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Radar has emerged as an important sensor for sce-
nario perception in automated driving and surveil-
lance systems. The exponential increase of radar 
units in traffic and their operating frequency lim-
itations have given rise to the problem of mutu-
al interference. Radar’s performance degrades in 
the presence of interference, which can result in 
false alarms and missed detections. In the case of 
safety-oriented systems (such as automatic emer-
gency braking, blind-spot detection and obstacle 
detection at level crossings), radar’s degraded per-
formance can result in accidents. Therefore, it is 
important to mitigate the effect of mutual interfer-
ence to make modern radar applications safe and 
reliable. The goal of this work is to develop signal 
processing techniques for interference mitigation 
in frequency modulated continuous wave (FMCW) 
radars operating at 77–81 GHz.

The thesis investigates radar interference suppres-
sion in the spatial domain, using antenna arrays. 
The interference is suppressed by placing notches 
in the antenna radiation pattern in the direction of 
the interference source by employing digital beam-
forming. 

The array aperture (size) determines the beam-
width and notch resolution of the receiving anten-
na. Narrow notches are desirable since they lead 
to a smaller suppressed region in the radar’s field 
of view. It is demonstrated that an extended vir-
tual aperture in a multiple-input-multiple-output 
(MIMO) FMCW radar does not offer an improved 

notch resolution for interference suppression due 
to a non-coherent interference signal in the virtual 
aperture. Moreover, it is shown that the calibra-
tion mismatches of the receiving array completely 
change the final antenna beam-pattern compared 
to the theoretical one.

Additionally, an adaptive beamforming approach 
of interference suppression based on the least 
mean squares (LMS) algorithm is presented, which 
is evaluated using outdoor measurements from a 
77GHz FMCW radar. The results demonstrate 
that the proposed technique suppresses interfer-
ence successfully, resulting in a signal to interfer-
ence plus noise ratio (SINR) improvement. It is 
also shown that complex-baseband (IQ) receivers 
achieve better interference suppression compared 
to real-baseband receivers when spatial domain 
methods are employed.

The latter part of the thesis deals with interfer-
ence mitigation in the time-domain intermediate 
frequency signal. The disturbed samples in the re-
ceived signal are detected, removed, and recon-
structed based on an estimated autoregressive 
(AR) signal model. The baseband signal coherence 
in both fast- and slow-time makes it possible to 
perform signal reconstruction in both dimensions. 
With the help of outdoor measurements covering 
selected scenarios, it is demonstrated that by care-
fully selecting the signal reconstruction dimension, 
a better SINR and side-lobe suppression can be 
achieved.
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Abstract

Radar has emerged as an important sensor for scenario perception in
automated driving and surveillance systems. The exponential increase of radar
units in traffic and their operating frequency limitations have given rise to the
problem of mutual interference. Radar’s performance degrades in the presence
of interference, which can result in false alarms and missed detections. In
the case of safety-oriented systems (such as automatic emergency braking,
blind-spot detection and obstacle detection at level crossings), radar’s degraded
performance can result in accidents. Therefore, it is important to mitigate
the effect of mutual interference to make modern radar applications safe and
reliable. The goal of this work is to develop signal processing techniques for
interference mitigation in frequency modulated continuous wave (FMCW)
radars operating at 77-81 GHz.

The thesis investigates radar interference suppression in the spatial domain,
using antenna arrays. The interference is suppressed by placing notches in
the antenna radiation pattern in the direction of the interference source by
employing digital beamforming.

The array aperture (size) determines the beam-width and notch resolution
of the receiving antenna. Narrow notches are desirable since they lead to a
smaller suppressed region in the radar’s field of view. It is demonstrated that an
extended virtual aperture in a multiple-input-multiple-output (MIMO) FMCW
radar does not offer an improved notch resolution for interference suppression
due to a non-coherent interference signal in the virtual aperture. Moreover,
it is shown that the calibration mismatches of the receiving array completely
change the final antenna beam-pattern compared to the theoretical one.

Additionally, an adaptive beamforming approach of interference suppres-
sion based on the least mean squares (LMS) algorithm is presented, which
is evaluated using outdoor measurements from a 77GHz FMCW radar. The
results demonstrate that the proposed technique suppresses interference suc-
cessfully, resulting in a signal to interference plus noise ratio (SINR) improve-
ment. It is also shown that complex-baseband (IQ) receivers achieve better
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interference suppression compared to real-baseband receivers when spatial
domain methods are employed.

The latter part of the thesis deals with interference mitigation in the time-
domain intermediate frequency (IF) signal. The disturbed samples in the
received signal are detected, removed, and reconstructed based on an esti-
mated autoregressive (AR) signal model. The baseband signal coherence
in both fast- and slow-time makes it possible to perform signal reconstruc-
tion in both dimensions. With the help of outdoor measurements covering
selected scenarios, it is demonstrated that by carefully selecting the signal
reconstruction dimension, a better SINR and side-lobe suppression can be
achieved.
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CHAPTER 1

Overview and Motivation

Automated driving systems (ADS) are progressing from advanced driver
assistance systems (ADAS) such as automatic emergency braking (AEB),
blind-spot detection (BSD) and adaptive cruise control (ACC) towards com-
plete automation. These systems have rendered the driving experience more
comfortable and increased driving safety and efficiency. With the progress
towards completely autonomous vehicles, there is also potential in terms of
transforming mobility towards sustainability.

The impact of ADS on modern mobility is evident from the fact that
all major car manufacturers are now introducing such systems even in their
non-premium vehicles. These systems must be able to perceive the vehicle’s
surroundings to make correct decisions regarding various driving functions
(such as braking, turning, and acceleration). Hence, vehicles are equipped
with multiple sensors to collect information from their surroundings. One of
these sensors is automotive radar, which has emerged as an important part of a
wide range of modern driving systems [5].

RADAR is an abbreviation of RAdio-Detection-And-Ranging, and as the
name indicates, these sensors use radio waves to detect objects and estimate
their range (radial distance). Radars can operate during the day and night, in
moderately adverse weather conditions and are capable of accurate estimation
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of object distance, velocity, and object azimuth location. These capabilities
make radars an attractive sensor choice for ADS. [6]. Recent advances in digi-
tal signal processing (DSP) chips and semiconductor technology have resulted
in a gradual decrease in the size and cost of automotive radar. Therefore, it has
become possible to equip vehicles with multiple radar units to obtain distance,
velocity, and direction of arrival (DoA) information from all directions. The
automotive radar market has grown rapidly and a large number of new cars
are installed with multiple radar devices for various driver assistance features
(Fig. 1.1). With a move towards higher automation, the market penetration of
automotive radar will increase further [7].

Conventional automotive radar uses the frequency modulated continuous
wave (FMCW) waveform, which has a high duty cycle [8]. Moreover, the
operating bandwidth of automotive radar is limited (76−77GHz for long-
range and 77−81GHz for short-range applications [9–11]). Because of the
high duty cycle, limited frequency range and rapid increase in radar used in
traffic, it is more likely to find scenarios where multiple radars are transmitting
in the same vicinity, leading to mutual interference. When interference is

Rear collision warning

Blind spot detection

Blind spot detection

Precrash

Adaptive cruise control

Cross traffic alert

Precrash

Park assist Park assist

Figure 1.1: Multiple radar sensors for various ADAS.

encountered, the detection performance of the radar is degraded, making
object detection more challenging [12]. Pedestrians, cyclists, and other targets
with a low radar cross section (RCS) are more sensitive to this degradation,
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and there is a higher risk that these targets will be missed by the radar [13].
Automated driving systems have to make real-time decisions about various
driving functions, and these decisions are often highly safety critical. For
example, a wrong decision by an AEB system in the presence of interference
could lead to a serious accident. Therefore, interference from other automotive
radars must be mitigated to make roads safer for everyone in the current
automated driving era [14].

The aim of this work is to find robust and reliable methods to suppress
automotive radar interference, to improve own radar detection performance.
The methods investigated and presented in this thesis can be classified into
time- and spatial-domain methods. In the spatial-domain method, the signal
received from the direction of the interfering source is suppressed to mitigate
the interference. In the time-domain method, the interference mitigation
problem is countered by signal modelling and reconstruction.

This thesis includes the following research papers:

(I) Jonathan Bechter, Muhammad Rameez, and Christian Waldschmidt.
Analytical and experimental investigations on mitigation of interference
in a DBF MIMO radar. IEEE Transactions on Microwave Theory and

Techniques, 65(5):1727–1734, 2017.

(II) Muhammad Rameez, Mattias Dahl, and Mats I Pettersson. Adaptive
digital beamforming for interference suppression in automotive fmcw
radars. In 2018 IEEE Radar Conference (RadarConf18), pages 0252–
0256. IEEE, 2018.

(III) M. Rameez, M. Dahl, and M. I. Pettersson. Experimental evaluation of
adaptive beamforming for automotive radar interference suppression.
In 2020 IEEE Radio and Wireless Symposium (RWS), pages 183–186,
2020.

(IV) Muhammad Rameez, Mattias Dahl, and Mats I Pettersson. Signal re-
construction for automotive radar interference mitigation. (Submitted).
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The next chapter provides an introduction to automotive radars and mutual
interference. Moreover, some key concepts and methods are presented to build
a theoretical background for the research papers.
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CHAPTER 2

Theoretical Background

A radar system transmits an electromagnetic signal via a transmitting antenna.
When the transmitted signal encounters any objects in its path, it becomes
scattered in all directions. Accordingly, the receiving antenna of the radar
system only receives a small proportion of the scattered signal. The radar
receiver processes the received signal to extract range (by calculating the signal
round trip time), velocity (by measuring the frequency shift in the received
signal), and angle (by determining the look direction that receives maximum
signal power) information of the objects. Depending on the system type, this
information is displayed on a screen or used for further processing.

The received signal power depends on various characteristics of the trans-
mitter, receiver, antenna, target, and environment. The radar equation takes
these factors into account to determine the received signal power. This equa-
tion also serves as a basis for assessing trade-offs when designing a radar
system [15]. The basic form of the radar equation is

Pr =
PtGAeσ

(4π)2R4
, (2.1)

where
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Pr = Received power, [W],
Pt = Transmitted power, [W],
G = Antenna gain of a directive transmitting antenna,
Ae = Receiving antenna effective aperture, [m2],
σ = Target radar cross section, [m2],
R = Target range, [m].

In radar systems, the received signal is usually a combination of the signal
of interest and noise. The detection of the signal of interest is limited by the
noise power Pn [W] in the same frequency range occupied by the desire signal.
Therefore, the received power Pr in Equation 2.2 can be divided by Pn to
express the radar range equation in terms of the received signal to noise ratio

SNR =
PtGAeσ

(4π)2R4Pn
. (2.2)

SNR is what generally determines radar performance.

2.1 Automotive Radar Working Principle

The main components of a common automotive radar architecture are shown in
Fig. 2.1. The radar transmits a sequence of high bandwidth and small duration
FMCW chirps through the transmitter antenna (TX). The objects in the radar’s
field of view (also termed as targets) reflect the transmitted signal and the
receiving (RX) antenna receives the reflected signal. In the receiver, the signal
is amplified using a low noise amplifier (LNA) and mixed with the transmitted
signal. At this stage, the signal is both down converted and matched with the
original signal. The low-pass (LP) filter, which is further down the receiver
chain, removes the high-frequency components in the output of the mixer to
obtain the baseband signal (also referred to as intermediate frequency (IF)
signal). Finally, an analog to digital converter (ADC) is used to acquire the
sampled raw data for further signal processing [16].

The radar receiver can also have a complex-baseband implementation
(Fig. 2.2). In this configuration, the signal received by the RX antenna is
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Waveform
Generator

(FMCW) VCO Coupler

TX Antenna

RX Antenna

D/A

ADC LP IFA Mixer LNA

Raw data

Transmitter

Receiver

Figure 2.1: High-level block diagram of an automotive radar.

mixed with the LO signal (cosine) and its phase-shifted version (sine) to obtain
complex (IQ) samples at the receiver’s output. Some of the advantages of the
complex-baseband receiver architecture include improved noise figure, better
interference tolerance, redundancy, and reduced impact of RF intermodulation
products.

RX Antenna

D/A

ADC LP IFA Mixer LNA

In-phase

Complex baseband (IQ) receiver

D/A

ADC LP IFA Mixer

Quadrature

90°

LO Signal

Figure 2.2: High-level block diagram of the complex-baseband implementation of a
radar receiver.
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2.1.1 Range and Velocity Estimation

In FMCW radar, the beat frequency in the received signal is proportional to
the round trip delay τ [s] (Fig. 2.3). A target at a longer distance corresponds
to a higher beat frequency fb [Hz] in the received signal. In the case of moving
targets, the beat frequency also has a Doppler component that represents the
velocity of the targets. For a target at range R [m] and velocity v [m/s], the

time

fr
eq

ue
nc

y

fd

fb

τ

TX chirp

RX chirp

Figure 2.3: Transmitted and reflected chirps. Target’s range and velocity determine fb
and fd, respectively.

generated frequency in the received is given by [17]

fb =
2fcv

c︸ ︷︷ ︸
Doppler,fd

+
2BR

cT︸ ︷︷ ︸
Range,fr

(2.3)

where fc [Hz] is the center frequency, c [m/s] is the speed of light, B [Hz] is
the chirp bandwidth and T [s] is the chirp duration. The general expression of
the sampled complex-baseband signal is

s(n) = e
i·2π
[

2fcR
c +

(
2fcv
c + 2BR

cT

)
nTs

]
, (2.4)

where Ts [s] is the sampling interval. Due to the high bandwidth and small du-
ration of the transmitted chirps, the range component fr [Hz] dominates in the
beat frequency and the Doppler component fd [Hz] is negligible (fr � fd).
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Therefore, by performing Fourier transform, the beat frequencies in the base-
band signal are estimated. However, it is not possible to resolve the range-
Doppler ambiguity using the baseband signal corresponding to a single chirp.
This ambiguity is resolved by transmitting a sequence of FMCW chirps [17].
For a block of L chirps and a chirp repetition interval of TCRI [s], the two-
dimensional complex-baseband signal is given as

s2D(t) = ei·4πfc·R/c
L−1∑

l=0

e
i·2π
[

2fc·v·TCRI ·l
c +

(
2fcv
c + 2BR

cT

)
·t
]

· rect
(
t− l · TCRI

T

)
,

(2.5)

where rect() is a unit rectangular function. Range and Doppler information is
obtained simultaneously by performing a two-dimensional Fourier transforma-
tion of the sampled complex-baseband signal (Fig. 2.4) [17].

2.1.2 Direction of Arrival Estimation

In addition to distance and velocity, radars are also capable of estimating the
direction of targets. The basic principle of direction estimation is that the
radar receives maximum signal power when it is looking in the direction of
the reflecting target. Either mechanically rotating antennas or antenna arrays
are used to scan the radar’s field of view. However, the use of mechanically
rotating antennas is not plausible in modern vehicles. Therefore, automotive
radar uses antenna arrays to measure changes in the signal phase (Fig. 2.5),
which are then translated into the target direction.

2.1.3 Antenna Arrays

A general relation between directivity D and effective aperture Ae [m2] of an
antenna is given by the following expression

D =
4πAe
λ2

, (2.6)
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Figure 2.4: 2D-FFT for simultaneous Range-Doppler estimation. The red square in
the image indicates a peak in the radar image, which corresponds to the target range
and velocity.

where λ [m] is the wavelength of the transmitted signal. Antenna gain is related
to directivity as

G = εaD, (2.7)

where εa is antenna efficiency. To achieve higher directivity (or gain), an an-
tenna with a larger aperture is required. However, there are physical constraints
in the fabrication of large antennas. Using specific geometrical arrangements
of smaller antennas, the overall antenna size can be increased. The single
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Figure 2.5: Range-Doppler maps corresponding to the signal received at four channels
of an antenna array. The direction of a specific target is determined by measuring the
target phase in all channels.

antenna elements can be arranged in one (linear arrays), two (such as circular
arrays), or three (such as spherical arrays) dimensions. A four-element linear
array with an inter-element spacing of d [m] is shown in Fig. 2.6. The steering
vector for this array is given as [18]

d d d

θ θ θ θ

Target

d sin θ

2d sin θ

3d sin θ

Figure 2.6: Four element linear antenna array. In far field approximation, the signal at
each element of the array experiences a phase shift depending on the azimuth angle of
the signal source and the distance between the array elements.

a(θ) =




e−j·
2π
λ ·0·sin θ

e−j·
2π
λ ·d·sin θ

e−j·
2π
λ ·2d·sin θ

e−j·
2π
λ ·3d·sin θ



, (2.8)
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an it defines the phase progression from one element to the next, which depends
on the array geometry (distance between the array elements) and the target
direction θ.

Another benefit of using antenna arrays is that it is possible to steer the
antenna beam. This is achieved by weighting the input from different elements
of the receiving array. This phenomenon is termed beamforming, and it can
be performed in either the analog or digital domain. In digital beamforming,
the input from each element of the antenna array is multiplied by a vector of
complex weights digitally, to point the antenna beam in a specific direction. In
addition to the main lobe, it is also possible to steer the nulls in the antenna
beam pattern. Null steering is typically used to cancel out undesired signals
or interference in the spatial domain. However, in real situations with the
presence of noise, null steering is sub-optimum. Therefore, most algorithms
focus on steering the beam for maximum SNR. Commonly, this optimum is
close to an antenna null.

2.2 Autoregressive (AR) Models

Autoregressive (AR) models are commonly used in time-series analysis. In
an AR model of order p, denoted as AR(p), the current value is a linear
combination of p previous values, plus a purely random process εn with zero
mean and variance σ2

ε expressed as

xn = a1xn−1 + a2xn−2 + · · ·+ apxn−p + εn, (2.9)

where a1, a2, · · · , ap are weighting coefficients. The prefix "auto" highlights
the fact that xn regresses over its own past values. Given that a sufficient
number of samples are available for parameter estimation and the time-series is
wide-sense stationary, AR modelling is a powerful tool for sample prediction.
The model estimation for an AR process is a 2-fold problem: 1) model order
p selection (an overview is presented in [19]), and 2) model coefficients ai
estimation (some techniques are discussed in [20]).
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2.3 Mutual Interference in Automotive Radars

When multiple vehicles equipped with radars are present in the same vicinity,
it becomes likely that mutual interference is encountered. The use of the
FMCW waveform increases the probability of this interference because of the
high duty cycle. It is possible to observe radar-to-radar interference even in
relatively basic road scenarios when vehicles are moving in their own lanes
(Fig. 2.7).

Figure 2.7: Road scenario with vehicles moving in opposite directions in separate
lanes. Multiple radars indicated by red stars are vulnerable to interference in this
scenario.

Depending on the radar parameters (center frequency, bandwidth, chirp
duration, and chirp repetition time), interference in FMCW radar can result
in two phenomena: 1) the appearance of ghost targets (Fig. 2.8) and 2) time-
limited disturbance in the baseband signal (Fig. 2.9). Such interference causes
a degradation in the detection performance of the victim radar, and this degra-
dation is due to interference-induced noise in the radar images. The probability
of encountering time-limited interference that leads to SINR degradation is
much higher than the ghost target scenario. Therefore, throughout this the-
sis, the focus will remain on the case where interfering radar signals have
non-identical transmit parameters.
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t[s]

f[Hz]
Tx chirps Echo chirps Interfering chirps

Figure 2.8: Ghost target phenomenon — Transmitting and interfering chirps have
identical parameters. The interfering chirp appears as a reflection of the transmitted
signal and hence results as a target in the radar image. The occurrence of such
interference is highly unlikely for the following reasons: 1) the time window for an
interfering chirp to result in a ghost target is extremely short relative to the chirp
repetition interval; and 2) it is difficult to synchronize local oscillators in two different
systems.

t[s]

f[Hz]
Tx chirps Echo chirps Interfering chirps

Figure 2.9: Time-limited disturbance phenomenon—Transmitting and interfering
chirps have non-identical parameters. The interference occurs when transmitted, and
interfering chirps overlap in time and frequency within a small interval defined by the
receiver’s bandwidth. This interference results in disturbances in the 2-dimensional
signal matrix.

2.4 Interference Mitigation

The targets in traffic with low RCS, such as pedestrians and cyclists, are more
vulnerable to mutual interference because even a small increase in noise affects
the SINR significantly. As a result, autonomous driving systems that use radars
for object detection may be blind to these targets and make incorrect decisions,
leading to an increased risk of accidents. To avoid accidents, autonomous
driving systems (particularly the safety functions) require a very low failure
rate. Therefore, mutual interference must be mitigated to decrease the failure
rate.
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Table 2.1: A few of the automotive radar interference countermeasures proposed in
recent years.

Interference countermeasures References

Suppression of the disturbance in the time domain signal [21–23]

Randomized chirp hopping [24, 25]

Spatial interference suppression [26–28]

Sparse signal processing [29]

Signal separation/reconstruction [30, 31]

Frequency spectrum techniques [32, 33]

With the increase in the number of radar systems used in traffic, the mutual
interference problem has begun to gain more attention, and several interference
countermeasures (listed in Table 2.1) have been proposed in recent years.

However, due to some limitations of the proposed techniques, there is still
a requirement to find rapid and robust interference mitigation techniques that
show an acceptable mitigation performance in all scenarios.
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CHAPTER 3

Summary

The publications included in this thesis investigate interference mitigation in
the spatial (Publications I, II, and III) and time (Publication 4) domains.

Publication I investigates interference suppression in the spatial do- main
in multiple-input multiple-output (MIMO) automotive radar. MIMO radar uses
multiple transmitting and receiving antennas to increase the virtual aperture,
which helps to achieve higher angular resolution. In the case of the targets,
there is a coherence in the signal received at all elements of the receiving
virtual aperture, which makes it possible to achieve high angular resolution.
However, the interfering signal is non-coherent for the elements of the vir-
tual aperture corresponding to different transmitting antennas. The use of
MIMO arrays does not provide any additional benefit in interference suppres-
sion, and interference must be suppressed separately for the received signal
corresponding to different transmitters.

Publication II proposes an adaptive digital beamforming technique based
on a least mean squares (LMS) algorithm for interference suppression. The
proposed technique uses time-domain baseband signal samples disturbed by
the interference to compute the complex weights for beamforming. The adap-
tive beamforming method does not require DoA estimation of the interfering
source, and does not require antenna array calibration (as opposed to conven-
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tional beamforming methods).
Publication III is the experimental evaluation of the adaptive beam- form-

ing method proposed in publication II. Outdoor measurements from a 77 GHz
Chirp Sequence FMCW radar are used for this evaluation. It is shown that the
interference behaves differently in real and complex-baseband receivers, and
complex-baseband receivers are better suited for interference mitigation using
digital beamforming.

Publication IV uses a different approach for interference mitigation. The
interference is removed from the received baseband signal by identifying the
interfered samples and setting them to zero, creating gaps in the received
signal matrix. Using the remaining non-interfered samples, an AR model of
the signal is estimated, and the signal is reconstructed using the estimated
model. In chirp sequence radar, the baseband signal is coherent over multiple
chirps (slow time), and this coherence can be exploited to perform signal
reconstruction slow time. The transmit signal parameters (chirp duration,
center frequency, chirp bandwidth, and chirp repetition time) determine the
duration of disturbance in the received signal, in both fast- and slow-time. This
publication investigates the baseband signal reconstruction using AR modeling
in fast- and slow-time, and compares the reconstruction performance in the
two dimensions.
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Abstract— As driver assistance systems and autonomous
driving are on the rise, radar sensors become a common device
for automobiles. The high sensor density leads to the occurrence
of interference, which decreases the detection capabilities. Here,
digital beamforming (DBF) is applied to mitigate such inter-
ference. A DBF system requires a calibration of the different
receiving channels. It is shown how this calibration completely
changes the DBF beam pattern required to cancel interferences,
if the system has no IQ receiver. Afterward, the application
of DBF on a multiple-input multiple-output (MIMO) radar is
investigated. It is shown that only the real aperture and not the
virtual one can be used for interference suppression, leading to
wide notches in the pattern. However, for any target the large
virtual aperture can be exploited, even if interferers are blinded
out. Moreover, the wide notches for interference suppression of
the real aperture appear narrow in the virtual aperture for target
localization. The results are verified by measurements with time-
multiplexing MIMO radar.

Index Terms— Automotive radar, beamforming, multiple-input
multiple-output (MIMO), radar receivers, radar systems, signal
processing.

I. INTRODUCTION

FOR the realization of driver assistance systems and
autonomous driving, automobiles get equipped with var-

ious sensors. For higher robustness, a mixture of different
sensor types, like camera, radar, or ultrasonic, is desired. Thus,
the amount of radar sensors used in daily traffic will increase
in the future. Likewise, interferences between those sensors
will occur more often. In the scenario in Fig. 1, the side radar
of a truck interferes with the front sensor of a passing car.
Interference can occur even if the truck is not in the field of
view of the car’s sensor. Automotive radars usually transmit
frequency ramps with frequency modulated continuous wave
(FMCW) or chirp sequence modulations. Interferences occur
most likely as depicted in Fig. 2(a), where the frequency
ramps transmitted by truck and car have different slopes and
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Fig. 1. Typical highway scenario: a car passes a truck. The side sensor of
the truck may cause interference in the car’s front sensor. The fields of view
are indicated in red and green.

Fig. 2. Frequency ramps transmitted by the sensors of the vehicles in Fig. 1
can interfere in different ways. (a) Receiver bandwidth of the car’s sensor
limits the interference duration (dashed lines). (b) Parallel ramp generates a
ghost target only if it falls within the receiver bandwidth.

intersect [1]. As long as the truck’s signal passes the receiver
bandwidth of the car’s sensor (dashed lines), interference
occurs. Such interferences increase the noise level and reduce
the probability to detect radar targets [2]. It is also possible that
both sensors transmit frequency ramps with identical slopes
[see Fig. 2(b)]. In this case, interference can result in a ghost
target, but it is very unlikely that such ramps fall into each
other’s receiver bandwidths [1], [3].

There are multiple methods to counteract interferences
in multiple-input multiple-output (MIMO) radars. In mili-
tary applications, the spatial diversity provided by statistical
MIMO radars can be used for jamming suppression [4]. For
collocated MIMO radars, which are under investigation here,
digital beamforming (DBF) algorithms for the suppression of
intentional jamming were derived in [5]. They show good
simulation results with an MIMO radar with ten transmit
and ten receive elements. Investigations on adaptive DBF for
automotive single-input multiple-output (SIMO) radar were

0018-9480 © 2017 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.
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shown in [6], supported by simulation data. Instead of using
adaptive algorithms, DBF can be realized with beam and notch
steering. Such algorithms place minima and maxima at chosen
angles in the beam pattern and require knowledge of at least
the direction of arrival (DoA) of the interference. One way to
find this DoA is an estimation using the interfered samples
of the time signal as shown in [7]. In [8], we investigated
notch steering for an SIMO radar. It turned out that for
systems without IQ receiver, interference cannot be canceled
by steering a notch toward its direction alone. The interference
energy is split onto multiple DoAs.

As the chirp sequence radar does not require an IQ receiver,
this issue is further pursued here. As a new contribution of
this paper, analytical equations are derived in Section II, which
describe the DoAs affected by interference energy. It is shown
that certain design parameters take severe influence hereon.

Future automotive radar sensors will most likely be realized
as MIMO systems. Therefore, Section III addresses the appli-
cation of an MIMO radar system for interference mitigation
with DBF. Orthogonal transmit signals for an MIMO radar are
typically realized by time, frequency, or code multiplexing.
This ends up in a large virtual aperture, which improves
angular resolution.

It is shown that an interfering signal does not obey the
virtual aperture. Thus, when beamforming is applied on the
virtual array, it affects interferences only with the real aperture
size, leading to wider notches for interference cancellation.
At the same time, desired signals are affected by the larger
virtual aperture, and therefore they experience more narrow
notches. When an interfering signal transmitted by a car is sup-
pressed with a notch, the desired signals reflected from the car
are also affected. However, those desired signals experience
narrower notches because of the large virtual MIMO aperture.
This reduces the undesired effect of masking targets which are
located in close proximity to interferers.

In Section IV, the application of a null steering digital
beamformer to mitigate interference in a 77-GHz time-division
multiplexing (TDM) MIMO radar with two transmit and four
receive antennas is shown. The problems derived earlier in
this paper are taken into account to clearly suppress the
interference.

This paper notation handles matrices with bold capital
letters. Frequency signals are written in capital letters, while
time signals and matrix entries are written in small letters.

II. INTERFERENCE IN A DBF RADAR WITHOUT IQ MIXER

Application of DBF requires a system with multiple inde-
pendently sampled channels, like the receiver shown in Fig. 3.
N antennas are connected to an Rx (receiver) chip with trans-
mission lines of lengths li . The signals are down converted,
filtered, and further processed in the chip. After the signals are
digitized and Fourier transformed, DBF is applied. Its basic
principle is based on the phase difference

�ϕ = kd sin ϑ (1)

between two channels with element spacing d , for a signal
with free-space wavenumber k and incident angle ϑ . The

Fig. 3. Radar receiver with N independent Rx channels. The antennas
are connected to an Rx-chip with transmission lines of lengths ln for down
conversion and further processing.

Fig. 4. Baseband spectrum is limited by the sampling frequency fs . Without
IQ mixer, the interference S+( f ) for t > 0 affects identical frequencies as
S−( f ) for t < 0.

beamformer uses weights wn to combine the data Sn( f ) of
each channel to the DBF output

SDBF( f ) =
N∑

n=1

wn Sn( f ). (2)

By choosing appropriate weights, undesired signals can be
suppressed and desired signals amplified, depending on their
DoA. This way, interference from the truck in Fig. 1 can
be mitigated by suppressing the DoA of its sensor. However,
if the car’s receiver does not provide an IQ mixer, additional
requirements must be met for interference suppression, which
are reviewed from [8] for an ideal system. Afterward, it is
derived how the effect changes in real systems because of the
line lengths ln in Fig. 3.

A. Image Frequency Problem in an Ideal System
In an ideal system, it is assumed that all transmission lines

in Fig. 3 have the same length, so that the phase differences
between the channels obey (1). After down conversion, the
interference signal behaves like a frequency ramp [9]. In time
domain, it can be described as

sint(t) ∝ cos(a(t − T0)
2 + b + �ϕ). (3)

The abbreviations a and b are described in detail in [9].
They are determined by the frequency difference and the zero
phases of the two ramps in Fig. 2(a). T0 is the point in time
when the ramps intersect and the down converted frequency
is zero. To simplify the following derivation, T0 is set to zero.
It can be seen from Fig. 2(a) that the part of the down-
converted interference signal for t > 0 passes through the
whole baseband filter, and therefore has frequency components
in the whole baseband spectrum. This signal part is called
S+( f ) and is indicated with a blue dashed rectangle in Fig. 4.
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The same is valid for the interference signal S−( f ) for t < 0,
shown with the red rectangle. Without IQ mixer, the frequency
components S+( f ) and S−( f ) cannot be separated; it is an
image frequency problem.

According to (3), the time-domain interference signal is
real-valued and an even function for T0 = 0. Thus, we can
state that S+( f ) = S∗−( f ). Depending on the sign of a, we get

S+( f > 0) ∝ exp( jkd sin ϑ) (4)

for positive a, and therefore

S−( f > 0) ∝ exp(− jkd sin ϑ) = exp( jkd sin(−ϑ)) (5)

or

S+( f > 0) ∝ exp(− jkd sin ϑ) (6)

for negative a, and therefore

S−( f > 0) ∝ exp( jkd sin ϑ). (7)

This means, that an interference signal with DoA ϑ also
has a component that belongs to the DoA −ϑ . If a beam-
former is used to cancel interference, it must take into
account both DoAs. It is not sufficient to remove the inter-
ference DoA alone [8]. The further derivations are all done
for (4) and (5).

For comparison, Fig. 4 also shows the spectrum of a
target signal that behaves similar to a parallel interference,
as depicted in Fig. 2(b). Such a signal has two complex
conjugate frequency components, which are separated into the
positive and negative parts of the spectrum. Although they are
complex conjugate as S+( f ) and S−( f ), the limitation to one
side of the spectrum keeps the angle information unambiguous.
Fig. 4 also shows how an IQ receiver changes the spectrum
of S+( f ) and S−( f ). In this case, only the real interference
DoA affects the desired signal.

B. Image Frequency Problem in a Real System

The image frequency problem is now extended to a real
system. In this case, the transmission lines l1...lN in Fig. 3
will not have the same length anymore. A different line length
in the RF path leads to a constant time delay for all signals
on that channel. This causes an additional phase shift ϕerr and
alters (1) to

�ϕ = kd sin ϑ + ϕerr. (8)

Such phase shifts can be determined in a calibration measure-
ment and fixed in the signal processing by multiplication with
exp(− jϕerr). Fig. 5 shows the phase difference between two
channels as a function of sin ϑ . In the ideal system discussed
above, this phase difference is a straight line described by (1),
while in the real system this line is shifted by ϕerr. The
calibration cancels ϕerr and results in the same behavior as
in the ideal case. This leads to (1) and (4) for target signals
and S+( f ). However, this is not the case for S−( f ) in (5).
Before the array calibration, it is

S−( f ) = S∗+( f ) ∝ exp(− jkd sin ϑ − jϕerr). (9)

Fig. 5. Comparison of phase differences �ϕ of S+( f ) (blue dashed curves)
and �ϕ− of S−( f ) (green solid curves) between two channels in a real,
an ideal, and a calibrated array.

After calibration, (9) changes to

S−( f ) ∝ exp( jkd sin(−ϑ) − jϕerr) · exp(− jϕerr)

= exp( jkd sin(−ϑ) − 2 jϕerr). (10)

The phase shift has not been removed, but its value changed
to −2ϕerr. This is shown in the bottom part of Fig. 5.
By calibration, the phase progression is not shifted to the ideal
curve, but moved downward instead.

Thus, in order to remove S−( f ) with DBF, it is not
reasonable to place a notch at −ϑ in a real system. Still,
this interference energy must be taken into account. Consider
the phase difference of S−( f ) between two channels after
calibration

�ϕ− = −kd sin ϑ − 2ϕerr
!= kd sin ϑ̂ . (11)

This phase difference represents an angle ϑ̂ in the calibrated
array

ϑ̂ = − arcsin

(
sin ϑ + 2ϕerr

kd

)
. (12)

As an example, we assume a four-element uniform linear
array with element distances of λ/2 and interference from
ϑ = −10°. In an ideal system, the beamformer would have to
cancel the DoAs ±10°. In a real system operating at 76 GHz, a
line length difference of 260 µm between the first two channels
shifts the interference DoA from 10° to

ϑ̂ = −13.1° (13)

whereby an effective relative permittivity of 2.3 is assumed.
Instead of removing the DoAs ±10°, the beamformer must
cancel −10° and −13.1°. Between the third and fourth chan-
nel, we assume a line length difference of 650 µm. Through
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Fig. 6. Phase difference between the interference signal on two channels
is determined by the interference DoA. The interference signal S2,−( f )
in channel 2 is adjusted with ŵ2 and added to S1,−( f ) for interference
cancellation.

the resulting phase difference, the interference appears to have
the DoAs −10° and

ϑ̂ = −55.7°. (14)

The second DoA differs from (13), what makes the
application of classical notch steering algorithms difficult.
Steering notches in the beam pattern at −13.1° and −55.7°
will not remove these interference components, because they
do not obey a classical steering vector.

Instead of using a classical notch steering algorithm, the
channels can be combined pairwise to remove the interference
in multiple stages. In Fig. 6, the signal component S−( f ) is
considered as complex vectors S1,−( f ) and S2,−( f ) on the
first two channels. When the interference DoA is known, the
phase difference between the channels is found with (10).
With this knowledge, the vector S2,− is rotated through
multiplication with the complex value ŵ2, resulting in

S1,−( f ) + ŵ2S2,−( f )
!= 0. (15)

The same approach for channels 3 and 4 results in

S3,−( f ) + ŵ4S4,−( f )
!= 0. (16)

Afterward, S+( f ) is removed using ŵ3 by

(S1,+( f ) + ŵ2S2,+( f )) + ŵ3(S3,+( f ) + ŵ4S4,+( f ))
!= 0.

(17)

This leads to an interference-free signal. Fig. 7 shows
the processing scheme extended for a beamformer with an
arbitrary amount of channels. The block combining four
channels for interference cancellation, which was described
in (15)–(17), is repeated multiple times. The outputs are multi-
plied with additional weights and summed up to steer the beam
into desired DoAs. Removing a single interference therefore
requires four channels, while this number is doubled for each
additional interference to be removed with the beamformer.

Fig. 7. First step removes the S−( f ) interference component. The second
step removes S+( f ). The remaining degrees of freedom steer beams toward
desired DoAs.

The weights for the beamformer (2) are given as the product
of the factors along the respective paths in Fig. 7, for example,

w2 = ŵ2 · w1 (18)

w3 = ŵ3 · w1 (19)

w4 = ŵ4 · ŵ3 · w1. (20)

III. DBF WITH AN MIMO RADAR

The capabilities of a beamformer are typically limited by
the overall aperture size and the number of available chan-
nels. An MIMO radar uses multiple transmitters and multiple
receivers to offer increased aperture size and additional virtual
antenna elements with comparably low hardware effort. The
transmitted signals must be orthogonal, so that the signal path
from each transmitter to each receiver can be distinguished and
processed separately. A large aperture and many independent
channels are beneficial for DBF. Therefore, the applicability
of an MIMO system is investigated here.

Fig. 8 shows a scheme of an MIMO radar with two trans-
mit and two receive elements. The signal paths from the
transmitters to the receivers can be described with a channel
matrix HMIMO. According to [10], with the notation used in
this paper, the entries of the channel matrix obey

hMIMO,m,n ∝ exp( jk(xTx,m + xRx,n) sin ϑ) (21)

where xTx,m and xRx,n describe the physical locations of the
transmit and receive elements. hMIMO,m,n is the channel matrix
entry for the signal path from transmitter m to receiver n. For a
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Fig. 8. Matrix HMIMO describes the signal paths between the transmitters
and the receivers (blue solid lines) under far-field conditions. The interference
channel matrix Hint describes the paths from an interfering sensor Txint to
the receivers (red dashed lines), which is independent of xTx,m .

Fig. 9. Interference in different transmit signals Txk and Txl for (a) TDM and
(b) FDM MIMO radars.

radar with M transmitters and N receivers, the matrix HMIMO
has M · N entries and describes the phase differences between
the elements of the virtual array. Each target in the radar
channel generates a phase coherent response in the virtual
array. So, based on (21), we can apply DBF.

The channel matrix Hint in Fig. 8 for interference trans-
mitted by Txint is independent of the locations xTx,m . Thus,
interfering signals do not obey (21), and, for interference
cancellation with DBF, the wide virtual aperture cannot be
used. Similar to (21), the entries of Hint can be described as

hint,m,n ∝ Am · exp( jkxRx,m sin ϑ + jφm). (22)

The amplitude Am and phase φm include a dependence on
the transmit channel m. This originates from the orthogonality
requirement of the transmit signals and is explained in the
following.

Orthogonal transmit signals are realized with TDM,
frequency-division multiplexing (FDM), or code-division mul-
tiplexing schemes, as described in [11]–[14]. For a TDM
MIMO radar, Fig. 9(a) shows frequency ramps transmitted
by two different transmitters Txk and Txl and interference
through another sensor’s frequency ramps Txint,k and Txint,l .
When the ramp repetition rate of both sensors is not identical,

Fig. 10. Positions in the measurement setup are r1 =3.8 m, ϑ1 =31°,
r2 =5 m, ϑ2 =14°, and r3 =6 m, ϑ3 =5°.

interference in Txk and Txl occurs at different frequencies.
Additionally, after down conversion, the different zero phases
of Txk and Txl will show up in the baseband interference
signal. These effects lead to the phase shift φm . When interfer-
ence occurs at different points in time in the frequency ramps,
the window function applied in signal processing changes Am .
It is also possible that the interference does not occur in each
frequency ramp, leading to Am = 0 for certain m.

Interference in an FDM MIMO radar is also likely to
occur at another part of the frequency ramp for different
transmitters [see Fig. 9(b)]. This leads to similar effects as in
the TDM case. Because of the described phase and amplitude
inconsistencies, φm and Am , DBF can cancel interference only
by steering notches with the signals of single transmitters.

Therefore, the signals summed up to remove S+( f ) and
S−( f ) in Fig. 7 in an MIMO array must all belong to the
same transmitter. After interferences are canceled this way,
beams toward desired DoAs are formed with the virtual array.

IV. APPLICATION OF DBF ON A 2 × 4 MIMO RADAR

The described DBF processing is applied on an MIMO radar
with two transmit and four receive channels. It has an eight-
element virtual aperture with the element positions

d1 = 0 d2 = 1.67λ d3 = 3.87λ d4 = 4λ

d5 = 5.67λ d6 = 6.56λ d7 = 7.87λ d8 = 10.56λ.

The free-space wavelength λ is 4 mm for the operating fre-
quency of 76 GHz. In a calibration measurement, the phase
differences �ϕ between the channels, according to Fig. 5, are
determined. The following phases ϕerr,n in radians are found
for the channels n:

ϕerr,1 = 0 ϕerr,5 = 3.42

ϕerr,2 = 0.96 ϕerr,6 = 4.39

ϕerr,3 = 1.96 ϕerr,7 = 5.40

ϕerr,4 = 1.83 ϕerr,8 = 5.26.

The sensor transmits rising frequency ramps with a bandwidth
of 600 MHz. The transmit elements are switched with a time
delay of 50µs to realize the TDM MIMO operation. In the
measurement setup discussed here, targets are located at the
positions (r1 = 3.8 m, ϑ1 = 31°), (r2 = 5 m, ϑ2 = 14°),
and (r3 = 6 m, ϑ3 = 5°) (see Fig. 10). The third target is
an interfering radar sensor which transmits falling frequency
ramps with center frequency 76 GHz and bandwidth 300 MHz
with a single transmit antenna. The other two targets are corner
reflectors. All objects in the radar channel are static, so that
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Fig. 11. Measurement of the interfered signal after noncoherent integration,
the interference-free signal on a single channel, and the DBF output. The
graphs are normalized to the target at 5 m.

the effect of motion induced phase migration in TDM MIMO
radars [11], [15] is avoided. This effect would not reduce the
performance of steering notches, but without a compensation
algorithm it would degrade the beam steering toward desired
DoAs.

Fig. 11 shows the spectrum of an interference-free measure-
ment for a single channel and an interfered measurement after
a noncoherent integration over the 8 virtual channels. Without
interference, the signal-to-noise-and-interference ratio (SNIR)
of the first target is 9.6 dB, of the second target 29 dB, and of
the third target 26.8 dB. Due to the interference, the overall
noise floor is increased. The SNIR values drop to 1, 17.9, and
14.5 dB, respectively. All SNIR values are determined by an
ordered statistics constant false alarm rate [16] algorithm.

At first, the coexistence of S+( f ) and S−( f ) is verified.
The frequency bins, which correspond to distances above 20 m,
are free of target reflections, so there is only the interference
signal and noise present. A DoA estimation with the Capon
beamformer [17] is applied on those frequency bins to find
the interference DoA. Only the signals from the first transmit
to all receive elements are evaluated therefore. As shown in
the previous section, the DoA estimation of the interference
cannot benefit from the virtual MIMO aperture.

In Fig. 12(a), the estimation is shown after the array
is calibrated with exp(− jϕerr,n). The strongest peak occurs
at +5°, which is the true interference DoA. Another peak
appears at 16°. This result is compared with a simulation.
An interference signal, which obeys (3) and (8), is simulated
for the same array as used in the measurement. The DoA
estimation on the simulation data also shows two strong peaks
at 5° and 16°. When the simulation is done with a complex
exponential function instead of a cosine in (3), the peak at 16°
disappears (not shown in the figure). The complex signal
corresponds to using an IQ mixer, and in this case S−( f ) does
not exist. Thus, the peak generated at 16° in the measurement
is created by S−( f ). This peak is, both in the simulation and

Fig. 12. Comparison of the DoA estimation on simulated and measurement
data. The interference DoA is 5°. (a) DoA estimation after calibration
with exp(− jϕerr,n) shows the interference DoA as highest peak, while at
16° a high peak is generated by the falsely calibrated S−( f ). (b) After
a complex conjugate calibration with exp(+ jϕerr,n), S−( f ) is calibrated
correctly. It generates a peak at −5° according to (5). The real interference
DoA is not visible anymore, but a peak at −16° is formed instead. The plots
are normalized to the peak levels at +16° and −16°, respectively.

the measurement, at least 5 dB smaller than that one at 5°,
so it does not contain all the energy of S−( f ).

If the calibration is performed with exp(+ jϕerr,n) instead,
the estimation in Fig. 12(b) shows a peak at −5° and a
peak at −16°. With the complex conjugate calibration coeffi-
cients, S−( f ) is calibrated correctly, this means it follows (5).
The peak at −16° is generated by the falsely calibrated
S+( f ). The simulation behaves likewise; strong peaks occur
at the same angles. The performed DoA estimations satisfy
the theoretical expectations of (4)–(9).

In the next part, DBF is applied to cancel the interference
DoA and amplify signals under the main direction of sight
at 0°. The 8 virtual channels are processed according to (2),
where the complex weights wn follow the scheme depicted
in Fig. 7 with N = 8. The signals of the first transmitter
correspond to channels 1–4, while the signals of the sec-
ond transmitter correspond to channels 5–8. This leads to
the pattern in Fig. 13. It shows a notch toward the actual
interference direction 5°, while a maximum appears at 0°.
Although the main look direction is close to the notch at 5°,
the virtual aperture is wide enough to steer a maximum
there. For comparison, the similar pattern for an ideal array,
i.e., without the need for any calibration, is shown. It would
require notches at ±5° to cancel the interference, what is a
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Fig. 13. Real DBF pattern including the influence of the calibration compared
to the DBF pattern in an ideal array. Both patterns are designed to cancel the
interference from 5° and focus the DoA 0°. The ideal array (all ln =0 in Fig. 3)
must also place a notch at −5°, as no IQ mixer is available. For comparison,
the pattern of a four-element SIMO array is also shown. It has lower gain
and wider peaks than the MIMO pattern.

TABLE I

COMPARISON OF THE MEASURED SNIR VALUES

FOR THE SCENARIO IN FIG. 13

more severe limitation for a sensor’s field of view. The figure
also includes the pattern of the four-element SIMO array for
the case of only one active transmitter. Compared with the
MIMO pattern, it has 3 dB less gain in the 0°-direction, as
only half the elements are available. It also shows much wider
peaks, i.e., the curve shape is smoother. This is reasonable,
because the MIMO array offers a higher resolution than the
SIMO array. Targets in close neighborhood can be separated
more easily through the MIMO application.

In the spectrum in Fig. 11, the interference-induced noise
floor is removed by the beamformer to the largest part. The
SNIR values of the targets change to 13.5 dB for the first,
28 dB for the second, and 17.2 dB for the third target. Beneath
suppressing interference, the beamformer even achieves a gain
for the first target compared to the interference-free situation.
The SNIR values for all three cases are summarized in Table I.
The target corresponding to the interference is nearly 10 dB
smaller than in the interference-free case, because it is also
affected by the notch at 5°. Still, the SNIR values of all
targets are higher after DBF than in the case of noncoherent
integration without interference suppression.

V. CONCLUSION

If an FMCW or chirp sequence radar receiver is designed
without IQ mixer, a digital beamformer cannot remove inter-
ferences by just placing a notch in the beam pattern toward
the interference DoAs. Half of the interference energy is also
spread over other DoAs and must be taken into account as

well. It depends on the particular hardware realization to which
directions this energy corresponds, but this can be determined
with a calibration measurement.

It was shown that in an MIMO system, a beamformer cannot
make use of the virtual aperture to counteract interferences
from other radars. Interference cancellation is possible only
with signals of the subarrays generated by single transmitters.
However, the virtual aperture can still be used to steer beams
toward desired directions after interference was canceled. With
knowledge of these circumstances, a beamformer can remove
interfering signals and lead to significant improvements in
SNIR. In the measurement shown here with a 76 GHz radar,
a gain in SNIR of up to 12.5 dB could be achieved.
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Abstract—This paper addresses the problem of mutual in-
terference between automotive radars. This problem is getting
more attention with an increase in the number of radar systems
used in traffic. An adaptive digital beamforming technique is
presented here which suppresses the interference without the
exact knowledge of the interfering signal’s Direction of Arrival
(DoA). The proposed technique is robust and does not rely on
any calibration for the interference cancellation. The adaptive
interference suppression method is evaluated using a simulated
scenario. Up to about 20-23 dB improvement in the target Signal
to Interference and Noise Ratio (SINR) is measured in the
simulation and a better detection performance is achieved using
the proposed interference suppression technique.

I. INTRODUCTION

Over the past decade, a substantial increase of radar systems
has been observed in automotive applications. The automotive
radars are now an important part of several Advanced Driver
Assistance Systems (ADAS), such as adaptive cruise control,
emergency braking and lane change assist etc. [1]. In addition,
these radars also have applications in the areas of surveillance
and security [2]. The increase in the number of automotive
radars has also increased the likelihood of mutual interference
between them. This interference can cause a severe degrada-
tion in the detection performance of radar systems. Due to the
use of automotive radars in various safety critical applications,
the mutual interference problem has started getting more
attention and various countermeasures are being investigated
to solve this problem [3].

The qualitative and quantitative analysis of mutual in-
terference between Frequency Modulated Continuous Wave
(FMCW) radars was first presented in [4] and [5]. The mutual
interference normally results in the degradation of SINR or,
less commonly, appearance of ghost targets [4]. SINR degra-
dation occurs in the interference scenario when the transmitted
and interfering signals do not have identical parameters (center
frequency, bandwidth, chirp duration etc.) and the transmitted
chirps overlap. The short duration disturbance in the corre-
sponding Intermediate Frequency (IF) signal at the receiver
degrades the detection performance of the receiving radar.

One of the solutions to the mutual interference problem
is digital beamforming where the interfering signal is sup-
pressed based on its DoA. The use of digital beamforming
for interference mitigation is discussed in [6] and [7]. In
this method, the beamforming weights associated with the
receiving antenna array are calculated based on the interfering

signal’s DoA. The receiving antenna pattern obtained using
these weights has a notch in the direction of the interferer.
As a result, the interfering signal is suppressed at the output
of the beamformer. To use this method, the direction of the
interference source has to be estimated beforehand using a
DoA estimation algorithm.

This paper proposes an interference mitigation technique
which does not require any DoA estimation since the beam-
forming weights are calculated using an adaptive algorithm.
The interference is first detected by analyzing the received sig-
nal. Thereafter, a novel adaptive sub-system computes digital
beamforming weights to suppress the interference. Finally, the
adapted weights are used in a primary beamformer producing
the system output. In section I, the mutual interference in
automotive radars is introduced and the idea of digital beam-
forming for interference mitigation is discussed. The detection
problem that arises due to the mutual interference is explained
in section II. Section III describes the digital beamforming and
the adaptive algorithm. The procedure for calculation of the
beamforming weights for interference cancellation is presented
in section IV and finally, the performance results are presented
in section V.

II. MUTUAL INTERFERENCE PROBLEM

A typical vehicle radar-to-radar interference scenario is
when the radar from an oncoming vehicle (interfering radar)
radiates directly into the radar of the ego-vehicle (receiving
radar), see Fig. 1. The interference occurs when the trans-
mitted chirp from the interfering radar is within the receiver
bandwidth of the receiving radar. Interference that occurs when
transmitted chirps from both radars have identical slopes can
result in the appearance of ghost targets. However, this form

Oncoming Vehicle

Target VehicleEgo Vehicle
(Receiving Radar)

(Interfering Radar)

Fig. 1: A typical mutual interference scenario where the signal
from an oncoming vehicle causes the interference at
the receiving radar.
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Fig. 2: The scenario where transmitted chirps of different
slopes interfere with each other. The dotted rectangle
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Fig. 3: Time domain representation of the real part of an IF
signal, corresponding to three point targets, disturbed
by noise and interference. The dashed rectangle shows
the interfered section of the signal.

of interference is highly unlikely as the probability of both
chirps falling into the receiving radar’s receiver bandwidth
is very low [5]. This paper focuses on the more common
interference scenario when the chirps transmitted from both
radars have non-identical slopes, see Fig. 2. Due to this
kind of interference, the down-converted complex time-domain
baseband signal (also known as IF signal) at the receiver
experiences a disturbance, see Fig. 3. The interference causes
a rise in the noise floor making target detection difficult. This
increase in noise level causes a reduction in SINR for the
targets. In Fig. 4, this is clearly seen in the range profile
corresponding to the interfered case. The interference also
makes it difficult to detect the far-range targets or the weaker
ones like bicycles or pedestrians. As an example, in our
simulation the peak corresponding to the mid-range target
(30m) is not visible in the range profile, which makes is
impossible to detect this target in the presence of interference.

III. ADAPTIVE DIGITAL BEAMFORMING

To suppress the interference in the received signal, an adap-
tive digital beamforming technique is used. Digital beamform-
ing can be defined as the spatial filtering of the received signals
by employing a digital implementation of phase shifting,
scaling and summation. The receiving antenna in automotive
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Fig. 4: Range profile of clean and interfered signals.

radars usually contains a phased array. The sampled IF signal
at each channel of the array is expressed as

x(k) =

⎡
⎢⎢⎢⎢⎣

x1(k)
x2(k)

...
xM (k)

⎤
⎥⎥⎥⎥⎦
, k = 0, ...,K − 1

where M is the number of elements in the receiving array and
K is the number of samples per channel. The beamforming
output y(k) can then be formulated as

y(k) = wTx(k), (1)

where

w =

⎡
⎢⎢⎢⎢⎣

w0

w1

...
wM−1

⎤
⎥⎥⎥⎥⎦

is a vector of M complex weights and (·)T denotes the
matrix transpose operator. In adaptive digital beamforming,
the weights are adapted based on a deviation from the desired
signal, see Fig. 5. The output y(k) obtained after the beam-
forming is compared with the desired output d(k). The error
e(k) is defined as the difference between the desired and the
actual output, i.e.,

e(k) = d(k)− y(k). (2)

x1(k)

x2(k)

xM (k)

y(k)

d(k)

e(k)Adaptive
algorithm

w1(k)

w2(k)

wM (k)

Fig. 5: Block diagram of an adaptive beamformer.
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Fig. 6: Amplitude variation (first order difference) |v(k)| of
the IF signal. The same data as in Fig. 2 is used.
The red dashed line defines the threshold for the
interference. The variation greater than this threshold
indicates the presence of an interference.

The aim of the adaptive algorithm is to compute the beam-
forming weight vector w so that the error e(k) is minimized.

The Normalized Least Mean Squares (N-LMS) algorithm
is utilized in order to achieve a robust adaptation of the
beamformer. This algorithm is based on the steepest-descent
method which recursively computes the beamforming weights
[8]. The weight vector w is updated recursively according to

w(k + 1) = w(k) + μ(k)e(k)x∗(k), (3)

where

μ(k) =
β

xH(k)x(k)

is the variable adaptation step size, which depends on the input
signal and a parameter β. In above equations, the operator
(·)∗ denotes the complex-conjugate and (·)H denotes the
Hermitian transpose of a matrix. To guarantee stability and
error convergence towards the minimum value the following
condition has to be satisfied [8]:

0 < β < 2.

The interference cancellation procedure using adaptive dig-
ital beamforming is discussed in the following section.

IV. ADAPTIVE INTERFERENCE CANCELLATION

The interference cancellation is performed in three steps,
see Fig. 7. First, the interfered part of the received signal is
detected. Thereafter, the beamforming weights for interference
cancellation are calculated using the adaptive algorithm. Fi-
nally, the beamforming is performed to suppress the interfer-
ence.

A. Interference Detection

The method of interference detection used in this work
is presented in [9]. According to this method, the interfered
part of the IF signal can be detected based on its amplitude
variation v(k), which is defined as

v(k) = x(k)− x(k − 1), (4)

where x(k) is the signal received at a single channel. A
threshold for v(k) is calculated depending on a target with
the highest Radar Cross Section (RCS) that can be present in
actual road scenarios. This target corresponds to the maximum
variation in the IF signal. The interfered part of the IF signal
is defined as the part with amplitude variation greater than the
calculated threshold. The absolute amplitude variation |v(k)|
of the interfered signal in Fig. 3 is shown in Fig. 6. A variation
greater than the threshold can clearly be observed for the
interfered part of the signal. The interference detector in Fig.
7 identifies the samples of the input signal that are affected
by the interference. The samples where the interference starts
and ends are denoted by ks and ke respectively. The output
from the interference detector

xint(k) = xt(k) + xi(k) + n(k), ks ≤ k ≤ ke (5)

is the superposition of the desired signal reflected from the
targets xt(k), interference signal xi(k) and noise n(k).

B. Beamforming Weights Adaptation

After determining the interfered part, the beamforming
weights are calculated using the adaptive algorithm. As dis-
cussed before, the amplitude variation in the received signal
determines the presence of the interference. The aim of the
adaptive beamformer is to recursively reduce the variation in
the intermediate beamforming output yi(k) and bring it below
a threshold. The error signal e(k) is defined as

e(k) = yi(k)− yi(k − 1), ks ≤ k ≤ ke (6)

Adaptive
Algorithm

Adaptive
weights wi

xint(k)

Unit delay

z−1

yi(k)
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Final weights
wf

y(k)x(k)

wf

Interference Detection

B
ea

m
fo

rm
in

g
w

ei
gh

ts
ad

ap
ta

tio
n

Beamforming

Fig. 7: Block diagram of the complete interference cancella-
tion system.
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and this error is minimized using the N-LMS algorithm
described in section III. The interfered signal xint(k) and
the error e(k) are given as inputs to the adaptive algorithm,
see Fig. 7. The beamforming weights are adapted so that the
error e(k) ends up in the magnitude of the ordinary noise
floor. If the interfered section of the signal has less samples,
so that the adaption is not possible in a single iteration, the
same interfered section can be passed through the beamformer
multiple times until the error is close to level of the ordinary
noise floor (threshold). The output from the beamforming
weights adaptation section of the interference cancellation
system (Fig. 7) is the final adapted weight vector wf . The
interference is suppressed in the output y(k) when digital
beamforming is performed using these adapted weights.

V. SIMULATION RESULTS

The simulated interference scenario consists of three point
targets and one interferer. The targets are located at distances
5m, 15m and 30m at azimuth angles 5°, -10° and 0° re-
spectively. The interfering signal’s direction of arrival is 13°.
The number of channels in the receiving antenna is M = 4.
The interference is detected using the method described in
the previous section. The initial weights are set to ones i.e.
wi = [ 1 1 1 1 ].

The interfered part of the IF signal has, in this case, a
short duration compared to the total duration of the signal
(32 interfered samples out of 512 samples for a single chirp).
However, the adaptation needs more interfered samples. There-
fore, the interfered section of the IF signal is fed multiple
times to the adaptive algorithm and in each iteration the
initial weights are set to the final adapted weights achieved
in the previous iteration. The adaptation is stopped when
the maximum number of iterations is reached or when the
maximum variation e(k) in the resulting signal is less than
a threshold. In the simulation, this threshold is defined as
the maximum variation in the interference-free part of the IF
signal.
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Fig. 8: The radiation patterns using initial and final weights
are shown. A notch at 13° can be seen in the radiation
pattern obtained using the adapted weights. This notch
results in the reduction of interference power in the
beamformed signal.
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Fig. 9: Range profiles for interfered input signal at a single
channel and final beamformed output. The interference
noise is substantially suppressed in the beamformed
output.

The radiation patterns obtained using initial beamforming
weights wi and the final adapted beamforming weights wf

are shown in Fig.8. A notch can be seen at the azimuth angle
of 13° (DoA of the interference signal) in the radiation pattern
obtained using the adapted beamforming weights. Fig. 9 shows
a comparison of range profiles for interfered and beamformed
signals. Here, the beamformed signal is the weighted sum
of signals received at all the channels and the interfered
signal is the one which is received at a single channel. It
can be observed that the noise is significantly reduced for
the beamformed case. Due to reduction in noise, the target at
the distance of 30m can also be seen in the range profile.
The SINR values for the targets are given in table I. An
improvement in SINR for the beamformed case compared to
the interfered case can clearly be observed from the values in
columns 2 and 3 of the table.

Target Distance Interfered SINR Beamformed SINR
5m 26.2dB 49.8dB
15m 9.9dB 26.1dB
30m x 22.8dB

TABLE I: SINR values for the three targets in case of inter-
fered and beamformed signals. The target at 30m
can not be detected in the interfered case.

The adaptive algorithm continuously tries to minimize the
error e(n) in the beamformer output. The error convergence for
the simulated scenario is shown in Fig. 10. In this simulation
the error falls below the desired level after six iterations of the
interfered signal through the adaptive algorithm. The criteria
to end the adaptation is also important as the suppression of
desired signals has to be avoided. The adaptation is stopped
as soon as the error falls below the defined threshold. If
the adaptation continues after that, the additional degrees of
freedom are used to lower the gain in the direction of a target
signal which induces the next maximum variation in the IF
signal.

The beamforming weights are calculated based solely on
the properties of the time domain signal and no knowledge is
required regarding the positions of receiving antenna elements
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Fig. 10: Error convergence using N-LMS algorithm. The ver-
tical lines represent the iterations. The peak error falls
below the threshold after six iterations.

for the interference cancellation. In real antennas, there are
usually some phase and amplitude mismatches which are
based on the positions and quality of antenna elements. The
proposed adaptive technique performs efficient interference
suppression even in the case of phase and amplitude mis-
matches in the receiving antenna array.

VI. CONCLUSION

The mutual interference between automotive radars can be
suppressed using digital beamforming. An adaptive technique
for calculating the beamforming weights is presented in this
paper. The interfered part of the baseband signal is detected
using an amplitude variation detector. An N-LMS algorithm
is applied on the interfered part to suppress the interference
at the output of the beamformer. The DoA of the interfering
signal and the antenna array calibration are not required for in-
terference suppression using the proposed adaptive technique.
After beamforming, SINR improvement of up to 23 dB is
achieved for the targets in the simulated interference scenario.
Furthermore, a mid-range target hidden by the interference
noise could be detected in the beamformed output. Future work
would include the application of the interference cancellation
scheme on a real automotive radar.
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Abstract— Mutual interference between automotive radars
can make it difficult to detect targets, especially the weaker
ones, such as cyclists and pedestrians. In this paper, the in-
terference suppression performance of a Least Mean Squares
(LMS) algorithm-based adaptive beamformer is evaluated
using measurements from a 77 GHz Frequency Modulated
Continuous Wave (FMCW) radar in an outdoor environment.
It is shown that the adaptive beamformer increases detection
performance and that the interference is suppressed down to
the noise floor of the radar in the Range-Doppler domain.
In the paper, real baseband sampling and complex-baseband
sampling (IQ) radar receivers are compared in the context
of interference suppression. The measurements show that IQ
receivers are more beneficial in the presence of interference.

I. INTRODUCTION

The increase of radars in traffic and a limited frequency
spectrum has led to a higher risk of mutual interference.
A radar’s detection performance and accuracy of target
parameter estimation are affected severely by interfer-
ence from other Frequency Modulated Continuous Wave
(FMCW) or Chirp Sequence (CS) radars [1]. Weaker
targets in traffic, such as pedestrians and cyclists, may not
be detected in the presence of interference [2]. Therefore, it
is important to find techniques that can overcome the issue
of mutual interference effectively, especially for safety
purposes [3].

A Least Mean Squares (LMS) algorithm-based adaptive
beamforming method for mutual interference mitigation
between FMCW or CS automotive radars was presented
in [4], and simulations were used to verify the proposed
method. In this work, we validate this method with the
help of radar measurements in an outdoor environment.
We also show that the interference behaves differently
in real and complex baseband (IQ) implementations of
radar receivers. Due to this difference, receiver architecture
plays an important role in a radar system’s detection
performance, especially when spatial domain methods are
employed for interference mitigation.

II. INTERFERENCE SUPPRESSION

Mutual interference between radars transmitting non-
identical time-frequency chirps is considered, as this type
of interference is most likely to occur in automotive
radars [1]. The baseband signal received by the ego
(victim) radar experiences a time-limited disturbance of

duration Td when interfering chirps overlap transmitted
chirps in time and frequency (see Fig. 1).

Let baseband signal samples be represented by a vector,

s(n) = [ s0(n) s1(n) . . . sM−1(n) ]
T , (1)

where n is the sample number ranging from 0 to N − 1,
M is the number of antennas in the receiving (RX) array
and [·]T is the matrix transpose operator. The interfered
samples in the baseband signal, denoted by sint(n), can be
identified by using a detector, as described e.g. in [5]. The
beamforming weights adaptation using LMS algorithm is
illustrated in Fig. 2. The intermediate beamformed output

sbf(n) = w(n)Hsint(n), (2)

where w(n) is a complex beamforming weight vector and
[·]H represents matrix Hermitian operator.

The desired signal d(n) typically required in adaptive
beamforming is usually not available in radar applications.
It is derived by simply delaying the intermediate output of
the beamformer by one sample, i.e. d(n) = sbf(n−1). The
presence of interference in sbf(n) is indicated by relatively
large magnitudes of error eint(n) [4]. The adaptive algo-
rithm iteratively adjusts the beamforming weights in such
a manner that the error starts converging to its minimum.
If the maximum value of error

emax = max
n
|eint(n)|, (3)

after one iteration of weights adaptation using all interfered
samples is lower than a threshold eth, the adaptation

Interfering chirp

Transmitted chirp
Reflected chirp
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eq
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Time
Tint
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B,Bint

Td

Fig. 1. Mutual interference mechanism in an FMCW radar.
Brx is the receiver’s bandwidth, B and Bint indicate the chirp
bandwidths for the ego and interfering radars, respectively, and
T and Tint indicate chirp durations.
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Fig. 2. Adaptation for computing the final beamforming weights
wf .

is stopped and the weights at this point are chosen as
final beamforming weights wf . Otherwise, the adaptation
is performed again and the weights at the end of the
previous iteration are set as the initial condition for the next
iteration. The threshold eth is calculated by multiplying the
number of receiving channels M with the maximum first-
order difference magnitude in the non-interfered section of
a single channel, i.e.

eth =M ×max
k
|s1(k)− s1(k − 1)|, (4)

where k denotes baseband samples with no interference.
The final beamforming weights wf are used to suppress
interference in the output signal

sout(n) = wf
Hs(n). (5)

III. INTERFERENCE IN REAL AND IQ RECEIVERS

A radar receiver can have either a real or an IQ im-
plementation (e.g., [6], [7]) which determines the type of
baseband signal (real or complex) obtained at the receiver’s
output. The Radio Frequency (RF) signal received by the
RX antenna is the same in both receiver implementations
(see Fig. 3a). The target information is present only on one
side of the instantaneous carrier frequency fc. The inter-
ference (or noise), however, spans the complete bandwidth
of the receiver (fc±fco in the positive band and −fc±fco
in the image band, where fco is the cut-off frequency of
the anti-aliasing bandpass filter that defines the receiver’s
bandwidth).

Down-conversion from RF to the baseband domain in a
real receiver results in image band fold-back (see Fig. 3b).
Therefore, it is sufficient to perform target detection on
one side of the spectrum, and the redundant information
from the image band can be discarded. When interference
is present, the image band fold-back results in an overlap
of the interference contributions from both the positive
and image bands. Consequently, it is not possible to
eliminate interference from the image band by simply
discarding one side of the baseband spectrum. In this
case, the interference in the baseband signal appears to
be incident from two directions: 1) the actual direction of
the interference source, denoted θint, and 2) the mirror
direction, i.e., −θint. When using digital beamforming,

fc−fc 0

Positive bandImage band
Targets

Interference

(a) Instantaneous RF spectrum of the received signal.

fc−fc 0
(b) Frequency spectrum of the real signal. There is an overlap
of interference from positive and image bands.

fc−fc 0
(c) Frequency spectrum of the complex baseband (IQ) signal.

Fig. 3. Frequency spectra of instantaneous RF, real baseband
and complex baseband signal.

complete interference suppression is achieved by notching
out the antenna beam in two directions per interference
source.

The image band’s contribution to the interference can be
avoided by using an IQ receiver. This receiver implemen-
tation makes it possible to separate the positive and image
bands. In the complex baseband spectrum, the targets
are present only on one side of the spectrum and image
band fold-back does not take place (see Fig. 3c). With an
IQ receiver, each interference source can be suppressed
with one notch in the antenna beam pattern. Therefore,
fewer degrees of freedom are required to suppress the
interference completely compared to a real receiver.

IV. EXPERIMENTAL EVALUATION

The interference mitigation performance of the adaptive
beamformer is evaluated using outdoor measurements. The
target and radar parameters are given in Table I and the
experimental setup is shown in Fig 4. The RX antenna is
comprised of a four-element linear array with inter-element
spacings of λ/2, where λ denotes the wavelength of the
transmitted signal.

The time-domain plot of the baseband signal corre-
sponding to a single chirp that has been subject to in-

TABLE I
TARGET AND RADAR PARAMETERS.

Parameter Target 1 Target 2 Radarint Radarego
Range (m) 12 19 8 -
Angle -3° 20° -23° -
Frequency (GHz) - - 76.5 76.5
Slope (MHz/µs) - - 13 16

2
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Fig. 4. Experimental setup as seen from the ego radar. Two
corner reflectors are used as targets.
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Fig. 5. Time domain plot of the baseband signal corresponding
to a chirp subject to interference (single channel). The dashed
rectangle highlights the part of the signal subject to interference.

terference is shown in Fig. 5. The interference duration Td
is approximately 5.9 µs, which corresponds to 59 samples
of the baseband signal. The adaptation of beamforming
weights is completed after four iterations of interfered
samples (total 4× 59 = 236 samples in this case) through
the adaptive algorithm. Final beamforming weights wf are
computed using a single chirp with interference and then
used for beamforming in one complete signal frame (128
chirps).

Receiving array radiation patterns obtained using the
adapted weights for real and complex baseband signals
are shown in Fig. 6. The radiation pattern corresponding
to the complex baseband signal has one notch in the
direction of the source of the interference i.e. −23°. The
radiation pattern corresponding to the real signal has two
symmetric notches at −23° and +23° due to the image
band’s contribution to the interference.

The difference between the interference in real and
complex baseband signals can also be seen from their
respective range profiles in Fig. 7 and 8. The interference
in an IQ receiver results in a uniform increase in noise.
Whereas, in the real receiver, the noise level varies with
range. It is, however, not possible to detect the targets
in any of the cases due to high noise levels. The noise
is suppressed in the beamformed signal and previously
undetected targets become visible (see Fig. 7 and 8).

Signal to Interference and Noise Ratio (SINR) of
14.8 dB and 11.8dB is achieved for Target 1 in complex-
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Fig. 6. Receiving antenna beam patterns for final adapted
weights.
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Fig. 7. Range profiles of interfered (single channel), beam-
formed and interference-free (single channel) signals for an IQ
receiver.
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Fig. 8. Range profiles of interfered (single channel), beam-
formed and interference free (single channel) signals for a real
receiver.

baseband and real beamformed output, respectively. For
Target 2, 8.2dB SINR is achieved in the complex-
baseband output. This target is undetected in the real beam-
formed output due to the second notch in the receiving
array beam pattern at 23°.

Interference mitigation performance of the adaptive
beamformer is also evaluated using Range-Doppler maps
of interfered (single channel), interference free (single
channel) and beamformed signals (Fig. 9 and 10). SINR
of various targets from the Range-Doppler maps is sum-
marized in Table II. The noise suppression can be ob-
served by comparing Range-Doppler maps in interfered
(Fig. 9b and 10b) and beamformed cases (Fig. 9c and 10c).
Any targets spatially coinciding with the interference
source also get suppressed as a result of beamforming.
Therefore, the interfering radar, visible at 8m range in

3
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(a) No interference (single channel). (b) Interfered (single channel). (c) Beamformed.

Fig. 9. Range-Doppler maps corresponding to complex baseband signals.

(a) No interference (single channel). (b) Interfered (single channel). (c) Beamformed.

Fig. 10. Range-Doppler maps corresponding to real signals.

TABLE II
TARGET SINRS (dB) IN RANGE-DOPPLER MAPS.

Case Radarint Target 1 Target 2
Complex: No interference 26.8 43.6 42.6
Complex: Interfered 20.4 34.7 34.5
Complex: Beamformed 7.0 50.0 38.1
Real: No interference 24.1 41.3 40.1
Real: Interfered 17.9 32.3 31.6
Real: Beamformed 9.9 46.2 29.0

interference free Range-Doppler maps (Fig. 9a and 10a),
is suppressed in beamformed cases. It can be observed
that the SINR of Target 2 (at 19m) is also reduced in the
beamformed case for real baseband signal. This reduction
is due to the second notch in the antenna beam pattern that
aims to suppress the image component of the interference.

V. CONCLUSION

The interference suppression performance of an LMS-
based adaptive beamformer is evaluated using outdoor
measurements from a 77 GHz FMCW radar. Targets
masked by high interference in range profiles correspond-
ing to single chirps can be detected after beamforming. In
the Range-Doppler domain, maximum SINR improvement
of 15 dB is achieved in the tested scenario when four chan-
nels are used for beamforming. The adaptive beamformer
works with both real and IQ receiver implementations.

However, due to the image band fold-back in real receivers,
complete interference suppression in these receivers re-
quires more degrees of freedom (i.e. additional notches
in the receiving array radiation pattern) than needed for
IQ receivers. It is also shown that the additional notch in
the radiation pattern may lead to the SINR degradation of
desired targets, depending on their azimuth position.
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Abstract

Automotive radars have become an important part of the sensing systems in vehicles and other traffic applica-
tions due to their accuracy, compact design, and robustness in severe light and weather conditions. The increased
use of radars in various traffic applications has given rise to the problem of mutual interference, which needs to
be mitigated. In this paper, we investigate interference mitigation in chirp sequence (CS) automotive radars via
signal reconstruction based on Autoregressive (AR) models. The interference is mitigated by replacing the disturbed
baseband signal samples with samples predicted using the estimated AR models in fast- or slow-time. Measurements
from 77 GHz frequency modulated continuous wave (FMCW) static and moving radars are used to evaluate the
signal reconstruction performance in terms of signal to interference and noise ratio (SINR), peak side-lobe level
(PSLL) and mean squared error (MSE). Results show that the interference is suppressed down to the general noise
floor leading to an improvement in SINR. Additionally, enhanced side-lobe suppression is achieved by AR signal
reconstruction compared to a commonly known inverse-cosine method. Furthermore, the paper points out that the
slow-time reconstruction can be beneficial for interference suppression.

Index Terms

Automotive radar, Autoregressive (AR) modeling, Chirp Sequence (CS), Frequency Modulated Continuous
Wave (FMCW), interference mitigation, signal reconstruction.

I. INTRODUCTION

Automotive radars are being increasingly employed in a variety of safety-critical Advanced Driver
Assistance Systems (ADAS) e.g. Automatic Emergency Braking (AEB), Blind Spot Detection (BSD) and
Adaptive Cruise Control (ACC) etc. In addition, these radars are being utilized in a number of security
applications e.g. surveillance of railroad crossings and buildings. Due to an increasing number of radars
in traffic and limited operating frequency range (76-77 GHz for long-range and 77-81 GHz for short-range
applications [1]–[3]), it has become more likely to end up in scenarios where multiple radar sensors are
transmitting simultaneously and therefore interfering with each other. The interference results in reduced
detection capabilities for the ego radar [4] and this performance degradation is more severe for far distance
or low back-scattering targets such as pedestrians and cyclists [5]. For the safety of the road users, the
interference from other radars operating in the same vicinity should be eliminated [6].

Several automotive radar interference mitigation methods have been proposed in recent years. These
methods can be classified into operating at the transmitter (TX) or the receiver (RX) end. Random chirp
frequency hopping [7], bats-inspired frequency hopping [8], and PN-coded frequency modulated continu-
ous wave (FMCW) radar signal [9] are some of the interference mitigation techniques that work mainly at
the TX end. For such techniques, the radar system needs to have a built-in capability of transmitting chirp
signals of varying center frequency, bandwidth, and duration. In addition, radar communication (both TX
and RX end) has also been proposed as a method to avoid mutual interference [10].

At the RX end, it is possible to mitigate the effect of interference by applying signal processing
methods on the received signal. If antenna arrays are available then interference can be suppressed in
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the spatial domain by using digital beamforming [11]–[13]. Interference can also be suppressed in the
time domain by detecting and zeroing out the disturbed samples in the received signal [14]. A similar
method is to apply an inverse raised cosine window on the disturbed section to suppress interference and
smooth out discontinuities in the resulting time-domain signal [15]. A compressed sensing approach for
reconstructing the interfered samples of the time-domain baseband signal is presented in [16]. Further
interference mitigation techniques in the signal processing domain include simultaneous detection and
mitigation using Morphological Component Analysis (MCA) [17], comparison of frequency spectra of
multiple chirps [18] and adaptive noise cancellation by comparing positive and negative halves of frequency
spectrum [19].

Signal modeling has also been used for FMCW radar interference mitigation. In [20], the received
baseband signal is modeled as a sum of sinusoids. Model parameters (weights of sinusoids) are determined
using an adaptive method and one-step prediction is recursively used to extrapolate the signal over
the disturbed part to mitigate interference. Recently, autoregressive (AR) modeling has been used for
reconstructing disturbed parts of the received baseband signal in the short-time Fourier transform (STFT)
domain (in an X-band FMCW radar) [21] and time-domain (in an automotive radar) [22]. Current
automotive radars generally use a chirp sequence waveform and the received signal corresponding to
a block of chirps is coherently related both in fast-time and slow-time. There is a clear indication in [21]
and [22] that good interference mitigation performance can be achieved using AR modeling. However,
to our knowledge, AR modeling in slow-time has not been investigated for automotive radar interference
mitigation. Therefore, in this work, we use AR modeling in both slow-time and fast-time dimensions
and evaluate the interference mitigation performance in simulations and real measurements. The focus is
sample prediction and how it can improve the performance by choosing an appropriate model estimation
dimension.

The remainder of this paper is organized as follows; Mutual interference in chirp sequence radars is
described in Section II and the signal model is presented in Section III. The methodology of interference
mitigation is presented in Section IV. In Section V, the proposed technique is evaluated by simulations.
Signal to Interference and Noise (SINR) for simulated targets and side-lobe levels are compared with a
well known time domain interference mitigation method [15]. The signal reconstruction performance in
fast-time and slow-time dimensions is evaluated with the support of real measurements in Section VI.
The results are discussed in Section VII and the paper is concluded with Section VIII.

II. MUTUAL INTERFERENCE

Automotive radars generally employ a chirp-sequence FMCW signal. The interference occurs when
multiple radars transmit in the same time interval and there is a frequency overlap between the transmitted
signals [4]. Different transmit chirp parameters (chirp duration T , center frequency fc and bandwidth B)
result in different interference properties (Fig. 1 and 2). When transmitted and interfering chirps have
identical parameters, there are two possibilities:
− Ghost targets appear when the interfering chirp falls within the receiver’s bandwidth (Fig. 1a).
− No interference is observed when the interfering chirp falls outside the receiver’s bandwidth (Fig. 1b).
The probability of appearance of ghost targets is low because the time window τmax for the interfering chirp
to fall within the receiver’s bandwidth is very small compared to the pulse repetition time T (Fig. 1) [4].

Interference is more probable when transmitting signals from interfering radars have non-identical
parameters (Fig. 2). Such interference results in a time-limited disturbance in the received baseband signal
[5]. The duration of this disturbance

Td =
BRX

B
T
− Bint

Tint

, (1)
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Fig. 1: Frequency (f) vs time (t) plot of transmitted and interfering chirps with identical parameters. τ is the time shift between
the transmitted and interfering signal. The dashed lines above and below the TX chirp indicate the receiver’s bandwidth BRX,
which also determines maximum time shift τmax between the chirps for the appearance of ghost targets. (a) Interfering chirp
falls within the receiver’s bandwidth and results in a ghost target. (b) Interfering chirp falls outside the receiver’s bandwidth.
No interference is observed in the baseband signal.
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Fig. 2: Radars with non-identical transmit signal parameters. The area highlighted by the rectangles show the interference
duration Td. (a) Large difference between transmitted chirp slopes of the two interfering radars. (b) Small difference between
transmitted chirp slopes of the two interfering radars.

is inversely proportional to the difference in the slopes of the interfering chirp signals. Here, BRX is the
receiver’s bandwidth determined by a low pass anti-aliasing filter in the radar receiver. Bint is the interfering
chirp’s bandwidth and Tint is the interfering chirp’s duration. The noise in the baseband signal increases
as a consequence of this disturbance leading to a degradation in the ego radar’s detection performance.

III. SIGNAL MODEL

The time-domain baseband signal is obtained by mixing the received radio frequency (RF) signal with
the transmitted signal and passing the output through an anti-aliasing low pass filter in the radar receiver.
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In the presence of interference, the time-domain baseband signal

xb(t) = xe(t) + xint(t) + n0(t), (2)

consists of target echoes xe(t), interfering signal xint(t), and the receiver’s noise contribution n0(t). The
signal component corresponding to the echoes from k targets is defined as

xe(t) =
k∑

i=1

Ae,i cos
(
2π
(2fcRi

c
+
(2fcvi

c
+

2BRi

Tc

)
t
))
, (3)

where c is the speed of light. Ae,i, Ri and vi are the signal amplitude, range and relative radial velocity
corresponding to the ith target. During the interference interval Td, the signal contribution by an interfering
source is

xint(t) = Aint cos
(
2π
((
fint − fc

)
t+

1

2

(Bint

Tint
− B

T

)
t2

+
(B
T
τ − Bint

Tint
τint
)
t
)

+ Φint

)
,

(4)

where Aint is the signal’s amplitude, fint is the center frequency of the interfering chirp, τint is the time
delay between the start of the transmitted and interfering chirps and Φint is the difference between the
initial phases of the transmitted and interfering chirps [23].

The sampled baseband signal corresponding to the mth chirp is represented as a vector of length N ,

xb,m =
[
xb,m(1) . . . xb,m(n) . . . xb,m(N)

]
. (5)

If M chirps are transmitted, then the baseband signal frame

Xb =




xb,1(1) . . . xb,1(N)

xb,2(1) . . . xb,2(N)
... . . . ...

xb,M(1) . . . xb,M(N)


 , (6)

takes the form of a two-dimensional M ×N matrix.
The samples in each row and column of the matrix above are also referred to as slow-time and fast-

time samples, respectively. In further processing, simultaneous range and velocity estimations are done
by performing a two-dimensional Discrete Fourier Transform (DFT) of the baseband signal frame. The
peaks in the resulting matrix (also known as the Range-Doppler matrix) ideally correspond to the targets’
ranges and velocities.

IV. METHODOLOGY

The first step in interference mitigation is the detection of disturbed samples in the baseband signal.
The interference that results in a significant reduction in SINR has a higher power compared to the signal
scattered by the targets of interest [5]. Moreover, beat frequencies ranging from −BRx to BRx are added
to the baseband signal when a wideband interference is superimposed on this signal, resulting in a high
variation in the amplitude of the baseband signal xb,m in the interval Td. Therefore, it is possible to detect
interference by identifying baseband signal sections with high amplitude variations [24]. The detection is
done by comparing the first-order difference of the sampled baseband signal

dx,m(n) = xb,m(n)− xb,m(n− 1), 2 ≤ n ≤ N, (7)
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Fig. 3: Example of a baseband signal xb,m(n) disturbed by interference from two different sources. Interference A has lower
power compared to B. Interfered samples are identified by comparing their |dx,m(n)| values against the threshold λi.

with a threshold λi based on the mean value of dx,m(n). The main advantage of this detector is that it
works even for relatively low-power interfering signals [24] (Fig. 3).

After interference detection, the interfered samples are discarded from the baseband signal frame Xb.
Removing interfered samples in the time domain introduces discontinuities in the baseband signal frame,
which results in the appearance of high side-lobes in the corresponding radar image in the Range-Doppler
domain. In [15], these discontinuities are removed by utilizing an inverse cosine window to reduce the
side-lobe levels. Further improvements in side-lobe reduction and target SINR gain can be achieved by
reconstructing the received baseband signal in the interfered sample locations. We make the assumption that
the baseband signal is wide-sense stationary (there is no significant change in the signal’s autocorrelation
function (ACF) at different time shifts). Therefore, it is possible to perform signal reconstruction by
estimating AR signal models and predicting the missing samples.

Let s(k) be a general wide-sense stationary signal. In a pth-order AR model, the kth sample estimate

ŝ(k) =

p∑

i=1

ais(k − i) + εk, (8)

is a linear regression of p past samples. In (8), ai denotes the weighting coefficients and εk is white noise
with zero mean and variance σ2

x. Model estimation involves the estimation of two parameters: 1) the
model order p, and 2) model coefficients ai. Determining the order of an AR process can be a difficult
problem, and several criteria have been proposed for the AR model order selection [25]. Following the
recommendations for sample prediction in [26], model orders are selected by using the well established
Akaike Information Criteria (AIC) [27], defined as

AIC = −2 · ln (L) + 2p, (9)

where ln (L) is the log-likelihood for the candidate model and is a measure of model fit. The model with
the lowest AIC uses as few parameters p as possible without overlooking important effects; hence, it is
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Fig. 4: A signal frame Xb of size 256× 128 (fast-time samples × slow-time samples) where interfered samples are removed
to create gaps (dark rectangles) in the signal frame. In this example, the fast-time gap size GFT is 20 samples, the slow-time
gap size GST is 5 samples and the percentage of discarded samples is 8.2%.
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M

Fig. 5: (BP: Backward Prediction, FP: Forward Prediction, ST: Slow Time, FT: Fast Time and G: Gap Size). The fast-time
gap size GFT = 3, and the maximum slow-time gap size GST = 2. The arrows indicate the directions of sample prediction
using fast- and slow-time AR models.

chosen as the best model to fit the data. AR coefficients ai for the given model order p are then calculated
via Burg’s method [28].

An example of a baseband signal frame Xb, in which samples are interfered and discarded, is shown in
Fig. 4. The coherence of the baseband signal in the complete received frame makes it possible to estimate
a signal model and perform prediction of disturbed samples in either fast-time (within a single chirp) or
slow-time (chirp to chirp). Moreover, to reconstruct a signal more efficiently, the missing samples are
predicted in both the forward and backward directions (Fig. 5).

FP-FTFP-FTFP-FTFP-FT BP-FTBP-FTBP-FT
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A complete signal frame is considered to be coherent in both fast- and slow-time. Therefore, it is
sufficient to estimate one fast-time and one slow-time model for the complete baseband signal frame.
Forward and backward prediction results in two estimates x̂f (n) and x̂b(n), respectively, for each missing
sample. The prediction performance decreases as the number of lost samples increases. Therefore, a
weighted sum of x̂f (n) and x̂b(n) is used to compute the final prediction value x̂(n), i.e.,

x̂(n) = x̂f (n) · γ(n) + x̂b(n) · (1− γ(n)), (10)

where γ(n) = (G−n+1)/(G+1), and G is the gap size (number of missing samples) in the corresponding
dimension.

The interference mitigation procedure using AR signal reconstruction is summarized below:
− Interference is detected in each chirp xb as it is received using first order difference detector and

disturbed samples are discarded creating gaps in the two-dimensional signal frame Xb.
− AR model order for the chosen dimension is selected using AIC.
− AR coefficients are calculated using Burg’s method.
− Signal reconstruction is performed using forward and backward prediction.

In the next section, interference mitigation and signal reconstruction performance by AR modeling in
fast- and slow-time is evaluated with the help of computer simulations. Real measurements are used to
evaluate the signal reconstruction performance in both dimensions in Section VI. Results are also compared
with the method in [15], where the time-domain disturbance in the received signal is suppressed using an
inverse raised cosine window.

V. SIMULATION RESULTS

The simulations are based on the target scenario in Table I and the radar configuration in Table II. The
size of the signal frame Xb is 512× 256.

Generally, mutual interference between two radars results in a time-limited disturbance in the baseband
signal. The location of disturbed samples in consecutive chirps is determined by the difference in chirp
repetition intervals (CRI) of the interfering radars. If the CRI of both radars is the same, the disturbance
appears in the same samples in each chirp. However, if CRIs differ, the interference appears at different
sample locations. Therefore, the number of consecutive disturbed samples in slow-time is determined by
the CRIs of the interfering radars.

For the evaluation of the interference mitigation method, two cases are simulated and the missing
samples are predicted using fast- and slow-time AR models in both cases. In the first case (interference

TABLE I: Target parameters.

Target Range m Velocity m/s RCS dBsm

Target 1 8 3 1
Target 2 10 4 10
Target 3 25 -15 10
Target 4 45 11 10
Target 5 70 -10 10

TABLE II: Transmit signal parameters of the ego and interfering radars.

Parameter Ego Radar Interfering Radar-1 Interfering Radar-2
Center frequency 77.5 GHz 77.5 GHz 77.5 GHz
Bandwidth 700 MHz 700 MHz 1000 MHz

Chirp Duration 41 µs 30 µs 20 µs
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between Ego Radar and Interfering Radar-1), more consecutive samples are disturbed in fast-time leading
to larger gaps in fast-time when disturbed samples are discarded. In the second case (interference between
Ego Radar and Interfering Radar-2), a larger number of consecutive samples are disturbed in slow-time
leading to larger slow-time gaps.

A. More consecutive disturbed samples in fast-time

Mutual interference between Ego Radar and Interfering Radar-1 results in 79 interfered samples (15%
of total samples) per chirp in the received signal. The chirp repetition times for both radars are set such that
the beginning of disturbance is shifted by 10 samples in the sampled signals corresponding to consecutive
chirps. This leads to maximum 10 consecutive disturbed samples (4% of total samples) along slow-time
at each fast-time sample location. After detecting the interference using the amplitude variation detector
in (7), the interfered samples are removed (Fig. 6).

Based on the AIC, the selected model orders are pFT = 20 (fast-time) and pST = 31 (slow-time). The
signal reconstruction and interference mitigation performance is evaluated by comparing target SINRs and
PSLLs in range-Doppler maps in Fig. 7. A comparison between target SINR and PSLL in the Range-
Doppler maps as a result of interference and different ways to suppress the interference is summarized
in Tables III and IV. In the tables, it can be observed that the interference induced noise is reduced
after reconstructing the missing parts of the received baseband signal frame using inverse cosine window
and AR models in fast- and slow-time. Also, the side-lobe levels are reduced compared with the inverse
cosine window interference mitigation method. In fast-time signal reconstruction, the side-lobes are not
suppressed completely. Also, due to errors in signal reconstruction, some phase noise can be observed in
the Doppler domain (Fig. 7d). Range-Doppler map of the signal reconstructed in slow-time shows a better
side-lobe suppression (Fig. 7e). A comparison of Mean Squared Error in signal reconstruction using fast-
and slow-time AR models (MSEFT = 5.1× 10−5 and MSEST = 1.7× 10−5) also shows that a better
signal reconstruction is achieved with sample prediction in slow-time.

Fig. 6: Diagonal lines indicate the location of interfered samples. 79 samples in each chirp are affected by interference
(GFT = 79). In slow-time, maximum 10 consecutive samples are affected in each fast-time sample location (GST = 10).
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Fig. 7: Range-doppler maps for simulated and reconstructed signals. In this particular simulation, the simulated signal has
longer disturbed sections in fast-time compared to slow-time After discarding disturbed samples, GFT = 79 and GST = 10.
(a) Interfered. (b) Interference-free. (c) Interference mitigation using an inverse cosine window on the interfered sections in
fast-time. (d) Interference mitigation with signal reconstruction using fast-time AR model. (e) Interference mitigation with
signal reconstruction using slow-time AR model.

B. More consecutive disturbed samples in slow-time

Mutual interference between Ego Radar and Interfering Radar-2 results in 17 interfered samples (3.3%
of total samples) per chirp. The start of interference is shifted by one sample every third chirp. This results
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TABLE III: Target SINR (dB) for the case with larger number of consecutive missing samples in fast-time.

Target Interference free Interfered Inverse cosine AR (fast-time) AR (slow-time)
Target 1 59.3 29.3 57.8 59.8 58.8
Target 2 64.7 35.7 42.8 55.8 63.0
Target 3 56.8 30.5 43.6 52.6 57.1
Target 4 48.4 19.2 46.6 48.0 48.1
Target 5 42.3 11.4 36.7 41.0 42.1

TABLE IV: PSLLs (dB) for all targets for the case with larger number of consecutive missing samples in fast-time. High
side-lobes are observed in the inverse-cosine case.

Target Interference free Interfered Inverse cosine AR (fast-time) AR (slow-time)
Target 1 -45.1 -26.5 -19.9 -34.8 -44.5
Target 2 -50.4 -28.7 -19.5 -39.0 -45.1
Target 3 -45.1 -17.5 -28.2 -38.7 -44.4
Target 4 -42.3 -12.0 -19.7 -30.5 -34.6
Target 5 -36.0 -5.7 -26.0 -31.4 -33.0

Fig. 8: Diagonal line indicate the location of interfered samples. 17 samples in each chirp are affected by interference (GFT =

17). In slow-time, 56 consecutive samples are affected in each fast-time sample location (GST = 56).

in 56 consecutive interfered samples (21.9% of total samples) along slow-time at each fast-time sample
location. Signal matrix after removing the samples disturbed by interference is shown in Fig. 8.

A comparison of Mean Squared Error in signal reconstruction using fast- and slow-time AR models
(MSEFT = 8.0× 10−6 and MSEST = 2.4× 10−5) shows that a better signal reconstruction is achieved
with sample prediction in fast-time.

Since the simulated signal is the same as in Section V-A, slow-time and fast-time AR model orders
are also the same. SINR and PSL levels from range-Doppler maps of interfered and reconstructed
signals (Fig. 9) are summarized in Tables V and VI. Again, better SINR and side-lobe suppression is
observed in the reconstructed signals compared to interfered and inverse cosine window cases. Although
the gap sizes are different, there is not much difference in SINR and PSL of the reconstructed signals in
fast- and slow-time.

AR signal reconstruction in both cases show a considerable improvement over the inverse cosine method
in terms of side-lobe suppression. In the range-Doppler maps (Fig. 7 and 9), the high side-lobes resulting
from interference suppression using inverse-cosine method may lead to false detections. A part of the
received signal is zeroed out in the inverse cosine method, which results in a loss of SINR for all targets.
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Fig. 9: Range-doppler maps for simulated and reconstructed signals. After discarding disturbed samples, GFT = 17 and
GST = 56. (a) Interfered. (b) Interference mitigation using an inverse cosine window on the interfered sections in fast-
time. (c) Interference mitigation with signal reconstruction using fast-time AR model. (d) Interference mitigation with signal
reconstruction using slow-time AR model.

TABLE V: Target SINR (dB) for the case with larger number of consecutive missing samples in slow-time.

Target Interference free Interfered Inverse cosine AR (fast-time) AR (slow-time)
Target 1 59.4 36.0 54.5 58.7 58.5
Target 2 64.0 37.6 57.4 63.6 63.4
Target 3 57.0 32.4 56.1 56.5 56.9
Target 4 48.9 20.1 45.8 48.9 48.8
Target 5 42.3 13.2 40.9 42.3 42.1

TABLE VI: PSLLs (dB) for all targets for the case with larger number of consecutive missing samples in slow-time. High
side-lobes are observed in the inverse-cosine case.

Target Interference free Interfered Inverse cosine AR (fast-time) AR (slow-time)
Target 1 -42.3 -28.5 -28.8 -42.8 -42.5
Target 2 -45.5 -35.2 -30.9 -44.4 -45.4
Target 3 -43.7 -26.7 -28.3 -44.4 -42.9
Target 4 -42.3 -12.6 -28.4 -39.4 -38.2
Target 5 -36.0 -8.6 -28.1 -33.0 -36.8
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The results also show an improvement in SINR using AR signal reconstruction in both cases. Comparing
the two simulated cases, AR reconstruction in slow-time shows lower PSLLs when the slow-time gaps
are smaller. Similarly, AR reconstruction in fast-time performs better when fast-time gaps are smaller.
Therefore, it can be concluded that a better signal reconstruction performance is achieved by choosing
the dimension (fast-time or slow-time) with smaller gaps for signal reconstruction.

VI. MEASUREMENT RESULTS

The interference mitigation and signal reconstruction performance of the proposed method is ver-
ified with the help of real measurements. 77 GHz mm-wave radar evaluation kits (AWR1642EVM and
AWR1243EVM) from Texas Instruments are used for measurements and DCA1000EVM is used to capture
measurement data over the Ethernet (Fig. 10). One radar is mounted on a car driving towards the static
radar. Both radars are operating in the same time interval and interfering with each other (Fig. 11). As a
result, we have measurement data from static and moving radar. The transmit parameters of both radars
are given in Table VII. Different chirp slopes are used to make sure that the interference is encountered.

Fig. 10: Radar used for measurements. AWR1642EVM is mounted on a car and used for dynamic measurements.
AWR1243EVM is mounted on a stand and used for static measurements.

TABLE VII: Transmit signal parameters of the ego and interfering radars.

Parameter Static Radar Dynamic Radar
Center frequency 77.5 GHz 77.5 GHz
Bandwidth 896 MHz 255 Mhz

Slope 35MHz/µs 10MHz/µs
Chirp repetition interval 55 µs 120 µs

A. Interference Mitigation Performance

Although the interference is observed in both radars, the percentage of samples affected by the interfer-
ence is negligible in both cases (1.0% for moving and 1.6% for static radar). As a result, the degradation
in SINR in the range-Doppler maps is almost negligible. However, it is possible to see the degradation
in SINR when single interference affected chirps are considered. Therefore, single interfered chirps are
considered in both cases (static and moving) to evaluate the interference mitigation performance.
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Fig. 11: Experimental setup. The car equipped with AWR1642EVM is moving towards the static AWR1243EVM. A trihedral
corner reflector is placed behind the static radar (at 18.1m distance from the car), which serves as a strong reflector.

The estimated AR model orders for the static radar using AIC are pFT = 20 and pST = 21. The length
of the interfered section in fast time is approximately 18 samples (GFT = 22) and every fourth chirp
is affected by interference, which leads to only one-sample slow-time gaps. The range profiles for the
reconstructed signals have a lower noise floor compared to the signal with interference (Fig. 12a). SINR
for the target (car) at 6.6 m is 12.5 dB, 21.3 dB, and 20.8 dB for interfered, fast-time reconstructed and
slow-time reconstructed signals, respectively. Target SINR for the inverse-cosine case is 20.8 dB. As a
reference, the SINR of a neighboring non-interfered chirp is 21.3 dB.

For the moving radar, pFT = 27 and pST = 10. The length of the interfered section in fast time is
10 samples (GFT = 10) and only 15 chirps are affected by the interference. The range profiles for the
reconstructed signals have a lower noise floor compared to the signal with interference (Fig. 12b). SINR
for the target (trihedral corner reflector) at 18.1 m is 14.0 dB, 20.5 dB, and 20.5 dB for interfered, fast-time
and slow-time reconstructed signals, respectively. Target SINR for the inverse cosine case is 19.4 dB. As
a reference, the SINR of a neighboring non-interfered chirp is 21.1 dB.

B. Signal Reconstruction Performance

As mentioned earlier, signal frames in the measurement data do not have a sufficient number of
disturbed samples to observe the effect of signal reconstruction in different domains. Signal reconstruction
performance is therefore assessed by creating gaps of different sizes in the non-interfered signal frames at
random locations (as done in Fig. 4) and then comparing range-Doppler maps and MSE in the reconstructed
signals. Randomly generated gaps of different sizes can be seen as equivalent to the gaps created in an
interfered signal frame Xb when the interfered samples are discarded. The availability of non-interfered
signal frames also makes it possible to compute MSEs by comparing the reconstructed signals with the
clean ones. The main aim of this evaluation is to show a relation between gap sizes and AR reconstruction
performance in fast- and slow-time. For this evaluation, we use measurements from both static and moving
radars.
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Fig. 12: Range profiles for interfered, fast-time reconstructed and slow-time reconstructed signals. (a) Static radar. (b) Moving
radar.

1) Static radar: In this experiment, a small drone (DJI Phantom 4) is flown away from the static radar
(AWR1243EVM) at 0° azimuth angle. The signal frame captured when the drone is at 4.8 m distance
from the radar and moving with a velocity of 1.2 m/s is used for visualizing the range-Doppler maps.
The drone is used to generate a moving target that can clearly be identified in the range-Doppler domain,
separate from the static clutter. By removing samples from the signal frame (of size 256× 255), the gaps
of 51 (20%) samples are created both in fast- and slow-time. To compare the reconstruction performance,
the same model order (pFT = pST = 20) is chosen for the AR model parameter estimation.

The quality of signal reconstruction is determined by comparing the range-Doppler maps in Fig. 13. It
can be observed that the range-Doppler map corresponding to the signal frame reconstructed in slow-time
(Fig. 13d) is the most similar to the range-Doppler map corresponding to the clean signal (Fig. 13a). There
are some artifacts in the Doppler domain in the fast-time case (Fig. 13c) showing that the reconstructed
signal has some errors. Further degradation is observed both in range and Doppler domain in the case where
spaces are filled in fast-time by using an inverse raised cosine window (Fig. 13b). The calculated MSE
values (0.031 for fast-time and 0.014 for slow-time reconstruction) also show that the signal reconstruction
in slow-time performs better than in fast-time.

In addition to the range-Doppler maps, the signal reconstruction performance is also assessed by
computing the MSEs. 50 frames of the received signal are considered for this evaluation. Gaps of fixed
size are introduced in all frames by removing samples from random locations in all 50 frames. All 50
frames are then reconstructed in fast-time and slow-time dimensions. The MSE is computed by comparing
all reconstructed frames with the corresponding original frames. The computed MSE values are then used
to plot the graphs in Fig. 14. In the case of the static radar, the signal frames correspond to the scenario
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Fig. 13: Range-doppler maps in the static ego radar case. The target is a drone at 4.8m distance moving away from the
radar with a velocity of 1.2m/s. GFT = GST = 51 samples. (a) Interference free. (b) Signal reconstruction using an inverse
cosine window on the discarded sections in fast-time to remove discontinuities. Highest side-lobes are observed in this case.
(c) Signal reconstruction using fast-time AR model. Side-lobes are suppressed compared to the inverse cosine case. (d) Signal
reconstruction using slow-time AR model.

where a drone is flying away from the static ego radar. It can be observed from the graphs that the MSE
increases with increasing gap sizes in both dimensions. However, for the tested scenario, the error is
higher in fast-time than in slow-time. Therefore, for the static radar case where the velocity spectrum is
less dense, it is better to perform signal reconstruction in slow-time.

2) Moving Radar: In this case, the data is captured by the radar fixed on the car moving towards the
static radar. There is no disturbance in the received signal since the static radar is not transmitting. The
signal frame used for generating range-Doppler maps is captured when the car is at 4.4 m distance from
the static radar and moving with a velocity of 1.7 m/s. The size of the baseband signal frame is 256×128.
Gaps of 25 (10%) and 25 (20%) samples are created in fast-time and slow-time, respectively. The model
orders are again kept constant (pFT = pST = 20).

The range-Doppler maps (Fig. 15) show that the side-lobes are suppressed when the signal is con-
structed in fast-time or slow-time. However, when compared with the interference-free case, there is
a marginal degradation in image quality. Inverse raised cosine window method again shows the most
degradation (Fig. 15b).
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Fig. 14: The relation between gap sizes in fast- and slow-time and MSE for measurements from a static radar. (a) GST = 2.
(b) GST = 5. (c) GST = 10. (d) GST = 20. (e) GST = 40. (f) GST = 81 (last data point corresponding to AR (slow-time)
is missing because, in some frames, whole columns are removed when discarding sample blocks).

Similar to the static radar case, we also assess the signal reconstruction performance for the moving
radar using MSEs. Gaps of fixed sizes are introduced in 50 interference-free signal frames captured by the
moving radar. The velocity of the car changes from 2.5 m/s to 1.5 m/s, and the distances changes from
6.5 m to 3.2 m in these 50 frames. The MSE is computed by comparing all reconstructed frames with the
corresponding original frames. In the moving radar case, the difference in MSE in fast- and slow-time
reconstructed signals is smaller compared to the static radar case (Fig. 16). Furthermore, the slow-time
reconstruction performance is worse for larger slow-time gaps in the signal frame (Fig. 16f).
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Fig. 15: Range-doppler maps for measured and reconstructed signals in case of the moving radar. A static radar (with laptop on
an iron stand) at 4.4m and a trihedral corner reflector at 15m are the strong targets in this case. GFT = GST = 25 samples.
(a) Interference free. (b) Signal reconstruction using an inverse cosine window in fast-time. High side-lobes are observed in this
case. (c) Signal reconstruction using fast-time AR model. Side-lobes are suppressed compared with the inverse-cosine case.
However, side-lobes are still visible when compared with interference-free case. (d) Signal reconstruction using slow-time AR
model. Side-lobe levels are similar to the signal reconstructed in fast-time.

VII. DISCUSSION

The results from simulations and measurements show that AR signal reconstruction can be an effective
interference mitigation approach in automotive radars. The time-domain interference mitigation techniques
in literature mainly focus on signal reconstruction in fast-time. With the help of simulations and outdoor
experiments, we have shown that slow-time signal reconstruction can also be an effective approach for
interference mitigation. Both simulation and experimental results show a significant side-lobe suppression
in range-Doppler maps when signals are reconstructed using AR models. The side-lobes can further be
reduced by reconstructing the signal in the dimension (slow-time or fast-time) with smaller gaps (a smaller
number of consecutive disturbed samples). When comparing fast-time and slow-time signal reconstruction
performance in a static radar, it is observed that MSEs are generally lower in the signals reconstructed
in slow-time, even for larger gap-sizes (Fig. 14). The reason for better signal reconstruction in slow-time
is probably that the Doppler spectrum is less dense compared to the range spectrum for the static radar
case. Therefore, especially in surveillance radars that are generally static, AR signal reconstruction in
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Fig. 16: The relation between gap sizes in fast- and slow-time and MSE for measurements from a moving radar. (a) GST = 1.
(b) GST = 2. (c) GST = 5. (d) GST = 10. (e) GST = 20. (f) GST = 40 (last data point corresponding to AR (slow-time) is
missing because, in some frames, whole columns are removed when discarding sample blocks).

slow-time can be an effective interference mitigation approach. The main drawback of slow-time signal
reconstruction is that the whole signal frame needs to be received before starting model estimation. A
direct relation is observed between signal reconstruction dimension and gap sizes in case of measurements
with a moving radar. In our measurements, the Doppler spectrum is a lot denser compared to the static
radar case with one moving target.
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VIII. CONCLUSION

Mutual interference in automotive radars impairs the detection capabilities of the ego radar. For the safety
of road users, it is important to mitigate the effect of interference. In this paper, a method for interference
mitigation in chirp sequence automotive radars is proposed. The method is based on the AR modeling of
the received signal in the time domain. After model estimation, the interfered samples are replaced with
sample values predicted using the estimated models. Signal coherence in the complete baseband signal
frame makes it possible to perform signal reconstruction in fast- or slow-time. The proposed method is
evaluated using simulations and measurements from 77 GHz FMCW chirp sequence radars. The results
are compared with a well-known interference mitigation technique in which the disturbed part of the
baseband signal is suppressed in the time domain using an inverse cosine window. In comparison to the
inverse cosine method, the SINR is improved and a better suppression of side-lobes is achieved when AR
models are used for signal reconstruction. For the static radar, the slow-time signal reconstruction shows a
better performance (in terms of side-lobe suppression and MSE) compared to the fast-time reconstruction
for an equal number of missing samples. The drawback of slow-time signal reconstruction is that the
whole signal frame needs to be received before starting model estimation, leading to longer processing
delays. However, the used frame is the same as used for Doppler processing so the drawback is in many
applications not so significant. For the moving radar, the signal reconstruction performance is better in the
dimension with smaller gaps. The SINR results show an improvement of ∼30 dB (for a complete signal
frame) in the simulated scenario and ∼7.8 dB (for a single chirp) in the real scenario. It should be noted
that the SINR improvement in real measurements is, in effect, equal to suppressing the interference down
to the radar noise floor because the interference power is low.
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Radar has emerged as an important sensor for sce-
nario perception in automated driving and surveil-
lance systems. The exponential increase of radar 
units in traffic and their operating frequency lim-
itations have given rise to the problem of mutu-
al interference. Radar’s performance degrades in 
the presence of interference, which can result in 
false alarms and missed detections. In the case of 
safety-oriented systems (such as automatic emer-
gency braking, blind-spot detection and obstacle 
detection at level crossings), radar’s degraded per-
formance can result in accidents. Therefore, it is 
important to mitigate the effect of mutual interfer-
ence to make modern radar applications safe and 
reliable. The goal of this work is to develop signal 
processing techniques for interference mitigation 
in frequency modulated continuous wave (FMCW) 
radars operating at 77–81 GHz.

The thesis investigates radar interference suppres-
sion in the spatial domain, using antenna arrays. 
The interference is suppressed by placing notches 
in the antenna radiation pattern in the direction of 
the interference source by employing digital beam-
forming. 

The array aperture (size) determines the beam-
width and notch resolution of the receiving anten-
na. Narrow notches are desirable since they lead 
to a smaller suppressed region in the radar’s field 
of view. It is demonstrated that an extended vir-
tual aperture in a multiple-input-multiple-output 
(MIMO) FMCW radar does not offer an improved 

notch resolution for interference suppression due 
to a non-coherent interference signal in the virtual 
aperture. Moreover, it is shown that the calibra-
tion mismatches of the receiving array completely 
change the final antenna beam-pattern compared 
to the theoretical one.

Additionally, an adaptive beamforming approach 
of interference suppression based on the least 
mean squares (LMS) algorithm is presented, which 
is evaluated using outdoor measurements from a 
77GHz FMCW radar. The results demonstrate 
that the proposed technique suppresses interfer-
ence successfully, resulting in a signal to interfer-
ence plus noise ratio (SINR) improvement. It is 
also shown that complex-baseband (IQ) receivers 
achieve better interference suppression compared 
to real-baseband receivers when spatial domain 
methods are employed.

The latter part of the thesis deals with interfer-
ence mitigation in the time-domain intermediate 
frequency signal. The disturbed samples in the re-
ceived signal are detected, removed, and recon-
structed based on an estimated autoregressive 
(AR) signal model. The baseband signal coherence 
in both fast- and slow-time makes it possible to 
perform signal reconstruction in both dimensions. 
With the help of outdoor measurements covering 
selected scenarios, it is demonstrated that by care-
fully selecting the signal reconstruction dimension, 
a better SINR and side-lobe suppression can be 
achieved.

2020:03

ISSN: 1650-2140

ISBN: 978-91-7295-401-4

IN
T

E
R

F
E

R
E

N
C

E
 M

IT
IG

A
T

IO
N

 T
E

C
H

N
IQ

U
E

S
 IN

 F
M

C
W

 A
U

T
O

M
O

T
IV

E
 R

A
D

A
R

S
M

uham
m

ad R
am

eez
2020:03

ABSTRACT


