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ABSTRACT In this paper, a two-dimensional (2D) autoregressive (AR) model is employed as a mitigation
algorithm for interference in the Frequency Modulated Continuous Wave (FMCW) radars. The AR model,
due to its simple structure, can perform super efficiently in multi-dimensional estimation problems and can
be a suitable replacement for complex Neural Network (NN) based algorithms. This study addresses the
advanced requirements of the 2D AR algorithm for mitigating interference in actual frames collected from
real-world experiments. Three approaches to interference generation were incorporated to reproduce and
study the most common and likely circumstances of mutual interference. A dynamic sampling direction
selection framework is developed to address the unpredictable shapes of interfered segments within a
frame. An iterative signal reconstruction algorithm is proposed to reconstruct the damaged areas using clean
samples. Finally, the parallelizable processes were vectorized to make them implementable in the real world.
The 2D AR mitigator’s performance was assessed using a diverse dataset of frames collected from real-
world experiments, each containing unique target, noise, and interference attributes. The derived mitigator
improved the signal in all experimental cases, down to the noise floor, and increased the Signal to Interference
plus Noise Ratio (SINR) to almost 15 dB. Finally, the performance of different order models was compared
in an identical hardware and software environment to provide a scaled indicator of the computation escalation
in different model orders.

INDEX TERMS Autoregressive, AR, FMCW, interference, mmWave, mitigation, radar, two-dimensional.

I. INTRODUCTION
In the past decade, radio detection and ranging (RADAR)
sensors have increasingly been utilized in the automotive
industry to assist drivers and automate vehicles. In many
applications, FMCW radars excel in object sensing compared
to LIDARs and cameras, offering cost-effectiveness, efficient
detection, fast updates, and weather robustness. Nowadays,
FMCW radars are used in various short- and long-range
applications, including parking assistance and autonomous
driving, and are considered integral parts of Advanced Driver
Assistance Systems (ADAS).

Moreover, the surveillance systems are another destination
for FMCW radars. They are even utilized in healthcare appli-
cations [1]. The 77-81 GHz band is an efficient frequency
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range for long-range detection in the automotive industry.
In the meantime, the rapid growth of these applications
has led to an interfering issue that exhibits radio pollution
in the transportation industry. The damage caused by the
interference can easily render any ADAS system inoperable.

There are several approaches for addressing the interfer-
ence issue, each utilizing one or more domains, such as time,
frequency, or spatial domains. These domains, or seemingly
degrees of freedom, are provided by either hardware or
signal-model capabilities [2]. For instance, some manufactur-
ers equip their radars with a fast chirp propagation technique,
which allows them to detect the interference occurrence in
a short period, and by periodically capturing the presence
of a jammer radar [3], it is possible to switch to a higher
or a lower band to avoid the interference. However, mutual
interference among multiple radars can create complex
situations that may not be resolved through reconstruction
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or mitigation techniques [4], [5], [6]. A multiple send-and-
receive antennas strategy is already being used to detect the
Angle of Arrival (AoA) in FMCW radars. These multiple
receive channels could also be employed in a Multi-Input
Multi-Output (MIMO) setup to substitute interfered received
samples with alternative clean samples [7]. This technique
could be considered one of the most efficient time-domain
mitigation solutions for the problem.

The MIMO setup could also be tuned to form the
propagating wave beam to a desired target angle and to ignore
the receiving waves from the jammer(s) direction(s); e.g., [8],
which is indeed an avoidance strategy. These methods require
either extra channels or antenna arrangements, or they can
occupy a larger frequency band or time slots. In the absence
of such features, the signal could be extracted through signal
reconstruction techniques.

Efforts were made to reconstruct a damaged FMCW frame
by analyzing its frequency components or using target-
detection techniques [9], [10], [11], [12], [13], [14]. Another
way is to simply replace the interfered samples in the time
domain with zeros, or even with random Gaussian noise at the
same level as the rest of the samples. However, because signal
information is lost or omitted in these techniques, the signal’s
strength and quality depend on the ratio of the interfered
segments to the entire signal.

A more complex solution is to reconstruct the damaged
parts of an interfered frame using time domain estimation
techniques [4], [15], [16], [17], [18]. Complicated neural
network structures can be employed for this purpose [19].
Due to the intrinsic characteristics of the FMCW waveform,
the Recurrent Neural Networks (RNN) seem to be the most
suitable and cost-efficient model structures in the domain
of neural networks. Some well-trained networks can achieve
up to 30 dB of SINR on simulated radar data, which is a
significant result [20], [21]. An interesting recent study [22]
investigates the trade-off between reconstruction quality and
time consumption in deep learning algorithms. The results
presented show that an optimized model’s simulation can
reach below 100 ms, which is sufficient for processing a
multi-burst of chirps in real time. However, the network
training time is not considered in those studies (see also [2]).

Principle Component Analysis is another applicable
method for tracking signal fluctuations across multiple
dimensions. PCA reduces data dimensionality while preserv-
ing the most important components of the signal in it [23].
It can be applied using the Alternating Least Squares (ALS)
technique to estimate and substitute the damaged samples.
The PCA-ALS has been successfully employed recently to
suppress interference in FMCW radars [24].

Assuming the two-dimensional (2D) frame of an FMCW
radar is a multi-tone linear time series, a dynamic model
such as an autoregressive (AR) process can also estimate the
series, as discussed in [25], [26], and [27]. An AR model, as a
polynomial, can be considered a single-layer neural network
with very few parameters for adaptation and high parallel

processing capability, which implies that it requires fewer
computational resources than a multi-layer network.

Since 2021, studies have been conducted to reconstruct
FMCW interfered frames using the AR process in one-
dimensional (1D) estimation [5], [28], [29]. One-dimensional
AR has proven effective in suppressing interference in Range-
Doppler radar [28].

Although a one-dimensional implementation in the two
available directions (slow-time or fast-time) has further
demonstrated improvements in performance, sometimes the
performance with the one-dimensional AR is significantly
better in the fast-time direction than in the slow-time
direction, and vice versa. These results indicate that both
directions can be successful, and it is not unreasonable
to assume that there are situations in which the two are
correlated. In such cases, the joint property that arises could
provide an additional performance gain that 2D AR could
exploit.

In this regard, later in [30], the 1D and 2D AR were
assessed to observe and compare their efficiency and
adaptability across several interference scenarios. Although
the study was based on simulated frames, it revealed several
previously hidden aspects of AR performance in the 2D
reconstruction process. In the 1D estimation, the simulated
models can overfit at a very low order (order 5), compared to
the models reported in [28]. In the 2D model, the overfitting
point even lowered down to model order 3. A higher-
dimensional AR model is more complex; however, there are
techniques for reducing dimensionality [31]. As discussed
in [30], the main advantage of the 2D AR compared to its 1D
counterpart is that it demands a smaller aperture of time for
sampling, which can facilitate the reconstruction process in
many complex shapes of interference in a frame.

While different recent studies have explored interference
mitigation in FMCW radars using one-dimensional AR mod-
els, neural networks, tensor decompositions, or frequency-
domain interpolation techniques, most rely on simulated
data, assume simplified interference patterns, or require large
clean reference segments for training. In contrast, this work
focuses on practical, real-world FMCW frames collected
under varying mutual-interference conditions and proposes
a reconstruction framework suitable for implementation on
automotive radar hardware. The main contributions of this
work are summarized as follows:

• Development of an adaptive 2D autoregressive interfer-
ence mitigator for real FMCW radar data.

• Unlike existing 1D AR or simulation-based studies,
we design and evaluate a full 2D AR reconstruction
framework capable of handling complex, irregular
interference patterns observed in experimental radar
recordings.

• A novel dynamic sampling-direction selection algorithm
for 2D AR reconstruction.

• We introduce a systematic decision process that selects
the optimal sampling direction for each corrupted
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sample based on interference boundaries, border prox-
imity, sampling consistency, and the proportion of
previously estimated samples. This results a stable
reconstruction even in non-rectangular or fragmented
interfered regions.

• An iterative multi-directional signal reconstruction strat-
egy tailored for frames with unknown corrupted regions.

• The proposed method iteratively estimates damaged
samples using only verified clean observations, handling
situations where clean reference segments are sparse
or non-contiguous—conditions under which existing
1D AR methods often fail.

• We analyze the computational behavior of 1D and
2D AR models across multiple orders and introduce
optimized vectorized operations to reduce processing
time, making the method suitable for embedded radar
platforms.

• Comprehensive evaluation on different real-world inter-
ference scenarios.

• Using three interference-generation strategies—random
uncontrolled interference, semi-controlled synchronized
interference, and pseudo-interference insertion—along
with multiple target configurations, we demonstrate that
the proposed method can suppress interference down to
the noise floor and consistently improve SINR by up to
15 dB.

Integrating the aforementioned techniques, this study
provides a comprehensive framework for detecting and
mitigating interference in FMCW radars. The proposed
solution, leveraging the simplicity and flexibility of the AR
architecture, is more feasible and practical to implement on
current radar boards.

The proposed reconstruction technique can be applied to
other multi-dimensional waveforms, such as SAR images or
sonar frames, for sample interpolation [25], [32]. Regardless
of the signal source and nature, coherence across multiple
dimensions can justify the use of multi-dimensional AR as
a simple structure interpolator. This paper is organized as
follows:

In Section II, the signal model of an interfered FMCW
radar frame is investigated. Section III defines the autore-
gressive modeling approach, outlining its constraints and
requirements for multi-dimensional problems. The proposed
mitigation approach is presented in Section IV, which
is associated with the interference generation techniques.
The results of the performed experiments are discussed in
Section V.

II. INTERFERENCE DECOMPOSITION AND ANALYSIS
The FMCW radar operates on the principle of multiple chirp
waves propagating. A single chirp can trace a frequency
range. When received in the receiver circuit, the chirp can
be compared to the transmitted one, and a down-converted
version of the chirp can be obtained. The delay in the
received signal can convey information about the distances

TABLE 1. Radars’ common setup parameters in all experiments.

TABLE 2. Radars’ specific setup parameters in each of the experiments.

of the reflecting targets. Each down-converted chirp is
a multi-tone sinusoidal, where each tone (so-called beat
frequency) corresponds to a reflecting target. By propagating
multiple chirps over time, the phase shift between their
beat frequencies encodes the Doppler shift due to moving
targets, which can be translated into the targets’ velocities.
After being sampled in an ADC circuit, a 2D frame of the
time-domain signal will be achieved, which spans over one
chirp’s time (fast-time) and multiple chirps’ indexes (slow-
time). Performing one FFT along the fast-time axis and
another along the slow-time axis yields a Range–Doppler
map that simultaneously represents target distances (Range)
and velocities (Doppler).

A single chirp with amplitude Ac can be derived over time
t using its main characteristics, start frequency fc and slope S
as follows:

C(t) = Acej2π [fct+ 1
2 St

2]. (1)

Considering an FMCW waveform with Nr samples in fast
time and Nd samples in slow-time, the overall time vector
of the signal can be rewritten as t = tr + td = NrTs +

NdTPRI where TPRI is the Pulse Repetition Interval (PRI). The
transmitted chirps with amplitude Atx can be written based on
the fast time and slow time as:

RF(tr , td ) = Atxej2π [fc(tr+td )+ S
2 (tr+td )2]. (2)

The receive delay caused by a target in range of R and with
velocity of v will be τ =

2R
c +

2v
c (tr + td ) at light speed c.

Assuming this delay in the received signal, the differential
frequency in the beat signal after down-conversion can be
derived in the form of:

IF(tr , td ) = ej2π [( 2SR
c )tr+( 2vfc

c )td ]. (3)

In this equation the term ( 2SR
c ) varies along the fast time which

appears as a peak for target’s range in the first FFT operation,
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while the term ( 2vfc
c ) varies slower along the slow-time, and

can be neglected as a constant phase in the first FFT. In the
second FFT, this term represents the target’s Doppler shift.

A typical scenario of mutual interference, as shown in
Fig. 1a, can occur when the two radars face each other while
their chirps have cross-sections with each other. This scenario
is simulated using the common setup parameters presented
in Table 1 with similar chirp timing profiles and different
chirp slopes, assuming the two radar frames are propagated
simultaneously.

By intersecting the detector’s chirps, an interferer radar
will cause a ramping frequency in the detected beat
frequency [28]. Depending on the ADC sampling rate, this
can appear as high-amplitude chaotic patterns in the frame;
see Fig. 1b. Considering the second chirp has a different slope
Si, carrier frequency fi, and time delay τi, the resultant of the
transmitted and the interferer chirps can be described based
on the fast and slow-time vectors as:

RF(tr , td ) = Ainte

j2π

[
fr (tr )︸ ︷︷ ︸

Fast-time

·tr+ fd (td )︸ ︷︷ ︸
Slow-time

·td+fcoupled︸ ︷︷ ︸
Coupled

·tr ·td+φconst

]
,

fr (tr ) = (
1
2

1S)tr + (1fc − Siτi),

fd (td ) = (
1
2

1S)td + (1fc − Siτi),

fcoupled (tr , td ) =
1
2

1S, (4)

where 1S and 1fc are the slope and frequency offsets
between the two chirps. The presence of these two com-
ponents in the fast- and slow-time slopes and offsets will
cause a ramping frequency in the beat signals after down-
conversion, whereas the beat should be consistent and stable
in frequency to produce a focused target. In other words,
a crossing interference is a strong target with a significant
drift in its beat frequency. If the interferer chirp spans the
entire ADC bandwidth of a detector’s chirp, it can then
contaminate all other beat frequencies and, consequently, the
detection of the corresponding targets. A smaller frequency
offset between the two chirps can result in a wider intersection
area and a greater number of affected samples. Furthermore,
the confrontation of two chirps with different characteristics
is not always as simple as a single crossing line. The different
timing profiles in radars from different manufacturers can
lead to multiple unpredictable coincidences between two
chirps.

In both the fast and slow-time domains, these interfered
segments can shape 2D blocks of high-energy samples into
straight or angled fragments of the frame. Compare the un-
interfered (so-called clean, original, or unaffected in this
paper) and interfered frames in Figs. 1c,1e. No matter where
it occurs, a single high-energy sample in a frame can cause
discontinuities in the signal, act as an impulse, and affect
the entire Range-Doppler FFT plane, thereby degrading
detection accuracy and performance; see Figs. 1e,1f.

FIGURE 1. (a) The interferer chirps’ cross area. (b) The interfered span of
the first chirp. The zoomed time span is identical to the chirps’ cross area
in (a). (c) A clean frame including two targets. (d) The Range-Doppler map
of the clean frame. (e) The same frame as in (c) is interfered with by a
jammer radar. (f) The interfered frame’s Range-Doppler map. The weaker
target is not detectable as it was before the interference in (d).

Although this can be considered the primary nature of
the interference, several other parameters in the experimental
environment can affect a radar exposed to interference.
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The two interfering radar setups are rarely identical. They
have different chirp timing profiles, ramp slopes, carrier
frequencies, and frequency sweeping bands. Even if we
assume identical setups for both radars, the synthesizers in
the two radars are not synchronized to a common clock,
as each operates on its own timing source. The experimental
investigation reported in [34] using frame synchronization
revealed hidden aspects of the radar circuit in this regard.
Based on this study, the three parameters that can affect
radars’ initial setups are offsets in carrier frequency, chirp
timing profiles, and synthesizer initial phases. Therefore,
a cross-interfering chirp would not necessarily appear as
predictable angled lines of damaged samples in the detector’s
frame. Additionally, clutter from reflections within the Field
of View (FoV) can introduce random, variable noise into
each chirp, resulting from the detector’s movement during
frame propagation. Similarly, the radar mobility will alter the
interference power in different samples. Therefore, we face
damaged segments of unknown shapes [35], [36], and powers
in each frame. A time-domain mitigation algorithm must be
robust enough to overcome the unexpected sparsity of the
contaminated samples.

III. 2D AUTOREGRESSIVE MODEL
Waiving the variable back-scattering effects of a dynamic
view during the propagation of multiple chirps, an FMCW
radar’s down-converted frame can be considered as a
stationary waveform with constant mean and variance.
An autoregressive process can estimate each sample of a
stationary time series based on its previous samples by
detecting the sample’s coherence with those observations.
The general form of an AR process at time t is presented as:

y(t) =

p∑
i=1

φ(i)y(t − i) + ε(t), (5)

p being the number of autoregressive parameters, and φ(i)
the AR coefficient for the series’s ith previous observation
to time t and ε(t) the error at time t . If the entire series is
available before the estimation, the observation could also be
made in the reverse direction, where samples are collected
from upcoming or posterior instances. This can be useful in
filtering applications.

The optimal number of model parameters can be estimated
using different approaches based on the accuracy of estima-
tion or the detectability of the signal of interest in the system’s
output, as discussed in the next sections.

The AR process could be followed by differencing to tackle
non-stationary components, such as time-variant means and
covariances. The differencing, as a preprocessing filter, can
remove the signal’s trends, passing a steady-mean variable
to the AR. Conversely, seasonality detection and seasonal
sampling can immunize the AR against periodic signal
fluctuations and focus the estimation process on a variable
mapped down to the noise level in its best condition [37], [38].

The AR simple logic can also be applied to multi-
dimensional time series, where each sample of the series
is correlated with neighboring samples across multiple
dimensions. For instance, a seasonal 2D AR process is
derived in Eq.6.

y(t1, t2)=

∑M

i=1

∑N

j=1
φ(i, j)y(t1 ± iT1, t2 ± jT2)+ε(t1, t2),

(6)

where T1 and T2 are the time constants in the two dimensions
of the time series and φ(i, j) is the AR coefficient for the
series’s (i, j)th neighboring observation. ε(t1, t2) is the error at
time (t1, t2). This study uses the same form in a square area
(M = N ) and waives seasonality (unit-time constants) for 2D
estimation and signal reconstruction.

By increasing the sampling dimensionality, the number
of neighboring samples increases exponentially, thereby
increasing the process complexity and resource requirements
(see [39]). At the same time, as mentioned in [30], sampling
from higher dimensions will help reduce the temporal
sampling length, especially for the case of 2D series with
unknown damaged parts, such as interfered FMCW frames.
A higher sampling dimension offers more possible directions
for querying clean samples. This requires a dynamic strategy
to select the optimum sampling direction for each estimated
sample [40], [41].

Furthermore, as a filter, the AR process can converge
to an overfitting point in a particular order for a specific
time series. The model-order impact was investigated for
simulated FMCW frames in [30], and the optimal model
order was identified as 3-4 across frames with varying
frequency components. It is important to note that the
multiple-direction sampling method requires independent
training processes for each sampling direction. On the other
hand, rather than simulated frames, where a clean frame
can be used as a reference for AR training, in a real,
collected frame with damaged samples, the training process
cannot be applied instantly for the entire time series; thus,
an iterative estimation strategy will be essential. Even in
some cases, it may be inevitable to estimate a sample based
on previously estimated samples. Recursive reconstruction
can lead to additional problems, such as the undesirable
damping effect caused by the overall gain decaying in the
AR coefficients obtained during iterative estimation. This can
act as zeroing the signal and reduce the power of detectable
targets [42]. It can be inferred that, in recursive sequential
reconstruction, the variable moments can change over time
or across samples, even if the original variable is stationary.
Estimator stability can be deteriorated, and a constant set
of coefficients cannot guarantee stable estimation accuracy.
In such cases, asymptotic tests can be performed to measure
the estimator’s accuracy and stability. Applying an automatic
gain correction technique can prevent the zeroing effect [43],
[44], [45].

In addition to these concerns, it is also important to
consider that the reconstruction should be completed within
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FIGURE 2. Two radars mounted on a vehicle interfering mutually. One
faced the targets ahead of the moving vehicle, and the other pointed at
the first radar as an interferer. The two radars can be synchronized at the
frame level using an external trigger.

a limited timeframe, depending on the signal length and
the AR estimator configuration. There are possibilities to
reduce the dimensionality of the input array [31]. Although
serial operations are inevitable in iterative estimation, the
AR process itself is parallelizable to the extent that it
is computationally efficient enough to run on standalone
processors. The aforementioned matters are investigated in
this paper to deliver a feasible solution for the specific
problem of interference in FMCW radars.

IV. PROPOSED MITIGATION TECHNIQUE
This paper proposes a multi-step method to address the
signal-processing challenges described earlier for both AR
model implementation and FMCW signal models. Details of
these steps follow.

A. INTERFERENCE GENERATION METHODS
Several experiments were conducted in this study to simulate
the most practical circumstances of mutual interference. Two
radars were mounted on the top of a vehicle; one faced the
front target(s) as a detector, and the other, as the interferer,
faced back towards the detector radar (see Fig. 2). The vehicle
moves towards one or multiple fixed targets to capture their
distances and velocities in frames. We attempted to collect
frames accompanied by targets at various distances and
velocities to expose the 2D estimator to different beat tones in
each dimension. Three different interfering approaches have
been employed in this study as follows:

1) Random uncontrolled frame superposition.
2) Semi-controlled frame synchronization.
3) Pseudo interference on clean frames.

In the first approach, the interferer and interfered radars
propagate asynchronously, and a series of frames are swept
to detect interfered ones. Considering the possible time and
frequency offsets in the two radar synthesizer circuits, there
will always be an inconsistency between the two mutually
interfering frames. This can lead to unexpectedly interfering
regions in both frames.

In the second approach, the frames of the detector and
interferer radars are synchronized at the frame level by
triggering the two radar frame start clocks via an external
MCU. The almost exact overlap of the two radars’ frames
allowed us to control interference areas by adjusting the

chirp settings of the two radars, regardless of their frames’
propagation timing. It is worth noting that the inner-frame
timing and synthesizer offsets will not be resolved using
this synchronization method. Therefore, we named it semi-
controlled interference.

Finally, a pseudo-interference scenario is assumed for
clean frames, allowing a comparison of the reconstructed
frame with the original frame in the time domain over the
interfered areas.

B. INTERFERENCE AND TARGET DETECTION PROCESS
Since the mitigation technique in this work reconstructs
interfered samples in the time domain, it is crucial to
accurately detect damaged segments within frames. A general
detection process based on the signal’s moving average and
variance can be used efficiently. In this approach, each data
point is compared to its neighbors in both directions (fast and
slow time), and samples with moving averages and variances
exceeding a threshold are considered contaminated.

In the scenarios performed in this study, the interferer
radar is positioned at a fixed distance and angle from the
detector in all experiments; thus, the detector receives a
nearly constant level of interfering signal power. While in
the real world, interferers are objects with variable signal
power and phase due to their mobility. Therefore, the detector
may experience variable power across different interfered
segments. Detecting segments that are interfered with and
have varying power requires a robust detection algorithm.
To tackle this problem, the detected areas can be widened
over both fast and slow time axes using a few guard samples
to ensure marginal detection.

In the Range-Doppler map, the Constant False Alarm Rate
(CFAR) is employed for detecting available targets in the
Range-Doppler FFT plane. The detected objects are later
passed to an algorithm to calculate the average quality and
accuracy of the present targets.

C. MITIGATION PROCESS
The proposed mitigation process starts with a training
step followed by an iterative reconstruction algorithm,
as illustrated in Fig. 3. The training dataset for each of the
sampling directions should be fetched from clean samples
that are meant to meet the following criteria:

(i) Sample is clean or not contaminated,
(ii) There are no interfered samples in its observation set,

(iii) Observation samples do not collide with the array
borders.

Using these criteria, each sample is tagged as available
or unavailable for training in each direction, regardless of
the shape and size of damaged segments. The preliminary
expectation of the training process is to achieve nearly the
same estimation accuracy for all training directions.

As mentioned in the Section III, an iterative estimation
algorithm is essential for reconstructing the FMCW wave-
form. Hence, it is essential to choose the best-trained model
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FIGURE 3. Flowchart of the proposed iterative AR mitigation process.

(direction) for each estimated sample in each iteration. Here,
the accuracy of the training will be the primary concern, but
a few additional constraints should also be met to ensure a
balanced iterative reconstruction. The following criteria have
been applied as a hierarchical routing table for this purpose:

(C1) There are no interfered samples in the observation set,
(C2) Observation aperture does not collide with borders,
(C3) Observation follows the previous sampling direction,
(C4) Distance of the sampled set to the borders is the longest,
(C5) Observation set contains the smallest number of pre-

estimated samples.

The first two conditions should be compulsory criteria,
while the remaining conditions are used to prioritize the
best sampling direction. Since each sampling direction is
trained as an independent AR process, following the previous
sampling direction keeps the iterative reconstruction in a
fixed direction and avoids incoherent iterative estimates.

On the other hand, it is preferable to distribute the
sampling directions in all possible directions so that the
mitigation process does not depend on a single, specifically
trained sampling direction. The fourth criterion (C4) ensures
that the selected sampling directions encompass all four
possible sampling directions under identical conditions,
thereby equalizing the number of estimated samples for all
training directions. Eventually, because estimations based
on clean samples must be more accurate than those that
inherit pre-estimated samples, it is preferable to prioritize
sampling directions with fewer pre-estimated samples. The
last criterion can guarantee this requirement. Assigning a
specific color to each sampling direction, the sampling
direction for each mitigated sample can be tracked during the
iterative reconstruction process (see Fig. 4).

Even when considering all these criteria for achieving the
best possible estimation accuracy, a few concerning issues
will remain to be addressed. The assigned dynamic sampling

FIGURE 4. The dynamic sampling direction assignment algorithm
determines a specific sampling direction for each being reconstructed
sample during the iterative reconstruction. Here, the angled bands are the
reconstructed samples, and the remaining samples are used for training.

directions depend on the shapes and sizes of the damaged
segments, leading to infiltration of the damaged parts from
their outer borders. In this way, reconstructed samples from
different sampling directions meet in the middle of the
interfered areas. Such incoherence can create discontinuities
in the frame that characterize sudden changes in signal
amplitude and phase. This impulse behavior will later be
translated to widespread frequency components in the 2D
FFT plane. An averaging technique can soften the signal in
those areas.

The 2D AR, however, can offer a higher degree of freedom
for sampling; it cannot be sampled for all cases of interfered
areas. Consider a horizontal band of damaged samples along
the entire 2D array. In such a case, there will be no damaged
points among the available clean observing samples in any
possible 2D sampling direction. The 2D sampling inevitably
depends on the availability of at least a few samples in
both dimensions. Furthermore, there may be situations in
which the frame borders and their damaged parts can trap the
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FIGURE 5. A zoomed view of an experimentally collected frame interfered
with a jammer radar. It is clear that the presence of interfered samples
can significantly degrade signal quality as measured by the ISL metric.

sampling strategy, preventing the untangling of the samples in
any sampling direction. In such situations, the only feasible
solution is to use 1D sampling, which stands for a dimension
reduction of the AR estimator. It should be noted that the
1D AR can also suffer from the same lack of space, albeit in
only one dimension.

D. MITIGATION ACCURACY MEASUREMENT
To assess the accuracy of the AR estimator, the Mean
Absolute Percentage Error (MAPE) is calculated for both the
clean and mitigated frames, excluding zero values, as a metric
independent of signal values. This is merely possible when
a clean version of the exact interfered frame is accessible
(pseudo-interference scenario). Elsewhere, the MAPE is only
measurable for training samples.

To evaluate the mitigation performance, it is essential
to compare the quality of the targets of the interfered and
mitigated frames. The Signal-to-Noise Ratio (SNR) can
also be calculated to measure the signal strength. However,
for an interfered frame, due to the impact of interference
components on the noise, the measured quantity can be con-
sidered the Signal-to-Interference-plus-Noise Ratio (SINR).
The SINR for each detected target can be calculated by
dividing the average power of its main lobe by the average
power of the noise spread in its surroundings (here, a squared
area of samples), excluding the power of other peaks. In the
2D FFT plane, a target is represented by an energy spread,
appearing as an intense main lobe and multiple side lobes in
the cross lines of the main lobe. The side lobes can span a
large area for stronger targets and should be considered part
of the target’s energy. Therefore, they should be excluded
from the noise plane. Furthermore, a target’s main lobe can
have an unknown bandwidth and sharpness, depending on
the spread caused by its size and shape, micro-movements,
frame Coherent Integration Time (CIT), spectral leakage,
and, of course, the resolution of the applied FFT. To separate
a target’s main and side lobes, it is necessary to dedicate a few
samples as guard cells between them; see Fig. 5.

It should be mentioned that the main and side lobe
samples could be expanded in width (in both dimensions)

as exaggerated and depicted in Fig. 5. However, this can
later affect measured metrics and increase dependence on
surrounding samples. Therefore, the metrics in this study
were measured based on the main and side lobe bands,
narrowed down to a single sample. Additionally, the 2D-
FFT resolution is increased by a factor of four using the
zero-padding technique to prevent inaccurate peak point
detection for highly dispersed targets.

Assume that n ∈ [1, 2, ..,NT ] is the index of a target in
NT detected targets. Having the main-lobe, side-lobe, and
interference plus noise floor sets for this target denoted as
M n, Sn, and Nn respectively, and the Range-Doppler map as
the RD, the aforementioned approach for calculating SINR
and ISL can be derived as follows:

SINRn =10 log10

( 1
|M n|

∑
x∈Mn

RD2(x)

1∣∣Nn \
⋃
m̸=n

M m
∣∣ ∑
y∈Nn\

⋃
m̸=n
Mm

RD2(y)

)
,

ISLn = 10 log10

( 1∣∣Sn \
⋃
m̸=n

M m
∣∣ ∑
y∈Sn\

⋃
m̸=n
Mm

RD2(y)

1
|M n|

∑
x∈Mn

RD2(x)

)
,

(7)

where the |.| operator denotes the number of members of each
set.

V. RESULTS AND DISCUSSION
Organizing all solutions for potential issues in the proposed
iterative mitigation method, the results presented in this work
are categorized according to the aforementioned interference
generation methods in the evaluated frames (random, semi-
controlled, and pseudo-generated interference). Eventually,
to determine the optimal model order for the practical FMCW
frames, the performance of 1D and 2D AR models was
evaluated across different orders (p ∈ {1, 2, . . . , 12}).

A. RANDOMLY INTERFERED FRAME MITIGATION
For emulating the random interference, the interferer radar
is configured in a variable setup by varying each chirp’s TX
start time along the frame propagation (by 0.06 µs/chirp);
see Exp-1 setup parameters in Table 2. A lookup algorithm
was employed to scan through numerous collected frames
and determine the presence of interference using the same
detection method introduced in Section IV-B. Since we don’t
have a clean reference frame in this case, the MAPE for the
reconstructed samples is unavailable. The only measurable
metrics will be the AR training MAPE and the targets’ SINR
before and after the mitigation process. The offsets made in
the two radar setup parameters led to unexpected interference
bars in the frame; see Fig. 6a. The reconstructed parts of the
frame in Fig. 6b resemble the rest of the frame in fluctuations.
This can acknowledge the 2D AR estimation capability in
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FIGURE 6. The 2D AR mitigation process for a randomly interfered frame from Exp-1. (a) Interfered frame.(b) Mitigated frame. (c) Interfered
Range-Doppler map. (d) Mitigated Range-Doppler map.

small orders (p=3) for frames with limited segments of
damaged samples.

B. SEMI-CONTROLLED INTERFERENCE
In this scenario, the semi-controlled interference generation
technique was used to evaluate the interfered frames across
three experiments (Exp-2 to Exp-4). The radar setups are
made so that a diagonal frame fragment is interfered with
in the time domain; see the mitigation process for Exp-4
in Fig. 8. The frames of the interferer radar are triggered
one after the other between the detector’s frames to capture
consecutive clean and interfered frames sequentially, with
a slight difference in the FoV; see Fig. 7. Short- and
long-distance targets were investigated to observe the accu-
racy of AR estimations under various frequency components.
The outcomes of the experiments are detailed in Table 3. The
so-called original frame here refers to the frame immediately
preceding the interfered one in the frame burst train, which
has almost the same targets with small displacements in
Range and Doppler. The delay between the original and
interfered frames is 50 ms for the synchronized frames (Exp-
2 to Exp-4) and 22 ms (the frame period) for the random
case (Exp-1). This original clean frame can give us an

approximation of the power of the present targets behind the
interference cloud.

As expected, the MAPE increased consistently across
experiments 1-4. A preliminary analysis suggests that
this increase may be attributed to the increment in the
distance and velocity of the targets. These factors likely
introduced higher-frequency components into the frames,
thereby complicating the AR process’s ability to accurately
track rapid signal changes. However, the transfer function
calculated for the AR models (1D and 2D) in [30] shows
that the AR filter does not exhibit heightened sharpness
at higher frequencies. Rather, the apparent decline in the
measured SINR of the interfered frames across experiments
1 to 4 suggests that the reduced signal strength of distant
targets is the primary factor contributing to the AR model’s
susceptibility to diminished targets. The effectiveness of the
AR estimator depends on the strength of the desired signal
and the level of background noise. Also, the characteristics
of interfering signals can affect the mitigator’s performance.
Notably, increased interference can paradoxically lead to
higher suppression and, thus, better gain in output.

On the other hand, despite the training accuracy (MAPE
indicator), the measured SINR for mitigated frames shows
the opposite behavior, with signal strength improving across
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TABLE 3. MAPE and SINR comparison of four different mitigated frames.

FIGURE 7. Frame trigger timing for the detector and interferer radars in
the semi-controlled interference generation method.

experiments 1-4. That is because small changes in the signal
amplitude in the time domain (as measured by MAPE) cannot
affect the signal’s constituent frequency components. Even in
some cases, the AR process filters out unwanted side lobes
and noise components, leading to a higher SINR, as seen in
Exp-4.

Regardless of MAPE variations, the AR mitigator yielded
a significant SINR enhancement of approximately 4 to 15 dB
across experiments 1 to 4. Moreover, the AR mitigator can
effectively maximize the target signal strength by suppressing
interference to the noise floor, and consequently, fulfill the
primary requirement for reliable detection.

C. PSEUDO-INTERFERENCE MITIGATION
In this experiment, five clean frames from Exp-2, each
consisting of a single apparent target, were investigated.
As shown in Fig. 9, a large portion of the time-domain signal
is separated and assumed as the interfered areas. The 2D AR
estimator was employed to estimate and substitute those
samples. The 2D AR estimator can recognize and follow the
original signal with a percentage error; see Fig. 9b. However,
this should be measured carefully using the MAPE indicator
for frames consisting of targets at different distances and
velocities. Several experimental frames were investigated
for this purpose. The model’s accuracy for the 2D AR is
listed and compared across five frames, each containing
both short- and long-range targets, in Table 4. As expected,
the higher-distance target frames were estimated with lower
accuracy. Even Exp-5.1, despite having higher-frequency
components in the Doppler, still shows high accuracy in terms
of MAPE, which again demonstrates the robustness of the
AR process to signal frequency components. Consequently,
stronger targets or stronger clutter backscattering will not
affect estimation accuracy, and the method remains functional

TABLE 4. AR model accuracy for five different frames of targets with
different distances and velocities.

in more complex environments. Estimation performance
degrades gracefully only when the signal of interest is
significantly weak.

As discussed before, the model’s accuracy depends directly
on the target power, which is primarily a function of the
target’s distance.

D. MITIGATOR MODEL ASSESSMENT
Ultimately, by applying the same pseudo-interference gen-
eration technique (with the same segment shapes assumed
to have interfered) to an experimentally collected frame, the
2D AR mitigator’s performance and accuracy in different
orders were evaluated to determine the optimal model order.
Here, the 1D (Range) AR mitigation is also incorporated into
the study to compare model evolution in 1D and 2D across
different orders. The three parameters tracked in the model
order evolution are: ‘‘Trained samples MAPE’’, ‘‘Mitigated
samples MAPE’’, and the ‘‘Mitigation time’’; see Fig. 10.

The 2D AR model, due to its larger sample size, exhibits
significant superiority over its 1D counterpart of the same
order. As shown in Fig. 10, the 1D and 2D AR exhibit
the same behavior to the experimental FMCW data as the
simulated frames in [30]. The optimal model structures are
identified as 1D-AR(5) and 2D-AR(3).

Model order increments can affect model accuracy in the
first few orders, but later, the model reaches an overfitting
point with an inappreciable improvement in accuracy. Since
the MAPE indicator is independent of the number of
samples, we expect equivalent accuracy for trained and
mitigated samples, regardless of the number of samples
in each procedure. However, for both 1D and 2D models,
the mitigated samples’ MAPE appears to be higher than
that of the training samples (across all model orders). This
can be interpreted as the effect of sequential recursive
reconstruction, where new estimations are made based on
previously estimated samples. Given the average power
in the AR coefficients, recursive reconstruction can yield
exponentially decaying weights. Weight decay can cause
the mitigated samples to be less accurate than the training
samples (recall that the training process is not involved in
recursive modeling).

All model order assessments were conducted within the
same MATLAB environment on a system equipped with a
12th-generation Intel X64-based processor. Using identical
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FIGURE 8. The 2D AR mitigation process for a semi-controlled interfered frame from Exp-4. (a) Interfered frame.(b) Mitigated frame. (c) Interfered
Range-Doppler map. (d) Mitigated Range-Doppler map.

computational resources and multi-threading hardware, the
algorithm’s processing requirements for various orders were
estimated and compared based on their respective execution
time. Although this implementation may not provide the
optimal match between hardware and software to reduce
processing time, it can indicate a proportional increase in
processing time in higher-order models. Therefore, the mod-
els’ process times are normalized relative to the first-order
model to obtain a ratio of process escalation versus model
order. Despite the 1D model showing an almost constant
process time across different model orders, the 2D model’s
computational efficiency degrades almost linearly as its
order increases. Although the AR algorithm developed for
this study was internally parallelized using vectorization
techniques, serial iterative reconstruction remains inevitable
and can impact the mitigation processing time. The length
of those serial operations will depend on the width of the
interfered segments. Also, in higher orders, the 2D model
will encounter more samples tangled by the frame borders
and interfered segments, which can reduce the reconstructing
batch size in each iteration. But in the lower orders, the 2D
model requires a smaller sample aperture. A 2D model of

order 3 with 8 observation samples can be compared to a
1D model of order 8. Although the 2D model is a bit more
time-consuming, the 1D model cannot collect observations
in many situations near the borders or in contaminated
segments. As mentioned before, the computational resources
for a price-competitive FMCW chip are not unlimited.
Therefore, a minimum model order with reasonable accuracy
is preferred. Here, the model order shows its impact on the
first two mutations. Hence, the third order is identified and
proposed as the optimal model order for the FMCW signal
model.

For instance, in our specific implementation, a 2D AR
of order 3 takes about 0.25 seconds to reconstruct a frame
with 40 percent of the samples interfered. This means the
process can reconstruct four frames per second in real
time using the frame stream, demonstrating the viability of
implementing the proposed method. The AR model, as stated
before, can be considered a simplified single-layer neural
network, making it easier to deploy on standalone processors.
A successful implementation on the Jetson Orin NX 8GB,
as demonstrated in [22], can reach 33.11 ms for executing
a two-layer lightweight transformer with 37 parameters.
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FIGURE 9. (a) A clean frame collected from Exp-2 is reconstructed in two
wide-band segments as the pseudo-interference generated samples.
(b) The clean and mitigated fast-time signals (bin no.39).

FIGURE 10. Evolution of model accuracy and efficiency in orders 1 to
12 with the measured data in Exp-2 and interference scheme according to
Fig. 9a. Processing time is estimated by executing the mitigation
algorithm in a MATLAB environment, and the process escalation rate of
different models is determined based on the processing time of the
first-order model.

Our implementation of the AR model, with a one-layer
architecture and fewer parameters, is expected to be feasible
with fewer resources and, therefore, to enable truly real-time
processing. As discussed earlier, the AR mitigator can also
be evaluated as a filter for the signal of interest. Having
a set of X (z) and Y (z) samples as the filter’s input and
output, the transfer function for a specific frame can be

FIGURE 11. Filtering comparison of different AR models in different
orders.

FIGURE 12. Performance comparison of different approaches with an
un-interfered and interfered simulated frame.

obtained as shown in the Fig. 11. The transfer function of
a trained model can be described based on its coefficients as
follows:

H (z) =
Y (z)
X (z)

=
1

1 −
∑p

k=1 ϕkz−k
, (8)

where z−1 is a unit delay in the discrete sampling. Such
a transfer function with a limited number of poles can
generate a limited number of peaks in the filter, and in the
absence of zeros, it will not be able to create sharp notches
in the filter as well. The simulated frame in Fig. 11, with
two targets at low and high frequencies, shows that the
2D AR model can still deliver a sharper filter than the 1D
counterpart.

Finally, after assessing various aspects of multiple model
structures, a comparative assessment is performed between
the proposed AR models, simple zeroing, and Gaussian noise
substitution methods as widely adopted baseline methods,
and the PCA as a state-of-the-art technique in this field.
A simulated frame saturated under extreme interference is
employed for this purpose. The measured SINR and ISL
indicators for a detected target in the mitigated frame, using
different approaches, show that the proposed 2D AR excels
the other methods, particularly in ISL, which represents
signal quality; see Fig. 12.
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VI. SUMMARY AND CONCLUSION
The 2D AR model is evaluated for the reconstruction of
FMCW interfered frames. Investigations on the simulated
frames with extreme interference showed that signal recon-
struction using an AR model can increase the signal strength
by almost 6 dB more than zeroing or random noise
substitution techniques.

Multiple practical interference scenarios were incorpo-
rated into the evaluation process to cover the most convenient
circumstances of the mutual interactions between two radars.
The SINR gains presented in Table 3 demonstrate that,
regardless of the interference power and clutter in the frame,
the AR mitigator can recover the signal to its original state.
The results of the simulated frame in Fig. 12 prove that in
saturated conditions, the mitigator can improve the SINR up
to 35 dB, which is competitive to the results in [20], [21],
and [46].

Also, the proposed model is exposed to frames containing
different Range and Doppler targets to examine it across
different frequency components in the signal. The 2D AR
model, as a mitigator, demonstrated robustness to signal
frequency components but remained vulnerable to variations
in signal strength. Nevertheless, in every tested scenario,
even with lower model accuracies, the mitigator reliably
suppressed interference down to the noise floor and recovered
the signal almost to its original state. The entire AR process
was successfully parallelized to reduce processing time, with
performance largely independent of model dimensionality
and order. Its scalability also allows it to be used for
multivariate signals or problems where series from different
dimensions are coherent.

It should be noted that these estimates are based on our
MATLAB implementation of the AR algorithm; a hardware
implementation can significantly reduce processing time.
However, as technology advances, processing resources will
continue to improve, providing greater capacity to tackle
challenges like this more effectively. As reported in the
previous study on simulation data, the sufficiency of order 3
for the 2D AR process is again validated using several
experimental data sets for the specific case of FMCW frames.
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