a very slight mismatch shown in Figure 3, 

i.e., 𝜃 = 𝜑 −
𝜋

15
, the 𝜃-MLE detector outperforms the 

MLE-NMF detector. For an example, at 𝑆𝑁𝑅 around 15 

dB, the MLE-NMF detector achieves rate of detection less 

than 0.8 compared to 1 of the 𝜃-MLE detector.   

 
Figure 3. Detection probabilities of the 𝜃-MLE detector in 

comparison with that of MLE-NMF in mismatched case 

4. Conclusion 

This paper has addressed the problem of detecting a 

mismatched signal embedded in compound Gaussian noise. 

Specifically, phase shifting of the actual steering vector 

departs from that of the nominal one but belongs to a known 

interval. The proposed detector is shown to be more robust 

to mismatched signal than the adaptive normalized filter. 

Remarkably, the 𝜃-MLE detector has CFAR w.r.t all statics 

of noise. A drawback of the proposed detector is the lack of 

explicit-form likelihood ratio, leading to difficulties in 

gaining a deep insight  into the detector’s performance. 

Though the proposed scheme can detect a seriously 

mismatched signal, it does not include effects of possible 

interference which might be a topic of a further research.  
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