
©Copyright 2022

Sian Jin



Vehicular Radar Network: Cross-layer Design Optimization

Sian Jin

A dissertation

submitted in partial fulfillment of the

requirements for the degree of

Doctor of Philosophy

University of Washington

2022

Reading Committee:

Sumit Roy, Chair

Thomas Henderson

Hui Liu

Program Authorized to Offer Degree:

Electrical and Computer Engineering



University of Washington

Abstract

Vehicular Radar Network: Cross-layer Design Optimization

Sian Jin

Chair of the Supervisory Committee:

Sumit Roy

Electrical and Computer Engineering

With the increasing proliferation of radars on vehicles, interference among vehicular radars

is becoming a serious issue. In this thesis, we consider the most widely adopted frequency

modulated continuous wave (FMCW) automotive radars. We analyze and propose methods

to mitigate two types of interference, coherent interference and incoherent interference. Co-

herent radar interference is the interference with the same FMCW waveform parameters of

victim radar, while incoherent radar interference is the interference with different FMCW

waveform parameters.

For dealing with coherent interference, we propose to adopt media access control (MAC)

protocols for mutual radar interference mitigation. We propose two cross-layer performance

metrics - multiple access capacity and probability of target misdetection to quantify the

network performance under each MAC protocol. Based on our analysis and extensive sim-

ulations, we find that pure random access achieves a very poor trade-off between multiple

access capacity and probability of target misdetection. However, such a trade-off can be sig-

nificantly improved by frequency hopping and phase coding. This shows that proper MAC

protocols can achieve very good coherent interference mitigation performance even without

synchronization and coordination. We describe new insights behind such gains that can be



valuable for FMCW radar MAC design.

To improve the range-velocity detection performance under incoherent interference, we ex-

ploit distinguished features of target and interference components in the fast-time-frequency

(fTF) representation and propose to directly recover the underwhelmed target component

via the fast-time-frequency mode retrieval (fTFMR). This is achieved by utilizing the Fourier

synchrosqueezed transform (FSST) and introducing robust ridge detection that, in combi-

nation, guarantees that the recovered fast-time errors of the target signal are bounded at

separable time intervals. Comprehensive performance comparison with a list of baseline

methods shows that the fTFMR method yields higher output signal-to-interference-noise ra-

tios (SINRs) at both the range and velocity domains and reduces the false alarm compared

to the state-of-the-art fast-time interference mitigation methods.

To improve the angle detection performance under incoherent interference, we formulate

a spatial multiple-input multiple-output (MIMO) detection problem that counts for inter-

ference structure and propose a subspace-based detector in the framework of generalized

likelihood ratio test (GLRT). We derive the exact theoretical performance of the proposed

subspace-based GLRT detector and show that it’s a constant false alarm rate (CFAR) de-

tector. Further, we extend our analysis to massive MIMO radar and show that the proposed

subspace-based GLRT detector has perfect angle detection performance under interference

when the array size goes to infinity. We theoretically derive the massive MIMO regime

where the proposed subspace-based detector is guaranteed to achieve a high enough detec-

tion probability under interference. Extensive simulations show the superior performance of

our proposed subspace-based GLRT detection scheme compared to the classic detector and

validate the effectiveness of massive MIMO for interference mitigation.
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Chapter 1

INTRODUCTION

1.1 Background

Automotive radars are increasingly becoming a commodity in support of various safety-

enabling driver-assistive functions, based on estimating the relative range and radial velocity

to targets (vehicles, pedestrians, etc.) [49]. Compared to other automotive sensors, radar is

strong at operating in adverse weather and night, and also has low cost and processing over-

head [3]. As intelligent vehicles are equipped with more and more radar sensors for full-view,

all-weather perception, new signaling schemes such as phase modulated continuous wave

(PMCW) [27] and orthogonal frequency-division multiplexing (OFDM) [6] have shown bet-

ter capabilities than the traditional frequency modulated continuous wave (FMCW) scheme,

at a price of significantly higher sampling rates and increased requirements for transceiver

hardware [33, 73, 74]. Nevertheless, the FMCW scheme remains the mainstream option

to achieve full four-dimensional (range-velocity-azimuth-elevation) automotive radar with a

sub-degree angular resolution at a mass production level.

Compared to other automotive sensors like cameras and lidars, the main drawback of

radar is its angle resolution [3]. For achieving high angular resolution while maintaining

low cost and low processing overhead, multiple-input multiple-output (MIMO) radar tech-

nology has been proposed to synthesize a large virtual array using limited transmit (Tx)

and receive (Rx) antenna chains [61]. For example, if the Tx and Rx arrays are uniform

linear arrays (ULAs), a MIMO radar with N Rx elements of spacing dr and M Tx elements

of spacing Mdr can synthesize a virtual Rx ULA with MN elements of spacing dr [61]1.

1In a MIMO radar system, each element of the Tx array transmits an orthogonal waveform. Because
of this orthogonality, it is possible to recover the Tx signals at the Rx array [43]. The measurements
at the physical Rx array corresponding to each orthogonal waveform can then be stacked to form the
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This requires the signals from different Tx antennas are separated at each receive antenna,

which can be realized using slow-time time-division multiplexing (TDM), slow-time linear

code based Doppler-division multiplexing (DDM), and slow-time pseudo-random phase code

based DDM [61]. The low-cost high-resolution implementation makes MIMO-FMCW radars

the state-of-the-art high-resolution automotive radars [49, 61]. As a natural extension, the

next-generation MIMO radar is the massive MIMO radar [22], which has a large virtual array

size. The massive MIMO radar can improve angle of arrival detection performance [22], and

can be foreseen to be used in automotive radar in the near future.

FMCW radars transmit chirps (linear frequency modulated signals) [6, 50] on radio fre-

quency (RF) band. With the growing density of vehicular FMCW radars, multiple co-channel

radars may cause mutual interference. In this case, the received signal at a victim radar is

a superposition of the desired targets’ echoes and undesired interference from other simul-

taneously active co-channel radars. Such mutual radar interference can potentially degrade

radar detection and estimation performance [12]2.

Figure 1.1: A typical transceiver block diagram of an single-input single-output (SISO)-FMCW

radar in a coherent interference scenario. (© 2021 IEEE)

The interference at a victim radar receiver can be classified into coherent and incoherent

interference [6, 14, 55, 75]. Coherent interference is generated when all radars have identical

measurements of the virtual array. As each of the N Rx elements can receive M orthogonal waveforms,
the virtual array can maximally separate MN different Rx signals.

2Besides mutual radar interference, an FMCW radar’s receiver may also suffer from the high-power
near-DC self-interference/leakage from its transmitter via a direct path [61]. Such a self-interference can
be suppressed by using a DC canceler [6] and is out of the scope of this thesis.
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Figure 1.2: A typical transceiver block diagram of an SISO-FMCW radar in a incoherent interfer-

ence scenario. (© 2021 IEEE)

chirp parameters (chirp slope, chirp bandwidth, pulse repetition period), while incoherent

interference is generated when the victim radar and the interfering sources have different

chirp parameters [6]. The coherent interference can happen when interfering radars operating

at the same band come from the same manufacturer as the victim radar. The incoherent

interference is more common because it’s more likely that different radars come from different

manufacturers or come from the same manufacturer but in different applications (e.g., long-

range radars and short-range radars have different chirp parameters). At the victim radar’s

intermediate frequency (IF) band, coherent interference creates ghosts, i.e., fictitious targets

(see Figure 1.1) that appear at random ranges [75], causing false alarms, and incoherent

interference appears as a noise floor elevation (see Figure 1.2), which also impacts target

detection performance [6]3.

To deal with mutual FMCW radar interference, mutual interference mitigation (MIM)

has received attention over past few years. Recent developments can be divided into several

categories: 1) fast-time domain4 MIM [8, 11, 18, 30, 41, 47, 57, 69, 71, 72] such as interference-

3Notice that whether the interference causes ghosts or noise floor elevation at the IF band is the key
for differentiating coherent interference or incoherent interference. The ghosts occur when the interfering
radar adopts the same chirp slope, chirp bandwidth, and pulse repetition period as the victim radar [6].
The definition of coherent interference is independent of the initial phase offset between the interfering
radar and the victim radar, as the initial phase offset between the two radars does not change ghosts into
noise floor elevation, and vice versa.

4Fast-time domain samples refer to the samples from a single chirp cycle [56].
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zeroing [8], adaptive noise cancellers [30] and sparse sampling [11]; 2) slow-time domain5

MIM such as non-linear filtering [70], whitening [67], and slow-time generative adversarial

network [17]; 3) range-velocity (RV) domain MIM [20,23,29,58] that directly treats the RV

heatmap as an image and trains neural networks as a denoiser (such as convolution-based

autoencoder) to remove the interference; 4) spatial domain MIM such as beamforming [9,

10, 16, 21, 52, 53] and slow-time MIMO radar code design [13]; 5) communication-assisted

MIM [7,44]. Performance evaluation of a set of MIM methods can be found in [66] and [68].

Despite these prior arts, there are still some important problems in this field that have

not been well investigated. First, as noted by the recent survey [3], very few prior works

have analyzed the radar performance in mutual interference. A comprehensive study and

evaluation of these schemes are still missing. Second, existing fast-time domain mutual

interference mitigation schemes may not achieve good performance under strong incoherent

interference, as will be shown in this thesis. Third, there is no interference signal formulation

of the state-of-the-art MIMO-FMCW radar. The radar angle detection is easily impacted

by mutual radar interference under the widely-adopted classic correlation scheme, as will

be shown in this thesis. Thus, advanced signal processing methods based on the MIMO-

FMCW interference signal modeling are very important but are missing. Fourth, for the next-

generation massive MIMO radar [22], the analysis of its advantage on mutual automotive

radar interference mitigation is also missing.

1.2 Summary of Research Contributions

We consider handling both the coherent mutual FMCW radar interference issue and the

incoherent mutual FMCW radar interference issue in this thesis. To solve the coherent and

incoherent interference issues, we propose different schemes operating within the time-scale

of a coherent processing interval (CPI) 6.

5Slow-time domain samples refer to the samples across multiple chirp cycles [56].

6A CPI is the time of a series of slow-time pulses collected for measuring targets’ ranges, velocities, and
angles, assuming the radar and the targets do not move significantly during this interval [56].
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We first consider the coherent mutual FMCW radar interference issue. To analyze the

radar detection performance under coherent interference, we define two cross-layer metrics to

quantify network performance: target misdetection probability and multiple access capacity.

The multiple access capacity is defined as the average density of radars that can operate

without false alarms caused by coherent interference. We consider 4 different multiple access

schemes combined with slow-time domain signal processing. We comprehensively analyze

the cross-layer performance of the FMCW radar coherent interference network under the 4

multiple access schemes using the two metrics. Via our analysis, we show that even without

synchronization and coordination, some proper multiple access schemes can achieve very

large multiple access capacities while maintaining low target misdetection probabilities.

We next consider the incoherent mutual FMCW radar interference issue. To improve

range-velocity detection under incoherent interference, we first understand the target with

incoherent interference from the fast-time domain. We find dechirped target signals are

single tone signals while dechirped interference signals are still FMCW signals and can vary

from pulse to pulse. These interference can significantly raise noise floor at the victim

radar’s IF band. The state-of-the-art solutions include zeroing out interference in the fast-

time domain [8, 71] of the received IF signal. These schemes require interference detection.

However, as the parameters (e.g., slopes and time durations) of different interference signals

can be different, the interference detection is usually not very robust and can leave a lot

of interference residuals. To deal with the drawback of the previous interference detection

and cancellation schemes, we propose to try a different approach. The idea is given as

follows. In the same CPI, the targets’ frequencies are the same, and they are represented as

the horizontal lines on the time-frequency representation. So, our idea is to identify these

horizontal lines on the time-frequency domain and directly recover this portion. We name

this method fast-time-frequency mode reconstruction (fTFMR). We show that the proposed

fTFMR can achieve a much better range-velocity detection performance compared to the

state-of-the-art fast-time domain schemes under strong interference.

To improve spatial detection under incoherent interference, we consider proposing a novel
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detection scheme for MIMO-FMCW radar in the angle domain. One of the most important

contributions here is that we are the first to derive the interfered signal model in the ex-

istence of mutual MIMO-FMCW interference and formulate a hypothesis testing problem

considering the interference structure. We solve the hypothesis testing problem using the

generalized likelihood ratio test (GLRT) principle and obtain a subspace-based detector that

suggests an interference cancellation solution. We analyze the performance of the proposed

spatial detector for MIMO-FMCW radar and show that the proposed spatial detector is a

constant false alarm rate (CFAR) detector. Our another original contribution is extending

our analysis to next-generation massive MIMO radar with a large virtual array [22]. Via

our analysis, we show that increasing the antenna array size can suppress interference. We

validate the effectiveness of the proposed subspace-based detector and massive MIMO for

interference mitigation in MATLAB Phased Array System Toolbox.

1.3 Thesis Outline

The remainder of this thesis is organized as follows. In Chapter 2 of this thesis, we adopt slow-

time domain multiple access schemes to mitigate coherent interference. In Chapter 3 of this

thesis, we use fast-time domain mode reconstruction to mitigate incoherent interference and

improve the detection performance in the range-velocity (Doppler) domain. In Chapter 4 of

this thesis, we use spatial domain MIMO detector and massive MIMO to mitigate incoherent

interference. This thesis includes the material in the author’s previous papers published

on IEEE [31–33], one paper accepted by IEEE [34], and two papers to be submitted to

IEEE [35,36]7.

7In reference to IEEE copyrighted material which is used with permission in this thesis, the IEEE
does not endorse any of University of Washington’s products or services. Internal or personal use of this
material is permitted. If interested in reprinting/republishing IEEE copyrighted material for advertising
or promotional purposes or for creating new collective works for resale or redistribution, please go to
http://www.ieee.org/publications standards/publications/rights/rights link.html to learn how to obtain a
License from RightsLink. If applicable, University Microfilms and/or ProQuest Library, or the Archives
of Canada may supply single copies of the dissertation.
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1.4 Conventions and Notations

Throughout this thesis, we use (·)T to represent transpose, use (·)∗ to represent conjugate,

and use (·)H to represent conjugate transpose. We use P⊥
H ≜ I−H(HHH)−1HH to denote

the projection matrix projecting to the space orthogonal to that spanned by the columns of

H. Q1(·, ·) denotes the Marcum Q function of order 1 [62].
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Chapter 2

MULTIPLE ACCESS SCHEMES FOR MITIGATING
COHERENT INTERFERENCE

2.1 Motivation

Media access control (MAC) techniques in the time, frequency, and coding domains are

widely adopted to deal with coherent interference [3, 6, 7, 28, 38, 42, 45, 55, 59, 63, 75]. Radar

MAC designs are based on centralized [38,45,75] or distributed [7,42,55,63] protocols. The

schemes in [7,38,45] realize MAC scheduling using GPS for time synchronization or position

updates, additional communication channels and control messages. However, such standard-

ization requirements are undesirable for existing non-cooperative radars [28]. In [7, 38, 75],

time-synchronous schemes aiming at achieving orthogonal access are proposed. A chal-

lenge in time-synchronous orthogonal scheduling is that the interference propagation delay,

typically in the order of chirp duration (microseconds [19]), can deteriorate orthogonality

significantly. Even if two radar sources are synchronously and orthogonally scheduled with

different transmit start instants, the receiver of the reference radar may experience inter-

ference from the other source due to the random interference propagation delay caused by

relative random position. Thus, the MAC protocols in [6,7] separate transmit start instants

of different radars beyond maximum interference propagation delay to achieve guaranteed

orthogonal scheduling, which can be inefficient.

In this chapter, we focus on distributed MAC protocols that are operated without any

time synchronization and cooperation. The underlying motivation is analyzing asynchronous

distributed MAC protocols for multi-radar operations with a view to characterizing the pros

and cons of various designs. As noted by the recent survey [3], very few prior works have

analyzed the radar performance in mutual interference. [39] studies interference between one



9

pair of radars using a pure physical (PHY) layer analysis without considering radar network

aspects. [2] adopts stochastic geometry methods for modeling aggregate radar interference,

while the PHY layer signal characteristics are not captured. [55, 75] constitute early work

that considered both waveform (chirp) structure and network aspects to capture the inter-

ference probability at a victim radar. While [55, 75] broadly conclude that the interference

probability is low for a pure random access scheme, they do not quantify this probability

in terms of target detection performance and false alarm performance under different radar

densities. In this chapter, we define two cross-layer metrics to quantify network performance:

target misdetection probability and multiple access capacity. The multiple access capacity

is defined as the average density of radars that can operate without false alarm caused by

coherent interference. In contrast with the conclusions in [55, 75], our analysis shows that

a pure random access scheme like un-slotted ALOHA (UA) with random frequency division

multiplexing (RFDM), achieves a poor trade-off between multiple access capacity and prob-

ability of target misdetection even in a low radar density regime. To improve this trade-off,

we adopt frequency hopping (FH) [42, 59] and phase coding (PC) [55, 63, 75] as potential

enhancements. Our analysis shows that even without synchronization and coordination, UA

along with FH and PC improve operational trade-off by significantly increasing the multiple

access capacity. This can be explained by the detect-and-classify principle introduced later,

which provides potential guidance for future standardization activities.

Major materials of this chapter is presented the author’s previous publication [32,33]1.

2.2 FMCW PHY Layer under Coherent Interference

We now review the signal processing flow for an FMCW radar complex baseband transceiver

chain [55] and illustrate the impact of coherent interference. As shown in Figure 1.1, FMCW

radars periodically transmit a sequence of chirps [49] and receive a delayed version of the

transmitted chirps. If the transmitted chirp signal is backscattered from a target at a distance

1© 2020 - 2021 IEEE. Reprinted, with permission, from [32,33].
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of d meters, the round-trip delay for receiving the target’s echo is 2d
c
, where c is the speed of

the light [54]. The received target echo is then mixed with the output of the local FMCW

synthesizer (the reference signal), which is called dechirping, to generate the IF signal - a

single tone whose frequency equals to the round-trip delay 2d
c
multiplied by the chirp slope

h [54]. The resulting single tone signal is then passed through a low pass filter (LPF) with

cutoff frequency fH chosen for anti-aliasing and eliminating out-of-band interference. If the

echo from the target at distance d passes the LPF, then its IF signal frequency 2dh
c

≤ fH .

Similarly, if the delayed same-slope interference chirp is de-chirped and passes through the

LPF of the victim radar, the resulting single-tone IF signal looks like a de-chirped target

echo and appears as a ghost (see Figure 1.1). The low-pass filtered signals are sampled by

an analog-to-digital converter (ADC) and processed using discrete Fourier transform (DFT)

for subsequent range and velocity estimation.

To estimate the target range d, each radar estimates IF frequency of the target 2dh
c

using

DFT - hence called range DFT. The maximum detectable range dt,max = fHc
2h

corresponds to

a radar-target pair such that the target’s IF signal just falls inside the radar’s LPF passband

cutoff. The range resolution - the minimum distance that a DFT based range estimation

algorithm can resolve - is dres =
c

2Bc
[54], where Bc is the chirp bandwidth. This partitions

the maximum detection range into N = dt,max

dres
range bins (see Figure 2.1), or equivalently,

partitions the IF band of bandwidth fH into N frequency bins of bandwidth fH
N

(frequency

resolution). As shown in Figure 2.1, the peak of each dechirped target or ghost will appear in

one range bin. Note that the above range estimator is feasible when the transmit start instant

of the radar’s chirp is known. Unlike measuring the range of targets, measuring ranges of

interferers (or propagation delay of interference) is non-trivial because the transmit start

instants of interference is unknown at the victim radar, even if ghosts were identified.

For a target moving with relative velocity v over a chirp transmission period Tg, the

relative motion ∆d = Tgv is typically sufficiently small to keep the target in the same range

bin. The corresponding phase difference between two consecutive range measurements is

∆Φ = 2πfc
2∆d
c

[25], where fc is the chirp’s central frequency. Over L such chirp cycles, if
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Figure 2.1: Signals over L chirp cycles (a CPI) on the same range bin are used for velocity DFT.

(© 2021 IEEE)

the velocity of the target remains nearly constant, the target phase in the same range bin

increases linearly with ∆Φ per chirp cycle. Then, using the DFT on the L signals in the

same range bin yields an estimate of ∆Φ (see Figure 2.1), which in turn can be used to

estimate the velocity v [54] - hence such DFT is called velocity DFT. The L chirp cycle time

Tf = LTg for a single velocity estimation is called coherent processing interval (CPI) [63].

The corresponding maximum detectable relative velocity vt,max = c
4fcTg

[59] and the velocity

resolution resolvable by DFT is vres = c
2fcTf

[59]. This partitions the maximum relative

velocity into vt,max−(−vt,max)

vres
= L velocity bins. Above range DFT and velocity DFT form the

2D N -by-L range-velocity bins shown in Figure 2.2. The outputs on the range-velocity bins

are fed into the cell-averaging constant-false-alarm rate (CA-CFAR) detector for detecting

signal peaks [49]. From Figure 2.1 and Figure 2.2, we can see that after range-velocity DFT,

a ghost may lead to a false target and causes false alarm after CA-CFAR detection. If

a target and an interference signal are well separated on different range-velocity bins, the

target can be correctly detected. However, if a target and a strong interference signal fall
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into adjacent bins, the side-lobe of the interference may cause target misdetection.

Figure 2.2: 2D range-velocity bins. (© 2021 IEEE)

2.3 Radar Interference Model and Performance Metrics

In this section, we propose a radar interference model and performance metrics for analyzing

the considered MAC schemes. As shown in Figure 2.3, single SISO-FMCW radar-equipped

vehicles distribute on an infinitely long single-lane road following 1D homogeneous Poisson

point process (PPP) with density λ. We collect the first order PHY layer assumptions for

our subsequent analysis as follows.

• Assumption 1: All radars are identical with the same chirp bandwidth Bc, chirp slope

h, transmit period Tg, cutoff frequency fH of IF section, transmitter power Pt and

transmit (receive) antenna gain Gt(Gr). All targets have the same radar cross-section

(RCS) σ. For target at distance d, the received target power Pr follows the mono-static

radar equation [6]

Pr =
PtGtGrσc

2

(4π)3f 2
c d

4
. (2.1)
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• Assumption 2: The total system RF band is divided into M sub-bands, each of band-

width Bc that is equal to the chirp bandwidth.

• Assumption 3: Noise power at IF band is negligible.

The same slope assumption implies that an interfering radar’s signal being de-chirped

into the victim FMCW radar’s IF band appears as a ghost [14,55], as shown in Figure 1.12.

Furthermore, as range resolution dres = c
2Bc

of each radar is expected to be sufficiently

small, chirp bandwidth Bc has a lower bound. Thus, for fixed total system bandwidth, the

number of sub-bands M in Assumption 2 cannot be too large. The noise-free assumption in

Assumption 3 allows us to ignore the false alarm and target misdetection caused by noise,

and focus exclusively on radar mutual interference.

Figure 2.3: Radar interference scenario with unit-disk interference model. (© 2021 IEEE)

We only consider the line-of-sight (LOS) interference as in [3,6], as non-LOS interference

2While our analysis later is based on the ideal (single-tone) ghost assumption, different radar oscillators
may lead to slight slope differences [55] between different radars, causing the ghost to expand on the IF
band. However, [24] indicates that current FMCW oscillators can achieve within 1 ppm frequency accuracy,
such that the maximum relative clock drift between any two radars is δmax = 2 × 10−6 [55]. Using such
high-accuracy FMCW radar oscillators, the maximum dechirped interference bandwidth hδmaxTc is far
less than the frequency resolution fH/N under the setup in Table 2.1. Thus, these relative clock drift
between different radar oscillators cannot cause discernible expansion on the ghosts, and our ideal ghost
assumption still holds.
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is much weaker [6]. For interference at range di, the received interference power Pint is

determined by the free-space path-loss (Friis) formula [14]

Pint ≜
PtGtGrc

2

(4π)2f 2
c d

2
i

. (2.2)

Thus, the maximum propagation range of LOS interference is dmax
Friis =

(
PtGtGrc2

(4π)2f2
c P

min
r

)1/2
,

where Pmin
r the minimum receive power. By [50], Pt = 12dBm, Gt = Gr = 12dBi, Pmin

r =

−128dBm, fc = 77GHz, we have dmax
Friis = 49.1km. Such a large dmax

Friis value is an over-

estimate, as interference signals cannot propagate over such ranges without blockage in most

realistic scenarios. Following a large body of prior work in vehicular networking [1] (and

references therein) and ignoring the effect of directional antenna beams for simplicity, we

adopt a unit-disk interference model. As shown in Figure 2.3, the unit-disk interference model

defines the interference range di,max - the maximum distance that can cause interference to

a victim receiver. Typically, di,max ≪ dmax
Friis and di,max ≪ cTg. For example, if di,max = 1000

m and Tg = 55 us [19], then
di,max

c
= 3.33 us ≪ Tg. Any interfering radar inside the victim

radar’s interference range (di < di,max) contributes LOS interference following Friis formula

in (2.2) [14]; otherwise, the interfering radar contributes no interference.

Note that an interfering radar’s presence within a victim radar’s interference range does

not necessarily imply that the interfering radar leads to a ghost at the range bin of the victim

radar. This is determined by two further conditions:

a) Frequency condition: At chirp cycle y, the interference causes a ghost at a range bin

of the victim radar only if the two radars transmit on the same sub-band. We denote the

event that radar k and radar 0 transmit on the same sub-band at chirp cycle y as F y
k,0.

b) Time condition: Suppose an interfering radar k falls into a reference radar 0’s inter-

ference range. Let t0 (tk) denote the transmit start instant of radar 0 (radar k), and hence

∆tk,0 = t0 − tk is the difference of the transmit start instants. Let dk,0 denote the distance

between the two radars. As shown in Figure 2.4, the interfering chirp of radar k is dechirped

by reference radar 0 and falls in radar 0’s n-th range bin, only if the following time condition
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Figure 2.4: Time condition for radar k’s interfering chirp falling into radar 0’s n-th range bin. (©

2021 IEEE)

Gn
k,0 is met:

t0 +
fH
h

n− 1

N
≤ tk +

dk,0
c

< t0 +
fH
h

n

N
, (2.3)

where ∆tk,0 ∈ [−fH
h
, Tg − fH

h
], and dk,0 ∈ (0, di,max]. It suffices to consider a single chirp

repetition interval Tg, since the maximum interference propagation delay
di,max

c
≪ Tg. Fig-

ure 2.4 and (2.3) imply two important results. First, time-domain interference avoidance by

synchronous scheduling t0, tk for two sources is challenging because dk,0 is random and un-

known. Second, pure random access implies random tk that in turn places ghosts randomly

in victim radars’ range bins [75]. In this case, false alarms can appear on any range bins.

In addition, a ghost typically has larger power than a target (indicated by (2.1) and (2.2)),

and its side-lobe or ghost-spread pseudo-noise can lead to target misdetection. We formally

define false alarm and target misdetection as follows.

False alarm event En,l
fa,k,j occurs if radar j’s detector detects a peak at its range-velocity

bin (n, l) caused by the interference from radar k, given that a target does not exist in

the range-velocity bin (n, l). The false alarm event caused by radar k at radar j is thus

Efa,k,j =
⋃N

n=1

⋃L
l=1E

n,l
fa,k,j. ♢

Target misdetection event En,l
md,k,j occurs if radar k’s ghost at range bin n renders a target

at radar j’s range-velocity bin (n, l) to be un-detected. The target misdetection event caused

by radar k at radar j’s range bin n is thus En
md,k,j =

⋃L
l=1E

n,l
md,k,j.
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We define the target misdetection event for each range bin n because it depends on

the power of the target return for that range bin. In contrast, as we’ll see in the proof

of Proposition 1, the ghost power under the considered MACs is independent of range bin

indices, and hence it is easier to analyze the joint false alarm event Efa,k,j. We denote the

set of radars falling into radar j’s interference range as Kj. Then, radar j encounters a false

alarm with probability EKj

[
Pr
[⋃

k∈Kj
Efa,k,j|Kj

]]
, and suffers target misdetection at range

bin n with probability EKj

[
Pr
[⋃

k∈Kj
En

md,k,j|Kj

]]
.

A MAC scheme is fair if all victim radars have the same false alarm probability

Pr [Efa] = EKj

Pr
 ⋃

k∈Kj

Efa,k,j|Kj

 ,

and the same target misdetection probabilities

Pr [En
md] = EKj

Pr
 ⋃

k∈Kj

En
md,k,j|Kj

 , n = 1, 2, . . . , N.

The multiple access capacity of a fair MAC

C ≜ λ (1− Pr [Efa]) (2.4)

is average number of non-false-alarmed radars per meter.

The target misdetection probability and the multiple access capacity are two proposed

metrics for evaluating the cross-layer performance of fair radar MACs. As the false alarm is

the main issue under coherent interference, the multiple access capacity is defined to capture

the false alarm probability only to emphasize the importance of the false alarm probability

under coherent interference. Like in the traditional detection theory [37], which separately

evaluates the detection probability and the false alarm probability in the physical layer, we

also separately evaluate the target misdetection probability and the multiple access capacity

in the cross-layer performance analysis.

Suppose each target independently and randomly falls into one of the range-velocity bins.

Also, suppose the radars in K0 independently cause target misdetection and false alarm at
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a reference victim radar 0. Based on these assumptions, we analyze the target misdetection

probabilities and the multiple access capacity of four distributed fair radar MACs in the

following sections.

2.4 UA-RFDM

Figure 2.5: UA-RFDM with 2 radars independently choosing sub-band 1. (© 2021 IEEE)

To deal with coherent interference, we first consider the simplest distributed MAC –

un-slotted ALOHA with random frequency division multiplexing (UA-RFDM) shown in

Figure 2.5. This MAC, based on the well-known un-slotted ALOHA (UA) [40], has a key

characteristic that each radar’s initial chirp transmission time is random, and after that,

each radar transmits periodically with a fixed inter-chirp duration Tg. We combine UA

with random frequency division multiplexing (RFDM), whereby each radar independently

and randomly transmits on one of the multiple sub-bands over a CPI and the initial chirp

phases of each radar are the same over a CPI. The resulting MAC does not require any time

synchronization and control overhead.

We now consider the simplest random access protocol: UA-RFDM, which operationally

requires no changes to a typical FMCW radar in Figure 1.1. To understand the conditions for

false alarm Efa,k,j and target misdetection En
md,k,j, n ∈ {1, 2, . . . , N}, we first run simulations

for UA-RFDM under the setup in Table 2.1.

Our simulations show that a ghost in a range bin always leads to a false alarm (a false



18

target and a high-power interference side-lobe) on at least one range-velocity bin (see two

examples in Figure 2.6 and Figure 2.7). Thus, if radar k falls into the interference range of

radar 0, and the time and frequency conditions are satisfied, radar k causes false alarm at

radar 0. That is, if k ∈ K0, then Efa,k,0 = F 1
k,0 ∩

(⋃N
n=1G

n
k,0

)
.

Figure 2.6: PHY layer simulation under UA-RFDM with 1 target (real range: 88.13m, real velocity:

12.10m/s) falls into range bin n = 318 (88.06m - 88.33m) and 1 ghost (real range: 60m, real velocity:

16.40m/s) falls into range bin n = 365 (101.39m - 101.67m). (© 2021 IEEE)

As shown in Figure 2.7, when a high-power ghost and a target fall into the same range

bin, the target after velocity DFT may be mis-detected due to the interference side-lobe.

At radar 0’s range bin n, the target misdetection caused by radar k happens if and only if

the following two events occur. (a) The range dk,0 between radar k and radar 0 is smaller

than a range bin dependent threshold rn, and we denote such event as Rn
k,0. (b) As shown

in Figure 2.7, on range bin n, a target can be misdetected only when it falls into certain

velocity bins near a false target, which happens with probability pn. We let Ink,0 denote the

event that at least one target falls into such velocity bins. Then, conditioned on k ∈ K0, we

model En
md,k,0 = F 1

k,0 ∩Rn
k,0 ∩Gn

k,0 ∩ Ink,0. Focus on analyzing the performance of a reference
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Figure 2.7: PHY layer simulation under UA-RFDM with 1 target (real range: 101.50m, real

velocity: 12.10m/s) and 1 ghost (real range: 60m, real velocity: 16.40m/s) fall into the same range

bin n = 365 (101.39m - 101.67m). (© 2021 IEEE)

victim radar 0, we have the following result.

Proposition 1 (PHY and MAC Layer Properties of UA-RFDM) UA-RFDM is a fair

MAC with target misdetection probability at range bin n

Pr [En
md] = 1− exp

[
−2λrnfH/h

MNTg

(
1− (1− pn

1

N
)x
)]

, (2.5)

and multiple access capacity

CUA−RFDM = λ exp

[
−2λdi,max

fH/h

TgM

]
, (2.6)

conditioned on the number of targets seen by each radar is x.

Proof 1 Under RFDM, we have Pr
[
F 1
k,0

]
= 1

M
. As radar topology is homogeneous, we have

Pr
[
Rn

k,0

]
= rn

di,max
. Under UA, for a fixed t0 (radar 0’s transmit start instant is known by

itself), we have ∆tk,0 = t0 − tk ∼ U [−fH
h
, Tg − fH

h
]. By the uniform distribution of ∆tk,0
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and (2.3), we have Pr
[
Gn

k,0

∣∣k ∈ K0

]
= fH/h

NTg
, ∀n ∈ {1, 2, . . . , N}. This implies that the ghost

power is the same for all range bins. As each target independently and randomly falls into

one of range-velocity bins, Pr
[
Ink,0|F 1

k,0, R
n
k,0, G

n
k,0

]
= 1− (1− pn

1
N
)x. Thus,

Pr
[
En

md,k,0|k ∈ K0

]
= Pr

[
F 1
k,0, R

n
k,0, G

n
k,0, I

n
k,0|k ∈ K0

]
=

rnfH/h

di,maxMNTg

(
1− (1− pn

1

N
)x
)
,

and

Pr
[
Efa,k,0

∣∣k ∈ K0

]
= Pr

[
F 1
k,0,

N⋃
n=1

Gn
k,0

∣∣k ∈ K0

]
=

fH/h

MTg

.

By assumption, the radars in K0 independently cause target misdetection and false alarm

at radar 0. Thus, Pr
[⋃

k∈K0
En

md,k,0

∣∣∣|K0| = K0

]
= 1−

(
1− rn

di,max

fH/h
MNTg

(
1− (1− pn

1
N
)x
))K0

and Pr
[⋃

k∈K0
Efa,k,0

∣∣∣|K0| = K0

]
= 1 −

(
1− fH/h

MTg

)K0

. As the average number of radars

falling into radar 0’s interference range is E[|K0|] = 2λdi,max, we have |K0| = K0 ∼

Pois(2λdi,max). By definition, we have Pr [En
md] given in (2.5), and

Pr [Efa] = 1− exp

[
−2λdi,max

fH/h

TgM

]
. (2.7)

As the above (2.5) and (2.7) are the same for all radar, UA is a fair MAC. By (2.4) and

(2.7) we have (2.6).

The term fH/h
Tg

in (2.5) and (2.6) represents the fraction of time that a victim radar

can dechirp interference into its IF band within a chirp repetition duration Tg. The term

M in (2.6) is due to RFDM, and hence is called the RFDM gain. Under the setup in

Table 2.1, we have r230 = 170m, r365 = 435m, and p230 = p365 = 0.221 for UA-RFDM.

Under this setup, we simulate Pr [En
md] , n ∈ {1, 2, . . . , N} and CUA−RFDM in Figure 2.21,

Figure 2.22 and Figure 2.23. From Figure 2.21, we can see that Pr [En
md] is very small

and increases linearly with λ under the considered setup. Further, Pr [En
md] increases with

n as the target power decreases with n; Pr [En
md] increases with x as the probability that

targets fall into interference side-lobes increases with x. Figure 2.22 and Figure 2.23 show

UA-RFDM achieves poor capacity when λ or Pr [En
md] is moderately large. For example,
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when λ = 2 (2 radars/m), the capacity of UA-RFDM is close to 0. The maximum capacity

of UA-RFDM C∗
UA−RFDM is achieved at λ∗

UA−RFDM = 1
2di,max

MTg

fH/h
= 0.066 radars/m, and

C∗
UA−RFDM =

λ∗
UA−RFDM

e
= 0.024 radars/m.

2.5 UA-FH

To enhance the performance of UA-RFDM, we next modify the RFDM into frequency hop-

ping (FH), an idea previously considered in [42] and [59] to suppress the interference peak

power on range-velocity bins. Such a scheme is called UA-FH shown in Figure 2.8. When

multiple sub-bands are available, each radar randomly and independently chooses one of the

sub-bands for transmission in each chirp cycle. Over a CPI, the radar targets always appear

in the same range bin, while the de-chirped ghosts randomly appear in range bins due to

FH. For example, in Figure 2.8, radar 1 and radar 2 randomly and independently hop on

2 sub-bands in each chirp cycle, and they only choose the same sub-band in the first chirp

cycle. Thus, in Figure 2.9, radar 1’s ghost only appears at radar 2’s receiver in the first chirp

cycle. Compared to [42] and [59], the key innovation in our scheme is that we propose to use

the random appearance of ghosts as a characteristic to distinguish ghosts from targets. This

innovation, called detect-and-classify, avoids the identified ghosts passing for velocity DFT

and reduces the probability of false alarm on range-velocity bins.

Figure 2.8: UA-FH on 2 sub-bands. (© 2021 IEEE)
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Figure 2.9: Detect-and-classify using frequency hopping: a ghost can be distinguished from a

target as it randomly appears on a range bin over different chirp cycles. (© 2021 IEEE)

The FMCW radar block diagram under UA-FH is shown in Figure 2.10. The detect-and-

classify block in Figure 2.10 counts the appearance of a signal on each range bin over a CPI.

The radar conducts velocity DFT on a range bin only if the signal on that range bin appears

in every chirp cycle (i.e., L times) over a CPI. Compared to [42] and [59] which also propose

FH, the key novelty in our FH scheme is that we propose to use the random appearance of

ghosts caused by FH as a characteristic to distinguish ghosts from targets. When a ghost and

target do not fall into the same range bin, the ghost can be distinguished from a target and

not putted into velocity DFT with probability 1 − 1
ML ≈ 1, thereby mitigating false alarm,

as verified in Figure 2.11. However, when a ghost and a target fall into the same range bin

of a victim radar, the persistently appearing target causes the detect-and-classify block to

fail. In this case, under the setup in Table 2.1, if the sub-band choice of the interfering radar

and the victim radar overlap more than 6% in a CPI, which happens with probability very

close to 1, the ghost from the interfering radar can cause false alarm at the victim radar (see

Figure 2.12). Thus, if Gn
k,0 ∩Hn

0 happens, where Hn
0 is the event that there exists at least a

target at range bin n of the victim radar 0, radar k’s ghost at range bin n causes false alarm
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at radar 0. Hence, conditioned on k ∈ K0, Efa,k,0 =
⋃N

n=1

(
Gn

k,0 ∩Hn
0

)
.

Figure 2.10: FMCW radar block diagram under UA-FH. (© 2021 IEEE)

Figure 2.11: PHY layer simulation under UA-FH with the same setup as in Figure 2.6. (© 2021

IEEE)

Our simulations find that when a high-power ghost and a target fall into the same range

bin, the target may be mis-detected on range-velocity bins due to the noise floor elevation

caused by the randomly appearing interference as shown in Figure 2.12. This happens with

a high probability when the ghost is strong enough. Then, conditioned on k ∈ K0, we model



24

Figure 2.12: PHY layer simulation under UA-FH with the same setup as in Figure 2.7. (© 2021

IEEE)

En
md,k,0 = Rn

k,0 ∩Gn
k,0 ∩Hn

0 , where Rn
k,0 is the event that the range dk,0 between radar k and

radar 0 is smaller than a threshold rn. Focus on analyzing the performance of a reference

victim radar 0, we have the following result.

Proposition 2 (PHY and MAC Layer Properties of UA-FH) UA-FH is a fair MAC

with target misdetection probability at range bin n

Pr [En
md] = 1− exp

[
−2λrnfH/h

NTg

(
1− (1− 1

N
)x
)]

, (2.8)

and multiple access capacity

CUA−FH = λ exp

[
−2λdi,max

fH/h

Tg

(
1− (1− 1

N
)x
)−1

]
, (2.9)

conditioned on the number of targets seen by each radar is x.
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Proof 2 As each target independently and randomly falls into radar’s range-velocity bins,

Pr [Hn
0 ] = 1− (1− 1

N
)x. As each ghost can only fall into one range bin, we have

Pr
[
Efa,k,0

∣∣k ∈ K0

]
= Pr

[
N⋃

n=1

(
Gn

k,0 ∩Hn
0

)
|k ∈ K0

]

=
N∑

n=1

Pr
[
Gn

k,0|k ∈ K0

]
Pr [Hn

0 ] =
fH/h

Tg

(1− (1− 1

N
)x).

Also, by proof of Proposition 1, Pr
[
Rn

k,0

]
= rn

di,max
. Thus,

Pr
[
En

md,k,0|k ∈ K0

]
=

r0
di,max

fH/h

NTg

(
1− (1− 1

N
)x
)
.

Then, using the similar steps as the proof of Proposition 1, we arrive at (2.8) and (2.9).

The term
(
1− (1− 1

N
)x
)−1

in (2.9) can be regarded as the FH gain that must be weighed

against the loss of RFDM gain M , when compared with (2.6) for UA-RFDM. When the

number of targets x < ln(1−1/M)
ln(1−1/N)

, we have
(
1− (1− 1

N
)x
)−1

> M , and in this case, CUA−FH >

CUA−RFDM . For example, under the setup in Table 2.1, CUA−FH > CUA−RFDM if x <

312. As this happens in most cases, when x is small to moderate (e.g., x < 50), we have(
1− (1− 1

N
)x
)−1 ≫ M , and hence CUA−FH ≫ CUA−RFDM . However, when x > ln(1−1/M)

ln(1−1/N)
,

we have CUA−FH < CUA−RFDM . Thus, when the number of targets seen by each radar

is not very large, the UA-FH capacity is larger than UA-RFDM capacity, and vice versa.

Under the setup in Table 2.1, we have r230 = 100m and r365 = 265m for UA-FH. Under this

setup, we simulate Pr [En
md] , n ∈ {1, 2, . . . , N} and CUA−FH in Figure 2.21, Figure 2.22 and

Figure 2.23. From Figure 2.21, we can see that Pr [En
md] of UA-FH is larger than Pr [En

md]

of UA-RFDM. However, Pr [En
md] of UA-FH is in general small, and increases linearly with

λ under the considered setup. From Figure 2.22 and Figure 2.23, we see that CUA−FH is

much larger than CUA−RFDM for all the considered x, λ and most region of Pr [En
md]. The

maximum capacity of UA-FH C∗
UA−FH is achieved at λ∗

UA−FH = 1
2di,max

Tg

fH/h
1

1−(1− 1
N
)x
, and

C∗
UA−FH =

λ∗
UA−FH

e
, which is shown in Figure 2.22 under different x.
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2.6 UA-RFDM-PC

Another method to enhance UA-RFDM is to combine it with phase coding (PC) proposed

in [55, 63, 75]. Such scheme is called UA-RFDM-PC shown in Figure 2.13. In each chirp

cycle, the radar transmitter adds a random binary phase rotation 0 or π on the chirp before

transmitting, where 0 and π are chosen with equal probability. At the radar receiver, the

random binary phase rotation is compensated back after de-chirping the received signal. As

shown in Figure 2.14, after the phase compensation, the target phase increases linearly over

different chirp cycles as normal. In contrast, as the code of an interfering radar does not

match the code of a victim radar, the phase increment of the ghost seen at the victim radar

receiver is random. Thus, after velocity DFT, ghosts are spread into pseudo-noise at the

victim radar’s detector input. This scheme can achieve much better multiple access capacity

than UA-RFDM, as ghosts appear as incoherent noise and infrequently cause false alarms.

Figure 2.13: UA-RFDM-PC with 2 radars independently choosing sub-band 1. (© 2021 IEEE)

The FMCW radar block diagram under UA-RFDM-PC is shown in Figure 2.15. After

phase decoding, the additional phase rotations on a typical radar 0’s target signals are 0,

while the additional phase rotations of radar k’s ghosts are random. After velocity DFT,

the ghost is spread as pseudo-noise into radar 0’s velocity bins, due to its random phase in

a CPI. This is verified in Figure 2.16 and Figure 2.17.

Our simulations find that the pseudo-noise on any range bin can occasionally cause false

alarm; an example is shown in Figure 2.16. Also, when the number of ghosts in a range bins
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Figure 2.14: Detect-and-classify using phase coding: a ghost can be distinguished from a target

due to it’s random phase over different chirp cycles. (© 2021 IEEE)

is smaller than 4 (holds with high probability under the considered setup), the probability of

false alarm caused by the ghost-spread pseudo-noise is insensitive to the ghost power and the

range bin that the ghost falls into. Thus, we denote Jk,0 as the event that radar k’s ghost-

spread pseudo-noise causes false alarm at radar 0, which happens with probability p0. Then,

conditioned on k ∈ K0, we model that Efa,k,0 = F 1
k,0 ∩

(⋃N
n=1G

n
k,0

)
∩ Jk,0. Furthermore,

when a high-power ghost and a target fall into the same range bin of the victim radar, the

target can be mis-detected due to the high-power pseudo-noise, as shown in Figure 2.17.

This happens with high probability when the ghost is strong enough. For k ∈ K0, we model

En
md,k,0 = Rn

k,0 ∩F 1
k,0 ∩Gn

k,0 ∩Hn
0 , where R

n
k,0 denotes the event that the range between radar

k and radar 0 is smaller than a threshold rn, and Hn
0 denotes the event that there exists at

least a target falls into the range bin n of radar 0. Then, we have the following result.

Proposition 3 (PHY and MAC Layer Properties of UA-RFDM-PC) UA-RFDM-PC

is a fair MAC with target misdetection probability at range bin n

Pr [En
md] = 1− exp

[
−2λrnfH/h

MNTg

(
1− (1− 1

N
)x
)]

, (2.10)



28

Figure 2.15: FMCW radar block diagram under UA-RFDM-PC. (© 2021 IEEE)

and multiple access capacity

CUA−RFDM−PC = λ exp

[
−2λdi,max

fH/h

TgMp−1
0

]
, (2.11)

conditioned on the number of targets seen by each radar is x.

Proof 3 By proof of Propositions 1 and 2, we have Pr
[
Rn

k,0

]
= rn

di,max
,Pr

[
F 1
k,0

]
= 1

M
,

Pr
[
Gn

k,0

∣∣k ∈ K0

]
= fH/h

NTg
, ∀n ∈ {1, 2, . . . , N}, and Pr [Hn

0 ] = 1 − (1 − 1
N
)x. We also have

Pr [Jk,0] = p0. Thus, Pr
[
En

md,k,0|k ∈ K0

]
= r0

di,max

fH/h
MNTg

(
1− (1− 1

N
)x
)
, Pr

[
Efa,k,0

∣∣k ∈ K0

]
=

fH/h
MTg

p0. Then, using the similar steps as the proof of Proposition 1, we arrive at (2.10) and

(2.11).

The term p−1
0 in (2.11) can be regarded as the PC gain. Since UA-RFDM-PC also

keeps the RFDM gain M , it follows that CUA−RFDM−PC ≫ CUA−RFDM . Under the setup

in Table 2.1, we have p0 = 0.033, r230 = 130m and r365 = 265m for UA-RFDM-PC.

Under this setup, we simulate Pr [En
md] , n ∈ {1, 2, . . . , N} and CUA−RFDM−PC in Fig-

ure 2.21, Figure 2.22 and Figure 2.23. From Figure 2.21, we can see that Pr [En
md] of

UA-RFDM-PC is smaller than that of UA-FH, but is larger than that of UA-RFDM. From

Figure 2.22 and Figure 2.23, we see that CUA−RFDM−PC is much larger than CUA−RFDM

for all the considered x, λ and most region of Pr [En
md]. The maximum capacity of UA-

RFDM-PC C∗
UA−RFDM−PC is achieved at λ∗

UA−RFDM−PC = 1
2di,max

MTg

fH/h
1
p0

= 2 radars/m, and

C∗
UA−RFDM−PC =

λ∗
UA−RFDM−PC

e
= 0.736 radars/m.
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Figure 2.16: PHY layer simulation under UA-RFDM-PC with the same setup as in Figure 2.6 and

Figure 2.11. (© 2021 IEEE)

2.7 UA-FH-PC

In UA-FH, a persistently appearing target can make randomly appearing ghosts on the same

range bin unidentified and cause false alarms. PC can spread these unidentified ghosts into

pseudo-noise and further reduce false alarm probability. In UA-RFDM-PC, ghosts on any

range bin are spread into pseudo-noise that has the potential to cause false alarms on any

range bin. FH helps to identify ghosts and reduces the occurrence of pseudo-noise when

the ghosts do not fall into the same range bin as a target. These motivate us to combine

UA, FH and PC into UA-FH-PC shown in Figure 2.18. In UA-FH-PC, each chirp is added

with binary random phase rotation and is transmitted on a randomly picked subband. This

scheme can achieve much better multiple access capacity than UA-FH and UA-RFDM-PC,

as FH and PC remedy the disadvantage of each other.

The corresponding FMCW receiver block diagram is shown in Figure 2.19. Due to FH,

when a ghost and target do not fall into the same range bin, the ghost can be distinguished
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Figure 2.17: PHY layer simulation under UA-RFDM-PC with the same setup as in Figure 2.7 and

Figure 2.12. (© 2021 IEEE)

from a target with probability 1− 1
ML ≈ 1 and not passed into velocity DFT to avoid a false

alarm. But when a ghost and a target fall into the same range bin of a victim radar, the

persistently appearing target causes the detect-and-classify block to fail. However, with PC,

the non-classified ghost is spread into pseudo-noise (see Figure 2.20) that only infrequently

causes a false alarm. When the number of ghosts in a range bin is smaller than 4 (holds with

high probability under the considered setup), the probability of false alarm caused by the

ghost-spread pseudo-noise is insensitive to the ghost power and the range bin that the ghost

falls into. Thus, we denote Jk,0 as the event that radar k’s ghost-spread pseudo-noise causes

false alarm at radar 0, which happens with probability p0. Then, conditioned on k ∈ K0, we

model that Efa,k,0 =
⋃N

n=1

(
Gn

k,0 ∩Hn
0

)
∩Jk,0, where G

n
k,0 is the time condition that radar k’s

ghost falls into radar 0’s range bin n, and Hn
0 denotes the event that there exists at least a

target falls into the range bin n of radar 0. When a strong enough ghost and a target fall into

the same range bin of the victim radar, the target can be mis-detected with high probability

due to the high-power pseudo-noise. Thus, for k ∈ K0, we model En
md,k,0 = Rn

k,0 ∩Gn
k,0 ∩Hn

0 ,
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Figure 2.18: UA-FH-PC on 2 sub-bands. (© 2021 IEEE)

Figure 2.19: FMCW radar block diagram under UA-FH-PC. (© 2021 IEEE)

where Rn
k,0 denotes the event that the range between radar k and radar 0 is smaller than a

threshold rn. Then, we have the following result.

Proposition 4 (PHY and MAC Layer Properties of UA-FH-PC) UA-FH-PC is a fair

MAC with target misdetection probability at range bin n

Pr [En
md] = 1− exp

[
−2λrnfH/h

NTg

(
1− (1− 1

N
)x
)]

, (2.12)

and multiple access capacity

CUA−FH−PC = λ exp

[
−2λdi,max

fH/h

Tgp
−1
0

(
1− (1− 1

N
)x
)−1

]
, (2.13)

conditioned on the number of targets seen by each radar is x.
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Figure 2.20: PHY layer simulation under UA-FH-PC with the same setup as in Figure 2.7, Fig-

ure 2.12 and Figure 2.17. (© 2021 IEEE)

Proof 4 The proof of (2.12) is similar to the proof of (2.8) in Proposition 2. By proof of

Propositions 3, we have Pr
[
Gn

k,0

∣∣k ∈ K0

]
= fH/h

NTg
, ∀n ∈ {1, 2, . . . , N}, Pr [Jk,0] = p0 and

Pr [Hn
0 ] = 1− (1− 1

N
)x. Thus, Pr

[
Efa,k,0

∣∣k ∈ K0

]
= fH/h

Tg
p0
(
1− (1− 1

N
)x
)
. Then, using the

similar steps as the proof of Proposition 1, we arrive at (2.13).

Under the setup in Table 2.1, when x is small to moderate (e.g., x < 50), the FH

gain
(
1− (1− 1

N
)x
)−1

is much larger than the RFDM gain M , and hence CUA−FH−PC ≫

CUA−RFDM−PC . Compared to UA-FH, UA-FH-PC has an additional PC gain p−1
0 , and

hence CUA−FH−PC ≫ CUA−FH . For the system scenario in Table 2.1, we further have

r230 = 85m and r365 = 200m for UA-FH-PC, which are smaller than those of UA-RFDM-

PC, as FH reduces the ghost-spread pseudo-noise power. Our PHY layer simulation finds

that p0 = 0.03. Based on these, we simulated Pr [En
md] , n ∈ {1, 2, . . . , N} and CUA−FH−PC

in Figure 2.21, Figure 2.22 and Figure 2.23. From Figure 2.21, we see that Pr [En
md] of

UA-FH-PC is smaller than that of UA-FH, but larger than that for UA-RFDM-PC and UA-
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RFDM. From Figure 2.22 and Figure 2.23, we see that the capacity of UA-FH-PC is achieves

the largest capacity for all the considered x, λ and most region of Pr [En
md]. The maximum

capacity of UA-FH-PC C∗
UA−FH−PC is achieved at λ∗

UA−FH−PC = 1
2di,max

Tg

p0fH/h
1

1−(1− 1
N
)x
, and

C∗
UA−FH−PC =

λ∗
UA−FH−PC

e
, which is large. For example, when x = 10, we have C∗

UA−FH−PC =

18.393 radars/m achieved at density λ∗
UA−FH−PC = 49.997 radars/m.

We finally compare the capacities of the considered four distributed MAC schemes with

the capacity of the state-of-the-art synchronous cooperative MAC scheme - RadChat [7].

RadChat uses time division multiple access (TDMA) for mitigating radar interference. By [7],

the upper bound of the maximum number of non-false-alarmed radar is MBc

fH+di,maxh/c
. Thus,

the upper bound of the capacity of RadChat is MBc

2(fH+di,maxh/c)di,max
. Since it’s not clear in [7]

how RadChat handles the case when radar density is larger than this upper bound, we

assume the capacity upper bound of RadChat saturates at MBc

2(fH+di,maxh/c)di,max
after reaching

this value, and do not calculate the probability of target misdetection of RadChat. Under the

setup in Table 2.1, the capacity upper bound of RadChat is 0.011 radars per meter, which

is plotted in Figure 2.22. The capacities of UA-FH, UA-RFDM-PC and UA-FH-PC are

significantly larger than the capacity of RadChat. This indicates that 1) orthogonal TDMA

scheduling may not achieve desired scaling of multiple access capacity; 2) it is possible to

design radar MAC schemes with large multiple access capacity even without synchronization

and coordination, by using detect-and-classify approaches such as FH and PC. These results

can serve as potential guides to any future radar standardization activities.

2.8 Summary

Under coherent mutual radar interference, the main issue is the difficulty to classify inter-

ference from targets, which leads to false alarms. In this chapter, we considered using radar

MACs to help radars finish this classification and reduce false alarms. The main contribution

of this chapter lies in the cross-layer analysis of radar coherent interference networks using

proposed 2 metrics: target misdetection probabilities and multiple access capacities.

As a baseline scheme, we first analyzed UA-RFDM. UA-RFDM achieves a poor trade-off
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Figure 2.21: Probability of target misdetection versus λ under different range bins. (© 2021

IEEE)

between multiple access capacity and probability of target misdetection (see Figure 2.23),

due to its low multiple access capacity. The key reason for the poor multiple access capacity

of UA-RFDM is that each radar’s sub-band choice and chirp’s initial phase are unchanged

over a CPI. This makes ghosts appear as targets, and hence cannot be distinguished. Thus,

UA-RFDM is not a promising candidate for scaling to high-density vehicular radar scenarios.

FH helps each radar to distinguish targets and ghosts on range bins. The target mis-

detection and false alarm happen only when the target and ghosts fall into the same range

bin. Compared with UA-RFDM, UA-FH obtains FH gain at the cost of losing RFDM gain.

When the number of targets seen by each radar is not very large, the capacity of UA-FH

is much larger than the capacity of UA-RFDM. The target misdetection probabilities of

UA-FH are larger than those of UA-RFDM, but in most regions, UA-FH achieves better

trade-offs between multiple access capacity and target misdetection probability.

UA-RFDM-PC adopts PC to help each radar to distinguish targets and interference on
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Figure 2.22: Multiple access capacity versus λ. (© 2021 IEEE)

range-velocity bins. Target misdetection happens only when the target and ghosts fall into

the same range bin. False alarm occasionally happens when a ghost falls into any range

bin. Compared with UA-RFDM, UA-RFDM-PC keeps RFDM gain and has an additional

PC gain, which makes the capacity of UA-RFDM-PC much larger than the capacity of UA-

RFDM. The target misdetection probability of UA-RFDM-PC is better than that of UA-FH

under the setup in Table 2.1.

UA-FH-PC adopts both FH and PC to help each radar to distinguish targets and inter-

ference on range-velocity bins. The target misdetection and false alarm happen only when

the target and ghosts fall into the same range bin. UA-FH-PC has FH gain and PC gain

that can be multiplied together to achieve significant capacity gain. This makes the capacity

of UA-FH-PC much larger than the capacities of UA-RFDM, UA-FH and UA-RFDM-PC.

The target misdetection probability of UA-FH-PC is better than UA-FH, but is worse than

UA-RFDM-PC and UA-RFDM.

Finally, we compare the performance of the considered MAC schemes in Table 2.2. The

coherent interference under UA-RFDM can lead to a very low multiple access capacity. In



36

0 0.5 1 1.5 2 2.5 3

10 -4

0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

5

M
u

lt
ip

le
 A

c
c

e
s

s
 C

a
p

a
c

it
y

UA-RFDM, x=5

UA-FH, x=5

UA-RFDM-PC, x=5

UA-FH-PC, x=5

UA-RFDM, x=10

UA-FH, x=10

UA-RFDM-PC, x=10

UA-FH-PC, x=10
0 5

10 -6

0

0.01

0.02

0.03

Figure 2.23: Multiple access capacity versus probability of target misdetection at range bin 230

(at around half of the maximum detectable range). (© 2021 IEEE)

contrast, the detect-and-classify schemes, such as FH and PC, significantly increase multiple

access capacity and achieve good trade-offs between multiple access capacity and probability

of target misdetection. These detect-and-classify schemes do not require any synchronization

and coordination, and can be implemented with low cost, especially for UA-RFDM-PC.
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Table 2.1: PHY layer simulation setup. (© 2021 IEEE)

Simulation platform MATLAB

Transmit power Pt = 12dBm [50]

Transmit/receive antenna gain Gt = Gr = 12dBi [50]

Minimum receive power Pmin
r = −128dBm [50]

RF frequency fc = 77GHz [50]

Chirp bandwidth Bc = 540MHz [19]

IF cutoff frequency fH = 10MHz [19]

Chirp slope h = 12MHz/us [19]

Number of range bins N = 450 [19]

Inter-chirp duration Tg = 55us [19]

Interference range di,max = 1000m

Number of chirps in a CPI L = 200

Number of sub-bands M = 2

Target’s RCS 20m2

CA-CFAR operating domain Doppler domain

Number of noise window in CA-CFAR 20

Number of guard window in CA-CFAR 2

CFAR threshold 10dB

Table 2.2: Summary of 4 Considered MACs. (© 2021 IEEE)

MACs Prob. of target misdetection Capacity gain Multiple access capacity

UA-RFDM Very low RFDM Very small

UA-FH Low FH Moderate

UA-RFDM-PC Low RFDM & PC Moderate

UA-FH-PC Low FH & PC Large
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Chapter 3

FAST-TIME-FREQUENCY MODE RETRIEVAL FOR
MITIGATING INCOHERENT INTERFERENCE

3.1 Motivation

In this chapter, we are interested in the fast-time domain MIM for incoherent FMCW inter-

ference. Incoherent FMCW interference exhibits unique signatures in the fast-time-frequency

(fTF) representation, as shown in Figure 3.1 (a), where the sinusoidal-like target is focused

on one range frequency bin while the power-dominating interference intersects the target in

a form of a chirp. Previous approaches exploit the linear chirp feature of the interference

and set detected interference to zero in the short-time Fourier transform (STFT) domain (as

referred to as STFT-Zeroing) [71]. However, errors in the interference detection and zeroing

steps easily propagate to the fast-time domain and it results in strong residuals, as shown

in blue lines in Figure 3.1 (b). This effect becomes worse when the low-resolution STFT is

used [18].

Instead of focusing on nulling interference like the most fast-time MIM methods, this

chapter proposes to directly recover fast-time target signals via a direct fTF mode retrieval

(fTFMR). Key challenges are 1) to identify weaker target ridges among significantly stronger

interference ridges that spread linearly over the fTF representation and 2) to enable high-

precision fTFMR that maps the identified target-inclusive fTF representation into the fast-

time sample. This is achieved by a cascade of high-resolution fTF representation, robust

ridge detection using sequential pulses, and direct fTFMR. The advantages of the proposed

method are listed below:

• First, a high-resolution fTF representation enables higher-degree separation between

the target signals and interference signals. This is particularly important to the case
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(a) High-resolution fast-time-frequency represen-

tation using the FSST

(b) Recovered fast-time target signal

Figure 3.1: Fast-time-frequency (fTF) representation of targets and interference and a direct

fTF mode retrieval (fTFMR) of underwhelmed target signals. (© 2022 IEEE)

that the interference beat frequency crosses over that of the target; see Figure 3.1 (a).

To this end, we make use of a frequency reassignment-based Fourier synchrosqueezing

transform (FSST) [5, 48,64,65] that enables high-resolution fTF representation.

• Second, the proposed ridge detection exploits the fact that the target signature over

the fTF domain is consistent over multiple pulses, while the interference signature is

highly likely to vary due to the incoherent nature between the interfering and victim

radars. This results in a robust ridge detection of underwhelmed two-way attenuated

target signals among one-way attenuated interference.

• Third, the fTFMR is guaranteed to converge to the target signal in fast-time intervals

with sufficient separation between the target and interference in the fTF domain. As

the FSST highly focuses on sinusoidal-like target signals, the fTFMR can directly

recover target signals in the time-domain by integrating the fTR representation over

the target-only region and, at the same time, filtering out interference and noise.

Major materials of this chapter is presented the author’s accepted paper [34]1.

1© 2022 IEEE. Reprinted, with permission, from [34].
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3.2 Target and Interference Signal Model

Assuming an FMCW automotive radar, indexed by u, transmits a sequence of chirp pulses

with carrier frequency modulated at the radio frequency (RF) bands and a pulse repetition

interval (PRI) T̃u [6]

xRF
u (t) = aRF

u ej2π(f0t+0.5hut2), ∀t ∈ [0, Tu] (3.1)

where aRF
u is the RF amplitude, f0 is the central frequency, hu is the chirp rate, Tu is the

chirp sweep duration, and T̃u−Tu is the inter-pulse idle duration. Without loss of generality,

all automotive radars operate at the same central frequency f0, e.g., f0 = 77 GHz, but with

with different chirp sweep duration Tu, PRI T̃u, and chirp rate hu. Furthermore, the victim

radar is referred to as the radar 0, i.e., u = 0. For the l-th chirp pulse, the dechirped signal

of the victim radar is a multi-component signal

xl(t) = xo
l (t) + xi

l(t) =
Ko∑
k=1

xo
l,k(t) +

U i
l∑

u=1

xi
l,u(t), (3.2)

where xo
l (t) consists of K

o target components, and xi
l(t) is the sum of U i

l interference com-

ponents. Note that the number of interference U i
l may vary over the pulse.

For the target component xo
l,k(t), one can derive its expression by multiplying the atten-

uated and delayed copy with the transmitted signal in (3.1) at the local oscillator, and

xo
l,k(t) = aoke

j2πϕo
l,k(t), ∀t ∈ [0, T0], (3.3)

where aok is the intermediate frequency (IF) amplitude of target k, and the phase term is

given as

ϕo
l,k(t) = (f o

r,k + f o
D,k)t+ f o

D,k(l − 1)T0, (3.4)

with f o
r,k and f o

D,k denoting the beat frequency and, respectively, the Doppler frequency of

the k-th target.

On the other hand, the interference component may or may not be dechirped into the

IF band of the victim radar, depending on FMCW configurations between the victim radar
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(a) RF band signal (b) IF band signal

Figure 3.2: FMCW radar interference over multiple pulses. (© 2022 IEEE)

{f0, h0, T0, T̃0} and the u-th interfering radar {f0, hu, Tu, T̃u} as well as their relative time

offset at l-th chirp cycle τu,l. The u-th interference at the l-th pulse turns out to be a chirp

signal [69]

xi
l,u(t) = aiue

j2πϕi
l,u(t), ∀t ∈ T i

l,u, (3.5)

where aiu is the IF amplitude of interference u, the phase term is given as

ϕi
l,u(t) = 0.5(hu − h0)t

2 − (huτu,l − f i
D,u)t+ ϕi

l,u,0, (3.6)

with f i
D,u denoting the Doppler frequency of interference u and ϕi

l,u,0 denoting initial phase

difference between interferer and victim radar at the l-th pulse, and T i
l,u denotes the contam-

inated fast-time interval of the l-th pulse due to the u-th interference

T i
l,u =

{
t

∣∣∣∣∣ ∣∣(hu − h0)t− (huτu,l − f i
D,u)

∣∣ ≤ fL

}
, (3.7)

which is determined from the fact that the interference signal xi
l,u(t) must lie in the IF band

of the victim radar with IF bandwidth fL. Figure 3.2 provides an illustrative example of two

FMCW pulses where the interfering radars yield different chirp-like interference patterns,

while the target signatures in the fast-time-frequency domain remain the same.

3.3 Proposed Target Reconstruction Method under Incoherent Interference

Our goal is to find an estimator x̂o
l,k(t) to estimate each target component xo

l,k(t) from the

multi-component signal xl(t) in (3.2). Our target signal estimation is achieved by separating
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the targets from the interference in the fTF domain via high-resolution time-frequency tools,

identifying the target ridge by utilizing the consistent patterns of the target and varying

patterns of the interference, and directly reconstructing target signals via the fTFMR. After

each target signal’s estimation, we estimate and detect the target’s range and velocity using

the conventional range-velocity DFT and CFAR detection introduced in Chapter 2.

3.3.1 High-Resolution Fast-Time-Frequency Representation

For the l-th pulse, the fast-time samples of the received signal xl(t) can be transformed to

the fTF representation Xl(t, ω) via standard time-frequency analysis such as the STFT as

adopted by several fast-time MIM methods [47, 57, 71, 72]. In contrast to these methods

focusing on the interference patterns, we propose to use the FSST [5, 48, 64, 65] that highly

focuses on the target pattern and allows fTFMR, and directly reconstruct the fast-time target

signals from the focused target portions of the fTF representation with limited inclusion of

interference and noise.

The FSST can be considered as a frequency-domain reassignment of the STFT. Given

the STFT of xl(t)

V g
xl
(t, ω) =

∫
R
xl(τ)g

∗(τ − t)e−iωτdτ, (3.8)

where g(t) is the time-domain window function, (·)∗ denotes the complex conjugate, and ω

is the frequency variable, its centroid (local energy) of the spectrogram, i.e., |V g
xl
(t, ω)|2, can

be computed as [4]

ω̂xl
(t, ω) = ω −ℑ

{
V g′
xl
(t, ω)

V g
xl(t, ω)

}
, (3.9)

where V g′
xl
(t, ω) denotes the STFT with the window function give by the derivative of g(t),

and ℑ{·} takes the imaginary part of the input. The FSST reassigns the STFT from the

point of computation to its centroid along the frequency (ω) domain over each fast-time

instant t [5, 48]

Xl(t, ω) =

∫
R V

g
xl
(t, v)eiωtδ (ω − ω̂xl

(t, v)) dv

2πg∗(0)
, (3.10)
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(a) fTF representation and ridge detection in a

pulse

(b) fTF representation and ridge detection in an-

other pulse

(c) Flow chart of multi-pulse ridge detection

Figure 3.3: Robust ridge detection exploits consistent target signatures and varying inter-

ference signatures from multiple pulses. (© 2022 IEEE)

where δ(·) denotes the Dirac function. As detailed analyzed in [65], the FSST-based fTFR

highly focuses on sinusoid-like target signals; see Figure 3.1 (a) for an illustration.

3.3.2 Robust Ridge Detection of Underwhelmed Targets

Reconstructing the target xo
l,k(t) = aol,ke

j2πϕo
l,k(t) requires separating it from interference and

other target signals. This can be done by detecting its ridge Ωo
l,k(t) in the fTF domain,

i.e., the estimation of its instantaneous frequency dϕo
l,k(t)/dt. As each target is a single-tone

signal (as shown in (3.4)), the target ridge Ωo
l,k(t) is a constant function of t and is a straight

line in the fTF representation. As shown in Figure 3.3 (a) and (b), the target ridge stays the

same over the multiple pulses within a coherent processing interval (CPI), while the FMCW

interference ridges are likely to vary over multiple pulses due to the non-coherence between

the interfering and victim radars.
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The above observation leads us to propose a multi-pulse ridge detection method, given in

Figure 3.3 (c). It first deploys, at each pulse, a maximum-energy ridge detector that uses a

penalized forward-backward greedy algorithm [15] to sequentially detect the strongest signal

ridge. The detected target ridges are denoted as Ωd
l,k(t). Figure 3.3 (a) and (b) show the

detected target ridges when there is only a target in a pulse and, respectively, when there

are two interference signals and one target in another pulse. It is noted that the detected

ridges may be a mixture of targets and interference.

Next, we validate whether the detected ridges indeed correspond to the target, and correct

them using confirmed target ridges from other pulses in the same CPI if necessary. We first

validate the detected ridges by checking if

N∑
n=1

1
(
Ωd

l,k(n∆T ) = mode({Ωd
l,k(n∆T ), n = 1, . . . , N})

)
> NTH , (3.11)

where N is the number of time bins in the fTF domain, ∆T is the time resolution of the

fTF such that N∆T = T0, mode(·) means the value that appears the most often in a set of

values, NTH is a threshold.

• If the target ridge is detected, we reassign the target ridge to be a constant function over

the fast time with the beat frequency equal to the most frequent bin of the detected

ridge:

Ωo
l,k(t) = mode({Ωd

l,k(n∆T ), n = 1, . . . , N}). (3.12)

• If the target ridge is not detected, we resort to the history of the most frequent ridge

over multiple pulses in the same CPI and assign it to the target ridge in this pulse l,

Ωo
l,k(t) = mode({Ωo

l′,k(t), l
′ = [1, . . . , L]\{l}}), (3.13)

where L is the number of pulses in a CPI. For instance of Figure 3.3 (b), the detected

ridge Ωd
l,k(t) fails to pass the validation of (3.11) and the target ridge is re-assigned by

looking into the target ridges from other pulses.
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3.3.3 Fast-Time-Frequency Mode Retrieval of Targets

The final step is to directly reconstruct the target signal xo
l,k(t) from its fTF representation

Xl(t, ω) and the detected target ridge Ωo
l,k(t), k = 1, 2, . . . , Ko. To avoid introducing inter-

ference component on the target ridge Ωo
l,k(t), the tTFMR uses the interference-free time

region along the detected ridges

X̂l,k(t, ω) =

Xl(t, ω), t ∈ T̂ o
l,k(ω), |ω − Ωo

l,k(t)| < ϵ,

0, otherwise,

where T̂ o
l,k(ω) is the estimated interference-free time region of the target ridge k. Then, the

fTFMR directly integrates X̂l,k(t, ω) over a small frequency interval around Ωo
l,k(t):

x̂o
l,k(t) =

1

g(0)

∫
|ω−Ωo

l,k(t)|<ϵ

X̂l,k(t, ω)dω, (3.14)

where x̂o
l,k(t) is the reconstructed fast-time signal of target k.

To obtain T̂ o
l,k(ω), one can estimate the interference-free time bins on

Xl(ω) ≜ {|Xl(n∆T, ω)|2, n = 1, 2, . . . , N}

for each frequency bin satisfying {ω : |ω −Ωo
l,k(t)| < ϵ} using the median absolute deviation

(MAD) detector [60]. The MAD detector estimates the interference-free time bin o ∈ Ol,k if

||Xl(o∆T, ω)|2 −median(Xl(ω))| <

γMADmedian
i=1,2,...,N

(||Xl(i∆T, ω)|2 −median(Xl(ω))|).

The MAD detector is used to ensure the outliers on the target ridge (regarded as interference)

are excluded as much as possible. Then, the interference-free time region of the target k is

estimated as

T̂ MAD
l,k (ω) =

⋃
o∈Ol,k

[(o− 1)∆T, o∆T ]. (3.15)

Furthermore, to retain the target portion as much as possible, one can compare each

element in Xl(ω) with the power profile of target k, i.e., Pl,k = {|Xl′(n∆T, ω)|2, n =
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1, . . . , N, l′ = 1, . . . , l − 1}, and determine the set of time bins corresponding to target

k

Ql,k = {q : |Xl(q∆T, ω)|2 < γHismedian(Pl,k)}, (3.16)

where γHis is the target detection threshold in the power profile. Then, the interference-free

portion of the target k is estimated as

T̂ His
l,k (ω) =

⋃
q∈Ql,k

[(q − 1)∆T, q∆T ]. (3.17)

Finally, we combine the results in (3.15) and (3.17), and obtain the estimated interference-

free portion for target k as

T̂ o
l,k(ω) = T̂ MAD

l,k (ω) ∪ T̂ His
l,k (ω). (3.18)

Denoting T o
l,k(ω) as the true interference-free time region of the target k on frequency ω,

we have the following performance guarantee of the mode reconstruction.

Theorem 1 (Reconstruction Performance Guarantee) There exists a constant C such

that for all t ∈
⋂

ω:

∣∣∣∣ω− dϕo
l,k

(t)

dt

∣∣∣∣<ϵ

T o
l,k(ω),

∣∣∣∣∣∣ 1

g(0)

∫
∣∣∣∣ω− dϕo

l,k
(t)

dt

∣∣∣∣<ϵ

Xl(t, ω)dω − xo
l,k(t)

∣∣∣∣∣∣ ≤ Cϵ. (3.19)

Proof 5 By [48], for all interference-free time
⋂

ω:

∣∣∣∣ω− dϕo
l,k

(t)

dt

∣∣∣∣<ϵ

T o
l,k(ω), (3.19) holds for target k.

Theorem 1 indicates that, when the detected ridge Ωo
l,k(t) is close to the instantaneous

frequency dϕo
l,k(t)/dt and the estimated interference-free time region T̂ o

l,k(ω) is close to the

real interference-free time region T o
l,k(ω), the reconstructed signal x̂o

l,k(t) given by (3.14) is a

good estimator of original target signal xo
l,k(t).
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3.4 Performance Evaluation

In this section, we provide a numerical evaluation of the proposed fTFMR-based MIM

method using synthetic data generated corresponding to a typical medium-range automotive

radar configurations [51]. Moreover, we include the following baseline methods for perfor-

mance comparison.

• Time-domain zeroing (Time-Zeroing) [66,68]: The victim radar detects interference in

the fast-time domain and nulls the interference.

• Iterative method with adaptive thresholding (IMAT) [11]: IMAT is based on Time-

Zeroing and employs a sparse sampling procedure to reconstruct the contaminated

fast-time samples from the uncontaminated portion.

• STFT-Zeroing [71]: STFT-Zeroing detects interference in the STFT-based fTF repre-

sentation using a cell-average constant false alarm rate (CA-CFAR) detector, removes

the interference, and finally transforms the modified fTF representation back to the

fast-time domain.

We also include the interference-free and no mitigation to set the best and worse performance

benchmarks.

3.4.1 Simulation Setup

We consider a scenario of 1 non-fluctuating target and 1 victim radar with FMCW configura-

tion parameters given in Table 3.1 for a typical automotive radar operating in 77 GHz [51].

In the same scenario, we include 5 interferers with relative distances to the victim radar,

chirp rates, and inter-chirp idle duration randomly (uniformly) distributed according to the

last three rows of Table 3.1.

The synthetic data is generated using a system-level simulator based on MATLAB Phased

Array System Toolbox. It consists of the FMCW waveform generation, the backscattering
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Figure 3.4: CDFs of SINRr and SINRv. (© 2022 IEEE)

of the FMCW waveform from a target, interference channel propagation, and a standard

FMCW signal processing (e.g., dechirping, low-pass filtering, range-velocity processing, and

CFAR detection, etc.) at the receiver.

Simulation parameters are chosen as follows. For the proposed fTFMR method, the FSST

uses a Kaiser window of length 256 and shape parameter 10 and an overlapping size of 255,

while NTH = 3/8N , γHis = 2.5, ϵ is the width of 4 frequency bins in fTF domain, and the

threshold for the MAD detection is 1.2. For the considered baseline methods, the threshold

of the MAD detection is 4.4 for the Time-Zeroing and IMAT methods. The STFT-Zeroing

uses a Hann window of length 128, an overlapping size of 96, and an FFT length of 256.

3.4.2 Performance Measures

The following performance measures are used for performance comparison.

• SINR in range dimension, SINRr:

SINRr =
|SRV [no,mo]|2∑

n∈Nr\{no}
|SRV [n,mo]|2/(Nr − 1)

, (3.20)
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Figure 3.5: Target detection counts on target bins and false detection counts on non-target bins

normalized over 200 Monte-Carlo runs. (© 2022 IEEE)

where SRV is the RV spectrum after RV FFT,Nr is the set of range bins and Nr = |Nr|.

• SINR in velocity dimension, SINRv:

SINRv =
|SRV [no,mo]|2∑

m∈Mv\{mo}
|SRV [no,m]|2/(Mv − 1)

, (3.21)

where Mv is the set of velocity bins and Mv = |Mv|.

• Target detection counts on target bins are defined as the occurrence of
⋂Ko

k=1E
o
d,k over

Monte-Carlo runs, where Eo
d,k is the event that the radar’s CFAR detector detects a

peak on its range-velocity bin, given that target k exists on this range-velocity bin.

• False detection counts on non-target bins are defined as the occurrence of
⋃I

i=1Efa,i

over Monte-Carlo runs, where I is the total number of detected peaks, and Efa,i is

defined similarly as Eo
d,k except that the peak i does not corresponds to a target.

It is worth noting that SINRr and SINRv are the two measures widely used in the literature

[66].
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Figure 3.6: Heatmap of detection counts on the range-velocity domain over 200 Monte-Carlo runs.

(© 2022 IEEE)

3.4.3 SINR Comparison

Figure 3.4 shows the cumulative distribution function (CDF) of SINRr and SINRv over

1000 Monte-Carlo runs. It is seen that all considered MIM methods outperform the case

of No-Mitigation. The Time-Zeroing and IMAT methods provide similar performance, as

previously observed in [66] and [68]. It is clear to see that the proposed fTFMR method

achieves higher SINRr and SINRv than all baseline methods. It is interesting to note that

the fTFMR also filters out the noise that spreads over the fTF domain as (3.14) integrates

only the fTF portion confined to the target. This may lead to a higher SINRr than that of

the Interference-Free case as the denominator of (3.20) is smaller for the fTFMR method.

Comparing Figure 3.4 (a) and Figure 3.4 (b) reveals that the SINR gain in the range domain

is larger than that in the velocity domain as the current fTFMR method only mitigates the

interference in the fast-time (range) domain.
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3.4.4 Detection Performance Comparison

Figure 3.5 plots the normalized occurrence of Eo
d,1 versus the normalized occurrence of⋃I

i=1Efa,i over 200 Monte-Carlo runs of randomly simulated interference. For each method,

the curve is obtained by changing the threshold used in the 2D (range-velocity) CA-CFAR

detection. The result shows that the fTFMR method outperforms the baseline methods to

achieve the highest probability of detection among all considered methods.

To visualize the detection and false alarm performance, Figure 3.6 plot the heatmap of

the occurrence of Eo
d,1 and

⋃I
i=1 Efa,i over the range-velocity domain. For each method, we

run the 2D CA-CFAR detection over all range-velocity bins and report the total counts of

detection as a 2D heatmap. In the left column, the total counts over the true target bin

are reported, where the fTFMR method gives the highest counts of detection. The right

column, on the other hand, reports the total counts over all non-target bins which represents

a qualitative assessment of the false detection distribution over the RV domain. It is clear

to see that the fTFMR method shows a cleaner false alarm heatmap than other methods.

3.5 Summary

In this chapter, we considered using the fTFMR to improve range-velocity (Doppler) detec-

tion performance. The idea is totally different from the existing fast-time domain schemes

which focus on detect-and-cancel interference. In contrast, we focused on directly recov-

ering target signals. Specifically, we proposed to use a high-resolution fast-time-frequency

transform to have a better separation between the target and interference, robust ridge de-

tection of underwhelmed target by using information from multiple chirp pulses, and a direct

fast-time-frequency mode retrieval. Comprehensive performance comparison confirms signif-

icant performance gain of the proposed method over a long list of fast-time domain baseline

methods, including the state-of-the-art STFT-Zeroing scheme [71], under strong interference.
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Table 3.1: Simulation setup parameters. (© 2022 IEEE)

Transmit power (noise figure) 5dBm (4.5dB)

Transmit (receive) antenna gain 36(42)dBi

RF frequency 77GHz

Chirp bandwidth 460MHz

Victim radar’s chirp sweep duration 30.7us

Victim radar’s inter-chirp idle duration 7us

Victim radar’s chirp slope 15MHz/us

IF bandwidth (ADC complex sample rate) 15MHz (16.7 MHz)

Number of chirps in a CPI 256

Range (Velocity) DFT size 512 (256)

Radar detector 2D CA-CFAR

CA-CFAR training (guard) size 5 (3) for row & column

Target model Non-fluctuating

Target’s RCS 20dBsm

Target’s distance (velocity) 50m (12.1m/s)

Target (interference) channel
Free-space two-way

(one-way) channel

Interferer’s distance U(0, 10)m

Interferer’s chirp rate U(10, 20)MHz/us

Interferer’s inter-chirp idle duration U(6, 8)us
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Chapter 4

SPATIAL DETECTOR DESIGN FOR MITIGATING
INCOHERENT INTERFERENCE

4.1 Motivation

Very few existing papers focus on MIMO-FMCW radar MIM. [10] shows that a virtual

array can be used for detecting targets but only beamforming at Rx array can be used

for interference suppression. [16] suggests adopting hybrid beamforming at Rx array to re-

duce beamforming costs while improving signal-to-interference-plus-noise ratio (SINR). [13]

designs slow-time pseudo-random phase code to mitigate interference assuming interferers’

slow-time pseudo-random phase codes are known. Despite these prior arts, there is no inter-

ference signal formulation of the state-of-the-art MIMO-FMCW radar. The signal processing

based on the MIMO-FMCW signal modeling can be very important but is missing. In ad-

dition, for the next-generation massive MIMO radar [22], the analysis of its advantage on

mutual automotive FMCW radar interference mitigation is also missing.

In this chapter, we investigate MIMO-FMCW radar incoherent interference from the

spatial MIMO detection perspective. We consider adopting slow-time pseudo-random phase-

code-based DDM waveform separation for MIMO-FMCW radar because this scheme does

not suffer from reducing maximum unambiguous detectable velocity, which is important for

automotive radar [61]. Furthermore, under the MIMO-FMCW mutual radar interference

scenario, we also extend our investigation on the next-generation massive MIMO radar.

Our contributions are listed below.

• We are the first to derive the interfered signal model in the existence of mutual MIMO-

FMCW interference and formulate a hypothesis testing problem considering the inter-

ference structure.
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• We derive a subspace-based generalized likelihood ratio test (GLRT) solution of the

proposed hypothesis testing problem, obtain a closed-form detection performance of

the proposed subspace-based detector, and show that the proposed subspace-based

detector is a constant false alarm rate (CFAR) detector.

• We extend our analysis to the FMCW based massive MIMO radar, which achieves

perfect detection performance under interference when the Tx or Rx array size goes

to infinity. In practice, we derive the closed-form massive MIMO regime where the

proposed subspace-based detector is guaranteed to achieve a high enough detection

probability under the interference.

• We validate the proposed subspace-based detector in MATLAB Phased Array Sys-

tem Toolbox, which considers real-world impairments, and we show that the proposed

subspace-based detector achieves great interference suppression performance even with

these impairments. Further, the simulator also validates the effectiveness of massive

MIMO for MIM.

Major materials of this chapter will be presented in the author’s forthcoming papers [35,

36].

4.2 Radar Signal Model under Interference

4.2.1 Target Signal Model

As shown in Fig. 1.1, we consider a victim radar of M Tx antennas and N Rx antennas with

K pulses on each Tx antenna per coherent processing interval (CPI). The FMCW waveform

of the victim radar is

s(t) = ejπβt
2

D0,T (t), (4.1)
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Figure 4.1: The slow-time MIMO-FMCW automotive radar architecture in existence of MIMO-

FMCW interference.

where β is the chirp slope of the victim radar, T is the chirp duration of the victim radar,

and

Da,b(t) =

1, a ≤ t ≤ b

0, otherwise.

(4.2)

The RF waveform on Tx antenna m over K pulses is [73]

sm(t) =
K−1∑
k=0

ck,ms(t− kTPRI)e
j2πfc(t−kTPRI), (4.3)

where ck,m is the slow-time MIMO code on m-th Tx antenna and k-th pulse, TPRI is the

pulse repetition interval of the victim radar and fc is the carrier frequency. For a target of

range R and relative radial velocity v, the round-trip propagation delay from victim radar’s

m-th Tx antenna to its n-th receiving antenna is [73]

τm,n(t) = 2
R + vt

c
+m

dt sin(ϕt)

c
+ n

dr sin(ϕr)

c
, (4.4)

where dt and dr are the Tx and Rx antenna element spacings, ϕt and ϕr are the Tx and Rx

angles for the target, and c is the speed of propagation. If the target is in the far field, we
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have the approximation ϕt = ϕr. The n-th receiver of the victim radar in Fig. 1.1 receives

the backscattered RF signal [73]

ssn(t) = α

M−1∑
m=0

sm(t− τm,n(t))

≈αe−j2πfcτ

M−1∑
m=0

K−1∑
k=0

ck,ms(t− kTPRI − τ)

× ej2πfc(t−kTPRI)e−j2π(fϕtm+fϕrn)e−j2πfc
2vt
c , (4.5)

where α is the received complex amplitude of the target, τ = 2R
c

is the reference round-trip

propagation delay, λ = c
fc

is the RF wavelength, fϕt = dt
sin(ϕt)

λ
and fϕr = dr

sin(ϕr)
λ

are the

normalized spatial frequency at the transmitting and receiving antennas [73]. After mixing

ssn(t) with the local oscillator (LO) signal in Fig. 1.1, we obtain the analog beat signal from

the n-th Rx antenna

asn(t) = ssn(t)
K−1∑
k=0

s∗(t− kTPRI)e
−j2πfc(t−kTPRI)

=ατ

M−1∑
m=0

e−j2πfc
2vt
c e−j2π(fϕtm+fϕrn)

×
K−1∑
k=0

ck,me
−j2πβ(t−kTPRI)τDτ,T (t− kTPRI), (4.6)

where ατ ≜ αe−j2πfcτejπβτ
2
. Next, passing asn(t) into a low-pass filter (LPF) of bandwidth

fL, and we consider the beat frequency of the target βτ < fL, we have the low-pass filtered

signal as,lown (t) = asn(t). Then, the low-pass filtered signal as,lown (t) signal is sampled by an

analog-to-digital converter (ADC) at t = kTPRI + l∆T with ∆T and TPRI denoted as the

fast-time and slow-time sample intervals [73]:

asn(l, k) = as,lown (kTPRI + l∆T )

=ατe
−j2πfrl1[l ∈ Ls]

×
M−1∑
m=0

ck,me
−j2πfdke−j2π(fϕtm+fϕrn), (4.7)
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where Ls ≜ [ τ
∆T

, T
∆T

] is the set of signal sample indices, fr ≜ (βτ + 2v
λ
)∆T is the normalized

fast-time frequency, and fd ≜ 2fcTPRIv/c is the normalized target Doppler frequency [73].

Post L-length fast-time FFT (range FFT) on asn(l, k), we obtain the range spectrum of the

received target signal on victim radar’s n-th Rx antenna, l′-th range bin and k-th pulse

xs
n(l

′, k) =
L−1∑
l=0

asn(l, k)e
−j2π l′

L
l

=αl′

M−1∑
m=0

ck,me
−j2πfdke−j2π(fϕtm+fϕrn), (4.8)

where αl′ ≜
∑L−1

l=0 ατ1[l ∈ Ls]e−j2π(fr+
l′
L
)l is the complex amplitude of the target on range

bin l′. If M ≤ K, the slow-time MIMO code, e.g., the Chu sequence, has the near-orthogonal

property [61]: ck,mc
∗
k,m = 1 and

max
f

∣∣∣∣∣
K−1∑
k=0

ck,mc
∗
k,m′e−j2πfk

∣∣∣∣∣≪ K, ∀m′ ̸= m. (4.9)

Thus, the signal from m-th Tx antenna to target received by n-th Rx antenna on pulse k is

decoded as

x̂s
m,n(l

′, k) = xs
n(l

′, k)c∗k,m

=αl′

M−1∑
m′=0

ck,m′c∗k,me
−j2πfdke−j2π(fϕtm

′+fϕrn). (4.10)

Then, as shown in Fig. 1.1, applying K-length slow-time FFT (Doppler FFT), which aims

at compensating the Doppler component e−j2πfdk in x̂s
m,n(l

′, k) and separating target signals

from different antennas, we obtain the spectrum on l′-th range bin and k′-th Doppler bin

ysm,n(l
′, k′) =

K−1∑
k=0

x̂s
m,n(l

′, k)e−j2π k′
K
k

=αl′

∑
m′ ̸=m

(
K−1∑
k=0

ck,m′c∗k,me
−j2π(fd+

k′
K
)k

)
e−j2π(fϕtm

′+fϕrn)

+b(l′, k′)e−j2π(fϕtm+fϕrn), (4.11)
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where b(l′, k′) ≜ αl′

(∑K−1
k=0 e−j2π(fd+

k′
K
)k
)
. Notice that when fd +

k′

K
= 0, i.e., when the

normalized target Doppler frequency just fall on the Doppler bin k′, then b(l′, k′) = Kαl′

indicating a peak on Doppler spectrum, and in this case

ysm,n(l
′, k′) ≈b(l′, k′)e−j2π(fϕtm+fϕrn) (4.12)

due to (4.9). Thus, when fd+
k′

K
= 0, stacking {ysm,n(l

′, k′)} into a vector, the MN×1 virtual

array for target on range bin l′ and Doppler bin k′ is approximated by

ys(l′, k′) = b(l′, k′)at ⊗ ar. (4.13)

where

at ≜ [1, e−j2πfϕt , . . . , e−j2πfϕt (M−1)]T , (4.14)

is the M × 1 victim radar’s Tx steering vector to the target, and

ar ≜ [1, e−j2πfϕr , . . . , e−j2πfϕr (N−1)]T (4.15)

is the N × 1 victim radar’s Rx steering vector from the target.

4.2.2 Interference Signal Model

As shown in Fig. 4.1, we consider an interfering radar also using the MIMO-FMCW signaling

scheme with M̃ Tx antennas, and in general, M̃ ̸= M . Similar to (4.3), the m̃-th interfering

antenna sends slow-time coded (different from those codes at the victim radar) K̃ pulses

s̃m̃(t) =
K̃−1∑
k̃=0

c̃k̃,m̃s̃(t− k̃T̃PRI − τ̃syn)e
j2πfc(t−k̃T̃PRI−τ̃syn), (4.16)

where the base FMCM waveform s̃(t) shares the same expression as (4.1) but with different

chirp rate β̃ and pulse duration T̃ , τ̃syn is the transmit synchronization delay (initial time

offset) between the reference Tx antennas of the victim radar and the interfering radar, c̃k̃,m̃

is the slow-time code of the interfering radar, and T̃PRI is the PRI at the interfering radar.
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For an interfering radar of range R̃ and radial velocity ṽ relative to the victim radar, the

one-way propagation delay from its m̃-th Tx antenna to the n-th receiving antenna of victim

radar is

τ̃m̃,n(t) =
R̃ + ṽt

c
+ m̃

d̃t sin(ϕ̃t)

c
+ n

dr sin(ϕ̃r)

c
, (4.17)

where d̃t is the Tx antenna element spacing at the interferer, and ϕ̃t and ϕ̃r are the interferer’s

Tx and Rx angles for the victim radar. The n-th receiver of the victim radar in Fig. 1.1

receives the RF signal from the interferer

sin(t) = α̃
M̃−1∑
m̃=0

s̃m̃(t− τ̃m̃,n(t))

≈α̃e−j2πfcτ̃

M̃−1∑
m̃=0

K̃−1∑
k̃=0

c̃k̃,m̃s̃(t− k̃T̃PRI − τ̃syn − τ̃)

× ej2πfc(t−k̃T̃PRI−τ̃syn)e−j2π(f̃ϕtm̃+f̃ϕrn)e−j2πfc
ṽt
c , (4.18)

where α̃ is the received complex amplitude of the interference, τ̃ = R̃
c
is the reference one-way

propagation delay from interferer to the victim radar, and f̃ϕt = d̃t
sin(ϕ̃t)

λ
and f̃ϕr = dr

sin(ϕ̃r)
λ

are the normalized spatial frequency at the interferer transmitting antennas and victim

receiving antennas.

Using victim radar’s time as the reference time, we rewrite k̃T̃PRI+τ̃syn, k̃ = 0, 1, . . . , K̃−1

using the victim radar’s slow-time index k. Define τ̃ ′
k,k̃

as the time offset between the k̃-th

pulse of the interfering radar relative to the k-th LO pulse at the victim radar. Notice that

each pulse duration PRI includes the chirp duration and the inter-chirp idle duration. Two

necessary conditions for the k̃-th pulse of the interfering radar be dechirped by the k-th

pulse of victim radar are −τ̃ ′
k,k̃

− T̃PRI < 0 and τ̃ ′
k,k̃

< TPRI, which in combination lead to

−T̃PRI < τ̃ ′
k,k̃

< TPRI. If any of these two conditions does not satisfy, as shown in Fig. 4.2,

the k̃-th pulse of the interfering radar cannot be dechirped by the k-th pulse of victim radar.
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Define

Kk̃ ≜
{
k : k̃T̃PRI + τ̃syn = kTPRI + τ̃ ′

k,k̃
,−T̃PRI < τ̃ ′

k,k̃
< TPRI,

k = 0, 1, . . . , K − 1
}
, k̃ = 0, 1, . . . , K̃ − 1, (4.19)

as a set that groups all pulses of the victim radar that intercept with the k̃ pulse by checking

whether any time instant of the victim pulse falls within the k̃ interfering pulse.

Figure 4.2: Two necessary conditions for the k̃-th pulse of the interfering radar to be dechirped by

the k-th pulse of the victim radar with a counterexample for each condition shown in the figure.

Let

c̃k̃k,m̃ ≜

c̃k̃,m̃, k ∈ Kk̃

0, otherwise

(4.20)

denote the slow-time code of the interfering radar observed at k-th victim radar pulse. Then,
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we rewrite sin(t) as

sin(t) = α̃e−j2πfcτ̃

M̃−1∑
m̃=0

K̃−1∑
k̃=0

∑
k∈K

k̃

c̃k̃k,m̃s̃(t− kTPRI − τ̃ ′
k,k̃

− τ̃)

× e
j2πfc(t−kTPRI−τ̃ ′

k,k̃
)
e−j2π(f̃ϕtm̃+f̃ϕrn)e−j2πfc

ṽt
c . (4.21)

The victim radar mixes sin(t) with its LO signal, and obtains the analog beat signal from

the n-th Rx antenna

ain(t) = sin(t)
K−1∑
k=0

s∗(t− kTPRI)e
−j2πfc(t−kTPRI)

=α̃e−j2πfcτ̃

M̃−1∑
m̃=0

K̃−1∑
k̃=0

∑
k∈K

k̃

c̃k̃k,m̃e
jπ(β̃−β)(t−kTPRI)

2

× e
jπβ̃(τ̃ ′

k,k̃
+τ̃)2

e
−j2πβ̃(t−kTPRI)(τ̃

′
k,k̃

+τ̃)

× e
−j2πfcτ̃ ′

k,k̃e−j2π(f̃ϕtm̃+f̃ϕrn)e−j2πfc
ṽt
c

×D
τ̃ ′
k,k̃

+τ̃ ,min
{
T,τ̃ ′

k,k̃
+τ̃+T̃

}(t− kTPRI) (4.22)

From (4.22), we can see that the instantaneous frequency of interference at pulse k is

β̃(τ̃ ′
k,k̃

+ τ̃) − (β̃ − β)(t − kTPRI). Then, passing ain(t) into the LPF of bandwidth fL, the

interference residential time on pulse k with interference is

0 < β̃(τ̃ ′
k,k̃

+ τ̃)− (β̃ − β)(t− kTPRI) < fL. (4.23)

Fig. 4.3 provides an illustrative example showing the interference residential time. The
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Figure 4.3: Interference at victim radar’s pulse k.

low-pass filtered IF interference signal is

ai,lown (t) = α̃e−j2πfcτ̃

M̃−1∑
m̃=0

K̃−1∑
k̃=0

∑
k∈K

k̃

c̃k̃k,m̃e
jπ(β̃−β)(t−kTPRI)

2

× e
jπβ̃(τ̃ ′

k,k̃
+τ̃)2

e
−j2πβ̃(t−kTPRI)(τ̃

′
k,k̃

+τ̃)

× e
−j2πfcτ̃ ′

k,k̃e−j2π(f̃ϕtm̃+f̃ϕrn)e−j2πfc
ṽt
c

× 1
[
0 < β̃(τ̃ ′

k,k̃
+ τ̃)− (β̃ − β)(t− kTPRI) < fL

]
×D

τ̃ ′
k,k̃

+τ̃ ,min
{
T,τ̃ ′

k,k̃
+τ̃+T̃

}(t− kTPRI). (4.24)

The low-pass filtered signal as,lown (t) signal is sampled by the ADC at t = kTPRI + l∆T :

ain(l, k) = ai,lown (kTPRI + l∆T )

=α̃e−j2πfcτ̃

M̃−1∑
m̃=0

K̃−1∑
k̃=0

c̃k̃k,m̃e
jπβ̃(τ̃ ′

k,k̃
+τ̃)2

e
−j2πfcτ̃ ′

k,k̃

× ejπ(β̃−β)(l∆T )2e−j2πf̃
r,k,k̃

l1
[
l ∈ Li

k,k̃

]
× e−j2πf̃dke−j2π(f̃ϕtm̃+f̃ϕrn) (4.25)
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where Li
k,k̃

≜
{
l : 0 < β̃(τ̃ ′

k,k̃
+τ̃)−(β̃−β)l∆T < fL, (τ̃

′
k,k̃

+τ̃) < l∆T < min
{
T, τ̃ ′

k,k̃
+ τ̃ + T̃

}}
is the set of interference sample indices, f̃r,k,k̃ ≜ (β̃(τ̃ ′

k,k̃
+ τ̃) + ṽ

λ
)∆T is the normalized inter-

ference initial fast-time frequency, and f̃d = fc
ṽTPRI

c
is the normalized interference Doppler

frequency. Post L-length fast-time FFT (range FFT) on ain(l, k), we obtain the range spec-

trum of the received interference signal on victim radar’s n-th Rx antenna, l′-th range bin

and k-th pulse

xi
n(l

′, k) =
L−1∑
l=0

ain(l, k)e
−j2π l′

L
l

=
M̃−1∑
m̃=0

α̃l′,k,m̃e
−j2πf̃dke−j2π(f̃ϕtm̃+f̃ϕrn) (4.26)

where

α̃l′,k,m̃ ≜ α̃e−j2πfcτ̃

K̃−1∑
k̃=0

c̃k̃k,m̃e
jπβ̃(τ̃ ′

k,k̃
+τ̃)2

e
−j2πfcτ̃ ′

k,k̃

×
L−1∑
l=0

ejπ(β̃−β)(l∆T )21
[
l ∈ Li

k,k̃

]
e−j2π(f̃

r,k,k̃
+ l′

L
)l (4.27)

is the coded complex amplitude of the interference on range bin l′ and pulse k. Notice that

α̃l′,k,m̃ varies with pulse index k because τ̃ ′
k,k̃

varies with k. Also, as β̃ and τ̃ ′
k,k̃

are unknown by

the victim radar, α̃l′,k,m̃ is unknown by the victim radar. The signal from m′-th interferer’s

Tx antenna to n-th victim radar’s Rx antenna on victim radar’s pulse k follows the same

MIMO Tx signal separation procedure as the target. Thus, the interference spectrum on

victim radar’s l′-th range bin and k′-th Doppler bin is

yim,n(l
′, k′) =

K−1∑
k=0

xi
n(l

′, k)c∗k,me
−j2π k′

K
k

=
M̃−1∑
m̃=0

K−1∑
k=0

α̃l′,k,m̃c
∗
k,me

−j2π(f̃d+
k′
K
)ke−j2π(f̃ϕtm̃+f̃ϕrn)

=ã′t,me
−j2πf̃ϕrn, (4.28)
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where

ã′t,m =
M̃−1∑
m̃=0

K−1∑
k=0

α̃l′,k,m̃c
∗
k,me

−j2π(f̃d+
k′
K
)ke−j2πf̃ϕtm̃. (4.29)

Stacking {yim,n(l
′, k′)}m,n into a vector, we obtain the interference range-Doppler spectrum

on a MN × 1 virtual array

yi(l′, k′) = ã′
t ⊗ ãr. (4.30)

where

ã′
t ≜ [ã′t,0, ã

′
t,1, . . . , ã

′
t,M−1]

T , (4.31)

is the M × 1 interferer’s Tx steering vector decoded by the victim radar, and

ãr ≜ [1, e−j2πf̃ϕr , . . . , e−j2πf̃ϕr (N−1)]T (4.32)

is the N × 1 victim radar’s Rx steering vector from the interferer. Notice that although the

interferer’s Tx antenna number M̃ may be different than the victim Tx antenna number

M , ã′
t in (4.31) has dimension of M because the victim radar uses the conjugate of it’s own

MIMO code {ck,m} for decoding and MIMO Tx signal separation, as shown in (4.29).

4.2.3 Discussion

In this part, we validate that when interferer and victim radar are synchronized (τ̃syn = 0),

have the same waveform parameters (β̃ = β, T̃PRI = TPRI, T̃ = T , K̃ = K), number of Tx

antennas (M̃ = M) and slow-time MIMO code ({c̃k̃,m̃} = {ck,m}), the received interference

signal, referred to as the coherent interference signal, has the same structure as the target

signal [33].

Under the coherent interference step, by (4.19), we have τ ′
k,k̃

= 0 and Kk̃ = {k̃}. Then,

by (4.20), we have c̃k̃k,m̃ = c̃k,m̃ = ck,m̃ if k = k̃, and otherwise c̃k̃k,m̃ = 0; as here we con-

sider the coherent interference is dechirped into the victim radar, i.e., 0 < β̃τ̃ < fL, we
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have Li
k,k̃

= [ τ̃
∆T

, T
∆T

]; the normalized interference initial fast-time frequency reduces to

f̃r,k,k̃ = (β̃τ̃ + ṽ
λ
)∆T . Based on these α̃l′,k,m̃ in (4.27) becomes α̃l′,k,m̃ = α̃l′ck,m̃, where

α̃l′ = α̃e−j2πfcτ̃ejπβ̃τ̃
2∑L−1

l=0 1
[
l ∈ Li

k,k̃

]
e−j2π(f̃

r,k,k̃
+ l′

L
)l. Then, the range-Doppler interference

spectrum in (4.28) reduces to

yim,n(l
′, k′)

=α̃l′

∑
m̸̃=m

(
K−1∑
k=0

ck,m̃c
∗
k,me

−j2π(f̃d+
k′
K
)k

)
e−j2π(f̃ϕtm̃+f̃ϕrn)

+ b̃(l′, k′)e−j2π(f̃ϕtm+f̃ϕrn), (4.33)

where b̃(l′, k′) ≜ α̃l′

(∑K−1
k=0 e−j2π(f̃d+

k′
K
)k
)
. Notice that when f̃d +

k′

K
= 0, i.e., when the

normalized interference Doppler frequency just fall on the Doppler bin k′, then b̃(l′, k′) = Kα̃l′

indicating a peak on Doppler spectrum, and in this case

yim,n(l
′, k′) ≈b̃(l′, k′)e−j2π(f̃ϕtm+f̃ϕrn) (4.34)

due to (4.9). Comparing the target signal ysm,n(l
′, k′) in (4.12) and the interference signal

yim,n(l
′, k′) in (4.34), we validate that under the coherent interference case, the interference

model derived in Section 4.2.2 has a similar structure compared to the target signal model

derived in Section 4.2.1.

4.3 MIMO Detection under Interference

4.3.1 Hypothesis Testing

On each range-Doppler bin, we formulate MIMO radar detection under single interference

and complex white Gaussian noise z ∼ CN (0, σ2IMN), where IMN is the identity matrix

of size MN1. The target’s complex amplitude is unknown. We assume the victim radar’s

Rx steering vector from the interferer ãr in (4.32) is known because a victim radar can

1For more general correlated noise with the covariance matrix R, one can estimate R from homogeneous
training data at neighboring range-Doppler cells. The object detection using whitened signal is equivalent
to the problem here.
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passively receive pure interference signal and estimate the normalized spatial frequency f̃ϕr

in its idle time between 2 CPIs. As α̃l′,k,m̃ in (4.27) is not known by the victim radar, we

model ã′
t in (4.31) as an unknown vector. Omitting the range-Doppler bin index (l′, k′) in the

following, we formulate the angle detection problem on any range bin l′ and target Doppler

bin k′ = −Kfd as follows

Problem 1 (Target Detection with Interference)H0, y = ã′
t ⊗ ãr + z

H1, y = bat ⊗ ar + ã′
t ⊗ ãr + z.

(4.35)

4.3.2 Classic Correlation-based Detector

In the interference-free case, i.e., ã′
t = 0, the GLRT detection statistics of Problem 1 is [37]

T c(y) =
2

σ2

1

MN
|yH(at ⊗ ar)|2. (4.36)

T c(y) suggests correlating y and target’s virtual array steering vector at ⊗ ar, which can

be easily realized using angle FFT and is widely adopted in current automotive radar sys-

tems [49,61]. In the following, we evaluate the performance of (4.36) under the interference

case shown in Problem 1.

Lemma 1 In Problem 1, the false alarm probability and probability of detection performance

for the classic correlation solution in (4.36) are

P c
FA = Q1

(√
λc
0,
√
γ
)
, (4.37)

P c
D = Q1

(√
λc
1,
√
γ
)
, (4.38)

where

λc
0 =

2

MNσ2
|gtgr|2, (4.39)
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λc
1 =

2MN |b|2

σ2

∣∣∣∣1 + g∗t g
∗
r

bMN

∣∣∣∣2 , (4.40)

γ is the detection threshold,

gt = ã′
t
Hat and gr = ãH

r ar. (4.41)

Proof 6 Under H0, we have (at ⊗ ar)
Hy = (at ⊗ ar)

H(ã′
t ⊗ ãr) + (at ⊗ ar)

Hz ∼ CN ((at ⊗

ar)
H(ã′

t ⊗ ãr),MNσ2). By (4.36), we have

T c(y) ∼ χ′2
2(λ

c
0), under H0, (4.42)

where λc
0 =

2
MNσ2 |(at ⊗ ar)

H(ã′
t ⊗ ãr)|2 = 2

MNσ2 |gtgr|2.

Under H1, we have (at⊗ar)
Hy = bMN+(at⊗ar)

H(ã′
t⊗ ãr)+(at⊗ar)

Hz ∼ CN (bMN+

(at ⊗ ar)
H(ã′

t ⊗ ãr),MNσ2). By (4.36), we have

T c(y) ∼ χ′2
2(λ

c
1), under H1, (4.43)

where λc
1 =

2
MNσ2 |bMN + (at ⊗ ar)

H(ã′
t ⊗ ãr)|2 = 2MN |b|2

σ2

∣∣∣1 + g∗t g
∗
r

bMN

∣∣∣2.
Because (4.37) depends on the unknown parameter gt, the classic correlation detector is not

a CFAR detector if the interference exists. When gt is unknown, the theoretical performance

shown in Lemma 1 assuming the knowledge of gt can hardly be achieved.

Lemma 1 implies the following corollary.

Corollary 1 In the interference-free case, the false alarm probability and probability of de-

tection for the classic correlation solution in (4.36) are

P c
FA = e−

1
2
γ, (4.44)

P c
D = Q1

(√
λc
1,
√
γ
)
. (4.45)

where

λc
1 =

2MN |b|2

σ2
. (4.46)
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Proof 7 In the interference-free case, we have ã′
t = 0, and hence gt = 0. Substituting gt = 0

into (4.39) and (4.40), we have λc
0 = 0 and λc

1 =
2MN |b|2

σ2 . By (4.37) and (4.38), we have the

above corollary.

Corollary 1 can also be derived by directly solving the performance of (4.36) when ã′
t = 0 [37].

Corollary 1 shows that the classic correlation leads to a CFAR detector when there is no

interference.

4.3.3 Proposed Subspace-based Detector

For achieving a better performance than classic correlation in the existence of interference,

we solve the GLRT solution for Problem 1. Define

θ0 ≜ ã′
t, θ1 ≜ [b,θT

0 ]
T (4.47)

H0 ≜ IM ⊗ ãr, H1 ≜ [at ⊗ ar,H0], (4.48)

where θ0 (θ1) is the unknown vector under H0 (H1) and H0 (H1) is the known matrix under

H0 (H1). Then, we have y = H0θ0+z under H0 and y = H1θ1+z under H1. The likelihood

function under H0 is

p(y;H0) =
exp

[
− 1

σ2 (y −H0θ0)
H(y −H0θ0)

]
(πσ2)MN

, (4.49)

and the likelihood function under H1 is

p(y;H1) =
exp

[
− 1

σ2 (y −H1θ1)
H(y −H1θ1)

]
(πσ2)MN

. (4.50)

The GLRT test statistics is

T (y) = 2 ln
maxθ1 p(y;H1)

maxθ0 p(y;H0)
. (4.51)

Via least square estimation, we have

max
θ0

p(y;H0) =
exp[− 1

σ2y
HP⊥

H0
y]

(πσ2)MN
, (4.52)
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max
θ1

p(y;H1) =
exp[− 1

σ2y
HP⊥

H1
y]

(πσ2)MN
, (4.53)

where the projection matrices

P⊥
H0

= IM ⊗P⊥
ãr
, (4.54)

P⊥
H1

= P⊥
H0

−
P⊥

H0
(at ⊗ ar)(at ⊗ ar)

HP⊥H
H0

(at ⊗ ar)HP⊥H
H0

(at ⊗ ar)
. (4.55)

By (4.51), (4.52), (4.53), (4.54) and (4.55), the GLRT test statistics is

T (y) =
2

σ2

∣∣yH
(
at ⊗ (P⊥

ãr
ar)
)∣∣2∣∣at ⊗ (P⊥

ãr
ar)
∣∣2 (4.56)

=
2

σ2

1

MN

|yH(at ⊗ ar)− gr
1
N
yH(at ⊗ ãr)|2

1− |gr/N |2
. (4.57)

(4.56) indicates to project the target Rx steering vector ar to the orthogonal subspace of

the interfering Rx steering vector ãr via P⊥
ãr
ar. In other words, the GLRT test statistics of

Problem 1 suggests subtracting the classic correlation result yH(at ⊗ ar) by an estimated

interference component gr
1
N
yH(at ⊗ ãr), as indicated in (4.57).

Lemma 2 In Problem 1, the false alarm probability and probability of detection performance

for the GLRT solution in (4.56) or (4.57) are

PFA = e−
1
2
γ, (4.58)

PD = Q1

(√
λ,

√
γ
)
, (4.59)

where

λ =
2MN |b|2

σ2
(1− |gr/N |2), (4.60)

γ is the detection threshold.
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Proof 8 Under H0, we have (at ⊗ (P⊥
ãr
ar))

Hy = (at ⊗ (P⊥
ãr
ar))

Hz, where we have used the

property that
(
at ⊗ (P⊥

ãr
ar)
)H

(ã′
t⊗ ãr) = 0. As (at⊗(P⊥

ãr
ar))

Hz ∼ CN (0, σ2|at⊗(P⊥
ãr
ar)|2),

by (4.56), we have

T (y) ∼ χ2
2, under H0. (4.61)

Under H1, we have (at ⊗ (P⊥
ãr
ar))

Hy = (at ⊗ (P⊥
ãr
ar))

H(bat ⊗ ar) + (at ⊗ (P⊥
ãr
ar))

Hz ∼

CN ((at ⊗ (P⊥
ãr
ar))

H(bat ⊗ ar), σ
2|at ⊗ (P⊥

ãr
ar)|2), by (4.56), we have

T (y) ∼ χ′2
2(λ), under H1, (4.62)

where λ = 2
|(at⊗(P⊥

ãr
ar))H(bat⊗ar)|2

σ2|at⊗(P⊥
ãr

ar)|2)
= 2MN |b|2

σ2 (1 − |gr/N |2). By PFA = F c
χ2
2
(γ) and PD =

F c
χ′2

2(λ)
(γ), we have (4.58) and (4.59).

As Q1

(√
λ,

√
γ
)

strictly increases with λ [62], PD strictly increases with M . Further,

as (4.58) does not depend on any unknown parameters, the GLRT detector is a CFAR

detector in the existence of interference. Finally, as (4.60) does not depend on ã′
t, PD does

not change with the change of the interference power, which is a benefit of the GLRT detec-

tor in (4.56) when the interference power is large. However, when the interference power is

small, GLRT detector in (4.56) may perform worse than the classic correlation. For example,

in the interference-free case, the performance loss of adopting the GLRT detector in (4.56)

compared to adopting the classic correlation in (4.36) is represented in λ = λc
1(1− |gr/N |2)

given by (4.46) and (4.60). Such performance loss can be reduced in general by increasing

the size of receive array N , which will be illustrated in more detail in the next section.

4.3.4 Performance Validation and Evaluation

We define signal-to-noise ratio (SNR) and interference-to-signal ratio (ISR) as

SNR =
|b|2

σ2
, (4.63)

ISR =
1
M
ã′
t
H ãr

|b|2
. (4.64)
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Figure 4.4: Performance validation and evaluation of ROC curves under classical correlation

and proposed GLRT when M = 4, target at 30◦, interferer at 40◦, and SNR = −5dB.

In the numerical performance validation and evaluation of this part, we consider the ideal

case, where b, σ2, ã′
t, SNR and ISR are known.

The theoretical detection performance is validated and evaluated using receiver operating

characteristics (ROC), which shows the probability of detection versus probability of false

alarm, in Fig. 4.4. Fig. 4.4 (a) validates the theoretical performance of the classic correlator

in (4.37) and (4.38) and the theoretical performance of the proposed subspace-based GLRT

solution in (4.58) and (4.59) using Monte-Carlo simulation over 106 runs. Fig. 4.4 (b) shows

that the theoretical ROC performance of the proposed subspace-based GLRT solution out-

performs that of the classic correlator with known ã′
t when ISR is moderately large. Fig. 4.4

(c) shows that the ROC performance of the proposed subspace-based detector, in general,

performs better with the increase of N , and is close to that of the performance of the GLRT

detector under interference-free case when N is moderately large. This result inspires us to

evaluate the performance scaling with respect to the Tx and Rx array sizes, which will be

presented in the next section.
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4.4 Massive MIMO Detection under Interference

In massive MIMO radar, an asymptotically perfect probability of detection can be achieved

when the virtual array size goes to infinity [22]. The following lemma shows a similar result.

Lemma 3 When the number of receive antennas N → ∞, we have limN→∞ PD → 1. When

the number of transmit antennas M → ∞, we have limM→∞ PD → 1.

Proof 9 When the number of receive antennas N → ∞, we have

lim
N→∞

gr
N

= lim
N→∞

1

N

1− e−j2πN(fϕr−f̃ϕr )

1− e−j2π(fϕr−f̃ϕr )
→ 0.

Thus,

lim
N→∞

(1− |gr/N |2) → 1, (4.65)

and hence limN→∞ λ → ∞ and limN→∞ PD → 1. Similarly, limM→∞ λ → ∞ and limM→∞ PD →

1.

(4.65) indicates that the performance of the subspace-based detector under interference

shown in Lemma 2 is close to the performance of the GLRT solution without interference

shown in Corollary 1. Lemma 3 also shows that when N → ∞ or M → ∞, the victim radar

can achieve perfect target detection under interference. These results provide an insight

for radar manufacturers that scaling up Tx and Rx array sizes can eliminate the impact of

interference.

In realistic case, however, we cannot let N → ∞ or M → ∞. To guarantee slow-time

code orthogonality for MIMO radar in (4.9), the number of transmit antennas should be

smaller than the number of pulses in a CPI, i.e., M ≤ K. Considering practical hardware

implementation cost, M and N also cannot be very large. Motivated by these realistic

constraints, we would like to find the region of N , such that when N ≥ NTH , we have a large

enough detection probability PD using the proposed subspace-based method. Thanks to the

closed-form performance shown in Lemma 2, we have the following closed-form result.
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Lemma 4 For all

N ≥ NTH ≜
N c

TH +
√

(N c
TH)

2 + (4/δ)2

2
, (4.66)

we have the detection probability for the proposed subspace-based solution PD ≥ PD,min for

any fixed number of transmit antennas M , SNR |b|2
σ2 , false alarm probability P̄FA, and any

|1− e−j2π(fϕr−f̃ϕr )| ≥ δ, where

N c
TH ≜

1

2|b|2/σ2

1

M

(
Q−1

1

(
PD,min,

√
−2 ln P̄FA

))2
(4.67)

is the number of Rx array elements for achieving PD,min under the interference-free case.

Proof 10 (4.67) can be easily obtained by solving (4.44) and (4.45). PD ≥ PD,min is equiv-

alent to

√
λ ≥ Q−1

1

(
PD,min,

√
−2 ln P̄FA

)
, (4.68)

which is further equivalent to

N(1− |gr/N |2) ≥ N c
TH , (4.69)

While for any |1− e−j2π(fϕr−f̃ϕr )| ≥ δ, we have

|gr| =
|1− e−j2πN(fϕr−f̃ϕr )|
|1− e−j2π(fϕr−f̃ϕr )|

≤ 2

δ
. (4.70)

Combining (4.69) and (4.70), we have (4.66).

We formally define the regime N ≥ NTH as the massive MIMO regime for any M , |b|2
σ2 , P̄FA,

PD,min, and δ. Lemma 4 shows that as long as the victim radar operates at the massive

MIMO regime, the target detection performance is guaranteed, regardless of the interference

power using the proposed subspace-based detector. (4.66) and (4.67) suggest that the larger

number of Tx array size M or the higher SNR |b|2
σ2 , the faster the victim radar entering into

the massive MIMO regime.
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In Fig. 4.5, we evaluate the theoretical detection performance when we change M and

N . If we choose PD,min = 0.95 and the setup in Fig. 4.5, by (4.66) and (4.67), we obtain

the theoretical bounds for entering into the massive MIMO regime as follows. When M = 4,

we have ⌈NTH⌉ = 14 and ⌈N c
TH⌉ = 15; when M = 8, we have ⌈NTH⌉ = 7 and ⌈N c

TH⌉ = 9.

Fig. 4.5 shows that the massive MIMO bound N c
TH is approximately tight in the considered

setup, and the performance of the proposed subspace-based solution under any interference

power is close that in the interference-free case when N is moderately large. In addition,

Fig. 4.5 validates that larger M leads to larger PD. In addition, the larger M , the faster the

victim radar enters into the massive MIMO regime.
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Figure 4.5: PD VS. N under different M when PFA = 10−4, target at 30◦, interferer at 40◦, and

SNR = −5dB.

4.5 Simulator Performance Evaluation

In this section, we simulate the detection performance of the detectors under a more realistic

scenario that considers antenna beampattern, imperfect orthogonality of the MIMO code,

multiple targets, and unknown noise power. This realistic scenario can be simulated based
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on MATLAB Phased Array System Toolbox, which consists of MIMO-FMCW waveform

generation, antenna array modeling, target/interference channel propagation, and FMCW

signal processing chain (e.g., dechirping, ADC sampling, low-pass filtering, MIMO radar

encoding and decoding, etc.). Notice that it’s hard to obtain noise power information from

MATLAB Phased Array System Toolbox. Thus, it’s hard to obtain detection statistics of

T c(y) in (4.36) and T (y) in (4.57). In the following, we evaluate the corresponding detection

map of the classic correlator |yH(at ⊗ ar)|2 and the detection map of the proposed solution
|yH(at⊗ar)− gr

N
yH(at⊗ãr)|2

1−|gr/N |2 which do not require the knowledge of the noise power.

To visualize the strength of the proposed subspace-based solution and massive MIMO

under the proposed subspace-based solution, we evaluate the detection map of the classic cor-

relator |yH(at⊗ar)|2 and the detection map of the proposed solution
|yH(at⊗ar)− gr

N
yH(at⊗ãr)|2

1−|gr/N |2 .

We adopt the basic simulation setup in Table 4.1. We simulate 2 targets and 1 interferer

case as shown in Table 4.2, and show the simulation results in Fig. 4.6. Fig. 4.6 (a)-(c)

show the detection map performance using the classic correlator |yH(at ⊗ ar)|2 and Fig. 4.6

(d)-(f) show the detection map performance using the proposed subspace-based solution
|yH(at⊗ar)− gr

N
yH(at⊗ãr)|2

1−|gr/N |2 . Fig. 4.6 (a)-(c) show that the classic correlation leads to high noise-

floor elevation and false peaks on the range-angle heatmap, even when the Rx array size is

large, e.g., N = 32. In contrast, Fig. 4.6 (d)-(f) show that when the Rx array size is not large

enough, e.g., N = 8, we can observe the suppressed interference, whose power is smaller than

the power of all the targets; when the Rx array size is large, e.g., N = 32, the interference

can nearly be fully suppressed. The performance difference in Fig. 4.6 (c) and (f) indicate

that the proposed subspace-based solution is easier to enter into the massive MIMO regime

compared to the classic correlation. Fig. 4.6 also shows that the proposed subspace-based

detector works well in the multi-target scenario.

We finally simulate the ROC performance of the classic correlator and the proposed

subspace-based detector using MATLAB Phased Array System Toolbox under the basic

setup in Table 4.1 with 1 target and 1 interferer setup in Table 4.3. Notice that without

knowing the exact noise power, we can still simulate the detection map of the classic correlator
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|yH(at ⊗ ar)|2 and the detection map of the proposed solution
|yH(at⊗ar)− gr

N
yH(at⊗ãr)|2

1−|gr/N |2 , under

null hypothesis H0 and alternative hypothesis H1. Via obtaining 1000 sets of the detection

results under the two hypotheses with y generated from MATLAB Phased Array System

Toolbox, we can obtain the ROC curves shown in Fig. 4.7. From Fig. 4.7, we can see that the

proposed subspace-based detector still outperforms the classic correlator in terms of the ROC

performance with the consideration of the antenna beampattern, imperfect orthogonality of

the MIMO code, and unknown noise power.

4.6 Summary

In this chapter, we considered spatial-time domain incoherent FMCW radar interference

mitigation to improve spatial detection performance. One of our main contributions is that

we are the first to formulate the MIMO-FMCW radar interference signal model and a spa-

tial MIMO detection problem that accounts for the interference structure. We proposed a

subspace-based detector in the existence of mutual MIMO-FMCW radar interference. We

showed that the proposed subspace-based detector holds the desired property of CFAR and

performs better than the classic correlation-based detector when the interference power is

moderately large.

Our another main contribution is evaluating the impact of antenna array size to the

interference mitigation, which involves the analysis of the next-generation massive MIMO

radar. Specifically, we showed that the detection performance of the proposed subspace-

based detector strictly increases with the size of the Tx array and in general improves with

the size of the Rx array. When the Tx or Rx array size goes to infinity, we showed that the

victim radar can achieve perfect detection performance under interference. We defined and

analyzed the effect of massive MIMO for interference suppression. We showed that when

the size of the Rx array is moderately large, the proposed subspace-based solution under

interference achieves approximately the same performance under the interference-free case.

We also derived a closed-form massive MIMO regime and showed that the larger size of the

Tx array leads to a larger detection probability and faster convergence to the massive MIMO
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regime. We validated and evaluated our result using Monte-Carlo simulations and MATLAB

Phased Array System Toolbox.
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Table 4.1: Basic simulation setup in MATLAB Phased Array System Toolbox.

RF wavelength 3.9 mm

TX power (RX noise figure) 5 dBm (4.5 dB)

TX (RX) antenna gain 36(42) dB

TX (RX) antenna element type Backbaffled isotropic

TX (RX) array structure Uniform linear array

MIMO slow-time code type Chu sequence

Chirp bandwidth 460 MHz

IF bandwidth (ADC complex sample rate) 15 MHz (16.7 MHz)

Number of chirps in a CPI 256

Range (Velocity) DFT size 512 (256)

Angle processing size (zero-padded length) 128

Target model Non-fluctuating

Target (interference) channel
Free-space two-way

(one-way) channel

Victim radar’s chirp slope 15 MHz/us

Victim radar’s chirp sweep duration 30.7 us

Victim radar’s inter-chirp idle duration 7 us

Victim radar’s TX (RX) element spacing 15.6 mm (1.95 mm)

Victim radar’s TX antenna number 4

Interferer’s TX element spacing 3.9 mm

Interferer’s TX antenna number 8
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Table 4.2: Targets and interferer setup for Fig. 4.6.

Targets’ RCS 20dBsm

Target 1’s distance, velocity, angle 50 m, 1.6 m/s, −26◦

Target 2’s distance, velocity, angle 10 m, −2.4 m/s, 40◦

Interferer’s distance, velocity, angle 14.7 m, 7.2 m/s, 18◦

Interferer’s chirp slope 19.7 MHz/us

Interferer’s chirp sweep duration 23.4 us

Interferer’s inter-chirp idle duration 7.4 us

Initial time offset

between interferer and victim radar
5.7 us

Table 4.3: Target and interferer setup for Fig. 4.7.

Target’s RCS 0dBsm

Target’s distance, velocity, angle 50 m, 1.6 m/s, −26◦

Interferer’s distance, velocity, angle 2.5 m, −20.3 m/s, 18◦

Interferer’s chirp slope 16.3 MHz/us

Interferer’s chirp sweep duration 28.3 us

Interferer’s inter-chirp idle duration 7.9 us

Initial time offset

between interferer and victim radar
8.8 us



80

-80 -60 -40 -20 0 20 40 60 80 100

Angle (degree)

-20

-10

0

10

20

30

40

50

P
o
w

e
r 

(d
B

)

N=8

N=32

Target 1

Target 2's sidelobe leakage

Interference

(a) Angle profile at target 1’s

range-Doppler bin using classic

correlator |yH(at ⊗ ar)|2.

(b) Range-angle heatmap at

target 1’s Doppler bin and

N = 8 using classic correlator

|yH(at ⊗ ar)|2.

(c) Range-angle heatmap at

target 1’s Doppler bin and

N = 32 using classic correla-

tor |yH(at ⊗ ar)|2.

-80 -60 -40 -20 0 20 40 60 80 100

Angle (degree)

-30

-20

-10

0

10

20

30

40

50

P
o
w

e
r 

(d
B

)

N=8

N=32

Interference

Target 1

Target 2's sidelobe leakage

(d) Angle profile at target 1’s

range-Doppler bin using pro-

posed subspace-based solution

|yH(at⊗ar)− gr
N

yH(at⊗ãr)|2
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yH(at⊗ãr)|2
1−|gr/N |2 .

Figure 4.6: Detection map performance using MATLAB Phased Array System Toolbox

under the basic setup in Table 4.1 with 2 targets and 1 interferer setup in Table 4.2.
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Figure 4.7: Angle domain detection ROC curves at target range-Doppler bin over 1000 Monte-

Carlo runs using MATLAB Phased Array System Toolbox under the basic setup in Table 4.1 with

1 target and 1 interferer setup in Table 4.3.
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Chapter 5

CONCLUSION

In this thesis, we considered mutual FMCW automotive radar coherent and incoherent

interference issues and the related interference mitigation methods. The following conclu-

sions are the main takeaway for automotive radar manufacturers and standardization. Under

coherent mutual radar interference, the main issue is the difficulty to classify interference

from targets, and we can use randomization radar MACs. e.g., slow-time phase coding and

frequency hopping, to help radars finish this classification and reduce false alarm. These

randomization radar MACs do not require any synchronization and mutual-radar coordina-

tion and are thus easy to be implemented on current non-cooperative radar networks. Under

incoherent mutual radar interference, the main issue is the noise floor elevation caused by

the interference. We need advanced target recovery or interference suppression methods to

deal with incoherent interference. We can use the time-frequency mode reconstruction pro-

posed in this work to directly recover targets and improve performance in the range-velocity

domain. This time-frequency mode reconstruction method works under strong incoherent

interference and can be implemented on SISO-FMCW radars and MIMO-FMCW radars.

For MIMO-FMCW radar, we can also use a subspace-based interference detector to project

interference in the angle domain to cancel interference. And we can use massive MIMO to

project a large part of the target signal to orthogonal interference subspace in the angle do-

main. We derived a massive MIMO bound, which provides a bound of the required number

of Rx antennas for achieving a guaranteed detection performance with a given number of Tx

antennas. This massive MIMO bound can be a practical calculation of the required number

of Tx and Rx antennas for radar manufacturers to refer to.

The original contributions of this thesis include 1) introduced 2 cross-layer performance
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metrics to radar networks, multiple access capacity and probability of target misdetection,

analyzed the two metrics under coherent interference and 4 radar MACs, and showed that

detect-and-classify schemes, such as slow-time phase coding and frequency hopping, can

achieve very large multiple access capacity without requiring mutual-radar synchronization

and coordination; 2) proposed a fast-time-frequency mode reconstruction method to recover

target under strong incoherent interference; 3) provided the first model of MIMO-FMCW

interference, formulated the spatial MIMO interference cancellation problem as a hypothesis

testing problem, and obtained a subspace-based MIMO detector which is a CFAR detec-

tor under interference; 4) analyzed the interference mitigation performance under massive

MIMO, and derived a massive MIMO bound, which can be realistic reference for radar

manufacturers in selecting number of Tx and Rx antennas for MIMO radars.

For future work, we can consider the combination of the schemes proposed in this thesis.

We already have used slow-time phase coding in the second chapter on the MIMO-FMCW

radars in the fourth chapter. As a future extension, we can see how fast-time-frequency

mode reconstruction in the third chapter impacts the MIMO-FMCW radar detection. A

joint scheme that improves range-Doppler detection and spatial detection under interference

using fast-time domain scheme (e.g., the proposed fast-time-frequency mode reconstruction),

slow-time domain scheme (e.g., the radar MACs in this thesis), and spatial domain scheme

(e.g., the proposed subspace-based MIMO radar detector) will be promising. For example,

formulating a space-time adaptive processing (STAP) [46] problem for MIMO-FMCWmutual

interference mitigation can help both Doppler detection and spatial detection. Furthermore,

there is a trend in using automotive radar for object recognition using the deep learning

method [26]. Investigating how radar interference impacts radar object recognition and how

deep learning can help improve object detection under interference will be a promising future

direction.
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Waldschmidt. Blind adaptive beamforming for automotive radar interference suppres-
sion. In 2018 19th International Radar Symposium (IRS), pages 1–10, 2018.



85

[10] 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.

[11] Jonathan Bechter, Fabian Roos, Mahfuzur Rahman, and Christian Waldschmidt. Auto-
motive radar interference mitigation using a sparse sampling approach. In 2017 European
Radar Conference (EURAD), pages 90–93, 2017.

[12] Igal Bilik, Oren Longman, Shahar Villeval, and Joseph Tabrikian. The rise of radar for
autonomous vehicles: Signal processing solutions and future research directions. IEEE
Signal Processing Magazine, 36(5):20–31, 2019.

[13] Arindam Bose, Bo Tang, Mojtaba Soltanalian, and Jian Li. Mutual interference mitiga-
tion for multiple connected automotive radar systems. IEEE Transactions on Vehicular
Technology, 70(10):11062–11066, 2021.

[14] Graham M. Brooker. Mutual interference of millimeter-wave radar systems. IEEE
Transactions on Electromagnetic Compatibility, 49(1):170–181, 2007.

[15] R.A. Carmona, W.L. Hwang, and B. Torresani. Characterization of signals by the ridges
of their wavelet transforms. IEEE Transactions on Signal Processing, 45(10):2586–2590,
1997.

[16] Hossein Chahrour, Sreeraman Rajan, Richard Dansereau, and Bhashyam Balaji. Hy-
brid beamforming for interference mitigation in MIMO radar. In 2018 IEEE Radar
Conference (RadarConf18), pages 1005–1009, 2018.

[17] Shengyi Chen, Wangyi Shangguan, Jalal Taghia, Uwe Kühnau, and Rainer Martin.
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