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Abstract

In smart office environments, intelligent control of IoT devices based on human movement and the monitoring of

sedentary behavior are crucial. To address object occlusion problem, this thesis proposes an innovative solution:

integrating UWB radars into ceiling-mounted office lights, in contrast to conventional wall-mounted setups. The

core contribution of this work is the development of an indoor human localization and activity recognition system

using ceiling-mounted radars. A novel method is proposed for joint human tracking and activity recognition. The

system and the proposed method is validated in a 3.5m × 6m office environment with three ceiling-mounted Nov-

elda X4 radars. The experimental results demonstrate high performance: trajectory tracking achieves a root mean

square error (RMSE) as low as 0.23m, representing a 52.6% improvement over the baseline method, while activity

classification for walking, standing, and sitting reaches an accuracy of up to 98%. These findings demonstrate the

feasibility and effectiveness of ceiling-mounted UWB radars for accurate human tracking and activity recognition

in office-like environments.
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1
Introduction

In this chapter, the background and motivation of the thesis are first introduced. Then, the research problem is scoped,
defined, and summarized. A summary of the main contributions is presented, followed by an overview of the thesis
structure.

1.1. Thesis Background
With the rapid development of smart buildings and Internet of Things (IoT) technologies, the concept of the smart

office has emerged as a key direction in the transformation of modern workplace environments. A smart office

not only aims to optimize spatial resource allocation and energy consumption, but also focuses on enhancing user

comfort and interactive experience. Among the enabling technologies that support intelligent office management,

high precision indoor human tracking and activity recognition play a critical role by providing foundational data

for intelligent automation.

In smart office environments, data such as occupant distribution, activity status, and space utilization can enable

a wide range of intelligent functions, including automated IoT device control, security monitoring, and detection

of prolonged sedentary behavior [1][2][3]. For instance, precise localization and tracking of employees’ trajecto-

ries facilitates dynamic control of lighting and air-conditioning systems, thereby enhancing energy efficiency. It

also enables automatic monitoring of desk occupancy, contributing to improved spatial utilization. Furthermore,

activity recognition can help determine an employee’s working status. For example, detecting extended periods of

sitting and prompting timely reminders to stand and take a break. In emergency situations such as fires, accurate

localization and tracking of individuals can ensure personal safety and a better emergency response.

Traditional indoor tracking and activity sensing technologies such as Wi-Fi, Bluetooth, Radio Frequency Identifi-

cation (RFID), infrared, and vision-based systems often suffer from limitations including low positioning accuracy,

privacy concerns, vulnerability to multipath effects, and relatively high energy consumption [4][5] [6]. These chal-

lenges are evident in office environments, where dynamic occlusions, frequent wall reflections, strict privacy re-

quirements (e.g., business confidentiality), and increasing demand for energy-efficient solutions further worsen the

limitations of conventional methods. Therefore, there is a growing need for robust, accurate, and privacy-preserving

sensing technologies that can operate reliably in complex and dynamic indoor office settings.

In recent years, Ultra-Wideband (UWB) radar has attracted growing interest in a variety of human-centric sensing

1
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applications, such as presence detection, activity recognition, device-free localization, and vital sign monitoring,

due to its fine range resolution, low transmission power, and strong resilience to narrow-band interference [7].

Compared to Wi-Fi or other infrared-based technologies, the wide bandwidth of UWB enables high range reso-

lution, allowing the system to detect slight human movements such as posture shifts or breathing patterns with

significantly greater sensitivity [7]. Unlike vision-based sensing, UWB also preserves user privacy by avoiding the

collection of identifiable visual or audio data, making it particularly suitable for office environments where confiden-

tiality and unobtrusiveness are critical concerns. These advantages collectively position UWB radar as a promising

candidate for smart office scenarios that demand accurate, privacy preserving, and energy efficient human tracking

and activity sensing.

In this project, an innovative deployment strategy by mounting UWB radars on the ceiling is proposed. Several

UWB radars are installed on the ceiling, facing downward, for human tracking and activity recognition. Compared

to the conventionalwall-mounted setupwhich is typically positioned around 1m above the ground, ceiling-mounted

deployment offers several advantages in office environments [7] [8] [9] [10] [11]. For example, it can reduce occlu-

sion effects caused by furniture and dense crowds, which is a common issue near walls where shelves, monitors, or

desks are often placed [12]. Moreover, some office walls are made of glass or other materials that are not suitable

for device installation, further limiting wall-mounted deployment options.

In addition, multiple ceiling-mounted UWB radars may provide a broader and less obstructed field of view, enabling

more consistent detection performance across the network of radars. Looking ahead, UWB radars can potentially

be integrated into office ceiling light, which would not only streamline installation, but also improve system unob-

trusiveness and maintain aesthetic consistency within modern office interiors. While this special deployment also

includes challenge which is discussed in section 1.2.3.

Because of the advantages of ceiling-mounted UWB radars, this thesis focuses on human tracking and activity recog-

nition in indoor office environments using this deployment strategy, considering as an implementation example a

network of three radars.

1.2. Problem Statement
In this section, the scope of the thesis is clarified at first. Then, the definition of the core problem to be addressed is

presented. The specific technical challenges associated with the proposed system setup with radars on the ceiling

are then analyzed. Finally, the main research question is formulated, to guide the remaining part of the thesis.

1.2.1. Thesis Scope

This thesis is conducted at the Interuniversity Microelectronics Centre (imec) in Eindhoven, a globally renowned

research institute specializing in nanoelectronics and digital technologies [13]. The focus of this work is on the

complete signal processing chain for human tracking and activity recognition, including data collection, algorithm

development, and performance evaluation. The overall scope of the thesis is illustrated in Figure 1.1.

The experimental data used in this thesis were collected in a real-life office environment using UWB radar sensors

and a data collection plan. The experiment data are specifically collected in the ‘Workplace Vitality Hub’, a data-

driven smart office facility [14]. A specific office room within the Hub, measuring 6 m in length, 3.5 m in width, and

2.7 m in height, was selected for data collection. Ceiling-mounted UWB radars were installed to monitor and record

human activity. The room is a typical office setting in terms of size and interior furnishings, providing a realistic

environment for evaluating the proposed methods. An image of the selected office room is shown in Figure 1.2,

where the position of red circles denoting the position of ceiling-mounted UWB radars.

The signal processing framework developed in this thesis includes both tracking and activity recognition algorithms



1.2. Problem Statement 3

which is capable to track human’s walking trajectory and classify human’s activity at the same time. After the

processing stage, the results are quantitatively evaluated to assess the system’s accuracy and robustness.

Figure 1.1: Scope of the thesis project in a sketch with blocks containing the main activities.

Figure 1.2: Image of the selected office room for data collection and experiment.

1.2.2. Problem definition

Based on the defined scope of this thesis, the research is structured around three main topics:

1. Data collection in a real office environment

2. Human localization and tracking

3. Human activity recognition

The first topic (Data collection plan) focuses on designing an effective data collection procedure. This not only

includes selecting suitable UWB radar sensors and implementing a ceiling-mounted installation strategy that fits

typical office environments, but also defining what kind of data should be collected. The dataset to include different

activities (walking, standing, sitting), multiple subjects of varying height, and diverse trajectories to reflect realistic

office scenarios should be included to the data collection plan.

The second topic addresses the challenge of human localization and tracking. Although many studies have explored

the use of UWB radar systems for human tracking, most of them rely on wall-mounted configurations. These radars

are usually installed about one meter above the ground and oriented horizontally toward the human body [7] [8] [9]

[10] [11]. In comparison, very few studies have investigated ceiling-mounted placements. Among those, one installs
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the radar at a ceiling height of 2.5 meters but facing to the side wall [15]. While another paper places the radar

facing the floor from the ceiling, but in that work the target is lying down, which is not relevant to office scenarios

[16]. Therefore, there is a lack of systematic research on tracking walking individuals using multiple downward-

facing UWB radars mounted on the ceiling. This thesis aims to address this gap by proposing and evaluating a

ceiling-based deployment strategy specifically designed for smart office environments.

Based on the motivation described in section 1.1, the detection of prolonged sedentary behavior is also a key ob-

jective of this thesis. This requires the system to recognize different human activities within an office environment.

To simplify the problem, three representative activity types are selected for classification during the tracking pro-

cess: walking, standing, and sitting. Similar to the tracking problem, most existing studies on UWB-based activity

recognition employ wall-mounted radar configurations [7] [17]. Only a limited number of works have explored

ceiling-mounted UWB radar for activity recognition, and among them, only one adopts a machine learning (ML)-

based approach (CNN) using such a configuration [12]. Therefore, research on activity recognition using ceiling-

mounted UWB radar remains scarce. Furthermore, activity transitions can occur during movement, such as transi-

tioning from walking to sitting or standing. This thesis also aims to explore how to continuously recognize human

activities along a movement trajectory, which is another limited explored topic in the field.

Figure 1.3 1 demonstrates the problem of this thesis with a conceptual illustration. It is worth noting that, due

to time constraints and the limited size of the dataset collected, this thesis focuses on single-person tracking and

activity recognition. The dataset was collected manually by the author in a real office environment. In addition,

since a large amount of data required for training ML models like a Neral Network is not available, the activity

recognition component will rely on non-ML-based algorithms.

Figure 1.3: Conceptual illustration of multiple ceiling-mounted UWB radars for human tracking and activity recognition in a smart office.

1Modification based on GPT-4o figure generation
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1.2.3. Challenges

As described in the previous sections, one of the main innovations of this project is the use of downward-facing

UWB radars mounted on the ceiling. While this deployment strategy offers advantages such as wider coverage and

reduced occlusion from furniture and walls, because the ceiling-mounted radars require only a small installation

area on the ceiling to enable sensing across the entire room. It also introduces several technical challenges that

must be addressed. The key challenges associated with this configuration can be summarized as follows:

1. Extended Target andWeak Target Problem: In a ceiling-mounted, downward-facing configuration, different

parts of the human body reflect radar signals from different heights, resulting in multiple reflection peaks for

a single person. For example, the head is closer to the radar than the feet, leading to distinguishable returns

from the head, torso, and lower limbs. This causes a single person to appear as multiple targets in the radar

data, which may lead to the generation of multiple tracks for one walking person. Similar observations were

reported in [18] when a ceiling-mounted mmWave radar was used.

Another challenge arises from the reduced radar cross section (RCS) of the human body when the radar is

mounted on the ceiling. Compared to wall-mounted configurations, the top-down view provides a smaller

reflective surface area, which results in weaker radar signal returns. In contrast, a wall-mounted radar faces

the entire side profile of the human body, yielding a larger reflective surface and stronger signal returns. This

phenomenon leads to the weak target problem, whereby the received signal strength is hard to detect and

track robustly [19]. Combined with the extended target effect discussed earlier, these factors pose significant

challenges for achieving reliable single-person tracking using ceiling-mounted UWB radars.

2. Limited Opening Angle and Viewpoint Variation: The downward-facing, ceiling-mounted UWB radar has

a limited field of view, typically constrained by the main lobe opening angle of the radar antennas. For

instance, the Novelda X4 and X7 modules have a maximum opening angle of approximately 120∘, which

makes it difficult to cover the entire room [20] [21]. As illustrated in Figure 1.4, the triangle icons represent

the UWB radars, and the dashed lines denote the boundaries of the maximum opening angle 𝜃max.

When a person is located near a corner of the room (Position 1), the head may fall outside the main lobe and

into the side lobes, resulting in reduced signal strength or even missed detection. In such cases, the lower

limbs may become the dominant reflection source, as indicated by the blue cross in Figure 1.4. In contrast,

when the person is directly below the radar (Position 2), the entire body is within the field of view, and the

head typically generates the strongest reflection (also shown as a blue cross).

Figure 1.4: Illustration of limited opening angle issue for the ceiling mounted UWB radars.

This variation in the location of the main reflection point can lead to inconsistencies across multiple radars.

For example, at target Position 2, UWB radar 1 may detect the head as the dominant reflection (blue cross),

while UWB radar 2, due to its limited viewing angle, may only detect the lower limbs (orange cross). Besides,

although both radars can detect the reflection from the person’s head, slight discrepancies may exist between
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their estimated head positions due to small measurement errors. These viewpoint-dependent differences can

result in conflicting localization measurements for the same target, posing significant challenges to accurate

and consistent multi-radar data fusion and further localization process.

3. LimitedNumber of UWBRadars: In general, there is an interest inminimizing the number of radars deployed

to ensure acceptable performances. In the specific case of this thesis, due to equipment availability limitations,

only three mono-static UWB radars are used for the data collection. For the selected radars, the distance

between each radar and the target based on signal propagation time can be estimated. The estimated distances

define circular regions centered at each radar location.

Hence, each dashed circle in Figure 1.5 represents an estimated distance from a radar to the target. Since the

estimated range is not perfectly accurate, the actual target position is assumed to lie within the intersection

region of the circular rings, where each ring corresponds to the possible range of the estimated distance for

a given radar. The possible target position is then determined as the common intersection of these rings,

illustrated by the blue shaded area around target point P in Figure 1.5.

In two-dimensional space, at least three radars are required for localization. Using only two circles results

in two possible intersection points, which creates ambiguity in determining the true position. However, in

real-world measurements, noise and inaccuracies may cause one radar to produce wrong distance estimates.

In such cases, the three circles may not intersect at a common point, making localization unreliable.

Compared to other studies that typically use four or more mono-static UWB radars to improve robustness

and fault tolerance in full-room two-dimensional localization tasks, the three-radar configuration used in this

thesis offers minimal redundancy [7] [22]. Some studies have successfully deployed only two radars, but these

are often placed on the same side of a wall and used to localize targets confined to one side of the monitored

space. In such cases, the geometric ambiguity caused by two-circle intersection is naturally avoided [23][24].

However, this setup is not applicable to the scenario in this thesis, where ceiling-mounted radars are required

to track human movement throughout the entire room. This limited configuration increases the system’s

sensitivity to measurement errors and introduces significant challenges for accurate and reliable localization.

A more detailed explanation of TOA localization will be provided in section 2.2.2.

Figure 1.5: Illustration of TOA localization using three radars in a 2D plane.
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1.2.4. Research Question

Based on the analysis and discussion in this section, the main research question of this thesis can be formulated as:

How to develop a processing pipeline to track a single walking person and simultaneously per-
form activity recognition including walking, standing, and sitting by using three downward-
facing, ceiling-mounted UWB monostatic radars in a smart office?

Stemming from the above main question, several sub-questions are formulated to guide the investigation steps in

this thesis:

1. How can the challenges of extended targets and weak radar reflections be addressed in single-person tracking,

and is it possible to exploit the extended target characteristics to improve tracking performance?

2. How can the issue of viewpoint variation across multiple ceiling-mounted radars be mitigated, and can this

variation be utilized to enhance tracking accuracy?

3. What classification approaches can be employed to accurately recognize human activities such as walking,

standing, and sitting when little data is available for training?

1.3. Project Contribution
The main contributions of this thesis are listed as follows:

• Proposed and validated the effectiveness of ceiling-mounted UWB radars for human tracking and activ-
ity recognition: This research systematically demonstrates the feasibility of using multiple ceiling-mounted

UWB radars for indoor human localization and activity recognition, achieving both high tracking accuracy

and high activity classification accuracy.

• Developed a novel 3D grid-based method: The proposed method maps the Channel Impulse Response (CIR)

to a 3D grid and applies compensation mechanisms to generate an accurate 2D likelihood map, which forms

the basis for subsequent trajectory tracking and activity classification. In particular, the method explicitly

considers the extended-target characteristics of a walking human, enabling the system to exploit multiple

reflection points and thereby enhance localization robustness and accuracy.

• Achieved high precision trajectory tracking and activity recognition: By combining a particle filter for tra-

jectory estimation with parallel height estimation for activity classification, the system achieved excellent

performance in a real-world office environment using three Novelda X4 UWB radars. Compared to the base-

line method, the proposed approach reduces the root mean square error (RMSE) by 52.6% to 0.23m, improves

the relative position error (RPE) by 63.3%, and achieves an activity recognition accuracy of 90%.

• Validated system robustness in complex environments: The method demonstrated good stability and relia-

bility even under non-line-of-sight (NLOS) conditions, in weak-signal regions, and in limited opening-angle

areas with viewpoint variation issues, such as room edges.

1.4. Thesis Structure
The rest of this thesis is structured as follows. Chapter 2 presents the technical background and reviews related

researches. Chapters 3 and 4 introduce the proposed algorithms for single-person tracking and activity recognition,

respectively, along with detailed processing pipelines. Chapter 5 presents the experimental setup and evaluates the

performance of the proposed methods using real-life data collected in an office room. Finally, Chapter 6 summarizes

the findings of the thesis and discusses potential directions for future research.



2
Technical Background

In this chapter, the following fundamental topics will be discussed: the basic principles of UWB technology, localization
techniques, monostatic radar configurations, and signal propagation characteristics. Additionally, the related work from
the scientific literature including tracking and activity recognition will be introduced.

2.1. UWB Technology
In this section, the fundamentals of UWB technology and UWB localization will be introduced, followed by a de-

scription of the Channel Impulse Response (CIR), which serves as the main data format used for signal processing

in this thesis.

2.1.1. UWB Introduction

UWB is a radio technology that transmits short pulses (in the order of sub-nanoseconds or picoseconds) over a wide

bandwidth (3.1 GHz to 10.6 GHz) compared with other radio technology (such asWi-Fi and Bluetooth), offering high

precision in distance and positioning [7] [25] [26]. Figure 2.1 shows the wide bandwidth of UWB compared with

other radio technologies. Due to their large bandwidth, cost-effectiveness, and robust performance, UWB radio

chips are useful for applications such as localization, communication, and radar, with their key advantage being

high-range resolution, making them particularly suitable for indoor positioning, short-range communication, and

object detection [7] [27].

The propagation of UWB signals in mobile and indoor environments is complex, influenced by environmental

factors and signal properties. Due to the complex radio channel of UWB, the multipath and fading effects can lead to

significant signal degradation. UWB propagation channels also cause substantial changes in pulse shape, including

phase, amplitude, and frequency dispersion, resulting in significant signal distortion [7]. Therefore, advanced signal-

processing techniques are essential to mitigate these effects and enhance UWB system performance.

8
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Figure 2.1: Comparison of the power spectral density and bandwidth of UWB radio technology versus other technologies, from [7].

2.1.2. UWB Localization

UWB positioning technology can be divided into active and passive positioning [28]. Active positioning requires the

target to carry a UWB tag. UWB base stations receive the UWB signal emitted by the tag through Time Difference

of Arrival measurements across multiple base stations, and the system can precisely calculate the tag’s location.

This method provides high positioning accuracy and strong real-time tracking. However, each tracked object needs

a tag, which increases both device costs and operational complexity. So, its application may be limited or unfeasible

in scenarios where deploying tags for all targets is impractical or prohibitive.

Passive positioning operates without requiring the target to carry any device. Instead, multiple UWB anchors in

the environment transmit and receive UWB signals, measuring changes in the Channel Impulse Response (CIR) to

determine position. This approach aligns with radar principles, where electromagnetic waves are transmitted and

their echoes analyzed to locate objects, which can be considered as a form of UWB radar [19]. When an object is

present, UWB signals reflect off its surface, causing changes in the CIR. By analyzing these changes, the system can

detect the object’s location and movements. Similar to radar, this method leverages signal reflection and multipath

propagation, making it ideal for tracking individuals or stationary objects where active devices are impractical.

Its benefits include reduced equipment cost, lower power consumption, and enhanced privacy, making it suitable

for applications such as care for older or vulnerable individuals, health monitoring, and smart security systems

requiring precise, contactless tracking.

2.1.3. Channel Impulse Response

As described in Section 2.1.2, the CIR between transmitter (Tx) and receiver (Rx) can help the radar system to detect

the location of the target. The UWB radio signal consists of a series of pulses, which is denoted as CIR information.

The CIR is informative of the different paths a signal takes when traveling from Tx to Rx [29]. The CIR can be

modeled as an impulse responseℎ(𝑡) in Equation 2.1, which contains twomain components: deterministicmultipath

components (MPC) and diffuse MPC modeled as Additive Gaussian White Noise [7] [30]. The first term represents

deterministic MPC, accounting for UWB signal transmission across superimposed multiple paths with delays 𝜏𝑖,

amplitudes 𝐴𝑖 and total path number 𝐿. In an indoor environment, deterministic MPC is always caused by the

wave reflection fromwalls or other objects in addition to the desired target(s). The second term, representing diffuse

MPC, captures channel disruptions modeled as Additive White Gaussian Noise (AWGN), 𝜐(𝑡), for accurate channel
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behavior description. Therefore, the unwanted signal components affecting the received CIR can be classified as

MPC and AWGN in the UWB signal model. These two contributions will be suppressed in section 3.3.

ℎ(𝑡) =
𝐿

∑
𝑖=1

𝐴𝑖𝛿(𝑡 − 𝜏𝑖) + 𝜐(𝑡) (2.1)

Figure 2.2 illustrates the difference of CIR samples transmitted from Tx to Rx under two scenarios: Background only

CIR (orange line) and CIR with a target (blue line). The CIR samples of this figure are plotted using experimental

data frommeasurements of the office room used in this thesis and using Nolvelda X4 UWB radar and related real po-

sition of the target person. The background CIR represents the case where no object is present in front of the radar,

whereas the CIR with a target indicates the presence of an object in the field of view of the radar. By comparing the

amplitudes of these two scenarios, the time delay of the direct signal between Tx and Rx (the first path of the CIR

measurement) and the time delay caused by the reflection from the target object can be identified as peak in target

position. For simplicity, the time delay caused by the target’s reflection is denoted as 𝜏TP. Additionally, fluctuation

signals occurring after 𝜏TP are often attributed to MPC and AWGN.

Figure 2.2: Illustration of a CIR sample collected with a UWB radar in two scenarios. Scenario 1 (orange line): no target in front of the radar

(background only). Scenario 2 (blue line): one target in front of the radar (CIR with target).

In the signal processing pipeline, the CIR collected over multiple time frames can be stacked together into a 2D

matrix to form a range time plot, as illustrated in Figure 2.3.

Figure 2.3: Illustration of range time plot generated by stacking together multiple CIR samples collected over time.

In this matrix representation, each column corresponds to a CIR captured at a specific slow time frame (the time

index when the CIR was recorded). Each row represents a fast-time sample, which corresponds to a specific time

delay within the CIR. This visualization provides an intuitive way to observe temporal evolution and motion-related

changes in signal reflections, and is typically the starting point of many radar processing algorithms in the literature.
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2.2. Monostatic UWB Radar
This section introduces monostatic UWB radar and its localization principle using time delay measurements in

ceiling-mounted setups.

2.2.1. Definition

Radar configurations generally require at least two antennas—one for transmitting the UWB pulses and one for

receiving them. Based on antenna placement, radar systems are typically classified into three categories: monostatic,

bistatic, and multistatic [31]. Figure 2.4 illustrates the differences among these three configurations.

Figure 2.4: Example of three different radar configurations: monostatic, bistatic, and multistatic. The multistatic radar configuration can be

different compared with the example one shown in the plot, but there should be at least three nodes.

In a monostatic radar system, the transmitting and receiving antennas are co-located, often sharing the same physi-

cal antenna. This setup simplifies hardware design and ensures precise synchronization between transmission and

reception processes. Bistatic radar, on the other hand, separates the transmitter (Tx) and receiver (Rx) by a consid-

erable distance, which can provide flexibility in system layout and is particularly useful in occlusion situations or

passive sensing scenarios. Multistatic radar involves multiple transmitters and/or receivers placed at different loca-

tions, typically separated by distances large compared to the antenna size [32]. This configuration enables spatial

diversity but significantly increases system complexity.

Compared to bistatic and multistatic setups, monostatic radar offers the advantages of a fully known transmitted

waveform, inherent time synchronization between Tx and Rx, and the potential for phase coherence within each

node [33] [34]. These characteristics lead to a simplified system architecture with lower geometric complexity,

making monostatic radar especially suitable for practical ceiling-mounted deployment, such as integration into

office lighting system [33].

2.2.2. Localization using the Monostatic UWB Radar

In monostatic UWB radar localization, the estimation of a target position can be performed based on the time delay

𝜏TP defined in previous sections. Figure 2.5 illustrates the concept using a ceiling-mounted radar setup, where blue

points A, B, and C represent the positions of three radars, and the red point indicates the target.

In this geometry, 𝜏TP denotes the time delay for the UWB pulses to go from the transmitter to the target and back

to receiver. The corresponding total traveled distance is therefore given by 𝑐 ⋅ 𝜏TP, where 𝑐 is the speed of light. The

geometric relationship can be expressed in Equation 2.2, where PT is target position, PRm
is the radar 𝑚 position

and 𝑟 is the distance from radar to the target.

𝑟 = ∥PT − PRm
∥
2

= 𝑐 ⋅ 𝜏TP𝑖
(2.2)
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In a three-dimensional space, assuming all radars are mounted on the ceiling at the same level, which forms a

horizontal plane, each 𝜏TP measurement defines a hemisphere centered at the corresponding radar location. Since

the target is located below the ceiling in an indoor environment, it must lie on the surface of that hemisphere.

As shown in Figure 2.5, using multiple monostatic radars results in multiple hemispheres, represented in different

colors, and the intersection of these hemispherical surfaces corresponds to the estimated target position.

Figure 2.5: Illustration of localization process by using multiple (i.e., 3) monostatic UWB radar nodes.

2.3. Related Work in the Literature
In this section, related works relevant to this thesis are reviewed and categorized into two main areas: human

tracking and activity recognition, which correspond to the two core components of this research.

2.3.1. Tracking

Since, to the best of the author’s knowledge, no existing studies have explored human tracking using downward-

facing, ceiling-mounted monostatic UWB radars, the literature review is extended to cover two related directions:

1. Human tracking using wall-mounted UWB radars (including all radar configurations)

2. Ceiling-mounted radars based on other technologies for indoor tracking applications.

Wall-Mounted UWB Radar for Human Tracking

Target tracking frameworks are generally categorized into two approaches: Detect-Before-Track (DBT) and Track-

Before-Detect (TBD) [35]. In a typical DBT pipeline, radar data is processed on a per-frame basis, and target detec-

tion is first performed using a fixed threshold—commonly based on a Constant False Alarm Rate (CFAR) detector

[36]. Once a target is detected, its position and motion information are passed to a tracking algorithm for state

estimation. In contrast, the TBD approach adopts a fundamentally different strategy. It skips the explicit detection

step and directly operates on raw or low-threshold radar measurements, jointly performing detection and tracking

within a unified framework over multiple frames [36] [37]. In other word, DBT is efficient and simple but prone

to missed detections in low SNR or weak target scenarios, while TBD improves robustness through spatiotemporal

integration at the cost of higher complexity.

In the following review, related works on human tracking using wall-mounted UWB radar systems are grouped
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according to these two categories for analysis.

1. Detect-Before-Track:
As previously described, the DBT approach follows a typical processing pipeline, which is illustrated in Fig-

ure 2.6. Although the specific implementations may vary across studies, especially in the choice of algorithms

for each processing block, the overall structure remains consistent. In general, targets are first detected inde-

pendently in each radar node if multiple of them are present, and the resulting detections are then combined

to perform localization and tracking.

In [11], the authors employ a multistatic UWB radar system installed approximately 1 meter above the floor

and propose a two-stage algorithm for human tracking. In their pipeline, a cell-averaging constant false

alarm rate (CA-CFAR) detector is first used to identify human targets. Since the radar is not ceiling-mounted,

the human body is considered as an extended object, and the resulting detections are spatially scattered. To

address this, an averaging filter is applied to estimate the center of the scattered points. A Kalman filter

(KF) is then used to track the estimated center in each radar individually, providing a more accurate range

estimation. After obtaining range measurements from all radars, a Taylor series positioning algorithm is

applied to estimate the target’s 2D position. Finally, a second KF is used to track the target in the 2D space,

resulting in a smoothed trajectory achieving a RootMean Squared Error (RMSE) of 0.05-0.1m in the simulation

data. The results using a real dataset also demonstrate that incorporating an individual KF for each radar

reduces tracking error compared to the pipeline that skips this step.

[29] also adopts a DBT-based approach to track a single person using a multistatic UWB radar system com-

prising four UWB units. In their pipeline, CIR variance is recursively calculated as a pre-processing step

to enhance range resolution. Then, a leading-edge detection algorithm is employed to estimate the target’s

range from each radar individually. Finally, a particle filter (PF) is applied to jointly perform localization and

tracking, achieving a RMSE of 0.33 meters.

In [15], the authors propose a multi-person tracking DBT framework based on a multistatic UWB radar setup.

To enhance target detectability in cluttered environments, the antennas are mounted near the ceiling at a

height of 2.5 meters and oriented horizontally. This configuration helps mitigate mutual shadowing among

people, thereby increasing spatial diversity. The signal processing pipeline begins with background subtrac-

tion, followed by target detection using CFAR. Subsequently, a TOA-based matching algorithm is employed

to associate range measurements across receivers and distinguish multiple individuals. To address spatial

bias introduced by the elevated antenna placement, a height compensation algorithm is applied. The final

2D positions are estimated using ellipse-based localization, and multi-target tracking is performed with a

Kalman filter. Compared to systems with lower antenna placements and earlier TOA association methods,

the proposed approach improves tracking completeness and accuracy, achieving a mean localization error of

approximately 0.26 m and a correct localization rate of 72% for multi-person tracking.

Figure 2.6: Typical pipeline for a Detect-Before-Track approach.

2. Track-Before-Detect:
Unlike DBT, which detects targets independently in each radar, TBD jointly processes signals from all radars.
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This approach is particularly effective in handlingweak target scenarios, as it accumulates radar echoes across

all radars to enhance tracking accuracy [10].

[38] proposed a variance-based temporal-spatial (VATS) mapping method for human tracking using a mul-

tistatic UWB radar system, based on the public dataset from [29]. The initial step in their pipeline follows

the recursive variance computation method introduced in [29], where the variance of the CIR is calculated

for each Tx-Rx pair to enhance range resolution. Unlike traditional methods that rely on leading-edge detec-

tion to extract range measurements per radar pair, VATS directly explores the spatial correlation between the

CIR variance matrix and the potential target location. Specifically, the experimental area is discretized into a

100 × 100 2D grid, where each grid cell corresponds to a physical position in the room. For each CIR mea-

surement, the CIR variance values from all radar pairs are projected onto the grid accordingly. This results

in a radiotomographic imaging (RTI) matrix, where higher values indicate a higher likelihood of the target’s

presence. This likelihood map is then used as the measurement input to a PF. The PF assigns higher weights

to particles located in high-value regions of the RTI map, and the weighted average of these particles is taken

as the estimated position of the human target. Compared to the method in [29], which uses leading-edge de-

tection and PF directly on range estimates, the VATS method achieves improved performance, with a median

localization error of approximately 0.16 m.

In [10], the authors propose a dynamic programming-based TBD method for both single- and multi-person

tracking using a UWB radar network. After clutter suppression on the CIR data from each radar, all CIR

values from every time frame are mapped onto a common 2D grid, where the x- and y-axes correspond to

the physical dimensions of the experimental area. In this representation, high values indicate likely target

locations. By stacking these 2D maps over time frame, a 3D spatiotemporal grid is constructed, with the

z-axis representing time frames. Within this 3D grid, clustering and morphological opening are applied to

enhance and isolate potential target scatter points. These points are then used to generate and associate short

trajectories, allowing for the tracking of both single and multiple individuals. By jointly analyzing multiple

scan frames using 3D image processing techniques such as region growing and morphological filtering, the

system enhances weak target trajectories while suppressing noise and clutter artifacts. After identifying high-

score regions, the system further refines them using 2D smoothing and local maxima detection to generate

measurement points. These measurements are grouped into short track segments, which are later associated

through a multiple hypothesis tracking framework. Outlier removal and trajectory smoothing are applied in

the final stage to generate clean and continuous tracks. In contrast to other TBD approaches that utilize con-

ventional tracking methods such as particle filtering (PF) [38], the method proposed in [10] operates directly

on raw waveform data. It constructs an image-like score map through a multi-sensor voting mechanism, and

then applies image processing-based tracking techniques to extract the target trajectory. According to the

result, this approach achieves a mean tracking error around 0.2 to 0.4 meters.

The key feature of the studies discussed in this section are summarized in Table 2.1.

Table 2.1: Summary of Wall-Mounted UWB Radar-Based Human Tracking Approaches.

Reference Type Initial Processing Tracking Results

[11] DBT CFAR KF RMSE: 0.05m-0.1m

[29] DBT Leading-edge PF RMSE: 0.33m

[15] DBT CFAR KF Mean: 0.26m

[38] TBD Grid Mapping PF Median: 0.16m

[10] TBD Grid Mapping + Clustering Morph. Filtering Mean: 0.2–0.4m
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Ceiling-Mounted Non-UWB Radars for Indoor Tracking

When the scope of the literature review is extended from UWB to other radar technologies for ceiling-mounted

tracking, several additional studies can also be reviewed. The mm-Wave radar, equipped with multiple antennas

(i.e., multiple transmitters and receivers within a single device, i.e. MIMO), canmeasure CIR across multiple antenna

pairs. This allows the possibility to estimate both elevation and azimuth angles of the target. By combining angle-

of-arrival (AoA) information with range estimates derived from CIR, a single mm-Wave radar is potentially capable

of localizing human targets within an indoor environment.

For example, [18] and [39] both utilize ceiling-mounted mm-Wave radars for indoor human tracking. In [18], a

downward-facing mm-Wave radar is installed at a height of 3 meters to track multiple people. The authors apply a

CFAR detector and the Minimum Variance Distortionless Response (MVDR) algorithm to convert CIR data into spa-

tial point clouds. These point clouds are then processed using the Density-Based Spatial Clustering of Applications

with Noise (DBSCAN) algorithm to distinguish between people. An alpha-extended Kalman filter is subsequently

used to track group targets, followed by a track management algorithm that handles challenges such as track split-

ting, crossover, and near-static targets. In [39], the authors mount a mmWave radar on a motor installed on the

ceiling. This mechanism enables rotation in both elevation and azimuth, significantly expanding the radar’s effec-

tive coverage area. In detail, the radar first extracts 4D point clouds (space + velocity) through CFAR, range-Doppler

processing and beamforming, followed by human localization via centroid estimation or micro-motion analysis. A

rotation decision module then evaluates the target’s view angle and adjusts the radar orientation using a calibrated

pan-tilt transformation to ensure optimal sensing performance across tasks. Based on these processes, the sys-

tem can dynamically reorient the radar toward the moving target, enabling robust tracking in larger spaces and

supporting multiple end applications such as vital sign monitoring and fall detection.

The mentioned studies in this section are summarized in Table 2.2.

Table 2.2: Summary of Ceiling-Mounted Non-UWB Radar Based Human Tracking Approaches.

Reference Radar Setup Initial Processing Tracking Highlights

[18]
Ceiling-mounted

mmWave radar

CFAR + MVDR

+ DBSCAN

Alpha-KF

+ Track Management
Crowd tracking

[39]
Ceiling-mounted

mmWave radar

with motor

CFAR

+ Angel Estimation

Directional Steering

+ Centroid estimation

Expands coverage area,

Multi applications

2.3.2. Activity Recognition

Based on the problem definition of this thesis, activity recognition should be performed along the human walking

trajectory. This implies that multiple activity types may occur sequentially, and human activities form a continuous

stream in which one motion follows another. Such a setting can be regarded as a radar-based continuous activity

recognition problem, as opposed to the traditional setting where one radar data segment corresponds to a single

activity class [40]. In [41], the authors address this continuous recognition challenge by employing a sliding window

approach. Specifically, they first apply Short-Time Fourier Transform (STFT) to the radar data and then use a

Convolutional Neural Network (CNN) and ResNet to classify activities within each window. Their system, which

uses five monostatic UWB radars, successfully recognizes nine different human activities in a continuous sequence

with best accuracy 95.65%.

Not only in radar-based continuous activity recognition, but also in non-continuous activity recognition tasks, ma-

chine learning (ML) methods dominate the current research landscape. These approaches typically involve training
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a model (i.e., a neiral network) on preprocessed radar datasets and validating it on a separate test set [7, 40].

For instance, [12] demonstrates that a ceiling-mounted monostatic UWB radar can detect human falls with an

accuracy of 93.97% using CNN. In another study, [42] demonstrates an extended target intensity maps and veloc-

ity distribution reconstruction method. The authors firstly map the radar signal from each node into a common

3D Cartesian voxel grid, where each voxel accumulates the reflection intensity across Doppler channels. Then, a

dominant velocity vector is reconstructed per voxel by solving an overdetermined inverse problem using Doppler

projections from multiple radar nodes. These fused intensity and velocity fields are subsequently used as input

to CNN-BiLSTM for human activity classification. Experimental results on a public UWB radar dataset from [43]

involving 14 subjects and nine activity classes show that the proposed fusion method achieves a test accuracy of

87%. These findings suggest that the extended target phenomenon, often regarded as a challenge in radar-based

tracking, can instead be exploited as a useful feature for activity recognition.

However, due to time constraints, it is not feasible to collect a sufficiently large dataset to support ML based activity

recognition with deep neural networks in this thesis. Given that the range of activities to be classified is limited

to walking, standing, and sitting, several non machine learning approaches can be considered. For instance, [44]

demonstrates that theMoving Target Indicator (MTI) can be used to detect humanmotion, effectively distinguishing

between dynamic movements and static postures.

[45] and [46] both propose height-based thresholding methods for radar-based activity classification achieving

accuracy 76% and 93.7%, respectively. These methods leverage temporal changes in estimated human height to

distinguish between activities such as standing, sitting, and lying. It is worth highlighting that in [46], the au-

thors deploy a single ceiling-mounted mmWave radar to achieve both human tracking and activity classification.

By focusing on the vertical dimension of the point cloud, their system estimates the subject’s height in real-time

and applies empirically determined thresholds to infer posture transitions. The top-view configuration reduces oc-

clusion and produces more centralized and reliable point cloud data, particularly around the head and upper body,

which enhances both tracking robustness and posture estimation accuracy. Their experimental results demonstrate

high sensitivity and precision across standing, sitting, and lying postures, validating the effectiveness of non-ML,

height-based classification in compact indoor environments.

The key features of the research paper mentioned in this section are listed in Table 2.3.

Table 2.3: Summary of Radar-Based Activity Recognition Approaches.

Reference Method Activities ML-based Result

[41] CNN / ResNet 9 continuous activities Yes Accuracy: 95.65%

[12] CNN Fall Detection Yes Accuracy: 93.97%

[42] CNN-BiLSTM 9 activities Yes Accuracy: 87%

[44] MTI Detection Move / Static No N/A

[45]
Height-based thresholds Sit / Stand / Lying No

Accuracy: 76%

[46] Accuracy: 93.7%

2.4. Summary
This chapter has introduced the fundamental principles of UWB radar-based human localization and activity recog-

nition. It began by describing the characteristics and propagation behavior of UWB signals, followed by a detailed

explanation of UWB localization approaches, including both active and passive (radar-based) methods. The concept
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of CIR was introduced as the core data representation used throughout the signal processing pipeline. The monos-

tatic UWB radar configuration, with its simplified hardware and inherent synchronization benefits, was described

in the context of ceiling-mounted indoor tracking.

Finally, a comprehensive review of related work was conducted, covering DBT and TBD tracking frameworks with

wall-mounted UWB radars, ceiling-mounted non-UWB radar systems, as well as both ML-based and non-ML-based

activity recognition approaches. The literature indicates that TBD methods, by combining all available radar infor-

mation before the detection stage, offer a potential solution to the weak target problem, while human-height-based

activity classification provides a feasible option in non-ML scenarios. However, the challenges of extended targets

and viewpoint variation remain unresolved in these studies and thus require further research in this thesis.

In summary, this technical background serve as the basis for the system design and algorithm development pre-

sented in the following chapters.



3
Localization and Tracking

In this chapter, the localization and tracking pipeline of the proposed 3D grid-based method is presented, including
system modeling, detailed grid mapping, compensation, and tracking procedures. In addition, the baseline method used
for performance comparison is also described.

3.1. System Model
In this section, the mathematical model of the proposed pipeline is presented, including the method for exploiting

the extended target characteristics of a human to enable tracking using ceiling-mounted UWB radar.

3.1.1. Extended Target Modeling

According to the problem statement, the monostatic UWB radar is mounted on the ceiling, which introduces the

extended target issue as discussed in section 1.2.3. When an person with normal body walks below the radar, his

body acts as an extended target from the radar’s top-down perspective. As shown in Figure 3.1, different parts of

the human body (head, torso, and lower limbs) contribute multiple reflection peaks that are detected by the radar.

These reflections are illustrated as red dots in Figure 3.1. Furthermore, as the person walks, the precise locations of

these reflection points vary over time and are not fixed relative to the body (so-called ‘non-rigid body’).

In [47], ceiling-mounted acoustic localization devices are designed to track the human head. Indeed, the head is

often the closest body part to the ceiling-mounted UWB radar and generally produces the strongest signal reflec-

tion. However, treating the entire human target as the head only neglects useful reflections from other body parts,

such as the torso and legs, that can be useful for later activity classification. This limitation becomes especially

relevant in scenarios with restricted radar opening angles, where the head may fall outside the radar’s coverage

(see Section 1.2.3 for details). Therefore, it can be beneficial to also incorporate reflections from other body regions.

To make full use of the extended target characteristics, a change in observation perspective is required. When a

normal person walks upright with both feet, without exhibiting significant vertical oscillations, his body is aligned

vertically with respect to the floor. This causes the radar reflections to be distributed approximately along the

vertical (z) axis. While the side view shown in Figure 3.1 highlights this vertical spread, a top-down perspective, as

illustrated in Figure 3.2, reveals that these reflection points cluster spatially around the actual position of the person.

The center of this cluster can thus be used to estimate the person’s location in the horizontal plane (xy plane), which

18
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is the expected output of the localization system.

Based on this idea, we assume that a normal person is more likely to be located at a horizontal position (𝑥, 𝑦) if

multiple reflection points are consistently observed along the vertical (𝑧) axis at that location and there is no extra

moving non-human target in the room. In other words, a high concentration of vertically aligned reflections sug-

gests a higher likelihood of human presence at the corresponding (𝑥, 𝑦) position. Thus, when the radar’s detection

space is discretized into multiple horizontal planes, the human body tends to produce reflections across several of

these planes at the same (𝑥, 𝑦) coordinate. Therefore, locations where high reflection probabilities are observed

across all 𝐼 horizontal layers in a specific (𝑥, 𝑦) location are more likely to correspond to the actual position of the

person.

To formalize this physically-grounded assumption, we introduce a joint likelihood formulation to quantify the prob-

ability of target-induced reflections occurring along a vertical line at a specific (𝑥, 𝑦) location. Specifically, let R𝑥,𝑦,𝑧𝑖

denote the reflection probability caused by the target at spatial coordinate (𝑥, 𝑦, 𝑧𝑖), where 𝑧𝑖 denotes the horizon-

tal layer 𝑖 in the 3D space. The probability of human presence at location (𝑥, 𝑦) can then be expressed as the joint

distribution showed in Equation 3.1.

𝑃 (R𝑥,𝑦,𝑧1
,R𝑥,𝑦,𝑧2

, … ,R𝑥,𝑦,𝑧𝑛
) =

𝐼
∏
𝑖=1

R(𝑥, 𝑦, 𝑧𝑖) (3.1)

This distribution reflects the likelihood that reflections are observed at all horizontal layers corresponding to a given

(𝑥, 𝑦) position. The human location estimate (𝑥∗, 𝑦∗) is defined as the position with the maximum joint probability.

Assuming independence of reflections across different layers, the expression can be found in Equation 3.2.

(𝑥∗, 𝑦∗) = argmax
(𝑥,𝑦)

𝑃 (R𝑥,𝑦,𝑧1
,R𝑥,𝑦,𝑧2

, … ,R𝑥,𝑦,𝑧𝑛
) = argmax

(𝑥,𝑦)

𝐼
∏
𝑖=1

R(𝑥, 𝑦, 𝑧𝑖) (3.2)

Figure 3.1: Visualization of the human body as an

extended target from the side view.

Figure 3.2: Visualization of the human body as an

extended target from the top view.

3.1.2. Target Reflection Probability

From the previous analysis, it is essential to determine the probability of reflection caused by the target at a specific

position (𝑥, 𝑦, 𝑧𝑖), denoted by R(𝑥, 𝑦, 𝑧𝑖). Typically, the target reflection in the CIR obtained from a single UWB
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radar appears as observable peaks. However, nonzero amplitudes in the CIR can also occur due to environmental

multipath effects and noise, even without a true target at the given range. Consequently, the CIR amplitude at range

𝑟, denoted as c(𝑟), can be interpreted as proportional to the probability of a target reflection occurring at range 𝑟,
expressed as 𝑃reflection(𝑟). This relationship is formulated in Equation 3.3. Hence, a higher value of c(𝑟) indicates a

higher probability of the target being present at range 𝑟.

𝑃reflection(𝑟) ∝ c(𝑟) (3.3)

Considering the deployment of𝑀 multiple UWB radars, each radar𝑚 provides its ownCIR, reflecting the possibility

of target existence at its corresponding range 𝑟𝑚. According to the monostatic radar localization principle detailed

in Section 2.2.2, the intersection points of hemispheres derived from multiple radars represent potential target

locations. Specifically, the intersection point in space with a high reflection probability from all radars can be

regarded as the target’s estimated location. Thus, the joint reflection probability at an arbitrary position (𝑥, 𝑦, 𝑧𝑖)
can be expressed as the joint likelihood of reflections from all radars, given by Equation 3.4, where the distance 𝑟𝑚,𝑖
from the position (𝑥, 𝑦, 𝑧𝑖) to radar 𝑚 is computed in Equation 3.5.

R(𝑥, 𝑦, 𝑧𝑖) =
𝑀
∏
𝑚=1

𝑃reflection,𝑚(𝑟𝑚,𝑖) ∝
𝑀
∏
𝑚=1

c𝑚(𝑟𝑚,𝑖) (3.4)

𝑟𝑚,𝑖 = ‖(𝑥, 𝑦, 𝑧𝑖) − (𝑥
𝑚

, 𝑦
𝑚

, 𝑧
𝑚

)‖2 (3.5)

Therefore, the likelihood function 𝐿(𝑥, 𝑦) of human presence at a horizontal position (𝑥, 𝑦) can be defined in Equa-

tion 3.6. Here, 𝑖 indexes the horizontal layers along the vertical (𝑧) axis, with a total of 𝐼 layers, and 𝑚 indexes

the multiple deployed UWB radars, with a total of 𝑀 radars. 𝑟𝑚,𝑖 is the distance between the point (𝑥, 𝑦, 𝑧𝑖) and

the 𝑚-th radar is given in Equation 3.5. According to Equation 3.6, the likelihood function combines the reflection

probabilities from all radars across multiple horizontal layers and multiple radars. These probabilities are assumed

to be proportional to the CIR amplitudes at the corresponding ranges. Thus, the estimated human location (𝑥∗, 𝑦∗)
is obtained by maximizing the likelihood function L(𝑥, 𝑦) which is expressed in Equation 3.7.

L(𝑥, 𝑦) =
𝐼

∏
𝑖=1

R(𝑥, 𝑦, 𝑧𝑖) =
𝐼

∏
𝑖=1

𝑀
∏
𝑚=1

𝑃reflection,𝑚(𝑟𝑚,𝑖) ∝
𝐼

∏
𝑖=1

𝑀
∏
𝑚=1

c𝑚(𝑟𝑚,𝑖) (3.6)

(𝑥∗, 𝑦∗) = argmax
(𝑥,𝑦)

L(𝑥, 𝑦) (3.7)

Based on the modeling presented above, the target’s position can be estimated by leveraging the extended target

characteristics of a walking human in an indoor office environment. Accordingly, the problem shifts to two key

questions:

1. How to accurately estimate the target reflection probability R(𝑥, 𝑦, 𝑧𝑖) at each spatial location?

2. How to robustly identify the maximum point of the resulting likelihood function for precise localization?

3.2. Overall Pipeline of the Proposed 3D Grid-Based Method
Based on the problem statement, a radar signal processing pipeline should be designed to jointly perform human

tracking and activity recognition. In this thesis, a 3D grid-based framework is proposed for achieving these tasks us-

ing ceiling-mounted monostatic UWB radar. The overall pipeline of the proposed method is illustrated in Figure 3.3,

which comprises three main components:
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1. Signal Preprocessing

2. Localization and Tracking

3. Activity Recognition

The first two components are introduced in detail in this chapter, while the third component, activity recognition,

is discussed in Chapter 4.

Figure 3.3: Overall Pipeline of the Proposed 3D Grid-Based Method.

The pipeline begins with signal preprocessing, which removes static clutter from the received CIR to ensure a cleaner

representation of target reflections. The signal preprocessing procedure is applied to all 𝑀 radars, producing 𝑀
processed CIR datasets for localization and activity recognition.

Next, the localization and tracking module maps the preprocessed CIRs into a 3D voxel grid using the 3D grid

mapping algorithm to formulate the target reflection probability R(𝑥, 𝑦, 𝑧𝑖), generating 𝑀 CIR grids (one per radar)

at each slow-time index 𝑡. For each grid, layer compensation is first applied to remove artifacts and enhance target-

related features. The CIR grids from the 𝑀 radars at the same slow-time index are then fused into a single 3D grid

based on Equation 3.4 to obtain target reflection probability grid R𝑡(𝑥, 𝑦, 𝑧𝑖). To further improve the estimation

accuracy, Position Dilution of Precision (PDOP) compensation is applied to R(𝑥, 𝑦, 𝑧𝑖) in subsection 3.6.3. Finally,

according to Equation 3.6, the compensated target reflection probability grid is projected onto a 2D likelihood map

that represents the probability of human presence at each horizontal location (𝑥, 𝑦). The position corresponding to

the maximum likelihood is estimated and tracked using a Particle Filter (PF), following a tracking strategy similar to

that in [38]. Among these procedures, the 3D gridmapping algorithm is described in detail in Section 3.4. Since layer

compensation and PDOP compensation are additional steps aimed at improving estimation accuracy, the CIR grid

fusion and 2D projection processes are discussed first in Section 3.5, followed by the two compensation procedures

in Section 3.6. The PF tracking method is presented in Section 3.7.

Simultaneously, the activity recognition module operates on the CIR output after clutter suppression. Inspired by

the MTI detection concept described in [44], this module detects motion status (walking vs. static). Only periods

labeled as walking are input to the PF for tracking. For static segments, which correspond to either standing or

sitting activities, the system applies a height estimation algorithm to differentiate between these two classes. This

approach is motivated by the observation that human height changes significantly (approximately 20% of human

height) during sit-to-stand or stand-to-sit transitions [46]. If such a height variation is detected, the activity is

classified to sitting activity. Through this integrated framework, both spatial tracking along with temporal activity

classification are achieved without reliance on machine learning models.
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3.3. Signal Preprocessing
To eliminate the influence of clutter caused by MPC in the CIR, an adaptive clutter algorithm based on the method

shown in [48] is applied to the data. Here, the term ‘adaptive’ means that the application ratio a𝑡(𝑘) is adaptive to

change in different slow-time index compared to the fixed value in [49]. The process of adaptive clutter suppression

(ACS) can be represented by Equation 3.8 [48]. In Equation 3.8, 𝑡 denotes the index of the slow-time bin, 𝑘 denotes

the index of the fast-time bin, c𝑡(𝑘) is the received CIR measurement, s𝑡(𝑘) is the clutter signal, and y𝑡(𝑘) is the

processed signal. ̃c𝑡(𝑘) and ỹ𝑡(𝑘) represent the normalized envelopes of c𝑡(𝑘) and y𝑡(𝑘), respectively. The envelope
is obtained from the Hilbert transform of c𝑡(𝑘) and y𝑡(𝑘). The application ratio a𝑡(𝑘) is updated based on the value

of the envelope.

y𝑡(𝑘) = c𝑡(𝑘) − s𝑡(𝑘)
d𝑡(𝑘) = min ( ̃c𝑡(𝑘), ỹ𝑡(𝑘))

̃c𝑡(𝑘)
a𝑡(𝑘) = 𝑎min + (𝑎max − 𝑎min) ⋅ d𝑡(𝑘)
𝑐𝑡+1(𝑘) = a𝑡(𝑘) ⋅ s𝑡(𝑘) + (1 − a𝑡(𝑘)) ⋅ c𝑡(𝑘)

(3.8)

A high application ratio improves signal-to-noise ratio (SNR) but delays accurate clutter signal capture, risking

inaccurate target movement representation. Conversely, a low application ratio quickly extracts moving targets

but suppresses both clutter and target signals, potentially leading to insufficient SNR and missed detections [48].

The variable d𝑡(𝑘) is used to determine the application ratio for the next scan, using the envelope of two signals. If

there is motion at a certain delay bin 𝑘0, ỹ𝑡(𝑘0) would be greater than ̃c𝑡(𝑘0) at that point. Therefore, d𝑡(𝑘0) would

be one and a𝑡(𝑘0) would have the value 𝛼max to maximize SNR. Conversely, d𝑡(𝑘) has a lower application ratio

according to the ratio of ̃c𝑡(𝑘) and ỹ𝑡(𝑘) at points with little or temporary motion [48]. By using this method, a𝑡(𝑘)
can be adjusted based on different circumstances. During the iterative period, some slow-time bins may contain all

zeros due to measurement errors. In these zero slow-time bins, the ACS method is skipped, and the value in the

zero slow-time bins is set equal to the last slow-time bin with a valid value. By balancing sufficient SNR and signal

delays, 𝑎max = 0.75 and 𝑎min = 0.25 are selected in this thesis and applying the ACS along with normalization, the

example filtered data 1 is presented in Figure 3.4.

Figure 3.4: An example result of raw data vs ACS using the dataset from test ID VH_T_W_P1_H1.

Compared with the original range-time plot with massive MPC, nearly all clutter is discarded and the wave pattern
1The data used to illustrate this ACS example is obtained from Radar 1 during an experiment. The corresponding test ID for this dataset is

VH_T_W_P1_H1. A detailed description of the experimental setup will be provided later in Chapter 5.
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due to target movement is easier to distinguish. Based on the signal preprocessing stage, a cleaner signal with dom-

inant MPC suppressed is obtained. This pre-processed signal provides a solid foundation for subsequent processing

stages.

3.4. CIR 3D Grid Mapping
To compute the target reflection probability grid 𝑅(𝑥, 𝑦, 𝑧𝑖) at each horizontal layer 𝑧𝑖 for all corresponding (𝑥, 𝑦)
positions, the processed CIR data from each time frame and radar must be mapped into a 3D voxel grid. This grid

serves as a discretized representation of the physical room space, enabling the CIR data to be spatially visualized

and interpreted in three dimensions.

To map the CIR data into a 3D CIR grid, the gridding strategy is adapted from the method proposed in [10], which

originally mapped CIR measurements onto a 2D grid. In this thesis, the original method is extended and enhanced

to support 3D spatial mapping. This improvement allows the CIR data to be projected into a voxel-based represen-

tation, capturing not only the horizontal (𝑥, 𝑦) distribution, but also the vertical dimension 𝑧, thereby enabling a

more comprehensive spatial interpretation of the radar reflections.

The pipeline for mapping the processed CIR data of each radar at every slow-time frame into a 3D voxel grid is

illustrated in Figure 3.5. This strategy consists of three main steps, further detailed in the following sub-sections:

CIR score calculation, voxel range determination, and CIR grid construction. First, the CIR score is computed by

applying a power-law normalization to the raw CIR amplitudes. This normalization suppresses high amplitude

variations and stabilizes the distribution of CIR range bins. Next, the voxel range determination utilizes known

room geometry, radar position and grid size parameters to determine which CIR range bins correspond to specific

voxels in the 3D space. Finally, the CIR grid construction step maps the CIR scores with their corresponding voxels,

resulting in a voxelized representation of the spatial distribution of CIR for each radar and time frame.

Figure 3.5: Pipeline of mapping CIR onto a 3D grid.

3.4.1. CIR Score Calculation

To enhance target-related reflections, a power-law normalized CIR score is computed following the formulation

proposed in [10], as shown in Equation 3.9. Here, c𝑚,𝑡(𝑘) denotes the CIR amplitude of the 𝑘-th fast-time bin (i.e.,

range bin) from radar 𝑚 at slow-time frame 𝑡. V𝑚,𝑡 is the resulting CIR score, and 𝑁𝑐 represents the total number

of CIR range bins. The parameter 𝛼 ∈ (0, 1) is a power-law compression factor that reduces the influence of high

amplitude noise while increasing weaker reflections. In this thesis, 𝛼 = 0.5 is selected to improve weak signal

peak amplitude. This normalization enables a more uniform and stable representation of reflection intensity across

different CIR range bins.

V𝑚,𝑡(𝑘) = (c𝑚,𝑡(𝑘))𝛼

1
𝑁𝑐

𝑁𝑐
∑
𝑙=1

(c𝑚,𝑡(𝑙))𝛼
(3.9)
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3.4.2. Voxel Range Determination

The room with physical dimensions Rroom = (𝑅𝑥, 𝑅𝑦, 𝑅𝑧), is discretized into a 3D grid of Ngrid = (𝑁𝑥, 𝑁𝑦, 𝑁𝑧)
voxels, resulting in spatial resolutions of Δ𝑥 = 𝑅𝑥

𝑁𝑥
, Δ𝑦 = 𝑅𝑦

𝑁𝑦
, and Δ𝑧 = 𝑅𝑧

𝑁𝑧
along the respective axes. To map the

CIR score into the 3D voxel grid, it is essential to ensure resolution alignment between the CIR range measurements

and the voxelized space. Each CIR range bin corresponds to a certain propagation distance from the radar, and the

voxel grid discretizes the room into spatial units. Therefore, voxels that are equidistant from the radar share the same

range bin index. Proper mapping requires determining which voxels fall within the propagation range represented

by each CIR bin, so that the corresponding CIR score can be accurately assigned to the appropriate voxel locations.

However, the raw CIR typically provides much finer range resolution than needed for human tracking tasks. For

instance, the Novelda X4 UWB radar offers a range bin resolution of approximately 0.64 cm, which far exceeds the

requirement for indoor tracking [20]. Therefore, instead of directly assigning each CIR bin to a voxel, a downsam-

pling strategy proposed in [10] is adopted to align the CIR range bins with the voxel grid defined by the chosen Δ𝑥,
Δ𝑦, and Δ𝑧.

To downsample the CIR for voxel-based mapping, it is necessary to determine which range bins in the CIR corre-

spond to each voxel in the 3D grid. This relation can be determined by the minimum and maximum propagation

distances between the radar and each voxel, which correspond to the range interval that a particular voxel occupies

with respect to the radar. Figure 3.6 illustrates this concept of ‘voxel range’. The black cube in the figure represents

the voxel with side lengths defined by the grid steps (Δ𝑥, Δ𝑦, Δ𝑧). Assuming the radar is located outside the voxel,

the minimum and maximum distances from the radar to the voxel can be found on the voxel cube surface. These

two distances define the range interval associated with the voxel and are used to determine which CIR range bins

contribute to this voxel.

Figure 3.6: Illustration of the voxel size of the 3D grid and its range with respect to the UWB radar.

In detail, for the radar 𝑚 located at position p𝑟𝑚
= (𝑥𝑟𝑚

, 𝑦𝑟𝑚
, 𝑧𝑟𝑚

)⊤, and a voxel indexed by (𝑛𝑥, 𝑛𝑦, 𝑛𝑧), whose

spatial extent is bounded in Equation 3.10. Then, the minimum Euclidean distance min𝐷𝑚
𝑛𝑥,𝑛𝑦,𝑛𝑧

from the radar

to this voxel is computed in Equation 3.11,where min𝐷(𝑟)
𝑛𝑥,𝑛𝑦,𝑛𝑧 = 0 if the radar position lies inside the voxel cube.

Similarly, themaximumEuclidean distance (max𝐷𝑚
𝑛𝑥,𝑛𝑦,𝑛𝑧

) from the radar to the voxel is calculated in Equation 3.12

by identifying the furthest corner.

𝑥min
𝑛𝑥

= (𝑛𝑥 − 1)Δ𝑥, 𝑥max
𝑛𝑥

= 𝑛𝑥Δ𝑥
𝑦min

𝑛𝑦
= (𝑛𝑦 − 1)Δ𝑦, 𝑦max

𝑛𝑦
= 𝑛𝑦Δ𝑦

𝑧min
𝑛𝑧

= (𝑛𝑧 − 1)Δ𝑧, 𝑧max
𝑛𝑧

= 𝑛𝑧Δ𝑧,
(3.10)
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𝑑min
𝑥 = max (0,max(𝑥min

𝑛𝑥
− 𝑥𝑟𝑚

, 𝑥𝑟𝑚
− 𝑥max

𝑛𝑥
))

𝑑min
𝑦 = max (0,max(𝑦min

𝑛𝑦
− 𝑦𝑟𝑚

, 𝑦𝑟𝑚
− 𝑦max

𝑛𝑦
))

𝑑min
𝑧 = max (0,max(𝑧min

𝑛𝑧
− 𝑧𝑟𝑚

, 𝑧𝑟𝑚
− 𝑧max

𝑛𝑧
))

min𝐷𝑚
𝑛𝑥,𝑛𝑦,𝑛𝑧

= √(𝑑min𝑥 )2 + (𝑑min𝑦 )2 + (𝑑min𝑧 )2,

(3.11)

𝑑max
𝑥 = max (|𝑥𝑟𝑚

− 𝑥min
𝑛𝑥

|, |𝑥𝑟𝑚
− 𝑥max

𝑛𝑥
|)

𝑑max
𝑦 = max (|𝑦𝑟𝑚

− 𝑦min
𝑛𝑦

|, |𝑦𝑟𝑚
− 𝑦max

𝑛𝑦
|)

𝑑max
𝑧 = max (|𝑧𝑟𝑚

− 𝑧min
𝑛𝑧

|, |𝑧𝑟𝑚
− 𝑧max

𝑛𝑧
|)

max𝐷𝑚
𝑛𝑥,𝑛𝑦,𝑛𝑧

= √(𝑑max𝑥 )2 + (𝑑max𝑦 )2 + (𝑑max𝑧 )2.

(3.12)

Based on these calculations, the voxel range for each voxel at index (𝑛𝑥, 𝑛𝑦, 𝑛𝑧) in the 3D grid, with respect to radar

𝑚, can be defined as the interval [min𝐷𝑚
𝑛𝑥,𝑛𝑦,𝑛𝑧

,max𝐷𝑚
𝑛𝑥,𝑛𝑦,𝑛𝑧

]. This distance interval determines which range

bins in the CIR are spatially associated with the given voxel, enabling the mapping of CIR scores to corresponding

voxel locations in the grid.

3.4.3. CIR Grid Construction

After determining the voxel range for each radar 𝑚, defined as the interval [min𝐷𝑚
𝑛𝑥,𝑛𝑦,𝑛𝑧

,max𝐷𝑚
𝑛𝑥,𝑛𝑦,𝑛𝑧

] for

every voxel in the 3D grid of size (𝑁𝑥, 𝑁𝑦, 𝑁𝑧), the CIR grid construction method proposed in [10] is applied. In

detail, for each voxel indexed by (𝑛𝑥, 𝑛𝑦, 𝑛𝑧), the maximum value of the CIR score within the corresponding voxel

range interval is selected and assigned to that voxel. This process forms the 3D CIR grid G𝑚,𝑡 for radar 𝑚 at

slow-time index 𝑡, as expressed in Equation 3.13.

G𝑚,𝑡(𝑛𝑥, 𝑛𝑦, 𝑛𝑧) = max
𝑘∈[min𝐷𝑚𝑛𝑥,𝑛𝑦,𝑛𝑧 ,max𝐷𝑚𝑛𝑥,𝑛𝑦,𝑛𝑧 ]

V𝑚,𝑡(𝑘) (3.13)

This maximum-value assignment strategy is similar to the max pooling operation in a CNN, as it captures the most

prominent feature within a given interval. Since high amplitude values in the CIR are typically indicative of target

reflections, this voxel-wise maximum extraction effectively preserves target reflection information. Compared to

simpler approaches that assign CIR values based on the voxel center’s closest distance to a single range bin, this

method provides a more robust mapping by aggregating strong reflection features over a bounded spatial interval.

3.4.4. CIR Grid Configuration

Based on the proposed 3D grid mapping method, the CIR data can be effectively assigned to each voxel in the 3D

CIR grid while preserving essential reflection features from the target. In this thesis, the 3D voxel grid is defined

with dimensions 100 × 100 × 8 for an experimental office room measuring 3.5m × 6.2m × 2.7 m. For human

tracking in the horizontal (2D) plane, the resulting spatial resolutions along the 𝑥- and 𝑦-axes are approximately

3.5 cm and 6.2 cm respectively, which are sufficient to meet human tracking requirements.

The choice of the grid size in the vertical (𝑧) dimension is influenced by three main considerations:

1. According to the assumption presented in Section 3.1, reflection points caused by a target are primarily dis-

tributed vertically (i.e., aligned with the 𝑧-axis). However, due to viewpoint variations across multiple radars

(as discussed in Section 1.2.3), exact matching of reflection peaks from different radars to a single spatial
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point cannot be guaranteed. A rougher grid resolution in the vertical dimension thus provides redundancy,

allowing more accurate capture of reflection features despite slight discrepancies among radars.

2. However, the grid resolution in the vertical dimension cannot be excessively rough, because the vertical

distribution of reflection points must be captured adequately in multiple horziontal layer to facilitate the

construction of a 2D likelihood map.

3. The vertical grid resolution must also support accurate human height detection for activity classification pur-

poses (detailed in Chapter 4). As described in [46], a height reduction exceeding approximately 20% typically

indicates a sitting posture. With a vertical grid size of 8 layers, the resulting vertical resolution is approxi-

mately 33.75 cm per voxel. This resolution allows reliable detection of height changes for individuals taller

than approximately 1.6875m. Note that the 20% threshold is an empirical guideline; actual detection sensi-

tivity also depends on practical considerations such as individual postures and chair height, which may affect

classification accuracy for significantly shorter individuals sitting on very high chair.

The top voxel layer at 𝑛𝑧 = 8 corresponds to the height interval 2.3625m − 2.7 m, which is above normal human

height and thus unlikely to contain valid human reflections. Thus, this layer is excluded from following grid com-

putations throughout this thesis. Therefore, in the remaining sections, the voxel grid dimensions will be referenced

as 100 × 100 × 7, corresponding to a room size of 3.5m × 6.2m × 2.3625m. The second top layer (𝑛𝑧 = 7,
height interval 2.025m − 2.3625m), although higher than normal human height, is retained as a buffer zone. This

layer accommodates potential target reflections from very tall persons and provides a transitional zone between the

typically occupied layers (𝑛𝑧 ≤ 6) and the empty top layer (𝑛𝑧 = 8).

Based on this grid configuration, the 3D grid of CIR score values for each radar at different slow-time frames can be

constructed. Figure 3.7 illustrates the 2D slices G𝑛𝑧
𝑚,𝑡 (with 𝑛𝑧 denoting each layer of G𝑚,𝑡) extracted from the CIR

grid G𝑚,𝑡 for an experimental data sample with test ID VH_T_W_P1_H1, obtained from UWB radar 1 at slow-time

index 𝑡 = 390.

Figure 3.7: An example of 2D slices (along the vertical 𝑧-dimension) from the CIR grid is shown for the experimental data sample with test ID

VH_T_W_P1_H1, obtained from UWB radar 1 at slow-time index 𝑡 = 390.

As the original 3D CIR grid is difficult to visualize in a printed format, all seven 𝑧-layer slices are displayed. Each

layer is represented as a 100×100 matrix. Green dots indicate the ground truth positions; the explanation of ground
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truth positions will be discussed in detail in Chapter 5. Red triangles denote the positions of the three UWB radars,

whose exact locations will also be introduced in Chapter 5. The color scale in the plots represents the amplitude of

the CIR score. From Figure 3.7, it can be observed that regions of equal value form concentric rings around each

radar position, and the ground truth locations mainly lie on the high value rings across nearly all layers.

3.5. CIR Grid Fusion and 2D likelihood Projection
Since the two compensation procedures (i.e., layer compensation and PDOP compensation) shown in Figure 3.3 are

additional steps intended to improve the accuracy of target localization, they are skipped in this section. Instead,

the focus here is on completing the key steps of likelihood map construction, including the CIR grid fusion and 2D

likelihood projection.

3.5.1. CIR Grid Fusion

After the CIR grid G𝑚,𝑡 is constructed in Section 3.4, Equation 3.4 serves as the key equation for fusing grids from

multiple radars. In practice, the 𝑀 individual CIR grids are multiplied element-wise and then normalized within

each 𝑧-layer to ensure that the values in the fused layer represent the target reflection probability. This procedure

is expressed in Equation 3.14, where R̃𝑡 denotes the reflection grid from 𝑀 radars, in which higher voxel values

correspond to a higher probability of the target’s presence in the entire grid at slow-time index 𝑡. R𝑡 represents the

target reflection probability grid at slow-time index 𝑡 representing the target’s presence probability in every z-layer,

and P is the PDOP compensation factor tensor, which will be discussed later in Section 3.6.3.

In this section, this compensation step is skipped, and thus tensor P is set to a tensor containing all ‘1’ values.

Through this process, each 𝑧-layer from the 𝑀 radars is fused, and the normalization expressed in the second

equation ensures that the resulting values remain within the range [0, 1], allowing them to be directly interpreted

as the probability of target presence in that layer.

R̃𝑡(𝑛𝑥, 𝑛𝑦, 𝑛𝑧) =
𝑀
∏
𝑚=1

G𝑚,𝑡(𝑛𝑥, 𝑛𝑦, 𝑛𝑧)

R′
𝑡(𝑛𝑥, 𝑛𝑦, 𝑛𝑧) = P(𝑛𝑥, 𝑛𝑦, 𝑛𝑧) ⋅ R̃𝑡(𝑛𝑥, 𝑛𝑦, 𝑛𝑧)

R𝑡(𝑛𝑥, 𝑛𝑦, 𝑛𝑧) =
R′

𝑡(𝑛𝑥, 𝑛𝑦, 𝑛𝑧) − min
𝑛𝑥,𝑛𝑦

R′
𝑡(𝑛𝑥, 𝑛𝑦, 𝑛𝑧)

max
𝑛𝑥,𝑛𝑦

R′
𝑡(𝑛𝑥, 𝑛𝑦, 𝑛𝑧) − min

𝑛𝑥,𝑛𝑦
R′

𝑡(𝑛𝑥, 𝑛𝑦, 𝑛𝑧)

(3.14)

Figure 3.8 shows the target reflection probability gridR𝑡 for the test data samplewith IDVH_T_W_P1_H1, obtained at

slow-time index 𝑡 = 390. The green dot indicates the target ground truth, while the red triangles mark the positions

of the UWB radars. It can be observed that the probability values around the target are high in most layers, except

for the buffer layer (𝑛𝑧 = 7). The relatively low probability values in this buffer layer may introduce errors in the

following 2D likelihood projection process; this issue will be addressed through compensation in Section 3.6.1.

3.5.2. 2D Likelihood Map Construction

Based on the target reflection probability grid R𝑡, the 2D likelihood map can be constructed using the joint distri-

bution formulation in Equation 3.6. In practice, the 2D likelihood map L𝑡 for each slow-time index 𝑡 is computed

according to Equation 3.15. The value of L𝑡 is proportional to the likelihood of the target being present at a given

location on the map.
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L𝑡(𝑛𝑥, 𝑛𝑦) =
𝑁𝑧

∏
𝑛𝑧=1

R𝑡(𝑛𝑥, 𝑛𝑦, 𝑛𝑧) (3.15)

After performing the 2D likelihood map construction on the grid shown in Figure 3.8, the resulting likelihood map is

presented in Figure 3.9. Due to the low probability values in the buffer layer around the target position in Figure 3.8,

the corresponding values near the target in the 2D likelihood map are also relatively low after the element-wise

product operation used in its construction.

Figure 3.8: An example of 2D slices (in the vertical 𝑧-dimension) from the target reflection probability grid is shown for the experimental data

sample with test ID VH_T_W_P1_H1, obtained at slow-time index 𝑡 = 390.

Figure 3.9: An example of the likelihood map is shown

for the experimental data sample with test ID

VH_T_W_P1_H1, obtained at slow-time index 𝑡 = 390.

Figure 3.10: An example of the likelihood map is shown

for the experimental data sample with test ID

VH_T_W_P1_H1, obtained at slow-time index 𝑡 = 210.

Interestingly, in the slow-time frame 𝑡 = 210, where the target is located farther from all three radars compared to

𝑡 = 390 (when the target is near the center of the room and closer to all radars), the likelihood map in Figure 3.10

shows a high likelihood value around the target. By examining the target reflection probability grid in Figure 3.11

for 𝑡 = 210, it can be seen that the probability values around the target are consistently high across all layers.
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This observation suggests that the likelihood map is generally capable of reflecting the target’s position. However,

when the target is positioned close to the radars, the likelihood map appears to suffer from certain limitations that

require compensation to improve estimation accuracy. The mathematical model behind this phenomenon, along

with the proposed solutions, will be discussed in Section 3.6.1 and Section 3.6.2.

Figure 3.11: An example of 2D slices (in the vertical 𝑧-dimension) from the target reflection probability grid is shown for the experimental

data sample with test ID VH_T_W_P1_H1, obtained at slow-time index 𝑡 = 210.

3.6. 3D Grid Compensation
After the mapping process, 3D grids of CIR G𝑚,𝑡 and target reflection probability grid R𝑡 are constructed. However,

these grids require further compensation to enhance target signals and suppress artifacts. In this thesis, three

compensation procedures are applied:

1. Artifacts Compensation

2. Target Ring Enhancement

3. Position Dilution of Precision (PDOP) Compensation

The relationship among these compensationmethods is illustrated in Figure 3.12. The first two procedures, Artifacts

Compensation and Target Ring Enhancement, belong to the layer compensation stage in Figure 3.3. The former is

applied only to the vertical buffer layer, whereas the latter is applied to all vertical layers, and both are performed

on each CIR grid individually. In contrast, the PDOP compensation is applied to the fused CIR grid R𝑡.

Figure 3.12: The relationship between the three 3D grid compensation methods applied in this thesis.
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3.6.1. Artifacts Compensation

As described in Section 3.5, a low probability around the target location can be observed when the target is close

to the radar(s). In this section, the geometric model of the artifacts is first introduced, followed by the artifact

compensation method proposed to address this problem.

Geometric Model

This phenomenon occurs in the frequent experimental scenario when the human subject’s height is below 2.02m.

In such cases, the head is located in the head layer (𝑛𝑧 = 6) rather than in the buffer layer (𝑛𝑧 = 7), meaning that no

real target reflections exist in the buffer layer. Consequently, all high values observed in the buffer layer originate

from artifacts projected from the head layer. Figure 3.13 illustrates the geometric model behind this phenomenon.

In the figure, the red line represents the human body, with points 𝑃1, 𝑃2, and 𝑃3 denoting the head, torso, and feet,

respectively. For clarity, only four layers are depicted: the buffer layer, head layer, torso layer, and foot layer. The

head, torso, and foot layers are named according to their alignment with the horizontal planes corresponding to the

respective body parts, while the buffer layer is highlighted in orange and the others in blue. Point 𝑅 denotes the

UWB radar mounted on the ceiling. Due to the mappingmethod, all voxel points at the same distance from the radar

share the same CIR value, forming a hemispherical surface. Even though no real target exists in the buffer layer,

the high value reflection from the head at 𝑃1 produces an artifact point 𝐺1 such that ‖𝑃1𝑅‖ = ‖𝐺1𝑅‖. Considering
the human body’s projection onto the buffer layer at point 𝐻 , this artifact causes the target range ring to be larger

than it should be.

Figure 3.13: Illustration of the artifacts in the CIR grid across different vertical layers.

Furthermore, because the head is the closest body part to the radar, it corresponds to the first peak in the CIR. The

range bins before this first peak have very low values, as no target reflections are present. Consequently, in the

buffer layer, the region within the solid blue circle of radius ‖𝐺1𝑅′‖ centered at 𝑅′ exhibits low values, where 𝑅′

is the projection of the radar onto the buffer layer. As a result, the human projection point 𝐻 has a low target

reflection probability in the buffer layer. This phenomenon can be observed in the 𝑛𝑧 = 6 and 𝑛𝑧 = 7 layers of

Figure 3.7, where 𝑛𝑧 = 6 corresponds specifically to the head layer and 𝑛𝑧 = 7 to the buffer layer. In the buffer

layer, the ground truth point exhibits a low value, and the target ring appears enlarged due to artifacts.

During the 2D likelihood map construction, the joint distribution is computed by performing an element-wise
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product across all vertical 𝑧-layers. This process requires that the target position maintain high probability values

in all layers; otherwise, a low probability in any layer will reduce the final likelihood at the target location. In this

case, the low probability at point 𝐻 in the buffer layer results in a reduced likelihood in the 2D likelihood map at

the true target position, ultimately leading to incorrect localization as shown in Figure 3.9.

Proposed Solution via Radial Shrink Method

To address this problem, the radial shrink method is applied as the core strategy for artifact compensation. The

main idea is to quantify the extent to which artifacts enlarge the target ring, measured by the distance ‖𝐺1𝐻‖, and
to shift the value from the artifact point to its corresponding true target projection point on the buffer layer of the

CIR grid G𝑚,𝑡. For each (𝑛𝑥, 𝑛𝑦) point on the head layer, a corresponding artifact point is generated on the buffer

layer. The distance between the artifact point and its associated target projection point is computed and used to

reassign the value accordingly, thereby performing the radial shrink. Figure 3.14 illustrates the procedure of the

artifact compensation process: the artifact distance is first calculated along the radial line, and then the artifact

distance is used to shift the values along that radial line on the buffer layer.

Figure 3.14: Pipeline of the Artifact Compensation Process.

To simplify the computation of the distance between an artifact point and its associated target projection point

(denoted as the ‘artifact distance’), the calculation can be restricted to points along the radial line of the grid. This

is because the hemispherical target range in each horizontal layer forms a circular ring centered at the projected

radar position, with equal values along the ring. This implies that the values on the longest radial line within the

layer can represent all points in the grid. Based on this idea, it is unnecessary to compute the artifact distance for

every voxel in the layer, thereby reducing the total number of computations from 𝑁𝑥 ⋅ 𝑁𝑦 to a smaller amount.

Figure 3.15 illustrates the radial-line concept, focusing on two key layers: the buffer layer and the head layer.

Figure 3.15: Illustration of the radial shrink strategy for artifact compensation.
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In this figure, the red dashed line represents the radial line along which calculations are performed. Point 𝑅 denotes

the radar position, while 𝑅′ and 𝑅″ represent its projections onto the buffer and head layers, respectively. Points

𝑃1 to 𝑃7 are grid points along the radial line, and their corresponding artifact points are 𝐺1 to 𝐺7. Different

colors in the figure indicate regions of equal values forming circular rings in both vertical layers. By performing

computations only along the radial line, the values for the entire grid layer can be covered, except for a few corner

regions. These corner points are less likely to contain a human target, and their artifact distances are generally

small (as discussed later), so the values in these regions are left unchanged.

According to the radial line shown as a red dashed line in Figure 3.15, its position is calculated by comparing how

far the radar position extends toward the room boundaries along the X and Y axes, then choosing the axis with

the longest available length. A straight line of grid cells (i.e., the radial line) is then traced along this chosen axis,

passing through the radar position and extending all the way to the farthest boundary of the room. All artifact

distances are measured along this line, ensuring the maximum possible artifact distance is captured.

Once the radial line is determined, the artifact distance can be calculated using Equation 3.16, where dartifact(𝑖)
denotes the artifact distance at index 𝑖 along the radial line, which geometrically corresponds to the distance ‖𝐺𝑖𝐻𝑖‖
in Figure 3.16. The variables ℎ𝑡, ℎ𝑔, and ℎ𝑟 represent the height of the target (i.e., the head layer), the height of the

artifact (i.e., the buffer layer), and the height of the radar, respectively.

In this formulation, the furthest point on the radial line (with respect to the radar position) is designated as the origin,

denoted as 𝑂′ and 𝑂″ in Figure 3.16, corresponding to the buffer and head layers, respectively. The variable l𝑡(𝑖)
represents the horizontal distance from the target point 𝑃𝑖 on the head layer to the origin 𝑂″, i.e., ‖𝑃𝑖𝑂″‖. Similarly,

𝑙𝑟 denotes the horizontal distance from the radar projection point 𝑅″ to the origin 𝑂″, i.e., ‖𝑅″𝑂″‖. Using this setup,

the position of the artifact point 𝐺𝑖 corresponding to 𝑃𝑖 can be computed as (l𝑡(𝑖)−dartifact(𝑖), ℎ𝑔). This formulation

allows the calculation of both the artifact position and its corresponding artifact distance in physical size for every

point 𝑃𝑖 along the radial line.

dartifact(𝑖) = √(l𝑡(𝑖) − 𝑙𝑟)2 + (ℎ𝑡 − ℎ𝑟)2 − (ℎ𝑔 − ℎ𝑟)2 − 𝑙𝑟 + l𝑡(𝑖) (3.16)

Next, the artifact distance dartifact(𝑖) and artifact point 𝐺𝑖 calculated in physical units are mapped to the grid scale.

This process yields a voxel-based artifact distance denoted as d̃artifact(𝑖). This represents the voxel-based distance

between the artifact point and its associated target projection point. By converting the artifact distance from phys-

ical units to voxel indices, the following shifting operation becomes easy to compute. Besides, it is observed that

the artifact distance function is an increasing function: the closer the target point is to the radar, the greater the

corresponding artifact distance becomes. Conversely, when the target is farther from the radar, the artifact distance

decreases, indicating a reduced impact from artifacts. This also implies that certain corner points not covered by

the selected radial line are unlikely to introduce significant errors into the system.

Based on the artifact distance d̃artifact(𝑖) expressed in voxel units, the values in the buffer layer are shifted closer to

the radar along the radial line, as defined in Equation 3.17. Here, s denotes the values from the buffer layer of the

CIR grid G𝑚,𝑡 located along the radial line corresponding to artifact positions. All such values on the buffer layer

are shifted accordingly. After the shifting operation, a smoothing process is applied to ensure continuity along the

radial line. Specifically, a moving mean filter and a maximum filter (implemented using the ordfilt2 function in

MATLAB) are used to smooth the shifted values and fill in unshifted gaps, resulting in a more continuous profile

along the radial line. Finally, the shifted radial line on the buffer layer is utilized to generate all values within the

entire buffer-layer grid. In detail, each voxel in the buffer layer is assigned the value of its corresponding radial-line

point based on having the same voxel-based distance from the radar.

s (𝑖 + d̃artifact(𝑖)) ← s(𝑖) (3.17)
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Based on these procedures, the artifacts in the buffer layer of the CIR grid G𝑚,𝑡 can be effectively compensated.

Figure 3.17 illustrates the comparison of results before and after artifact compensation in G𝑚,𝑡, R𝑡, and L𝑡. The

example is based on the experimental test sample with ID VH_T_W_P1_H1, using radar 𝑚 = 1 and slow-time index

𝑡 = 390. From the comparison of G𝑚,𝑡 and R𝑡 at the buffer layer (𝑛𝑧 = 7), it can be observed that the ring in G𝑚,𝑡
is radially shrunk, and the values near the target become higher, resulting in higher values in L𝑡 around the actual

target location. This artifact compensation procedure ensures that the joint probability in the 2D likelihood map

yields a more accurate result.

Figure 3.16: Illustration of artifact distance calculation described in this section.

Figure 3.17: Comparison of the results before and after artifact compensation for 3D CIR grid G𝑚,𝑡, target reflection probability grid R𝑡 and

2D likelihood map L𝑡.
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3.6.2. Target Ring Enhancement

Although artifact compensation in the buffer layer improves the joint distribution results near the radar, some false

alarm points can still be observed in the 2D likelihood map L𝑡 after artifact compensation, as shown in Figure 3.17.

In this example, although the ground truth target is located around (1.7 m, 3.5m), and the artifact compensation

result indeed shows increased likelihood values around that area, while some other high likelihood regions also

appear around (3m, 3m). These may lead to false alarms in the likelihood map, ultimately causing errors in the

following tracking process. Therefore, it is necessary to suppress such false alarms while further enhancing the

true target region in the likelihood map. Similar to the previous structure, the geometric model causing this issue

will first be described, followed by the introduction of the proposed method to address it.

Geometric Model

The geometric reason behind this issue is that strong reflections from the foot layer or torso layer may generate

upward-propagated artifacts in higher layers, resulting in false alarm points. As illustrated in Figure 3.13, a real

target located in the foot layer (e.g., point 𝑃3) can produce artifact reflections at points 𝐺3, 𝐺5, and 𝐺6 in the buffer

layer, head layer, and torso layer, respectively. When the signal strength of the foot target in the grid is very high,

and even exceeds that of other body parts, the artifacts it generates in the higher layers may appear stronger than

the true target.

As shown in Figure 3.7, a high value target ring is observed in the foot layer (𝑛𝑧 = 1), which generates artifacts

in all higher layers. This may because in some position, the RCS of the lower limb is larger than the head. These

artifacts result in additional high value rings appearing in those layers. For example, in the head layer (𝑛𝑧 = 6),
although a ring structure exists around the true target location with moderate values, another ring originating from

the foot layer artifact is also present and exhibits even higher values. This phenomenon does not occur in just a

single radar but appears across all radars, as illustrated in Figure 3.18.

Figure 3.18: Illustration of artifact rings across all radars and the resulting false alarms at slow-time 𝑡 = 390 for experimental test sample with

ID VH_T_W_P1_H1.

In Figure 3.18, artifact rings are present in the CIR grid G𝑚,𝑡 of all radars and lead to false alarm regions in the
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corresponding fused R𝑡 after the CIR grid fusion process. This artifact-induced ring can interfere with the identifi-

cation of the actual target in the higher layer causing false alarms in the likelihood map and affect the accuracy of

the following tracking process.

Proposed Adaptive Peak Enhancement and Suppression Method

To reduce the impact of false alarm regions, the general idea is to enhance the real target ring and suppress the

artifact rings in each layer, for each radar, and at every slow-time index. This is achieved through a proposed

adaptive peak enhancement and suppression method, which serves as a key strategy in this compensation progress.

Figure 3.19 illustrates the overall pipeline of the proposed method. Following the previous analysis, the values in

each layer of the CIR grid G𝑚,𝑡 can be represented by the corresponding values along radial lines. The peaks along

these radial lines correspond to either the target ring or artifact rings. By computing enhancement and suppression

ratios for these identified peaks, a ratio matrix is constructed for each layer. This matrix is then applied to the

original CIR grid G𝑚,𝑡 to adjust the values, thus enhancing the true target ring and suppressing artifact rings,

finally leading to improved likelihood estimation performance.

Figure 3.19: Pipeline of the Target Ring enhancement process.

In each 𝑧-layer of G𝑚,𝑡, the radial line is first determined using the method described in Section 3.6.1. By analyzing

the values along this radial line, the computational complexity is reduced, as it is unnecessary to process every point

within the layer. In this representation, the target ring and artifact ring, both with high amplitudes in the CIR grid

layer, appear as peaks along the radial line. To detect these peaks, the findpeaks function in MATLAB is applied

to the values along the radial line, preceded by a moving-mean filter as a preprocessing step to suppress small

fluctuation. This function outputs the locations, widths, and prominence of the detected peaks [50]. To simplify

the procedure, only the two highest peaks are considered as potential target and artifact peaks, since only high-

value peaks can significantly affect the joint distribution result in the CIR grid fusion and the construction of the 2D

likelihoodmap. Moreover, inmost cases, the signal strength of the target reflection is not particularly low. To ensure

the robust result for peak detection, specific constraints are provided as input arguments to findpeaks to ensure

that peaks which are too close together or too narrow (caused by abnormal values) are excluded. By balancing the

trade-off between noise suppression and true peak preservation, the parameter settings for peak detection are listed

in Table 3.1.

Based on these settings, peaks along the radial line in each layer of G𝑚,𝑡 can be identified. An example of peak

detection for 𝑛𝑧 = 6 in the 3D gridG𝑚,𝑡, with radar 𝑚 = 1 and slow-time index 𝑡 = 390, is shown in Figure 3.20. As

defined in Section 3.6.1, the furthest point on the radial line is labeled as index 0, and the radar position corresponds

to the largest index value on the radial line. From this figure, two main peaks can be observed: a smaller peak

located closer to the radar, and a larger peak located farther away. Since artifact rings originate from lower layers,

their projected radius in the higher layers is larger. Therefore, the target ring in a specific layer’s sectional circle

will have a smaller radius than the corresponding artifact ring. Thus, when two peaks are present along the radial
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line, the peak closer to the radar can be regarded as the target peak, while the one farther away is regarded as the

artifact peak. This feature enables the following enhancement of target peaks and suppression of artifact peaks.

Table 3.1: Input arguments in the findpeaks function used within the processing pipeline for Target Ring enhancement.

Parameter Value Description

NPeaks 2 Maximum number of peaks to detect

MinPeakWidth 1 Minimum peak width

MinPeakDistance 1 Minimum distance between peaks

MinPeakProminence 0.1 Minimum peak prominence

Figure 3.20: Example of peaks along the radial line at 𝑛𝑧 = 6 in the CIR grid G𝑚,𝑡, where radar 𝑚 = 1 and the slow-time index is 𝑡 = 390,
from experimental test sample with ID VH_T_W_P1_H1.

To enhance the target peak and suppress the artifact peak, the proposed approach applies separate multiplicative

factors to these two peaks within their respective peak regions, as defined by the peak widths obtained from the

findpeaks function. The peak regions are illustrated in Figure 3.20. The adaptive enhancement and suppression

ratios are computed using Equation 3.18, where 𝑓1 and 𝑓2 denote the enhancement ratio for the target peak and the

suppression ratio for the artifact peak, respectively. 𝑝1 and 𝑝2 represent the amplitudes of the target and artifact

peaks, 𝑙1 and 𝑙2 are their corresponding peak location indices along the radial line, and 𝑙𝑟 is the index of the radar

location on the radial line.

𝑓1 = 𝛽 1+𝜆(1− 1
𝛾 ),

𝑓2 = 𝛽−𝜆[1+𝜆(1− 1
𝛾 )],

𝛽 = 𝑝2
𝑝1

, 𝛾 = 𝑙𝑟 − 𝑙2
𝑙𝑟 − 𝑙1

, 𝜆 > 1.
(3.18)

This formulation is based on two main considerations:

1. When the artifact peak is significantly larger and located farther from the radar than the target peak, the

enhancement ratio 𝑓1 should be increased, and the suppression ratio 𝑓2 should be decreased accordingly.

2. To ensure that the artifact peak remains weaker than the target peak even when their original amplitudes are

similar, the suppression strength must exceed the enhancement strength (𝑓2 < 1, 𝑓1 > 1). This is achieved
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by setting 𝜆 > 1, which guarantees that the artifact peak is reduced below the target peak.

If 𝜆 is set too low, the enhancement and suppression effects will be insufficient. Inversely, if 𝜆 is too large, the

too low suppression ratio may cause missed detections in following processing. Based on these considerations, a

balanced value of 𝜆 = 2.5 is selected in this thesis.

To unify the enhancement and suppression operations across all radial lines, an enhancement coefficient vector

e ∈ ℝ𝑙𝑟 is formulated according to Equation 3.19. In this formulation, the enhancement ratio 𝑓1 and suppression

ratio 𝑓2 are assigned to their respective index intervals. Here, 𝑙𝑟 denotes the radar index, which is also the length

of the radial line, [𝑖𝑡,1, 𝑖𝑡,2] represents the index range corresponding to the half peak width of the target peak, and

[𝑖𝑎,1, 𝑖𝑎,2] represents the index range corresponding to the half peak width of the artifact peak.

e(𝑖) =
⎧{{
⎨{{⎩

𝑓1, 𝑖 ∈ [𝑖𝑡,1, 𝑖𝑡,2],
𝑓2, 𝑖 ∈ [𝑖𝑎,1, 𝑖𝑎,2],
1, otherwise.

(3.19)

Then, each value in 𝑒 is mapped to an enhancement coefficient matrix E ∈ ℝ𝑁𝑥×𝑁𝑦 by assigning the same value to

all grid points that have the same distance from the radar position as the corresponding index in 𝑒. The compensated

grid layer is then obtained using Equation 3.20, where E𝑛𝑧
𝑚,𝑡 denotes the enhancement coefficient matrix for radar

𝑚, slow-time index 𝑡, and z-layer 𝑛𝑧, andG
𝑛𝑧
𝑚,𝑡 denotes the CIR grid layer from CIR grid at radar 𝑚, slow-time index

𝑡 and z-layer 𝑛𝑧. The operator ∘ represents element-wise product.

G𝑛𝑧
𝑚,𝑡 = E𝑛𝑧

𝑚,𝑡 ∘ G𝑛𝑧
𝑚,𝑡, (3.20)

However, not all z-layers in the CIR grids are suitable for this compensation. The enhancement and suppression

process is applied only when the following conditions are satisfied:

1. Artifact peak should not be lower than target peak: If the target peak is already dominant, neither enhance-

ment of the target nor suppression of the artifact is necessary.

2. Target peak amplitude should be sufficiently large: If the target peak amplitude is too low, it may indicate

that there is no target reflection in this layer, or the target is too far from the radar (such that the artifact lies

outside the room), or even that the peak originates from noise. In such cases, compensation is unnecessary.

3. Target peak should not be located too close to the radar: When the target is too close, strong reflections

from the head are expected. In such cases, strong artifact signals are more likely to represent noise, which

does not require compensation.

Since only the top two peaks are selected as target peak and artifact peak, there is a possibility that both peaks

correspond to artifact when the true target signal is very weak. This may lead to false target ring enhancements.

However, as the system processes 𝑁𝑧 layers and incorporates data from 𝑀 radars, the probability of all detections

being incorrect simultaneously is low. Furthermore, even if such errors occur, the following tracking procedure

combines the prior distribution with the estimated 2D likelihood map, which helps to correct these mistakes during

the final trajectory estimation.

Based on the previous steps and considerations, the target ring can be enhanced while the artifact ring is suppressed.

An example of results after applying the target ring enhancement procedure is shown in Figure 3.21. This figure

compares the results before and after target ring enhancement (with prior artifact compensation applied) for the

𝑛𝑧 = 6 layer of the CIR gridG𝑚,𝑡, the 𝑛𝑧 = 6 layer of the target reflection probability grid R𝑡, and the 2D likelihood

map L𝑡 at slow-time frame 𝑡 = 390. The G𝑚,𝑡 shown in this figure corresponds to radar 𝑚 = 1, and the data is

taken from the experimental test sample with ID VH_T_W_P1_H1.
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From the comparison, it can be observed that in the CIR grid G𝑚,𝑡, the target ring is enhanced while the artifact

ring is almost completely removed. In R𝑡, the artifact region around (3m, 3m) is suppressed compared to the result

before target ring enhancement. In the 2D likelihood map L𝑡, the same artifact region is suppressed and the target

area is enhanced, leading to a more accurate likelihood estimation.

Figure 3.21: Comparison of the result before and after Target Ring enhancement for 3D CIR grid G𝑚,𝑡, target reflection probability grid R𝑡 and

2D likelihood map L𝑡.

3.6.3. PDOP Compensation

Based on the previous compensation steps, most artifacts in the 3D CIR grid have been suppressed. However, not

every voxel in the grid contributes equally to the construction of the 2D likelihood map. For example, some voxels

are located too far from the radar or have large opening angles relative to the radar position. Such voxels may

reduce the accuracy of localization and consequently degrade tracking performance.

To quantify which voxels may reduce localization accuracy, the Position Dilution of Precision (PDOP) metric is

introduced in this thesis. PDOP is a variant of the Geometric Dilution of Precision (GDOP) metric that excludes

the time-delay component. GDOP, which is widely used in the Global Positioning System (GPS), quantifies how

the geometry of sensor (or satellite) placement affects the accuracy of position estimation at a given point in space.

When the time-delay component is ignored, GDOP becomes equivalent to PDOP. A lower PDOP value at a position

indicates higher localization accuracy [51].

Figure 3.22 illustrates how the geometry of satellite placement influences localization accuracy. Because the esti-

mated ranges in the system are not perfectly accurate and are subject to measurement variance, the feasible region

defined by these ranges is not the simple intersection of several circles, but rather the intersection of several cir-

cular rings. If the satellites are positioned close together, as in Figure 3.22(a), the intersection region (red area)

becomes larger, making it more difficult to pinpoint the true position and thus leading to poor localization accu-

racy. Conversely, if the satellites are positioned more evenly, as in Figure 3.22(b), the intersection area of the rings

becomes smaller, resulting in better localization accuracy. In other words, if the volume of the polyhedron formed
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by connecting all satellites to the user is larger, the achievable positioning accuracy will be higher [51].

The traditional application of PDOP is as a metric for selecting an optimal satellite geometry [51]. PDOP considers

only the geometric effect, which is the spatial relationship between a point in space and the sensor system, on the

dilution of precision. Because of this property, PDOP (or GDOP, which is similar to PDOP but also accounts for

time delay) can also be applied in radar systems, for example, to determine the optimal placement of receivers [52].

In this thesis, however, the use of PDOP differs from the traditional approach. Instead of guiding the optimal

placement of radar sensors, PDOP is used to quantify which points in a room, given a fixed radar configuration,

have better localization accuracy with lower PDOP. The PDOP value is then used as a kind of confidence weight to

indicate which voxels in the grid have higher localization accuracy and should therefore be assigned greater trust

in the estimation process.

Figure 3.22: Illustration of the geometry of satellite placement affecting PDOP (from [53]): (a) Satellites placed close together result in poor

localization accuracy and a higher PDOP value; (b) Satellites placed evenly result in better localization accuracy and a lower PDOP value. The

solid circles represent the true distances from the satellites to the user and intersect at the receiver’s position. The dotted circles, which are

parallel to the solid circles, represent the erroneous measurements obtained by the receiver. The red region indicates the uncertainty area.

The PDOP value for each voxel index (𝑛𝑥, 𝑛𝑦, 𝑛𝑧) in the discretized 3D grid is computed according to Equation 3.21,

where PDOP(𝑛𝑥, 𝑛𝑦, 𝑛𝑧) denotes the PDOP value in the PDOP tensor for voxel (𝑛𝑥, 𝑛𝑦, 𝑛𝑧) [51]. The inverse of the

geometry matrix A𝑛𝑥,𝑛𝑦,𝑛𝑧
quantifies the amplification of measurement noise caused purely by the radar–target

geometry at that voxel. A smaller PDOP value indicates that the voxel lies in a geometrically favorable region,

where ranging errors propagate less into the position estimation. In constrast, a larger PDOP value suggests that

the geometry between the voxel and radar positions results in greater dilution of precision, increasing the impact

of measurement noise. The matrix A𝑛𝑥,𝑛𝑦,𝑛𝑧
is defined in Equation 3.22, where H𝑛𝑥,𝑛𝑦,𝑛𝑧

is a Jacobian matrix of

voxel index (𝑛𝑥, 𝑛𝑦, 𝑛𝑧). The matrix H𝑛𝑥,𝑛𝑦,𝑛𝑧
is given in Equation 3.23, where p𝑟𝑚

denotes the position of radar

𝑚 (defined in Equation 3.24), and p𝑛𝑥,𝑛𝑦,𝑛𝑧
is the physical location of voxel (𝑛𝑥, 𝑛𝑦, 𝑛𝑧) in the room (also defined

in Equation 3.24) with a grid step size of (Δ𝑥, Δ𝑦, Δ𝑧).

PDOP(𝑛𝑥, 𝑛𝑦, 𝑛𝑧) = √trace(A−1𝑛𝑥,𝑛𝑦,𝑛𝑧
) =

√√√
⎷

trace(adj (A𝑛𝑥,𝑛𝑦,𝑛𝑧
))

det (A𝑛𝑥,𝑛𝑦,𝑛𝑧
)

(3.21)

A𝑛𝑥,𝑛𝑦,𝑛𝑧
= H⊤

𝑛𝑥,𝑛𝑦,𝑛𝑧
H𝑛𝑥,𝑛𝑦,𝑛𝑧

(3.22)

H𝑛𝑥,𝑛𝑦,𝑛𝑧
= [

p𝑟1
− p𝑛𝑥,𝑛𝑦,𝑛𝑧

∥p𝑟1
− p𝑛𝑥,𝑛𝑦,𝑛𝑧

∥
p𝑟2

− p𝑛𝑥,𝑛𝑦,𝑛𝑧

∥p𝑟2
− p𝑛𝑥,𝑛𝑦,𝑛𝑧

∥
⋯

p𝑟𝑀
− p𝑛𝑥,𝑛𝑦,𝑛𝑧

∥p𝑟𝑀
− p𝑛𝑥,𝑛𝑦,𝑛𝑧

∥]
⊤

(3.23)

p𝑛𝑥,𝑛𝑦,𝑛𝑧
= (Δ𝑥 ⋅ 𝑛𝑥, Δ𝑦 ⋅ 𝑛𝑦, Δ𝑧 ⋅ 𝑛𝑧)⊤, p𝑟𝑚

= (𝑥𝑟𝑚
, 𝑦𝑟𝑚

, 𝑧𝑟𝑚
)⊤ (3.24)
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Based on the calculation, the PDOP tensor PDOP, which has the same grid size as G𝑚,𝑡 or R𝑡, can be obtained.

Each element PDOP(𝑛𝑥, 𝑛𝑦, 𝑛𝑧) represents the PDOP value of voxel (𝑛𝑥, 𝑛𝑦, 𝑛𝑧) in the room grid. The PDOP is a

dimensionless quantity that reflects the geometric contribution of radar placement to localization accuracy. Then,

the PDOP values are normalized according to Equation 3.25, ensuring numerical stability and making them suitable

for use as confidence weights. The normalized PDOP tensor is denoted as O. Since a lower PDOP corresponds

to higher positioning accuracy, the inverse of the PDOP is used so that higher accuracy regions receive higher

confidence. To further emphasize this weighting effect, the square of the PDOP value is taken before inversion.

This choice is motivated by the theoretical relationship that the variance of the estimated position is proportional

to the square of the PDOP multiplied by the variance of the measurement error, as shown in Equation 3.26 [54].

From an intuitive perspective, using the squared PDOP in the denominator amplifies the weight difference between

high-accuracy and low-accuracy voxels: regions with low PDOP are boosted more significantly, while regions with

high PDOP are suppressed more strongly.

O(𝑛𝑥, 𝑛𝑦, 𝑛𝑧) = PDOP(𝑛𝑥, 𝑛𝑦, 𝑛𝑧)−2

max (PDOP(𝑛𝑥, 𝑛𝑦, 𝑛𝑧)−2)
(3.25)

𝜎2
pos = PDOP2 ⋅ 𝜎2

meas (3.26)

Figure 3.23 shows all vertical layers of the normalized PDOP tensorO based on the radar positions of the experimen-

tal setup2, where the red triangles indicate the positions of the UWB radars. From this figure, it can be observed that

after normalization, the maximum normalized PDOP value is 1. When the voxel position is closer to the ceiling-

mounted radars and located in the central area of the room (especially within the polygon formed by the radar

positions), the normalized PDOP is higher, indicating better positioning accuracy. Conversely, when the voxel

is located higher but outside the central area (closer to the room corners), the normalized PDOP value decreases,

indicating poorer localization accuracy.

Figure 3.23: Example of normalized PDOP values for horizontal layers of the experiment setup.

Furthermore, if the voxel is inside the central area, a lower height corresponds to a lower normalized PDOP. In

2The experimental setup will be fully described in Chapter 5
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contrast, if the voxel is located in the corner area, a lower height corresponds to a higher normalized PDOP. This

suggests that when a person is in the central area of the room, the head position will have better localization

accuracy, while when the person is near the room corners, the lower limbs may achieve better localization accuracy.

In addition, when the person is in the corner area, the head position will also be affected by the opening-angle issue

discussed in Section 1.2.3, which further reduces localization accuracy.

To merge PDOP compensation into the 2D likelihood map construction as a measure of voxel confidence, the key

challenge is to determine the confidence of position accuracy along the 𝑧-axis of the 3D grid R𝑡, since the 2D

likelihood map is computed from the joint distribution of all 𝑧-layers. Based on the previous analysis, when a

person is outside the central area defined by the polygon formed by the radar positions, the lower limbs generally

exhibit better localization accuracy than the head. Therefore, in such regions, the PDOP factor should assign higher

confidence to the lower limb voxels. In contrast, when the person is inside the central area, although the head has

a better normalized PDOP, the PDOP of the lower limbs is still higher than that of the corner regions within the

same area. Moreover, the signal strength from both the lower limbs and the head in the central area is strong and is

not significantly affected by the opening-angle problem observed for the head outside the central area. As a result,

voxel columns in the central area should have similar confidence values for both the head and the lower limbs.

Based on this reasoning, two PDOP confidence strategies are defined, depending on whether the person is inside or

outside the central area. The transition between these two strategies must be smooth to ensure continuous results

at the boundary of the center area. The boundary and transition are defined by Equation 3.27, which specifies the

PDOP weight factor W(𝑛𝑥, 𝑛𝑦). There are two key components in Equation 3.27: (1) defining the central area, and

(2) ensuring a smooth transition between the two strategies. The central area is defined using the mean normalized

PDOP of the entire tensor, denoted by 𝜇 in Equation 3.27. If the mean normalized PDOP along the 𝑧-axis for a

voxel, 1
𝑁𝑧

∑𝑁𝑧
𝑛𝑧=1 O(𝑛𝑥, 𝑛𝑦, 𝑛𝑧), is larger than 𝜇, that voxel is classified as inside the central area; otherwise, it is

classified as outside. To achieve a smooth transition, a sigmoid function 𝜎(𝑥) = 1
1+𝑒−𝑥 is employed together with a

smoothness factor 𝜓. A larger 𝜓 results in a smoother transition, whereas a smaller 𝜓 produces a sharper boundary.

Based on this method,W(𝑛𝑥, 𝑛𝑦) approaches zerowhen the voxel is further outside the central area, and approaches

one when the voxel is further inside.

W(𝑛𝑥, 𝑛𝑦) = 𝜎⎛⎜
⎝

1
𝑁𝑧

∑𝑁𝑧
𝑛𝑧=1 O(𝑛𝑥, 𝑛𝑦, 𝑛𝑧) − 𝜇

𝜓
⎞⎟
⎠

,

𝜎(𝑥) = 1
1 + 𝑒−𝑥 , 𝜇 = 1

𝑁𝑥𝑁𝑦𝑁𝑧

𝑁𝑥

∑
𝑛𝑥=1

𝑁𝑦

∑
𝑛𝑦=1

𝑁𝑧

∑
𝑛𝑧=1

O(𝑛𝑥, 𝑛𝑦, 𝑛𝑧)

(3.27)

Finally, this weight is applied in Equation 3.28 to normalize O along z axis to get PDOP compensation factor tensor

P(𝑛𝑥, 𝑛𝑦, 𝑛𝑧) representing PDOP confidence in the space. This ensures that in areas outside the central region,

the PDOP compensation factor is normalized according to geometry, while in areas inside the central region, the

PDOP compensation factor remains close to one. After the PDOP compensation factor is formulated, the PDOP

compensation factor tensor P(𝑛𝑥, 𝑛𝑦, 𝑛𝑧) is applied in Equation 3.14 to assign a confidence value to each voxel,

thus improving the estimation accuracy of the likelihood map.

P(𝑛𝑥, 𝑛𝑦, 𝑛𝑧) = O(𝑛𝑥, 𝑛𝑦, 𝑛𝑧)
(1 − W(𝑛𝑥, 𝑛𝑦)) ⋅ max (O(𝑛𝑥, 𝑛𝑦, 𝑛𝑧)) + W(𝑛𝑥, 𝑛𝑦) ⋅ O(𝑛𝑥, 𝑛𝑦, 𝑛𝑧) (3.28)

By setting the smooth factor 𝜓 = 0.1 in Equation 3.27, an example of the PDOP compensation factor tensor for the

experimental radar setup is shown in Figure 3.24. From this figure, it can be observed that the PDOP compensation
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factor formulation follows the proposed two strategies: in the central area, the confidence factor is close to one,

while in the outside-central area, it is normalized along the 𝑧-axis with a smooth transition.

Figure 3.24: Example of the PDOP compensation factor tensor for horizontal layers of the experimental setup.

After the proposed PDOP compensation technique is applied to the target reflection probability grid R𝑡, the compen-

sated 2D likelihood map L𝑡 can then be obtained. Figure 3.25 presents an example of the PDOP compensation result,

following the prior layer compensation step. The 2D likelihood map L𝑡 in this figure corresponds to the slow-time

index 𝑡 = 390, and the data is taken from the test experimental data sample with ID VH_T_W_P1_H1. From this

example, it can be observed that the ground truth target area exhibits higher likelihood values, while likelihood

values associated with artifacts outside the central area, such as around (3m, 3m) are degraded.

Figure 3.25: Comparison of the result before and after PDOP compensation of 2D likelihood map.

3.7. Particle Filter Tracking
After the 3D grid compensation, the 2D likelihood map L𝑡 contains values proportional to the probability of target

occupancy at each grid location. The target position can be estimated by computing argmax L𝑡, but residual artifacts

still persist in some regions (e.g., around (3,m, , 3,m) in Figure 3.25), which may lead to incorrect position estimates.
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To robustly exploit temporal continuity, a particle filter (PF) is applied, using the normalized 2D likelihood map as

the measurement to estimate the target location, similar to the approach in [38]. The PF employs the likelihood

map as the measurement model and a constant-velocity dynamic model as the state model. Through prediction,

weighting, and resampling, the PF estimates the posterior distribution of the target state, producing smoother and

more reliable trajectories than frame-wise maximization.

3.7.1. Particle Filter Overview

A particle filter (PF) is employed to track the target position from the compensated 2D likelihood map L𝑡. In contrast

to generic PF formulations that require an explicit measurement function, the normalized likelihood map L̃𝑡 is di-

rectly used as the measurement likelihood 𝑝(𝑧𝑡|x𝑡), where (𝑥𝑡, 𝑦𝑡) denote the particle’s continuous grid coordinates.

A constant velocity state model is adopted, and systematic resampling followed by post-resampling roughening is

applied to maintain particle diversity.

At each time step, the algorithm is executed as follows:

1. Prediction: 𝑁𝑝 particles are propagated according to the constant velocity model, with process noise injected

into the velocity components. In this thesis, 𝑁𝑝 = 25000 is selected by balancing the estimation result and

computational load.

2. Measurement update: Each particle’s position is mapped to the nearest grid cell (𝑛𝑥, 𝑛𝑦), and L̃𝑡(𝑛𝑥, 𝑛𝑦) is

directly used as the likelihood to update the particle weight.

3. Resampling and roughening: Weights are normalized to one, and the effective sample size 𝑁ess is computed.

When 𝑁ess is smaller than the threshold, systematic resampling is performed and small Gaussian perturba-

tions (defined in Equation 3.39 and 3.40) are added to position and velocity tomitigate sample impoverishment.

4. State estimation: The weighted mean particle position is taken as the state estimate ̂p𝑡. When the subsequent

activity classifier indicates a non-walking frame, the estimate is held constant at ̂p𝑡−1.

By directly exploiting the target occupancy probability encoded in L𝑡 and enforcing temporal smoothness through

the motion prior, smoother and reliable trajectories can be produced.

3.7.2. State Model

Because indoor walking in an office environment (without running or sudden movements) can be approximated

as motion with nearly constant velocity and small fluctuations, the PF adopts a constant-velocity kinematic model,

with process noise applied only to the velocity components.

The state vector x𝑡 is defined in Equation 3.29, where 𝑥𝑡 and 𝑦𝑡 are the grid-space positions, and 𝑣𝑥,𝑡 and 𝑣𝑦,𝑡 are

the velocities along the 𝑥- and 𝑦-axes, respectively. The system dynamics are given in Equation 3.30, where F is

the state transition matrix defined in Equation 3.31, and Δ𝑡 denotes the time step. The process noise term q𝑡 has

non-zero entries only in the velocity components, represented by 𝜈𝑥,𝑡 and 𝜈𝑦,𝑡, which are independent zero-mean

Gaussian noise terms applied to the 𝑥- and 𝑦-velocities, respectively. These noise terms have variance 𝜎2
𝑣 Δ𝑡 and

model the small random variations in speed. In this thesis, 𝜎𝑣 = 0.5 is selected by balancing the model’s ability to

adapt to changes in velocity while maintaining a smooth trajectory.

x𝑡 = [ 𝑥𝑡, 𝑦𝑡, 𝑣𝑥,𝑡, 𝑣𝑦,𝑡 ]⊤ (3.29)

x𝑡 = F x𝑡−1 + q𝑡, (3.30)
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F =
⎡
⎢
⎢
⎢
⎣

1 0 Δ𝑡 0
0 1 0 Δ𝑡
0 0 1 0
0 0 0 1

⎤
⎥
⎥
⎥
⎦

(3.31)

q𝑡 = [ 0, 0, 𝜈𝑥,𝑡, 𝜈𝑦,𝑡 ]⊤, [𝜈𝑥,𝑡
𝜈𝑦,𝑡

] ∼ 𝒩(0, 𝜎2
𝑣 Δ𝑡 I) (3.32)

Q = diag(0, 0, 𝜎2
𝑣 Δ𝑡, 𝜎2

𝑣 Δ𝑡) (3.33)

3.7.3. Measurement Model

In the particle filter, particle weights are updated according to the measurement likelihood. Since particles are

initialized within a predefined region around the initial estimate and subsequently propagated within the bounded

search space according to the dynamic model, their spatial distribution naturally overlaps the grid of the likelihood

map. Under this setting, the likelihood value at the grid cell containing a particle can be directly interpreted as the

particle’s measurement likelihood. This formulation removes the need for an explicit sensor measurement function,

as the normalized likelihood map inherently encodes the target-occupancy probability over the grid.

At each slow-time index 𝑡, the UWB signal processing pipeline produces a 2D likelihood map L𝑡 from the construc-

tion and compensation steps described in earlier sections. To ensure numerical stability, L𝑡 is normalized for every

slow-time index to the range [0, 1], yielding the normalized likelihood map L̃𝑡 as defined in Equation 3.34:

L̃𝑡 = L𝑡 − min(L𝑡)
max(L𝑡) − min(L𝑡) + 𝜀 , L̃𝑡 ∈ [0, 1] (3.34)

For each particle 𝑖, its position (𝑥(𝑖)
𝑡 , 𝑦(𝑖)

𝑡 ) is rounded to the nearest grid indices (𝑛(𝑖)
𝑥 , 𝑛(𝑖)

𝑦 ). The normalized likelihood

value at that grid cell is assigned to the unnormalized particle weight 𝑤̃(𝑖)
𝑡 according to Equation 3.35, where 𝜀 is

a small positive constant to avoid zero weight. Then, the particle weights are normalized across all 𝑁𝑝 particles

to form a probability mass function based on Equation 3.36. Finally, the estimated position ̂p𝑡 is computed as the

weighted mean of the particle positions based on Equation 3.37.

𝑤̃(𝑖)
𝑡 = 𝑤(𝑖)

𝑡−1 ⋅ (L̃𝑡(𝑛(𝑖)
𝑥 , 𝑛(𝑖)

𝑦 ) + 𝜀) (3.35)

𝑤(𝑖)
𝑡 = 𝑤̃(𝑖)

𝑡
∑𝑁𝑝

𝑗=1 𝑤̃(𝑗)
𝑡

(3.36)

̂p𝑡 = [ ̂𝑥𝑡
̂𝑦𝑡
] =

𝑁𝑝

∑
𝑖=1

𝑤(𝑖)
𝑡 [𝑥(𝑖)

𝑡
𝑦(𝑖)

𝑡
] (3.37)

3.7.4. Resample and Roughening

After the measurement update, particle weights tend to concentrate in a small number of high-likelihood regions.

While this concentration can improve instant estimation accuracy, it also leads to the particle degeneracy problem,

where most particle weights approach zero and only a few particles contribute to the state estimate [55]. This

reduces the long-term stability and adaptability of the filter.
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To address this issue, the Effective Sample Size (ESS) is used to quantify the degree of particle degeneracy, denoted

as 𝑁ess in Equation 3.38 [56]. When 𝑁ess falls below a predefined threshold (𝑁ess < 𝜁𝑁𝑝), systematic resampling

is performed (𝜁 = 0.75 is used in this thesis). In this method, particles are drawn according to their cumulative

weight distribution, so that high weight particles are replicated and low weight particles are eliminated, producing

a new particle set evenly distributed over high-likelihood regions [57].

𝑁ess = 1
∑𝑁𝑝

𝑖=1 (𝑤(𝑖)
𝑡 )

2 (3.38)

However, frequent resampling can cause the sample poverty problem, in which particle diversity decreases over

time. To mitigate this issue, a roughening step is applied after each resampling, injecting independent Gaussian

noise into both the particle positions and velocities according to Equation 3.39. In this equation, 𝜎𝑝𝑟 and 𝜎𝑣𝑟 are

the standard deviations of the position and velocity perturbations for roughening, respectively, computed from

Equation 3.40 [58].

x(𝑖)
𝑡 ← x(𝑖)

𝑡 + 𝒩(0, 𝜎2
𝑝𝑟I), v(𝑖)

𝑡 ← v(𝑖)
𝑡 + 𝒩(0, 𝜎2

𝑣𝑟I), (3.39)

𝜎𝑝𝑟 = 𝐾𝑝𝐸𝑝𝑁− 1
𝑑𝑝

𝜎𝑣𝑟 = 𝐾𝑣𝐸𝑣𝑁− 1
𝑑𝑝

(3.40)

In Equation 3.40, 𝐸𝑝 and 𝐸𝑣 denote the lengths of the intervals between the maximum and minimum samples of

the position and velocity components before roughening. 𝑑 is the dimension of the state space (𝑑 = 4 in this

thesis, consisting of two position components and two velocity components). 𝑁𝑝 is the number of particles, and

𝐾𝑝 and 𝐾𝑣 are constant tuning parameters. Larger values of 𝐾𝑝 and 𝐾𝑣 may excessively blur the distribution,

while smaller values may lead to tight clusters of particles [58]. In this thesis, 𝐾𝑝 = 1.5 and 𝐾𝑣 = 0.75 are chosen

as a trade-off between maintaining particle diversity and preserving the underlying distribution. This roughening

process enhances diversity without substantially distorting the posterior distribution.

3.7.5. Initialization

The previous section discussed the particle filter in detail. However, the PF requires an initial state as the starting

point. The initial state vector x0 is defined in Equation 3.41, where the initial velocities in both the 𝑥- and 𝑦-
directions are assumed to be zero. The initial position (𝑥0, 𝑦0) is obtained from Equation 3.42 by identifying the

grid index with the maximum value in the sum of L̃𝑡 over the first second, where 𝑛(0)
𝑥 and 𝑛(0)

𝑦 denote the initial

position in grid indices. Here, L̃𝑡 represents the normalized likelihood map, Δ𝑡 is the time step, and Δ𝑥 and Δ𝑦
are the spatial resolutions of the likelihood grid along the 𝑥- and 𝑦-axes, respectively. By combining the likelihood

information over the first second, a stable estimate of the initial position can be obtained.

x0 = [ 𝑥0, 𝑦0, 0, 0 ]⊤ (3.41)

(𝑛(0)
𝑥 , 𝑛(0)

𝑦 ) = argmax
𝑛𝑥,𝑛𝑦

1
Δ𝑡

∑
𝑡=1

L̃𝑡(𝑛𝑥, 𝑛𝑦),

𝑥0 = 𝑛(0)
𝑥 ⋅ Δ𝑥, 𝑦0 = 𝑛(0)

𝑦 ⋅ Δ𝑦

(3.42)
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3.8. Baseline Method
In the previous sections of this chapter, a detailed introduction to the proposed 3D grid-based localization method

has been provided. To evaluate its advantages and disadvantages, a baseline method is adopted for performance

comparison. The baseline method follows the DBT spproach to track a human in the room, following the main DBT

structure described in [11], with several modifications to adapt the procedure to the ceiling-mounted UWB radar

scenario of this thesis.

The method in [11] is selected because it presents a traditional DBT-based approach for indoor UWB radar localiza-

tion. Its processing pipeline follows the conventional DBT framework: CFAR detection is first applied to identify the

target, the target range is then extracted, and the processed range measurements are used for localization. Finally,

a Kalman filter is applied to generate the target’s trajectory.

In contrast, the proposed method adopts a TBD approach, directly utilizing the original CIR data to track the person

without intermediate detection steps. Therefore, the DBT method in [11] serves as a representative and practical

benchmark for comparison, as it reflects a widely used DBT processing pipeline and is relatively straightforward

to implement. In this section, the overall pipeline of the baseline method is first introduced, followed by a detailed

description of each individual processing block.

3.8.1. Overall Pipeline of the Baseline Method

Figure 3.26 illustrates the processing pipeline of the baseline method. The pipeline starts with clutter suppression

applied to the CIR from each radar. The clutter suppression procedure and parameters are identical to those de-

scribed in Section 3.3, ensuring comparable signal preprocessing conditions between the baseline and proposed

methods. After clutter suppression, the processed CIR is passed through a CFAR detector to extract signals of in-

terest. A leading-edge detection step is then applied to identify the first peak, which is taken as the target range.

The target range from each radar is subsequently smoothed using a Kalman filter (KF). Next, Taylor localization is

performed to estimate the target’s position in space based on the filtered ranges. The resulting position estimates

are further tracked in the 2D plane using another KF to obtain the final trajectory.

Figure 3.26: Overall pipeline of the baseline method considered for performance comparison.

Compared to the original pipeline in [11], two modifications are introduced to adapt to the ceiling-mounted radar

scenario:

1. Clutter suppression: It is added to mitigate static reflections from furniture and walls;

2. Leading-edge detection: In the original method of [11], where radars are wall-mounted and the human body

is treated as an extended target, the centroid of CFAR-detected scatterers is used as an approximation of the

target range. However, this centroid-based approach can include short-lived or spurious scatterers, which are

subsequently removed through the track management procedure described in [11].

Following the method in [29], a leading-edge detection approach is applied so that the measured range cor-

responds to the first significant rising edge in the radar return. In the ceiling-mounted radar configuration,
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this rising edge of the first peak is typically produced by the subject’s head, which is both the closest point

to the radar and kinematically stable along the 𝑧-axis during walking. Besides, the leading-edge detection

approach in [29] is combined with segment computation to filter out small CFAR detections caused by false

alarms. Therefore, the track maintenance procedure in [11] is omitted, as the same objective of accurately de-

termination of the target range is achieved by the leading-edge detection approach. In summary, the original

CFAR centroid estimation and track maintenance are replaced by the leading-edge detection in the modified

baseline method. This simplification is appropriate under the single-target assumption and has been found

to yield stable results in the experiment.

3.8.2. CFAR Detection

Based on [11], CA-CFAR is applied to detect the presence of a target within noise and clutter from the processed

CIR. CA-CFAR, derived from the Neyman–Pearson criterion, adaptively estimates the detection threshold under the

assumption that the probability density function (PDF) of the noise is known [11]. In this process, a sliding window

moves along the range profile, with the Cell Under Test (CUT) located at the center and surrounded by guard cells

and training cells [59]. The general steps of the CA-CFAR procedure are as follows [59]:

1. Noise power estimation: The noise power ̂𝑃noise(𝑘) is estimated from the training cells using Equation 3.43,

where Ω𝑘 denotes the set of indices corresponding to the training cells for the 𝑘-th CUT, excluding the CUT

itself and its guard cells. Here, 𝑁 is the total number of training cells, and 𝑃𝑖 is the CIR signal power in the

𝑖-th range bin.

̂𝑃noise(𝑘) = 1
𝑁 ∑

𝑖∈Ω𝑘

𝑃𝑖 (3.43)

2. Threshold calculation: The detection threshold 𝑇 (𝑘) is then computed from the estimated noise power ac-

cording to the desired probability of false alarm 𝑃FA, as given in Equation 3.44.

𝑇 (𝑘) = 𝑁 ⋅ (𝑃 −1/𝑁
FA − 1) (3.44)

3. Target detection decision: Finally, the CUT power 𝑃CUT(𝑘, 𝑡) (signal power in the CUT range bin of slow-

time 𝑡) is compared with the detection threshold and the estimated noise power to determine whether a target

is present based on Equation 3.45. After the detection decision, if a target is detected based on this criterion,

the corresponding range bin index 𝑘 is labeled as one; otherwise, it is labeled as zero. Then, the detection

results for all range bins 𝑘 over each slow-time index 𝑡 form the binary detection matrix Ddet(𝑘, 𝑡).

Ddet(𝑘, 𝑡) =
⎧{
⎨{⎩

1, 𝑃CUT(𝑘, 𝑡) > 𝑇 (𝑘, 𝑡) ̂𝑃noise(𝑘, 𝑡)
0, otherwise

(3.45)

To implement CA-CFAR, the CFARDetector function inMATLAB is employed by specifying the size of the training

cells, the size of the guard cells, and the desired probability of false alarm. Following the guidelines in [11], the guard

cell length should exceed 1 𝑚, and the training cell length should be approximately 1−2 𝑚, considering the physical

size of a typical person. Given the range bin resolution of the experimental device (detailed later in Chapter 5), the

guard cell size in the baseline method is set to 100 indices, while the training cell size is set to 250 indices. To balance

the trade-off between missing weak targets and generating excessive false alarms, the probability of false alarm 𝑃FA

is set to 0.05, which ensures sufficient sensitivity for detecting low-power signals while maintaining an acceptable

false detection rate for stable tracking.
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3.8.3. Leading Edge Detection

In the previous steps, the detection matrixDdet(𝑘, 𝑡) from the CA-CFAR contains the detection result of every range

bin in the CIR at every slow-time index. In this step, under the single-person detection assumption, the range

bin (i.e., the leading-edge index) corresponding to a nonzero element in the detection matrix is identified for each

slow-time index within the dynamic segment. However, during this leading edge estimation process, two issues

arise:

1. No nonzero points exist in the detectionmatrix for certain slow-time indices, resulting in missing target range

data for those indices.

2. Clutter-related nonzero points may appear before the leading edge in the range-time index.

To address these issues, for the first case, interpolation is applied to estimate the target range for slow-time indices

without detection. For the second issue, a segment computing method (Equation 3.46) is applied, as proposed in

[29]. In this method, ̂𝜏TP denotes the estimated target range, while 𝜏𝑙 is a candidate detection range. The processing

is performed on the slow time index column of the detection matrix Ddet(∶, 𝑡) at each slow-time index 𝑡 as follows.

First, the matrix is scanned from near to far range bins to locate the first nonzero detection point 𝑠𝑛, which serves as

the starting index for a range window of length 𝑁win. Next, the number of nonzero detections within this window

is counted; if the count is greater than or equal to the threshold 𝑁seg, 𝜏𝑙 is accepted as a valid segment start. Finally,

among all valid candidates, the smallest (closest) 𝜏𝑙 is selected as the estimated target range ̂𝜏TP. This segment-based

criterion ensures that the leading edge is derived from a sufficiently continuous set of detections, thereby reducing

the influence of clutter. After obtaining ̂𝜏TP over slow-time, a moving average filter is applied to smooth out small

fluctuations. In this thesis, 𝑁win = 50 and 𝑁seg = 10 is selected by balancing the missed detection rate and false

alarm probability to get a better target range estimation result denoted as ̂𝑟𝑡 in every slow time index 𝑡.

̂𝜏TP = min 𝜏𝑙 s.t.
𝑙+𝑁win

∑
𝑛=𝑙

[ 𝑠𝑛 > 0 ] ≥ 𝑁seg (3.46)

3.8.4. Kalman Filter on Target Range

Following [11], a constant-velocity Kalman filter (KF) is applied to smooth the target range measurements from

each radar. The constant-velocity state model is given in Equation 3.47, where 𝑟𝑡 and ̇𝑟𝑡 denote the target range

and range rate at slow-time index 𝑡, respectively. Here, Δ𝑡 is the slow-time sampling interval, and 𝑤𝑡−1 represents

zero-mean white Gaussian process noise with variance 𝜎2
𝑤.

[𝑟𝑡
̇𝑟𝑡
] = [1 Δ𝑡

0 1 ] [𝑟𝑡−1
̇𝑟𝑡−1

] + [Δ𝑡2/2
Δ𝑡 ] 𝑤𝑡−1. (3.47)

The KF recursion consists of two main stages: the prediction step and the measurement update step [60]. In the

prediction step (Equation 3.48), the prior state estimate ̂x𝑡|𝑡−1 and error covariance P𝑡|𝑡−1 are predicted from the

previous state using the state transition matrix F (Equation 3.49) and process noise covariance Q (Equation 3.50).

The state vector is defined as x𝑡 = [ 𝑟𝑡, ̇𝑟𝑡 ]⊤.

̂x𝑡|𝑡−1 = F ̂x𝑡−1|𝑡−1, P𝑡|𝑡−1 = F P𝑡−1|𝑡−1 FT + Q. (3.48)

F = [1 Δ𝑡
0 1 ] (3.49)

Q = [Δ𝑡4/4 Δ𝑡3/2
Δ𝑡3/2 Δ𝑡2 ] 𝜎2

𝑤 (3.50)
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According to the measurement update step, the new target range observation 𝑍𝑡 (value of the target range ̂𝑟𝑡 at

slow time index 𝑡 ) is used to refine the a priori prediction at slow-time index 𝑡. The residual y𝑡 measures the

difference between the observation and the predicted measurement, where H is the measurement matrix and R is

the measurement noise covariance (Equation 3.51). The innovation covariance S𝑡 quantifies the uncertainty of this

residual. The Kalman gain K𝑡 (Equation 3.52) determines the relative weight assigned to the new observation versus

the prediction. Finally, the a posteriori state estimate ̂x𝑡|𝑡 and its covariance P𝑡|𝑡 are updated as in Equation 3.53.

y𝑡 = 𝑍𝑡 − H ̂x𝑡|𝑡−1,
S𝑡 = HP𝑡|𝑡−1 HT + R,
H = [ 1 0 ]

(3.51)

K𝑡 = P𝑡|𝑡−1 HT S−1
𝑡 . (3.52)

̂x𝑡|𝑡 = ̂x𝑡|𝑡−1 + K𝑡 y𝑡, P𝑡|𝑡 = (I − K𝑡 H) P𝑡|𝑡−1. (3.53)

Moreover, the initial state is initialized using the first and second target range measurements to estimate both the

initial range and range rate. For the process noise, standard deviation is set as 𝜎𝑤 = 0.2, and the measurement

noise is set as R = 0.01. These values reflect a moderate confidence in the motion model, ensuring that the filter

produces a smooth trajectory while still remaining responsive to actual measurement variations. By applying the

Kalman filter to the target range from each radar, a smoothed target range sequence from radar 𝑚 is obtained.

3.8.5. Taylor Series based Localization

Following [11], a Taylor series–based localization method is applied to convert the estimated target ranges ̂𝑟 from

each radar into the localization result. In [11], the target is localized in a 2D plane; however, in the ceiling-mounted

radar configuration, the position of the human head is estimated instead. Since the human height is unknown and

the head is not located on the same plane as the ceiling-mounted radars, the localization problem is no longer strictly

2D but instead corresponds to a form of 3D localization for the head position. The implementation of the Taylor

series–based localization in this work generally follows the approach described in [61].

Since the radar configuration is monostatic, each radar constrains the target’s position (𝑥, 𝑦, 𝑧) to lie on a hemi-

sphere defined by the estimated target range ̂𝑟. This ellipsoid can be expressed as Equation 3.54, where 𝑃R =
(𝑥R, 𝑦R, 𝑧R) is the positions of the radar, and 𝑃T = (𝑥, 𝑦, 𝑧) is the target coordinate. The term 𝑒 represents the

residual error between the estimated and actual target location. A function 𝑓𝑟(𝑥, 𝑦, 𝑧) is defined in Equation 3.55

that represents the measured quantity after subtracting the error term.

̂𝑟 = ‖𝑃R − 𝑃T‖2 + 𝑒 = √(𝑥 − 𝑥R)2 + (𝑦 − 𝑦R)2 + (𝑧 − 𝑧R)2 + 𝑒 (3.54)

𝑓𝑟(𝑥, 𝑦, 𝑧) = ̂𝑟 − 𝑒 = √(𝑥 − 𝑥R)2 + (𝑦 − 𝑦R)2 + (𝑧 − 𝑧R)2 (3.55)

To estimate (𝑥, 𝑦, 𝑧), 𝑓𝑟(𝑥, 𝑦, 𝑧) around an initial guess (𝑥𝑣, 𝑦𝑣, 𝑧𝑣) is expanded using a Taylor series expansion. The

generic Taylor series form is given by Equation 3.56, and applying it to 𝑓𝑟 yields the approximation in Equation 3.57.

In this expansion, 𝛿𝑥, 𝛿𝑦 and 𝛿𝑧 represent small increments in 𝑥𝑣, 𝑦𝑣 and 𝑧𝑣 to iteratively refine the estimated

position.

𝑓(𝑥) = 𝑓(𝑎) + 𝑓 ′(𝑎)(𝑥 − 𝑎) + 𝑓″(𝑎)
2! (𝑥 − 𝑎)2 + ⋯ + 𝑓 (𝑛)(𝑎)

𝑛! (𝑥 − 𝑎)𝑛 + 𝑅𝑛(𝑥) (3.56)
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𝑓𝑟(𝑥𝑣, 𝑦𝑣, 𝑧𝑣) + 𝑎𝑥𝛿𝑥 + 𝑎𝑦𝛿𝑦 + 𝑎𝑧𝛿𝑧 ≈ ̂𝑟 − 𝑒

𝑎𝑥 = 𝜕𝑓𝑅,𝑖(𝑥,𝑦,𝑧)
𝜕𝑥 ∣

𝑥=𝑥𝑣,𝑦=𝑦𝑣,𝑧=𝑧𝑣
= 𝑥𝑣−𝑥R

√(𝑥𝑣−𝑥𝑅)2+(𝑦𝑣−𝑦R)2+(𝑧𝑣−𝑧R)2

𝑎𝑦 = 𝜕𝑓𝑅,𝑖(𝑥,𝑦,𝑧)
𝜕𝑦 ∣

𝑥=𝑥𝑣,𝑦=𝑦𝑣,𝑧=𝑧𝑣
= 𝑦𝑣−𝑦R

√(𝑥𝑣−𝑥𝑅)2+(𝑦𝑣−𝑦R)2+(𝑧𝑣−𝑧R)2

𝑎𝑧 = 𝜕𝑓𝑅,𝑖(𝑥,𝑦,𝑧)
𝜕𝑧 ∣

𝑥=𝑥𝑣,𝑦=𝑦𝑣,𝑧=𝑧𝑣
= 𝑧𝑣−𝑧R

√(𝑥𝑣−𝑥𝑅)2+(𝑦𝑣−𝑦R)2+(𝑧𝑣−𝑧R)2

(3.57)

Since there are 𝑀 radars in the considered setup, these equations are combined into a matrix form as shown in

Equation 3.58, where the subscript notation 𝑚 denotes values corresponding to the radar 𝑚. In this matrix formula-

tion, 𝛿 encapsulates the incremental adjustments in (𝑥𝑣, 𝑦𝑣, 𝑧𝑣), and 𝑏 reflects the difference between the estimated

ranges ̂𝑟 and the function value 𝑓𝑟(𝑥𝑣, 𝑦𝑣). Minimizing 𝑒 ensures that the chosen position (𝑥𝑣, 𝑦𝑣, 𝑧𝑣) best fits all

radar range constraints.

𝐴𝛿 = 𝑏 − 𝑒, 𝐴 =

⎡
⎢
⎢
⎢
⎢
⎢
⎢
⎣

𝑎𝑥1
𝑎𝑦1

𝑎𝑧1

𝑎𝑥2
𝑎𝑦2

𝑎𝑧2

⋮ ⋮ ⋮
𝑎𝑥𝑚

𝑎𝑦𝑚
𝑎𝑧𝑚

⋮ ⋮ ⋮
𝑎𝑥𝑀

𝑎𝑦𝑀
𝑎𝑧𝑀

⎤
⎥
⎥
⎥
⎥
⎥
⎥
⎦

, 𝛿 = ⎡⎢⎢
⎣

𝛿𝑥
𝛿𝑦
𝛿𝑧

⎤⎥⎥
⎦

, 𝑏 =

⎡
⎢
⎢
⎢
⎢
⎢
⎢
⎣

̂𝑟1 − 𝑓𝑟1

̂𝑟2 − 𝑓𝑟2

⋮
̂𝑟𝑚 − 𝑓𝑟𝑚

⋮
̂𝑟𝑀 − 𝑓𝑟𝑀

⎤
⎥
⎥
⎥
⎥
⎥
⎥
⎦

, 𝑒 =

⎡
⎢
⎢
⎢
⎢
⎢
⎢
⎣

𝑒1
𝑒2
⋮

𝑒𝑚
⋮

𝑒𝑀

⎤
⎥
⎥
⎥
⎥
⎥
⎥
⎦

(3.58)

To solve for 𝛿, a least squares solution is employed, as in Equation 3.59. The target coordinates (𝑥𝑣, 𝑦𝑣, 𝑧𝑣) are

updated iteratively using Equation 3.60 until 𝛿 is below a small threshold 𝜖, indicating convergence.

𝛿 = (𝐴⊤𝐴)−1𝐴⊤𝑏 (3.59)

𝑥𝑣 ← 𝑥𝑣 + 𝛿𝑥, 𝑦𝑣 ← 𝑦𝑣 + 𝛿𝑦, 𝑧𝑣 ← 𝑧𝑣 + 𝛿𝑧 (3.60)

The iterative procedure can be summarized as follows:

1. Calculate 𝑓𝑟(𝑥𝑣, 𝑦𝑣, 𝑧𝑣): For the first iteration, set (𝑥𝑣, 𝑦𝑣, 𝑧𝑣) = (0, 0). For following iterations, use the

updated (𝑥𝑣, 𝑦𝑣, 𝑧𝑣) from the previous iteration. When processing the next slow-time index, the initial guess

(𝑥𝑣, 𝑦𝑣, 𝑧𝑣) is set to the estimated coordinates obtained from the previous slow-time index.

2. Compute A and b: Evaluate 𝐴 and 𝑏 as defined in Equation 3.58.

3. Solve for 𝛿: Use Equation 3.59 to obtain 𝛿.

4. Update (𝑥𝑣, 𝑦𝑣, 𝑧𝑣): Apply Equation 3.60.

5. Check for Convergence: If ‖𝛿‖ < 𝜖, stop the iterations; otherwise, continue.

Based on this method, the position of the target’s head can be estimated in 3D space. However, since the final trajec-

tory output is required in 2D, the 𝑧-coordinate is discarded, retaining only the 𝑥- and 𝑦-coordinates for generating
the 2D trajectory sequence (denoted as ( ̂𝑥(𝑡), ̂𝑦(𝑡))) and for the following 2D Kalman filter tracking.
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3.8.6. Kalman Filter on 2D Trajectory

After the Taylor series–based positioning, a sequence of 2D position observations is obtained. The subsequent 2D

Kalman tracking step aims to smooth the estimated trajectory and improve position accuracy. The 2D Kalman

filter follows the same recursive formulation as the 1D case in subsection 3.8.4, using the prediction and update

equations in Equation 3.48–Equation 3.53, but extending the state vector, measurement model, and initialization to

the 2D case [11]. The state vector adopts a nearly constant velocity model as in Equation 3.61, where (𝑥𝑡, 𝑦𝑡) are

the target coordinates and (𝑣𝑥,𝑡, 𝑣𝑦,𝑡) are the corresponding velocities. The state transition matrix F and process

noise covarianceQ are defined in Equation 3.62 and Equation 3.63, respectively, with 𝜎2
𝑤 denoting the process noise

variance. The measurement vector Z𝑡 and measurement matrix H are given in Equation 3.64 and Equation 3.65,

where R is the measurement noise covariance matrix. The initial state ̂x0|0 is computed from the first two position

observations, as shown in Equation 3.66. To achieve an appropriate balance between the confidence in the motion

model and the reliability of the measurements, the process noise standard deviation 𝜎𝑤 = 0.1 and the measurement

noise standard deviation 𝜎𝑥 = 𝜎𝑦 = 0.01 are selected. This choice ensures that the Kalman filtermaintains a smooth

trajectory while remaining responsive to actual target movements.

x𝑡 = [ 𝑥𝑡, 𝑦𝑡, 𝑣𝑥,𝑡, 𝑣𝑦,𝑡 ]⊤. (3.61)

F =
⎡
⎢
⎢
⎢
⎣

1 0 Δ𝑡 0
0 1 0 Δ𝑡
0 0 1 0
0 0 0 1

⎤
⎥
⎥
⎥
⎦

, (3.62)

Q = 𝜎2
𝑤

⎡
⎢
⎢
⎢
⎣

Δ𝑡4
4 0 Δ𝑡3

2 0
0 Δ𝑡4

4 0 Δ𝑡3
2

Δ𝑡3
2 0 Δ𝑡2 0
0 Δ𝑡3

2 0 Δ𝑡2

⎤
⎥
⎥
⎥
⎦

. (3.63)

Z𝑡 = [ ̂𝑥(𝑡), ̂𝑦(𝑡) ]⊤. (3.64)

H = [1 0 0 0
0 1 0 0] , R = diag(𝜎2

𝑥, 𝜎2
𝑦). (3.65)

̂x0|0 =

⎡
⎢
⎢
⎢
⎢
⎢
⎣

̂𝑥(1)
̂𝑦(1)

̂𝑥(2) − ̂𝑥(1)
Δ𝑡

̂𝑦(2) − ̂𝑦(1)
Δ𝑡

⎤
⎥
⎥
⎥
⎥
⎥
⎦

. (3.66)

3.9. Summary
In this chapter, the proposed 3D grid-based method and the baseline method for tracking and localization are de-

scribed. In the proposed 3D grid-based method, the extended target characteristic of a walking person is exploited

to achieve more accurate position estimation. The CIR data from all radars are mapped and fused into a 3D grid,

and compensation procedures are applied to ensure that the projection onto the 2D likelihood map is accurate. A

particle filter is then applied to the 2D likelihood map to perform target tracking.

The baseline method following a similar pipeline of [11] is used for comparison. This method adopts a traditional

DBT framework in which the target range fromCIR in each radar is detected using CFAR and leading edge detection.

The estimated ranges are then processed using Taylor series based localization to obtain the target position, and

a Kalman filter is applied to produce a smoothed trajectory. In addition, the comparison between the proposed

method and the baseline method will be evaluated in Chapter 5 based on real life data.



4
Activity Recognition

In this chapter, the proposed activity classification method is presented, addressing the tasks of walk–static classification
and stand–sit classification. The proposed method utilizes signal energy and human height for activity recognition and
can be applied effectively even when only limited data are available, compared to more data-hungry methods that
employ machine learning.

4.1. General Introduction of Activity Recognition
As described in Section 3.2, the proposed 3D grid-based method is built upon mapping the CIR onto a 3D grid

to enable both tracking and activity recognition (including walk, stand and sit). In the proposed pipeline shown

in Figure 3.3, the tracking and activity recognition modules are integrated: the localization module employs the

walk–static classification from the recognition module to determine whether the person is walking or in a static

posture.

When the person is static, the particle filter for tracking is not executed; it operates only when the person is walking.

Conversely, the recognition module requires the human position information to perform sit–stand classification,

which is applied only when the person is static, based on the assumption that sitting and standing occur within the

static category. Therefore, the recognition module consists of two main components: walk–static classification and

sit–stand classification.

4.2. Walk–Static Classification
To distinguish between walking and static activities using a limited amount of data, the approach in [44] is adopted,

which compares the CIR corresponding to human movement and to a static posture after applying an MTI filter.

Since [44] does not provide detailed implementation details, a signal-energy-basedwalk–static classificationmethod

is proposed.

The overall pipeline shown in Figure 4.1 compares the signal energy during the movement period (when the person

is walking) with that during a background period (CIR measured before the person starts walking), determines

which period exhibits higher similarity to the background, and finally applies static period extension to generate

the walk–static classification.

52
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Figure 4.1: Pipeline of the proposed walk–static classification procedure.

4.2.1. Background Signal Energy

The adaptive clutter suppression method described in Section 3.3 suppresses static clutter and highlights moving

objects, and can thus serve as the MTI stage in [44]. In the data collection process, the first several seconds of CIR

data are recorded in an empty room, allowing the adaptation ratio in the clutter suppression filter to converge to

a stable value. This initial recording period before any human motion is treated as the background period, and

represents a static reference signal for later comparison.

As illustrated in Figure 3.4, an example test record shows human movement between approximately 6 s and 17 s;

after the walking motion stops, several extra seconds are retained to ensure the complete capture of movement

related data, while all other segments belong to the background period. It is observed that the CIR magnitude

increases during walking, and this effect can be quantified using the signal energy. To compare the signal energy

between background and movement period, the background signal energy is calculated at first. The background

signal energy 𝐸bg is computed as in Equation 4.1, where c𝑚,𝑡 denotes the CIR after clutter suppression for radar 𝑚
at slow-time index 𝑡, 𝐾 is the number of range bins, 𝑇 is the total number of slow-time indices in the background

period, and 𝑀 is the number of radars.

𝐸bg = 1
𝑀𝑇

𝑀
∑
𝑚=1

𝑇
∑
𝑡=1

𝐾
∑
𝑘=1

c𝑚,𝑡(𝑘)2 (4.1)

4.2.2. Movement Signal Energy

To compare the signal energy between the background andmovement periods, the movement signal energy 𝐸𝑠(𝑡) is
computed at each slow-time index 𝑡 using Equation 4.2, where the CIR energy after clutter suppression is averaged

across all 𝑀 radars at time 𝑡. To reduce the impact of noise and outliers, the resulting 𝐸𝑠(𝑡) is then smoothed using

a moving average filter.

𝐸𝑠(𝑡) = 1
𝑀

𝑀
∑
𝑚=1

𝐾
∑
𝑘=1

c𝑚,𝑡(𝑘)2 (4.2)

The smoothed movement energy is then compared with the background energy 𝐸bg to determine whether the

target is walking or static, resulting in the binary classification sequence a(𝑡) defined in Equation 4.3. If 𝐸𝑠(𝑡)
exceeds the background energy, the target is considered to be walking; otherwise, the energy is deemed similar

to the background, indicating a static state. A thresholding factor 𝜂 = 2 is introduced to make the decision more

robust, accounting for slight energy fluctuations during static periods and for the fact that 𝐸bg itself is computed as

an average and may contain some noise values. Based on this comparison result, a(𝑡) is a label set to 1 for walking

period and 2 for static period. By using this method, walking and static states can be classified prior to the tracking

procedure, thereby reducing unnecessary tracking computations for tracking in the static state.

a(𝑡) =
⎧{
⎨{⎩

1, 𝐸𝑠(𝑡) ≥ 𝜂 𝐸bg

2, otherwise
(4.3)
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4.2.3. Static Period Extension

After a static period is detected over all slow-time indices, it is further extended to account for activity transitions.

The static period is assumed to contain two activity types: standing and sitting. For standing, the transition between

walking and standing is negligible. However, in the sitting case, during the transition from walk/stand to sit or sit

to walk/stand, the person’s height changes rapidly in approximately 0.5 s (based on real-life test recordings), which

can significantly affect tracking accuracy. Since this transition is short in duration and typically occurs at a fixed

location, it is reasonable to treat it as part of the static period by temporarily suspending tracking also during this

transition period. In addition, the ground-truth activity annotation records the time when the person is fully seated

and static. To ensure consistency with the ground truth, the extended period is restored in the final classification

results so that it matches the annotation. Considering that the MTI filter used in this work requires time to adjust

its adaptation ratio to static signal strength and to recover when returning to movement, an extra extension of 1 s

is added before the static period and 0.5 s after the static period, as observed in the experimental data.

Since the specific static activity type (standing or sitting) is not known during detection, the same extension is

applied to all static periods. This extension process is illustrated in Figure 4.2. In total, 1.5 s is added before the start

of each static period and 1 s is added after its end. Based on this extension, the static period is expanded to cover

possible transition phases, thereby improving tracking accuracy.

Figure 4.2: Illustration of static period extension to account for transition periods.

4.3. Stand-Sit Classification
Based on the strategies in [45] and [46], standing and sitting can be classified using the person’s height. As reported

in [46], a height decrease of approximately 20% can indicate that the person is sitting. Following this principle, the

proposed classification approach determines the height change during the stand–sit transition period: if a large

height drop is observed in the walk/stand-to-sit transition and a large height increase occurs in the sit-to-walk/stand

transition, the person is classified as sitting during the related static period.

Figure 4.3 illustrates the pipeline of the proposed stand–sit classification procedure. In this procedure, the reflection

grid R̃𝑡 (describe in Equation 3.14) is cropped to the human body region in 𝑥- and 𝑦- axes at the estimated position

obtained from the localization pipeline. The human height is then estimated at each slow-time index to form a

height sequence. Finally, based on this height sequence, a height change decision is made by detecting significant

height drops or increases to determine whether the person is standing or sitting.

Figure 4.3: Pipeline of the proposed stand-sit classification procedure.
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4.3.1. Human Body Region Construction

To estimate the human height change, the human body region must first be determined within the reflection grid1

R̃𝑡. The value in R̃𝑡 is proportional to the target presence probability at each voxel in the whole grid, with higher

values indicating a higher likelihood of the target being present at that voxel. Since the head is the closest part

of the human body to the radar, it should occupy the voxel with the highest reflection value. However, due to a

limited number of artifacts in the grid after compensation, the global maximum voxel value is not always a reliable

indicator of the head position for height estimation. Instead, a local maximum can be computed within the human

body region based on the estimated human location.

From the localization pipeline, the approximate position of the person is obtained, which can be regarded as the

centroid of the human body. It is assumed that a human body is not represented by a single vertical voxel column in

the grid, but has a finite width. Moreover, the localization result may contain positioning errors. Thus, the human

body region is extended from the estimated location as shown in Figure 4.4. Specifically, the body region is modeled

as a cuboid with a width and length of 0.5m, and a height covering all 𝑧-layers cropped from the reflection grid R̃𝑡.

This process yields the 3D human body region B𝑡 for each slow-time index 𝑡 with size ̃𝑁𝑥, ̃𝑁𝑦, 𝑁𝑧.

Figure 4.4: Illustration of the extended body region represented by a cuboid.

4.3.2. Human Height Estimation

Based on the cropped region from R̃𝑡, the human body region B𝑡 is determined. The human height is then estimated

from the local maximum voxel point within this region. To obtain a more robust result, Equation 4.4 is applied to

estimate the human height sequence h(𝑡) by finding which 𝑛𝑧 vertical layer contains maximal average voxel value

in every 𝑧-layer inB𝑡 at slow-time index 𝑡. The value of h(𝑡) denotes the index along the 𝑧-dimension corresponding

to the head position, representing the estimated human height in units of the 𝑧-index. In Equation 4.4, each voxel in

the human body region B𝑡 is denoted as (𝑛̃𝑥, 𝑛̃𝑦, 𝑛𝑧) and ̃𝑁𝑥, ̃𝑁𝑦 are the dimensions of B𝑡 along the 𝑥- and 𝑦-axes,
respectively. The estimated height sequence is then smoothed using a moving average filter to suppress noise and

reduce the effect of occasional erroneous height estimates, thereby producing a more stable and reliable human

height trend.

h(𝑡) = argmax
𝑛𝑧

⎛⎜⎜
⎝

1
̃𝑁𝑥 ̃𝑁𝑦

𝑁̃𝑦

∑
𝑛̃𝑦=1

𝑁̃𝑥

∑
𝑛̃𝑥=1

B𝑡(𝑛̃𝑥, 𝑛̃𝑦, 𝑛𝑧)⎞⎟⎟
⎠

(4.4)

1This grid is defined in Equation 3.14 and differs from the target reflection probability gridR𝑡, which represents the target presence probability

in each layer.
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4.3.3. Height Change Decision

Based on h(𝑡), the human height sequence can be estimated. The height change is defined in Equation 4.5, where

Δℎ(𝑡𝑠) denotes the change in height between the start and end time indices of a static period, with 𝑡𝑠 representing

either the start or end index for simplicity. Δ𝑡𝑠 is the window length used to detect the height change. In this thesis,

Δ𝑡𝑠 = 1 s is selected, as the duration of a stand-up or sit-down transition is approximately 0.5 s adding with extra

0.5 s as buffer time for a healthy normal person.

Δℎ(𝑡𝑠) = h(𝑡𝑠 + Δ𝑡𝑠) − h(𝑡𝑠 − Δ𝑡𝑠) (4.5)

For each start and end point of a static period, the corresponding height change is calculated. If the height change

is greater than +1 𝑧-layer index, this indicates that the person’s height has increased by at least Δ𝑧 = 33.75 cm,

which exceeds 20% of the total height for a person taller than 1.68m. Conversely, if the height change is less than

−1 𝑧-layer index, this indicates that the person is sitting down. This relationship is expressed in Equation 4.6, where

s(𝑡𝑠) is the label of the sitting activity at time 𝑡𝑠: label ‘0’ denotes no height change, label ‘1’ denotes sitting down,

and label ‘2’ denotes standing up.

s(𝑡𝑠) =

⎧{{
⎨{{⎩

0, |Δℎ(𝑡𝑠)| < 1
1, Δℎ(𝑡𝑠) ≤ −1
2, Δℎ(𝑡𝑠) ≥ 1

, (4.6)

Based on the sitting activity label, the final activity type between standing and sitting can be determined. If the

start index and end index of a static period are labeled as sit down and stand up, respectively, the entire static period

is classified as sitting; otherwise, it is classified as standing. Using this criterion, the activity list a(𝑡) is finalized in

Equation 4.7, where different labels are assigned to different slow-time indices 𝑡.

a(𝑡) =

⎧{{
⎨{{⎩

1, walk

2, stand

3, sit

(4.7)

4.4. Summary
Based on the proposed activity recognition method described in this chapter, the activity type can be classified with

low data requirements, as the approach primarily relies on physical body features and thresholding. Compared

to more advanced approaches using machine learning or neural networks, this characteristic makes the method

suitable for scenarios with limited sensing data, enabling efficient deployment in practical environments without

the need for complex training datasets. Experimental results for the validation of this approach are presented in

the following chapter.



5
Experimental Setup and Evaluation

This chapter introduces the experiment setup including selected radar, experimental environment and test plan. Based
on the setup, the tracking and activity evaluation result achieve up to RMSE 0.23 m and classification accuracy 98%,
respectively.

5.1. Radar Configuration
In the previous chapters, the detailed methodology of tracking and classification of this thesis has been described.

To validate the proposed approach in a real-world setting, it is necessary to present the specifications of the selected

radar and the details of its deployment.

5.1.1. Radar Selection

At imec and TU Delft, two types of commercial UWB radars are available for use in this thesis: the Novelda XeThru

X4 and the Novelda XeThru X7. In this section, a detailed comparison between these two radars is presented,

including their specifications and data collection method.

Radar Specifications

The Novelda XeThru X4 is an impulse-radio UWB radar transceiver System-on-Chip (SoC) operating at center

frequencies of 7.29GHz or 8.748GHz [62]. It integrates a transmitter, a direct RF-sampling receiver, a fully pro-

grammable system controller, and advanced power management in a compact chip-scale package. The receiver

achieves a typical sampling rate of 23.328GS/s with a maximum detection range of approximately 9.8m [62][63].

The device supports a Serial Peripheral Interface (SPI) for raw radar data output, features low-power duty-cycle-

controlled operation, and uses differential RF terminals for high sensitivity in both static and dynamic applications.

The X4 has been widely applied in indoor localization, vital-sign monitoring, fall detection, and human activity

recognition [63][64].

In this thesis, two radar module types containing the Novelda XeThru X4 chip are available: two X4M03 modules

and one X4M300 module. Since the X4-based radar modules are no longer in production, these three modules are

the only available units for experiments, yet the proposed method remains agnostic to the radar type. Both modules

share the same specifications; the primary difference is that the X4M03 consists of two separate boards (an antenna
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board and an SoC board), whereas the X4M300 integrates all components, including the chip and antennas, onto

a single board [64][65]. The images of these two modules are shown in Figure 5.1. The distinction between the

two radar modules is related application. While the Novelda X4M300 integrates advanced embedded algorithms for

respiration and heartbeat detection, the fundamental sensing performance of the underlying X4 radar chip remains

identical across both modules [64][65]. Thus�they are collectively referred to as “X4” for simplicity. A detailed

summary of the radar specifications is provided in Table 5.1.

Figure 5.1: Image of Novelda X4M03 and Novelda X4M300 [64][65].

The Novelda XeThru X7 UWB chip is integrated into the X7F202 shield module, as shown in Figure 5.2, with four

such modules available for this thesis. The X7F202 is a multichannel impulse-radio UWB radar transceiver module

operating at a center frequency of 7.875GHz [21]. It integrates 2×Tx/Rx with antennas, enabling digital beamform-

ing to improve spatial resolution, detection accuracy, and Angle of Arrival (AoA) estimation [21].

The module incorporates a transmitter, a direct RF-sampling receiver, clock systems, decoupling capacitors, and

a fully programmable system controller, along with advanced power management capable of reducing power con-

sumption to below 100 𝜇W in specific use cases. The receiver achieves a typical sampling rate of 2.1GS/s with a

maximum detection range of approximately 13.6m, and supports low-power duty-cycle-controlled operation for

long-term embedded deployments [21]. The X7F202 offers high sensitivity in both static and dynamic environments,

making it suitable for applications such as low-power presence detection, smart building automation, consumer

electronics sensing, and indoor human activity monitoring [21]. A detailed summary of the radar specifications is

provided in Table 5.1.

Figure 5.2: Image of Novelda X7F202 [66].

Table 5.1 summarizes the key specifications of the X4 and X7 radars. The values are summarized and derived from

[67, 68]. According to the transmit bandwidth 𝐵Tx, the X4 provides nearly twice the bandwidth of the X7, resulting

in range resolutions of 10 cm and 21.4 cm, respectively. The range resolution is defined in Equation 5.1, where 𝑐 is

the speed of light.

Δ𝑅 = 𝑐
2𝐵Tx

(5.1)
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For the range-bin size, which reflects the fast-time sampling rate, the expression is given in Equation 5.2, where 𝑓𝑠
denotes the sampling rate. Since the X4 operates with a much higher sampling rate than the X7, its range-bin size

is finer, potentially enabling the detection of smaller movements in human activity.

Δ𝑅bin = 𝑐
2𝑓𝑠

(5.2)

In addition, the X4 has a higher transmit peak power than the X7, leading to better received signal-to-noise ra-

tio (SNR) [59]. The receiver noise figure of the X4 is also lower than that of the X7, further enhancing its SNR

performance [69].

Although the X7 offers advanced functionalities such as dual Tx/Rx channels for AOA estimation and improved en-

ergy efficiency, as well as wider availability compared to the discontinued X4 modules [65, 21], the X4 still provides

superior performance in terms of bandwidth, sampling frequency, and SNR, which are critical for signal quality.

Therefore, despite the limited availability of only three X4 radars, they remain the preferred choice in this thesis,

as they are sufficient to support the minimum number of units required for localization, i.e. 3.

Table 5.1: Specifications of Novelda X4 and X7 Radars [67] [68].

Radar
Type

𝐵Tx
Tx Peak
Power

Rx Noise
Figure

𝑓𝑠 Transceiver AoA
Range

Resolution
Range Bin

Size

X4 1.5 GHz 6.4 dBm 6.3 dB 23.3 GHz 1Tx+1Rx No 10 cm 0.64 cm

X7 0.7 GHz 2.5 dBm 8.3 dB 2.1 GHz 2TRx Yes 21.4 cm 7.1 cm

Radar Data Collection

Because this thesis aims to have its validation work on data collected in real life, the ease of data acquisition must

also be considered. Since multiple radars are required to operate simultaneously for localization and tracking, the

data collection process needs to handle concurrent acquisition from multiple devices. In particular, for localization

and tracking experiments where the target is continuously walking, accurate time synchronization between radars

is essential to ensure data consistency and reliability.

For theNovelda X4 radar, whichwas released in 2017, the related data acquisition programs provided by the company

and third-party developers are relatively mature and easy to access [70]. In this thesis, the radar data acquisition

process is modified based on the MATLAB program presented in [71] to realize the data acquisition process for

multiple Novelda X4 UWB radars on one host computer. In this program, data from three X4 radars are collected

sequentially within a single host computer, as illustrated in Figure 5.3. Because the data reading speed in MATLAB

is sufficiently fast with respect to the observed movements, this sequential acquisition can be regarded as quasi-

simultaneous, thereby supporting multi-radar data collection for the experiments.

Figure 5.3: Illustration of Novelda X4 data acquisition program.

When it comes to the Novelda X7 radar, which was only released in 2024, the data acquisition programs are not

fully developed by Novelda at the time of this thesis. For instance, the official development kit does not fully
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support Linux or Raspberry Pi, and it also lacks the capability of reading and acquiring data from multiple radars

in a single host computer, even without simultaneous acquisition requirements. This limitation arises because the

development kit restricts to connect only one Novelda X7 radar on the communication ports (COMs) in a single

host computer. To collect data frommultiple X7 radars for further analysis, a virtual machine-based data acquisition

pipeline is fully developed for Nolvelda X7 in this thesis, as illustrated in Figure 5.4. It is noteworthy that, at the time

of this thesis, only two papers have been published that utilize the Novelda X7 radar for data collection, focusing

on people counting and activity classification, respectively [72] [73]. Both of these works are limited to single radar

experiments.

Thus, to the best of the author’s knowledge, this thesis is the first to realize data collection with multiple Novelda

X7 radars from one host computer at the same time .

Figure 5.4: Illustration of Novelda X7 data acquisition pipeline.

In this pipeline (Figure 5.4), four virtual machines are installed on the host computer. Each virtual machine runs a

Windows 11 operating system with the Novelda official development kit installed, and the virtualization platform

is VirtualBox [74]. An individual COM port is assigned to each virtual machine, ensuring that the development

kit inside each environment can only detect and communicate with a single radar. Following this strategy, four X7

radars are connected to four dedicated COM ports on the host computer, with each port wholly managed by one

virtual machine.

The control between the host computer and the development kits is realized through batch files: once executed

on the host, these batch files trigger the development kits inside all virtual machines to start data recording at the

same time. To address synchronization issues across the four virtual machines and the host computer, Windows

automatic time updates are disabled and the local clocks are manually reset when the data acquisition pipeline starts

in every virtual machine. With this optimization, the four virtual machines are able to collect Novelda X7 radar

data in nearly synchronized time, storing the CIR sequences for each slow-time index as .csv files in a shared folder

on the host computer.

The Novelda X7 development kit is further modified to support the proposed multi radar data acquisition pipeline

and to improve usability. The main modifications are summarized as follows:

1. Data saving functionality: The original development kit does not provide an option to store the collected

radar data on the computer. Therefore, a data saving module is implemented, enabling each radar to store its

acquired data into a dedicated .csv file.

2. Radar configuration management: In the original development kit, modifying radar parameters required

embedding the configuration into the source code, recompiling the program, and then executing it. This pro-

cess had to be repeated for every configuration update, which becomes highly impractical when four virtual

machines with four development kits are used in parallel. To address this issue, the radar configuration is

externalized into a separate configuration file. During runtime, each development kit automatically reads its
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corresponding configuration file stored in the shared folder on the host computer to set the radar parame-

ters automatically. By decoupling the compilation process from the parameter configuration process system

operation, the maintenance is significantly simplified, making the pipeline more efficient and user-friendly.

Although the proposed pipeline enabled multiple Novelda X7 radars to be reliably operated in parallel with im-

proved usability, the virtual machine-based pipeline introduces several disadvantages that significantly reduce data

collection efficiency:

1. High computational and storage requirements: Since a total of five Windows 11 systems are running on the

host computer (four in virtual machines and one on the host), the minimum RAM requirement reaches 20 GB

(4 GB per Windows 11 instance) [75]. In addition, the storage demand is also substantial, with at least 188 GB

required for the four virtual machines. Thus, both memory and storage costs are considerably high for the

data acquisition process, especially when compared to the Novelda X4 data acquisition process, which only

requires several MATLAB scripts running on a single host computer.

2. System instability: As the proposed pipeline relies entirely on virtual machines with independent instances

of the development kit, robustness is limited. Various issues may occur during data collection, such as syn-

chronization failures that lead to delay among radars, or system freezes caused by high computational load,

which may require restarting or even resetting the virtual machines. In contrast, the Novelda X4 data acqui-

sition program, implemented entirely in MATLAB on a single host computer, provides a much more stable

and robust solution for data collection.

Therefore, even if the proposed X7 data collection pipeline enables multi radar data acquisition for the first time,

the X4-based solution remains the preferred choice in terms of efficiency, robustness, and ease of deployment.

Considering both radar specifications and the data collection process, the Novelda X4 is ultimately selected as the

radar platform for this thesis, due to its larger bandwidth, higher SNR, and more robust multi radar data acquisition

procedure.

5.1.2. Radar Deployment

Based on the radar selection results, the Novelda X4 UWB radar is chosen to validate the proposed 3D grid-based

method. This sub-section focuses on the radar deployment, including the configuration parameters of the X4 radar

and its ceiling-mounted installation.

Novelda X4 Configuration Parameters

For validation, the configuration parameters of the Novelda X4 radar are summarized in Table 5.2.

Table 5.2: Configuration Parameters of Novelda X4 UWB Radar.

Radar
Radar
Number

FPS
Center

Frequency (GHz)

X4 3 50 Hz 7.29 GHz

The frame per second (FPS) parameter represents the slow-time sampling frequency, which is set to 50 Hz in this

thesis to balance signal quality and the requirements of the tracking experiments. A lower FPS would reduce the

temporal resolution of the trajectory and potentially cause missed detections during tracking. Conversely, a higher

FPS decreases the time interval between two consecutive frames, thereby limiting the number of pulses that can be

coherently integrated within each frame [62]. This reduction in integration directly decreases the processing gain
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and consequently degrades SNR [62]. Therefore, an FPS of 50 Hz is adopted as a practical compromise, providing

sufficient temporal resolution for humanmotion while preserving adequate SNR for robust signal detection. In addi-

tion, the center frequency of the X4 radar is configured at 7.29 GHz to comply with European Telecommunications

Standards Institute (ETSI) regulations [62].

Radar Installation

To mount the Novelda X4 UWB radar on the ceiling, the sensor is fixed onto a rigid cardboard foundation using

cable ties, and the entire base is attached to the ceiling with carpet tape. This setup enlarges the contact surface

area between the radar module and the ceiling, while also avoiding the use of metal materials that could introduce

unwanted reflections. The cardboard foundation is selected because it is lightweight, non-conductive, and easy

to modify, making it suitable for repeated installation and adjustment. Figure 5.5 illustrates the ceiling-mounted

installation of the Novelda X4 radar.

Figure 5.5: Image of the Novelda X4 radar installed on the ceiling.

5.2. Experimental Setup
From the previous section, the Novelda X4 UWB radar operating at 50 Hz FPS is selected for data collection. In this

section, the experimental setup is described in detail, including the characteristics of the room environment, the

procedure for ground truth data measurement, and the design of the experimental scenarios. These experiments

are conducted to provide the datasets required for evaluating the proposed 3D grid-based method.

5.2.1. Experiment Office Room

As briefly described in Section 1.2.1, the experimental data is collected in a dedicated office within the ‘Workplace

Vitality Hub’, which is a data-driven smart office facility [14]. The selected room measures 6m in length, 3.5m in

width, and 2.7m in height, and is equipped with furniture. An image of the room is shown in Figure 1.2, while its

floor plan is provided in Figure 5.6. In Figure 5.6, the red triangles indicate the locations of the three radars installed

on the ceiling. The placement of the radars is determined according to the following criteria:

1. Radars should not be positioned directly above large furniture to avoid extreme clutter.

2. The positions should be sufficiently scattered to improve PDOP.

3. The radars should not be too widely separated, as this would cause large open-angle issues in the center of

the room.

Based on these considerations, the radar locations are selected in the red triangles location in Figure 5.6. In detail,

the specific location of Radar 1 is (1.195m, 4.06m, 2.67 m), Radar 2 is (1.06m, 1.76m, 2.67 m), and Radar 3 is
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(2.5m, 3.55m, 2.67 m)1. The radar positions are measured at the center of the antenna surface of each UWB radar

mounted on the ceiling.

In Figure 5.6, several pieces of furniture, including two tables, a plant, and a chair, are shown to ensure that the

test environment resembles a realistic office setting. In addition, several labeled points are marked with blue circles

in the room, which are used to measure the ground truth positions. The details of this ground truth measurement

procedure will be described in the next section.

Figure 5.6: The floor plan of the office room for experiment.

5.2.2. Ground Truth Data Measurement

To further evaluate the proposed 3D grid-based method, ground truth data are required to represent the actual

walking trajectory and activity types over the entire time sequence. Due to time constraints, this thesis adopts a

ticker-timer based ground truth measurement approach for trajectory using floor label points (shown as blue circles

in Figure 5.6 and thick black lines sticking on the floor in Figure 1.2), instead of employing motion capture devices.

According to the trajectory ground truth, the general principle of the ticker-timer based ground truth measurement

is to record the arrival time when the person passes each floor label point, from which the complete walking tra-

jectory can be reconstructed. The label points are evenly placed on the floor with a horizontal and vertical spacing

of 0.5m. The distance from the rightmost and leftmost label points to the corresponding walls is 0.5m, while the

distance from the topmost and bottommost points to the corresponding walls is 1m, ensuring a uniform distribu-

tion of label points within the room. In addition, each labeled point has its own ID. The nine rows are denoted from
1It should be mentioned that the radar placement is not derived from mathematical optimization, since determining the optimal ceiling-

mounted radar position is beyond the scope of this thesis. The placement is chosen just to support the validation of the proposed tracking and

activity recognition algorithms.
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‘A’ to ‘I’ and the six columns are numbered from ‘1’ to ‘6’, forming label points from ‘A1’ to ‘I6’. If a label point is

covered by or located too close to furniture, it is omitted from the labeling.

Since the spacing between two adjacent label points is fixed at 0.5m and the walking speed inside the office room

is assumed to be stable, the validation experiment only considers straight-line walking between consecutive labels.

Under this assumption, the walking speed between two consecutive label points can be regarded as constant. By

recording the arrival time at each label point, the intermediate trajectory between two points can be estimated.

In practice, the person under test is instructed to use the timer function on a smartphone to record the arrival

time at each label point along the designed trajectory. The timestamp is noted when the person’s entire body

covered the corresponding floor label while visually aligning with it. This ground-truth measurement is performed

simultaneously with radar data collection to ensure temporal alignment and enable direct comparison. When the

radar starts recording, a program-generated beep from the computer is triggered to notify the participant to start

the timer on the smartphone. An example of the ground truth measurement procedure for trajectory evaluation is

illustrated in Figure 5.7, where the person is walking along the trajectory in the office room while using the timer

to record the timestamps.

Figure 5.7: The person records timestamps while walking to provide ground truth for tracking evaluation.

Similar to the trajectory ground truth, the activity ground truth is also recorded using the timer of a smartphone.

Except for walking, the other activities such as standing and sitting are only performed at the labeled point locations.

The person under test records the start and end times of each activity. For example, the sitting activity is defined

as the period between the moment when the person is fully seated and the moment when the person decides to

stand up. This indicates that both sitting and standing activities are completely static during their respective time

intervals. By applying this procedure, the ground truth activity labels for the entire sequence can be obtained.

This ground truth measurement method, while not as precise as a motion capture system, is still considered accept-

able for this thesis. The inaccuracies comes from human factors, such as inconsistent walking speed, a person’s

inability to walk in a perfectly straight line, and the human reaction time when recording timestamps. However,

these errors are within an acceptable range for the purpose of this thesis: to validate the general performance of the

proposed 3D grid-based method and to identify the performed activity rather than the exact timing of the transition.

This simple and cost-effective approach give the chance to collect data efficiently, providing a consistent ground

truth for evaluating the radar system’s performance under real world conditions.

5.2.3. Experiment Content

From the previous sections, the radar data and ground truth are prepared for collection. To evaluate the performance

of the proposed 3D grid-based method for tracking and activity classification, several experiments are designed.

These experiments include tests with different walking trajectories as well as activity classification performed at
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various locations in the room. Additionally, to ensure redundancy and background reference data, the first five

seconds and the last five seconds of each recording are collected while the person remains static. For each test

scenario, two to three rounds of experiments are conducted to ensure result reliability, and the results reported in

section 5.3.2 and section 5.4.2 correspond to the most representative round.

Experiment Content of Localization and Tracking

To comprehensively evaluate the localization and tracking performance, four walking trajectories are designed in

this thesis, covering different areas of the room: the central area, the left side, the right side, and a round path.

The selected trajectories are designed to cover most area of the room. Each trajectory is sufficiently long, avoids

returning along the same path (to prevent ambiguity during evaluation), and includes both straight segments and

changes in direction. All trajectories start from label point ‘I1’ in Figure 5.6 because it is close to the door, and in

a realistic scenario, a person typically enters the office through the door. Based on these considerations, the four

selected routes are as follows:

1. Central area route: The route goes from ‘I1’ to ‘D1’ and then to ‘D6’. This trajectory covers the area from

the door to the central region with one change of direction. The central area2 is defined as the region in-

side the triangle formed by the three ceiling-mounted Novelda X4 radars. According to the PDOP analysis

in Section 3.6.3, this area has high positioning accuracy. Therefore, this trajectory is used to examine the

localization and tracking performance in a good positioning region.

2. Left side route: The route goes from ‘I1’ to ‘A1’. This trajectory covers the leftmost part of the room and is

designed to evaluate the edge tracking problem in an area outside the central region. It tests performance in

a low accuracy region as well as along a straight path. In addition, at the upper-left corner (‘A1’ and ‘B1’),

a table with a height of 0.8 m partially blocks the lower torso of the participant from Radar 3, introducing a

non line of sight (NLOS) condition. Furthermore, the distance from Radar 2 to ’A1’ is relatively long, which

provides a weak-signal scenario to further evaluate performance.

3. Right side route: The route goes from ‘I1’ to ‘D1’, then to ‘D6’, and finally to ‘A6’. This trajectory is similar to

the central area route but extends from ‘D6’ to the rightmost part of the room at ’A6’. The purpose is similar

to the left side route, aiming to examine performance in a low-accuracy region, under NLOS conditions, and

with weak signals.

4. Round route: The route goes from ‘I1’ to ‘D1’, then to ‘D3’, to ‘I3’, and back to ‘I1’. This trajectory forms

a loop inside the room, including three direction changes. It is used to test the performance of the tracking

algorithm in a more complex path scenario.

Table 5.3 summaries the designed walking trajectories for localization and tracking experiments with path ID.

Table 5.3: Designed walking trajectories for localization and tracking experiments.

Path ID Route Label Points Purpose

P1 Central I1 → D1 → D6 Central region, one turn

P2 Left side I1 → A1 Left edge, NLOS, weak signal

P3 Right side I1 → D1 → D6 → A6 Right edge, NLOS, weak signal

P4 Round I1 → D1 → D3 → I3 → I1 Loop with three turns

Figure 5.8 summarizes the four designed walking trajectory on the floor plan, where the orange arrows representing

2Label points in central area: ‘D3’, ‘D4’, ‘D5’, ‘E3’, ‘F3’, ‘G3’ (from Figure 5.6)



5.2. Experimental Setup 66

the designed route.

Figure 5.8: Route of four designed walking trajectory on the floor plan.

To fully test the robustness of the proposed method against variations in human height, two participants with

different heights are asked to conduct the experiments. One participant is 1.73m tall (denoted as “H1”), and the

other is 1.87 m tall (denoted as “H2”). Due to time limitations, not all designed trajectories are tested by both

participants. All trajectories are performed by H1, while only the central route is tested by both H1 and H2.

Based on this setup, the test data ID is labeled as “Test Location”_“Test Module”_“Activity Type”_“Path ID”_“Human
ID”. The explanation of the components is provided in Table 5.4. For example, VH_T_W_P1_H2 indicates a tracking

test module with walking activity on Path 1 in the Workplace Vitality Hub conducted by participant two. Simi-

larly, VH_C_WS_P1_H1 indicates a classification test module with walking and standing activities on Path 1 in the

Workplace Vitality Hub conducted by participant one.

Table 5.4: Explanation of the Test Data ID Format.

Label Component Code Description Example Notes

Test location VH VH = Vitality Hub VH Test environments

Module type T / C
T = Tracking

C = Classification
T Defines experiment module

Activity type W / WS / WSSi
W = walk

S = stand

Si = sit

WS Single or combined activities

Path ID P1 / P2 / …/ Pn ID of walking path P3 Different test trajectories

Human ID H1 / H2 / …/ Hn Subjects with different height H2 Participant identifier

In summary, five experiments are conducted to evaluate the localization and tracking performance, labeled as fol-

lows:

• VH_T_W_P1_H1

• VH_T_W_P2_H1
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• VH_T_W_P3_H1

• VH_T_W_P4_H1

• VH_T_W_P1_H2

Together, they cover most areas of the room and include tests with different human heights to examine robustness.

Experiment Content of Activity Recognition

In this thesis, three activity types are considered during the trajectory: walking, standing, and sitting. Since the

trajectories are generated by human walking, only two additional activities occur at specific locations: standing

and sitting. To examine the performance of these two activities at different positions, the experiments focus on two

designated points: one in the central area and one in the non-central area. Label point ‘D3’ is selected to represent

the central area, and label point ‘F1’ is selected to represent the non-central area.

The central area route is chosen for this experiment because it is a representative path that crosses the central

region with a direction change. At both ‘D3’ and ‘F1’, activity transitions between walking and standing, or between

walking and sitting, are tested. For the walk-to-stand test, the participant walks to the specified point, stands for

approximately five seconds, and then continues the trajectory. For the walk-to-sit test, the participant walks to the

specified point, sits on a chair for approximately five seconds, and then stands up to continue the trajectory.

Due to time limitations, experiments that include multiple activity types within one trajectory (for example, walk–

stand–sit–stand in sequence) are not conducted. However, separate tests for walk-to-stand and walk-to-sit transi-

tions are sufficient to evaluate the performance of the proposed activity recognition method. To standardize the

evaluation in the activity classification experiment module, path ID “P1” denotes activity transitions only at ‘F1’,

while path ID “P2” denotes transitions only at ‘D3’. In addition, due to time limitations, only one participant with

human height of 1.73m (“H1”) is tested.

In summary, four experiments are conducted to evaluate the activity recognition performance, covering both stand-

ing and sitting activities at the two designated locations ‘D3’ and ‘F1’:

• VH_C_WS_P1_H1

• VH_C_WS_P2_H1

• VH_C_WSi_P1_H1

• VH_C_WSi_P2_H1

5.3. Evaluation of Localization and Tracking
Based on the previous test plan, the evaluation of localization and tracking is conducted in this section. The content

is organized into several topics including evaluation metrics, experimental results, and related analysis.

5.3.1. Evaluation metric of Localization and Tracking

To evaluate the performance of the estimated trajectory, two main evaluation metrics are employed to quantify the

tracking accuracy: the Root Mean Square Error (RMSE) and the Relative Pose Error (RPE).

Root Mean Square Error

The Root Mean Square Error (RMSE) is a metric to evaluate the accuracy of estimated trajectories. It quantifies

the average magnitude of the error between the estimated positions and the ground truth positions by taking the
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square root of the mean squared differences. Formally, the RMSE is defined in Equation 5.3, where ̂p𝑡 = [ ̂𝑥𝑡, ̂𝑦𝑡]⊤
denotes the estimated position at time index 𝑡, p𝑡 = [𝑥𝑡, 𝑦𝑡]⊤ is the corresponding ground truth position, and 𝑇 is

the total number of trajectory points. A lower RMSE indicates that the estimated trajectory is closer to the ground

truth, thus reflecting better localization and tracking performance.

RMSE =
√√√
⎷

1
𝑇

𝑇
∑
𝑡=1

‖ ̂p𝑡 − p𝑡‖
2, (5.3)

Relative Pose Error

The Relative Pose Error (RPE) is employed to evaluate the local consistency of the estimated trajectory [76]. Instead

of comparing absolute positions at each time step, RPE quantifies the accuracy of the relative motion between two

trajectory points separated by a fixed spatial distance. For each valid pair of start and end points, the relative

displacement vectors from the estimated and ground truth trajectories are computed, and their Euclidean distance

is taken as the error. The final RPE is obtained as the root mean square of these segment-wise errors.

Equation 5.4 describes the computation of RPE, where ̂p𝜏(𝑖)
𝑠

and ̂p𝜏(𝑖)
𝑒

denote the estimated positions at the start and

end indices of the 𝑖-th segment, p𝜏(𝑖)
𝑠

and p𝜏(𝑖)
𝑒

are the corresponding ground truth positions, and 𝐼 is the number of

valid trajectory segments defined by the segment length threshold:

RPE =
√√√
⎷

1
𝐼

𝐼
∑
𝑖=1

∥( ̂p𝜏(𝑖)
𝑒

− ̂p𝜏(𝑖)
𝑠

) − (p𝜏(𝑖)
𝑒

− p𝜏(𝑖)
𝑠

)∥2. (5.4)

In this thesis, the segment length between the start and end indices is set to 10 cm, as too big segment length

can not reflect relative motion consistency of the whole trajectory in detail while too small segment length may

influence by small fluctuation in the trajectory. The selected segment length meaning that the RPE evaluates the

relative motion consistency every 10 cm. A lower RPE indicates that the estimated trajectory better preserves local

motion characteristics, ensuring that the movement direction and relative displacement trends are consistent with

the ground truth.

5.3.2. Experimental Results of Localization and Tracking

Based on the test plan and the defined evaluation metrics, the performance of the proposed 3D grid-based method is

compared with the baseline method across the five experiments described in Section 5.2.3. It should be emphasized

that identical parameter settings are applied to both the proposed method and the baseline method (presented in

section 3.8) in order to ensure a fair comparison. The plots of different experiment results are simply listed in the

following sub-sections, while the value of RMSE, median error, 90-th percentile error and RPE for the different tests

are summarized in Table 5.5. A discussion on the results then follows in section 5.3.3.

1. Central Area Route (Test ID: VH_T_W_P1_H1)

Figure 5.9 shows the comparison between the tracking trajectories obtained by the proposed 3D grid-based method

and the baseline method for the central area route. The gray line represents the ground truth trajectory. The color

variation along the estimated trajectory indicates the distance error relative to the ground truth. In addition, gray

dashed lines connect each estimated position with its corresponding ground truth point.
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(a) Tracking trajectory of proposed 3D grid-based method. (b) Tracking trajectory of baseline method.

Figure 5.9: Comparison between the tracking trajectory of proposed 3D grid-based method and baseline method for test ID VH_T_W_P1_H1.

In Figure 5.10, the distance error and cumulative distribution function (CDF) of the proposed method and the base-

line method for the central area route are compared. In Figure 5.10, the orange line represents the proposed method

and the blue line represents the baseline method.

(a) Comparison of distance error over time index. (b) Comparison of CDF.

Figure 5.10: Comparison of distance error and CDF between the proposed 3D grid-based method and the baseline method for test ID

VH_T_W_P1_H1.

2. Left Side Route (Test ID: VH_T_W_P2_H1)

Figure 5.11 shows the comparison between the tracking trajectories obtained by the proposed 3D grid-basedmethod

and the baseline method for the left side route.



5.3. Evaluation of Localization and Tracking 70

(a) Tracking trajectory of proposed 3D grid-based method. (b) Tracking trajectory of baseline method.

Figure 5.11: Comparison between the tracking trajectory of proposed 3D grid-based method and baseline method for test ID VH_T_W_P2_H1.

In Figure 5.12, the distance error and CDF of the proposed method and the baseline method for the left side route

are compared.

(a) Comparison of distance error over time index. (b) Comparison of CDF.

Figure 5.12: Comparison of distance error and CDF between the proposed 3D grid-based method and the baseline method for test ID

VH_T_W_P2_H1.

3. Right Side Route (Test ID: VH_T_W_P3_H1)

Figure 5.13 shows the comparison between the tracking trajectories obtained by the proposed 3D grid-basedmethod

and the baseline method for the right side route.
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(a) Tracking trajectory of proposed 3D grid-based method. (b) Tracking trajectory of baseline method.

Figure 5.13: Comparison between the tracking trajectory of proposed 3D grid-based method and baseline method for test ID VH_T_W_P3_H1.

In Figure 5.14, the distance error and CDF of the proposed method and the baseline method for the right side route

are compared.

(a) Comparison of distance error over time index. (b) Comparison of CDF.

Figure 5.14: Comparison of distance error and CDF between the proposed 3D grid-based method and the baseline method for test ID

VH_T_W_P3_H1.

4. Round Route (Test ID: VH_T_W_P4_H1)

Figure 5.15 shows the comparison between the tracking trajectories obtained by the proposed 3D grid-basedmethod

and the baseline method for the round route.
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(a) Tracking trajectory of proposed 3D grid-based method. (b) Tracking trajectory of baseline method.

Figure 5.15: Comparison between the tracking trajectory of proposed 3D grid-based method and baseline method for test ID VH_T_W_P4_H1.

In Figure 5.16, the distance error and CDF of the proposed method and the baseline method for the round route are

compared.

(a) Comparison of distance error over time index. (b) Comparison of CDF.

Figure 5.16: Comparison of distance error and CDF between the proposed 3D grid-based method and the baseline method for test ID

VH_T_W_P4_H1.

5. Central Area Route with taller participant (Test ID: VH_T_W_P1_H2)

Figure 5.17 shows the comparison between the tracking trajectories obtained by the proposed 3D grid-basedmethod

and the baseline method for the central area route with the taller participant.



5.3. Evaluation of Localization and Tracking 73

(a) Tracking trajectory of proposed 3D grid-based method. (b) Tracking trajectory of baseline method.

Figure 5.17: Comparison between the tracking trajectory of proposed 3D grid-based method and baseline method for test ID VH_T_W_P1_H2.

In Figure 5.18, the distance error and CDF of the proposed method and the baseline method for the central area

route with the taller participant are compared.

(a) Comparison of distance error over time index. (b) Comparison of CDF.

Figure 5.18: Comparison of distance error and CDF between the proposed 3D grid-based method and the baseline method for test ID

VH_T_W_P1_H2.
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Table 5.5: Tracking performance comparison of proposed 3D grid-based method and baseline.

Route & Test ID Method
RMSE (m) Median Error (m) 90th Percentile Error (m) RPE (m)

Value Δ3 Value Δ Value Δ Value Δ

Central area

VH_T_W_P1_H1

Proposed 0.2327
+52.6%

0.1775
+38.9%

0.3606
+50.1%

0.0984
+63.3%

Baseline 0.4913 0.2905 0.7231 0.2678

Left side

VH_T_W_P2_H1

Proposed 0.3522
+46.6%

0.3034
+30.4%

0.4683
+54.1%

0.1055
+63.5%

Baseline 0.6593 0.4358 1.0201 0.2887

Right side

VH_T_W_P3_H1

Proposed 0.3024
+53.9%

0.2277
+44.8%

0.4017
+58.7%

0.1040
+61.5%

Baseline 0.6554 0.4124 0.9725 0.2703

Round

VH_T_W_P4_H1

Proposed 0.4478
+37.4%

0.1432
+76.1%

0.9272
+10.2%

0.1356
+53.5%

Baseline 0.7159 0.6003 1.0320 0.2913

Central (H2)

VH_T_W_P1_H2

Proposed 0.3979
+34.4%

0.2765
+20.4%

0.6003
+28.3%

0.1772
+25.9%

Baseline 0.6061 0.3472 0.8370 0.2391

5.3.3. Analysis of Localization and Tracking Results

In the previous sub-section, the detailed results of the five tracking experiments were presented. This sub-section

provides a comprehensive analysis of the performance differences between the proposed 3D grid-based method and

the baseline approach.

From the numerical results in Table 5.5, it is evident that the proposed method consistently outperforms the base-

line across all evaluation metrics, namely RMSE, median error, 90th percentile error, and RPE. Furthermore, the

trajectory plots in section 5.3.2 demonstrate that the proposed method produces estimates that are closer to the

ground truth with smoother trajectories. The distance error plots and CDF plots in section 5.3.2 also confirm that

the proposed method achieves lower distance errors for most time indices. These improvements are substantial

rather than marginal, reaching up to 53.9% reduction in RMSE for the right side route and 63.5% reduction in RPE

for the left side route, thereby demonstrating both the accuracy and robustness of the proposed approach.

For the central area route (VH_T_W_P1_H1), the RMSE decreases from 0.4913 m to 0.2327 m, corresponding to an

improvement of 52.6%. Similarly, the median error and 90th percentile error improve by 38.9% and 50.1%, respec-

tively. Notably, the 90th percentile error indicates that in 90% of cases, the distance error of the proposed method

remains below 0.36 m. The RPE shows the improvement (63.3%), highlighting that the proposed method not only

enhances overall accuracy but also ensures smoother and temporally consistent trajectories. This is further illus-

trated in Figure 5.9, where the proposed method aligns closely with the ground truth, whereas the baseline suffers

from a large outlier (approximately 1.5 m error at around the 350th time index). Despite this, the baseline is still

able to capture the general walking trend.

For the left side route (VH_T_W_P2_H1), the RMSE and RPE improvements are 46.6% and 63.5%, respectively, con-

firming the stability of the proposed method even near room edges. As shown in Figure 5.11 and Figure 5.12a, the

proposed trajectory initially matches the ground truth with very low error. However, in the end of the trajectory,

delay and error increase appear due to NLOS conditions caused by table occlusion of radar 3. Besides, the end of

3Δ = (Baseline − Proposed) /Baseline × 100%
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the trajectory is also located in the corner of the room, which corresponds to a limited opening-angle area and

introduces a viewpoint variation problem. Even in this adverse scenario, the particle filter effectively follows the

motion trend, whereas the baseline trajectory fluctuates more severely.

The right side route (VH_T_W_P3_H1) exhibits similar results. The RMSE is reduced by 53.9% and the RPE by 61.5%,

while the median and 90th percentile errors improve by 44.8% and 58.7%, respectively. As seen in Figure 5.13, the

proposed trajectory generally follows the ground truth except for minor deviations at the start and end caused by

NLOS effects and limited opening-angle effect. The baseline, in contrast, produces a large error in the central area,

confirming the higher robustness of the proposed approach.

For the round route (VH_T_W_P4_H1), improvements are slightly smaller in terms of the 90th percentile error

(10.2%), but remain significant for the other metrics: RMSE improves by 37.4%, median error by 76.1%, and RPE by

53.5%. The trajectory plot in Figure 5.15 shows that while the baseline method fails to capture the complex route,

the proposed method achieves a reasonable trajectory with an RMSE of 0.4478 m, except for a large error segment

between positions ‘I3’ and ‘I1’, where radar 1 and 2 are too far from the target.

Finally, for the central route with a taller subject height (VH_T_W_P1_H2), the proposed method maintains consis-

tent improvements, though with smaller margins compared to the 1.73 m subject. The RMSE and RPE improve by

34.4% and 25.9%, respectively. Only a single small outlier point is observed in the proposed trajectory, whereas the

baseline suffers from larger deviations, demonstrating the adaptability of the method to variations in subject height.

The poorer performance of the baseline can be attributed to the limited number of radars (three) and the reliance

on Taylor localization in 3D space. Since the head position is unknown, any small range estimation error at a single

radar can make the localization matrix nearly singular, leading to severe inaccuracies. In contrast, the proposed

method uses the extended target characteristics of walking humans by estimating the joint distribution of reflections

along vertical columns, effectively increasing redundancy and mitigating the influence of small errors.

Across all tests, the best RMSE for the proposed method is 0.2327 m (central area, subject height 1.73 m), while the

worst case is 0.4478 m in the round route with multiple turns. In most scenarios, the RMSE remains around 0.3-0.4

m, the median error is below 0.3 m, the 90th percentile error is below 0.6 m, and the RPE is approximately 0.1-0.15

m. These results confirm that the proposed method achieves both high accuracy and robustness under diverse test

routes and subject conditions.

Compared with existing studies on UWB radar tracking, most prior works rely on wall-mounted UWB radars based

on Decawave or Novelda chipsets, with reported average accuracies generally ranging from 0.25 to 0.6m [7]. In

contrast, the proposed method employs a ceiling-mounted multistatic configuration, which is less explored in the

literature yet more suitable for office-like environments. Methodologically, a 3D grid-based method is introduced,

following a TBD framework. As a result, the system achieves an RMSE of 0.23–0.45m, which is competitive with

state-of-the-art methods while using a limited number of radars.

Overall, the proposed 3D grid-based method provides consistent improvements over the baseline in both average-

case errors (RMSE, median) and extreme-case errors (90th percentile), as well as in temporal consistency (RPE). This

demonstrates its robustness and reliability for practical indoor human tracking applications by using the ceiling-

mounted UWB radars and the proposed method.

5.4. Evaluation of Activity Recognition
Similar to the evaluation of localization and tracking, the content of this section is also organized into several topics

including evaluation metrics, experimental results, and related analysis.
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5.4.1. Evaluation Metrics

Since activity transitions occur along the trajectory, the trajectory is also estimated during activity recognition.

Therefore, the previously defined tracking metrics (RMSE, median error, 90th percentile error, and RPE) are applied

to quantify localization accuracy.

For activity classification, performance is then evaluated using the confusion matrix, where the counts of correct

and incorrect decisions are summarized. In this context, “+” is used to denote the positive class (e.g., walking) and
“–” is used to denote the negative class (e.g., static). The matrix is defined as follow:

• TP (True Positive): an actual “+” is predicted as “+”.

• TN (True Negative): an actual “–” is predicted as “–”.

• FP (False Positive): an actual “–” is predicted as “+”.

• FN (False Negative): an actual “+” is predicted as “–”.

Table 5.6: Binary confusion matrix (rows: actual, columns: predicted).

Pred: + Pred: –

Actual: + TP FN

Actual: – FP TN

From this matrix, the accuracy used in the evaluation are computed in Equation 5.5.

Accuracy = 𝑇 𝑃 + 𝑇 𝑁
𝑇 𝑃 + 𝑇 𝑁 + 𝐹𝑃 + 𝐹𝑁 (5.5)

By combining these classification metrics with the tracking metrics, a complete evaluation is obtained that reflects

both the spatial accuracy of the estimated trajectory and the correctness of the recognized activities along that

trajectory.

5.4.2. Experimental Results of Activity Recognition

Based on the test plan and the defined evaluation metrics, the activity recognition performance of the proposed 3D

grid-based method is evaluated across the four experiments described in Section 5.2.3. A detailed summary of the

classification results is presented in Table 5.7, with a more detailed discussion in the later section 5.4.3. The key

metrics are discussed in the previous sub-section, while the transition distance is used to describe the difference

between the estimated activity transition point and the ground truth transition point.

1. Walk-Stand test at `F1' (Test ID: VH_C_WS_P1_H1)

Figure 5.19 shows the trajectory of the walk–stand test at label point ‘F1’. This plot is similar to the previous

trajectory plots, with the only difference being the addition of markers that indicate the standing position. The blue

asterisk denotes the ground truth location where the standing activity occurs, while the magenta asterisk denotes

the estimated position of the standing activity occurs.
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Figure 5.19: Tracking trajectory of Walk-Stand test at ‘F1’.

In Figure 5.20, the distance error and CDF plot of the proposed method for Walk-Stand test at ‘F1’ are illustrated.

(a) Distance error over time index. (b) CDF plot.

Figure 5.20: Distance error and CDF of the proposed 3D grid-based method for Walk-Stand test at ‘F1’.

Figure 5.21 shows the classification results of this experiment. The classification result over the time index illustrates

the predicted activity at each timestamp, while the confusion matrix presents the overall classification accuracy.
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(a) Classification result over time index. (b) Confusion matrix.

Figure 5.21: Classification result over time index and confusion matrix of the proposed 3D grid-based method for Walk-Stand test at ‘F1’.

2. Walk-Stand test at `D3' (Test ID: VH_C_WS_P2_H1)

Figure 5.22 shows the trajectory of the walk–stand test at label point ‘D3’.

Figure 5.22: Tracking trajectory of Walk-Stand test at ‘D3’.

In Figure 5.23, the distance error and CDF plot of the proposed method for Walk-Stand test at ‘D3’ are illustrated.
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(a) Distance error over time index. (b) CDF plot.

Figure 5.23: Distance error and CDF of the proposed 3D grid-based method for Walk-Stand test at ‘D3’.

Figure 5.24 shows the classification results of this experiment. The classification result over the time index illustrates

the predicted activity at each timestamp, while the confusion matrix presents the overall classification accuracy.

(a) Classification result over time index. (b) Confusion matrix.

Figure 5.24: Classification result over time index and confusion matrix of the proposed 3D grid-based method for Walk-Stand test at ‘D3’.

3. Walk-Sit test at `F1' (Test ID: VH_C_WSi_P1_H1)

In Figure 5.25, the distance error and CDF plot of the proposed method for Walk-Sit test at ‘F1’ are illustrated.

(a) Distance error over time index. (b) CDF plot.

Figure 5.25: Distance error and CDF of the proposed 3D grid-based method for Walk-Sit test at ‘F1’.
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Figure 5.26 shows the trajectory of the walk–sit test at label point ‘F1’.

Figure 5.26: Tracking trajectory of Walk-Sit test at ‘F1’.

Figure 5.27 shows the classification results of this experiment. The classification result over the time index illustrates

the predicted activity at each timestamp, while the confusion matrix presents the overall classification accuracy.

(a) Classification result over time index. (b) Confusion matrix.

Figure 5.27: Classification result over time index and confusion matrix of the proposed 3D grid-based method for Walk-Sit test at ‘F1’.

4. Walk-Sit test at `D3' (Test ID: VH_C_WSi_P2_H1)

Figure 5.28 shows the trajectory of the walk–sit test at label point ‘D3’.
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Figure 5.28: Tracking trajectory of Walk-Sit test at ‘D3’.

In Figure 5.29, the distance error and CDF plot of the proposed method for Walk-Sit test at ‘D3’ are illustrated.

(a) Distance error over time index. (b) CDF plot.

Figure 5.29: Distance error and CDF of the proposed 3D grid-based method for Walk-Sit test at ‘D3’.

Figure 5.30 shows the classification results of this experiment. The classification result over the time index illustrates

the predicted activity at each timestamp, while the confusion matrix presents the overall classification accuracy.
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(a) Classification result over time index. (b) Confusion matrix.

Figure 5.30: Classification result over time index and confusion matrix of the proposed 3D grid-based method for Walk-Sit test at ‘D3’.

Table 5.7: Summary of activity recognition results.

Test & Test ID Accuracy RMSE (m) RPE (m) Median (m) 90th Percent. (m)
Transition
Dist. (m)

Walk-Stand test at ‘F1’

VH_C_WS_P1_H1
0.90 0.2974 0.0808 0.3292 0.3538 0.3538

Walk-Stand test at ‘D3’

VH_C_WS_P2_H1
0.98 0.3976 0.1473 0.4084 0.5147 0.5147

Walk-Sit test at ‘F1’

VH_C_WSi_P1_H1
0.93 0.3673 0.2807 0.3857 0.4972 0.3857

Walk-Sit test at ‘D3’

VH_C_WSi_P2_H1
0.96 0.5285 0.2484 0.4328 0.7425 0.7425

5.4.3. Analysis of Activity Recognition Results

From the numerical activity recognition results in Table 5.7, it is observed that the classification accuracy is con-

sistently above 90%, while most of the related trajectory RMSE values remain below 0.4,m. When the activity

transition distance is larger, the corresponding test RMSE also increases. This is because the RMSE is computed

along the entire trajectory, including the static periods of standing and sitting, where the accumulated transition

distance error contributes to a higher RMSE. This also explains why identical error values are observed for a certain

duration in the distance error plots in Section 5.4.2. Moreover, the trajectory plots in Section 5.4.2 demonstrate that

smooth trajectories are still obtained when the target remains static.

According to the activity results presented in Table 5.7, as well as the classification plots over time and the confusion

matrices in Section 5.4.2, the proposed method achieves reliable classification of walk–stand and walk–sit activi-

ties, with only a few misclassifications occurring during activity transitions. These errors are mainly caused by

inaccurate assumptions of the transition time and the inaccuracy in ground truth that is measured by the subjects

themselves. Besides, although the activity classification in both the central area (‘D3’) and the non-central area

(‘F1’) achieves an accuracy above 90%, the performance in the central area (‘D3’) is still slightly better than that

in the non-central area. However, since the proposed activity recognition method is threshold-based and relies on

human height, its robustness for participants with different body heights still needs to be validated.
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5.5. Summary
In this chapter, the radar used for testing and the experimental environment are first introduced. Then, a detailed

test plan is designed to perform various scenario based experiments for tracking and activity recognition, in or-

der to evaluate the robustness and accuracy of the proposed method. Finally, the results of tracking and activity

recognition are presented, achieving a best RMSE of 0.23,m and a best classification accuracy of 98%.



6
Conclusion and Future Work

This chapter summarizes the main conclusion of this thesis and discuss the potential improvement of this thesis

6.1. Conclusion
This thesis successfully presented a novel indoor human tracking and activity recognition system utilizing multi-

ple ceiling-mounted ultra-wideband (UWB) radars. By mounting the UWB radar on the ceiling, the likelihood of

occlusion by people or furniture is reduced. The core contribution of this work is the development of a proposed

3D grid-based joint tracking and classification method for a single person. A key innovation of this method is its

ability to fully leverage the extended target characteristics of a walking human, thereby significantly improving

localization performance. The method works by mapping the Channel Impulse Response (CIR) to a 3D grid, and a

subsequent compensation procedure helps to generate an accurate 2D likelihood map that represents the presence

probability of a walking person. A particle filter is then used for trajectory tracking, while a parallel estimation of

the person’s height aids in the classification of activities.

The proposed methodology was validated in a real-world office environment using three Novelda X4 UWB radars,

demonstrating significant performance improvements in the limited radar number scenario. Experimental results

show the superior performance of this method in both localization and tracking when compared to the baseline

approach. Notably, in the central area of the room, the root mean square error (RMSE) was reduced from 0.4913

meters to 0.2327 meters, a 52.6% improvement. The relative position error (RPE) also saw a substantial improvement

of 63.3%, which indicates that the generated trajectories are smoother andmore temporally consistent. Furthermore,

the stability and robustness of the method were confirmed even in challenging non-line-of-sight (NLOS) conditions

and areas with weak signals and limited opening angle issues with viewpoint variation problem, particularly at the

room’s edges. In terms of activity recognition, the method achieved a high classification accuracy of approximately

90% for walking, standing, and sitting activities, and this performance was maintained in both central and non-

central areas along the walking trajectory.

In summary, this thesis validates the feasibility and effectiveness of using limited number of ceiling-mounted UWB

radars for robust human tracking and activity recognition in smart office environments. By proposing a novel

method that uses extended target characteristics and provides a reliable, privacy-preserving solution, this work

lays a solid foundation for future research and practical applications in the field of indoor monitoring and analysis.
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6.2. Future Work
Although the proposed method demonstrates accuracy and robustness, several directions remain open for further

research and improvement. These directions can be broadly categorized into validation and robustness, computa-

tional efficiency, and methodological extensions.

• Validation and Robustness: To strengthen the generalizability and reliability of the proposed approach, ad-

ditional experiments are necessary:

– Test with multi-activity sequences: Future datasets should include sequences with multiple activity

transitions (e.g., walk → stand → sit → stand). Such scenarios are closer to real-world human behavior

and will allow for a more comprehensive evaluation of the activity classification module.

– Test with more participant diversity: The current experiments are limited in terms of body height vari-

ation. Including participants with a broader range of body heights will enable more rigorous validation

of robustness and improve applicability to diverse populations.

– Test with more radar configurations: This thesis employs only three ceiling-mounted radars. Experi-

ments with additional radars, or alternative deployment strategies (e.g., hybrid wall/ceiling placements),

are needed to determine whether the proposed method consistently outperforms baseline approaches

under varied setups.

– Test with better ground truth measurement: The current ground truth relies on timer-based measure-

ment. Replacing this with motion capture systems or wearable sensors would provide higher temporal

and spatial accuracy, thereby enabling more reliable evaluation of tracking and classification perfor-

mance.

• Computational Efficiency: Profiling results indicate that the dominant bottleneck lies in the construction of

the 3D CIR grid. To move towards real-time deployment, several optimization strategies are possible:

– Construct CIR grid based on radial line value: Instead of constructing a dense voxel grid, only the

values along the radial line in each layer can be generated, capturing the essential information while

avoiding irrelevant voxel computation.

– Joint grid construction with particle filter: Grid construction can be directly coupled with the particle

filter: rather than computing the entire grid, only the vertical voxel columns at hypothesized particle

locations are constructed.

• Future Extensions: Beyond single-person scenarios, extending the method to multi-person tracking repre-

sents a key research direction:

– Multi-person tracking: Leveraging the extended-target modeling introduced in this thesis may improve

data association across multiple reflections, thus enhancing trajectory estimation in crowded or multi-

target environments.
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