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Abstract

Location awareness of non-collaborative targets within 5G and beyond systems is
becoming ever more prominent. This thesis presents a passive, hardware-agnostic
multiple target tracking (MTT) system that addresses the shortcomings in current
wireless position technology and is capable of seamlessly integrating with millimeter-
wave (mmWave) communication infrastructure. The developed system is a radar
sensor network (RSN) composed of distributed low-cost mmWave devices, which are
designed to simultaneously transmit and receive for improved network throughput.
We develop Doppler compensation and signal decoding algorithms integral to properly
resolving target position information through multistatic sensing channels. Results
indicate our system’s advancements achieve performance improvements over existing
systems in non-collaborative target detection and MTT in harsh wireless environ-
ments.
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Chapter 1

Introduction

M ILLIMETER-WAVE radar sensor networks (RSNs) promote the further de-

velopment of the Localization-of-Things (LoT) [1], a key enabler for context

awareness in the Internet-of-Things (IoT), the 5G ecosystem, and the global naviga-

tion satellite system (GNSS)-denied environments. With 5G unleashing the inter-

connection of a massive number of small, low-cost radio access technology (RAT)-

independent and RAT-dependent devices [2], novel, scalable sensor network local-

ization techniques must be developed and deployed in order to utilize the passive,

device-free localization potential these devices offer [3–5]. Realizing these devices’

localization potential enables new location-based applications that directly impact

the industrial, commercial, and military sectors, prominently autonomous driving [6],

healthcare [7], smart cities [8], industrial sensing [9], and rescue operations [10].

However, to form such a RSN, intricate technical challenges must be addressed

and accounted for. Strict time, frequency, and phase synchronization among all nodes

in the multistatic RSN is paramount for properly communication and resolution

of target position information. Furthermore, properly sharing the wireless sensing

channel through effective network operation strategies is imperative for interference

mitigation. Finally, properly associating the received data to the correct targets of

interests within highly cluttered, congested wireless environments is essential for high-

performing multiple target tracking (MTT) in millimeter-wave (mmWave) RSNs.

RSNs reap many benefits, such as spatial resilience for target detection and track-
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Figure 1-1: A CDMA-based multistatic RSN that resolves all simultaneously trans-
mitted orthogonal signals for location awareness within the sensing environment.

ing and mitigation of inherent radar defects [11–13]. Multistatic RSNs, which employ

multiple, spatially diverse radar nodes with a shared area of coverage, offer additional

information to detect and track targets as well as mitigate obscuration, fading, and

clutter because of increased sensor geometry patterns [14].

Within a RSN, a target’s position information may be measured by monostatic

radar nodes and bistatic radar nodes. A monostatic radar is a radar in which the

transmitter and receiver are collocated and there is a single stable reference oscilla-

tor that controls the system’s timing and frequency sources [15]. A bistatic radar

system is one with spatially separated transmitting and receiving nodes, often with

overlapping coverage areas [16] and differing reference oscillators. When a system

includes both monostatic and bistatic target detections, the system is a coopera-

tive multistatic RSN [17]. Through this inter-node cooperation, more measurements

are collected per time step. For successful data collection and processing, efficient

channel sharing strategies must be implemented. Both frequency division multiple

access (FDMA) [18] and time division multiple access (TDMA) [19] scheduling strate-

gies have been proven effective. Though, more efficient scheduling strategies are possi-

ble. In particular, code division multiple access (CDMA) unleashes the capability for

18



many multistatic radars to simultaneously transmit, even as the RSN increases in size;

this approach to channel sharing allows for an exponential increase in the number of

spatially diverse detections collected per time step. For an even higher degree of local-

ization awareness, the RSN’s algorithms must address both node cooperation [20–22]

as well as the data association uncertainty problem [23]. The multi-sensor multi-

Bernoulli filter and its related variations is a leader in addressing the data association

challenge and achieving MTT [24–27].

Accurate MTT is achieved by exploiting multiple spatially diverse detections per

time step. A previously developed system reliably validated non-collaborative target

tracking for a single target in a network of low-cost frequency-modulated continuous-

wave (FMCW) mmWave devices by employing TDMA [28]. This implementation,

though, has two main limitations: the TDMA system was only capable of collecting

a fraction of the spatially diverse detections that a CDMA system would collect and

the system did not consider the presence of multiple targets. Therefore, this the-

sis developed an advanced system that utilizes CDMA in a multistatic RSN setting

to achieve unparalleled MTT. Hence, our developed system mitigates the previously

mentioned limitations and provides a more practical non-collaborative target localiza-

tion and tracking application afforded to the end user by the same network of low-cost

mmWave devices. The fundamental questions relevant to the problem presented in

this thesis are:

• How to design an efficient mmWave RSN for localization and tracking of multiple

device-free targets operating in a harsh wireless environment?

• How to solve the data association uncertainty problem when tracking multiple

targets in a highly cluttered environment?

The answers to these questions led to the design of a new multistatic, multiple-input

multiple-output (MIMO) RSN localization system for MTT. Multistatic RSNs that

implement CDMA scheduling strategies [29], multi-sensor multi-Bernoulli filtering al-

gorithms [30–32], and advanced statistical signal processing techniques [33] are able

to track multiple targets with high precision in harsh wireless environments even
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though the radar system may produce both false-alarm and missed detections. The

developed system employs CDMA to include more radar sensors into the network to

transmit and thus improve the efficiency of the multistatic transmission. This system

also employs advanced Bayesian filtering techniques to transform the detection data

into multiple true target state estimates and to solve the data association uncertainty

problem for MTT even within highly cluttered environments. Similar to experimen-

tation in previous works [34–37], our mmWave MTT system verifies its theoretical

basis in network localization and navigation (NLN) through indoor localization exper-

iments. This experimentation verifies the accuracy and robustness of the developed

system.

This thesis develops a low-cost mmWave MIMO RSN capable of precisely and

reliably tracking multiple non-collaborative targets. The key contributions of this

thesis are as follows:

• design and implement a slow-time CDMA algorithm that accounts for Doppler

shift to mitigate interference and improve the scalability of RSNs;

• develop multi-Bernoulli filtering algorithms that both resolve the data associa-

tion problem and track multiple targets in a cluttered environment; and

• perform network experimentation in indoor environments to characterize the

multi-target detection and tracking performance of the developed system.

The remaining chapters are organized as follows. Chapter 2 presents the prelimi-

naries and an overview of the system architecture necessary for location aware RSNs.

Chapter 3 presents the CDMA-based RSN transmission approach. Chapter 4 and

Chapter 5 introduce the algorithms for target detection and tracking, respectively.

Chapter 6 provides an overview of the system implementation and the performance

results from various indoor experiments. Chapter 7 summarizes the thesis.

Notation: Random variables are displayed in sans serif, upright fonts; their real-

izations in serif, italic fonts. Vectors and matrices are denoted by bold lowercase and

uppercase letters, respectively. For example, a random variable and its realization

20



are denoted by x and x; a random vector and its realization are denoted by x and

x; a random matrix and its realization are denoted by X and X, respectively. Sets

and random sets are denoted by upright sans serif and calligraphic font, respectively.

For example, a random set and its realization are denoted by X and X , respectively.

X ⇠ N (µ, �
2
) denotes that X obeys a normal distribution with mean µ and variance

�
2. The cardinality of Z is denoted by |Z|. The inner product is denoted with h· , ·i.

A set of integers {i, i+ 1, . . . , j � 1, j} is represented as {i : j}.
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Chapter 2

Multistatic RSN Development

2.1 Preliminaries

A distributed network of individual radar nodes with index set Ar 2 N is considered.

Time is discretized and the time samples are indexed by n 2 {1, 2, . . . , Nf}, where Nf

is the total number of frames during an observation period. The n-th frame duration

is denoted by tn. The number of radars operating in the RSN dictates the specific

network configuration. A monostatic radar system, where |Ar| = 1, is a system

comprised of a transceiver, where both the transmitting and receiving components

are collocated in a single node. A bistatic radar system, where |Ar| = 2, is a system

comprised of spatially separated nodes, where one is transmitting and another is

receiving. A multistatic radar system, where |Ar| > 2, is a system built from multiple

spatially diverse monostatic and bistatic radar components.

The location of each transmitting and receiving radar is known (i.e., calculated

during the observation window or measured prior to the RSN operation) in a multi-

static RSN in order to properly resolve the target position information. Accordingly,

the known state of radar i 2 Ar at time n is xi,n, which consists of the radar’s po-

sition, velocity, orientation, and rotational velocity. The position-related component

of xi,n is denoted by pi,n, the velocity-related component is denoted by vi,n, and the

rotational velocity-related component is denoted by !i,n. The state measurements of

each radar are with respect to the system’s global reference frame.
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An index set of non-collaborative targets At 2 N in a GNSS-denied environment

is considered, where each target j 2 At at time n has a d dimensional state vector

xj,n 2 Rd in relation to the system’s global reference frame. The state vector is

normally constructed with the target’s position and velocity components, but other

kinematic information may also be considered. Furthermore, the target transition

function is entirely dependent on the specific system’s implementation and does not

drive the algorithm development in this thesis. At time step n = 0, it is assumed

that the prior distribution of all targets j 2 At are Gaussian distributed, i.e., xj,0 ⇠

N (xj,0;µj,0,Cj,0). The trace of Cj,0 is large for all targets as the initial state of target

j is uncertain.

At time n, each radar i 2 Ar in the RSN gathers observations zi,n relative to xi,n

in its field of view (FOV). These observations may be comprised of the j-th target’s

range rj,n, radial Doppler velocity dj,n, and bearing bj,n.

2.2 System Architecture

Our developed multistatic, distributed MIMO RSN relies on its well-defined, well-

developed system architecture. The system architecture is composed of both hardware

and software subcomponents necessary for a scalable, robust, non-collaborative target

tracking RSN; these components include node synchronization, node communication,

data collection and aggregation, and data analysis. Independent of the specific sens-

ing hardware, node synchronization is imperative for sharing target state information

throughout the network. Specifically for the distributed, multistatic network config-

uration, the radar system must implement both frequency and phase synchroniza-

tion (FPS) and time syncrhonization (TS) to properly share target state information

over the physical layer [38].

Once the nodes achieve FPS and TS, the system must implement an effective

and efficient communication strategy among the nodes to mitigate interference in the

sensing channel —TDMA, FDMA, and CDMA channel sharing protocols, to name

a few. Some channel sharing protocols may also increase the system’s efficiency by
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increasing the network throughput, as our system achieves by implementing CDMA.

Finally, the system must support seamless data collection and aggregation between

the nodes for data analysis and target tracking. An in-depth discussion on the mul-

tistatic, distributed MIMO RSN system architecture is presented in Appendix A.
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Chapter 3

Distributed MIMO RSN

The fundamental algorithms that enable multiple target localization and tracking

in harsh wireless environments via a mmWave FMCW radar node, which leverages

CDMA to achieve distributed MIMO, are presented in this chapter. Appendix B

discusses the key differences between distributed and collocated MIMO in relation to

radar nodes. Each FMCW radar node presented in this thesis is capable of resolving

a target’s range, Doppler velocity, and angle of arrival (AoA).

3.1 Principles of FMCW Radar

Linear FMCW is an extremely effective modulation technique in extracting target

state information from a cluttered sensing channel [39]. Figure 3-1 presents a func-

tional block diagram of an FMCW radar system that adopts a complex baseband

architecture, which is implemented in this thesis.

The transmitted waveform, commonly referred to as a chirp, is a continuous signal

with bandwidth B whose frequency is linearly modulated for the chirp duration Tc.

Therefore, radar i’s transmitted signal si(t) can be modeled as [40]:

si(t) = cos

⇣
2⇡

Z t

0

f(⇠) d⇠

⌘
(3.1)

where 0 6 t 6 Tc, f(t) = fc+
B
Tc
t, fc is the chirp’s start frequency, and B

Tc
is the chirp
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Figure 3-1: The functional block diagram for an FMCW radar is presented, which
depicts a single transmitting subsystem and a single receiving subsystem. Properly
resolving the target state information relies on the in-phase and quadrature channels.

slope, S.

Assuming that no phase jumps occur during signal reflection, radar i’s m-th re-

ceived signal is the superposition of many damped, delayed versions of the m-th

transmitted signal for each target echo and can be characterized by:

ri,m(t) =
|At|X

j=1

�jsi,m

�
t� ⌧m,j + (t+mTc)⌫m,j

�
+ wm(t) (3.2)

where �j is the radar channel gain to include the effects of path loss, antenna gain, and

j’s radar cross section (RCS), ⌧m,j is the range-dependent propagation delay, ⌫m,jt is

the Doppler shift within the m-th chirp transmission, ⌫m,jmTc is the Doppler shift

across consecutive chirps, and wm(t) is an additive white gaussian noise (AWGN)

signal. Under the stop-and-hop assumption [39], the range-Doppler coupling term

⌫m,jt in (3.2) is negligible and commonly ignored because S is steep enough such that

the Doppler shift induced by a target’s motion during Tc is insignificant relative to

the target’s range [41]. For a monostatic chirp, ⌧ and ⌫ are:

⌧ =
2rm

c
and ⌫ =

2vr

c
(3.3)

where rm is the target’s monostatic range, c is the speed of light, and vr is the target’s
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radial velocity relative to the receiving radar.

To resolve target state information, radar i utilizes its receiving subsystem’s com-

plex baseband architecture as seen in Figure 3-1, which includes both in-phase and

quadrature channels, to produce a complex intermediate frequency (IF) signal. Each

channel demodulates the received signal at the radar’s quadrature mixers with a ref-

erence signal, commonly originating from radar i’s transmitting local oscillator (LO).

The IF signal produced by radar i’s m-th chirp yi,m(t) is expressed by the following

equation [42]:

yi,m(t) =
|At|X

j=1

�je
�ı2⇡[S⌧m,jt]e

ı2⇡[fc⌫m,jmTc] + wIF
m(t) (3.4)

where ı represents
p
�1 and wIF

m(t) is the noise after demodulation and low-pass

filtering. In a multistatic configuration, demodulation of the received signal, which

includes transmitted signal components originating from spatially separated nodes,

is mixed with the receiver’s LO.

The frequency difference between the transmitted and received signal reflected off

target j is proportional to target j’s range and is known as the beat or IF frequency,

fIF,j [43]:

fIF,j = S⌧j = S
2rj

c
. (3.5)

Following the mixing process, the IF signal is sampled by the analog-to-digital

converter (ADC). The discrete-time IF signal model for multiple targets can be

expressed as [44]:

yi,m,k =

|At|X

j=1

�e
�ı2⇡[fIF,jkTs]e

ı2⇡[fc⌫m,jmTc] + wIF
m,k (3.6)

where Ts is the sampling period, k 2 {1, 2, . . . , Ns} is the fast-time indices of the Ns

total samples, and m 2 {1, 2, . . . , Nc} is the slow-time indices of the Nc total chirps.
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3.2 Simultaneous Radar Transmission

Fast-time CDMA and slow-time CDMA are both multiple access techniques that en-

ables joint sensing and communication among networked FMCW nodes while avoiding

performance-degrading interference. Fast-time CDMA applies varying phase shifts for

the duration of the m-th chirp, whereas slow-time CDMA applies varying phase shifts

across the Nc chirps in a frame, such that the m-th chirp has the same induced phase

shift based on the implemented CDMA symbol.

Due to particular limitations, such as a node’s internal hardware architecture,

intra-pulse modulation is not always possible; the readers are directed to [45] for

more information. This thesis focuses on slow-time CDMA via binary phase-shift

keying (BPSK), such that radar i’s transmitted signal for the m-th chirp is as follows:

s
BPSK
i (t) = bi,msi,m(t) (3.7)

where s
BPSK
i (t) is the transmitted signal with BPSK and bi,m 2 {1,�1} is the binary

shift. The spatial symbol bi,m is applied for the duration of transmitted chirp m. The

transmitted signals are approximately orthogonal if their cross-correlation is zero,

such that [40]:

hsi(t), sBPSK
i (t)i =

Z Tc

0

si(t)s
⇤BPSK
i (t) dt = 0 . (3.8)

To note, the receiving node demodulates the received signals with a non-BPSK

reference signal, as the transmitted signal model is presented in (3.1), to ensure the

initial CDMA sequences are preserved at the receiver.

3.2.1 Radar Transmission Scheme

Each transmitting radar’s binary signature sequence is derived from the Hadamard

matrix. The Hadamard matrix is an ⇥ square matrix H with elements {+1,�1},

such that HH
>
 = I [46], and whose rows are mutually orthogonal. As the

order of H gets larger, the construction of the H matrix for the purposes of radar
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transmission sequences needs special attention and is beyond the scope of this thesis

[47]. For the purposes of this thesis, H4, which consists of four spatial symbols,

forms the transmission sequence block, which is denoted by ". As seen in Figure 3-2,

this sequence of symbols is repeated in a round-robin fashion for the duration of the

transmitted frame, where the number of blocks Nb depends on Nc and the size of H.

+1

+1

+1

+1

+1

+1

�1

�1

+1

+1

�1

�1

+1

+1

�1

�1

i = 1

i = 2

i = 3

i = 4

b3,mm = Nc � 1 m = Nc b2,mb1,mb4,m

NcNc � 1

b1,Nc�1

b2,Nc�1

b3,Nc�1

b4,Nc�1
b4,Nc

b3,Nc

b2,Nc

b1,Nc

" = 1

Figure 3-2: The transmission sequence block " = 1 is shown, which is derived from
H4.

The size of the Hadamard matrix is dependent upon the number of simultaneously

transmitting radars in the RSN. If |Ar| = 3, then the RSN transmission scheme

would be based off of H4. Each row in the H matrix represents a specific radar’s

transmission sequence ", whereas each column represents the chirp number in the

transmission sequence ". The sequence derived from the Hadamard matrix is repeated

until the desired number of chirps per frame, Nc, is reached.

3.2.2 Doppler Compensation

For each receiver to resolve target position information from each transmitter, it

utilizes both their own CDMA sequence as well as all other transmitting radar’s or-

thogonal transmission sequences. If the orthogonality between the transmitted chirps

in a decoding sequence is not preserved, which is commonly degraded by Doppler-

induced phase shift, the receiving radar will not properly separate all components

of its received IF signal. This orthogonality requirement at the receiver for the j-th
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target is satisfied when:

Z Tc

0

si,m,j(t� ⌧m,j +m⌫m,jTc) s
⇤
i,m+1,j(t� ⌧m+1,j + (m+ 1)⌫m+1,jTc) dt = 0 . (3.9)

For a stationary target (i.e., ⌫ = 0), the chirps maintain this orthogonality; how-

ever, when ⌫ 6= 0, an additional phase shift is induced onto the received IF signals,

negatively affecting the chirp sequence orthogonality. Therefore, a novel Doppler

compensation algorithm was developed, as presented in Algorithm 1, to account for

this Doppler-induced phase shift across the decoding sequence of chirps.

Suppose a single target of interest is in the sensing environment at range r with

Doppler velocity vr. Furthermore, two subsequent monostatic chirps, m and m + 1,

are transmitted from radar i, where bi,m = 1 and bi,m+1 = �1. Since the target is

in motion, a Doppler phase shift Tc⌫, as seen in (3.6), is introduced. Depending on

the target’s vr, Tc⌫ 2 [�⇡, ⇡], such that the target is moving within its unambiguous

monostatic velocity resolution limits. This Doppler-induced phase is what deteriorates

the orthogonality between the two transmitted chirps. Therefore, the phase needs to

be calculated and compensated for.

The phase induced by a single target’s motion is found by:

✓c = ]yi,m,ky
⇤
i,m+1,k (3.10)

where ✓c is the phase due to the target’s radial velocity. ✓c is confirmed for the

monostatic case by:

�fm =
2vrfc

c
(3.11a)

✓c = 2⇡�fmTc (3.11b)

where vr is the target’s radial velocity directed towards the radar whose signal is being

Doppler compensated for. Equations for confirming bistatic ✓c are presented in (4.10)

of Section 4.3, which discusses bistatic target detection.
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After determining ✓c, m+ 1’s IF signal can be compensated by:

yci,m+1,k = yi,m+1,ke
ı✓c (3.12)

where yci,m+1,k denotes the Doppler compensated sampled IF signal for chirp m+ 1.

When Doppler compensating, it is important to preserve the BPSK symbol applied

to the transmitted chirp as seen in (3.7) and Figure 3-2 since the sequences these

symbols construct are leveraged for received signal decoding.

Doppler compensation for multiple targets in a multistatic RSN is increasingly

more difficult to perform compared to a single target in a monostatic setting. In a

multistatic RSN where |Ar| = 2, radar i’s IF signals encompass monostatic target

reflections, bistatic target reflections, and the distributed nodes’ line-of-sight (LOS)

transmission.

Each peak corresponds to a component of the receiver’s IF signal and has a fre-

quency as seen below:

fp =
2 pj," �rm S

c
(3.13)

where pj," are the peak indices for CDMA transmission block " outputted by a target

estimator, such as the cell averaging constant false alarm rate (CA-CFAR) algorithm,

and �rm = c/2B. The challenge, though, is determining which peak originated from

which transmitting radar, calculating the respective Doppler compensation value cor-

responding to that detection, and preserving the CDMA sequence. Both the vr and

bi,m symbol for each detection are unknown to the receiver. Therefore, Algorithm 1

must be applied to accomplish individual target Doppler compensation in a multi-

target, multistatic setting. Note HBP denotes bandpass filter.

After implementing Algorithm 1, the required condition presented in (3.8) is sat-

isfied for yci,m,k and the chirps in " for radar i can be decoded.
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Algorithm 1 – Multi-target, Multistatic CDMA-based Doppler Compensation
1: for i = {1, . . . , |Ar|} do
2: for " = {1, . . . , Nb} do
3: for m" = "� (� 1) do
4: Perform FFT: F{yi,m",k} = yi,m",k.
5: Determine all pj," present in yi,m",k.
6: Calculate fp 8 pj," 2 Ap," by (3.13).
7: end for
8: for m = {m", . . . , "} do
9: Employ HBP(yi,m,k) with fp 8 pj," 2 Ap,".

10: end for
11: Compute ✓c,pj," 8 pj," 2 Ap," similarly to (3.10).
12: for m = {m", . . . , "} do
13: Apply ✓c,pj," to y

pj,"
i,m,k components by (3.12).

14: yci,m,k =
P

pj,"2Ap,"
y
c,pj,"
i,m,k.

15: end for
16: end for
17: end for

3.2.3 Received IF Signal Decoding

After completing Doppler compensation on the received, down-converted chirps, the

receiving node must implement a signal decoding algorithm before beginning the

multistatic target detection algorithms. The purpose of decoding is to separate the

superimposed received signal at each radar based on the originating radar’s CDMA

sequence. Therefore, the receiving radar can then conduct appropriate information

processing for multistatic target detection (i.e., monostatic or bistatic).

Based on the specific order of Hadamard matrix implemented, radar ı̃’s transmis-

sion scheme, aı̃, is as follows:

aı̃ = [H]
>
ı̃ (3.14)

where ı̃ is the row in H and  is the dimension of the Hadamard matrix. The

ı̃-th radar synthesizes a nominalized chirp sı̃. In accordance with the FMCW func-

tional block diagram in Figure 3-1, each synthesized chirp is phase shifted with the
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corresponding CDMA sequence:

s
BPSK
ı̃ (t) = aı̃sı̃(t) . (3.15)

In the multistatic network configuration, node i receives its transmitted signal as

well as the distributed nodes’ transmitted signals:

ri(t) =
|Ar|X

ı̃=1

↵ı̃s
BPSK
ı̃ (t) + w(t) (3.16)

where ↵ı̃ is the position information for all targets in the sensing environment associ-

ated with radar ı̃’s transmitted chirp, sBPSK
ı̃ . Each received signal in decoding block "

is demodulated, sampled, and doppler compensated and in the form of matrix F
"
⇥k:

F
"
⇥k =

h
[yci,m",k]

>
[yci,m"+1,k]

>
. . . [yci,",k]

>
i
. (3.17)

Receiving node i decodes " into the respective transmitting radar ı̃’s signal compo-

nents as such:

⇣i,̃ı =
1


F

"
⇥k a

>
ı̃ . (3.18)

With (3.14) - (3.18), the target position information ↵ı̃ for all received signal compo-

nents from all transmitting receivers can be derived.

After each node decodes block " into the respective ↵ı̃s
BPSK
ı̃ components, informa-

tion processing for multistatic detection for each ↵ı̃ component can occur.
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Chapter 4

Target Detection

During an observation period, each radar in the RSN transmits Nf frames, which is

a fixed series of Nc equispaced chirps. Each frame is processed independently as the

recursive, processing algorithms rely solely on the Nc chirps in a frame. Each chirp

consists of fsTc total samples, Ns. If the radar has a uniform linear array (ULA),

each incoming signal is received by NtxNrx receiving antennas. Note, Ntx is equal to

the number of collocated transmitters in use during that frame.

One frame of received I/Q samples is encapsulated in matrix DNc⇥Ns⇥(NtxNrx).

Each radar in the network decodes |Ar| ⇥ D matrices. One matrix corresponds to

the receiving node’s monostatic IF signal, whereas the |Ar| � 1 remaining matrices

are decoded, bistatic IF signals. To note, data matrix and data cube are used inter-

changeably.

4.1 Received Signal Spectral Analysis

The fast Fourier transform (FFT) and appropriate window functions are utilized on

each dimension of D to resolve each target’s ⌧ and ⌫ from (3.6) [43]. Figure 4-1

depicts the spectral analysis performed on the sampled, received signals.

The 1-D FFT, also referred to as the Range-FFT, is performed across the m-th

chirp’s Ns samples. Following the Range-FFT, which is supplemented by a Blackman

window, each sample k corresponds to a specific range bin. Based on the range
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Figure 4-1: Transmission Sequence of Nc chirps in a frame and the corresponding
spectral analysis using FFTs, which result in the range-Doppler matrix. Colored cells
denote received target echos. The range-Doppler matrix is also adapted to depict the
third dimension, NtxNrx for the AoA calculation.

bin, each target’s range can be computed. The Range-FFT is recursively performed

independently for each Nc chirps in a frame. The 2-D FFT, also referred to as the

Velocity-FFT, is performed for each range bin across all Nc chirps to resolve target

Doppler information. A Hanning window is implemented when calculating the 2-D

FFT. The range-Doppler matrix, as depicted in the bottom right-hand corner of

Figure 4-1, is generated after performing the 2-D FFT.

For each peak value in the range-Doppler matrix, a third FFT, referred to as

the Angle-FFT, is applied to the third dimension of the D matrix. The Angle-FFT

exploits the phase change across chirps separated in space. To compute each target’s

AoA, NtxNrx > 2. A robust target estimator, such as the CA-CFAR algorithm [39],

is leveraged to obtain the peak indices from the range-Doppler matrix. Depending on

D, either monostatic or bistatic detection algorithms are applied to determine target

range, Doppler velocity, and AoA.
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4.2 Monostatic Target Detection

A target’s range is linearly related to its peak frequency value resolved by the Range-

FFT; therefore, the j-th target’s range, rj, is calculated by multiplying its frequency

index pj," by the radar’s monostatic range resolution, �rm:

�rm =
c

2STc
=

c

2B
. (4.1)

A target’s Doppler velocity is determined by measuring the phase difference across

consecutive chirps. The Doppler phase shift ��d across two consecutive chirps due

to a target’s vr is:

��d =
4⇡vrTc

�
(4.2)

where � = c/fc is the transmitted wavelength. Each target must move slower than

the maximum unambiguous velocity, such that ��d < |⇡|. The user-defined chirp

length dictates the maximum resolvable radial velocity vmmax :

vmmax =
�

4Tc
. (4.3)

The target’s radial velocity, vr, is also calculated by multiplying each Doppler

index from the range-Doppler matrix by the Doppler resolution, �dm:

�dm =
�

2NcTc
. (4.4)

Unlike range and velocity, angle estimation is non-linear. The radar’s angle es-

timation is most accurate when the target is at the radar’s boresight (i.e., ✓t = 0)

and degrades non-linearly as ✓t approaches the limits of the radar’s FOV. Therefore,

angle resolution, �✓t, is approximated by assuming the distance between receiving
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Figure 4-2: Example RSN geometry when |Ar| = 2. The blue pentagons represent
the RSN transceivers, whereas the red circle denotes the target.

antennas is h = �/2 and the target is at the radar’s boresight ✓t = 0, as seen below:

�✓t =
�

NtxNrxh cos (✓t)
(4.5a)

�✓t ⇡
2

NtxNrx
. (4.5b)

The maximum target AoA, ✓tmax , a radar can properly resolve is:

✓tmax = sin
�1
⇣
�

2h

⌘
. (4.6)

4.3 Bistatic Target Detection

Bistatic target detection is more nuanced compared to monostatic target detection

because two way propagation is not in effect. Figure 4-2 presents a portion of a

multistatic RSN, which is used to derive the bistatic target detection algorithm.

The bistatic D decoded by radar i incorporate the distributed transmitter’s single

LOS transmission and |At| target reflections. The LOS transmission arrives before any

target detections as it travels the shortest path between the transmitting and receiving
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radars. All indices detected from the CA-CFAR after the LOS are considered bistatic

target detections.

In order to calculate the LOS distance, rlos, and each target’s bistatic range,

rb = rtx + rrx, all indices are multiplied by the bistatic range resolution:

�rb =
c

STc
=

c

B
. (4.7)

A target’s bistatic range can be converted to the true target range, rrx, relative

to the receiver by:

rrx =
r
2
b � r

2
los

2(rb + rlos sin( ))
(4.8)

where  = �90 � ✓los � ✓t. Also, each radar in the network calculates rrx based off

a relative orientation to the North rather than a global orientation. This orientation

nuance is essential when calculating  . ✓los and ✓t are computed by multiplying the

Angle-FFT indices by �✓t, similarly to the monostatic case in (4.5b).

Given the FPS condition is satisfied, the bistatic Doppler velocity resolution is

derived as such:

�db =
�

NcTc
. (4.9)

Each target’s velocity is calculated by multiplying each Velocity-FFT index by �db.

To note, a target’s maximum unambiguous velocity is limited in the monostatic case

so if the target satisfies (4.3), then a bistatic Doppler velocity can be resolved.

For stationary radar nodes, a target’s bistatic Doppler frequency shift, �fb, is

calculated by the below equations. �fb also serves to confirm the necessary Doppler

compensation value, ✓c, for subsequent bistatic signals, as discussed in Section 3.2.2:
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vr = 2kvjk cos(�) cos
✓
�

2

◆
(4.10a)

�fb =
vrfc

c
(4.10b)

✓c = 2⇡�fbTc (4.10c)

where kvjk is calculated in (6.1). For more in-depth analysis on the bounds of a

target’s velocity estimation in a distributed MIMO RSN, the readers are directed

to [48].
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Chapter 5

Multiple Target Tracking

High performing multistatic MIMO RSNs require robust MTT algorithms capable of

jointly detecting and estimating the trajectories of an unknown and time-varying num-

ber of targets based on noisy radar measurements. The optimal algorithm depends

on the specific system’s requirements, constraints, and implementation. A widely

accepted approach to address MTT is based on Random Finite Sets (RFS) [49, 50].

Therefore, the Bayesian MTT algorithm presented in this thesis utilizes a framework

based on labeled random finite sets (LRFSs) to address the variability of targets

present as well as the uncertainty in each target’s state [32].

5.1 MTT Challenges

Inherent challenges must be addressed when developing a MTT system. False-alarm

measurements and missed detections are two challenges that stem from the non-ideal

detection process at each receiving channel. Furthermore, target existence presents

another challenge to consider. That is, the number of targets present at any given

time is unknown and time-varying.

Data association, also referred to as measurement origin uncertainty (MOU), is

an additional challenge that emerges, which refers to the hidden mapping from mea-

surements to target states. Each radar produces measurements that are generated

by either valid targets or non-targets (i.e., false-alarms due to non-informative mul-
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tipath). This mapping process, which is challenged by false clutter measurements,

missing target measurements, target births, and target deaths, is depicted in Figure

5-1. Without precise and careful consideration of MOU, the filter may create false

target tracks or prune out true ones, and therefore, deteriorate the system perfor-

mance.
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zn

xn

Figure 5-1: MOU provides the greatest challenge for MTT. Reference the legend for
the various measurements and target states addressed in our system’s data associa-
tion methods, which utilizes the measurement model h(zn|xn) and dynamic model
fn|n�1(xn|xn�1).

To overcome these pertinent MTT challenges, the highly efficient labeled multi-

Bernoulli (LMB) model for point target tracking is employed [25,32,51,52].
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5.2 MTT Background

All target states and measurements are represented as sets and modeled by RFSs,

providing our system a unified framework for the MTT problem. Above all else, sets

are invariant to order, which provides extreme flexibility in both the measurement and

target models. Furthermore, RFSs and their respective properties lend themselves to

good evaluation performance metrics for real-world scenarios. In order to deal with

multiple targets moving throughout the sensing area, LRFS are introduced.

It is not sufficient for the MTT algorithm to simply estimate each target’s location;

the algorithm must also attribute a unique label to each estimated target. These

labels, also known as target identifiers, help the system preserve situational awareness

in the sensing environment. A track is the collection of all target estimates that have

the same label across time. Algorithms that consistently produce target estimates,

attribute them to the correct label, and sustain such tracks throughout time enhance

the RSN performance.

First, let us model the labeled multi-target state by a LRFS X, such that:

X , {(x(1), l(1)), . . . , (x(j), l(j))}

where the number of targets, j, is a random variable on N. Furthermore, the target

states {x(j)} are modeled as random vectors on X and the target labels {l(j)} are

modeled as random variables that take values in L. In other words, a LRFS is a

random variable taking values in F(X⇥ L). For instance, a realization of LRFS X is

modeled as X = {(x(1)
, l

(1)
), . . . , (x

(j)
, l

(j)
)} 2 F(X⇥ L).

The Bernoulli RFS is the basis for the multi-Bernoulli process. The labeled

Bernoulli RFS is used to model a single appearing/disappearing target, such that the

set can either be empty (with probability 1 � r(l)) or have one element (with prob-

ability r(l)) with a fixed label l 2 L. The labeled Bernoulli RFS X is parameterized

by r(l) and p(·, l), which correspond to the target’s probability of existence and state

probability density, respectively. By Bernoulli law, X has a cardinality distribution

p(j) = P{|X| = j} = r
j
(1�r)

(1�j) for j 2 {0, 1}. One construct that encapsulates the
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probability distribution of a LRFS is the belief density function ⇡ : F(X⇥ L) ! R+.

Given that X = {(x, l)}, the belief density function of X is expressed as:

⇡X(X ) =

8
>>>>><

>>>>>:

1� r(l) ifX = ;

r(l) p(x, l) ifX = {(x, l)}

0 otherwise .

(5.1)

The LMB RFS is central to MTT and is used to model up to |L| potential tar-

gets. The LMB RFS X = {(r(l), p(·, l))}l2L describes a union of independent, labeled

Bernoulli RFSs, each parameterized by r(l) and p(·, l). The probability density func-

tion (PDF) of an LMB X is defined in [53]. Each distinct label allows for the sequential

estimation of target states and their trajectories across different time steps.

5.3 MTT Assumptions

When considering various target tracking systems for multistatic RSNs, each approach

varies in both its structure and implementation. Given the MTT challenges in Section

5.1 and the LMB RFS background, a comprehensive set of assumptions made about

our dynamic, stochastic tracking system are specified below:

A1) An unknown and time-varying number of targets are considered throughout an

observation period. A LMB Xn models the multi-target collection at time n.

The label of each Bernoulli component in Xn is defined on the label space Ln.

A2) The targets evolve independently according to the Markovian kernel fn+1|n(·|xn, l).

A3) The set of targets present at time n + 1 is the union of new-born targets and

surviving targets. An existing target with state xn and label l survives with

probability P
S
n+1(xn, l), whereas new-born targets are modeled via a LMB with

parameters
��

r
B
n+1(l), p

B
n+1(·, l)

� 
l2Bn+1

.

A4) At time n, the multistatic RSN produces L total measurement sets from |Ar|
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monostatic channels and |Ar|2�|Ar| bistatic channels. All measurement sets are

propagated through the RSN to a centralized fusion node that performs MTT.

A5) The probability of detecting a target with state vector x and label l in sens-

ing channel ` at time n is P
D
`,n(x, l). If detected, the target’s state vector x

is mapped to a measurement vector z`,n 2 Z` through device-specific transfor-

mation functions, such as those derived in (6.1). Each measurement vector is

characterized by a PDF h`,n(z|x, l).

A6) At time n, sensing channel ` 2 L produces a measurement set Z`,n ,
�
z
1
`,n, . . . , z

m`,n

`,n

 
,

such that |Z`,n| = m`,n, that is affected by MOU. Given that a target can gener-

ate at most one measurement per sensing channel, the remaining measurements

in Z`,n are false-alarm measurements.

A7) Each measurement set Z`,n is comprised of both target-oriented measurements

and false-alarm measurements. False-alarm measurements are collected in both

monostatic and bistatic sensing channels and are generated according to a Pois-

son point process model with an intensity function f
FA
`,n : Z` ! R+ for each

sensing channel ` 2 {1, 2, . . . , L}.

A8) Given the target set Xn, all measurement sets from the various L sensing

channels are conditionally independent, i.e., ⇡(Z1,n, . . . ,ZL,n|Xn = Xn) =

⇡(Z1,n|Xn) · · · ⇡(ZL,n|Xn).

5.4 MTT Filtering

The MTT filtering operation recursively predicts, updates, and infers target state

information at each time step during an observation period. The filtering operation

begins by assuming an initial LMB density ⇡0(X ). Figure 5-2 and Figure 5-3 present

a schematic for this recursive procedure and complement the discussed LMB filtering

equations in the following sections.
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5.4.1 Prediction

As depicted in Figure 5-2, prediction begins at time step n, where the prior belief

density is ⇡n|n(X ). The prior belief density is comprised of LMB components with

parameters
��

rn|n(l), pn|n(·, l)
� 

l2Ln
.

p
n|n (·, l1 )

p n
|n
(·,
l 2
)

P S
n+1(xn, l)

fn+1|n(·|xn, l)
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rBn+1(l3), p
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� 

Surviving Targets

Figure 5-2: During the LMB filter’s prediction step, the set of Bernoulli components
evolves from time n to n+1 by accounting for both surviving targets (components l1
and l2) via their dynamic evolution and newly birthed targets (component l3). The
distribution for each Bernoulli component is represented by a blue ellipse.

The predicted LMB and its respective components encompass both surviving tar-

gets, which follow the target-specific kinematic model, as well as newly birthed targets.

The surviving targets are modeled as a LMB with parameters
��

r
S
n+1(l), p

S
n+1(x, l)

� 
l2Ln

.

The surviving target labels at time step n+1 acquire the same labels as those at time

step n. Furthermore, the survival probability, which is denoted as P
S
n+1(·, l), is em-

ployed, in conjunction with the transition density fn+1|n(x|·, l), to reweigh both the

predicted existence probabilities as well as the spatial distributions. This is derived
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in detail below [25]:

r
S
n+1(l) = rn|n(l)

⌦
P

S
n+1(·, l), pn|n(·, l)

↵
(5.2a)

p
S
n+1(x, l) =

⌦
P

S
n+1(·, l)fn+1|n(x|·, l), pn|n(·, l)

↵
⌦
P

S
n+1(·, l), pn|n(·, l)

↵ . (5.2b)

In addition to the surviving targets, newly birthed targets are included in the

predicted LMB with new, distinct labels l 2 Bn+1 and are modeled in accordance

with Assumption A3) as birth LMBs with parameters
��

r
B
n+1(l), p

B
n+1(·, l)

� 
l2Bn+1

.

Therefore, the predicted LMB is the union of surviving LMB components and newly

birthed LMB components, such that Ln+1 = Ln [ Bn+1 and Ln \ Bn+1 = ;. The

resulting predicted LMB has parameters

��
rn+1(l), pn+1(·, l)

� 
l2Ln+1

=
��
r
S
n+1(l), p

S
n+1(·, l)

� 
l2Ln

[��
r
B
n+1(l), p

B
n+1(·, l)

� 
l2Bn+1

and a belief denoted by ⇡n+1.

5.4.2 Update

The filter’s update step leverages the existence probabilities and spatial PDFs of

the predicted LMB by propagating them through the update steps to sequentially

estimate the LMB’s posterior belief density, ⇡̂n+1|n+1(X ). This posterior belief density

is obtained by applying the single-channel update equation [25] recursively for each

sensing channel’s measurement set [51, Sec. XIII.A].

As stated in Assumptions A6) and A7), the associations between the measure-

ments of Z`,n+1 and targets of Xn+1 is unknown. Therefore, association maps a`,n+1

are introduced as a way to manage the MOU. One may think of an association map

as a specific numerical assignment m 2 {0, 1, . . . , |Z`,n+1|} to each Bernoulli com-

ponent l, where the assignment m is either a unique index that maps to a specific
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Figure 5-3: To accomplish the LMB filter’s multi-measurement update and multi-
target inference, an update step is sequentially applied for each collected measurement
from all sensor measurement sets. The distribution of each Bernoulli component
evolves with every measurement set included, which is represented by the shrinking
or expanding of the component’s respective blue ellipse.

measurement in Z`,n+1 or a misdetection index 0, as seen below [51, Sec.IV-B]:

a`,n+1(l) =

8
>>>>>>>><

>>>>>>>>:

m 2 {1 : |Z`,n+1|}, if tgt l generated z
(m)
`,n+1

in channel ` at n+ 1

m = 0, if tgt l was misdetected

in channel ` at n+ 1 .

(5.3)
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Each Bernoulli component’s valid association map a`,n+1 is part of AX
`,n+1, the set of

all valid association maps. If the Bernoulli component is not misdetected, a`,n+1(l) >

0, then no two Bernoulli components can have the same association map; that is,

a`,n+1(l) 6= a`,n+1(l
0
) for l 6= l

0.

Given an association map m and measurement set Z`,n+1, the set-likelihood func-

tion hm`,n+1(x, l;Z`,n+1) for sensing channel ` is defined in concurrence with Assumption

A5) and A7) as:

hm`,n+1(x, l;Z`,n+1) =

8
><

>:

PD
`,n+1(x,l)h`,n+1(zm

`,n+1|x,l)
fFA
`,n+1(z

m
`,n+1)

if m > 0

1� P
D
`,n+1(x, l) if m = 0 .

(5.4)

Therefore, by combining Assumptions A6)-A8), the association maps defined in

(5.3), and the set likelihood function in (5.4), the multi-target likelihood for sensing

channel ` can be calculated by [53, Prop. 7]:

g`,n+1(Z`,n+1|X ) = e
�hfFA

`,n+1,1i
⇥
f
FA
i,k (·)

⇤Z`,n+1

⇥
"

X

a`,n+12AX
`,n+1

�a�1
`,n+1({0:|Z`,n+1|})(LX )

 
Y

(x,l)2X

hm`,n+1(x, l;Z`,n+1)
�
!#

(5.5)

where a
�1
`,n+1(B) , {l 2 Ln+1|a`,n+1(l) 2 B} is the pre-image of the set B under the

mapping a`,n+1. Furthermore, due to the MOU addressed in Assumption A6), the

inner summation is conducted over all valid association maps a`,n+1 2 AX
`,n+1 between

the elements of LX and the measurements from channel `.

By leveraging assumption A8) and (5.5), the predicted Bernoulli components may

be updated via Bayes’ theorem for RFSs [53]. As mentioned earlier, the posterior

belief density is obtained by sequentially applying the single-channel update equation.

Recalling that ⇡n+1 denotes the belief of the predicted LMB, the first sensing channel’s

updated belief density is shown below:

⇡
1
n+1(X ) / ⇡n+1(X ) g1,n+1(Z1,n+1|X ) (5.6)
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where the superscript indicates the channels for which measurement sets have been

included in the updated belief thus far. To note, this resulting multi-target posterior

belief density, ⇡1
n+1, is a mixture of LMB densities, and therefore, no longer an LMB

[32].

In order to arrive at a closed recursion, the posterior density is approximated by

projecting it onto the family of LMB densities [25], as defined below:

⇡̂
1
n+1(X ) , PLMB{⇡1

n+1(X )} (5.7)

where PLMB denotes the projection of resulting LRFS onto the Bernoulli LMB belief

densities [32]. The approximating LMB components are denoted as ⇡̂1
n+1 with indi-

vidual Bernoulli components that are parameterized by
��
r̂
1
n+1(l), p̂

1
n+1(·, l)

� 
l2Ln+1

.

This projection is achieved via marginalization in two discrete steps. First, each

target’s marginal association probabilities between each Bernoulli component and

each measurement are evaluated using message passing on factor graphs [51]. Second,

each of the approximating posterior posterior LMB components of ⇡̂1
n+1 are obtained

via a weighted update scheme that relies on all measurements from the current channel

(` = 1) and the previously computed marginal association probabilities [32].

For all remaining sensing channels, the recursive update step is shown below:

⇡
1:`
n+1(X ) / ⇡̂

1:`�1
n+1 (X ) g`,n+1(Z`,n+1|X ) (5.8a)

⇡̂
1:`
n+1(X ) , PLMB{⇡1:`

n+1(X )} (5.8b)

which is iterated 8 ` 2 {2, . . . , L}. After each iteration, the projection from (5.7) is

also applied. The resulting LMB ⇡̂
1:`
n+1(X ) has components

��
r̂
1:`
n+1(l), p̂

1:`
n+1(·, l)

� 
l2Ln+1

.

After all measurement sets have been included, track pruning is implemented for

computational and memory tractability. For each iteration, tracks with an existence

probability lower than a user defined threshold, rpr, are pruned from the LMB. This

approximating LMB ⇡̂n+1|n+1(X ) serves as the prior belief density for subsequent time

steps and is employed to perform multiple target inference.
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5.4.3 Multiple Target Inference

After producing the posterior LMB from the filter’s update procedures, multiple tar-

get inference, as demonstrated in Figure 5-3 as the final update step, is implemented.

This inference extracts specific Bernoulli components from the updated LMB with

probabilities of existence greater than a specific threshold rth 2 (0, 1).

By declaring a larger value for rth, the filter will extract only those targets with

higher probabilities of existence and forgo those that have disappeared or are due to

clutter. The cost incurred, though, due to a larger threshold value is not including

new-born tracks as quickly (i.e., increase in required r(l) to be confirmed). By declar-

ing a smaller value for rth, the filter will extract new-born tracks more quickly, but

at a cost of confirming extraneous, cluttered, or disappeared tracks.

The expected number of targets present (i.e., cardinality) at time n + 1 is given

as

ôn+1|n+1 =
���l 2 Ln+1|n+1 : r̂n+1|n+1(l) > rth

 �� . (5.9)

Moreover, the target state (x̂n+1|n+1, l) for all confirmed Bernoulli components is

inferred as

x̂n+1|n+1 =

Z

X
x p̂n+1|n+1(x, l) dx . (5.10)
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Chapter 6

Network Experimentation

In the following, we present our RSN implementation and several indoor experiments

that showcase our developed mmWave RSN’s MTT capability.

6.1 Implementation

The developed mmWave CDMA-FMCW RSN employs the Texas Instruments (TI)

AWR1642BOOST (AWR1642) to model any commercially available mmWave sensing

device [54]. Our system overhauled the pre-existing AWR1642 firmware so that each

AWR1642 could communicate based on the multistatic network configuration. Each

node in the RSN is time synchronized with the others through a developed triggering

circuit. Our system disseminates both a common set of radio frequency (RF) parame-

ters, such as those delineated in Table 6.1, and the H4 CDMA sequences as discussed

in Section 3.2 throughout the RSN by a tailored configuration file. Each sensing

node, as seen in Figure 6-1, also employs two additional pieces of hardware: the TI

DCA1000EVM (DCA) to capture the AWR1642’s post-ADC data in real-time [54]

and the Raspberry Pi (RPi) to automatically transfer the collected data to the central

fusion node for information processing.

Our developed system’s information processing algorithms perform Doppler com-

pensation, CDMA decoding, and multistatic target detection as discussed in Chapters

3 and 4. Our MTT discussed in Chapter 5 implements a LMB tracking algorithm
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Figure 6-1: Individual mmWave sensing node, which includes one AWR1642 (red
board), one DCA (green board), and one RPi.

with a particle representation [55–57] and makes certain probabilistic decisions to

intelligently select measurements to reduce the effects from false-alarms and increase

them from true target detections. Appendix C and Appendix D discuss our devel-

oped system’s hardware implementation and software implementation, respectfully,

in much greater detail.

6.2 Scenario

All indoor experiments were conducted in a large conference room at the Massachusetts

Institute of Technology (MIT). The conference room, which included whiteboards and

desks, resembles a typical indoor sensing environment where our system would be de-

ployed. Given the enclosed space and close proximity between radars, clutter and
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Figure 6-2: Our developed system was deployed in an indoor localization environment
at MIT. The white crosses on the floor are used to recreate each target’s ground truth
tracks.

wireless congestion is introduced into the sensing environment. Figure 6-2 depicts

the physical test setup where our mmWave RSN was deployed.

Various diverse MTT scenarios were conceptualized prior to the start of each ex-

periment with a purpose to demonstrate our developed system’s MTT versatility and

robustness, independent of the number of targets present in the sensing environment.

For instance, situations where targets both appear/disappear from the sensing envi-

ronment as well as obscure the vision of other radars (i.e., occlusions) are presented

to demonstrate the effectiveness of mmWave RSN’s CDMA transmission approach.

In this thesis, our system’s MTT performance is presented for |At| 6 3 due to the

size constraints of the conference room, which is approximately 6m x 6m.

Each target j 2 At is characterized as an average-sized person walking at a normal

indoor pace. In this 2-D scenario, all targets have a four dimensional state vector

xn = [xn, yn, ẋn, ẏn]> 2 R4, where xn and yn are the coordinates that construct

the target position pn and ẋn and ẏn are the target velocities along the two axes that

57



construct the target velocity vn. We consider a white-noise acceleration model [58, Ch.

6.3.2] for the target dynamical model with a sampling period tn = 0.25sec and a linear

constant velocity transition kernel fn|n�1(xn|xn�1) = N (xn;At,n xn�1,Qn) with

At,n =

2

41 tn

0 1

3

5⌦ I2 and Qn = �
2
t

2

4
t3n
3

t2n
2

t2n
2 tn

3

5⌦ I2

where I2 = diag
�
[1, 1]

 
is the identity matrix of size 2 and ⌦ denotes the tensor

product.

Radar measurements are produced in accordance with h`,n(z|xn, l) = N (z; g(xn),R),

where g(·) is a function that maps target states to radar measurements as defined

in (6.1). The measurement covariance matrix, R = diag
�
[�r, �d, �b]

 
, is commonly

determined from radar calibration tests.

This thesis considers a non-linear transformation from xn to z, such that:

g(xn) =

2

666664

r⇣
xn

⌘2
+

⇣
yn

⌘2

r⇣
ẋn

⌘2
+

⇣
ẏn

⌘2

tan
�1
⇣
xn/yn

⌘

3

777775
. (6.1)

6.3 Network Setup

The network setup of our developed system consists of the configuration of two main

parts: the radar, which includes its general and chirp-specific parameters, and the

MTT filter. The radar configuration is comprised of a common set of parameters

that allow the radars to communicate on the physical layer. Table 6.1 presents the

specific parameters that we employed for the environment in Figure 6-2. Table 6.1

also presents the filter-specific parameters employed by the LMB-particle filter (PF)

to produce target state estimates. To note, R is the same for each radar deployed as

they are identical models from the manufacturer.
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Table 6.1: RSN Configuration

Parameter Symbol Value
Chirps per Frame Nc 64 chirps
Frames per Experiment Nf 240 frames
Collocated Transmitters Ntx 1G

en
er

al

Collocated Receivers Nrx 4

Start frequency fc 77 GHz
Bandwidth B 4 GHz
Slope S 20 MHz/µsec
Duration Tc 160 µsec
ADC samples per chirp Ns 512 samples
ADC sampling rate fadc 6.20 Ms/secC

hi
rp

-S
pe

ci
fic

ADC sampling duration Tadc 82.58 µsec
Particles Employed Np 5e4

Probability of Survival P
S

0.99

Probability of Detection P
D

0.90

Probability of Birth P
B

1e�4

Measurement Variance (Range) �r 0.10 m
Measurement Variance (Doppler) �d 1.20m/sec
Measurement Variance (Bearing) �b 4.00 deg

Fi
lte

r-
Sp

ec
ifi

c

Dynamic Noise �t 1m/sec2

6.4 Performance Evaluation - Target Detection

MTT is only as effective as the quality of measurements produced by the RSN. In this

section and prior to presenting the performance evaluation of our MTT algorithm, we

examine the improved measurement capabilities brought by the CDMA transmission

scheme as opposed to a TDMA scheme. To this end, we introduce detection gain as a

performance measure for the RSN measurements. Detection gain quantifies how often

the RSN is capable of producing at least one measurement for a target per frame.

For a multiple target scenario, the detection gain for individual targets are averaged

together. Based on our experimental data, Table 6.2 quantifies the detection gain

afforded by the CDMA scheme when a varying number of targets are present and a
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varying number of radar’s measurements are considered when calculating the gain.

Table 6.2: Detection Gain from RSN Spatial Cooperation

Number of Targets, |At|
1 2 3

1 72.22% 67.99% 66.64%

2 91.05% 88.62% 89.27%|Ar|
3 98.77% 97.98% 98.94%

As the number of radar measurements are included, the detection gain increases,

further signifying the importance of the simultaneous transmission and reception by

the CDMA scheme. To note, the developed mmWave RSN achieves these measures

when not all bistatic detections could be resolved due to some AWR1642 hardware

limitations. Furthermore, our system accomplishes a higher, unprecedented target de-

tection rate thanks to its CDMA-based transmission scheme that leads to a threefold

detection gain increase as opposed to its TDMA-based counterpart [28].

6.5 Performance Evaluation - Target Tracking

Indoor network localization experiments were conducted to evaluate our system’s

MTT capability. Three multi-target scenarios are presented with an increasing level

of complexity due to either an increase in the number of targets present, occlusions,

target births/deaths, or a combination of all. All estimated states are assessed against

a set of true target tracks, where, with the assistance of the true tracks, each MTT

filtering result is evaluated by two main metrics, Optimal SubPattern Assignment

(OSPA) and time-on-target (TOT). An additional target tracking scenario is included

in Appendix F, which compares the performance of our LMB-PF to the previously

implemented Bernoulli-Unscented Kalman filter (B-UKF) in [28].
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Figure 6-3: Estimated Target Tracks versus Ground True Tracks for various MTT
scenarios.

6.5.1 True Track Development

All network localization experiments were video recorded with a GoPro. During RSN

operation, each person was instructed to walk with a constant velocity in a direct path

between any two floor markings, which are depicted in Figure 6-2. The true track is

estimated by leveraging the time stamps when targets arrive at floor markings and
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linearly interpolating the target position between them. Because non-linear motion

is not accounted for in the true tracks, there are marginal discontinuities between

the ground truth and implemented true track, most notably when non-linear changes

in target trajectory (i.e., when the target makes a sharp turn) occur. There are

indications on Figure 6-4 when targets turn corners to signify where the OSPA errors

may skewed higher than they realistically should. All true tracks are overlaid on top

of all estimated target tracks in Figure 6-3.

6.5.2 Performance Metrics

OSPA and TOT are two metrics used to evaluate the MTT performance. Results for

each target tracking scenario are summarized in Table 6.3.

OSPA Metric

The first performance metric employed to evaluate our system’s LMB-PF is the OSPA

metric [59], which is a distance between sets. At each time step, the OSPA dis-

tance is evaluated between the estimated set and true track set of target positions.

This OSPA distance metric is comprised of localization and cardinality components.

The localization component quantifies the accuracy of each state-estimate, whereas

the cardinality component captures the error from false tracks, redundant tracks, or

missed true tracks. Appendix E discusses our system’s implementation of the OSPA

error in greater detail.

TOT Metric

TOT quantifies the tracking algorithm’s performance of correctly estimating the pres-

ence of targets in the sensing environment. TOT is calculated by computing the per-

cent of time a target is successfully estimated when such a target is present during

an observation period. The frames when the target is absent from the sensing envi-

ronment are not considered. TOT is calculated for each individual true track and a
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total TOT is computed as the average of all individual TOT, as seen below:

TOTj =
1

Nfj

NfjX

n=1

uj,n (6.2a)

TOT [%] =

"
1

|T |

|T |X

j=1

TOTj

#
⇥ 100 (6.2b)

where |T | is the total count of true tracks, Nfj is the total frames target j is present,

and uj,n is a propositional variable denoting if target j was successfully detected.

Target j is successfully estimated at time n if the LMB-PF produces a state-estimate

within a certain distance of the target’s true position, such that:

uj,n =

8
><

>:

1, if 9 pn,l such that ktj,n � pn,lk 6 c, l 2 Ln

0, otherwise

where pn,l is the associated position information of the Bernoulli-component (xn, l),

tj,n is target j’s true track position vector, and c is the threshold value, measured in

meters.

6.5.3 Multiple Target Tracking Results

Three MTT instances are presented in this section, each of which introduce a more

challenging target tracking scenario. This section’s results are summarized in Table

6.3 for the first order OSPA distance measuring per-target error for two different

threshold values, c = 0.35 and c = 0.5. This section’s OSPA figures employ a thresh-

old value c = 0.5.

The first MTT scenario presented demonstrates the performance of the LMB-

PF when two targets are present in the sensing environment. With two targets

present, randomly walking throughout the sensing environment, the RSN is capable

of correctly tracking each target. Other than abrupt changes in target trajectories,

which are indicated by green stars, the average OSPA shown in Figure 6-4 is relatively

low and within the bounds of the radar’s measurement standard deviation for range.
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Table 6.3: Multiple Target Tracking Performance

c = 0.35 m c = 0.50 m

Scenario OSPA [m] TOT OSPA [m] TOT

|At| 6 2 0.1835 92.23% 0.1872 99.66%

|At| 6 3 0.1878 90.62% 0.1937 99.78%

|At| 6 3 (B/D) 0.1985 94.85% 0.1996 100.0%
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Figure 6-4: Two Target OSPA.

Furthermore, Figure 6-3(a) demonstrates the estimated target tracks versus the target

true tracks for the two target scenario.

The second MTT scenario presented introduces another target to the sensing

environment. Due to the increase in the number of targets present, there is an increase

in occlusions. Our RSN compensates for this challenge by relying on its CDMA-

based transmission scheme, such that the LMB-PF may fuse data from all spatially

seperated nodes in the RSN to gain a complete picture of the sensing environment.

Furthermore, all three targets are capable of entering the sensing environment from

any location. There is a uniform distribution of birthing components across the entire

64



O
S
P
A

[m
]

Observation Frame

C
a
r
d
in
a
li
t
y

0

1

2

0.2

0.4

3

0.6

0.8

40 80 120 160 200 240

40 80 120 160 200 240

OSPA (LMB-PF)

True Cardinality

Estimated Cardinality (LMB-PF)

0

4

1.2

1.0

True Cardinality

Estimated Cardinality (LMB-PF)

True Cardinality

Estimated Cardinality (LMB-PF)

Target Birth

OSPA (LMB-PF)

Figure 6-5: Three Target OSPA.

sensing environment so there is no bias towards picking up targets from a certain

location. Figure 6-3(b) depicts a snapshot of all three estimated tracks overlaid on

the true tracks when all targets were changing trajectories. The LMB-PF is capable

of compensating for the sudden changes in trajectory and keeps the estimates close

to the true target’s location.

The final MTT scenario introduces target deaths. In this indoor localization

experiment, similar to the previous scenario, a maximum of three targets are present

at one time, which can be seen in Figure 6-3(c). Unlike the previous scenario, though,

targets are instructed to leave the sensing environment one by one around the test’s

halfway mark. The LMB-PF handles target deaths extraordinarily well, as seen in

the cardinality graph in Figure 6-6. While there is some delay before the filter picks

up the disappearance of a target, this delay is less than one second in length, which is

less than four frames. This delay is shown in the cardinality graph from the slanted

red lines as well as in the OSPA graph by the magenta stars, which indicate target

deaths. Once the target disappears, the OSPA error returns to an average OSPA

error. Compared to the other test scenarios in Table 6.3, the total OSPA error does
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not vary significantly based on the complexity of the tracking scenario.
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Chapter 7

Conclusion

As the IoT becomes more prominent in our society, the need for efficient and reliable

RSNs, which leverage mmWave commercial-off-the-shelf (COTS) devices to localize

and track multiple non-collaborative targets indoors, is imminent. Through system

implementation and experimentation, we learned multistatic distributed MIMO RSNs

that implement both CDMA and multi-Bernoulli filtering algorithms improve system

performance for MTT in cluttered environments.

Our developed mmWave RSN integrates these solutions into a coherent, scalable,

hardware-agnostic system. The presented techniques allows the developed system to

achieve its goal of accurately tracking multiple non-collaborative targets indoors using

the mmWave frequency band. By working with low-cost COTS devices, our system

is capable of seamlessly integrating with current and future wireless technologies and

inheriting their ubiquitous coverage to provide supreme location awareness of the

sensing environment through MTT. This system serves as a catalyst for success in

many practical applications, such as autonomous driving, indoor localization, search

and rescue, security systems, and medical patient monitoring. Topics for further

exploration are presented in Appendix G. Finally, the results presented in this thesis

confirm pivotal RSN advancements and capabilities, which impact the RSN research

community at large as well as the integration of LoT into society today.
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Appendix A

System Architecture for Multistatic

Distributed MIMO RSN

Multistatic, distributed MIMO RSNs rely not only on a well-defined system model,

but also on a well-developed system architecture. The system model integrates a

radar measurement model, object motion model, and a network tracking model, each

of which touched on in the RSN preliminaries in Section 2.1.

This appendix on the system architecture presents a functional overview of each

major hardware and software subcomponent necessary for scalable, robust, non-

collaborative target tracking RSNs; these components include node synchronization,

node communication, data collection and aggregation, and data analysis. Indepen-

dent of the specific sensing hardware, node synchronization is imperative for sharing

target state information throughout the network. Once the nodes are synchronized,

the system must implement an effective and efficient communication strategy among

the nodes to mitigate interference in the sensing channel. Finally, the system must

support seamless data collection and aggregation between the nodes for data analysis

and target tracking. All of these underlying architectural components are discussed

in greater depth in the following sections and are synergistically shown together in

Figure A-1.
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Figure A-1: The synergistic relationship between the system model and system ar-
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A.1 Synchronization

In order to reap the many benefits that distributed systems have to offer, all nodes

within the network must be synchronized. Specifically for multistatic, distributed

MIMO RSNs, the radar system must implement both TS and FPS to properly share

target state information over the physical layer [38]. These synchronization require-

ments ensure the network’s various transceivers have the same reference point for

proper signal transmission and reception. Without proper TS and FPS between the

nodes, errors in the target state estimates, such as range and velocity, may be intro-

duced into the system and degrade the system’s performance.

RSNs commonly achieved synchronization via each node’s internal clock, such as

their local oscillator [60]. Clock synchronization within the network may be achieved

through two distinct approaches: externally or internally. External clock synchroniza-

tion is achieved via a single external reference signal, which is propagated throughout

the network for all nodes to refer to and adjust their own clocks as necessary. Con-

versely, internal clock synchronization is achieved via a process where each node shares

its own clock source with the other nodes and based on these shared reference signals
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and network timing protocols, all nodes are able to synchronize their clocks with each

other. Depending on the network implementation and scale of the system, each syn-

chronization approach has their own advantages and corresponding tradeoffs. With

the more centralized, external approach, all nodes refer to a single, more accurate

reference signal compared to the decentralized, internal approach. Although, in the

event that the external clock’s source fails, the entire system cannot be synchronized.

A.2 Communication

Radars communicate through wireless channels by transmitting RF signals into the

open air to illuminate targets and detect their range and bearing. Since each radar’s

transmitted and received signal contains target position information, the nodes in

the network must communicate without interfering with each other to preserve such

information; therefore, various communication techniques are considered when devel-

oping target tracking RSNs. There are many modulation schemes and channel sharing

protocols to mitigate this interference—TDMA, FDMA, and CDMA, to name a few.

Some channel sharing protocols may also increase the system’s efficiency by increasing

the network throughput (e.g., CDMA).

Depending on the system’s approach to sharing the wireless medium, system-

tailored signal resolution strategies are required at the receiver. Without proper

channel sharing protocols and signal resolution strategies, the system’s performance

will be degraded due to increased clutter, missed detections, and false alarm mea-

surements. Each system’s tailored communication strategies will also dictate the

information gathering and processing architectures.

A.3 Data Collection and Aggregation

Synchronized RSNs capable of communicating with each other are only as effective

as their data collection and aggregation procedures. While this component of the

system architecture is highly dependent on the system model, the system constrains,
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the target detection and tracking algorithms, and the various other implementation

details, there are specific architectural components that every successful RSN must

contain.

Once the communication links between the nodes have been established, the sys-

tem must be able to configure each node in the network with a set of common system

parameters. Common parameters, such as transmission bandwidth and duration, are

essential for data collection (i.e., maximizing the collection of accurate target state

information). In addition to properly parameterizing the radars, the configuration

of each physical node within the sensing environment, such as its orientation rela-

tive to the other radars, increases collection rates and therefore, the overall system

performance.

Given the radars have collected the target state information locally, data aggrega-

tion and fusion must be performed to reap all the benefits of multistatic RSNs. The

system can aggregate the collected data through various layers in the Open Systems

Interconnection (OSI) model, such as the physical layer, data link layer, and network

layer. Additionally, this data aggregation can be performed in both an online and

offline manner. Online aggregation requires real-time data processing, analysis, and

sharing within the network, whereas offline data aggregation is not constrained to

the same time-based requirement. Each approach presents distinct challenges and

depends on the system’s application and implementation.

A.4 Data Analysis

Data analysis, which is the fourth key component of the system architecture, trans-

forms, analyzes, and interprets the data collected from the RSN and produces target

state estimates. Data analysis is similar to data collection and aggregation in that it

also depends on the system model implemented. Both the target motion model and

radar measurement model dictate the types of data collected and therefore drive how

the system will analyze such data. That said, there are some generalized data analysis

features that every system should implement for maximum system performance.
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Akin to the data sharing and aggregation methods, data processing may happen

in both an online and an offline manner. Online processing unleashes real-time target

localization and tracking within the system environment for increased practicality;

that said, developing and debugging real-time processing algorithms can be difficult

and inefficient on the radar system itself. Therefore, once the offline processing chain

produces proper state estimates, the processing chain should then be converted to

online. Furthermore, the node’s memory, energy requirements, and processing capa-

bility will drive the specific adaptations necessary for this transformation from offline

to online. It is also important to consider where the data is analyzed within the sys-

tem. The data may be processed in a decentralized manner (e.g., on each individual

node) or in a centralized manner (e.g., on a server, main computer). For a multistatic

RSN, a combination of both decentralized and centralized processing presents the

best way forward since there is a significant performance gain for RSNs due to the

fusion of spatially diverse measurements.
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Appendix B

Distributed MIMO Framework

Through the use of multiple, simultaneously transmitting and receiving antennas,

MIMO radar systems are able to communicate over the same RF channels, increas-

ing the system’s throughput and the received signal-to-noise ratio (SNR). MIMO

radar systems can be classified into two categories based on their antenna separa-

tion: closely spaced, collocated antennas [61] and widely separated, distributed an-

tennas [17]. While collocated MIMO presents certain advantages, such as increased

angle resolution through virtual antennas [62], distributed MIMO affords the radar

system a spatial diversity gain that is beneficial for MTT; therefore, the distributed

MIMO framework is the main framework discussed in this thesis.

Distributed MIMO radar systems can be categorized into two additional classes:

coherent MIMO radar and noncoherent MIMO radar. Coherent MIMO radar requires

phase synchronization between the distributed nodes in the RSN whereas noncoherent

MIMO radar does not. Understanding the differences and intricacies between these

frameworks directly affects the system’s information processing algorithms, such as

the ones discussed in Chapter 4. This thesis focuses on coherent MIMO RSNs.

Since each node in a distributed MIMO RSN typically operates with its own unique

LO, the phase of the LO signal may differ among the other nodes in the network.

Without perfect phase coherence, the system performance is often degraded [63].

Algorithms such as the master-slave closed-loop algorithm, the round-trip algorithm,

and the broadcast consensus-based algorithm achieve phase coherence in MIMO radar
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systems [64]. These algorithms compensate for the phase offset among the nodes and

provide the nodes with a common phase reference.

Once phase coherence has been established among the nodes, channel access meth-

ods that utilize orthogonal waveforms, such as CDMA, aided by our novel signal

processing approaches to overcome the impact of waveform cross-correlation are im-

plemented in this thesis for proper signal separation at the RSN’s receiving nodes.
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Appendix C

Hardware Implementation of

mmWave RSN

Our developed system employs the TI AWR1642 to model any commercially available

mmWave sensing device. The AWR1642 is part of TI’s family of automotive radar

integrated circuits and is considered a complete radar system on a chip (SoC). Each

AWR1642, as depicted by the red board in Figure 6-1, is outfitted with two transmit-

ting and four receiving antennas, all of which have their own respective transmitting

and receiving subsystems. Each transmitting subsystem mainly consists of a timing

engine (i.e., crystal oscillator), an analog circuit for signal and chirp generation, and

power amplifier. Likewise, the essential receiving subsystem components that com-

prise the complex baseband architecture are the low-noise amplifier, RF mixers for

demodulation, ADC, and digital signal processor (DSP). The AWR1642 houses other

supporting digital subsystems leveraged by our system, such as an low-voltage differ-

ential signaling (LVDS) interface for high speed ADC output and on-chip memory.

Greater details about the AWR1642 and its board schematics can be found in [54].

All AWR1642 operations rely on three main software-controlled subsystems: the

radar subsystem (BSS), the DSP subsystem (DSS), and the master subsystem (MSS).

The BSS includes the digital front end, the ramp generator, and a dedicated Cortex

R4F microcontroller unit for RF/analog component configuration, monitoring, and

calibration; to note, the BSS is not commercially accessible, which constrains our

77



system’s possible improvements. The DSS is responsible for processing all received

signals and outputting target detections to the end user. The MSS controls the entire

operation of the sensing device, to include the BSS and DSS through dedicated mes-

sage passing. Since the AWR1642 is inherently designed as a monostatic transceiver

out-of-the-box (OOTB), our system implements major firmware enhancements to

enable multistatic configuration and ensure proper system performance.

This appendix discusses both the required firmware enhancements as well as our

system’s approach to node synchronization, node communication, data collection and

aggregation, and data analysis.

C.1 Synchronization

Our system synchronizes each node in the network through a hardware-based ap-

proach. That is, each node is tethered to a triggering circuit with 22AWG wires.

This method of synchronization achieves TS among the nodes and fulfills the RSN

TS requirement. For this implementation, our system assumes FPS among all nodes

in the network, given that each AWR1642 is the same model and version. Section G.1

proposes software synchronization courses of action, such that FPS is not assumed,

but rather ensured in future implementations.

Each AWR1642 has two 20-pin BoosterPack connectors for direct access to the

radar’s microprocessor. More specifically, each radar’s Pin 9 on the J6 connector

provides an external synchronization source direct access to the AWR1642’s synchro-

nization architecture. The external source our system inputs is from the 22AWG

wires connected to the triggering circuit, which are equal in length to ensure that

additional synchronization offset is not introduced into the system. The triggering

circuit’s specific design depends on the RSN size, but in general, it is composed of

a breadboard, various resistors, and |Ar| bipolar junction transistors (BJTs). Fur-

thermore, since the AWR1642s require 3.3V and 50mA to operate, an external power

source provides 3.3V and |Ar| * 50mA to the fabricated triggering circuit, which is

then distributed to each radar for synchronization. Each radar begins transmission
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on the rising edge of the 3.3V pulse propagated from the power source to the radar

nodes through the 22AWG wires. Depending on the AWR1642’s configuration file,

which is discussed in depth in the communication section, this pulse can be triggered

every frame or once an observation period.

C.2 Communication

Our system establishes and implements a robust, scalable CDMA-based communi-

cation framework among the networked nodes. This framework is twofold: first, it

defines what each radar physically transmits and second, how each radar transmits

it. In order for the AWR1642s to communicate target detection information over

the physical layer, they must share a common set of RF parameters. Once these pa-

rameters are established among the nodes, each node must communicate orthogonal

chirps based on the Hadamard-derived CDMA sequence to mitigate interference and

increase network throughput. Since each AWR1642 is designed for monostatic sen-

sor configuration, our system overhauled the pre-existing AWR1642 firmware so that

each AWR1642 could communicate based on the developed multistatic framework.

C.2.1 Dissemination of Shared Chirp Parameters

Common RF parameters shared throughout the network are paramount to the per-

formance of any multistatic FMCW-based RSN. For a receiving AWR1642 to dechirp

another distributed radar’s transmitted signal, the transmitting AWR1642 must also

share the same chirp parameters, such as starting frequency, bandwidth, period, and

interchirp idle time. Chapter 6 lists all parameters and their values used by our sys-

tem to collect target detection information. Our system disseminates these common

configuration parameters to each node in the network through a tailored configura-

tion file, which is remotely uploaded to each radar through an automation process

discussed in Section C.3. Our system’s ability to create, send, and input all config-

uration files to their respective radars through a single Python script enables quick

and easy access to the network’s sensing capabilities for any user.
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C.2.2 AWR1642 Constraints

Once all AWR1642s share a common set of parameters, they must communicate with

each other by transmitting orthogonal chirps. Orthogonality among the nodes can

be accomplished in a myriad of ways, such as TDMA, FDMA, and CDMA. TDMA

has previously been implemented and was therefore not considered in this thesis.

When deciding between FDMA and CDMA, our system had to consider three main

constraints posed to the system by the AWR1642. First, the AWR1642 internal

architecture only provides our system with one chirp generator for all transmitting

antennas. Therefore, our system was not able to implement FDMA, which requires

different carrier frequencies to transmit (and also receive/demodulate) multiple si-

multaneous signals. Second, the AWR1642’s transmitting antennas are not built with

individual, tunable phase shifters, like the AWR1843 is. Rather, the AWR1642s have

binary phase shifters. Furthermore, the firmware hardcodes the operation of each of

these phase shifters in accordance with the H2 matrix for collocated MIMO since

the AWR1642 is inherently monostatic. Our system overrides these firmware changes

and liberates the system from this constraint so that the system has full access to

each transmitter’s binary phase shifters. The firmware changes are discussed below.

Third, the AWR1642 binary phase shifters are only capable of slow-time BPSK and

not fast-time BPSK (i.e., dynamic intra-chirp phase shifting). This constraint further

extenuates the Doppler compensation problem addressed due to the greater length of

time between orthogonal chirps in a transmitted sequence.

C.2.3 Firmware Changes

The OOTB AWR1642 version implements collocated MIMO with two transmitters,

where the first transmitting antenna always transmits nominal chirps and the second

transmitting antenna transmits every other chirp with a binary phase shift. This

transmission scheme is also hardcoded into TI’s firmware because the engineers de-

signed the radar for monostatic operations. Therefore, our system developed a spe-

cialize firmware suite in the C++ programming environment that enables multistatic
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operation so that each transmitting antenna has the ability to phase shift any chirp

simultaneously. These changes elevate the potential to integrate more nodes into the

RSN and therefore, enhance the network performance. For proper operation, the

developed RSN-specific firmware must be loaded onto the AWR1642 device; direc-

tions for these procedures can be found in the AWR1642’s Software Development

Kit (SDK) [54].

C.2.4 Transmission Scheme

After our developed system’s firmware has been loaded onto all AWR1642s, the radars

are capable of transmitting properly parameterized, BPSK-enabled chirps. Our de-

veloped RSN currently implements a network of three AWR1642s (i.e., |Ar| = 3).

Therefore, each radar transmits BPSK chirps based on their respective row in H4.

Each node’s orthogonal codes are defined in the configuration file and shared in a

similar fashion to how the chirp parameters are shared. Our system’s firmware also

allows for remote BPSK coding, which provides the user flexibility in changing each

radar’s specific transmission scheme depending on the test.

C.3 Data Collection and Aggregation

Once triggered by the hardware-synchronized triggering mechanism, the radars begin

to transmit chirps based on the parameters found in their configuration files. In the

configuration file, each radar’s ADC sampling rate is also defined. The ADC uses

the defined sampling rate to produce ADC samples. Given that our system performs

offline processing, it utilizes TI’s DCA to collect the ADC data in real-time and write it

to an external processor. This written detection data is then transferred automatically

through a RPi information passing infrastructure to our system’s central fusion node,

where information fusion and processing occurs. Each of the main data collection

and aggregation components are discussed in detail in this section.
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C.3.1 DCA1000

Rather than utilizing the AWR1642’s outputted state estimates that are tailored

to a monostatic radar configuration, our system employs the DCA to capture the

AWR1642’s post-ADC LVDS data for multi-target, multistatic RSN algorithm devel-

opment. Each DCA, which is depicted by the green board in Figure 6-1, is connected

to its respective AWR1642 by a 60-pin Samtec cable; more specifics on the DCA can

be found at [54]. Once the LVDS data samples are captured by the DCA, they are

converted to binary and streamed over the Ethernet interface to each sensor node’s

external processor for storage and then dissemination to the central fusion node.

C.3.2 Processors

The RPi serves as the external processor for each of the developed system’s sensing

nodes; it is cheap, small, and performs all the necessary functions required. Rather

than using computers, which have been utilized in previous implementations, our

system uses RPis for greater network versatility, such as as the introduction of mobile

nodes discussed in Section G.2.

One key factor our system considered when choosing an external processor was

packet loss, which is when packets of data are dropped during routing from the DCA

to the RPi. Our system could not afford data loss between the DCA and the external

processor. As compared to computers, where packet loss can range from 5% to 35%

of all data streamed, RPis are capable of consistently achieving 0% packet loss due

to their high ethernet throughput.

In order to achieve no packet loss, our system utilizes the RPi’s random access

memory (RAM) rather than the SD card as the SD card’s write mechanism is too slow

for the incoming data packets from the DCA. It also preallocates space on the RPi

RAM by making a matrix variable and as each packet arrives, the program appends

the packet to the variable. Once the desired test is complete, the matrix variable is

written to the corresponding test’s text file. Once all data is written to the text file,

the external processor automatically exports the data to the central fusion node for
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data processing.

C.3.3 Automation

Our system’s design includes a myriad of system automation algorithms to increase

the user experience and decrease the potential for human error when conducting

sensing experiments (e.g., during node configuration). This novel automation infras-

tructure relies on our system’s wireless ad-hoc network, which is instantiated by the

central processor at the beginning of every observation period. Once each RPi is

powered on and deployed into the environment, it automatically connects to the ad-

hoc network. Given all RPis have connected to the network, the central processor

operates each sensing node through the secure shell protocol.

The first task our system automates is the configuration of the RSN, which oc-

curs once each radar’s configuration file, to include the common, application-specific

set of parameters and the corresponding radar’s CDMA sequence, is written and

sent to each radar’s respective RPi. The RPi interfaces with the AWR1642 via the

universal asynchronous receiver/transmitter (UART) protocol over the universal se-

rial bus (USB) interface. Before deployment, each RPi is installed with our system’s

configuration package, which is a suite of Python scripts that communicates with and

automatically configures the AWR1642 before any sensing begins. This infrastruc-

ture allows users to deploy all nodes quickly, easily, and without much thought. The

next task our system automates is the instantaneous exportation of data to the fusion

node. Given that the RSN could be deployed across large swaths of land, expeditious

data aggregating is essential. Not only does our system transfer the received data

to the central processor, but it automatically prepares the RPi for the next observa-

tion period (i.e., clears memory, deletes unwanted configuration files). Our system

also automates the preparation of all aggregated data at the central processor for

information processing, which is discussed specifically in the following section.

83



C.4 Data Analysis

Prior to beginning the information processing chain, our system must convert the

aggregated binary ADC files into a more workable format, such as a comma separated

value (CSV) file. This preprocessing is accomplished by a set of Python scripts located

on the central processing node. Once each data file arrives at the central processor,

the scripts transform each packet of data, which corresponds to an ADC sample,

into a complex number. After this conversion, the Python scripts also produce a log

file, which is a combination of both the radar’s respective configuration file with all

the application-specific parameters and the number of dropped packets during either

data collection or aggregation. Once this process is complete, our system begins the

information processing chain to produce target state estimates.
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Appendix D

Softare Implementation of mmWave

RSN

Our developed system’s information processing chain deploys novel algorithms to

resolve target state information, estimate target position, and produce accurate target

tracks over time. This information processing occurs once the central processing node

receives all data from the RSN.

D.1 Multistatic Detection

In our system’s current implementation, all multistatic detection algorithms are de-

veloped and deployed in the MATLAB programming environment. Target detec-

tion begins by loading in each radar’s CSV data file and respective log file into the

MATLAB-based algorithm. Our system utilizes each log file to define variables based

on the specific chirp and frame parameters used during the observation period. This

design feature provides our system flexibility in processing any RSN configuration.

The log file also dictates each radar’s BPSK sequence employed during that particular

test.

Given the CDMA sequences, the central processor performs both Doppler compen-

sation and IF signal decoding on all data files. Each data file produces one monostatic

and two bistatic data sets. Post CDMA-decoding, the monostatic and bistatic de-
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tection algorithms are applied to each respective data set. All detections produced

from this operation are in reference to each receiver’s local reference frame. Before

inputting these detections into our system’s MTT algorithm, all detections need to be

reoriented to the RSN’s global reference frame; the global reference frame corresponds

to one of the radar’s local reference frames, which is predefined in all configuration

files. With all detections reoriented to the same, perspective device, our system then

interleaves all detections from the same time step together into one matrix such that

the tracking algorithm can perform many updates per time step. As mentioned previ-

ously, providing the MTT with many spatially diverse measurements every time step

is a major benefit of our system’s distributed MIMO multistatic RSN.

D.2 Target Tracking Algorithm

Our system implements a LMB tracking algorithm with a particle representation

[55–57]. The system also assumes a constant target motion model, which is explored

in (6.1). For a desired increase in MTT performance, our system produces a greater

number of spatially diverse detections per time step from its distributed MIMO RSN.

However, this increase in the number of detections per time step poses a tougher

data association problem for the system. Therefore, certain probabilistic decisions

are made to intelligently select certain data points to reduce the false-alarm rate and

increase the target detection probability.

In light of Assumption A6), each target is assumed to generate at most one mea-

surement per sensing channel per time step. In addition to the false-alarm measure-

ments, multiple true radar measurements can be produced by a single target due to

the AWR1642’s fine range resolution. Furthermore, static targets in the environment,

such as walls, tables, and chairs, produce undesirable detections. Therefore, peak

grouping and background removal, two additional algorithms, are implemented so

that the MTT is provided with the appropriate detection inputs. Figure D-1 demon-

strates the preprocessing progression through these algorithms on a set of detections

from a single frame.
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Figure D-1: Our system implements preprocessing algorithms in order to satisfy
the single detection per-target assumption made by the MTT. Figure (a) shows all
detections collected from one frame. Figure (b) shows the peak grouped detections
from the same frame. Figure (c) shows the resulting detections used for state estimates
after both background removal and peak grouping.

D.2.1 Peak Grouping

Prior to generating any state estimates, our system distills each target’s set of pro-

duced detections down to a single averaged peak detection. This grouping reduces

the MOU and specifically aids in fulfilling Assumption A6) for the LMB MTT. To ac-
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complish this, our system recursively finds all detections within a pre-defined distance

of a certain detection and once all neighbors of that detection have been explored,

produces a new, averaged peak detection.

D.2.2 Background Removal

Our system further preprocesses the now-clustered detections by removing all non-

informative background detections prior to the MTT producing estimates. Back-

ground detections skew the target belief states. Background removal begins by obtain-

ing all detections collected when no desired targets exist in the sensing environment.

Then, every detection collected thereafter during observation periods of interest are

compared to a threshold corresponding to each background detection. If such a de-

tection crosses that threshold, the detection is considered background and is pruned

out of the set of detections for the MTT. Furthermore, our system is able to update

the set of background detections depending on how long the observation period is

since the sensing environment may change over time.

D.2.3 LMB Particle Filter

The PF is an effective algorithm used to solve a myriad of estimation problems ranging

many domains. This filter works exceptionally well in non-linear and/or non-Gaussian

state-space systems because rather than restricting the underlying estimation model,

which may require linearity and Gaussian PDFs, the PF approximates the posterior

PDF by a discrete PDF (i.e., a set of weighted points). Our system implements

a LMB-tailored version of the PF to fit the system’s non-linear MTT estimation

problem.

As discussed in Section 5.2, the LMB RFS X is characterized by the parameter set

{(rn(l), pn(x, l))}l2Ln , where each individual Bernoulli component indexed by a unique

label l has a probability of existence rn(l) and density pn(x, l). Our system represents

each target density via independent weighted particle sets {(w(l,j)
n ,x

(l,j)
n )}Np

j=1, such
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that the target density is approximated by:

p(xn, l) ⇡
NpX

j=1

w
(l,j)
n �(xn � x

(l,j)
n ) (D.1)

where �(·) is the Dirac delta measure, with defining properties: (1) �(x � a) = 0 for

x 6= a, and (2)
R1
�1 �(x� a)dx = 1.

Each particle, x(l,j)
n , represents a possible realization of target l’s state vector and

has a corresponding weight, w
(l,j)
n , that dictates the particle’s relative importance

in comparison to all Np particles. The larger the weight, the closer in location the

particle is to the true target state. Furthermore, the particle sets are considered nor-

malized (i.e.,
PNp

j=1 w
(l,j)
n = 1 8 l 2 Ln) and sequentially propagated in time through

the predict (Section 5.4.1) and update (Section 5.4.2) steps [32,51]. After propagating

the particles through the LMB equations, the LMB-PF resamples all particles to gen-

erate a replacement set of particles, where the number of particles remains unchanged

and their weights are typically uniform. However, particles with greater weights prior

to resampling are duplicated and particles with negligible contribution to the overall

estimate are disregarded. Resampling is meant to conserve computational effort by

disregarding non-informative particles and increasing particles effective for estima-

tion [65].

Furthermore, particle sets are generally produced by sampling a particular dis-

tribution, commonly referred to as the importance density, to estimate another dis-

tribution. In our system’s case, samples are generated from sampling the kinematic

transition kernel, which is denoted by fn+1|n(·|xn, l) in Assumption A2) [66–68]. Our

system also implements an adaptive birthing approach, where the generation of par-

ticle sets are based on the measurement sets themselves [51]. If the measurement

has a high likelihood of originating from an existing track, commonly referred to as

a surviving target, additional particles are generated following the kinematic kernel.

Conversely, if a new target enters the sensing environment and its detection has a

low likelihood of originating from an existing track, then the measurement is either

considered clutter or a birthed target. For the latter, a new labeled Bernoulli compo-

89



nent is initiated from a distribution such that all particles are spread throughout the

sensing environment uniformly. In the following time steps, if additional measure-

ments have high likelihoods of originating from previously initiated labeled Bernoulli

components, the target’s probability of existence increases. Given clutter appears spo-

radically throughout the sensing environment, the recently birthed labeled Bernoulli

component is pruned once the probability of existence is too low.
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Appendix E

Expansion on OSPA Performance

Metric

The OSPA metric is a statistical distance between the estimated set of target tracks

and the ground-truth set of target tracks. OSPA is not conditioned on the temporal

history of either the target’s true tracks nor their estimated tracks. This metric is

calculated for the current time step’s corresponding track assignments as follows [59]:

d̄
c
p(T ,X ) ,

"
1

k̂

 
min

�2Perm(k̂)

kX

j=1

�
d
c
�
tj,x�(j)

��p
+ c

p
�
k̂ � k

�
!# 1

p

(E.1)

where T = {t1, t2, . . . , tk} and X = {x1,x2, . . . ,xk̂} are the ground-truth and esti-

mated track sets, respectively, Perm(k̂) is the set of all permutations of the first k̂

integers, and d
c
(t,x) = min(c, kt� xkp) is the p-norm distance between vectors t,x

at cut-off value c, where k̂ > k, p 2 [1,1], and c > 0.

This distance metric is comprised of two components, such that each component

separately accounts for the localization and cardinality errors between the sets. The

localization component of d̄
c
p, ē

c
p,loc, quantifies the accuracy of each state-estimate,

whereas the cardinality component, ēcp,card, captures the error from false tracks, re-
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dundant tracks, or missed true tracks, such that:

ē
c
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ē
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�

k̂

⌘ 1
p
. (E.2b)

A higher ē
c
p,loc indicates inaccurate target state-estimates, whereas an increase

in ē
c
p,card signifies a mismatch between the number of true and estimated tracks.

Appropriately choosing values for p and c produces meaningful interpretations of d̄cp as

these parameters have a direct affect on how sensitive d̄
c
p is to outlier state-estimates

and differing set cardinalities by imposing varying penalties. For applications that

require systems to accurately estimate the position of each target, a smaller value for

c is recommended. Conversely, if it is more essential to estimate the exact number

of targets, loosening the bounds of c is preferred. In order to keep the penalty for

false tracks, redundant tracks, or missed true tracks the same as localization errors,

the OSPA metric should be parameterized with p = 1 for first-order per-target error,

which is measured in meters. Furthermore, by choosing p = 1, both ē
c
p,loc and ē

c
p,card

can be summed together for a direct interpretation and easier understanding of the

OSPA metric.

We evaluate all sensing scenarios with p = 1 and cut-off values of 0.35m and 0.50m.

These values were chosen based on the number of expected targets in the environment

as well as the AWR1642’s measurement accuracy. As a reminder, the OSPA metrics

are only as reliable as the truth of the produced true tracks. The process by which the

true tracks were developed in this thesis are described in Section 6.5.1. Given that

the true tracks do not account for indirect target motion as well as abrupt changes

in target trajectories (i.e., corners), there are indications on Figure 6-4 and Figure

F-1 of such events to signify where the OSPA errors may be skewed based on these

occurrences.
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Appendix F

Single Target Tracking Comparison

A comparison between our developed system’s LMB-PF and a previously imple-

mented B-UKF with sigma point belief propagation is presented. For proper compar-

ison, both target tracking filters are provided the same CDMA-derived measurement

set to evaluate their performance, although the previously implemented system was

only capable of collecting measurements in a TDMA fashion. Therefore, it is impor-

tant to note the B-UKF receives a gain in detection quality and quantity from the

increase in spatially diverse measurements.

Figure F-1 visually presents the performance evaluation between the two algo-

rithms. Not only does the B-UKF take approximately 3.94x longer to produce a

target state-estimate, which is not conducive to real-time target tracking, it’s aver-

age OSPA with a cut-off value of 0.50m is also approximately 0.45m larger than the

LMB-PF’s OSPA. Furthermore, for the same set of measurements and true tracks,

our system’s LMB-PF correctly estimated the true target 10% more often than the

B-UKF. Additionally, the LMB-PF is capable of more quickly estimating target births

and sudden changes in target trajectories as compared to its B-UKF counterpart.

As mentioned previously, the true track does not perfectly represent the sudden

changes in target trajectory. Therefore, green stars are used to indicate when the

target turns a corner as this produces an inadvertent increase in OSPA error due to

the true track’s misrepresentation of true target motion around corners (i.e., accelera-

tion/deceleration). Figure F-2 showcases both filter’s estimated target tracks overlaid
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Figure F-1: One Target OSPA comparison between our system’s LMB-PF and the
B-UKF.

with the ground-truth tracks.

Table F.1 also summarizes both filter’s respective metrics relevant to the single

target tracking realization.

Table F.1: Single Target Tracking Performance

c = 0.35 m c = 0.50 m
Scenario OSPA [m] TOT OSPA [m] TOT
|At| 6 1 (B-UKF) 0.2211 79.27% 0.2410 89.63%

|At| 6 1 (LMB-PF) 0.1855 98.17% 0.1860 100.0%

94



MU Estimated Track (T2)

MU Estimated Track (T3)

Floor Markings

MU Estimated Track (T1)

�2.5 �2 �1�1.5 0.5�0.5 0 1 1.5 2 2.5

0

1

2

3

4

5

6

X Position [m]

Y
P
o
s
it
io
n
[m

]

Floor Markings

Single Target UKF LMB-PF Estimated Track Comparison

UKF Estimated Track

LMB-PF Estimated Track

Figure F-2: Estimated Target Tracks versus Ground True Tracks for single target
tracking scenario.

95



96



Appendix G

Topics for Further Exploration

The developed RSN’s system architecture and algorithms are specifically developed

to be insensitive to the number of cooperating nodes in the RSN. In order to pro-

mote future success in a scaled-up version of our system, future research should be

devoted to software synchronization, mobile node deployment, and real-time infor-

mation processing. Each of these areas have been explored in part to the research

conducted for this thesis, but will require more careful consideration before successful

integration into our system’s current implementation. Below describes each improve-

ment’s importance to the overall system performance and recommended actions for

implementation.

Furthermore, as part of this thesis, we developed a software-based version of our

hardware-based system in the MATLAB programing environment. This system lever-

ages the MATLAB Phased Array toolbox to simulate an FMCW RSN in an indoor

environment and produce synthetic target measurements. We designed this system

so that these discussed features could be seamlessly integrated into a future imple-

mentation of our developed system.

G.1 Software Synchronization

In a distributed RSN, each node is fabricated with its own oscillator. These oscilla-

tors produce a periodic, electronic signal, often in the form of a sine wave, to be used
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by the node as a reference signal. Synchronizing these independently running oscil-

lators is the cornerstone for any scalable, coherent, distributed, all-wireless MIMO

RSN [69]. For our system, a software-based synchronization approach would liberate

its current implementation from the limitations associated with the hardware-based

synchronization approach and provide the network increased versatility and size.

Achieving phase coherence among all nodes in the RSN can be accomplished

through various approaches; that is, both passive and active solutions through a

range of centralized to distributed approaches that rely on both iterative and non-

iterative methods can be implemented [60,64,70–72]. One possible solution introduces

a new FMCW hardware architecture, known as over-the-air deramping (OTAD), that

utilizes a dual-frequency transmission design [73]. OTAD simultaneously broadcasts

two signals from the same transmitter into the sensing environment: one at a lower

frequency to serve as the reference signal and another a higher frequency to illu-

minate the targets in the sensing environment. While a viable option, this solution

requires more intricate internal FMCW radar hardware architectures (e.g., additional

transmitting and receiving subsystems for dual-frequency transmission/reception to

include demodulation), lending itself to increased production costs and not COTS.

Therefore, our system should implement a novel, tailored system similar to Air-

Share, presented in [74]. Rather than using the AWR1642’s internal architecture to

achieve phase coherence, AirShare inputs an identical reference signal to each sensor

node through an external hardware architecture. This architecture is comprised of

one master emitter and multiple receivers, each of which are connected to a single

mmWave RSN sensing node, as seen in Figure 6-1. Each AirShare receiver, which is

small in size, inputs the reference signal to the AWR1642’s input port. As noted in

the AWR1642 technical documents [54], the AWR1642 supports an external oscillator

that produces either a square or sine wave at 40 MHz. Furthermore, AirShare has the

capability to propagate the reference signal over large swaths of area with the use of

slave emitters, which regenerate and propagate the master emitter’s clock signal. Fi-

nally, implementing AirShare will promote mobile node deployment by allowing each

node to properly operate without the need to be tethered together by the current
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AWG wires.

G.2 Mobile Node Deployment

RSNs with mobile sensing nodes are capable of deploying in a greater number of

scenarios and applications (e.g., autonomous unmanned aerial vehicle (UAV) aided

search and rescue) as compared to RSNs with stationary nodes. Once a reliable,

robust software synchronization architecture is implemented, each radar will be ca-

pable of leveraging the multistatic detection algorithms presented in Section 4.3 to

communicate to the other radars in the network their relative state (i.e., location,

velocity, orientation) through the physical layer (e.g., LOS peak).

Additionally, mobile node deployment will provide the network with more accurate

multistatic detections. For instance, in scenarios with stationary RSNs, stationary

targets are not resolved with as high of certainty as they should be. Therefore, with

the help of the RSN’s relative motion, these stationary targets will be resolved and

processed more confidently. Furthermore, mobile nodes have the flexibility to move

and maneuver dynamically depending on how the sensing environment evolves. As

discussed in Section 4.2, the radar’s detection accuracy decreases as targets move

towards the radar’s broadside. If the nodes are mobile, they will be able to reorient

themselves during sensing and therefore, further increase the multistatic detection

capability by keeping the targets at boresight. Also, as the targets depart the sensing

environment, the mobile nodes will be capable of traveling with the targets, providing

increased situational awareness to the end user.

G.3 Real-Time Processing

The third and final proposed advancement for the next iteration of our system is

to transform the implemented offline information processing into real-time process-

ing [75]. In our system’s current state, each radar sensor collects and exports the

raw ADC data to its individual processor. From there, the entire data set is au-
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tomatically transferred to a centralized computer for processing and fusion. While

effective, this process is time consuming due to the large amount of data transferred

wirelessly. With this in mind, real-time processing will provide our system’s end users

two key benefits: a cheaper, smaller RSN and near real-time target state estimates

for immediate visualization.

Each of the mmWave RSN sensing nodes are currently comprised of both the

AWR1642 radar sensor as well as the DCA1000 real-time data capture card. The

DCA1000 is essential for our system’s current system implementation, but will be ob-

solete with real-time processing as all data will be processed on the AWR1642’s inter-

nal digital signal processor. As the network scales in size, disregarding the DCA1000

will reduce each node’s form factor and drive down the RSN production cost, truly

making our system a low-cost system.

To accomplish this, all information processing algorithms need to be converted to

the C++ programing environment and flashed onto the AWR1642 as per the instruc-

tions found in the radar’s SDK [54]. This flashing will replace the default algorithms

in TI’s current DSS. These real-time processing algorithms will provide the end user

with near real-time target state estimates, which is more practical for target tracking.

The current system implementation has also already established a robust infrastruc-

ture for communication between each node and the master computer. Therefore, as

one detection is being processed on the AWR1642, another can simultaneously be

sent to the fusion center for target tracking and visualization.
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