
 

 

 

 

Journal of Science and Technique - Vol. 21, No. 2 (May 2026) 

 

 

 76 

EIGENSTRUCTURE ANALYSIS OF PULSE INTEGRATION 

UNDER COVARIANCE MISMATCH IN SURVEILLANCE RADAR 

Viet Anh Pham1, Hoang Nguyen Nguyen1,*, Viet Hung Tran1, Vu Cuong Nguyen2 

1Institute of Systems Integration, Le Quy Don Technical University 

 2Faculty of Radio-Electronics, Le Quy Don Technical University 

Abstract 

Detection of weak targets in surveillance radar critically relies on the effectiveness of pulse 

integration under statistical uncertainty. In practice, covariance mismatch between assumed 

and true models can significantly degrade performance, yet its impact remains insufficiently 

characterized within a unified framework. This article develops an eigenstructure analysis of 

likelihood-ratio-based detectors under covariance mismatch. By representing the problem in 

the eigenbasis of the assumed covariance, the resulting test statistic admits an explicit mode-

wise decomposition that separates eigenvalue distortion and subspace misalignment. This 

formulation unifies coherent, noncoherent, and hybrid integration within a common 

framework. Analysis and simulations under both parameter and structural mismatch show 

that performance is governed by effective dimensionality and principal-angle structure, 

leading to practical design insights into robustness–efficiency trade-offs. The proposed 

framework provides a principled basis for analyzing and designing eigenstructure-based 

radar detectors under covariance mismatch. 

Keywords: Surveillance radar; target detection; pulse integration; covariance mismatch; 

eigenstructure analysis; coherent integration; noncoherent integration.  

1. Introduction  

Detection of weak targets in surveillance radar critically depends on efficient 

integration across multiple pulses [1], [2]. Classical approaches include coherent 

integration via matched filtering [2], [3] and noncoherent energy detection [3], [4]. 

Coherent processing achieves near-optimal performance under phase stability, whereas 

noncoherent processing offers improved robustness under rapid fluctuations at the cost of 

reduced efficiency [3]. 

In modern radar systems, increasing the integration length is a standard approach 

to improve detection sensitivity [2]. While significant effort has addressed motion-

induced effects such as Doppler shifts and range migration [5], [6], comparatively less 

attention has been given to temporally correlated target fluctuations. When such 

                                                 
* Corresponding author, email: nguyennh.isi@lqdtu.edu.vn 

DOI: 10.56651/lqdtu.jst.v21.n2.1163 

mailto:nguyennh.isi@lqdtu.edu.vn


 

 

 

 

Tạp chí Khoa học và Kỹ thuật - ISSN 1859-0209  

 

 

 77 

correlations are present, the covariance structure of the received signal becomes a key 

factor governing integration performance [1], [7]. 

Hybrid integration schemes have been proposed to bridge coherent and noncoherent 

processing by combining coherent integration over selected components with noncoherent 

aggregation of residual energy. These include subaperture processing and subspace-based 

detectors [8], [9], as well as hybrid integration approaches for correlated target fluctuations 

[10] and more recent adaptive and structured detection methods [11]–[14]. While these 

approaches improve robustness and flexibility, existing studies largely focus on detector 

construction and empirical evaluation, with limited theoretical understanding of how 

covariance structure-particularly mismatch-affects performance. 

This article addresses this gap by developing a unified eigenstructure-based 

framework for analyzing pulse integration under covariance mismatch. The central idea 

is to interpret the covariance matrix as defining a geometric structure, in which detectors 

operate through mode-wise processing in the eigenbasis of an assumed model [8], [9]. 

Within this framework, coherent, noncoherent, and hybrid detectors emerge as specific 

instances characterized by their mode selection and weighting strategies. 

Covariance mismatch is then interpreted as a distortion of this eigenstructure, 

affecting performance through two mechanisms: spectral distortion (suboptimal 

weighting) and subspace distortion (projection inefficiency) [9], [15]. For Toeplitz 

covariance matrices induced by stationary processes, eigenvectors are approximately 

invariant, allowing the analysis to focus primarily on spectral effects and enabling a 

simplified and interpretable characterization [16]–[18]. 

The main contributions of this article are: 

 A unified eigenstructure-based framework for analyzing quadratic detectors 

under covariance mismatch;  

 A mode-wise decomposition of the log-likelihood ratio separating spectral and 

subspace effects;  

 Analytical and numerical characterization of performance in terms of effective 

dimensionality and principal-angle structure;  

 Practical design guidelines for robust detector construction under uncertainty.  

The remainder of the article is organized as follows: Section 2 introduces the signal 

model and mismatch formulation, Section 3 presents the eigenstructure interpretation, 

Section 4 develops performance analysis and design insights, and Section 5 concludes. 
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2. Signal model and mismatch formulation 

2.1. Signal model 

Let  1 2, ,..., ,
T N

Nx x x x  denote a proper complex Gaussian observation vector 

collected over N  pulses within a single resolution cell. Each component corresponds to 

the output of the pulse-by-pulse receiver after front-end processing. The detection 

problem is formulated as the binary hypothesis test 0 :H x w  and 1 :  H  w s , where 

 w0,w R  is additive noise, and 
  0,
tot

ss R  represents the target return. 

For analytical convenience, the noise covariance matrix is normalized as w R I , 

and the total signal covariance is expressed as 
 

 
tot

s sqR R . Here, 0q   denotes the 

signal power, and N N

s

R  is a normalized Hermitian matrix satisfying  diag  
s

R 1 . 

Under this normalization, the average per-pulse SNR is given by 

 
 

 

 

2

2

tr
SNR

tr

s
q  

w

s r

Rw
                     (1) 

where   denotes the expectation operator and  tr   denotes the trace of a matrix. 

By independence of s  and w , the observation covariance under 1H  becomes 

1   sq R I R . Thus, the observation follows  

 

 
0 0

1 1

0, ,                    

0,        s

H

q H

 
 

 

R I
x

R I R
.                                             (2) 

This detection model underlies all detector structures considered in this work. 

2.2. Covariance mismatch 

In practical radar systems, the temporal fluctuation of the target is characterized by 

its autocorrelation function (ACF)  R  , which determines the covariance matrix R . 

Different ACF models correspond to distinct physical fluctuation mechanisms (e.g., 

exponential or Gaussian models). 

We distinguish between the true signal covariance, denoted by sR , and the assumed 

covariance used in detector design, denoted by aR , i.e.,  sR , 
s

R   aR 
a

R . 
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Mismatch arises when    a sR R .    
a s

R R  To isolate the effect of covariance 

mismatch from amplitude uncertainty, the SNR is assumed to be perfectly known. Accordingly, 

the true and assumed signal models are given by  0,   sqs R ,  0,   aqs R .  

Two forms of mismatch are considered: 

 Parameter mismatch: The ACF model is correct, but its parameters are mismatched; 

 Structural (model) mismatch: The assumed ACF model differs from the true one. 

2.3. Log-likelihood ratio and quadratic form 

Under the assumed model, the log-likelihood ratio (LLR) can be expressed as [3] 

         
 

  1

1 e
1

 
de

xp
t  N

q
q


  
 

a

a

p x x I R x
I R

H
;  

 
 0 x

1

det
e p

N
 


p x x Ix
I

H
 

 
 

 
    

11

0

LLR ln   ln det  a q q
     

 a a

p x
x x I I R x I R

p x

H .                (3) 

Define the quadratic-form 

 aT 
a

x x Q x
H

,  
1

 q
   

 a aQ I I R ,                           (4) 

such that    LLRa a aT C x x  , where   ln det  aC q 
a

I R  [1], [3]. 

 2.4. Decision rule and performance metric 

Instead of adopting a Neyman–Pearson formulation with a fixed false-alarm 

probability, we consider the unit-threshold likelihood test [1], [10]: 

  1

0
LLR 0

H

a Hx     1

0a

H

H aT Cx .                                 (5) 

This corresponds to equal prior probabilities and equal decision costs and yields the 

Bayes-optimal detector under the assumed model. 

Performance is evaluated using the average probability of error 

  err FA MD

1

2
PP P                                                        (6) 

where   FA 0LLR 0 /aP H x ,   MD 1LLR 0 / .aP H x  

This formulation is adopted for the following reasons: 

 The distribution of the test statistic under mismatch is generally non-standard, 

complicating threshold calibration;  
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 Covariance mismatch degrades false-alarm control under fixed-threshold designs;  

 The unit-threshold test preserves the intrinsic structure of the likelihood ratio, 

enabling direct comparison of detector mechanisms. 

Under covariance mismatch, a sR R  implies a sQ Q , which directly affects the 

quadratic form (4) and, consequently, the detection performance. This establishes the 

fundamental relationship: 

Covariance mismatch => Quadratic-form mismatch => Detection degradation. 

In the following section, this relationship is further refined by expressing the 

detector in the eigenstructure domain, leading to a more explicit interpretation: 

Covariance mismatch => Eigenstructure distortion => Mode-wise processing mismatch 

=> Detection degradation. 

3. Eigenstructure interpretation 

This section develops the central perspective of the article: the covariance matrix 

defines a geometric structure that governs the detection process. Within this geometry, 

different detectors correspond to distinct strategies for extracting signal energy. In 

particular, hybrid detectors can be interpreted as structured low-rank approximations of 

the optimal likelihood detector in the eigen-domain. 

3.1. Eigenstructure representation of the signal 

Let the true signal covariance matrix admit the eigen-decomposition [2], [10] 


s

R U Λ U
H

s s s
;  q q

s
R U Λ U

H

s s s                      (7) 

where s,1 s,, , N
   s

U u u  is unitary and  ,1 ,diag , ,s s N   Λ
s , with ,1 ,s s N    . 

The eigenvalues  ,is  characterize the distribution of signal energy across 

orthogonal modes: strong temporal correlation concentrates energy in a few dominant 

modes, whereas weak correlation spreads energy across many modes. 

Projecting the signal onto this basis yields  0,q H

s s s
y U s Λ  so that the 

components are independent with  2

, , .s i s iy q  Thus, the detection problem 

decomposes into independent scalar channels, each associated with a distinct eigen-mode. 

The intrinsic dimensionality of the signal can be quantified by [2]: 

 Cumulative energy ratio: 

 
r

iN i 1

ii 1

1
λ

λ
E r





 


                                             (8) 
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 Effective rank (quantifying the effective number of dominant eigenmodes of the 

covariance matix): 

 
 

   
22 N

eff s,iN2 i 12

,i 1

11
tr λ

tr λs s i

r




    


sR
R

                                           (9) 

3.2. Eigenstructure decomposition of covariance mismatch 

Under mismatch, the detector is constructed using 

a a a a H
R U Λ U ,  aR Rs .                               (10) 

This mismatch induces two distinct effects: 

 Eigenvalue mismatch: aΛ Λs , leading to incorrect mode-wise weighting;  

 Subspace mismatch: aU Us , leading to misaligned projections. 

The alignment between subspaces is characterized by 
a ua uss 
H H

U U Q ΣQ , where 

 1diag cos  , ,cos  M   Σ , and  i  0, π / 2    are the principal angles. Under the 

assumed subspace, the captured energy ratio (CER) is defined as [8], [9] 

 
  

 

2

,n ,m ,n

1 1

1
CER tr  

tr   tr  

1 M N
H

a s

m n 

  a s

s s

U U R x u u
R R

H

a s . 

Under aligned dominant subspaces, this reduces to 

2

,N 1

,1

1
CER cos

M

s m mm

s mm





  





 .                                                  (11) 

Detection performance is therefore governed by how effectively the assumed 

subspace captures signal energy. 

3.3. Mode-wise representation of the detector 

3.3.1. Optimal detector (FullMLD) 

Using the quadratic-form representation  aT 
a

x x Q x
H

,  
1

 q
   

 a aQ I I R , 

and the eigen-decomposition of aR , we obtain [10] 

 
1

a a a q
    

 
H

a aQ I I R U D U ,                                          (12) 

with 

,

a ,

, 1

a i

i

a i

q
d

q




 
.                                            (13) 

Thus, 
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 
2

a a, a,1

N

i ii
T d




H
x u x .                                           (14) 

This shows that the optimal detector performs weighted energy accumulation across 

modes, with weights determined by effective SNR. 

3.3.2. Hybrid detectors 

To improve robustness and reduce complexity, approximate [10] 

   ,

a,r a,r a,r a,r a,r

a rH H

  
a

R U Λ U I U U                               (15) 

where 
    ,, 1

tr
r

a ia r i

N r




 
 



a
R

 is the average residual eigenvalue. 

This yields  

     
,r

, 2 2

Hybrid_r , , ,
1 1

a r
a r H

a i a i a r
i

q
T d d

q




 


  

 
x u x x∣ ∣ ,  

 

 

,
,

,
1

a r
a r

a r

q
d

q









 
.   (16) 

Hybrid detectors implement a mixed-order approximation of the quadratic form: 

 First r  modes: structured (coherent) processing, preserving dominant signal 

components;  

 Remaining N r  modes: aggregated via a common weight, corresponding to 

noncoherent integration; 

 Typical configurations include: Hybrid-1: 1r  ; Hybrid-k%:   %kE r k . 

3.3.3. Special cases 

Noncoherent integration (NI). For a R I : 

 
N2 2

NI i 1 nT x


  x x x x
H                                (17) 

(equal weighting across modes, no phase alignment, robust but suboptimal). 

Coherent integration (CI). For 
T

a R 11 : 

 
   

22 N

CI i 1
1

1 1
i

q q
T x

Nq Nq 
 

 


H
x x .                  (18) 

(rank-1 projection, optimal under perfect correlation, highly sensitive to mismatch). 

3.4. Unified interpretation 

All detectors admit the unified eigenstructure-based form 

 
2

a,1

N

i ii
T


 

H
x u x .                                          (19) 
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They differ only in “mode selection” and “weight assignment”: FullMLD: all 

modes, optimal weights; NI: all modes, equal weights; CI: single dominant mode; Hybrid: 

dominant modes preserved, others approximated, mixed weights. 

Mismatch affects detection through: 

 Eigenvalue distortion → incorrect weighting;  

 Eigenvector distortion → incorrect projection. 

This section establishes a unified connection between the log-likelihood ratio, its 

quadratic-form representation, and a mode-wise interpretation in the eigenbasis of the 

assumed covariance matrix. Within this framework, detector structures correspond to 

specific strategies for allocating and aggregating energy across modes. 

Covariance mismatch impacts performance through coupled spectral and subspace 

distortions, which determine both the amount of captured signal energy and its 

distribution across modes. This interpretation provides the foundation for the 

performance analysis and design insights developed in the next section. 

4. Performance analysis and design insights 

This section provides a quantitative evaluation of the considered detectors under 

covariance mismatch. The analysis combines simulations with eigenstructure interpretation 

to establish a direct link between mismatch mechanisms and detection performance. 

4.1. Analysis methodology 

The analysis aims to relate covariance mismatch to detection performance through 

the chain: covariance mismatch → eigenstructure distortion → quadratic-form mismatch 

→ detection degradation. 

Performance is measured by the probability of error, denoted by Perr, and estimated 

via Monte Carlo simulation under matched, parameter-mismatched, and structurally 

mismatched scenarios. The number of trials is chosen to ensure statistical reliability. 

The following detectors are considered: FullMLD, Hybrid-1, Hybrid-50%,  

Hybrid-90%, NI, CI. Here FullMLD under matched conditions (Ra = Rs) serves as the 

performance benchmark, while NI and CI define two limiting processing regimes. 

Temporal correlation is modeled using three representative Toeplitz ACFs: exponential 

(fast fluctuations), Gaussian (smooth fluctuations), and triangular (finite support). 

To interpret performance, we employ the following eigenstructure metrics: effective 

rank reff, cumulative energy E(r), and captured signal energy ratio (CER). 
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4.2. Simulation  results and analysis 

4.2.1. Matched case 

We first consider the matched case Ra = Rs to establish a baseline. Detection 

performance is evaluated via Perr as a function of SNR and correlation coefficient ρ, while 

effective rank and cumulative energy quantify eigenstructure variation. Results for the 

exponential ACF model are presented in Figs. 1, 2, illustrating Perr versus SNR for 

ρ ∈ {0.3, 0.7, 0.9, 0.95}, and Perr  versus ρ for SNR ∈ {−5, −2, 0, 5} dB. 

 

  
(a)                                                                      (b) 

  
(c)                                                                       (d) 

Fig. 1. Perr versus SNR for ρ∈ {0.3, 0.7, 0.9, 0.95}. 

 Main observations: 

1) Performance ordering: 

- FullMLD ≥ Hybrid-90% ≥ Hybrid-50% ≥ Hybrid-1 ≥ NI, CI; 

- Equality holds at the extremes: ρ→0: all detectors reduce to NI; ρ→1: all detectors 

reduce to CI. NI outperforms at low correlation and CI at high correlation. 

2) Effect of correlation:  

- As ρ increases, NI degrades while CI improves; 

- Hybrid detectors exhibit piecewise behavior due to discrete changes in  

subspace dimension. 
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3) SNR-dependent behavior detectors: 

- The performance of the FullMLD and hybrid detectors degrades with increasing 

correlation at high SNR (0 and 5 dB), while the opposite trend is observed at low SNR 

(−5 and −2 dB), where performance improves as correlation increases. 

- The crossover point between NI and CI shifts with both the correlation coefficient 

ρ and SNR. Specifically, in Fig. 1(c)–(d), the crossover SNR increases from 

approximately SNRcr ≈ −5.5 dB at ρ = 0.9 to SNRcr ≈ 0.8 dB at ρ = 0.95. 

- A complementary trend is observed in Fig. 2: for SNR ∈{−5, −3, 0,5} dB, the 

corresponding crossover correlation values increase as ρcr∈{0.88, 0.93, 0.95, 0.96}, 

indicating a coupled dependence between SNR and correlation in determining the 

preferable detection strategy. 

 

  
(a)                                                                      (b) 

  
(c)                                                                       (d) 

Fig. 2. Perr versus ρ for SNR ∈ {−5, −2, 0, 5} dB. 

 Eigenstructure interpretation and key design insights: 

As ρ → 0, the eigenvalues become nearly uniform, with no dominant modes, 

leading all detectors to exhibit noncoherent (NI-like) behavior. In contrast, as ρ → 1, the 

covariance matrix approaches rank-one, concentrating signal energy into a single 

dominant mode, under which all detectors converge to coherent integration (CI). 
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For intermediate values of ρ, increasing correlation reduces the effective rank and 

progressively concentrates energy into a few dominant modes. In this regime, the 

performance of hybrid detectors depends on how effectively the selected subspace 

captures the dominant eigenstructure. Consequently, the subspace dimension serves as a 

key design parameter governing the trade-off between performance and computational 

complexity: larger subspaces approach optimal performance, while lower-dimensional 

subspaces achieve reduced complexity at the cost of controlled performance degradation. 

At very low SNR, increasing temporal correlation may improve detection 

performance by concentrating signal energy into a dominant eigenmode, whereas at 

moderate and high SNR the loss of diversity dominates. This provides a clear geometric 

interpretation of detector behavior under covariance mismatch. 

4.2.2. Parameter mismatch 

We next consider parameter mismatch, where the assumed correlation coefficient 

ρa differs from the true value ρs under the same ACF model. Detection performance is 

evaluated via Perr as a function of ρa and ρs. Results for the exponential ACF model are 

shown in Figs. 3, 4, illustrating Perr versus ρa for ρs ∈ {0.3, 0.9} and SNR ∈ {−5, 0} dB 

and Perr versus ρs for ρa ∈ {0.3, 0.9} at the same SNR levels. 

 Main observations: 

1) General behavior: 

- Perr increases with mismatch ∣ρa−ρs∣;    

- All detectors converge to NI at ρa = 0 and to CI at ρa =1.  

2) Asymmetry of mismatch: 

- Underestimation (ρa < ρs):  

o Degradation increases with ρs;  

o Sensitivity decreases with SNR.  

- Overestimation (ρa > ρs):  

o Degradation is less dependent on SNR;  

o Coherent processing amplifies mismatch effects. 

3) High-SNR regime: At high SNR, detector weights tend to saturate: a, 1id  , 

leading to diminishing differences between detectors and Perr→0. 

4) Dependence on true correlation: 

- High correlation: FullMLD ≥ Hybrid-k% ≥ Hybrid-1. Maximum performance gap 

occurs near the matched point ρa = ρs;  

- Low correlation: Detector differences diminish, and behavior approaches NI. 
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(a)                                                                         (b) 

  

(c)                                                                       (d) 

Fig. 3. Perr versus ρa  for ρs = {0.3; 0.9} SNR = {-5; 0} dB. 

  

(a)                                                                       (b) 

  

(c)                                                                      (d) 

Fig. 4. Perr versus ρs  for ρa = {0.3; 0.9} SNR = {-5; 0} dB. 
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5) Transition behavior: A transition region exists in the correlation parameter ρs , 

within which detector performance converges and sensitivity to mismatch changes 

qualitatively. This transition depends on both the assumed correlation ρa and the operating 

SNR. For example, at ρa = 0.3 and SNR = −5 dB (Fig. 4(a)), the transition occurs around 

ρcr ≈ 0.15. For a higher assumed correlation ρa = 0.9, the transition becomes more 

complex: at SNR = −5 dB (Fig. 4(b)), two transition points are observed at approximately  

ρcr ≈ 0.35 and 0.78, whereas at SNR = 0 dB (Fig. 4(d)), a single transition point appears 

near ρcr ≈ 0.6. These results highlight that the transition behavior is not fixed but varies 

with operating conditions, reinforcing the need for adaptive detector selection. 

 Eigenstructure interpretation and key design insights: 

Parameter mismatch induces spectral distortion (Λa ≠ Λs) while approximately 

preserving eigenvector alignment. As a result, projections onto the eigenbasis remain 

stable, but mode-wise weights become suboptimal: overestimation (ρa > ρs) concentrates 

energy on too few modes, reducing diversity, whereas underestimation (ρa < ρs) spreads 

energy across too many modes, reducing coherent gain. This mechanism explains the 

observed asymmetry and the reduced sensitivity at high SNR. 

Accordingly, detector performance is governed by subspace dimension: high-rank 

detectors (FullMLD, Hybrid-90%) achieve near-optimal performance under accurate 

modeling but are sensitive to mismatch; low-rank detectors (Hybrid-1, NI) are more robust 

but suboptimal; moderate-rank designs provide a balanced trade-off. A practical strategy is 

to combine coherent processing over dominant modes with noncoherent aggregation, with 

the optimal rank determined by SNR, true correlation, and model uncertainty. 

4.2.3. Model mismatch 

We next consider structural mismatch, where the assumed ACF model differs from 

the true one. Detection performance is evaluated via Perr as a function of SNR and the true 

correlation coefficient ρs, with detectors constructed using an assumed ACF ra(τ, ρa). To 

isolate structural effects, ρa is normalized to match the effective correlation time of the 

true model, ensuring that mismatch arises primarily from ACF shape rather than scale. 

Results are shown in Figs. 5–7, illustrating Perr versus ρs for Hybrid-1,  

Hybrid-50%, and Hybrid-90% at SNR ∈{−5, 0} dB under three considered ACF models. 

 Main observations: 

1) Overall robustness: Performance degradation due to model mismatch remains 

moderate across all configurations, indicating that eigenstructure-based detectors are 

inherently robust when correlation scale is properly normalized.  
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2) Dependence on autocorrelation structure: 

The impact of mismatch depends on the underlying autocorrelation shape:  

- For exponential signals (fast fluctuations), Gaussian assumptions lead to larger 

degradation than triangular ones;  

- For triangular signals (finite support), Gaussian-based detectors closely 

approximate the matched case, whereas exponential assumptions incur larger loss;  

- For Gaussian signals (smooth fluctuations), triangular models provide good 

approximation, while exponential models result in the largest deviation.  

  
(a)                                                                         (b) 

Fig. 5. Perr versus ρs  for SNR = {-5, 0} dB,  ,s sr   under the exponential model. 

  
(a)    (b) 

Fig. 6. Perr versus ρs for SNR = {-5, 0} dB,  ,s sr    under the triangular model.  

  
(c)                                                                       (d) 

Fig. 7. Perr versus ρs  for SNR = {-5, 0} dB,  ,s sr    under the Gaussian model. 
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3) Dependence on detector rank: 

Two complementary trends are observed: 

- Detection performance improves with detector rank: Hybrid-90% > Hybrid-50% > 

Hybrid-1; 

- Sensitivity to model mismatch, measured as performance degradation relative to the 

matched case, follows the same ordering: Hybrid-90% > Hybrid-50% > Hybrid-1. 

This indicates that higher-rank detectors, while more efficient under matched 

conditions, are more sensitive to structural mismatch, whereas low-rank detectors exhibit 

increased robustness. 

 Eigenstructure interpretation and key design insights: 

The observed robustness can be explained from an eigenstructure perspective. All 

considered ACF models induce Toeplitz covariance matrices with approximately 

invariant eigenvectors, so mismatch primarily manifests as spectral distortion rather than 

subspace misalignment. With correlation-time normalization, dominant eigen-modes 

exhibit similar energy concentration across models, yielding a relatively stable captured 

energy ratio, while discrepancies are confined to lower-energy modes. 

Consequently, model mismatch mainly redistributes energy across eigen-modes, 

affecting effective subspace dimension (effective rank) and cumulative captured energy. 

Low-rank detectors rely on dominant modes and are therefore less sensitive to mismatch, 

whereas higher-rank detectors incorporate more of the distorted spectral tail and become 

more sensitive. This explains both the dependence on ACF shape and the observed rank–

robustness trade-off. 

From a physical viewpoint, the ACF models (exponential, Gaussian, triangular) 

correspond to different fluctuation regimes; under normalization, their dominant spectral 

components align, and differences persist primarily in the spectral tail. Accordingly, 

detectors emphasizing dominant modes remain robust, while those exploiting a broader 

spectrum achieve higher performance but increased sensitivity. 

4.2.4. Summary of simulation results  

The simulation results show that detection performance under covariance mismatch 

is governed by the interplay between signal energy distribution and detector structure in 

the eigen-domain. In the matched case, performance depends on how effectively detectors 

capture and aggregate energy across eigen-modes, with increasing correlation inducing a 

transition from diversity-dominated to coherence-dominated regimes. 

Under parameter mismatch, the Toeplitz structure preserves eigenvectors, and 

degradation is primarily driven by spectral distortion, leading to suboptimal mode-wise 
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weighting with asymmetric effects between over- and underestimation. Under structural 

mismatch, with normalized correlation scale, differences across the considered Toeplitz 

ACF models mainly affect energy distribution rather than the dominant subspace, 

resulting in moderate performance loss. 

Across all scenarios, effective subspace dimension, cumulative energy, and 

captured energy ratio provide a unified framework for interpreting performance behavior. 

4.3. Discussion and design implications 

The results provide several insights for pulse integration design under 

covariance uncertainty. 

1) Optimality–robustness trade-off 

A fundamental trade-off exists between optimality and robustness. FullMLD is 

optimal under perfect knowledge but highly sensitive to mismatch. In contrast, low-rank 

and noncoherent detectors sacrifice optimality but provide improved robustness, making 

moderate-complexity designs preferable under uncertainty. 

2) Eigenstructure-guided design 

Detector behavior is governed by the selected eigen-modes and their associated 

weights. Under Toeplitz structure, where eigenvectors are approximately invariant, 

performance is primarily determined by energy distribution across eigenvalues. Thus, 

design reduces to selecting dominant modes and assigning stable weights. 

3) Hybrid detectors as low-rank approximations 

Hybrid detectors provide a principled trade-off between performance and 

robustness by retaining dominant modes while suppressing sensitivity to low-energy 

components. High-rank hybrids approach FullMLD, moderate-rank hybrids offer the 

best robustness–performance balance, and low-rank hybrids maximize robustness at 

reduced performance. 

4) Role of correlation and SNR 

The optimal strategy depends on the operating regime. Low correlation favors 

diversity-based (NI-like) processing, while high correlation favors coherent integration. 

The transition depends on SNR, with higher SNR promoting coherent processing. 

5) Robustness to model mismatch 

Under structural mismatch, eigenvector invariance preserves the dominant 

subspace, and degradation is mainly spectral. This explains the strong robustness of 

eigenstructure-based detectors and highlights the importance of accurately estimating 

correlation scale rather than exact ACF shape. 
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6) Practical guidelines 

 Use FullMLD or high-rank hybrids under accurate models; 

 Use moderate-rank hybrids under uncertainty; 

 Use low-rank or NI in highly uncertain environments;  

 Prioritize estimation of correlation scale (effective rank). 

Overall, the results highlight a clear trade-off: high-complexity detectors achieve 

optimal performance under accurate models but degrade rapidly under mismatch, 

whereas reduced-rank and noncoherent schemes offer improved robustness and reduced 

computational complexity, at the cost of reduced statistical efficiency. 

5. Conclusion 

This article developed a unified eigenstructure-based framework for analyzing 

pulse integration under covariance mismatch. By expressing a broad class of detectors as 

quadratic forms in the eigenbasis of an assumed covariance, coherent, noncoherent, and 

hybrid schemes are interpreted within a common mode-wise framework. 

Covariance mismatch is characterized in terms of spectral and subspace distortions, 

providing a geometric interpretation of performance degradation. For Toeplitz covariance 

structures, eigenvectors are shown to be approximately invariant, enabling a simplified 

analysis focused on spectral effects. This leads to interpretable performance metrics such 

as effective subspace dimension and captured energy ratio. 

Simulation results demonstrate that detection performance is governed by the 

interplay between energy concentration and mode-wise weighting. Hybrid detectors 

provide a favorable trade-off between optimality and robustness, achieving near-optimal 

performance under matched conditions while maintaining stability under mismatch. 

While the present work focuses on temporal covariance structures, the proposed 

framework naturally extends to spatial and space–time settings encountered in modern 

radar systems, including phased-array and MIMO architectures. In such cases, separable 

or Kronecker-structured covariance models enable a joint eigenstructure interpretation in 

terms of spatial and temporal modes. This perspective suggests potential applicability to 

Space–Time Adaptive Processing (STAP), where covariance mismatch remains a central 

challenge and where eigenstructure-based analysis may provide useful insight for robust 

detector design. 

The proposed framework thus provides both theoretical insight and practical 

guidance for detector design under covariance uncertainty. Future work will consider 

extensions to adaptive covariance estimation and non-Gaussian signal models, as well as 

structured low-rank and STAP strategies in high-dimensional settings. 
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PHÂN TÍCH DỰA TRÊN CẤU TRÚC RIÊNG CHO QUÁ TRÌNH 

TÍCH LŨY XUNG TRONG ĐIỀU KIỆN SAI LỆCH HIỆP PHƯƠNG SAI 

TRONG RA ĐA CẢNH GIỚI  

Phạm Việt Anh1, Nguyễn Hoàng Nguyên1, Trần Việt Hùng1, Nguyễn Vũ Cường2  
1Viện Tích hợp hệ thống, Trường Đại học Kỹ thuật Lê Quý Đôn 

2Khoa Vô tuyến điện tử, Trường Đại học Kỹ thuật Lê Quý Đôn 

Tóm tắt: Phát hiện mục tiêu yếu trong ra đa cảnh giới phụ thuộc nhiều vào hiệu quả của 

quá trình tích lũy xung trong điều kiện thống kê bất định. Trong thực tế, sai lệch giữa hiệp phương 

sai giả định và thực tế có thể làm suy giảm đáng kể hiệu năng, tuy nhiên ảnh hưởng của nó vẫn 

chưa được mô tả đầy đủ trong một khuôn khổ thống nhất. Bài báo này phát triển một phương 

pháp phân tích theo cấu trúc riêng đối với các bộ phát hiện dựa trên tỉ số hợp lý trong điều kiện 

sai lệch hiệp phương sai. Bằng cách biểu diễn bài toán trong cơ sở riêng của ma trận hiệp phương 

sai giả định, quyết định thống kê nhận được có thể biểu diễn một cách tường minh theo từng 

mode, qua đó tách biệt ảnh hưởng của sai lệch giá trị riêng và sai lệch không gian con. Cách tiếp 

cận này cho phép thống nhất các phương án tích lũy tương can, không tương can và tích lũy lai 

trong một khuôn khổ chung. Các kết quả phân tích và mô phỏng trong cả hai trường hợp sai lệch 

tham số và sai lệch cấu trúc cho thấy hiệu năng bị chi phối bởi số chiều hiệu dụng và cấu trúc góc 

chính tắc, từ đó đưa ra một số gợi ý thiết kế mang tính thực tiễn nhằm dung hòa giữa độ bền vững 

và hiệu năng. Phương pháp đề xuất cung cấp cơ sở có tính nguyên lý cho việc phân tích và thiết 

kế các bộ phát hiện mục tiêu ra đa kiểu cấu trúc riêng trong điều kiện sai lệch hiệp phương sai.  

Từ khóa: Ra đa cảnh giới; phát hiện mục tiêu; tích lũy xung; sai lệch hiệp phương sai; 

phân tích cấu trúc riêng; tích lũy tương can; tích lũy không tương can. 
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