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Introduction to Radar Processing and Deep Learning

At the end of this chapter, reader will have understanding on

o How radar data cubes are processed to extract range, velocity, and angle of the
multiple detected targets and are tracked over time.

o Different target representations used for radar target recognition.

o Introduction to deep learning architectures used for radar target recognition.

1.1 Basics of Radar Systems

Radar is an acronym that stands for radio detection and ranging. It is basically
an electromagnetic system used to detect the presence of one or more targets of
interest and estimate their range, angle, and velocity relative to the radar. Instead
of just measuring the target’s location and velocity, modern radars can predict the
target given the reflected radar signals. The main objective of radar compared to
infrared and optical sensors is to discover distant targets under difficult climate
conditions and to determine their spatial location while tracking them over time
with precision. The general working principle and signal processing fundamental
details are explained in the following sections.

1.1.1 Fundamentals

The radar system generally consists of a transmitter that produces an electromag-
netic signal, which is radiated into space by the transmit antenna. When this signal
strikes an object, it gets reflected or re-radiated in many directions. This reflected
echo signal is received by the receive antenna, which delivers it to the receiver
circuitry, where it is processed to detect the target and also localize it over time
along with certain characteristics of the target. A simplified version of a typical
continuous wave radar front-end with the most important building blocks can be
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Figure 1.1 Block diagram of the continuous wave radar front-end and its receive chain
including the mixer, band pass filter, and analog-to-digital converter. The digitized
samples s(t) are stored into a data matrix s[k, (]. The radar in this case is sensing a
human target in the field of view.

seen in Figure 1.1. The chosen waveform is generated by a local oscillator (LO)
and transmitted via the transmit (Tx) antenna. The receive (Rx) antenna then
captures the incoming signal reflections from the target at a distance. After ampli-
fying the received signal, it is mixed with the original transmitted waveform and
is passed through subsequent analog bandpass filtering (BPF). This removes any
high-frequency components that could cause aliasing as well as low-frequency
components from direct coupling of the LO signal into the receiver. After mixing
and filtering the signal that has been shifted to an intermediate frequency (IF),
and it is referred as s;z(t). The IF bandwidth B is determined by the upper cut-off
frequency of the bandpass filter, which is typically in the order of tens of kHz to
few MHz.

1.1.2 Signal Modulation

To detect and differentiate multiple targets along its range, relative velocity, and
azimuth-elevation angle dimensions, linear frequency modulated continuous
wave (FMCW) is used as the most standard sensing waveform [1]. Usually,
consecutive identical chirps are transmitted within a frame with a predefined
time spacing referred to as chirp repetition time. The received IF signal is arranged
within a two dimensional matrix, and the intratime, i.e., within a chirp, is referred
as fast-time, while the intertime, i.e., across chirps, is referred to as slow-time.
If the target is static, the round trip delay in the received signal is manifested
as a frequency offset along the fast-time dimension after down-mixing at the
receiver. But if the target or the radar is not stationary, the received signal will
have an additional frequency offset caused by the Doppler shift manifested across
slow-time dimension.

Figure 1.2 shows the concept of a FMCW modulation in detail. The LO gener-
ates a chirp signal s; (¢) with starting frequency f; | o, bandwidth B, duration T,
and resulting sweep rate u; 5 = B./T.. By taking advantage of time integral over
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Figure 1.2 Illustration of typical modern radar sensors with several identical transmit
chirps within a frame and the digitized IF samples s.[k] are then stored chirpwise in a
data matrix for coherent processing.

Tx frequency, instantaneous phase is calculated as shown in Eq. (1.1), where ¢ 1
corresponds to the initial phase of the LO:

Jrx® = foro +B./T.t (1.12)
r(t) = 27 /0 iy = 21y ot + n%tz + @010 (1.1b)
Assuming unity amplitude for a single chirp, s; () can be formulated by
$e.(0) = {cos (b)) 0<t<T, (12)
else

If this transmit signal gets reflected by some object, also referred to as target, the
reflection will be received at the radar with a time delay z, which is proportional to
the target’s distance to the radar. Additionally, signals of multiple reflections, like
extended targets, are superimposed on each other at the receiver. For an arbitrary
number of point targets Ny, composing a spatially distributed target, the received
signal sg,(¢) can thus be expressed as follows:

N,

tgt

Seall) = D st = (D) + 1 (1.3)
i=1

where n represents thermal receiver noise or clutter and 7;(f) is the round trip delay
to the ith target located at distance R; and moving with a relative radial velocity
of v;. As a result, 7,(f) can be described as M , where ¢, is the speed of light.
For ease of notations, the noise term is dropped for all the following considerations.
The received and amplified signal is mixed with the original transmitted signal
(Spmix(®) = Sp () - Spy(1)). As discussed before, both transmitted and received signal
follows cosine waveform. Thus, the down-mixed signal s, (t) can be transformed
into two components using trigonometric formulation.

mix

Siix() = Spy (D) « S (£) = %(COS(drdiff(t)) + co8(hg i (1)) (1.4)
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here ¢4(f) contains the difference of Tx and Rx signal frequencies and ¢, (¢)
contains the sum frequencies respectively. The sum component is removed by the
following BPF and the resulting IF signal s;z(t) is obtained as follows:

sp() = %Cos(d)diff(t))

B
r % Y
2f,R 2R 2fyw 2B,0 (1.5)
~ Lcos (27 HoR + — - Hov t— ——1*
2 Co ¢y T, (o ¢y T,
N~ Y~
b0 fr fo

This shows that intermediate received signal contains both distance-dependent
frequency f; and also speed-dependent frequency shift f;, which are factors of
modulation parameters. This includes chirp duration T, chirp repetition time T,
sweep frequency or bandwidth B, and number of chirps in a frame N, as main
configuration parameter for the design of a FMCW waveform. As a result, these
parameters control the range and Doppler resolution, as presented in Egs. (1.6)
and (1.7), respectively. The maximum observable range and the maximum unam-

biguous Doppler is given in Egs. (1.8) and (1.9).

2B R
Afp = — (1.6a)
COTC
Co
ARy =121 (1.6b)
C
2fqv
Af, = {—O (1.7a)
0
A 121—2 (1.7b)
v =121——- .
mn 2f0Ncch
fieoT,
max = B (18)
C
Vo= 0 (1.9)
max — 2chf0 .

1.2 FMCW Signal Processing

The IF signal, obtained from Eq. (1.5), is then digitized by an analog-to-digital
converter with sampling period T, at the discrete time instants kT,, where
k € [0,..., N — 1]. Consequently, the discrete time signal s[k] contains Ny samples
per chirp. Typically, modern short-range radar sensors rapidly transmit several
identical chirps in a so-called chirp sequence modulation. The digitized IF sam-
ples s[k] are then stored chirp wise in a data matrix s[k, I] for coherent processing.
Figure 1.3 summarizes the FMCW signal processing multistage pipeline, where
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sk, 1] is first preprocessed in time-domain for removal of spectral leakage or
static targets followed by interference mitigation. Later, the preprocessed sk, [] is
transformed to frequency domain for target detection. Once a target is detected,
then the measurement is fed into a tracking algorithm for temporal smoothening.
At the end, the tracked target’s features are extracted using their motion or spatial
signature in the form of images or point-clouds, respectively, which are used for
target recognition.

The frequency domain analysis for range-Doppler processing is explained in the
following section.

1.2.1 Frequency-Domain Analysis

As indicated by Egs. (1.6) and (1.7) both range and radial velocity information
of the target are functions of frequency shifts in the received signal. As a result,
frequency-domain analysis is used to determine respective target’s parameters
instead of time-domain analysis. In contrast to time-domain signals where signal
changes over time (amplitude or power) can be observed, frequency-domain anal-
ysis reveals how much of the signal lies within each given frequency band over a
range of frequencies, which also include change in phase information. The most
common frequency-domain transform methods are Fourier transform, short-time
Fourier transform (STFT) and wavelet transforms. All three transforms are inner
products of a family of basis functions with a time-domain signal. The parame-
terization and the basis functions determine the properties of the transforms.
Before delving into details, Figure 1.4 illustrates all the three transforms
pictorially. While the classical technique to represent time signals in the fre-
quency domain by calculating discrete Fourier transformation (DFT), it fails to
detect time variant frequency effects, which are important for extended targets.
As an alternative, DFT is modified by shortening the time window for each
DFT and leads to short-time Fourier transformation (STFT), which improves
resolution in time but at the cost of lower accuracy in the frequency domain, as
seen in Figure 1.4. While the DFT has no temporal resolution and STFT have fixed
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Figure 1.4 Pictorial representation of all three transforms, i.e., Fourier, STFT, and
wavelets over analog-to-digital conversion (ADC) sampled chirp sequence data.
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resolution for complete time-frequency, the wavelet transformation can adapt both
the time and frequency dimensions and result into a high-frequency resolution at
low frequencies while maintaining good time localization at high frequency.

1.2.1.1 Discrete Fourier Transform

While the Fourier series is used for oscillating or repetitive signal, Fourier trans-
form is used for nonrepetitive signals. Thus, Fourier transform can be formulated
as a special case of Fourier series when the time period T — oo. For the stan-
dard Fourier transform, the basis functions are simply the complex sinusoidal
oscillations

b, (1) = & (1.10)

where ¢ is the time axis of the signal and w is the single frequency parameter that
determines the basis function in the family. There is one basis function for every w.
The Fourier transform of the signal x(¢) is then simply the inner product written
as an integral

[oe]

x(@) = F{x()}(@) = (b(w, 1), X(£)) = / e x()dr (1.11)

—00
The negative sign in the exponential comes from the complex conjugation in the
general inner product definition:

[oe]

(a(0), b)) = / a(r)*b(r)dr (1.12)

-0
Since we are processing down-sampled raw radar analog-to-digital conversion
(ADC) data matrix, all signals are considered as discrete time and valued (unlike
continuous signals). Thus, discrete time Fourier transform (DTFT) is performed
as follows:

X(@) = ) x(ned™" (1.13)

n=—oo
where x(n) is discrete time-value signal and X(w) is continuous spectrum. Conse-
quently, as X(w) is of continuous nature, the DTFT cannot be processed directly
on a digital machine. Therefore, a discrete spectrum response is required, which is
usually done by using the discrete Fourier transform (DFT) and denoted by X (k).
This is done by sampling over the spectrum of the DTFT. The sampling frequency
of DFT is defined as w, = 27k/N.Here, N corresponds to the total number of sam-
ples retrieved from the DTFT:

N-1
x <2]7\3_k> _ Z X(n)e 2N (1.14)
n=0
N-1
X(k) = Z X(n)e /N (1.15)

n=0
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The above equation shows two fundamental mathematical operations, which are
carried out for every sample of the input signal - multiplication and addition.
The DFT is an iterative operation and requires a high-computational effort. The
fast-Fourier transform (FFT) is an algorithm to compute the DFT efficiently. This
is usually done using the Cooley-Tukey algorithm; however, there exist many
other algorithms.

The FFT operation is applied over down-sampled raw radar ADC data matrix
stored along the chirp, namely fast-time dimension, with consecutive chirps stored
along the columns, referred to as slow-time dimension. Prior to the FFT opera-
tion, as seen in Figure 1.3, time-domain preprocessing can be done as an optional
step. This helps to remove Tx-Rx leakage and clutter noise from down-sampled
raw radar ADC data matrix. This is done by mean subtraction across fast-time
and slow-time, respectively. This process is commonly known as moving target
indicator (MTI) processing. Furthermore, an optional interference detection and
mitigation method could also be applied to reduce the effect of interference and
noise. By calculating the two-dimensional fast Fourier transform (FFT) on this
data matrix, fast-time is converted to range-frequency and slow-time to Doppler
frequency. This operation yields the spectrum Sy},, with indexed dimensions as
range-frequency f,. and Doppler-frequency f,,.

In principle, FFT assumes that the signal contains a continuous spectrum that
is one period of a periodic signal. However, the measured raw data matrix s[k, []
may not contain integer number of periods. Therefore, the definiteness of the s[k, []
may result in a discontinuity at the endpoints of the waveform in comparison to
the original continuous-time signal and could introduce sharp transition changes
into the consecutive measured signals. These artificial discontinuities lead to the
additional high-frequency components not present in the original signal. This phe-
nomenon is called spectral leakage where energy at one frequency leaks into other
frequencies. This causes the sharp frequency spectrum to spread into wider signals
and leads to ambiguity.

These effects are minimized using a technique called windowing. The win-
dowing function reduces the amplitude of the discontinuities at the boundaries
of each finite sequence acquired by the ADC. Windowing function consists of
amplitude envelope that is multiplied elementwise with the original ADC matrix.
The characteristic of windowing function is such that it varies smoothly and
gradually toward zero at the edges. This makes the endpoints of the measurement
s[k, 1] similar and therefore results in a continuous waveform without sharp tran-
sitions. In addition to it, in general, zero-padding along either of dimension of the
data matrix s[k, [] is done with a factor of power of 2. This interpolates the coarse
spectrum to become more smooth but does not reveal extra information from the
spectrum. To improve the resolution of the spectrum, length of the recorded signal
needs to be increased. Additionally, it can also be interpreted as windowing, which
is time-domain multiplication of rectangular function with the original signal.



1.2 FMCW Signal Processing

1.2.1.2 Short-Time Fourier Transform (STFT)

Since FFT is performed over complete ADC sampled chirp matrix s[k, [], it aver-
ages out signal frequency components. This approach is good for localization and
detection of reflection from targets but fails to extract both spatial or motion infor-
mation (commonly termed as signatures) for an extended targets like humans.!
As a result, FFT is modified by adding time dimension to the base function
(b(w,to)(t)) parameters by multiplying the infinitely long complex exponential with
a window to localize it. This transform is known as STFT, whose base functions
are then

b(wi)(®) = w (t = ty) exp(iot) (1.16)

where w(t) is the window functions that vanish outside some interval and (co to)
are the time-frequency coordinates of the base function in the family. The inner
product is formulated as follows:

[oo]

S{s0)} (w,t,) = / w(r)* exp(—iwt)s(r)dr (1.17)

—0o0
The advantage of STFT is that it can capture frequency information of target’s
signature over time, i.e., range signature or micro-Doppler signatures. This infor-
mation can be treated as unique signature for target recognition or its attribute
recognition. However, it is challenging to find a trade-off between time and fre-
quency resolution while calculating the STFT. This is determined by the choice of
the window function and sampling frequency.

1.2.1.3 Wavelets

In contrast to DFT and STFT, the wavelet transform adapts the window size
to the frequency with the constant bandwidth constraint. This is designed in a
scale invariant approach that doesn’t even need the complex modulation basis
function. The working principle of wavelet transforms can be understood with
a generic base function that is localized and oscillates with zero mean, i.e., the
integral over the complete space is zero. This basis function is referred as mother
wavelet. The advantage of such a basis function (wavelet) is that both localization
(time) and oscillation (frequency) resolution trade-off can be reduced, which is a
constraint in STFT. Therefore, the family of base functions can be summarized as

t—t
b(o‘,t(,)(t) =w < . 0) (1.18)

where w is the mother wavelet and o the scale parameter. Thus, the inner product
becomes

Wis0)} (o,t,) = /oo w(t_ t°> ‘s(t) (1.19)

. o

1 With the availability of high-resolution radar, human targets are treated as doubly extended
targets due to their multiple spatial reflections along range and along Doppler referred to as
micro-Doppler components.
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1.3 Target Detection and Clustering

As illustrated in Figure 1.3, irrespective of the target representation, i.e., images
or point clouds, the most standard target detection has two stages, involving the
detection followed by clustering. A simple approach to target detection is peak
detection by determining if the sensed bin has higher amplitude than its neigh-
boring bins.

Alternately, constant false alarm rate (CFAR) detector is used for detection of the
targets. CFAR detector calculates detection probability for each bin by estimating
varying noise power from neighboring cells as shown in Eq. (1.20). Here, T refers
to detection threshold, « is scaling factor, P, is estimated noise power, N counts
the total number of neighboring reference cells and Py, is the CFAR. Equation
(1.20) represents cell averaging (CA)-CFAR. The drawback of CA-CFAR is that
it occludes the weak targets near to strong target by having higher noise thresh-
old and thus masking it out. As an alternative, ordered statistics (OS)-CFAR is
being used for detection. The kth ordered data is selected as threshold instead of
averaging over all reference cells.

T =aP, (1.20a)
1 N

P =~ > X (1.20b)
m=1

a=N <Pf_a1/N - 1) (1.20¢)

In contrast to rigid targets like car, truck, human as target of interest contains
micro-motions which results in different velocity component in the received
signal, commonly known as micro-Doppler components [2, 3]. This results to
a spread of detected targets across Doppler dimension. Also, with the use of
higher sweep bandwidth, the range resolution of the radar lies in the order of few
centimeters. As a result, the reflection from target are not received as point target
reflection but are spread across multiple range bins. These targets are also known
as range-Doppler extended targets or doubly spread targets. As a result, all the
detection from target needs to be clustered into one and thus necessitates cluster-
ing algorithm as the second stage. This also helps in reducing the computational
complexity for the target-tracking algorithm, which after clustering tracks a single
target parameter instead of tracking nonclustered group of target parameters.
Density-based spatial clustering of applications with noise (DBSCAN) is used
[4] as the state-of-the-art algorithm. Unlike most algorithms, DBSCAN runs
clustering in one pass without having prior knowledge on number of clusters
and is stable to the outliers (noise). The input hyperparameters required for
DBSCAN are a minimum number of points M and minimum distance d between
neighboring points to be part of cluster [5]. Given a set of target detections from
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same and multiple targets in the 2D space, DBSCAN groups detections that are
closely packed together, while at the same time removing as outliers detections
that lie alone in low-density regions. To do this, DBSCAN classifies each point as
either core point, edge point, or noise. A point is defined as core point if it has
at least M — 1 neighbors, i.e., points within the distance d. An edge point has
less than M — 1 neighbors, but at least one of its neighbors is a core point. All
points that have less than M — 1 neighbors and no core point as a neighbor do not
belong to any cluster and will be classified as outlier and ignored. The two-stage
approach has limitations in both the stages. While OS-CFAR fails to detect target
in the case of clutter, multipath reflection, or interference for a fixed P;,, DBSCAN
fails to make cluster for sparse range-Doppler images (RDIs) and also is very
sensitive to its hyperparameters. As a result, it may either lead to false detection,
miss detections of real targets or target splits leading to multiple targets (when in
reality it is only one target) in RDIs. However, the recent advancement in deep
neural networks (DNNs) and its application in target segmentation makes DNNs
an ideal algorithm for this problem. Unlike fixed rule-based methods, DNNs are
capable of learning from low-level to high-level representations. The problem
of two-stage target detection is treated as binary image segmentation problem
in literature where target’s cluster is considered as foreground and remaining
information in range-Doppler map as background, as illustrated in Figure 1.5b.
In [6, 7], authors have successfully demonstrated single-stage target detection on
RDIs while suppressing the effect of scatterings from extended targets, multipath
reflections and ghost targets. Further, in [8] single-stage target detection is
introduced that preserves the instance of each target to identify them uniquely
in case of a partial occlusion or overlapping of multiple targets. Additionally,
[8] gives an alternative approach to combine interference mitigation and target
detection by selectively looking into regions of interest.

However, the performance of target detection using image-based maps
(most commonly range-Doppler and range-angle) rely strongly on the target’s
spread distribution pattern, which further depends on the target’s aspect angle.
However, by taking advantage of strong feature points from the target distribution
and learning a relation between these feature points and values, the target
detection can be made robust. Thus, it makes sense to transform the radar images
to radar point-clouds, as shown in Figure 1.5c. Most approaches from literature
propose to process radar point-clouds using certain representation transforma-
tions in order to use convolutional neural networks (CNNs), e.g., radar data is
transformed into a grid map representation. However, [9-11] proposed a novel
neural network, PointNet, that makes it possible to directly process point clouds.
By making the representation invariant to transformation, PointNet additionally
treats neighboring points to capture local structure and is invariant to structure of
input point clouds. Although, radar data are very sparse compared to lidar data,

11
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Figure 1.5 A visual summary on state-of-the-art target detection algorithms using
(a) different target representation map followed by (b) convolution neural network
architecture for image processing, and (c) PointNet architecture for processing of
point-clouds.

Generated
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radar data contains other attributes in the form of Doppler component or target
radar cross section (RCS) information. As a result, multiple frameworks for target
detection using radar point clouds were proposed [12-19]. The richness of data
points for sparse radar point-clouds is improved either by accumulating the data
over multiple frames or by augmenting data by repetition of target samples from
available measurement by random sampling.
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1.4 Target Tracking

Conventional radar signal processing usually applies a tracking algorithm after
the clustering to filter measurements over time and track individual targets.
False detections arising from ghost targets are usually also eliminated during
the tracking. In order to avoid decreasing the measurement accuracy as well
as the introduction of inherent noise, the usage of recursive filters is preferred
in literature [20-27]. The most widely used tracking algorithms are Kalman
filters. The performance of Kalman filters relies on the state vector (i.e., the
parameters to be tracked), measurement noise, process noise, and the transition
from measurement to the input state space. In the case of target detection, the
tracker’s state vector can be described as x = [px py v G]T, where px, py, v,
and 6 are the position coordinates along the x- and y-axes, the radial velocity and
the azimuth angle, respectively. Due to low variations in the spatial dimension,
azimuth information is also used as part of the state vector and improves the
robustness of the target localization. Generally, heading angle and turn-rate bring
additional information for a dynamic target with nonlinear motion.

Once the target detections are available at each frame, the next step is to asso-
ciate them with existing tracks or create or delete tracks as necessary. The detected
targets and their estimated parameters are prone to errors due to measurement
noise, missed detections due to occlusions, and false alarms due to ghost targets
and interference sources. The task of tracking is to maintain and update the
state and identity of these targets over time reducing such false positive and true
negatives. There are two important aspects to tracking, first is the track manage-
ment part, which handles track initiation, track maintenance, and measurement
to track association. The other part is the track-filtering step, which is achieved
through either alpha-beta filter, Kalman filter, or particle filter.

1.4.1 Track Management

Track management involves logic blocks that record target tracks when it needs
to be initialized or confirmed, maintains or removes a track signifying exit of a
target from the field-of-view and also handles the measurement to track associa-
tion, which decides on the assignment of a detected target or measurement to an
existing track or generation of a new track if sufficient criteria are fulfilled. The
track management block acts as a controller to handle initiation, maintenance,
and deletion of a target track.

Track initiation is the process of creating a new track from an unassociated radar
measurement. During track initialization, when a new unassociated radar mea-
surement is encountered, the measurement is assigned to a new track, but the
status of the track is kept tentative. The status of these tracks is changed to con-
firmed only when Ny, out of Ny (Ny,, < Nj) subsequent measurements have a
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positive detection/measurement of the target. This helps in reducing false posi-
tives from ghost targets or interference to spin off a target track.

Track maintenance is the process in which a decision is made if a track has to
be terminated. If a track was not associated with a measurement during the asso-
ciation phase for consecutive N, frames, there is a high likelihood that the target
no longer exists in the radar’s field of view and thus such tracks are terminated.
Alternately, due to missed detection, there are chances that the radar did not detect
that target for few measurements within the Ny, frame window but would appear
at future frame time. In this case, the tracks are retained, and only the prediction
is updated.

The task of the measurement to track association is to assign the current mea-
surement to an existing track. This step is also referred to as gating in literature.
At time step n + 1, there are N tracks, i.e.,

X= {(/‘1’ ¢1)7 (ﬂzs ¢2)7"'v(”Nv ¢N)} (121)

where {y;, d)i}}i\i , are the state mean and state error covariance matrices of the
tracks. Additionally, the M measurements coming from target detections at time
step n + 1 are

Z =1{21,%p -2y} (1.22)

A measurement of track association function ®: Z — X maps the uncertain
measurements to certain tracks. The measurement to track association is a
difficult problem due to multiple targets and the associated false positives and
true negatives of the target detections. One of the simplest measurements to
track association algorithm is suboptimal nearest neighbor (SNN), whereby each
measurement is assigned to a track closest to it in Euclidean or Mahalanobis
distance sense, and the assignment starts with the strongest detected target and
thus is referred to as SNN. The alternate approach includes probabilistic data
association filter or joint probabilistic data association filter.

1.4.2 Track Filtering

The Kalman filter is the most well-known track-filtering algorithm and utilizes a
series of noisy measurements observed over time to estimate the internal state of a
linear dynamic system. The estimated state variables are more accurate since the
algorithm estimates a joint probability distribution over the variables for each time
frame. The algorithm has two steps - prediction step and the measurement step.
In the prediction step, the filter predicts the next internal state based on the process
model accounting for the model uncertainties. While in the measurement step,
the measurement is combined with the predicted state in an adaptive weighted
average referred to as “Kalman gain” to update the internal state estimate and
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its uncertainty. The Kalman filter operates under Bayesian principle, so when the
measurement data are observed with less uncertainty compared to the predicted
data, the Kalman gain is high, which means it relies more on the measured data
to update the state. On the other hand, when the predicted data have less uncer-
tainty compared to that of the measurement data, the Kalman gain is low, meaning
it weighs the predicted data more for its state update. Kalman filters are a generic
algorithm which finds use in several signal processing to control theoretic appli-
cations and is not limited to only radar signal processing. The process model used
by the Kalman filter is similar to that of a hidden Markov model except that the
state space is rather continuous and assumes the state and observed variables to
follow a normal distribution.

One of the most standard used process model or state transition function
is a linear constant velocity (CV) motion model. Let the state variable be
v = [p" p v vy] T, where p*and p” denote the position coordinates in x
and y coordinates, whereas v* and ¥ denote the velocity in the x- and y-axes,
respectively. The CV process model can be expressed as follows:

pr(k) = p*(k — 1) + v*(k — 1)ét
pP'(k) =p'(k— 1)+ v(k — 1)5t
(k) = ¥k — 1)+ nb,
(k) = (k- 1) + ny,

(1.23)

where k is the time step, 6t represents the frame time, i.e., the radar refresh rate. n?
denotes the Gaussian process noise and captures the kinematic changes which are
not considered in the linear process update model. In the compact matrix-vector
form, the process model can be expressed as follows:

pi(k) 106t 0 |[pptk=1) 0
Pl _fo 1 0 é|phk-1) N 0 (1.24)
v (k) 00 1 0 ||v*k=1)| |nd
(k) 00 0 1 ||[rk-1) n’

vy

or w(k + 1) = Fy (k) + nP. Now, since the state variables are assumed to be Gaus-
sian distributed, the process noise is modeled as zero mean Gaussian noise, and
thus the mean and covariance of the state variables can be expressed as follows:

Xe—1 = B{Wipa ) = Fxgpey
Prp = E{¢k|k—1¢]{|k_1} =FP,_;,_F"+Q (1.25)

where the state variables with suffix k — 1|k — 1 denotes the posterior probability
and k|k — 1 denotes the prior probability, and E{.} is the expectation operator and
Qdenotes the process noise covariance matrix. In the case of CV model, the process
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noise would include kinematic changes due to jerks and acceleration of the target.
Considering the acceleration component, the noise process can be expressed as
follows:

1 2 1
5,6t 5680
1 2 1c.0
-a,ot 0 =6t
=27 |= 2 [ax] =Ga (1.26)
axét 6t 0 ay
ayat 0 ot
Thus, the process noise covariance matrix is defined as follows:
2.0
Q=E{n’n’"} =G [ % | 6" 1.27)
0 a;

where a; and a; represent the variance of acceleration noise in x- and y-axes, and
the covariance acceleration noise in x- and y-axes are 0. Thus, the process noise
covariance Q is initialized based on the maximum target’s acceleration expected
in the system.

At the next step, the measurement model needs to account for the transforma-
tion of the internal state to the radar measurements, i.e., the radial distance p, the
azimuth angle or bearing angle 0, and the radial velocity or range rate v.

o= VPP

_ pupy
v = N (1.28)
0 = tan™! (Iiy)
2

That is, z=H(y) + n™, where n™ represents the measurement zero-mean
Gaussian noise with covariance matrix R = E{n™n™"}. This indicates that unlike
the process model, the measurement model which maps the predicted state
* p v v " to the measurement space z = [p v 0] " is a nonlinear trans-
formation, which implies that the simple Kalman filter cannot be applied in this
case. The two common approaches to handle such a nonlinear transformation
issue are namely extended Kalman filter (EKF) and the unscented Kalman filter
(UKF). While in EKF, the nonlinear equation is approximated through first-order
Taylor’s expansion. It approximates and propagates the state distribution through
the first-order Taylor series linearization, which expands the nonlinear state
around a single-point. As a result, the EKF is not able to capture the uncertainty
of the distribution, introducing large errors in the estimation of the true posterior
mean and covariance, respectively. Alternately, UKFs are used, which uses deter-
ministic sampling filters, i.e., a sigma-point Kalman filter (SPKF), to approximate
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Figure 1.6 Graphical representation of predict and update stage for an UKF where mean
and variance are estimated at each stage by approximation over sigma points.

the measurement model by a minimal set of sample points. These sample points
can capture the true mean and covariance of the Gaussian random variable
(GRV). Figure 1.6 gives a visual overview on the prediction and update operation
of the UKF to track mean (%,_,) and covariance (P;_ ) of the input state vector at
a time instance k — 1, while Algorithm 1.1 gives a mathematical understanding
on the implementation of the UKF.

In the UKF, an unscented transformation (UT) is applied at both prediction and
update steps, which include a nonlinear state transformation based on f and h,

respectively. As input, the state vector x;,_; of dimension n, with mean )%gl)k_l and
. . . . . ~(i)
the covariance le 1, are provided. At prediction stage, sigma points Xy are

generated, which undergoes the UT f(.) to estimate the predicted mean X, _; and
the covariance Pfdk_l of the state vector. Since the predicted mean and variance
changed due to the transformation, a new set of sigma points is calculated.
Afterward, the new sigma points are transformed into measurement space
using h(.) as a transformation function. A CV system is considered with the
localization state vector X. A nonlinear measurement model /(.) accounts for the
transformation of the state vector into the measurement domain. Mapping part
of the localization parameters (radial range and azimuth angle) from the tracker’s
state vector to the measurement domain follows a nonlinearity (Cartesian to
spherical), whereas mapping the radial velocity and augmented parameters
(appearance embedding) corresponds to an identity mapping between state
vector and measurement domain. However, the overall nonlinear transformation
in the process model x” = g(x,) and the measurement model z¥ = h(xf) can be
achieved through the UT, using the so-called “sigma points.” These are generated
to approximate the statistical properties of the state distribution [28].
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Algorithm 1.1 Unscented Kalman filter.

Prediction: Generate sigma points X Al({) ke 1,1 =0,1,...,2n,
A(l) —_f (5O -
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1.5 Target Representation

Unlike computer vision, target recognition for radar sensors rely on the target
representation, which further depends on the choice of frequency transforms.
As discussed before in Sections 1.1.2 and 1.2.1, both signal modulation and
frequency-transform parameters are critical to specify the required resolution
for any target representation for an application. While the signal modulation
parameter defines both maximum and minimum measurable range-Doppler
quantities, the frequency transform parameters are used to find a trade-off
between time-frequency resolution of target’s spatial and motion signatures. In
broad terms, target recognition is achieved by target detection, tracking, and
feature extraction for classification. As a result, accuracy of target classification
strongly depends on accurate detection and tracking of the target.
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Unlike camera-based imaging, radar images appear dense in nature, but target
information is very low compared to background or noise distribution. Similarly,
in comparison to LiDAR point-clouds, where density of target point-clouds are
richer, radar point-clouds are very sparse for a single frame which makes it hard
for target detection and thus more complex for target classification. In case of
radar-point clouds, as a most common practice, multiple frames are accumulated
over time to make target representation richer. The overview on state-of-the-art
target representations in the context of target recognition is summarized in the
following sections.

1.5.1 Image Representation

Radar feature images are 2D representations of the target that can be used to
extract additional information about the target. Based on the radar images, the
type of the target, e.g., if the target is a pedestrian, a car, or an animal, or the
currently executed activity such as standing idle, walking, or riding a bike, can
be recognized. The relevant 2D radar features that can be extracted for target
classification are Doppler spectrograms, range angle images, and video of RDIs,
which are presented in the sequel.

1.5.1.1 Doppler Spectrogram

The Doppler spectrogram is generated by first detecting the target along the range
bins, followed by FFT along slow-time for the detected range bin. The Doppler
spectra from consecutive frames are stacked one after another to generate a 2D
image. In the case of a single target, the Doppler spectrum can be achieved by
marginalization of the RDI across the range axis. The Doppler spectrum contains
both the macro-Doppler component as well as micro-Doppler components due to
hand and leg movements while performing an activity. The stacked Doppler spec-
trum across consecutive frames is referred to as Doppler spectrogram that captures
information about the instantaneous Doppler spectral content and the variation of
the Doppler spectral content over time. The Doppler spectra of the slow-time data
from kth radar frame on the selected range bins can be expressed as follows:

Ny, .
S(p. k)" = | Y w(mys(m, k)" exp (Jz”ﬂ)
m=1 Nst
N
Sl = 2,50k 129
n=1

where w(m) is the window function along slow-time indexed by m, s(m, k)" is the
slow-time data across N, chirps in the kth frame for the nth range bin, and p is the
FFT points along slow-time. S(p, k)" represents the Doppler spectrogram along
the nth range bin, and N represents the range bins along which the Doppler FFT
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Figure 1.7 Target classification using (a) Doppler signature image and (b) spatial
point-cloud maps.

is summed to generate the Doppler spectra for that frame. Figure 1.7 illustrates an
example of typical motion signature of a cyclist which is generated using STFT, as
described in Section 1.2.1.

1.5.1.2 Range Angle Images

Two receive antennas separated by a distance of d and receiving reflections from
angle 6 implies the second antenna receives the reflected signal with an additional
path length of d sin() as shown in Figure 1.8 leading to phase difference of

b = (2—”) dsin(9) (1.30)
A
Thus, the angle of arrival 6 can be estimated as follows:
A . 1 [ N6
f=sin"t | =— 1.31
sin <27r d> (1.31)

This angle of arrival estimation is referred to as phase monopulse technique.

Using the same concept, digital beamforming generates the weights for prede-
fined angles sweeping across the entire angular field of view to create range-angle
image, where the peak in the spectrum denotes the angle of arrival of the target
at that particular range. Similarly, there are several other approaches to obtain the
range angle image. A simplest approach takes an FFT along the virtual channel
after applying a window function and zero-padding.
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Figure 1.8 Two receive Reflected wavefront
antennas with the angle of

arrival 8 and the path length
difference between the two.

Path length
difference

Receive Receive
antenna 1 antenna 2

The other approach is referred to as Capon beamforming or minimum variance
unbiased estimator. The N, X N, de-ramped beat signal can be stacked into a vec-
tor and the Kronecker product of the steering vector of the Tx array a™(9) and the
steering vector of the Rx array a®*(0), i.e., a™(0) ® a®(6) can be used to resolve
the relative angle 6 of the scatterer, where ® represents the Kronecker product.
Subsequently beamforming of the MIMO array signals can be regarded as syn-
thesizing the received signals with the Tx and Rx steering vectors. The azimuth
imaging profile for a range bin I can be generated using the Capon spectrum from
the beamformer. The Capon beamformer is computed by minimizing the vari-
ance/power of noise while maintaining a distortion-less response toward a desired
angle. The corresponding quadratic optimization problem is

min wf Cw
st. wl@™®) ®@ad™®) =1 (1.32)

where C is the covariance matrix of noise, and the above optimization has a closed

. . _ Cla®) . . : -
fo'rm faxpressmn 8IVeN as Weapon = Zigic-ra) with 6 being a desired angle. On sub
stituting w,

capon 111 the objective function, the spatial spectrum is given as follows:

1
(a™(0) ® a*(9)) " C;* (a™(0) ® a*(0))
with [ =0, ...,L

P6) = (1.33)

However, estimation of noise covariance at each range bin [ is difficult in prac-
tice; hence, C’, is estimated which contains the signal component as well and can
be estimated using sample matrix inversion technique C, = le h s (k)T (),
where K denotes the number of snapshot used for signal plus noise covariance
estimation and S}F(k) is the de-ramped IF signal at range bin [ with k being the
frame index.
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1.5.1.3 Video of Range-Doppler Images
The video of RDIs computed at frame time k can be expressed as follows:

Ny N

Vepi (@, L k) = Z Zw(m, n)s(m, n, k) exp <—j27r (Z—l: + ;—i)) (1.34)
m=1n=1 S t

where w(m, n) is the 2D weighting function along the fast-time and slow-time,

while s(m, n, k) is the ADC data on kth frame. The indices n, m sweep along the

fast-time and slow-time axis, respectively, while [, p sweep along the range and

Doppler axes, respectively. N and Ny, are the FFT size along the slow-time and

fast-time, respectively.

1.5.2 Point-Cloud Maps

In comparison to images, the radar point-cloud representation enables a target
classification framework, as shown in Figure 1.7b. The processing of point-cloud
target classification follows a principle similar to image-based target classification
where first neighborhood selection of all points is done using a clustering tech-
nique. The most common techniques used are DBSCAN. Thereafter, hand-crafted
feature extraction and selection are performed, which is passed to linear or
nonlinear supervised classifier. The hand-crafted feature engineering is mainly
based on point-cloud distribution within the target cluster along each dimension.
This includes mean value, maximum-minimum value within the cluster, and
eigenvalues of the covariance matrix of x-y coordinates of clustered target points.
Additionally, concepts like mean-shift estimation for each point or entire cluster
also help to make point cloud features more robust. Additionally, with availability
of deep learning frameworks [9-11] to process point-clouds directly, enable
an end-to-end framework for feature engineering and classification. The most
common practices are as follows:

e Processing point-cloud maps directly by PointNet to generate a class score for
each point which can be clustered into one class.

o Processing point-cloud clusters separately instead of maps directly.

e Mapping point-clouds to a global coordinate grid map and using vision-based
detector network architectures like you-only look once (YOLO) [29], single shot
detector (SSD) [30], and region-based fully convolutional network (RFCN) [31].

o Combining PointNet features with a recurrent neural network (RNN) for tem-
poral smoothening.

Similar to images, target classification using radar point-clouds is very chal-
lenging due to inherent nature of data distribution. Although the point-cloud
maps contain information such as angle, range, velocity, RCS, orientation, and
dimension for each detected target point, the point distribution is very sparse in
nature. Further, the number of data points for weak targets such as pedestrian



1.6 Target Recognition
3T |
% —4 o o -2
o o s °
2 5 2 2 4
3 S o 5
B ] Colef g g
a =74 R o [a] 4
3 7
2.95 1 5665
29 =57 58 9 ° yposon 0 354455°°
y position : - : .
X position X position

Figure 1.9 Illustration of a 3D radar point cloud where coordinate axis are x, y
positional coordinates and Doppler velocity; (a) and (b) show how data aggregation
changes the form and information content of a point cloud.

and cyclist are in the range of 0-10 within a single frame, depending on the
target’s viewing angle and distance to radar sensor. Further, this also creates a
data imbalance within the data distribution of targets despite of having the same
number of examples for each target of interest. Additionally, radar point-cloud
maps are very prone to viewpoint and temporal variations across consecutive
measurements of the same object even during a static scenario. As an alternative
to this problem, multiple frames are accumulated. These variations occur due to
the radar sensors statistical nature and due to the use of the classical radar pro-
cessing, which uses handcrafted features (e.g., detector thresholds) to detect and
localize radar detections. As an alternative to it, multiple frames are accumulated
to generate dense point-cloud maps. Figure 1.9 illustrates how the point cloud
changes due to aggregation of multiple point-clouds over time.

1.6 Target Recognition

After accurate target localization using detection and tracking along either of
two dimensions, i.e., range, Doppler, and angle, detected target is classified into
desired class. Similar to detection, multiple frameworks are proposed for target
classification using both images and point-clouds. The most common approach
for target classification using images is done by extracting hand-engineered
features from detected target characteristic along range-angle and range-Doppler
dimensions [32-34]. The most common characteristics are mean value of range,
Doppler, direction of arrival, and normalized reflected power for all detected
peaks from unique target cluster. Additionally, addition of variance and deviation
in range, radial Doppler, and object size in x,y-dimension in feature set increase
the richness of target features. Alternative to hand-crafted features, feature
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descriptors such as speed up robust features (SURFs) or scale-invariant feature
transform (SIFT) can be used over the detected target region for a fixed grid size.
Later, these feature set can be passed to a linear or nonlinear classifiers such as
decision tree, support vector machine (SVM), or K-nearest neighbor (KNN). Such
methods are very specific to sensor measurement and are prone to noise, and thus
often, struggle to generalize over different measurements for sensor at diverse
location or with different gain pattern. The alternate state-of-the-art approaches
involve deep learning algorithms. The notable deep learning architecture is
presented in the sequel.

1.6.1 Feedforward Network

Feedforward neural networks or multilayer perceptrons (MLPs) approximate
some function f that does the mapping y = f(x; w) and learns the weights w of
the network that results in the function approximation given a certain objective.
These models are called feedforward because information flows through the
function being evaluated from x, through the intermediate computations used to
define f, and finally to the output y. There are no feedback connections in which
outputs of the model are fed back into itself. Figure 1.10 presents a feedforward
network with one hidden layer.

1.6.2 Convolutional Neural Networks (CNN)

In deep learning literature, the most widely used networks are CNNs [35-37]
for tasks such as object detection, face recognition, image segmentation, or
super-resolution. In CNNs, the image classification is performed by incorporating
various layers namely convolution layers, pooling layers, and dense layers with
cross-entropy (CE) loss. The network sees an image as a multidimensional array of
pixels with the dimensions h X w X ¢ (h = height, w = width, ¢ = color channel).

Figure 1.10 Example of a
feedforward neural network
with one hidden layer.

Input layer € R’ Hidden layer e R* Output layer e R?
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As an example, an image of size 32 X 32 X 3 represents an RGB image (three-color
channels), while an image of size 32 x 32 X 1 represents a grayscale image.

The initial spatial feature extraction in a CNN is done by convolution layers.
In a convolution layer, a filter or a kernel (weight matrix) is sliding through the
entire image. The output of the convolution layer is defined as the dot product of
the sliding kernel and the underlying input image in each sliding step. One must
note that the filter must have the same number of channels as in the input image.

The output dimension of the convolution layers are calculated as follows:

win—fw+2p+1

Woyt = B
hy, —f, +2
Boy = % +1 (1.35)
where wy,, h;, are the width and the height of the input image, f,, and f,, are the

width and height of the filter or kernel, p, s are the padding and the stride factors
and are set > 1. The weights of the filters are learned by the network through back
propagation. The components of the convolution layers are described as follows:

1. Strides: While applying convolution, shifts are made to move the filter across
the entire image. The stride defines the step size of the shift, e.g., if the stride
is one, then the filter is shifted by a single pixel, and if the stride is two, then it
is shifted by two pixels, and so on.

2. Padding: When a filter does not fit the input image properly, there are two
options:

o Zero-padding - Pad the image with zeros so that the filter fits perfectly.

e Valid-padding - Dropping the part of images that did not fit the filter
perfectly.

3. Activation Function: Some of the standard activation functions used in a CNN
are as follows:

o Sigmoid (Logistic Activation): This activation function is originally inspired
from the “real neuron.” The output of this activation function is between
[0,1]. Its major drawbacks are that a saturated neuron will not learn and the
activation is computationally expensive.

1
fo = 1+ exp (—x)
£160 = F - f(x) (1.36)

o Hyperbolic Tangent Activation: The output range of hyperbolic tangent
activation is between [—1,1] and is zero centered. Similarly like sigmoid
activation, this activation also does not train saturated neurons.

1 —exp(—x)

1+ exp(—x)

f'(x) =1 - tan h*(x) (1.37)

f(x) =tanh(x) =
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e Rectified Linear Unit (ReLu): In ReLu activation, there is no saturation if
X > 0 and is more computationally efficient and leads to faster convergence.
In such an activation, the output is always positive and the inactive neurons
are not optimized:

f(x) = max (0,x)

ron_J1 ifx>0
f(x)_{o if x < 0 (1.38)

o Leaky Rectified Linear Unit and Parametric ReLu: These activation func-
tions are an improvement over the normal ReLu which overcomes the prob-
lem of dead neurons. In case of leaky Relu, « is a small constant, such as
0.01. In case of parametric ReLu, « is a hyperparameter learned through back
propagation.

f(x)={x ifx>0

ax ifx<0

s J1 ifx>0
f(x)—{a fx <0 (1.39)

Figure 1.11 presents the commonly used activation functions described above
namely sigmoid function, hyperbolic function, rectified linear unit (ReLu), and
leaky rectified linear unit.

One of the other standard activation function typically used in the output
layer for classification problems is the softmax layer. Since the squared error is
not suitable for cases where classes are mutually exclusive, a better approach is
to assign probabilities to each class with the constraint that the outputs should
sum up to 1. The softmax function forces the output to represent a probability
distribution across the possible classes L. Its function and its derivatives are
given as follows:

b = exp (x;.)
‘ sz=1 exp (x} )
P, =fOg)1 = f(x)) (1.40)

The cost function typically associated with the softmax layer is the negative log
likelihood of the correct prediction called CE or log loss cost function and is
defined as follows:

L
E(t,p) = —Ztk log(LeXpA> (1.41)
k=1 Ej:l exXp (u])

4. Pooling/Subsample Layers: Pooling layers or more specifically spatial pooling
layers perform subsampling or down sampling of the input image while retain-
ing the most relevant information. This process helps in the reduction of param-
eters when the images are too large.
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Figure 1.11 Illustration of various activation functions: (a) sigmoid function,
(b) hyperbolic function, (c) ReLu function, and (d) leaky ReLu.

Three majorly used pooling layers are as follows:

e Max pooling - Taking the largest element within the defined nonparametric
filter size.

e Average pooling - Taking the average of all the elements within the defined
nonparametric filter size.

e Sum pooling - Taking the sum of all the elements within the defined non-
parametric filter size.

5. Dense/Fully Connected Layers: At the end of the CNN, a single or multiple
dense layers are used to which the flattened (1D array) output of the previous
convolution and pooling layers is fed. In a CNN used for classification the last
activation function is typically a sigmoid or a softmax activation.

Figure 1.12 illustrates an example of a CNN architecture that includes convo-
lution layers, pooling layers, or subsample layers followed by dense or fully con-
nected layers at the later stage.

1.6.3 Recurrent Neural Network (RNN)

MLPs and CNNs cannot directly address the problem of information propagation
through time. Several applications such as gesture sensing and tracking require
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Figure 1.12 Example of a CNN architecture.

the neural network to keep a history of the past events to make a decision.
RNN addresses this issue, by having self-loop structures, allowing information
to persist over time. Using these self-loops, RNNs are able to link previous
information to the current task and make a decision based on the previous
events. One of the biggest hindrance toward wide adoption of RNNs in 1990s
was the problem of vanishing gradient. Not only does the information flows
through time but also the error has to be backpropageted through time. To do
so, the self-loops are unfolded over time, which leads to a very deep network,
where the gradient has to propagate through many layers. However, if the
weights are less than one, further multiplication by gradient that is also less
than one would result in a very small number after a few multiplications.
Thus, the gradient flows over time through the RNNs would easily become
zero, which means no further propagation of information. As a result, the
RNNs were unable to retain information or learn information from quite
distant past.

RNN s can be described as follows: a RNN maps a given temporal input sequence
x(k) = (x,(k),x,(k),x;(k)) to a sequence of hidden values h(k) = (hy(k), ..., hy(k))
and outputs a sequence of activations a(k + 1) = (a,(k + 1), ..., ar(k + 1)) by iter-
ating the following recursive equation:

h(k) = 6(W,,x(k) + h(k — )W, + by) (1.42)

where ¢ is the nonlinear activation function, by, is the hidden bias vector, W, , is
the input-hidden weight matrix and W}, is the hidden-hidden weight matrix.
The activation for these recurrent units is defined as follows:

a(k+1) = h()W,, +b, (1.43)

where W), denotes the hidden-activation weight matrix and b, denotes the acti-
vation bias vector.

RNNs have the problem of vanishing or exploding gradient, which is solved
through a long-short term memory (LSTM) [38] or a gated recurrent unit (GRU)
[39]. LSTMs extend RNNs with memory cells using the concept of gating: a mech-
anism based on componentwise multiplication of the input, which defines the
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behavior of each individual memory cell. The LSTM updates its cell state, accord-
ing to the activation of the gates. The input provided to an LSTM is fed into dif-
ferent gates that control which operation is performed on the cell memory: write
(input gate), read (output gate), or reset (forget gate). These gates act on the signals
they receive and block or pass information based on its strength and importance,
by virtue of their own learned filter weights. These weights are learned during
backpropagation, which means the weights of the cells decide when to allow data
to be entered, to be retained, or to be deleted.

The vectorial representation (vectors denoting all units in a layer) of the update
of an LSTM layer is as follows:

i(k) = o,(Wa(k) + Wy,h(k — 1) + We(k — 1) + b))

f(k) = o,(Wpa(k) + Wysh(k — 1+ We(k — 1) + by)

c(k) = fk)c(k — 1) + i(k)o (W,.ak) + W, h(k — 1) + b,) (1.44)
o(k) = o, (W, a(k) + Wy h(k — 1) + W, c(k) + b,)

h(k) = o(k)o,(c(k))

where i, f, 0, and c are the input gate, forget gate, output gate, and cell activation
vectors, respectively, all of which are of the same size as vector h defining
the hidden value. Terms ¢ represent nonlinear activation functions. The term
{x(1),x(2),- - - ,x(K)} is the input to the memory cell layer at time k. W,;, W};, W,
W Whe Wees Wae, Wher Wao» Wiy, and W are weight matrices, with subscripts
representing from-to relationships b;, bf, b., and b, are bias vectors.

Figure 1.13 illustrates one unit of a LSTM block. Depending on the application,
there are different configurations how the RNN models can be used. RNNs are
not only able to map one input to one output but can also map one input to multi-

ple outputs, multiple inputs to one output or multiple inputs to multiple outputs.

i’

h(k)
:rx\ :"f-}-\ - C(k)
clk - 1) |
tanh
o o tanh
hik —1) ] | I | hik)
x(k)

Figure 1.13 Example of a LSTM cell.
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(@) (b) (© (d)

Figure 1.14 Different types of RNN models: (a) one-to-one, (b) one-to-many,
(c) many-to-one, and (d) many-to-many.

These four configurations are illustrated in Figure 1.14. The many-to-one config-
uration is used in radar-gesture sensing and many-to-many configuration is used
in human activity classification.

1.6.4 Autoencoder and Variational Autoencoder

Autoencoders comprise an encoder neural network followed by a decoder neural
network with the aim of reconstructing the input data at the output. The design
of the autoencoder imposes a bottleneck in the network that encourages a
compressed representation of the original input. In general, autoencoders aim to
leverage the key structure in the data to compress the input into the network’s
bottleneck or latent space representation, which is enough to reconstruct the orig-
inal input data. It is thus used in dimension reduction and denoising applications
among others.

The model involves an encoder function g parameterized by 6 and a decoder
function f parameterized by ¢. The bottleneck layer is given as follows:

z=g(x;0) (1.45)

where x is the input data and z the encoded latent vector. The reconstructed input
at the output of the decoder can be expressed as follows:

X =f(g(x;0); ¢) (1.46)

The autoencoder network is then iteratively optimized using the reconstruction
loss such as mean squared error (MSE):

N
L(6. ) = %Z I — &P (1.47)
i=1
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Compared to autoencoders that aim to project the input data onto a single latent
vector, variational autoencoders [40-42] instead aim to learn or encode the input
data onto a distribution in the latent space. Variational autoencoders can be viewed
as applying a regularization during training that prevents the network from over-
fitting. The input data x is encoded as a distribution over the latent space, i.e.,
Dy(z]x), then a point is sampled from that latent distribution z ~ p,(z|x), which is
then fed into the decoder to reconstruct the input dataasx = g,(z). The reconstruc-
tion loss such as the mean-square error is used along with the Kullback-Leibler
(KL) divergence of p,(z|x) to a Gaussian distribution with mean 0 and variance 1,
i.e., M(0,1), to back propagate and learn the weights of the network.

In practice, the encoded distributions are chosen to be normal so that the
encoder can be trained to return the mean and the covariance matrix that
describes these Gaussians. The reason why an input is encoded as a distribution
with some variance instead of a single point is that it allows to express very nat-
urally the latent space regularization: the distributions returned by the encoder
are enforced to be close to a standard normal distribution such that the entire
feature space is close to a standard normal distribution. We can notice that the
KL divergence between two Gaussian distributions has a closed form that can
be directly expressed in terms of the means and the covariance matrices of the
two distributions. The loss function of a variational auto-encoder (VAE) can be
written as follows:

N
L0, ¢) = © Y I¥ = %12+ KL (p @), A O.1) (1.48)
i=1

where N is the number of examples.

The KL divergence is the expectation of the log difference between the probabil-
ity of data sampled from the approximating distribution and the target distribution
and thus is defined as follows:

Dy (plig) = Zp(x)log (pi ;) (1.49)

The KL divergence has the following properties:

1. KL divergence is 0 when both distributions are approximately the same:

Dy (pllg) =0 iff p~gq (1.50)
2. KL divergence is always positive for any two distributions:
Dg(pllg) >0 if p#q (1.51)

3. To ensure Dy, (pllq) is finite, the support of p needs to be contained in g else if
by Eq. (1.49) q(x) — 0, then Dy, (pllq) — oo.
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4. The KL divergence is an asymmetric metric, i.e.,

Dy (pll@) # Dy (qllp) (1.52)
which means that Dy, (p||q) is not a distance metric

Conceptually, the VAE architecture of learning a distribution in the latent space
makes the space continuous, meaning two closely spaced points in the latent
space generate more similar content than two far spaced points, and complete,
meaning any point sampled from the latent space generates a meaningful output
at the decoder of the VAE. Since during backpropagation the gradient cannot flow
through a probabilistic layer, the sampling process of extracting z ~ p(z|x) requires
a special technique, referred to as “reparameterization trick.” The reparamer-
ization trick suggests to randomly sample ¢ from a zero mean and unit variance
Gaussian, and then shift e by the latent distribution’s mean y and scale it by
the latent distribution’s variance o. Figure 1.15 presents the reparameterization
trick used to sample the random variable from the latent distribution making it
deterministic. The reparameterization trick allows to optimize the parameters of
the distribution while still maintaining the ability to randomly sample from that
distribution.

1.6.5 Generative Adversarial Network

Generative adversarial networks (GANs) introduced by Goodfellow in 2014
[43] are a breakthrough in the field of unsupervised learning using neural

Decoder Decoder

Backpropag
ation not
possible
due to
stochastic
node

z~pg(2]x)

e~N(0,1)

Stochastic node

x x <> Deterministic node

(a) (b}

Figure 1.15 Illustration of variational autoencoder architecture depicting: (a) original
form highlighting the issue during backpropagation, and (b) reparameterization trick.
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networks. The technique is one of the most promising unsupervised learning
approaches due to its capability of modeling high-dimensional distributions
and less computationally expensive training process when compared with
previous unsupervised learning methods such as VAEs, Boltzmann machines,
and others. The working principle of GANs is a two-player minmax game,
where two neural networks called the generator and discriminator are playing
against each other. The generator tries to fool the discriminator by generating
real-looking data, while the discriminator’s task is to classify real and fake data.
During training, the generator progressively becomes better at creating images
that look real, while the discriminator becomes better at telling them apart.
The minmax game has a global (and unique) optimum for p, = p,, where p,
is the generative distribution and p, is the real data distribution. The process
reaches equilibrium when the discriminator can no longer distinguish real from
fake images. Once trained, only the generator is used to generate new realistic
data similar to the real data distribution. Figure 1.16 illustrates the operating
principle of a generator and discriminator that are used in training a vanilla GAN
network.

During training, the discriminator classifies both real data and fake data from
the generator and penalizes the discriminator weights for misclassifying a real
instance as fake or a fake instance as real. Thus, incrementally getting better at
classifying real and fake data. The generator part of a GAN learns to create fake
data by incorporating feedback from the discriminator, in the sense that the gen-
erator loss penalizes the generator for failing to fool the discriminator. If the gen-
erator succeeds perfectly, then the discriminator has a 50% accuracy meaning it
is unable to tell real from fake data anymore. If the GAN continues training past
this point, then the generator starts to train on completely random feedback, and
its own quality may collapse.

X Sample
Real data P L
Discriminator
loss
Discriminator
D
Generator
loss
z Gengrator Sample

Figure 1.16 Illustration of a vanilla GAN architecture outlining the principle of a
generator and a discriminator.
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1.6.5.1 Minmax Loss

In the case of minmax loss, the objective of the discriminator is to maximize the
expectation of the log likelihood of data drawn from the real distribution, i.e.,
maxD[ExNPr log(D(x)), while minimizing the expectation of the log likelihood of
data generated from the generator which samples from the random distribution
P, ie., minD[EZN[P,z log (D(G(z))) or equivalently maLxD[EZN[P,Z log (1 — D(G(2))). Thus,
the objective of the discriminator function is

m}z)lx IEx~IP’, log (D(x)) + mgx [Ez~[P>z log (1 — D(G(z))) (1.53)

On the other hand, the objective of the generator is to mingE,,_p log (1 — D(G(z)))
such that the fake examples produced by the generator resemble the real data at
the output of the discriminator. Thus, combining the two aspects and competing
objective can be formulated as D and G are playing minmax game with the com-
bined loss function:

mci;n max [Ey.p, log (D(X)) + E,p_log(1 — D(G(2)))] (1.54)

This is fine since E,_p log(D(x)) is independent of the generator optimization.
It can be shown that the generator is trying to minimize the Jensen-Shannon (JS)
divergence between P, and P,. The JS divergence is bounded between 0 and 1 and
is defined as follows:

Displla) = 3D (PIES2) + 3D (01252 159)
It is worth noting that unlike the KL divergence used in VAEs, the JS divergence
is symmetric and in case of two distributions being disjoint would result in a max-
imum value of log(2), irrespective of the two distributions. In comparison, the KL
divergence would be co in such a scenario. From Eq. (1.55), it is easy to see that the
minimum value of Di4(p||q) is obtained when p ~ q. Consequently, the generator
is trying to achieve P, ~ P,, which means that the generator generates data that
resemble the real data. The discriminator maximizes the loss by trying to approach
D(x) to 1 and D(G(z)) to 0, thus attaining the optimal value of D*(x) = %, which is
the Nash equilibrium.

The minmax loss for GAN suffers from vanishing gradients and mode collapse.
If the discriminator is too good, then the generator training can fail due to vanish-
ing gradients. Furthermore, the generator in a random input GAN is expected to
generate a variety of outputs. However, if a generator produces an especially plau-
sible output, the generator may learn to produce only that output. If the generator
starts producing the same output over several iterations, then the discriminator’s
best strategy is to reject that output always. But if the next iteration of discrimi-
nator gets stuck in a local minimum and does not find the best strategy, then it is
too easy for the next generator iteration to find the most plausible output for the
current discriminator. As a result, the generator gets trapped in a local minimum
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and generates limited set of outputs, and this phenomenon is referred as mode
collapse.

1.6.5.2 Wasserstein Loss

In the Wasserstein generative adversarial networks (WGANSs), the discrimina-
tor does not classify input data as real or fake, but rather outputs a number.
Discriminator training just tries to make the output bigger for real instances than
for fake instances. Therefore, the discriminator in a WGAN is usually referred to
as a critic rather than a discriminator. The discriminator tries to maximize the
critic loss D(x) — D(G(z)), where D(x) is the critic’s output for a real instance, G(z)
is the generator’s output for given z. D(G(z)) is the critic’s output for fake data.
Thus, it tries to maximize the difference between its output on real data and its
output on fake data. The generator tries to maximize the generator loss D(G(z)).
Thus, it tries to maximize the discriminator’s output for its fake data. WGANSs
are less vulnerable to suffering model collapse and can avoid vanishing gradients
issues.

1.6.6 Transformer

Transformer has been one of the most popular deep learning architectures
recently due to its usability in a wide range of applications from natural language
processing tasks to visual tasks and its state-of-the-art results in multiple public
datasets. However, it is important to note that transformers come with high
computational and memory requirements that might not be ideal for embedded
solutions. Some works like Attention Is All You Need [44] focus on tackling
the mentioned bottlenecks while mimicking the functions of a transformer.
In the following paragraph, we provide an explanation of different blocks in a
transformer which might ease readers to understand related works.

In [44] is introduced the idea of a transformer which is made of six encoders, six
decoders, and uses machine translation as an application. A machine translation
task takes a sentence or a phrase (sequence of words) as input and outputs
the phrase translated into the target language. Each encoder is identical in
architecture while having their own set of learnable weights and consists of a
self-attention and a feedforward layer. The self-attention layer can be regarded as
a context-aware encoding mechanism where it uses information from other words
to encode it better. In a technical implementation perspective, the self-attention
mechanism involves for each word three vectors namely Attention Is All You
Need [44] query (Q), key (K), and value (V) which are generated by three different
fully connected layers having output dimension smaller than that of the input
embedding vector. In order to compute a score for each word against all other
words in the phrase, a dot product is taken between the query vector of the word
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and key vector of all the words in the phrase. The score is further divided by
the square root of the dimension of the key vector d to stabilize the training
by normalizing the gradients. Next, all the scores are passed through a softmax
function to generate a normalized distribution. Finally, as shown in Eq. (1.56), the
softmax output is multiplied with the value vector matrix to generate the output
Z of the self-attention layer for the given position. This output is then simply fed
to the following fully connected layer:

T
Z = softmax QxK |4
VdK

Transformers also introduce the idea of multihead attention that involves
having multiple self-attention layers initialized randomly in order to have differ-
ent encodings to cover multiple subspaces. The multihead attention generates
multiple outputs Z which are concatenated together and multiplied with a jointly
trained weight vector W that projects them into a single vector which is fed to the

(1.56)
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Figure 1.17 Transformer network architecture. Source: adapted from [44].
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fully connected layer. In order to capture the order of words in a given sequence,
a positional encoding is generated where each element in the encoding represent
a sinusoid. This is then added to the word-embedding vector which results in
the input vector to the encoder. Additionally, each encoder consists of a residual
connection with a normalization layer. In the decoder, the incoming key and
value vectors coming from the top encoder act as input which is used by the
encoder—decoder attention layer. After each time step, the output of the decoder
is fed back to the decoder along with a positional encoding which becomes the
input for the self-attention layer in the decoder. The decoder self-attention layer
is prevented from attending positions in future by masking all remaining places
which are yet to be predicted to —co and only the predicted output sequence
goes as input to the self-attention layer in the decoder. The final layer of the
decoder consists of a logit layer which has the dimension of all the possible words,
and softmax is applied on it to select the one with highest probability as the
predicted word.
The overall architecture of a transformer is depicted in Figure 1.17.

1.7 Training a Neural Network

For training a neural network, there are two steps namely forward pass and error
backpropagation.

1.7.1 Forward Pass and Backpropagation

In the forward pass, the input is fed to the model and multiplied with weight
vectors, and bias is added for each layer to compute the output of the model. The
input x|, activation uJ’., and output oJl. at Ith layer of dense or fully connected layer
is represented as follows:

O _ g
x, =0l-1
N
O _ (ONO]
u’ = Zwu x;
i=1
o;l) = a(u;l)) (1.57)

where N denotes the number of neurons at the Ith layer, wfj are the weights that
need to be learned for a task at the Ith layer and o() is the activation function.
The backpropagation is described below. Considering one sample for which
inputs (x;,x,,...,X,) and expected outputs (f;,t,,... &, ..., t,) and real outputs
(V1:Y35 -+ Vs -+ »Ym)» the error for one sample is therefore E = % Y O — )%,
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where y, is a function of the weights w(]l) The weights are updated to mini-

mize the error using the gradient descent algorithm and can be expressed as

follows:
W w? —22E (1.58)
’ N
ij
In Eq. (1.58), - (,) can be computed as follows:
o
_aE(D - _Za_E_y’;l) (1.59)
ow;, 24 Wi 0w
ij j
where £ = (y, — t,).
Y
Since y, is a function of u;l), it can be derived that
(O]
dy, Y (1.60)
ow?®  ou? ouw?
ij J i
au;l) -1
—L =" (1.61)
ow? '
ij
which is computed during the feed forward step.
Thus, putting it all together gives us
0E a1 _ 9E -
_6 M (e 6 j([) Oz = au;,’) ) (1.62)
Some of the important aspects during training of a neural network are the
following:

1. Learning Rate: Each weight update is controlled by parameter A known as the
learning rate parameter. If the learning rate is too small, then it may result in
very slow learning, can get trapped in local minima easily, and can keep running
for many iterations. On the other hand, if the learning rate is large, then it may
step over the minima, can fail to converge, and potentially diverge. So it is really
important to choose a good learning rate based on the architecture, dataset,
transfer function, etc. Figure 1.18 illustrates the effects of choosing small and
large learning rates on the gradient descent.

2. Weight Initialization: It is important to randomize the weights during initializa-
tion; otherwise, symmetry in weights would prevent the network from learning.
Usually, small random values are used which is highly important when the
number of neurons in a layer grows, as the weighted sum may saturate the
optimization function.

3. Overfitting and Underfitting: In machine learning, the objective is not only to
minimize cost function on in-sample data, i.e., data available or seen, but also
generalize on out-sample data, i.e., data not available or unseen during training.
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Figure 1.18 Illustration of the gradient descent when (a) the learning rate is small, and
(b) the learning rate is large.

During training, the available dataset is divided into a training set, a validation
set, and a test set. The training dataset is used to train the model, the validation
dataset is used to set the hyperparameters of the model, and the test dataset is
used for estimating the out-sample or generalization accuracy.

When the performance is poor on the training data, then it can be regarded
as underfitting and is often due to poor choice of learning rate or if the neural
network is under-dimensional. This error is referred to as “bias.” The issue of
underfitting is illustrated in the left column of Figure 1.19. The issue of overfit-
ting arises when the performance is good on the training data, i.e., good approx-
imation accuracy, but poor on the test or validation data, i.e., poor generaliza-
tion accuracy. This phenomenon is also referred as “variance” and is illustrated
in the right column of Figure 1.19. If the training set size is insufficient or the
model complexity is too high for the data, the model memorizes or approxi-
mates the training data well but does not generalize well on test data, i.e., it
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Figure 1.19 Illustration of underfitting and overfitting of a model.
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overfits. The purpose of training a machine-learning model is to find a model
as shown in the middle column of Figure 1.19, where the training error (bias)
as well as the generalization error (variance) is minimized. Typically, training
finds a model such that a balance between bias and variance can be achieved
and often is referred as “bias-variance” trade-off. In case of deep learning, the
“bias-variance” trade-off is not applicable since there are separate mechanisms
to reduce bias and variance, thus the trade-off is not readily applicable.

4. Curse of Dimensionality: The other critical aspect in machine learning in gen-
eral is the curse of dimensionality. Curse of dimensionality is closely related to
overfitting. In high-dimensional spaces, most of the training data resides in the
corners of the hypercube defining the feature space. Instances in the corners of
the feature space are much more difficult to classify than instances around the
centroid of the hyperactive sphere. Thus, as the number of features or dimen-
sions grows, the amount of data we need to generalize accurately also grows
exponentially.

1.7.2 Optimizers

Optimizers are methods that help to change weights and bias of the model such
that a loss function is minimized. There are several modifications that have
been proposed to the standard stochastic gradient descent (SGD) algorithm
that w,,, = w, — A, E(w), where E(w), 0E(w) denotes the loss function and its
derivative, respectively. w, , and w, represents the weights after and before the
update step and A represents the learning rate. Following are list of optimizers
that have been proposed in the that improves the standard SGD:

1. Momentum: It accelerates the SGD toward the relevant direction while reduc-
ing the oscillations. It basically adds a part of the previous weight updates to
the current update vector ensuring that the direction of the previous update is
retained to some extent while the current update gradient is used to fine-tune
the final update direction. Momentum introduces another variable v, and can
be expressed as follows:

v = yU,_; + M, E(w)
Wiy =W, — U, (1.63)
2. Nesterov Accelerated Gradient [45]: While momentum helps to reduce noise
and also accelerates the convergence, it also introduces error. This is resolved in
Nesterov accelerated gradient by including part of the previous weight updates

to the current update vector to perform the weight update that is expressed as
follows:

v, =yU,_; + M, E(w—yuv,_;)
Wy = Wy — Uy (1.64)

A typical value of y = 0.9.
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3. Adagrad [46]: The motivation of Adagrad is to have an adaptive learning rate
for each parameter; however, earlier approaches have fixed learning rate. Ada-
grad ensures that different neurons of the hidden layer dependent on iterations
have different learning rates. The intuition behind it is that large updates should
occur for infrequent parameters and smaller for frequent parameters.

For each weight updates, the learning rate is adapted as follows:

Wyt = wh — #%E(wi)
G; +e
d 2
Gi= Y (0,Ewl)) (1.65)

=0

since the sum of squared gradients grows continuously, it would lead to a
smaller learning rates adaptively. The parameter e helps in avoiding divide by
Zero issues.

4. RMSprop [47]: An issue of Adagrad is that after several iterations in DNN, the
learning rate becomes very small leading to the issue of dead neuron problems
and results in no updates for these neurons. This issue is fixed by RMSprop,
where learning can continue even after many parameter updates. In RMSprop,
the learning rate is an exponential average of the gradients instead of the cumu-
lative sum of squared gradients as in Adagrad. A moving average of a squared
gradient for each weight is computed by limiting the gradient accumulation to
a certain past and can be expressed as follows:

Wy = W)~ —20, B
1/ G; +e€
. . o,
G, =yG,_, + (1 —y)(0,Ew}) (1.66)

5. Adadelta [48]: Adadelta is another improvement over the Adagrad to continue
learning after many parameter updates. But Adadelta is computationally
expensive. Here the gradient accumulation is limited to a certain past update
by computing a moving average of both the squared gradient and parameter
updates for each weight parameter as follows:

P i i i i
Wy, = w, — M0, E(w,) = w, + v,

G, =G + 1 -7 (3, Ew_))’

t41
1 = rAw + (1 =p)(v,)

Aw
\Awt + e

G£+€

A = (1.67)

6. Adaptive Moment Estimation (ADAM) [49]: Adam optimizer is one of the most
popular and widely used one today. It stores both the decaying average of the
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past gradients similar to momentum and also the decaying average of the past
squared gradients, similar to RMSprop and Adadelta. ADAM can be expressed
as in the following equation, where momentum is added to RMSprop by using
first and second moments, i.e., mean m!_ . and variance v’ . of the gradient:

t+1 t+1
mi ., = pymi+ (1 — )0, Ew))

Uy = v+ (1= ,)(0,Ew)))’
A

wp = wj_; — — M,

\/ U te
where §, and f, are the forgetting factor in the moving average implementation
of the mean and variance of the gradient. Adam is easy to implement and com-

putationally efficient and requires less memory owing to the moving average
implementation.

(1.68)

1.7.3 Loss Functions

A neural network is formulated as an optimization problem. The candidate
solution, which means the weights of the network, should minimize or maximize
the score of the given objective function.

In the case of a regression problem, the objective is to predict a real-value quan-
tity. In this case, linear activation unit is used at the output layer, and MSE is used
as the loss function. The mean-square loss for regression is given as follows:

MSE®, ) = [y - I? (1.69)
where y and y are the true value and predicted value of the neural network,
respectively.

For modeling a classification problem, the idea is to map the input variable to a
class label implying that the objective is to predict the probability of an example for
belonging to a particular class. Under maximum likelihood estimation, the train-
ing of the network is seeking to find a set of model weights that minimizes the
difference between the model’s predicted probability distribution given the dataset
and the distribution of probabilities in the training dataset. This is called the CE
loss, and in the case of binary classification is configured as a sigmoid activation
at the output, while for multiclass classification, the softmax activation is used at
the output. In both cases, the problem is formulated as predicting the maximum
likelihood for a given input belonging to a particular class.

The binary CE loss for binary classification is given as follows:

CE(p,J) = —plog(p) — (1 — ) log(1 — p) (1.70)

where p is the probability of class 1, 1 — p is the probability of class 0, and J is the
predicted probability from the neural network.
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1.8 Questions to the Reader

Explain the processing pipeline of 2D angle-Doppler image-based detection.
Explain a use-case where 2D image-Doppler image is preferred over range-
Doppler or range-angle images.

o Whatare the adaptation in processing pipeline for sensing extended targets com-
pared to point target processing?

What are the advantages of OS-CFAR detector over CA-CFAR detector for
extended targets? What is the need for guard cells in CA-CFAR? And why are
they not absolutely necessary for OS-CFAR?

What are the advantages and disadvantages of DBSCAN and Euclidean
clustering?

What does Cramer-Rao bound for estimating a radar parameter indicate? Derive
the Cramer-Rao bound for angle estimation.

e What is the purpose of introducing nonlinearities in neural networks? How is it
achieved in convolutional neural network or LSTM?

e Why is initializing all the weights of a neural network with the same value
(e.g., 0.1) not a good idea?

How does 2D CNN ensure invariance toward spatial translation? How can you
extend 2D CNN to 3D CNN and which application can you think of?

Explain the different configuration LSTM that can be used in a radar task,
e.g., people counting or gesture sensing.

Explain the reparameterization trick in VAE. Explain the advantage of GAN loss
over VAE loss.

e What is mode collapse in GAN? How to identify a stable GAN training?

e What are the improvements proposed by Wasserstein GAN? How is the
Lipschutz continuity implemented in practical Wasserstein GAN.

What is bias-variance trade-off? What are the means of dealing with bias and
variance in a neural network?

e What is global receptive field in deep CNN (DCNN)?

e What is the issue of Adagrad optimizer that RMSprop solves? What is the prob-
lem of dead neurons?
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