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Highlights

What are the main findings?

e By introducing an autoregressive backward-extrapolation strategy to compensate
convergence-stage frequency estimation errors, the proposed autoregressive steady-
state compensation (ARSSC) method achieves up to 7.4 dB interference suppression
ratio (ISR) improvement over conventional reconstruction approaches in simulation,
and an ablation study confirms a 14.5 dB advantage over polynomial extrapolation.

e Real-data experiments under different field scenarios yield a 6.3 dB ISR improve-
ment over traditional reconstruction, and the airport aircraft case raises the detection
probability from 17.6% to over 99% at Py, = 1074,

What are the implications of the main findings?

e  Since mainlobe interference from multiple Global Navigation Satellite System (GNSS)
satellites is prevalent and unavoidable in passive bistatic radar (PBR) for aerial tar-
get detection, the ARSSC framework addresses a fundamental performance bot-
tleneck, substantially expanding the feasible surveillance coverage of GNSS-based
PBR systems.

o The data-driven autoregressive (AR) compensation strategy requires no prior knowl-
edge of noise statistics, offering a lightweight and generalizable solution for frequency
estimation error correction in GNSS-based passive radar signal reconstruction.

Abstract

GPS-based passive bistatic radar (PBR) benefits from global satellite coverage for tar-
get surveillance. However, multiple GPS satellites within the PBR mainlobe generate
cross-correlation interference (CCI) that severely masks target echoes, reducing the de-
tection probability to zero across significant portions of the surveillance area. Existing
reconstruction-based suppression methods rely on iterative frequency estimation, which
introduces substantial errors during the convergence stage of the tracking loop, leading to
degraded interference suppression performance. This paper proposes an autoregressive
steady-state compensation (ARSSC) method to address this limitation. First, a precise
carrier frequency estimation model is established to accelerate convergence and improve
tracking accuracy. Second, the frequency estimation outputs are partitioned into conver-
gence and steady-state stages, and a p-th order autoregressive (AR) model is fitted to the
steady-state estimates. A compensation function is then derived from the AR model to
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correct the frequency errors in the convergence stage. Finally, the compensated recon-
structed CCI signals are used to construct an interference subspace, and a projection-based
algorithm suppresses the CCI from the surveillance signal. Simulation results demon-
strate that the proposed ARSSC method achieves a maximum interference suppression
improvement of 7.4 dB compared to conventional reconstruction approaches. Real-data
experiments conducted under different field scenarios further validate the method, yielding
a 6.3 dB interference suppression ratio (ISR) improvement over traditional reconstruction
techniques in both tested cases.

Keywords: cross-correlation interference suppression; passive bistatic radar; GPS;
autoregressive model; frequency estimation; mainlobe interference

1. Introduction

Passive bistatic radar (PBR) systems utilize non-cooperative illumination as the radar
transmitter and operate in a silent receiving mode. Without a high-power transmitter
or heavy power supply, PBR is considered one of the most covert and maneuverable
radar systems. With the rapid increase in satellite numbers, the research focus of PBR has
shifted from ground-based to space-based illuminators. In particular, Global Positioning
System (GPS)-based passive bistatic radar (GPBR) has received considerable attention
for its extensive illumination coverage [1] and simultaneous irradiation from multiple
satellites, which enhances its advantages in aerial and open-sea surveillance [2,3]. These
characteristics position GPBR as a promising passive remote sensing modality for air
traffic monitoring, border surveillance, and wide-area observation without dedicated
transmission infrastructure, complementing concurrent advances in active radar systems
and radar-communication networks [4,5].

A primary characteristic of GPBR is the extremely low power density of satellite
signals at ground level. To overcome this inherently low signal power, long coherent inte-
gration is generally required to achieve an adequate signal-to-noise ratio for target detection.
Such extended observation windows, however, introduce non-negligible range walk and
Doppler migration, for which various compensation techniques have been developed [6-9].
Precise models have also been established to address the phase mismatch effect in moving
target detection [10,11]. Multi-source fusion techniques have also been proposed to further
increase target signal power [12]. However, the multi-satellite feature also introduces direct-
path interference (DPI) and deliberate directional interference. The DPI can be mitigated
through sidelobe cancellation (SLC) and sidelobe blanking (SLB) [13-15], while blind source
separation-based approaches such as independent component analysis (ICA) [16-23] have
been proposed for the latter. Yet, all the aforementioned studies focus on sidelobe or direc-
tional interference, leaving another critical interference mechanism largely unexamined:
the cross-correlation interference generated by simultaneously receiving multiple satellite
signals within the surveillance antenna mainlobe.

This interference, termed cross-correlation interference (CCI), has received compara-
tively little attention despite its severe impact on air target detection. As shown in Figure 1,
signals from all satellites within the mainlobe are amplified by the antenna and subse-
quently generate CCI; these satellites are referred to as interference satellites. The CCI
masks the target with a significantly higher power level and is further amplified by both the
receiving antenna and the coherent integration process. Unlike conventional interference,
CCI occupies broad swaths of the range-Doppler plane, ultimately reducing the detection
probability to zero. As analyzed in Section 2, the received signal-to-interference ratio
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(SIR) can drop below —47 dB under typical satellite geometries, rendering over 20% of the
surveillance area undetectable.
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Figure 1. Configuration of GPS-based PBR.

To address mainlobe CCI in aircraft detection, one approach relies on blind source
separation. The equivariant adaptive separation via independence (EASI) algorithm [24]
models the received signal as a linear combination of CCls and target signals, recovering
original signals via expectation-maximization for mixing matrix estimation. However,
EASI suffers from ordering and amplitude uncertainty [25], and its performance degrades
significantly when the signal-to-noise ratio (SNR) falls below 10 dB [26]—a common
condition for GPS signals at ground level. Another category of existing methods employs
prior structural knowledge for signal reconstruction. Schmidt et al. [27] demonstrated the
feasibility of exploiting GPS signal structure for interference cancellation on a real-time
software-defined radio receiver. Building upon this concept, Zheng et al. [28] utilized the
software radio platform (SRP) to achieve coherent reconstruction of interference waveforms
and cancellation via orthogonal projection [29]. Zhang et al. [30] proposed a joint low-rank
and sparse recovery method, but it requires multi-channel spatial diversity unavailable in
single-channel PBR.

However, reconstruction-based methods share a critical limitation: the phase-locking
loop (PLL) requires a convergence period during which the frequency estimates contain
significant errors, yet existing SRP-based approaches directly use these raw estimates
without any compensation. As demonstrated in [31], the coherent observation time for an
aircraft at 10 km range is less than 0.64 s, while the convergence stage wastes a substan-
tial portion of this valuable time, severely degrading the suppression performance (see
Section 2.3). Compensating these errors is itself non-trivial, because the tracking-loop out-
put superimposes the true satellite Doppler trajectory—a smooth polynomial due to orbital
mechanics [32]—with colored noise introduced by the loop filter dynamics. Polynomial
fitting captures only the deterministic component and ignores the temporal correlation of
the tracking noise, leading to divergent backward extrapolation (see Section 4.1). Kalman
filtering could in principle model both components, but requires explicit specification of
the process and measurement noise covariances, which vary with the interference-to-noise
ratio (INR) and satellite geometry and are difficult to calibrate in practice. These limitations
motivate the use of autoregressive (AR) modeling, which is purely data-driven: it captures
the frequency trend via ordinary least squares [33], without prior knowledge of noise
statistics, making it well suited for multi-satellite CCI suppression.

In this paper, to address the performance limitation caused by frequency estimation
errors in CCI suppression, an autoregressive steady-state compensation (ARSSC) method
is proposed. The main contributions of this work are summarized as follows:
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1. A precise carrier frequency estimation model is established that accelerates the con-
vergence of the tracking loop and provides high-accuracy steady-state estimates as
the data foundation for subsequent AR modeling.

2. An ARSSC-based compensation method is proposed, which partitions the frequency
estimation outputs into convergence and steady-state stages, fits the steady-state
estimates with a p-th order AR model, and derives a backward-extrapolation compen-
sation function to correct the frequency errors during the convergence stage.

3. A subspace projection-based suppression algorithm is developed that utilizes the
compensated reconstructed CCl signals to construct an interference subspace, enabling
effective CCI cancellation from the surveillance signal.

The effectiveness of the proposed method is validated through both simulations
and real-data experiments at Xi’an Xianyang International Airport, with detailed results
presented in Section 4.

The rest of this paper is organized as follows. Section 2 establishes a geometric
modeling framework for passive radar systems under multiple CCI conditions. Based
on this model, the impact of interference on radar detection, as well as the degradation
of interference suppression performance caused by estimation errors, is analyzed. Next,
an estimation-and-suppression method with the ARSSC compensation algorithm is pro-
posed in Section 3. Section 4 presents numerical results from computer simulations and
real-data experiments. Section 5 discusses the robustness of the proposed method to
receiver platform motion and maneuvering targets. Finally, conclusions are drawn in
Section 6.

2. Signal Model and Analysis

In this section, the received signal model with multiple CCI is established, followed
by analysis of interference impact from the signal reception to detection stages. To further
identify the factors contributing to the performance degradation of conventional meth-
ods, the effects of frequency errors, amplitude errors, and phase errors on the results
are analyzed.

2.1. Signal Model

Figure 2 shows the GPBR system in a local (O-XYZ) reference frame centered at the
receiver Ry. Let Ty o denote the radar transmitter and T (k = 1, ..., K) the remaining GPS
satellites within the surveillance beam. The position and velocity vectors of the k-th satellite,
the target, and the receiver are denoted as (T, vk), (Ta,v4), and (Ry, vR), respectively.

Z T,  Interference
Irradiation T T x
5 /
E'/T - . RT 4
x0 ‘\ ~. 4. - / RB.k

‘\\ ~ \/ IR ircraft
‘ /,# T,
/R

Y -

.7 R

Figure 2. GPS-based PBR system geometry.
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The signal transmitted by the k-th satellite is

sk(t) = C(t) Di(t) exp(j27tfet) 1)

where Cy is the pseudorandom and periodic ranging code of the k-th satellite, Dy(t)
is the navigation message, and f. is the carrier frequency of the transmitted signal.
Throughout this work, the GPS L1 Coarse/Acquisition (C/A) signal is considered, with
fe = 1575.42 MHz, consistent with the experimental setup described in Section 4.4.

Due to the relative motion between the satellite and receiver, Doppler shift f; i is intro-
duced in the directly received GPS signal. Accordingly, after down-conversion, the base-
band direct GPS signal can be expressed as

sqx(t) = Ap(t)Cr(t — T) Dy (t — 1) exp (27t fait) )

where Ay (k =1,2,...,K) is the complex amplitude that encapsulates the range attenuation
and the carrier-dependent propagation phase exp(—j27f,7), and T} is the signal delay
from the k-th satellite to the receiver.

The bistatic range Riar(t), given by the range difference between 0-th satellite, target
and receiver is written as

Rear(t) = Rr(t) + Rr(t) — Rpo(t) 3)

where R (t) = |Ta — Ry| is the line-of-sight range between the target and the receiver,
Ry (t) = |Typ — T4l is the distance between the illuminator with the 0-th satellite and the
target, and Rp(t) = |Ty0 — Ry| refers to the baseline between the transmitter and the
receiver. Hence, the baseband target signal is

Star(t) = AtarCO(t - Ttar)DO(t - Ttar)
x exp{j27t[faot — (fao + fo)Ttar] } 4)

where Aty is the complex amplitude, and Tar = [R7(#) + Rg(t)]/c is the bistatic time delay.
Therefore, the expression of the remaining signal received by the surveillance channel is

K
Tsuro(t) = Star(t) + Z Sq k() ®)
k=1

The direct signal from the 0-th satellite, mitigated via SLC/SLB [13-15], is excluded
from (5) and serves as the reference signal /..

Then pulse compression is realized through delay-Doppler cross correlation function
of the ranging code between reference signal and reflected target signal. Ty is set as the
global observation time, the pulse compression can be obtained by

+oo
R,(t) = /7  Fan(@)rg(t = T)dT ©)
Substituting (4), (5) and .. = 5,0 into (6), the cross correlation is rewritten as

Rp(t) = atar Alt — Trar0) X eXp[—j277 fc Ttar 0]
K
+ ) BrOk[t — Tro] x exp[—j27fy kT 0] )

k=1

where agr and By are the composite correlation amplitudes of the target and the k-th
interference signal, respectively, A(-) is the auto-correlation function between the reference
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and reflected signal, ©(-) is the cross-correlation function between the reference and
interference signal, Tiar,0 = Ttar — To and T, o = T — Tp are the differential delays of the
target signal and CCI signal with respect to the reference, respectively.

2.2. Interference Impact Analysis

To visualize the formation process of the results discussed, Figure 3 illustrates the block
diagram of interference signal reception in a passive radar system. After pulse compression,
the amplitude of the reflected target signal is significantly weaker than that of the noise-like
CCI. Consequently, the CCI severely degrades the equivalent output SNR and detection
probability compared to other interference types. As this interference originates from the
cross-correlation between the jamming signal and the reference signal, it is hence termed
cross-correlation interference.
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Figure 3. Cross-correlation effect of target echo in signal processing.

To evaluate the received CCI strength, a simulation analyzes the SIR as the surveil-
lance antenna direction varies from horizontal to vertical, with an aircraft at 1 km range.
According to the free-space path loss model, the interference power from the k-th satellite is

A,Gy

P;x = EIRP x
o 47R?,

)

where the effective isotropic radiated power (EIRP) is 26.6 dBW for GPS satellites, A,
and Gy are the effective aperture area and receive antenna gain, and R;  is the satellite-to-
receiver range. It should be noted that the free-space path loss model is used here as a
first-order approximation for quantifying the CCI impact. Real-world propagation effects,
including atmospheric attenuation, ionospheric delay, and ground-reflected multipath, may
introduce deviations in the received amplitude, phase, and delay. The real-data experiments
in Section 4.4 inherently include these propagation effects and are therefore used to further
validate the practical effectiveness of the proposed suppression method. The target signal

power is
A, Go

P, = EIRP x —— "2
' (47)2R2R%

©)

where ¢ is the bistatic radar cross section (RCS). As illustrated in Figure 4a, the SIR drops
to —47 dB at high elevation angles. Since auto-correlation peaks are 21 dB above cross-
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correlation peaks under equal input power [34], the target echo is significantly weaker than
CCI after correlation processing. The equivalent output SNR( determines the detection
probability Pp:

Pp =~ 0.5 x erfc(1 [—1InPg, — \/m)

(10)
erfc(z) =1— % IS e P do

where Pfﬂ is the radar false alarm rate. To illustrate the severity of CCI, a representative
scenario is considered: a surveillance antenna with a half-power beamwidth of 28° and
a single CCI source located at 45° azimuth and 45° elevation. Under this configuration,
Figure 4b shows that the detection probability falls to zero over a wide angular range,
rendering 20.12% of the evaluated angular surveillance area undetectable. This percentage
depends on the specific antenna pattern and CCI geometry; the analysis here serves to
quantify the scale of the problem under a typical GPBR configuration.

x 10*

radar and satellite distance 1
2.5 received SIR —45
0.8
‘ —46 3
I 2 06
h &
—47 ©
= 0.4
2.1 1 48 0.2 1
2 : : : —49
0 20 40 60 80 Az

radar pitch angle(®)
(a) (b)

Figure 4. CCI impact on detection performance. (a) Distance and SIR versus pitch angle. (b) Target

distance(km)
[\e] [\v]
(O8] -

]
[

detection probability with azimuth and elevation in CCI scenario.

To identify the input INR boundary below which the CCI ceases to impact target detec-
tion, the following analysis is conducted. For the typical detection case (EIRP = 26.6 dBW,
Gr = +16 dBi), with coherent integration time T, = 0.25s, a GPS C/A cross-correlation
isolation of ~21 dB between distinct PRNs, and the traditional SRP-based reconstruc-
tion saturating at an ISR of ~13 dB, the residual CCl in the target’s range-Doppler (RD)
cell satisfies

INRRD,residual = INRjn + 1010g10(B Tcoh) -21-13. (11)

Setting INRRp residual < 0 in (11) (residual buried in the noise floor, no measurable
change in Pp through Equation (10)) yields the critical input boundary INRjp orit =~ —20 dB:
below this level the CCl is operationally inactive and active suppression is unnecessary.
The GPS link budget normally yields an input INR;,, ~ 0 dB; although this value fluctuates
with the receive-antenna gain, pattern nulls, and atmospheric attenuation, in most opera-
tional scenarios the resulting INR remains well above the —20 dB boundary and the CCI
cannot be ignored.

2.3. Limitations of Conventional Reconstruction Methods

Conventional SRP-based reconstruction techniques have shown some effectiveness
in suppressing strong GPS signals [28,30], but the accuracy of the reconstructed signal
parameters critically determines suppression performance. To analyze the influencing
factors, controlled simulations are conducted with noise-free GPS interference signals.
The ISR is evaluated by adjusting parameter offsets, as plotted in Figure 5. A frequency
offset of just 2 Hz causes the ISR to drop drastically to 41 dB, highlighting the extreme
sensitivity to frequency estimation errors.
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Figure 5. ISR versus parameter error.

The results from 1000 Monte Carlo experiments shown in Figure 6 highlight the fre-
quency estimation process and its impact on ISR during the estimation period. The entire
estimation period can be divided into two stages based on the frequency estimation errors.
The initial stage is characterized by a high error rate, which occurs during the conver-
gence period of the tracking loop. This phase lasts for approximately 50 ms. After that,
the tracking loop stabilizes, and the error reduces significantly, leading to more accurate
frequency estimation. The significant errors in the initial stage lead to a deterioration of the
suppression effect throughout the entire stage, and the ISR decreases substantially from
its ideal value of 23.83 dB (corresponding to no frequency error) to 15.37 dB, resulting in a
reduction of 8.46 dB.

1.497665

149766 /S~

1.497655 |

Frequency estimation result ||
True frequency

Stable stage
1.49765 |

1.497645

Freauqncy(Hz)

1.49764

1.497635 I,

<—— High error stage

1.49763

100 150 200

Time(ms)

Figure 6. SRP output frequency estimate at INR = 20 dB. Based on the frequency estimation result
shown in the blue line, ISR decreases from 23.83 dB to 15.37 dB.

This analysis confirms that frequency estimation errors during convergence are the dom-
inant factor degrading ISR, and their compensation is the key to performance improvement.

3. Approach

To effectively improve the CCI suppression performance, an interference suppression
approach is proposed in this section, which is mainly divided into two steps. The first step
is CCI signal reconstruction. Subsequently, to compensate for the frequency estimation
error, an ARSSC-based suppression method is proposed, which identifies the steady-
state frequency and utilizes the AR fitting model to correct the frequency during the
convergence stage.
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3.1. Iterative Interference Reconstruction

As modeled in (5), both the quantity and source of received CCI signals are unknown.
Hence, initial value analysis is first performed to provide initial parameters for subsequent
processing and estimate the number of CCI sources.

The surveillance signal in (5) is sampled with a sampling frequency f; and cross-
correlated with 32 local ranging codes. For notational brevity, the Doppler frequency f; i is
hereafter denoted as fi. The discrete interference signal from the k-th satellite is denoted as

yr(n) = Cx(n — ) Dr(n — )
x exp(j27rtfr(n — o) + @) (12)

where vy is the CCI signal collected and sampled of duration Tj at the surveillance channel,
with the amplitude normalized to 1. After cyclic cross-correlation with the u-th (1<u<32)
local reference signal 1}, of frequency fj, the correlation results can be expressed as

N
RED) = L st ) exp(—72refn) 13)

where N is the number of sampling points. Since neither the pseudo-random noise (PRN)
code identity, the Doppler frequency, nor the code phase of the interference signals is
known a priori, the initial parameter estimation requires a joint search across all three
dimensions: the code delay 1. (via the correlation lag), the Doppler frequency f; i (via
the frequency bins f;), and the satellite/PRN index, which is determined by scanning the
32 local ranging codes and is denoted by k after detection. A correlation peak at the position
(1 ks fiy ko k) indicates the presence of an interference signal. Therefore, the initial phase
¢k 0 and frequency fy ( for the subsequent precise parameter estimation can be calculated as

_ 27fy ke k
R

fro = figk

(14)

Once the identification of the interference satellite is determined, the ranging code of
the k-th satellite can be obtained, which provides envelope data Cy for subsequent precise
parameter estimation.

The estimation of envelope and carrier is the key of interference reconstruction. Due to
the continuous motion of satellites and atmospheric disturbances, the phase and frequency
of interference signals remain in a constant state of change. As a result, an iterative
interference parameter estimation method is employed to adjust the estimation results
continuously, enabling dynamic tracking of interference parameters. The received CCI
signals in (5) are segmented into N; equivalent pulses with a repetition interval T. equal
to the ranging code period. Let L, = T.fs denote the number of samples per pulse.
The segmented signals are multiplied with orthogonal local carrier signals to obtain In-
Phase (I) and Quadrature (Q) branch outputs rlf,m and er’m, where Agy ,,, is the phase
difference between the input and local carrier of the m-th pulse. After removing the
double-frequency components via low-pass filtering, the carrier phase difference can be
estimated as .

AP = arctan(r%’m> (15)
7’I,m

Although the navigation data cause a phase flip in CCI signals, the effect of this
inversion is eliminated after (15). Consequently, the (m + 1)-th local carrier phase can be
obtained through the following iterative calculation

https://doi.org/10.3390/rs18111729
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Prmt1 = Prm — BPrm (16)

The dynamic carrier phase estimation method above allows for continuous estimation
of the carrier phase of the CClI signals, and the carrier frequency estimation difference is

Afi(m) = Af(m —1)

327°By. o Pem = Pem—1 256BL0* .
211 e (42 + 1)2 Vo

(17)

where A fi(m) is the frequency difference estimate between the true frequency and the local
frequency based on the phase estimation result in (16),  is the loop damping ratio, By, is
the noise bandwidth of the loop filter, x is the frequency-aided gain coefficient, and T, is
the time width of the C/A code. After that, the local frequency can be rewritten as

fe(m +1) = fio+ Afi(m) (18)

where f o is the initial frequency estimation result from (14).

For envelope tracking, a standard early-minus-late code discriminator is employed.
The in-phase/quadrature (I/Q) branch signals are correlated with early (Cg), prompt (Cp),
and late (Cp) code replicas, and the normalized discriminator output is

(I%,m + Q%,m) - (I%,m + Q%,m)

km = (19)
(R, + Q) (R, +0QF L)

where Gy ,, represents the code phase error of the m-th pulse. The envelope phase is then
updated iteratively as @k,m = @k,m—l + Gg -
Consequently, the interference signal can be reconstructed as

Gx(n,m) = Ci(n + B ) Di(n + B ,) X exp (fZka(m)” + @k,m> (20)

As shown in Algorithm 1, utilizing the initial parameters, dynamic estimation and
further reconstruction can be implemented through N; iterations.

Algorithm 1 Iterative Interference Reconstruction

Require: Surveillance signal rg,,, 32 local CA codes Cy, (u =1,...,32)
Ensure: Reconstructed interference signals §x (k =1,...,K)
1: Cross-correlate 7g,,, with 32 local codes at different frequency bins f;
2: Identify K interference satellites from correlation peaks at positions (1, fi, k. k)
3: Obtain initial parameters: ¢y, fi o from (14)
4: fork =1toK do
5. Obtain ranging code Cy for the k-th satellite
6 form = 0 to N; do
7: Compute I/Q branches r’f,m, er,m using local carrier at f ,
8 Low-pass filter to remove high-frequency components
9: Estimate phase difference: Ay, = arctan(r’é’m / r’l‘m)
10: Update carrier phase: @g 11 = @xm — APx

11: Update carrier frequency: fi(m +1) = fi o+ Afi(m) via (17)

12: Estimate envelope phase: @k,m = @k,m—l + Gim

13: Reconstruct: (1, m) = Cy(1n + & ) Dx(n + O ) exp (27 fr(m)n + @)
14:  end for

15: end for

16: return 7 (k=1,...,K)

https://doi.org/10.3390/rs18111729
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3.2. ARSSC-Based Compensation and Suppression

After CCI reconstruction, the frequency discrepancy in (17) can be utilized to qualita-
tively characterize the estimation error of the derived frequency. To facilitate the determina-
tion of stable state boundaries, a moving average filter is used to remove the high-frequency
jitter components of A fy.

1 m—+w

= w1 L 8] (21)

I=m-w

g(m)

where g(m) is the filtered estimation frequency discrepancy and 2w + 1 is the window
length of the filter. The boundary of the steady state 11y can be expressed as

min 1
(22)
st.g(m) <ny, Vm>mg

where 7 is the judgment threshold for steady state. The selection of 7y involves a
trade-off between model fidelity and sample utilization; a detailed sensitivity analysis
in Section 4.3.1 demonstrates that the method maintains robust performance over a broad
range of 75 € [0.018,0.024].

Once the steady-state boundary is determined, the frequency estimates in the stable
region are modeled using an autoregressive process. Unlike deterministic polynomial
fitting, which assumes a noise-free trend and is prone to edge divergence during backward
extrapolation, the AR model jointly captures the smooth frequency variation and the
temporally correlated tracking noise inherent in PLL outputs (a quantitative comparison
is provided in Section 4.1). Moreover, the AR coefficients are obtained via ordinary least
squares without requiring explicit knowledge of the noise statistics, making the approach
both computationally efficient and robust under varying INR conditions. A p-th order AR
model can be expressed as
p
X(m) =t Y, gux(m =) e(m) (23)
=1

where x(m) (m > my) is the estimated frequency value at time m, y is the intercept term,
¢p (b=1,...,p) are the autoregressive coefficients, and e(m) is a zero-mean noise term.
The coefficients are estimated by minimizing the sum of squared residuals:

Ni 14 2
min ) (x(m) —u— bz Ppx(m — b)) (24)
=

B m=motp+1

To obtain the AR-based backward-extrapolated frequency estimates during the con-
vergence stage (m < my), the AR model in (23) is rearranged to express x(m — p) in terms
of subsequent values. Specifically, solving (23) for the earliest term yields a backward recur-
sion from the steady-state region into the convergence region. The backward-extrapolated
frequency estimate fEE (m),m=1,2,...,my,is then given by

_ 1
Pp

A A pil A
P (m) felm+p) ==Y ¢p fr(m+p—b) (25)
b=1
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Thus, the compensation function Hy(n,m) is expressed as

exp (2 (fEE(m) = fi(m)n) m < mg
1 m > mg

Hi(n,m) = (26)

where 7 is the sampling point number within a pulse. For m < my, the compensation
rotates the reconstructed signal phasor from the erroneous frequency fi (1) to the AR-
based backward-extrapolated frequency estimate AEE (m); for m > my, the tracking loop
has converged and no correction is applied. The frequency-compensated interference
signal is

Ytk (n,m) = Gx(n,m) x Hy(n,m) (27)

On the basis of the ARSSC-based reconstructed signal compensation, the frequency
error introduced during the iterative convergence process is minimized. To achieve CCI
suppression, a subspace projection-based suppression algorithm is developed. A p;-
dimensional interference subspace X is initially constructed

X = B[ k(1) Phgci(n) - - PP x(n)] (28)

where §¢ x is a vector representing the frequency-compensated interference signal, which
also constitutes the basis of the subspace. Here p; denotes the dimension of the projection
subspace, which is distinct from the AR model order p introduced in (23). The permutation
matrix P is defined as

1 i=j+1
P = {pij}i,j:1..-N+Pl—1/ pl] = 0 otherwise (29)

which shifts the signal i x by single sampling point, and B chooses the last N rows of the
time-delayed interference matrix.

1 i=j—p+1
B = {bij}i=1.Nj=1..N+p,-1, bij= 0 ofherwise (30)

Based on the interference subspace, a CCI suppression model is established as
rr‘ll\i]n{ [7suro — Xw|| } (31)

where w is the projection coefficient vector, which can be derived through differentiation
of (31)
W= (XHX)_lersurv (32)

Therefore, the interference suppression in the surveillance channel can be accom-
plished by substituting w back into (31), and the remaining signal is

r(/acho =[IN— X<XHX)71XH]rsurv (33)

3.3. Flow Chart of GPBR Detection

The flowchart of the proposed GPBR CCI suppression approach is depicted in Figure 7,
which consists of two main steps: iterative CCI signal reconstruction (Section 3.1) and
ARSSC-based compensation with subspace projection suppression (Section 3.2).
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Figure 7. Flowchart of GPBR CCI suppression processing. The numbers 1 and 2 mark the two main
steps: (1) iterative CCI signal reconstruction, and (2) ARSSC-based compensation with subspace
projection suppression.

3.4. Computational Complexity Analysis

To evaluate the practical applicability of the proposed method, the computational
complexity of each processing stage is analyzed and compared with the traditional SRP-
based and EASI-based methods.

The proposed ARSSC method consists of four main stages. In the initial parameter
search stage, the surveillance signal is cross-correlated with 32 local ranging codes across
Ny frequency bins, yielding a complexity of O(32 x N¢ x N), where N is the number of
sampling points per pulse. In the iterative reconstruction stage, the carrier and envelope
parameters of K interference satellites are estimated over N; pulses, with a per-iteration
complexity of O(N; x N x K). The AR modeling stage fits a p-th order model using
M steady-state samples via least-squares estimation, requiring O(p*> x M) operations.
Finally, the subspace projection stage constructs a p;-dimensional interference subspace
and computes the projection matrix, with a complexity of O(p; x N + N x p?) for the
matrix inversion and projection.

Table 1 summarizes the computational complexity comparison among the three
methods. The EASI method involves iterative matrix updates with a complexity of
O(Igpm % K? x N), where Iy is the number of expectation-maximization (EM) iterations.
The traditional SRP method shares the same initial search and iterative reconstruction
stages as the proposed method but omits the AR modeling and compensation steps.
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Table 1. Computational complexity comparison.
Method Main Operations Complexity
EASI EM iteration O(Igpm x K x N)
Traditional SRP Search + Reconstruction O(32N¢N + N¢NK)
Proposed ARSSC Search + Reconstruction + O(32N/N + Ny NK + P2 M)

AR + Compensation

Compared with the traditional SRP method, the additional overhead of ARSSC is
confined to the AR modeling term O(p?M), which is negligible relative to the dominant
reconstruction term, so the overall complexity scales linearly with the number of inter-
ference satellites K. Figure 8 compares the computational load of the three methods as a
function of N;. The EASI method incurs the highest cost owing to its iterative expectation—
maximization procedure, whereas the traditional SRP and proposed ARSSC methods
exhibit nearly identical loads, confirming that the AR compensation stage adds less than
1% additional computation at the simulation setting of N; = 600.
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Figure 8. Computational load comparison of EASI, traditional SRP, and proposed ARSSC methods
versus the number of pulses N;.

4. Experiments

To investigate the effect of the proposed method, simulation and measured data-based
experiments are conducted in this section.

4.1. Simulation Experiment

The configuration of the computational simulation is set up as closely as possible to
real-world conditions. The coordinates and velocities of GPS satellites are determined using
actual received ephemeris data. One of the satellites is employed as the radar transmitter
for target detection, whereas five other satellites located within the radar mainlobe act as
sources of CCI. Further simulation parameters, such as pulse repetition frequency (PRF),
are provided in Table 2.

Figure 9 illustrates the trend of the frequency difference A f; in one CCI scenario. It
is worth noting that A fj is an estimated value and can only qualitatively represent the
magnitude of the error. As shown, the frequency difference exhibits large fluctuations
during the initial convergence stage and gradually decreases as the tracking loop stabilizes.
After approximately 170 ms, the error value falls entirely below the threshold 7, indicating
that the estimation has entered the steady state. The boundary m identified at this point
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partitions the frequency estimates into convergence and steady-state stages, providing the
basis for subsequent AR model fitting and backward extrapolation.

Table 2. Simulation parameters.

Parameters Value Unit
PRN 24 /
PBR-transmitter Coordinate (—12,164, 16,889, —81,199) km
Velocity (—659, 199, 3056) m/s
PRN 13 /
CCI-1 Coordinate (—12,219, 2763, 17,874) km
Velocity (—389, —2710, 808) m/s
PRN 5 /
CCI-2 Coordinate (—17,751, 2098, 13,586) km
Velocity (—2081, —612, —2056) m/s
PRN 15 /
CCI-3 Coordinate (—4195, 13,435, 14,155) km
Velocity (—1156, —2027, 1784) m/s
PRN 18 /
CCI4 Coordinate (4760, 10,861, 17,499) km
Velocity (—1959, 1753, —1066) m/s
PRN 29 /
CCI-5 Coordinate (5149, 2081, —4697) km
Velocity (=305, —127, —3189) m/s
Tareet Coordinate (3,7,3) km
& Velocity (50, —114, 25) m/s
PRF 1000 Hz
. Bandwidth 1.023 MHz
PBR-receiver . .
Integration time 0.6 s
Sampling frequency 32 MHz
0.025
—— Absolute value of frequency error
- - -Steady state judgment threshold
0.02¢ Boundary of the steady state
o}
% 0015
)
g
g 0.01
(i
0.005
oL V-~ r=s==——s ‘
0 50 100 150 200 250

Time(ms)

Figure 9. Extraction of the steady-state boundary m, using estimated frequency difference and
the threshold.

Figure 10 plots the comparison of simulated RD results. The simulation configures
a static passive receiver placed on the surface of the earth, and a target is positioned at a
bistatic distance of 1.8 km from the receiver, with five CCI satellites positioned along the
radar-target line-of-sight extension. Because the CCI signals are coherently accumulated
over pulses, they form interference stripes that remain significantly stronger than the target
return after coherent integration. Consequently, the interference is focused across all range
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units in multiple Doppler cells, as shown in Figure 10a. The SIR after coherent accumulation
is calculated by estimating the interference power at the Doppler frequency where the
interference is located. The RD results after different processing methods are presented in
Figure 10b—d. As observed in Figure 10b, although the EASI method exhibits a certain level
of effectiveness, it cannot effectively eliminate the interference in the scenario with five CCls.
The traditional SRP-based algorithm shows better performance compared with the EASI-
based blind source separation method, as illustrated in Figure 10c. Utilizing GPS structural
information, five CClIs can be effectively identified; however, residual CCIs remain in the
RD domain due to frequency errors in the reconstructed CCI signals. Figure 10d shows
the RD result with the proposed procedure, where the CClIs are suppressed by over 20 dB,
enabling correct target detection.

—~
m
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L
]
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a
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<

Amplitude(dB)
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Arpplitude(dB)

fiom 30
o . w Q%,. 20 -500
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S, eV e e
%, o ex & %, 0 e &
2 P 500 Hop? %) 0 500 pop?

(© (d)

Figure 10. Comparison of the RD results. (a) Without interference suppression processing. (b) Blind
source separation based EASI method. (c) Traditional SRP-based method without ARSSC. (d) Pro-
posed ARSSC method.

Figure 11 illustrates the interference suppression ratio (ISR) as a function of INR for
both the traditional SRP-based method and the proposed ARSSC method, evaluated over
1000 Monte Carlo trials. The ISR is defined as the ratio of the interference power before
and after suppression, measured in the range-Doppler domain. As shown, both methods
exhibit improved suppression capability with increasing INR, since a stronger interference
signal leads to more accurate acquisition and carrier frequency tracking. The traditional
method converges rapidly and saturates at approximately 13.2 dB when INR exceeds 3 dB,
indicating a fundamental performance ceiling imposed by the residual frequency mismatch
between the reconstructed and actual CCI signals. In contrast, the proposed ARSSC method
achieves a substantially higher ISR across the entire INR range, reaching a peak of 20.6 dB
at INR = 34 dB. At INR = 0 dB, the proposed method attains an ISR of 19.7 dB, yielding an
improvement of 6.7 dB over the traditional approach. This advantage increases to 7.4 dB at
INR = 40 dB, confirming that the AR-based frequency compensation provides progressively
greater benefit as the tracking quality improves. The boxplot distributions further reveal
that both methods maintain tight interquartile ranges at moderate-to-high INR levels.
At INR = 40 dB, the proposed method exhibits an interquartile range of 0.13 dB, compared
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to 0.01 dB for the traditional method. This moderate increase in dispersion is attributable
to the sensitivity of AR backward extrapolation to occasional tracking outliers; however,
the absolute dispersion remains negligible relative to the 7.4 dB mean improvement.

25 B
20 . s
15t .
& o
°
Z10f :
2!
5 |- .
0r —— Proposed method
—#— Traditional method
_5 i I I I I I I I I I I I | |

22 17 -12 -7 -2 3 9 14 19 24 29 34 40
INR (dB)

Figure 11. Suppression performance of proposed and traditional methods.

4.2. Steady-State-Based Fitting and Backward-Extrapolation Methods Analysis

To further compare the effectiveness of AR-based frequency backward extrapolation
in CCI reconstruction, a module-level experiment is designed using two complementary
metrics: frequency root mean square error (RMSE) and divergent-trial rate. The RMSE
experiment quantifies the average accuracy of the reconstructed convergence-stage carrier-
frequency sequence, whereas the divergent-trial rate is the proportion of Monte Carlo trials
whose per-trial RMSE exceeds 10 Hz and is used to characterize extrapolation stability.
The comparison includes four frequency-compensation algorithms: ARSSC, Kalman filter-
ing, particle filtering, and polynomial fitting. For each INR value, 1000 Monte Carlo trials
are conducted for each method.

All four methods are applied to the same PLL carrier-frequency sequence. The steady-
state boundary my is first obtained using the criterion in (22) and is then kept unchanged for
all methods, so that the same steady-state segment and the same convergence-stage extrap-
olation interval are used. The Kalman-filter baseline adopts a second-order frequency state
consisting of carrier frequency and frequency rate, with the process and measurement noise
settings determined from the steady-state tracking statistics. The particle-filter baseline uses
the same state model and noise settings, with 600 particles. The polynomial-fitting baseline
uses the same steady-state segment and performs deterministic backward extrapolation
over the same convergence-stage interval.

The simulation results are shown in Figure 12. As shown in Figure 12a, ARSSC yields
the lowest frequency RMSE throughout the tested INR range, demonstrating that the AR
model provides the most accurate convergence-stage frequency reconstruction among the
tested algorithms. For example, at INR = 0 dB, its RMSE is 0.70 Hz, compared with 0.75 Hz
for the Kalman filter and 0.81 Hz for the particle filter; the polynomial-fitting baseline
remains clearly higher because it only captures a deterministic trend and cannot model the
temporally correlated tracking-loop errors. Figure 12b further shows that ARSSC has a
lower divergent-trial rate under extremely low INR conditions (—20 to —15 dB), indicating
better stability when the PLL output is strongly contaminated by tracking noise. As INR
increases, the divergent-trial rates of all methods approach zero, and the advantage in this
metric becomes less pronounced; thus, the divergent-trial-rate result mainly reveals the
robustness margin under the most adverse tracking conditions, while the RMSE result
reflects the accuracy advantage across the full INR range.
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Figure 12. Frequency backward-extrapolation performance comparison of different methods. (a) Fre-
quency RMSE versus INR. (b) Divergent-trial rate (per-trial RMSE > 10 Hz) versus INR.

Figure 13 further clarifies how different fitting and frequency-backward-extrapolation
methods affect the final CCI suppression performance. A unified CCI reconstruction
scenario is adopted, in which the receiver geometry, CCI configuration, coherent integra-
tion setting, and detection equation are kept unchanged; only the fitting and frequency
backward-extrapolation algorithm used for CCI reconstruction is varied. The detection
probability is then derived from (10) at Pr, = 10~° with 600-pulse coherent integration
while sweeping the received SIR. The results show that ARSSC is the most suitable choice
for this reconstruction task: at a detection probability of 0.9, it achieves the lowest detectable
SIR among the compared methods, whereas Kalman filtering, particle filtering, and espe-
cially polynomial fitting require higher received SIR to reach the same detection probability.

1

A~ 0.8
-9
2
< 0.6
S
e
o
g 0.4 No suppression
g Polynomial fitting
1] Traditional SRP
é’ e ARSSC
0.2 — — Kalman filter
— = Particle filter

-25 -20 -15 -10
Received SIR (dB)

Figure 13. Detection probability versus received SIR for different frequency-fitting and backward-
extrapolation methods.
4.3. Parameter Sensitivity Analysis

The performance of the proposed ARSSC method depends on two key parameters:
the steady-state boundary threshold 7y and the AR model order p. In this subsection,
the sensitivity of the CCI suppression performance to these parameters is analyzed.
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4.3.1. Sensitivity to Steady-State Threshold 75

The threshold 75 in (22) determines the boundary between the convergence and
steady-state stages. A smaller 7; yields a more conservative boundary, ensuring that
only highly stable frequency estimates are used for AR fitting, but at the cost of reducing
the number of available steady-state samples. Conversely, a larger 7 includes more
samples but may incorporate residual convergence errors into the AR model, degrading
the compensation accuracy.

To evaluate this trade-off, simulations are conducted under the same configuration as
Table 2, with five representative values of y 1S {0.014,0.018,0.022,0.024,0.025}. The tra-
ditional SRP-based method without frequency compensation is included as the baseline.
The resulting ISR performance averaged over 1000 Monte Carlo trials is shown in Figure 14.

22 T T T T T
20 - 3
18 1
- 16 1
-
0414 ____________________‘
2
12 — .= 0.014 1
nffOAOlS
10 7= 0.022 .
—_—,.=0.024
8r 1,=0.025 ]
— = =Traditional method
6 1 1 1 1 1 1
-20 -10 0 10 20 30 40

INR (dB)

Figure 14. ISR performance versus INR for different steady-state threshold 7, values and the
traditional method.

As observed, all five proposed configurations consistently outperform the traditional
SRP-based method when INR exceeds —20 dB, and the performance gap widens progres-
sively with increasing INR. The traditional method exhibits early saturation at approx-
imately 13.2 dB, serving as a lower-bound reference. Among the five threshold values,
1y = 0.022 and 17y = 0.024 yield the best overall suppression performance, achieving peak
ISR values of 20.6 dB and 21.0 dB, respectively. At INR = 0 dB, both configurations attain
an ISR of approximately 19.7 dB, corresponding to an improvement of 6.7 dB over the
traditional baseline (13.0 dB). A smaller threshold (75 = 0.014) leads to an overly conser-
vative steady-state boundary, which excludes a significant portion of usable frequency
estimates from the AR fitting process, thereby limiting the ISR to approximately 16.7 dB.
Conversely, a larger threshold (17; = 0.025) extends the boundary into the convergence
region, introducing residual frequency errors into the AR model and degrading the ISR to
around 19.9 dB. The results demonstrate that the proposed method is moderately sensitive
to the choice of 77, with a broad effective range of 775 € [0.018,0.024] yielding consistently
high suppression performance. Based on these observations, 77y = 0.022 is adopted as the
default threshold throughout this work, offering a robust balance between model fidelity
and sample utilization.

To examine the robustness of the proposed method under dynamic satellite geometry,
the following analysis is conducted. In practical deployments, satellite positions vary
continuously due to orbital motion, which could in principle challenge the validity of a
fixed threshold 7 over successive processing intervals. Within the coherent processing
interval employed in this work (<0.6 s), however, the geometric variation is negligible: the
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typical GPS satellite elevation angle changes at a rate below 0.005°/s, corresponding to a
Doppler-shift variation far smaller than the robust operating range of 77, € [0.018,0.024]
identified above. The INR sweep in Figure 14 further confirms that 77, = 0.022 maintains ef-
fective suppression across the entire tested INR range of —20 to 40 dB, ensuring robustness
against the moderate INR variations induced by elevation-angle changes between succes-
sive processing intervals. The 1000-trial Monte Carlo experiment provides an additional,
statistically robust confirmation: under the threshold 1, = 0.022, the divergent-trial rate
remains below 1% for INR > —19 dB across all AR orders, indicating that natural variations
in interference power are well within the reliability margin. The real-data experiment in
Section 4.4, conducted under naturally varying satellite geometry, implicitly validates this
conclusion. Nevertheless, scenarios involving sudden interference-power transients—for
instance, rapid antenna-pattern changes due to platform rotation—fall outside the scope
of the current fixed-threshold design. An online adaptive update of 7 tailored to such
time-varying INR conditions is identified as future work.

4.3.2. Sensitivity to AR Model Order p

The AR model order p in (23) controls the complexity of the frequency fitting model.
A higher order captures more detailed frequency dynamics but increases computational
cost and may lead to overfitting when the number of steady-state samples is limited, while
a lower order reduces computational burden but may fail to adequately represent the
frequency variation pattern.

To examine AR-based backward extrapolation under different operating conditions,
Figure 15 compares the backward-extrapolated estimates against the ground truth for repre-
sentative p values, under four combinations of INR € {10, —15} dB and 7 € {0.022,0.01}.
Here, Nys denotes the number of steady-state samples within the valid frequency-tracking
segment used for the module-level backward-extrapolation test. As shown in Figure 15a,
when an appropriate threshold is chosen (1 =0.022, mg = 72, Nys = 65), all model orders
produce backward-extrapolated estimates close to the true frequency throughout the con-
vergence region. In contrast, when the threshold is set conservatively (75 = 0.01, mo = 115,
Ngs = 22, Figure 15b, the reduced sample size degrades the AR fitting, and visible curve
dispersion appears at higher orders. The low-INR cases (Figure 15¢,d, INR = —15 dB)
exhibit qualitatively similar patterns but with larger residual errors due to the noisier
tracking output.

To rigorously characterize the sensitivity of the frequency backward-extrapolation
performance to p and 75, a Monte Carlo experiment is performed by jointly sweeping
p € [1,10], 75 € {0.022,0.010}, and INR € [-22,40] dB. For each parameter combination,
1000 trials are conducted. The same frequency RMSE and divergent-trial-rate metrics are
adopted to evaluate extrapolation accuracy and stability, respectively. The corresponding
results are presented in Figure 16.

A legitimate concern with AR-based backward extrapolation is whether the model
in (23) fits the temporally correlated PLL tracking noise rather than the underlying satellite
Doppler dynamics, particularly when the steady-state segment is short. In the proposed
framework, this concern is alleviated by design: the length of the AR-fitting segment is
governed by the threshold 7, so that a properly selected 7 retains a sufficient number
of steady-state samples Nss for stable AR estimation. Figure 16 provides the empirical
validation of this claim.

Figure 16a,b show the frequency RMSE obtained from backward extrapolation. In the
low-INR region, lower-order AR models generally produce smaller errors because the
fitting data are more strongly contaminated by PLL tracking noise and high-order models
are more likely to follow this noise. As INR increases, the steady-state frequency estimates
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become cleaner and the benefit of increasing p becomes more visible, especially when
the fitting window is shortened by the conservative threshold 77y = 0.010. The transition
between these two regimes occurs around INR = 15 dB. In particular, Figure 16b shows that
higher p values can achieve lower RMSE in the high-INR region, indicating that a larger
model order is beneficial when the tracking output is sufficiently clean. Under the near-
default threshold # = 0.022, however, the available steady-state sample size is sufficient
and the RMSE curves for p € [1,4] remain close over the entire tested range, indicating that

a low-to-moderate AR order is adequate for the proposed compensation task.
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Figure 15. AR-based backward extrapolation under representative operating conditions.

(a) INR =10 dB with the threshold = 0.022. (b) INR = 10 dB with the threshold # f = 0.010.
(c) INR = —15 dB with the threshold 1y = 0.022. (d) INR = —15 dB with the threshold 1y = 0.010.

Figure 16¢,d further examine severe error growth caused by unstable extrapolation.
For the analysis below, a reliability criterion based on the divergent-trial rate is adopted: the
algorithm is considered reliable when the divergent rate remains below 5%, corresponding
to the “95% reliability /5% failure tolerance” benchmark widely used in engineering practice.
Under the near-default threshold 77, = 0.022 (Figure 16¢), the divergent-trial rate is almost
unaffected by p, showing that the AR order does not introduce noticeable overfitting when
enough steady-state samples are retained. In contrast, when the threshold tightens to
115 = 0.010 (Nss reduced from approximately 65 to 22, Figure 16d), a clear rise in divergent-
trial rate appears for p > 5. This confirms that severe degradation occurs mainly under the
combined condition of an overly conservative threshold and insufficient fitting samples,
rather than being an inherent instability of the ARSSC framework.

Based on these observations, the AR order does not need to be continuously adjusted
for each operating condition within the tested range. Instead, Figure 16 shows that p € [1,4]
provides stable performance under all tested conditions: lower orders are preferable in
low-INR or short-window cases, while a moderate order can better capture smooth Doppler
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variation when the tracking output is cleaner. Since Figure 16b also indicates that larger
p values are advantageous in high-INR conditions, the value p = 4 is selected as the
default because it is the highest order within the stable range p € [1,4], remains below
the over-parameterized region observed for p > 5 under reduced sample size, and still
provides sufficient modeling flexibility under high-INR conditions. Combined with the
threshold analysis in Figure 14, these results indicate that 77y = 0.022 and p = 4 are suitable
recommended values for different operating conditions.
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Figure 16. Sensitivity of frequency backward-extrapolation performance to AR model order. (a) Fre-
quency RMSE when 17y = 0.022. (b) Frequency RMSE when 17y = 0.010. (c) Divergent-trial rate when
15 = 0.022. (d) Divergent-trial rate when 7 = 0.010.

Throughout the simulation and real-data experiments in Sections 4.1 and 4.4, the de-
fault parameters 77y = 0.022 and p = 4 are adopted.

4.4. Real Data Experiments

Two field experiments are performed to validate the proposed ARSSC method under
different deployment conditions, target types, and interference geometries. The first
scenario uses a civil aircraft as the detection target at an airport, with two CCI satellites
within the surveillance antenna mainlobe; the second scenario uses a ground vehicle on an
open road with four CCI satellites simultaneously present, providing a more challenging
multi-source interference environment. Since the interference power cannot be isolated
directly in real-data experiments, the ISR is indirectly evaluated via the SIR measured in
the RD domain.
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4.4.1. First Scenario: Civil Aircraft Detection at Xi’an Xianyang International Airport

A real-data experiment is conducted at Xi’an Xianyang International Airport. As il-
lustrated in Figure 17a, a passive radar receiver is deployed approximately 1 km from
the airport runway. The system employs GPS L1 C/ A signals as the illumination source,
with satellite PRN 7 serving as the radar transmitter. A civil aircraft during takeoff is used
as the detection target, located at a range of approximately 1 km from the receiver with a
ground speed of roughly 70 m/s. The surveillance antenna is a directional surveillance
antenna with a half-power beamwidth of 28°, steered toward the target direction, while
a horn antenna serves as the reference antenna for acquiring the direct-path signal from
PRN 7.

Figure 17b presents a skyplot illustrating the spatial distribution of GPS satellites with
respect to the receiver. The surveillance antenna mainlobe, indicated by the shaded sector,
covers the angular region around the target. Two interference satellites, PRN 1 and PRN 18,
are located within or near the mainlobe, producing significant CCI. The transmitter satellite
PRN 7 is positioned at a higher elevation angle in the northeastern sky. The detailed
Earth-centered, Earth-fixed (ECEF) coordinates and velocities of all satellites are provided
in Table 3.

The received signal is converted to an intermediate frequency and sampled at 32 MHz.
Due to the 28° beamwidth, the target echo is only captured intermittently during the
aircraft’s takeoff trajectory. Within the available data, the segment from 1.95 to 2.2 s is
selected for processing, yielding a coherent accumulation time of 0.25 s. The experimental
hardware is shown in Figure 18: (a) the antenna configuration at the test site, (b) the
radar receiver, and (c) the signal processing board. All the experimental hardware was
self-developed by the National Laboratory of Radar Signal Processing, Xidian University,
Xi’an, China. Additional system parameters are summarized in Table 3.

) ianyang International Airport /73
; . e
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I
PRN 18 (CCl

A A

26
IMainiobe //pRN 1(C
& 28)
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I
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Figure 17. Real-data experiment scenario. (a) Aerial view of Xi’an Xianyang International Airport

showing the receiver location and detection geometry. (b) Skyplot of GPS satellite distribution as seen
from the receiver; the shaded sector indicates the 28° antenna mainlobe directed toward the target.
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Figure 18. Airport experimental setups. (a) Experimental scenario and radar antenna. (b) Radar
receiver. (c) Signal processing board.

Table 3. Real data experiment parameters—Airport Scenario.

Parameters Value Unit
PRN 7 /
PBR-transmitter Coordinate (—14,843, 3646, 21,373) km
Velocity (1789, —1203, —2051) m/s
PRN 1 /
CCI-1 Coordinate (—4678, 248, 25,981) km
Velocity (—2694, 1198, —497) m/s
PRN 18 /
CCI-2 Coordinate (—9979, —3296, 24,000) km
Velocity (—2724, —326, —1177) m/s
Target Coordinate (1,5, 3) km
PRF 1000 Hz
PBRreceiver Bandwidth 1.023 MHz
Integration time 0.25 s
Sampling frequency 32 MHz

Figure 19 shows the result of the CCI search, which is derived from the normalized
amplitude of the cross-correlation between the surveillance channel received signal and the
local ranging code. As indicated in the figure, the power levels of the 1st and 18th satellites
are significantly higher than those of the others. These satellites are hence identified as
sources of CCl in the radar detection.
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Figure 19. CCI searching result.

Figure 20 presents the RD domain results of the target after range compression and
integration, along with other processing steps. In this experiment, the GPS 7th satellite
serves as the source illuminator, while signals from the 1st and 18th satellites are received
as interference. To enhance visualization, the x-axis of bistatic distance is restricted to a
5-kilometer range due to the proximity of the target, and the y-axis of bistatic velocity
is configured to span from —50 m/s to 50 m/s in the RD map to focus on the area near
the target. Figure 20a plots the RD result without CCI suppression, where the target is
entirely submerged in CCI. This phenomenon occurs because the received CCI signals
vary in frequency and contain a large number of multipath components, resulting in corre-
lated interference across different frequency dimensions, which is an important distinction
between CCI and traditional interference. Figure 20b,c compare the RD results obtained
using the traditional method and the proposed solution. While the traditional reconstruc-
tion method significantly reduces the power of CCI, a substantial amount of residual
interference remains. In contrast, the proposed ARSSC-based frequency compensation
method effectively reduces the residual interference, improving the SIR from —4.76 dB to
13.45 dB, corresponding to a 6.3 dB ISR improvement over the traditional reconstruction
method (SIR = 7.11 dB). The EASI method was not applied in the real-data experiment
because the number of source signals and their statistical independence—both prerequisites
for the algorithm—cannot be reliably determined in a field environment with unknown
multipath propagation.

To further assess the practical impact of CCI suppression on target detectability, Table 4
lists the estimated detection probability Pp computed from (10) using the measured SIR
values in the RD domain. The SIR prior to suppression is —4.76 dB as observed in Figure 20a.
Without any suppression, the detection probability is negligible across all tested false alarm
rates, consistent with the severe target masking observed in the RD map. The traditional
SRP method raises Pp to 17.6% at Py, = 1074, reflecting the partial interference reduction
visible in Figure 20b. In contrast, the proposed ARSSC method achieves Pp = 99.3% at
Py, = 10~* and maintains 93.0% even at the stringent Ps, = 107, confirming that the
6.3 dB ISR gain translates directly into a substantial enhancement in operational target
detection performance.

Table 4. Estimated detection probability for the real-data experiment.

Py, No Suppression Traditional SRP Proposed ARSSC
10~* 0.1% 17.6% 99.3%
107° <0.1% 7.5% 97.3%
1076 <0.1% 2.9% 93.0%

https://doi.org/10.3390/rs18111729


https://doi.org/10.3390/rs18111729

Remote Sens. 2026, 18, 1729 26 of 33

1.95~2.2s Satellite 9 RD Result 1.95~2.2s Satellite 9 RD Result
SIR=-4.76dB SIR=7.114 dB

Amplitude(dB)
Amplitude(dB)

1.95~2.2s Satellite 9 RD Result
ISR=13.4517dB

Amplitude(dB)

Figure 20. Results of the flight detection trial. (a) RD result before CCI suppression. (b) Traditional
reconstruction method. (c¢) ARSSC-based frequency compensation.

4.4.2. Second Scenario: Ground Vehicle Detection Under Four-Source CCI

To further test the algorithm’s adaptability across deployment conditions, target types,
and interference configurations, a second real-data experiment is conducted with a ground-
vehicle target on a roadway. Four CCI satellites simultaneously fall within the surveillance
antenna field of view, yielding a more challenging multi-source interference environment
than the two-CClI configuration of the first scenario.

As illustrated in Figure 21a, the passive radar receiver is deployed alongside the
roadway, with a directional surveillance antenna mounted on a tripod and steered along the
road axis. The surveillance antenna used in this scenario has a half-power beamwidth of 35°,
different from the 28° antenna employed in the first scenario. A passenger vehicle traveling
along the roadway at approximately 6 m/s is used as the detection target. Figure 21b shows
the CCI acquisition result in the surveillance channel, where PRNs 2, 15, 25, and 28 exhibit
dominant peak-to-sidelobe ratios and are identified as the four CCI sources.

The system employs GPS L1 C/A signals as the illumination source, with satellite
PRN 18 serving as the radar transmitter for this acquisition. The received signal is con-
verted to an intermediate frequency and sampled at 32 MHz, identical to the first scenario.
Within the available recording, the segment from 10.9 to 11.15 s is selected for processing,
yielding a coherent accumulation time of 0.25 s. The PRNs, ECEF positions, and velocities
of the illuminator and the four CCI satellites at the start of the processing interval are
summarized in Table 5.
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Figure 21. Real-data experiment setup and CCI acquisition result for the ground vehicle scenario.

(a) Experimental setup. (b) CCI acquisition peak-to-sidelobe ratio.

Table 5. Real data experiment parameters—Ground Vehicle Scenario.

Parameters Value Unit
PRN 18 /
PBR-transmitter Coordinate (—5261, 24,466, —8667) km
Velocity (=261, —1097, —2953) m/s
PRN 15 /
CCI-1 Coordinate (—24,977, —1909, 8754) km
Velocity (=995, —700, —2819) m/s
PRN 25 /
CCI-2 Coordinate (—19,199, 17,356, —5607) km
Velocity (—738, 111, 3069) m/s
PRN 28 /
CCI-3 Coordinate (5446, 25,542, —4873) km
Velocity (—222, 635, 3096) m/s
PRN 2 /
CCI-4 Coordinate (7493, 25,028, 6247) km
Velocity (—125, 736, —3042) m/s
Target Coordinate (0, —0.087, 0.05) km
PRF 1000 Hz
PBR-receiver Bandwidth 1.023 MHz
Integration time 0.25 )
Sampling frequency 32 MHz

Figure 22 presents the RD-domain results obtained from the second scenario. Three
representative outcomes are compared: the unmitigated result with the four-source CCI
present at full strength, the traditional reconstruction-based suppression, and the pro-
posed ARSSC suppression. Figure 22a shows that, without any suppression, the target is
completely submerged in the broadband CCI floor, with the SIR collapsing to —24.4 dB.
Figure 22b demonstrates the traditional reconstruction-based suppression, which restores
the SIR to +3.0 dB—a 27.4 dB ISR improvement over the unmitigated case—but still leaves
residual CCI distributed across the Doppler axis due to the imperfect cancellation of the
convergence-stage PLL tracking errors. Figure 22c shows the proposed ARSSC method,
which elevates the SIR to +9.3 dB, providing an additional 6.3 dB ISR gain over the tradi-
tional method under this multi-source configuration; the target appears as a clean peak
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with no observable CCI residue. This second scenario thus corroborates the findings from
the first scenario and extends the validation envelope of the proposed method to four
simultaneous CClI sources.

10.9~11.15s Satellite 18 RD Result 10.9~11.15s Satellite 18 RD Result
SIR=-24.394 dB SIR=3.041 dB
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Figure 22. RD-domain results of the ground-vehicle detection trial under four-source CCI. (a) Without
suppression. (b) Traditional reconstruction. (c) Proposed ARSSC.

To quantify how the SIR gain translates into target detectability under this more
challenging four-source configuration, Table 6 reports the estimated detection probability
Pp computed from (10) using the measured SIR values in the RD domain. The absolute Pp
values in this scenario are inherently constrained by the lower RCS of the ground vehicle
and by the limited coherent integration time available during the segment in which the
target remains within the surveillance beam. Within these constraints, the proposed ARSSC
method delivers consistently substantial improvements in detection probability over the
traditional SRP method across all tested Py, values: from 6.9% to 70.1% at Py, = 1073
(+63.2 percentage points), from 2.0% to 48.1% at Py, = 10~* (+46.2 percentage points),
and from 0.5% to 29.0% at Pr, = 1072 (+28.5 percentage points). These results correspond
to an order-of-magnitude enhancement in detection capability and confirm that the 6.3 dB
additional ISR gain provided by ARSSC translates directly into a meaningful operational
benefit under multi-source CCI.
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Table 6. Estimated detection probability for the ground-vehicle scenario.
p No Traditional Proposed Improvement
fa Suppression SRP ARSSC P
103 0.3% 6.9% 70.1% +63.2 pp
104 <0.1% 2.0% 48.1% +46.2 pp
10-° <0.1% 0.5% 29.0% +28.5 pp

5. Discussion

The proposed ARSSC framework does not require the receiver platform to be perfectly
stationary. It should first be clarified that CCl is the direct satellite-to-receiver signal com-
ponent received through the surveillance antenna mainlobe; it is not reflected by the target.
Therefore, target maneuvering does not change the CCI frequency to be reconstructed by
ARSSC. Target acceleration may affect the subsequent target-echo coherent integration,
but this is a target-detection issue rather than a CCI-frequency reconstruction issue. For AR-
SSC, the relevant dynamic factor is receiver platform motion, which introduces both an
additional Doppler offset and a small Doppler-rate term through the time variation in the
satellite-receiver line-of-sight geometry.

For a moving receiver with velocity 9 (t), the CCI Doppler frequency contributed by
the k-th satellite can be written as

fax(t) = 3 [Buas(5) = ()] - 7e(0), ()

where T, () and #¢(t) are the satellite velocity and the unit vector from the receiver
toward the satellite, respectively. The first term, Ty x - /A, is the satellite-induced
Doppler already handled by the proposed AR-based compensation, while the second
term, U - /A, is the additional Doppler contribution caused by receiver motion. When
7x(t) changes over time, this platform-induced term also contributes a Doppler rate. Us-
ing the simulation geometry and a 45° projection angle, the receiver-displacement term
alone gives Doppler rates of 0, 4.07 x 1074, 1.63 x 1073, 3.67 x 1073, and 6.52 x 1073 Hz/s
for |dr| = {0,50,100,150,200} m/s, respectively. To avoid underestimating the effect,
the Monte Carlo stress test below uses a conservative upper bound that also includes the
satellite-motion contribution to the line-of-sight variation.

To quantify this effect, a Monte Carlo experiment is conducted by superposing plat-
form velocities of |dr| € {0,50,100, 150,200} m/s onto the baseline CCI signal at a 45°
projection angle. In each case, both the platform-induced Doppler offset and the conser-
vative Doppler-rate bound are injected into the CCI signal. The experiment is performed
at INR = 0 dB with 1000 trials per velocity, using 17y = 0.022 and p = 4. As summarized
in Table 7, receiver motion changes the absolute CCI Doppler offset by up to 743.2 Hz,
while the conservative Doppler rate remains below 0.0310 Hz/s, corresponding to less
than 0.0078 Hz of additional Doppler variation within the 0.25 s coherent processing in-
terval. The divergent-trial rate remains at or below 0.1%, and the mean frequency RMSE
remains within a few hertz without monotonic deterioration with increasing platform
velocity. These results indicate that the additional Doppler offset and geometry-induced
Doppler rate introduced by receiver motion have limited impact on the stability of ARSSC
frequency extrapolation.

It should also be noted that, although ARSSC cleanly removes the multi-source CCI,
the absolute detection probability for small ground targets such as the vehicle considered
here remains constrained by the low GNSS power density and the short available integra-
tion interval, so reaching operational detection in practice still requires combining ARSSC
with long coherent integration [6-11] or multi-source fusion [12] techniques.
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Table 7. Frequency backward-extrapolation performance under receiver platform motion, based on
1000 Monte Carlo trials at INR =0 dB, 77y = 0.022, and p = 4.

Doppler Offset  Doppler Rate Mean RMSE Divergent-Trial

|7R| (m/s) (Hz) (Hz/s) (Hz) Rate (%)
0 0.0 0.0000 0.719 0.0
50 185.8 0.0065 0.267 0.1
100 371.6 0.0138 0.471 0.1
150 557.4 0.0220 0.469 0.1
200 743.2 0.0310 0.809 0.1

6. Conclusions

In this paper, we presented the ARSSC method to address the critical yet overlooked
challenge of carrier frequency estimation errors in CCI suppression for GPS-based passive
bistatic radar. Rather than treating the convergence-stage errors as an inherent limitation of
the tracking loop, our approach exploits the smooth, quasi-deterministic nature of satellite
Doppler dynamics to extrapolate accurate frequency estimates backward from the steady-
state region via a low-order AR model. This purely data-driven compensation strategy
requires no prior knowledge of noise statistics or explicit state-space modeling, making it
readily applicable across diverse satellite geometries and interference conditions.

Extensive simulations and real-data experiments demonstrate that the proposed
method consistently outperforms conventional reconstruction-based approaches. In sim-
ulation, the ARSSC method achieves a 7.4 dB ISR improvement over the traditional SRP
method, extending the detectable SIR threshold from —27.7 dB to —35.1 dB and substan-
tially expanding the feasible surveillance coverage. An ablation comparison further shows
that replacing the AR model with polynomial extrapolation reduces the ISR to only 6.1 dB,
confirming the necessity of AR modeling for capturing temporally correlated tracking-loop
errors. Real-data experiments under different field scenarios further validate these results,
with both the airport aircraft and ground-vehicle scenarios showing a 6.3 dB ISR improve-
ment over traditional reconstruction. In the airport aircraft scenario, this gain elevates the
estimated detection probability from 17.6% to over 99% at Pr, = 10—, Parameter sensitivity
analysis confirms that the default configuration of 17y = 0.022 and p = 4 maintains robust
performance across a broad range of operating conditions, with low sensitivity to model
order when the threshold is appropriately chosen.

Future work will focus on developing fully online, adaptive parameter selection mech-
anisms beyond the fixed recommended parameter setting evaluated in this paper, joint
multi-CClI frequency modeling that exploits inter-satellite geometric constraints, and ex-
tending the framework to multi-constellation Global Navigation Satellite System (GNSS)
signals (Galileo, BeiDou, GLONASS)—directions that could further enhance the opera-
tional capability of passive radar systems for wide-area aerial surveillance. More broadly,
the proposed approach contributes to advancing passive remote sensing based on signals
of opportunity, with direct relevance to applications such as air traffic monitoring, border
surveillance, and wide-area Earth surface observation, where covert and infrastructure-free
sensing is highly desirable.
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