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ABSTRACT

Trung Nguyen: RADAR-BASED HUMAN POSE ESTIMATION
Master of Science Thesis

Tampere University

Signal Processing and Machine Learning, Computing Sciences
June 2025

Human pose estimation is a perception task that can be used in various applications from
entertainment such as movies, video games, to security purposes. For medical purposes, human
pose estimation can be applied to support rehabilitation patients and detect falls in elderly and
infants.

With the increasing awareness in privacy issue, radar has become a suitable choice for human
pose estimation. It is not only capable of keeping the anonymity of a person but also invariant
to many environmental conditions such as lighting, weather, etc. This thesis concentrates on
using the Frequency Modulated Continuous-Wave (FMCW) millimeter-wave (mmWave) radar to
perform 3D human pose estimation. The task is also limited to find 3D positions of key points that
are associated with human joints for verifying the skeleton structure of the subject.

This work aims to build a pipeline for data collection and deep learning method evaluation
for 3D human pose estimation using FMCW mmWave MIMO radar. The dataset consists of 4D
radar tensors, 3D radar point clouds with a complementary of 3D Ouster LiDAR point clouds, and
stereo images from ZED2i camera. As a result, the thesis succeed in collecting 33 sequences that
contains more than 40000 synced frames. The recording is performed on the multi-modal sensor
box of Tampere University’s AMM group. The development framework includes also methods for
the sensor box calibration and a pipeline for multi-modal data pre-processing. For annotation, the
OptiTrack MoCap camera system is used with the help of Tampere University’s CIVIT Labs.

Additionally, to discover the limitation of the current methods in radar-based human pose es-
timation application, this work also embarks on challenging those methods with different data set
setup. These challenges can motivate a new approach in providing a flexible and robust in human
pose estimation using radar data in specific and radar perception application in general.

Keywords: Human pose estimation, 4D radar, FMCW mmWave radar, benchmark, dataset
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1. INTRODUCTION

Nowadays, Al applications have become popular across the elds, from technical ap-
plications such as simultaneous localization and mappings (SLAM) [22] [29] [40] for au-
tonomous vehicles (AV), to medical systems for early cancer detection [11]. Among these,
human pose estimation is a common problem that has been vastly studied [8] [21] [38]
[2] [16] [12]. Human pose estimation can be utilized for many use cases such as motion
capture for movie makers [35], virtual reality (VR) and augmented reality (AR) technology
[37][39], etc.

Many works have been utilizing camera [8], [21] or LiDAR [18], [15] as the basis for
capturing and extracting pose information from human subjects including joints estima-
tion, heading direction, activities recognition or from non-human subjects such as object
pose estimation. However, these approaches yield some problems in practice. Cam-
era is sensitive to the lighting conditions, depth sensing in both stereo camera and IR
camera produce low accuracy in long range. ZED2i camera from Stereolabs is claimed
to achieve less than 2% error within 10m and 7% within 30m [31]. On the other hand,
LiDAR devices such as Ouster OS0 provides better accuracy, around 0:2% within 35m
[25]. Furthermore, by using the nanometer wavelength (865h1m) laser, OSO can provide
high resolution scanning. Though, the nanometer wavelength also raises a problem of
0OS0 as the beam can be re ected by dust, snow, and returns noisy measurements in the
following works [9], [32].

To overcome the above problems with camera and LiDAR, frequency-modulated contin-
uous wave (FMCW)-based multiple input multiple output (MIMO) radar has emerged as
a promising solution. 4D Radar SLAM paper by Zhang [40] proves that by utilizing the
millimeter electromagnetics wave, the FMCW radar is not affected by the lighting and
able to work robustly in extreme weather conditions. With the increasing amount of re-
search for off-road mobile robots [33], FMCW radar is a valuable addition to the system.
In terms of range precision, there is a limited amount of research regarding short range
accuracy for radar and none for long range. [5] performs an experiment on 60GHz and
1225Hz FMCW radar using a highly re ective target that is placed at 2:5m with an offset
of 5mm. According to the result, using solely frequency-estimation method, the 60GHz
radar yields 40m of range measurement error and itis 30m for the 1225Hz radar.
FMCW radar also measures object velocity based on Doppler effect, hence, provides



auxiliary information for others autonomous tasks. This thesis will explore the potential of
FMCW radar in terms of 3D human pose estimation.

1.1 Problem Statement

For the task of 3D human pose estimation, deep learning is a strong tool that can be used
with different types of data, including radar data. In mRI [1], Millipoint [12] and MARS [2]
point cloud are extracted from radar frame and fed into deep learning models to learn the
feature and estimate the human subject joints that are presenting on the scene. MMVR
[26] and RT-Pose [16] have different approach, instead of using radar point cloud, they
process the tensor level of radar frame. Both [26] and [16] perform a training process on
their own data to result in the estimation for human subjects.

To successfully train a model, data is one of the most important aspects. Unlike camera
and LiDAR which have a large amount of available data due to its popularity, radar, on the
other hand, has only attracted the attention recently. [1], [12] and [2] collect their radar
data as point clouds along with other sensors such as stereo cameras, LIiDAR and Kinect.
This usage is meant for generating the ground truth annotations for the training. To do
that, these works tent to use another deep network such as HRNet [8] to detect human
joints on 2D images and fuse it with the depth information from Kinect or LIiDAR to make it
become 3D. [26], [16] and HUPR [19] present a radar dataset for human pose estimation
with the same strategy for annotation but different data representation. Instead of point
cloud, these works keep their data in form of tensor or radar heatmap. As for [26], it is
a 3D tensor that contains radar response in range, azimuth and elevation. For [16] and
[19], the tensor is expanded into 4D with the addition of Doppler velocity information.

Inspired from the above works, this thesis presents a benchmark dataset for 3D human
pose estimation with calibrated space and time for each sensor and performs an eval-
uation using state-of-the-art methods. The concentration is on radar data including 4D
radar tensor and 3D radar point cloud. The work also provides challenges to investigate
the limitation of those methods.

1.2 Research Questions

To sum up, this thesis aims to collect benchmark data for 3D human pose estimation
using millimeter-wave radar and evaluate the data on available deep learning models.
Therefore, this thesis concentrates on following research questions:

» Data collecting pipeline for millimeter-wave radar perception application:

— Internal setup: sensor setup and calibration for capturing.

— External setup: scenarios selection for capturing.



» How do the followings factors affect the quality of the estimation?

— Effect of radar data representation (point cloud, 4D heatmap).
— Sensor movement in uence.

— Different actors.

1.3 Thesis Outline

This thesis will be organized as follows: Chapter 2 establishes the fundamentals of the
FMCW radar to provide an understanding of the working principle of the radar sensors
used in this work. Chapter 3 brie y presents the perception task and the models used to
learn and evaluate the collected data. Chapter 4 answers the rst research question on
how to conduct the data collection process. In this chapter, three aspects are discussed.
It starts with the calibration of the sensor including extrinsic calibration between sensors,
and the time synchronization for the whole system. The second aspect to be discussed in
this chapter is the scenarios used in collecting the data. The last thing to be mentioned is
how to obtain ground truth annotation for 3D human pose estimation. Chapter 5 conducts
the main experiments of this work and addresses the second research question. This
chapter covers the training and evaluation of the models on collected data with various
selections for data types (point cloud - 3D radar heatmap - 4D radar heatmap), number of
estimated joints (limited - full) and environmental conditions (clean - obstructed - sensor
movement). Chapter 6 concludes the nding in this work, nalizes the result and provides

potential information for next research steps



2. FUNDAMENTALS OF THE FMCW RADAR

A radar operates by radiating electromagnetic energy and detecting the echo returned
from re ecting objects (targets). The nature of the re ection contains information about

the target [30]. Based on the signal types, radar is classi ed into pulse radar, continuous
radar and FMCW radar.

Pulse radar at the beginning of a cycle, will burst out a short pulse of radar energy. This
pulse will travel through the environment until being re ected by obstacles. The re ected
signal is collected by the radar that performs measurement for range measurement.

Different from the pulse radar, continuous-wave radar emits a continuous xed frequency
sine wave to sense its surroundings. This type of radar uses the Doppler effect to de-
tect objects. If the object moves toward the radar, the re ection signal will have higher
frequency and vice versa.

The problem with continuous-wave radar is that it can only detect moving objects because
static objects have little or no effect on the transmitted frequency. To address this, the
frequency of the continuous radar is then modulated which means the wave frequency is
changed throughout time to . This work focuses on FMCW radar and the cascade setup
for millimeter-wave radar to provide data for the research. The information used in this
chapter is based on training materials from Texas Instrument (TI) [17].

2.1 Frequency Modulated Continuous-Wave (FMCW) Radar

The FMCW radar, same as other radar types, emits radar waves and receives re ections
to detect any obstacle in its sight. To elaborate this process, the radar synthesizer will rst
produce a radar signal as a wave. This wave will have its frequency increased linearly in
a short period of time. This signal is called a chirp. Each chirp emitted from the radar will
have similar factors, the carrier frequency (f .) which is the initial frequency of a chirp. This
synthesized signal is then passed to the antennas for processing. The radar contains two
types of antennas, transmitters (TXs) and receivers (RXs). First, the synthesized signal
is rst sent to TXs for transmitting and at the same time, to the mixer (MX). The re ected

signal is then collected by the RXs, this signal is sent to the mixer to aggregate with the
original one, the product is called intermediate frequency (IF), which is a sine wave with



a constant frequency.

Figure 2.1. FMCW Radar Working Principle visualization

2.2 Range Measurement

The below gure show TX chirp and RX chirp when there is a object at distance d

Figure 2.2. Intermediate Frequency Signal Formulation

According to the Figure 2.2, T, is the chirp time length or also be known as fast time, is
the delay time between transmitting and receiving and S is value of the IF. The bandwidth
B de nes how much the frequency will change from its initial fs to fe, and the slope S
determines the increasing rate of the frequency in one chirp

B

S= —
Te

1)

As the radar frequency travels with the speed of light ¢ (around 3 1 m/s), the travel
distance of the signal is 2 times of the distance from the radar to the obstacle as it is a
route trip. Mathematically, if d is the travel distance, then can be de ned as

= — )



As mentioned above, the IF signal is a sine wave, which can be expressed as follows

x=A sin(lt + ) 3)

In equation 3, A is the wave magnitude, ! is the angular frequency and is the initial
phase, that:
=2f, 4

With f . is being the carrier frequency and is being the signal's wave length

fo= © 5)

Substituting the results of 5 and 2 into 4, leads to:

d
= — (6)

The IF signal has a constant frequency f = S . Based on the Figure 2.2, the following
equation can be derived:

f B 2sd
—= 1 f=_—= = — 7
B T, T, =S c )
Substituting 6 and 7 into 3, the IF signal of the object at distance d is:
: . . ,2S5d 4d
x=A sin(lt + )= A sin(2ft + )= A Sm(TH =) (8)

In practice, the IF signal can be retrieved from the mixer and the distance can be derived
easily using equation 7. One important thing to be mentioned, as the range measurement
requires the IF signal to be detectable. This can be achieved only if the ADC sampling
rate exceed the IF signal value.

Fe f
Combine with 7, this results in
Fs Ecd I d ';—g: 9)
According to the above equation, the maximum detectable distance is dmax = ’:Z—SSC

Up till now, there is only detection for a single object. In case there are multiple objects in
an effective range, though the received signal is a mixture, it still has multiple frequencies
to represent each detected object. According to the Figure 2.3, each detected object



has its IF signal proportional to the distance. To get IF signal for each object, the Fast
Fourier Transform (FFT) is used. The FFT will result in a spectrum with different peaks

correspondent to objects, which is called rangeFFT.

Figure 2.3. IF signals of multiple object at different distances

One more factor affects the range measurement is how close two objects can be that still
be distinguishable. According to the Fourier Transform theorems, two frequency peaks

can be separate if their difference is larger than the reciprocal of the period.

> L
C
Because of 7

2S d 1
S
o Te

c c

> | =

d 2ST, 2B (10)

So, the minimum distance between two objects that is detectable is d = Oies = %.



2.3 Velocity Measurement

Figure 2.4. Doppler Effect Visualization

The radar can also measure the velocity of the object based on the Doppler effect 2.4.
The Figure 2.5 shows the same TX signal with different RX signals for objects with the
same distance, but different velocity, standing still, moving toward or away from the radar.
The distance of the object will be proportional to the produced IF signal from the mixer
and will the same peak for all cases. The velocity, on the other hand, will contribute to the
phase shifting of the frequency.

Figure 2.5. RX Signals From Different Velocities On Same Distance

With this case, at least two chirps are needed. However, time between two consecutive
chirps is very short. Denote Ts as this interval with Tg = T, + Tj, in which T; is the
idle or break time between two chirps. For example, Ts = 40 microseconds (S ). With
this duration, a normal car with the speed of 15m=scan only move 6 10 *m (0:6mm).
Back to the range resolution, with the bandwidth of B = 4 GHz, the radar can only detect
the minimum range difference up to 0:0375m (37:5mm). So, the produced IF signal will



have the same peak, hence, this is when the phase is used. Considering two adjacent IF
signals, follow the Formula 6, their phase difference can be expressed as

4 d 4vT
=1 2= = > (11)
From 11, we can get the velocity
V= 12
) V= ot (12)
Note thatthe value is boundedinarange[ ; ]and will have a periodic characteristic.
To avoid the ambiguity, the phase shifting has to stay in same range [ ; |.
o 4 jvjTs .
< < Vi < — 13
o< ) )] Vi aT. (13)
As a result, the maximum absolute value of velocity that is detectable is Vmax = g

Once again, the above solution is for one object only, to measure velocity for two or more
objects that have same distance but different velocity, it is required to have more than two
chirps involved. In practice, each radar TX will transmit a set of N chirps with a T; period,
T = N Ts. The time period of all chirps T; can also be called slow time. These N chirps
will form a radar frame with N samples. In practice, a MIMO radar can have more than
one TXs. The number of sample in one frame can be Ntx N, with Ntx is the number
of TXs. After the re ection of this frame is processed by rangeFFT, the return spectrum
will have N identical peaks due to the same distance, but different phase shifting. The
FFT again, will be applied to separate those shifts with the number of sample N. This is
called the DopplerFFT. Denote the phase shifting of object i is ! ;. Following Formula 12,
the velocity of object i will become

b

4T

Vi = (14)

According to the Fourier Transform theorem, the spacing between frequency point for N
samples is 2W(rad:sample. So, for two velocities to be distinguishable

=1, !->2— (15)
7N

Substituting 15 into 14, we have

(16)
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So, the velocity resolution is Vyes = AP In case of multiple TX, the velocity resolution will

be Vres = oy

2.4  Angle Measurement

In case there are multiple objects at the same distance moving with the same velocity but
at different direction, angle estimation is needed. To be able to detect the angle of arrival
of the signal, the FMCW radar is made to consist of multiple transmitters and receivers.
The same signal from a TX, when being re ected by one object and captured by RXs,
will have a slight difference in distance. This difference will result in phase difference that
helps to measure the angle.

Figure 2.6. Angle Estimation Visualization

In Figure 2.6, D is the physical distance between two RXs, is the angle of arrival, d is
the travel distance from object to radar with d caused by D as followss:

d=Dsin()) =sin 1(g) (17)

In the Equation 6, the travel distance is double the distance between the object and the
radar. This is due to the fact that in the Equation 2 measures both the traveling time
from the radar to the object and vice versa. In the current case, only the travel distance
from the object to the radar is considered, this leads to

_2d

) d (18)

"2

Replacing 18 into 17, we have

— o} 1
= sin (W (19)
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According to the Equation 17, the relation between and is non-linear. Though, as
the sine function can be linearized when is small enough (j j < 3(°), we can rewrite 17
as

o 20
From the Equation 20, the radar measurement accuracy increases when the object is
within the bore sight of the radar and decreases when it moves to side ways. Furthermore,
same as velocity, the calculation of is only unambiguousifj j < . Asaresult (Note:
this is for large  value, so the approximation is not valid)

< sin 1(5) (21)

Theoretically, according to the Equation 21, will reach its maximum of 9C° or 3 radian
when D, the distance between two RXs, is half of the wave length . Though, in practice,
it's not needed to have the radar measurement to reach this boundary because the radar
becomes inaccurate in the sideway as mentioned.

The above steps are denoted as the angle of arrival (AoA) or the degree of arrival (DoA)
measurement. Similar to range and Doppler, if there are more than one object in the
scene, then the return measurement needs to pass through FFT to detect signal peaks.
In this case, the number of TX-RX combination in the radar system is used as the number
of samples for FFT. The resolution of the angle measurement, according to Rao Sandeep
in [28], is de ned as

- 2 22
res = (22)

In which N is the number of TX-RX combinations. For instance, if a radar system has
one TX and eight RXs, in total, N will be eight. To have better angle resolution, the
radar needs more antennas. In order to keep the same number of combinations while
lowering the number of used antennas, many radar systems utilize a system design that
is known as Multi Input Multi Output (MIMO). As explained in its name, the MIMO design
uses multiple antennas for both transmission and receiving. This allows the re ection
from one TX signal is caught by multiple RXs and one RX receives re ections orginated
from multiple TXs, hence increase the throughput in one radar chirp. The below Figure
2.7 shows two designs that result in the same number of combinations, but the below one
uses less antennas.
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Figure 2.7. Antennas Design Comparison

For 3D measurement, the angle is separated into azimuth for horizontal angle and eleva-
tion for vertical angle. Both azimuth and elevation use the same angle measurement as
above. The only difference is the placement of the antennas in the system. The setup
of the TXs and the RXs forms a virtual antennas array, which is a visual representation
of all the TX-RX combinations. The Figure 2.8 shows the physical setup and its virtual
antennas array that can measure both azimuth and elevation angle. The azimuth angle is
measured using the difference of IF signals from one TX signal and its re ection to multi-
ple RXs. On the other hand, the elevation angle is calculate with IF signals from multiple
TXs that are received by one RX.

Figure 2.8. Physical Design and Virtual Antennas Array

2.5 Constant False Alarm Rate

After the angle measurement, the received result is a 4D complex spectrum that can be
separated into magnitude (re ection power) and phase (re ection angle). The visualiza-
tion of the 4D radar tensor magnitude can be observed in the Figure 2.11. This tensor can
be processed further into 3D point cloud using the magnitude of the signal. However, as
the data is highly noisy from the device and the environment, to detect the object from the
radar frame, a lter is needed. One can use a hard margin Iter for the frame. Though,
because the response signal from objects are varied due to its shape, range, angle, etc,
the hard margin Iter performs badly in this case. The Figure 2.9 is an example of the
effect of hard margin lter.
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Figure 2.9. Hard Margin Filter

Figure 2.9 shows a synthesize 1D radar response from a scene with 3 objects. Each
has different re ection magnitude. Actual objects have distinctive response compare to
its neighbor. As for the noise, some may have stronger energy compare to the actual
objects but cannot be differentiated within its local range. Constant False Alarm Rate
(CFAR) is a detection algorithm, that aims to nd the target in a clutter dominated frame
[6]. The algorithm starts with one value of interest in the frame, it's also known as cell
under test (CUT). It can be observed that the peak has a width that expands to its adjacent
cells. This should not be taken into account because it can unintentionally increase the
threshold of the margin and decrease the detection rate. The cells within this width are
called gap cells (GC) and vary for different objects. For example, human subjects usually
require smaller gap cells than a car or an airplane. The cells outside the width are called
reference cells (R) and will be used to determine if the CUT is the peak.

Figure 2.10. CFAR Processing Cells Visualization

After de ning the reference cells, the mean value of all the cells will be calculated, this is
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called averaging cell CFAR. An adjustable bias parameter will be used along with this
averaging value to result in a threshold. The larger bias means higher threshold. The
CUT is detected as an object if its value is larger than the threshold and vice versa.

8

<1 ifcut L N (R) 23
- 0 otherwise

2.6 Radar Data Processing Pipeline Summary

The radar processing pipeline is shown in the Figure 2.11. The recorded ADC raw data
from the radar is rst sent through the range-Doppler FFT to detect objects distance and
velocity. After that, to have a full objects position, the angle of arrival or degree of arrival
is calculated and then one more time processed by FFT which is called angle FFT. This
process returns a 4D radar tensor. This tensor can be decomposed into views such as
range-Doppler, range-Azimuth, etc, to visualize the object detection. Objects with strong
energy is visually brighter in the heatmap. The data can be further extracted into point
cloud by using CFAR.

Figure 2.11. Radar Processing Pipeline [27]

In the Figure 2.11, there is a calibration step before any FFT which is an intrinsic cali-
bration. To provide ef cient measurements, a mmWave radar system is constructed with
a cascaded MIMO design. In which, the radar is consisted of multiple chips, each chip
contains a number of TXs and RXs. All the chirps contribute to the nal result, hence, it
is required to be calibrated to provide a suf cient measurement. The calibration process
provides compensation for frequency, phase and amplitude mismatch between chirps.
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To perform calibration, the radar is place statically, one corner re ector will be put in the
bore sight of the radar. The distance from the radar and the re ector has to be at least
5 meters. The calibration process is based on the detection of the re ector from all the
TX-RX pairs. As the exact distance from the re ector is known, the expected phase
and frequency can be calculated for each TX-RX pair. The difference between real and
expected value is used as compensation.
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3. HUMAN POSE ESTIMATION

3.1 Human Pose Estimation

Human Pose Estimation (HPE) is a group of computer perception methods that helps de-
tecting, tracking and associating semantic key points on human body [41]. The semantic
key points can be understood as human joints and parts such as left ankle, right wrist,
etc. This application is used in various elds from entertainment, health to social security
and military usage.

Figure 3.1. Three Level Of Human Pose Estimation [41]

The estimated human key points can be divided into 2D and 3D depending on the in-
put and the used method. The 2D representation is usually associated with image or
video [8], [34], [7]. Though, with the advancement of deep learning, some authors pursuit
making 3D estimation out of a single RGB image [21], [10]. The 2D representation is
rst extracted from the input frame and then uplifted into 3D position using deep learning
model. As 3D reconstruction is a non-trivial task, these works suffer from self-occlusions
and other object occlusions, depth ambiguities and insuf cient training data [41]. To over-
come these problems, some works use the multi views approach [13], [14] for avoiding the
occlusion and providing 3D measurement. Another approach is to use other sensors that
are capable of 3D sensing such as LIDAR [18], RGBD camera [4]. Moreover, mmWave
radar has recently become popular in this eld [2], [12], [16].
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The result of the estimation is represented in three forms, skeleton, planar and volumetric.
The Figure 3.1 shows these types of representation. For skeleton, the result is a set of
key points coordinate that are corresponding to each human joints. The human skeleton
can be provided using both 2D and 3D techniques and can provide information such as
joints location and joints angle. Unlike the skeleton, planar model is used only in 2D
estimation. This estimation is represented as contours that mark the boundary of each
body part of the subject in the view and provide additional information on the shape of the
part. Volumetric model is the planar model but in 3D world, instead of contours, the body
parts are now marked with geometric mesh. This thesis concentrates on using radar to
estimate human skeleton in 3D coordinate system.

3.2 Investigated Methods

As for investigated methods, we decide to move forward with three models, base on fol-
lowing criteria. First, the model is implemented to use mmWave radar data for estimation.
The second aspect is the performance of the model, MARS [2] achieves under 10cm
mean absolute error in the average for all the joints. In Milipoint [12], the PointMLP model
[20] performs the best with 14:11cm of mean localization error. Finally, it is HRRadar-
Pose [16] with 14:73cm absolute mean per joint position error. The last criteria to select
a model is their readiness. The chosen models have to be implemented beforehand and
exible for customization to t the captured dataset.

3.2.1 MMWave-based Assistive Rehabilitation System (MAR)

MARS is a low-cost localization and detection solution for clinical environment. MARS
provides both the dataset collected using a Tl IWR1443 Boost mmWave radar and the
model to estimate the human skeleton. To keep the model to be low-cost and quick, the
author relies on a light weight and simple convolutional neural network (CNN) architecture
with radar point cloud as the input.

As MARS concentrates on providing an assistant system for rehabilitation, the used action
set contains simple physical exercise as hand raising, lunge, squat, etc. Throughout the
recording, the actor doesn't move around but performing the exercises in place.
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Figure 3.2. MARS Flow Chart an Architecture [2]

MARS utilizes the 5D radar point cloud as the input of the model. In which, three dimen-
sions are for the point position, one for the Doppler value and one for the intensity value.
To keep the model light, the author limits the number of point cloud from the radar to be
64 points per frame. In case the number of points from the frame does not reach 64, the
zero padding is used to maintain a xed shape of data (64, 5), in which 5 is the dimension
of each point. Because the point cloud is unorganized, which means the order of the point
is random, the author decides to sort the point cloud in ascending order of x, y, z. After
sorting, the point cloud frame is reshaped from (64, 5) into (8, 8, 5) to help feeding the
frame in 2D CNN layers. By sorting the point cloud, the extractor able to capture the local
feature of each part in the point cloud, in this case, the human body.

MARS model estimates 3D coordinate for N; = 19 key points on the human body, hence,
the total number of estimated values is 57. As for the loss function, the author of MARS
uses mean square error (MSE) to optimize their model.

LI Ry 902+ (7 %)7

L =
3N,

To evaluate the model performance, the author uses mean absolute error and root mean
square error for 3D position of the estimated joints, respectively for x, y and z. Further-
more, joint angle error for legs and arms is used to evaluate limbs estimation of the model.

3.2.2 Milipoint and Point Multi Layer Perception (MLP)

In the original work, PointMLP [20] is not designed for human pose estimation but for
point cloud classi cation. However, as PointMLP performs well for point cloud feature
extracting, the author of Milipoint [12] decides to use it as one of the methods to evaluate
their data set. Milipoint also lists other models in their tests, however, PointMLP achieves
the lowest error in human key points estimation, around 13:12cm, so we choose to use it
for this thesis.
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Similar to MARS, Milipoint uses the same data representation which is radar point cloud
captured by TI IWR1843 mmWave radar. However, instead of using 5D radar point cloud
like MARS, Milipoint decides to Iter the radar point cloud rst based on its range and

Doppler velocity. As a result, the point cloud used in Milipoint have only three dimension
for the position, left aside the Doppler velocity and the intensity. The Iter on one hand,
keeps a reasonable amount of radar point cloud for the model. On the other hand, the
number of points can be insuf cient. To address this, the author of Milipoint decides to
combine multiple frames together into one frame to have a decent amount of points for
each frame. The number of points in one frames is also kept xed with zero padding.

Figure 3.3. PointMLP Architecture [20]

In the Figure 3.3, it shows that the point cloud before being sent to the model, will be
processed by a geometric af ne module. As discussed in MARS, the point cloud set is
unorganized, to make an effective feature extractor for point cloud, it is essential to learn
the local feature of each part of the point cloud. In MARS, the author manually sorts
the point cloud based on points position. In PointMLP, the geometric af ne module is
used. The geometric af ne module is a light weight learnable module that performs a
transformation on grouped neighbor points. This help normalize parts of the point cloud
while keeping the original geometric properties [20]. Hence, the shared residual MLP can
extract the feature from different local regions of the point cloud regardless it diversity.

As for the loss function and the metrics, the author of Milipoint uses mean square error or
mean localization error for both purpose with two setups for key points estimation (9 key
points and 18 key points.

3.2.3 RT-Pose and High Resolution Radar Pose (HRRadarPose)

Unlike MARS [2] and Milipoint [12], which concentrate on using radar point cloud for the
estimation, RT-Pose preserves the radar data as a 4D high resolution tensor that is cap-
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tured using Tl Cascade evaluation module with AWR2243 chips. Because the effective-
ness of the radar point cloud can be affected by many aspects from radar characteristic,
processing hyper parameters to subject properties such as shape and size. The 4D radar
tensor is expected to eradicate the information loss from the parsing process and to retain
the richness of the collected data. This, however, has a dif culty because of it large size,
each frame of 4D radar tensor can have up to 33 million values if is fully used.

The author of RT-Pose also introduces new challenges in setting up the data scenarios.
Compare to MARS [2] and Milipoint [12], the actor in RT-Pose performs simpler actions
such as standing, waving and sitting, however, they can walk around the region of interest
instead of just standing at one place. One of the difference is the environment when the
author of RT-Pose tries to collect data both indoor and outdoor to utilize the environmental
condition such as low lighting, clutter, raining for their data. More than a quarter of their
data have its view block by some cardboard, cloth and plastic pad.

To evaluate their data, the author of RT-Pose creates a new model inspired from HRNet
[8] and name it HRRadarPose. To make the model t for the 4D radar tensor, the author
replaces the 2D CNN layers with 3D CNN layers with Doppler dimension as the channel.
HRRadarPose also capable of estimating for multiple person by rst picking k-top human
center using the con dence score, the human key points are then calculated by adding
offset to centers [16].

Figure 3.4. HRRadarPose's Architecture [16]

To optimize the model, the author combine two losses from detecting human center and
human joints estimation. For detecting human center, based on the true location of actors
in the scene, it forms a 3D Gaussian distribution map denoted as Yy, . The model returns
a 3D map Pyy, that has the same size as the distribution map with pixel value is the
probability of having a person at that location. This localization loss is de ned as follows:
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8
_ < (1 nyz) Iog(nyz) if nyz =1;

I—class - .
(1 Yyz) (Pxz) log(l Pyy,) otherwise;

As for the estimation of key points from the human center, a regression loss value L,eg
is calculated by taking the average value of L1 norm of the distance from every joints to
the center between the prediction and the ground truth. The total loss is the summation
of L glass @and L eg
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