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Abstract

Recently non-image-based data capturing methods such as sensors like RF, ul-
trasonic or radars, Wi-Fi, Bluetooth, etc for People Counting (PC) applications
have gained momentum as an alternative to camera-based systems due to the
preference for privacy preservation. Among them mm-wave radars are a strong
choice for data capture since they consume less power, they are robust to the
extremes of weather and environment. Further, they record data in the form of
a collection of points making them computationally lightweight. However, such
type of data becomes a challenge when used outdoors since those environments
are complex. It becomes extremely difficult to separately identify individuals
from the collection of points. This makes PC outcomes inaccurate when using
radar data.
Therefore in our project, we aimed to address these limitations of using mm-
wave radar data. We treated groups of people as a unit, distinguishing them
based on the number of people in the group. In this way, we were able to count
the number of people by detecting the group size. To achieve this, we processed
the raw radar output data made available by the AMS Institute into a dataset
to suit our chosen deep learning model.
Through a literature survey, we found that computer vision algorithms based
on Deep Neural Networks (DNN), detect objects while maintaining a balance
between speed and accuracy. Moreover, DNNs are capable of extracting fea-
tures more effectively than traditional Machine Learning models. We selected
the YOLOv8 model by Ultralytics after concluding our literature survey, as the
most suitable model for our research problem.
However, the selected model accepts three-channel images and videos to detect
objects. Therefore, we customized the YOLOv8 model as well as formatted our
radar data into a four-channel tensor input which would be acceptable by the
model. We were successful in detecting groups of up to four people outdoors
with a detection accuracy of 79.21%.



iv



You can’t change what happened. But you can still change what will happen. –
Sebastian Vettel
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Chapter 1

Introduction

Counting the number of people at a given location is among the foundational
steps to formulate safety measures and evacuation plans for emergencies. For
instance, during the COVID pandemic, people counting technologies helped
many countries to restrict the formation of large crowds, subsequently prohibit-
ing the spread of the infection[14][2]. Besides the surveillance aspect, analyzing
the crowd densities in public areas helps to improve traffic management by sug-
gesting alternative route plans. Moreover, PC provides data to analyze public
preferences for visiting places in a region. Thus, the utility of people counting
(PC) is diverse.

A good PC application would count the number of people as close to reality
as well as in real-time irrespective of the density of the crowd. This demands
precise identification of people from the scene and then counting them. Con-
sequently, it is heavily dependent on the device used for data collection and also
on the scene complexity.

The Closed Circuit Television (CCTV) is the most commonly used and ubiquit-
ously present device for recording data for PC. There are one million CCTVs
in the Netherlands making it rank among the top four countries in Europe with
the highest amount of CCTVs, as per a report by the website Upcoming Secur-
ity [50]. Generally, Computer Vision (CV) algorithms are used to detect people
by their appearance and count them from the scene captured by these cameras.
This results in encroaching on the privacy of an individual by recording his per-
sonally identifiable features while capturing his appearance[43].

Furthermore, if CCTVs are used utmost care needs to be taken to store and
maintain the data and take necessary steps in case the data gets breached. This
incurs additional costs and resources. Thus, the need for an alternative is strong
where the privacy of an individual is preserved.

There are other technologies like infrared sensors, ultrasonic sensors, Bluetooth,
Wi-Fi tracking, etc. But all of them have limitations either in their range of
operation, or they record electronic device information of the people, or they
are influenced by signal interference.
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Figure 1.1: Demonstration of the basic functionality of a radar. The
radio waves are transmitted which in turn hits the target and gets
reflected to the radar.

Taking a step outside of existing PC technologies, the radars, especially the
lidars and mm-wave radars have revolutionized the automotive industry with
their target detection capabilities without recording personal information of any
sort. For example, they are widely used in pedestrian and obstacle detection
while driving.

A radar is a device that detects its target by transmitting radio waves at a
certain frequency toward the direction of the target [51]. These waves are then
reflected to the radar after hitting points on the surface of the target and are
subsequently processed and stored as point cloud data. Hence, a target is rep-
resented as a cluster of points in the output of the radar. Each point in the
cluster contains information about the target such as its range, angle, velocity,
etc. This data is then interpreted using appropriate algorithms to detect the
target.

The mm-wave radar, which operates in the millimeter wave bandwidth, is reli-
able in terms of its accuracy and precision in measuring the target’s properties
like velocity, range, and azimuth, irrespective of environmental conditions like
lighting, dust, smog, harsh weather, etc. It is also cheaper compared to lidars
and commercially available in free-license bandwidths for operations.

The number of points in a cluster for an mm-wave radar is also way lesser
than the lidars, hence lowering the computational memory requirements. The
mm-wave radars have been already used in various applications of human activ-
ity recognition [8] such as human fall detection[53], heart rate monitoring[28], as
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well as people counting in indoor environments[24]. Thus, based on the multiple
reasons discussed, in this project, we decided to use mm-wave radars to collect
data for PC.

1.1 Challenges

Despite having multiple merits in favor of using mm-wave radars for PC, there
are the following challenges as well.

• The outdoor environment is dynamic when compared to indoors, owing
to a more complex scene with the addition of non-classified targets along
with classified ones. This complexity limits the efficiency of algorithms
that identify the target from radar output. Thus, there is a need to find
an algorithm that would be robust to such dynamicity.

• It is easier to separately detect people from a group of closely spaced
people when they are represented by an image than when represented
by a cluster of points. To the radar, the group is one unified cluster of
points. This poses a serious challenge in determining the count of people
from radar data.

• The data generated by mm-wave is approximately 100 times less dense
than that generated by Lidar owing to low resolution[34]. This low resolu-
tion of data results in coarse-grained applications, regardless of its accurate
measurements of the target’s properties.

• Moreover, several transmitted waves hit the same point on the target
surface, resulting in many points having the same location coordinate.
This contributes to a challenge when we try to plot the clusters because
these points overlap and reduce the number of effective points in the cluster
that can be used for detection purposes.

• The biggest pressing issue is the lack of publicly available datasets of mm-
wave radars with data specific to our problem. This is a challenge at the
basic level to start developing a PC application using the mm-wave radar.

• Usually Deep Learning (DL) models like Pointnet++, PointRCNN, and
mmPointGNN have been used on the point clusters of mm-wave radar to
detect human gestures and activity. But it is restricted mostly to indoors
or used for an individual’s activity recognition.

1.2 Key Problem Points to Solve

To simplify the problems discussed above

1. There are no publicly available datasets with point clusters presenting
groups of humans outdoors. Hence, even to start to build a PC application,
first, data are required.

2. Identify an algorithm that can work with sparse data and can effectively
detect the target from the point cluster.
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3. Devise a strategy to make the radar output suitable for the chosen al-
gorithm as its input.

Two founding strategies were set based on which the thesis was conducted.
Firstly, instead of counting individuals from the point cluster, each cluster has
been treated as groups of humans with the group strength ranging from one to
four. Anything greater was considered as five for simplicity.

Secondly, we selected a computer vision algorithm for classifying the clusters
over other models. CV algorithms are designed keeping the speed of detection
in mind since they are used in real to near-to-real-time applications.

Motivated by the challenges discussed in Section 1.2, we explored the exist-
ing literature to identify a deep learning model in the computer vision domain
that can operate on sparse data and leverage feature extraction from the radar
output while keeping a balance between speed and accuracy of detection.

We selected the YOLOv8 [16] by Ultralytics after concluding the literature
survey. YOLOv8 is a state-of-the-art model for object detection. It works with
even small datasets because it has image transforms implemented during data
loading which increases the variety of instances and also makes it robust to noise.
YOLOv8 has attributes that enhance feature extraction in multiple scales. This
makes it effective for low-resolution data like that generated by the mm-wave
radar.

We primarily focused on detecting the group strength of people closely spaced
outdoors by using the data that the radar generated after encountering them.
However, the consequent challenge that we faced by choosing a CV algorithm
to detect the non-visual data, was to define an approach that could be used
to convert radar data to a format accepted by the YOLOv8 model without
compromising on its functionality.

1.3 Contributions

The following are the contributions of this research project to cater to the prob-
lems discussed above.

1. We created a dataset using the mm-wave radar output of closely spaced
individuals walking in groups on the street that we received from the AMS
Institute and classified them according to their group strength.

2. We developed a procedure to format the radar output into YOLOv8 ac-
ceptable format for images.
Then we further extended it into a four-channel tensor and customized the
preprocessing part of YOLOv8 model to process the same. We achieved
an accuracy of 79.21% in detecting the strength of the group of humans
using that input format for YOLOv8.

3. We formulated a strategy to retain the information of the multiple points
tagged to the same location.
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Figure 1.2: Pipeline for the application. Starting from receiving CSV
files containing point cloud data from the radar to detecting the num-
ber of people in a timestamp.

Figure 1.2 shows the basic pipeline of the model. The radar collects data
and then stores it in the form of CSV files. We utilize these radar data and
transform them into a four-channel tensor which we then input to the YOLOv8
model. This model then detects the target and predicts the outcome as the
group’s strength. We discussed the same in detail in the following chapters.

In Chapter 2 we explored and analyzed the existing work on people count-
ing and that of mm-wave radar. Following this, we identified our DL algorithm
YOLOv8 which we use to detect how many people are there in a group.

Next in Chapter 3 we introduced the basic information related to radars and the
YOLOv8 model as System Basics. Following this, in Chapter 4, we discussed
the step-by-step details of the dataset preparation and creation.

Chapter 5 contains the discussion regarding the various aspects and approaches
to model the radar features as an image and as well as a four-channel tensor to
provide as input to the DL model.

In Chapter 6 we recorded the evaluation of the experiments following which
we concluded in Chapter 7 along with future work proposals.
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Chapter 2

Literature Review

In Chapter 2, we document the literary survey we conducted to explore and
understand the existing work on camera and people detection methods, fol-
lowed by the non-visual methods used for people detection. Finally, we review
the various applications of mm-wave radars for human activity detection and
identify the potential gaps in the existing applications that pose a challenge for
using the device for PC.

Usually, computer vision models that are used for camera data are known for
their speed and accuracy of detection. Hence in this project, we focused on se-
lecting a computer vision model to investigate if we could successfully implement
it on radar data. We highlight the obstacles we are met with in implementing
radar data into a computer vision suitable input.

2.1 Camera and Computer Vision Algorithms

PC, which interchangeably is also called crowd counting, is a demand-driven
research area owing to its diverse utility. PC using images and videos obtained
through cameras covers a vast portion of research interest in computer vision
(CV). People Counting falls under Multi-Object Tracking (MOT) in Computer
Vision and Artificial Intelligence [29]. Traditional machine learning algorithms
like Support Vector Machine (SVM), Random Forest, etc use hand-crafted fea-
tures to detect people [23][49][27]. This limits the unlocking of all the possible
potential features that would help in accurate detection.

The biggest drawback of these traditional machine learning algorithms is that
their efficiency degrades fast when the scene becomes complex[19]. This can be
due to multiple reasons like uneven light variation, high people density, chan-
ging scenes, or high occlusion. Hence, a more robust approach is considered with
Deep Learning algorithms. DL, especially Deep Convolution Neural Networks
(DCNN) are efficient in feature extraction and hence can deal with complex
scenes more efficiently.

One important point to note is that during a conventional image classifica-
tion task, the location of the object does not matter. This is understandable
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from the point of view of a regular image. But in the case of radar data, the
distance of the object from the radar influences the area of exposure and hence
the measurement of the various properties of the target. Thus to add the posi-
tion information, we considered object detection models.

Some common state-of-the-art algorithms for object detection are based on
Faster R-CNN [37], and Mask-RCNN [11], You Only Look Once version 3
(YOLOv3) [36] and Single Shot Detection (SSD). The Faster-RCNN is based on
the Fast-RCNN model but is more improved in terms of accuracy and speed.
The Faster-RCNN proposes a neural network called a Region Proposal Network
(RPN) which is dedicated to proposing potential object locations in the entire
image. This speeds up the object detection which is done using Recurrent Con-
volutional Neural Networks (RCNN). But the downside of this model is that it
is computationally demanding thus negating its choice for real-time applications.

Faster RCNN works in two stages. But, later single-stage detectors (SSD) have
been innovated which does detection in a single forward pass through the net-
work. This in return has made real-time object detection more efficient. The
architecture of SSD is simpler compared to Faster-RCNN making it computa-
tionally more faster and lighter. But Faster-RCNN has better accuracy than
the SSD model. Hence we could see that the balance of speed and accuracy is
always a challenge in these object detection models.

The latest developments in the CV domain have been made by the object de-
tection model called You Look Only Once (YOLO). This is also a one-stage
object detector that locates the object and also provides the class probabilities
in one forward pass of the network. The YOLO model fuses the concept of
Region Proposal and object detection into a single step making it much faster
than the existing Faster-RCNN model and more accurate than the conventional
SSD detector. The YOLO model has several versions and the most recent one is
the YOLO version 8 by the Ultralytics Company. The code is open-source and
freely accessible in the public domain. One can use it and modify it according to
their specific requirements by citing due credits. This prompted us to consider
YOLOv8 as a potential model among the CV algorithms.

There are already DL models for PC that have been developed based on Neural
Networks (NN) e.g., CrowdCNN [54] and CompactCNN[42]. CrowdCNN is
one of the earliest models of PC using CNN and is not efficient in handling
densely populated scenes. On the other hand, CompactCNN is devised to
handle dense populations and it works keeping the balance between speed and
accuracy. Transfer learning models have also proved to be beneficial in such
crowd-counting applications as is the case of CSRNet[25]. But these works are
structured and dedicated to camera data. The algorithms are also not open-
source which makes it difficult to improvise for radar and investigate their po-
tentiality.

Thus, we concluded that to create a PC algorithm that works on the radar data
we could consider the state-of-the-art object detection models and customize it
to suit our requirements.
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2.2 Non-visual People Counting

Though major research of MOT is based on image and video processing, currently
non-imaged-based people counting has also gained momentum in the field of
digital surveillance, especially in human detection and counting. RFID, Wi-Fi,
radars, etc are a few technologies that do not capture the actual image of the
people yet can count their presence[20]. One major disadvantage of RFID or
CSI (Channel State Information)[57]is that they detect the presence of an
object through the device present with the target object. This again makes the
application dependent on the target and compromises the device privacy of the
target. On the contrary, Wi-Fi Sensing or radar technology works based on
information received through signal reflection. The limitation of Wi-Fi Sensing
lies in its range of operation and resolution [18].

2.3 Radars and Lidars

This limitation of the discussed devices used for collecting data can be overcome
with the use of radars. The main advantage of radars is their non-intrusive ob-
ject detection capability. It does not identify or use the actual image of the
individual and hence maintains the person’s privacy. The target doesn’t have
to wear any device to mark its presence unlike in RFID. The radar provides
accurate velocity and distance estimation of the target, unlike other non-image-
based tracking options. Also, the object detection range in RADAR is higher
than that of RFID or Wi-Fi.

The most popular radar used for object detection is lidar[58]. Lidars produce
rich densely populated point cloud data which achieves good accuracy in identi-
fying the target object. They have been used extensively in the automotive
industry for obstacle detection. The merit of lidar’s object detection has made
its place in PC technologies as well [10]. Though lidar is very accurate in de-
tecting the object it has some downsides. Mainly the lidar is not very accurate
in harsh weather conditions or dusty environments. Secondly, it is a very ex-
pensive device. The lidar cannot operate under poorly lit conditions.
The mm-wave RADAR is another type of radar that operates using millimeter
waves for object detection. Hence it is robust to anomalous weather and envir-
onmental situations. Also, it is cheaper in cost in comparison to the lidar.

2.4 mm-wave Radars and applications

The mmWave Radar is primarily utilized in the automotive industry for autonom-
ous driving and in-vehicle surveillance. [4][52][1][44]. Owing to its low cost, low
power consumption and high frequency of operation, the mmWave radars are
growing in popularity for exploring more accurate methods of human detection
and counting[6]. The output from the mm-wave radar is the collection of point
cloud data which automatically reduces the memory size leading to the oppor-
tunity of more processing capacity. Various methods have been implemented to
exploit the point cloud data as discussed in [39] [38].
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2.5 mm-wave and Deep Learning

The mm-wave radars have been used in Human Activity Recognition, Gesture
Recognition, human detection, and tracking [9][55][12]. When looking into the
algorithmic models implemented to utilize the radar data and achieve the applic-
ation goals, the methods range from conventional algorithms to general machine
learning algorithms. However, the challenge is the scarce amount of data ob-
tained using mm-wave does not give high accuracy with such models. Deep
Learning and specifically Neural Networks are being explored to extract more
features from the point cloud data.

[41], proposes an approach for PC inside a vehicle by using Deep Metric Learn-
ing. The paper introduces a novel loss function called the Label-Aware Ranked
loss which is used to calculate the rank or order of the labels of the data points
of the radar point data.

In [9], the mmPointGNN does human activity recognition by creating a graph
from the points as nodes and performing convolution in the edges on the target
state properties. The edges are dynamic, meaning they are not always con-
nected to the same data points. This unique feature enables the prediction of
varying gestures and movement patterns. The merit of this model has been
verified indoors and with single human activity. This model fails to recognize
multiple humans when closely spaced. This is because it is difficult to identify
and then separate nodes in the context of single individuals.

From the perspective of point data, the PointNet [7] and PointNet++ [35] mod-
els are the two basic classification models. The PointNet++ is an extension of
the PointNet model. Unlike PointNet, PointNet++ has better feature extrac-
tion methods and incorporates local information of the image during processing.

On the other hand [33], uses a combination of Pointnet++ blocks with LSTM
to utilize the sparse mm-wave point cloud to recognize mid-air hand gestures.
Another important example is [56], where the authors use bi-directional LSTM
in combination with Deep Recurrent Neural Network to identify humans and
then use a Random Forest Classifier to classify the human as one of the known
individuals. But all these applications degrade in application efficiency when in
the outdoors as well as when multiple people are closely spaced.

In our project, we received the radar data of closely spaced humans outdoors
from the AMS Institute. Hence, we explored the existing work to select an ap-
proach that would work efficiently with the given type of data. In this project,
we decided to try CV algorithms due to a couple of motivation factors.

Firstly, CV algorithms bring a balance in the speed and accuracy of object
detection. As discussed previously we selected the object detection model over
the classification ones because we wanted to incorporate the positional inform-
ation of the target.

Secondly, object detection models have efficient feature extraction blocks to
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extract features even in low-resolution input. This acts in our favour since mm-
wave radar data is significantly sparse.

Another factor that motivated us to look into the CV algorithms was its ro-
bustness to a low amount of training data. Current object detection models are
equipped to handle class imbalance and low amounts of training data. They use
transforms to augment training data by increasing variety and thus improving
the training process.

There are a variety of CV algorithms and approaches that are available for
exploration. Among them, we selected the YOLOv8 by Ultralytics. This is
because the YOLOv8 is currently being used in several applications and hence
can be considered as a potential starting point. Secondly, the model has pre-
processing methods to augment training data and increase its variety. Thirdly,
the code is accessible in the public domain and hence can be customized to
suit the requirements of the application problem. In addition to this, its previ-
ous version YOLOv5 has been used in mmwave applications in the automotive
industry[21]. Though that application uses heatmap and hence utilizes only
two properties of the radar data, this chain of information helped us to select
YOLOv8 as the starting point to detect the count of people in a group from
mm-wave radar output data.
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Chapter 3

System Basics and
Background

Before getting into the details of the work done in the project, we discuss the
definitions and overview of the basics of radar and YOLOv8 model in this
chapter. We define the properties measured by the radar that help to identify
the target state as its state properties. The state properties of a target are
its Range, Azimuth, Doppler, and Signal-to-Noise-Ratio (SNR). These proper-
ties measured by the radar, help to distinguish the target. Then we provide an
orientation towards the architecture of the YOLOv8 model and how it operates.

3.1 Radar Basics and IWR6843ISK

In this section, the basic terminologies are discussed that are intrinsic to the
radar measurements.
The radar receives waves that hit the target surface and get reflected from it
and thus collect information about the target through these waves. The state
of the target is defined by its properties like range, azimuth, Doppler velocity,
and SNR which are carried back to the radar by these received signals. These
signals are represented as points and each point holds the state information.

A point cloud is a collection of data points that hold spatial as well as other in-
formation such as Range, Azimuth, SNR, and Doppler of the target. Through-
out the report, the term point cloud and point cluster have been used inter-
changeably. Figure 3.1 shows a visual demonstration of the point cloud.

3.1.1 Target State Properties

Signal-To-Noise-Ratio (SNR)

This property provides an estimate of the quality of the received wave. The
higher the SNR value, the stronger would be the signal strength. As a con-
sequence, the points that have high SNR values can be considered to be more
reliable and robust to the noise in terms of the information transmitted with
the wave. This is an important property in deciding the authenticity of the
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Figure 3.1: The right image shows the point cloud representation of
the people in the left image. The arrows indicate the coordinate axes.

information.

The radar unit itself uses algorithms like Constant False Alarm Rate(CFAR)
to filter out received signal information that is below a certain SNR threshold
before generating the output. The SNR of a received wave can vary due to
many reasons - if the target is very distant from the radar, the target surface is
reflective or not, etc.

Range

This property is also directly obtained from the output of the radar. It is a
measure of the distance of the object from the radar. It is important to consider
the range while detecting a target because depending on this value, the exposure
to the transmitted waves also differs. The other factors being the same, a closer
target offers more radar cross section and thus a larger cluster size.

Azimuth

The azimuth value provides the angular resolution to differentiate targets with
the same range value. The range and azimuth values are used to derive the x
and y coordinates of the points in the cluster.

Doppler

One of the most important properties of the target is the Doppler frequency.
It is from the Doppler frequency, the velocity of the target is estimated to the
radar. In addition to the position (defined by range and azimuth) and velocity,
the velocity of an object helps in its identification.

The property value that we receive from the radar with the name Doppler
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Figure 3.2: The reference frame of the sensor is used always. The
coordinate system is presented both in Cartesian (XYZ) and Polar
coordinate systems where d is the Range, ϕ is the Azimuth and θ is
the Elevation. In our project, the z-axis has been ignored because
the image is considered a 2-D presentation.

is the velocity with the unit of meters/second. Hence in this report from now
onward, Doppler will refer to the relative velocity of the target to the radar.

Relation between Azimuth, Elevation, and Range with the Cartesian
Coordinates

We were required to derive the x and y coordinates to convert point clouds into
an image format. The x and y coordinates of the points in the point cloud were
derived from the azimuth and range values from the radar using the following
equations.

y = range ∗ cos(azimuth) (3.1)

x = range ∗ sin(azimuth) (3.2)

Figure 3.2 represents the relation of the azimuth and range with that of the x-y
values. Though the radar output is produced from a 3-dimensional coordinate
system, but we consider only the x and y coordinates since we format the data
in a 2-dimensional image.

In addition to the above-discussed fundamental properties, one can derive stat-
istical values from these properties. The below properties were also been con-
sidered.

Standard Deviation of SNR

This property is calculated based on the SNR values of the points in the cluster.
This can be considered an important property since it shows how much the SNR
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varies within the cluster.

Mean of Range

The mean of the range is calculated for the entire point cluster. The target in
this project is humans and they are not of trivial size. Hence the mean range of
all the points in the cluster can provide information regarding the target size.

Mean of Azimuth

Similar to the mean range, the mean azimuth provides a better representation
of the azimuth than its values owing to the size of the target.

Standard Deviation of Doppler

The standard deviation of the velocity derived from the Doppler frequency rep-
resents the value for the entire cluster. Higher variability can indicate more
number of people in the group.

Point Density

We derived this property by calculating the number of points having the same
coordinate values.

3.1.2 IWR6843ISK

The mm-wave radar used to procure data for this thesis project was the IWR6843ISK
from Texas Instruments. This radar board operates at a frequency of 60 GHz
that lies in the license-free bandwidth. It has 4 receiver antennas and 3 trans-
mitter antennas [13].

In terms of the field of view (FOV), it has an azimuth of 120° and 30° elev-
ation. Figure 3.3 shows the model of the radar board used to collect data for
this project. The IWR6843 has an existing algorithm called the GTrack al-
gorithm which is further extended to count the number of people by calculating
the number of active clusters that are being tracked. The model works mainly
indoors for occupancy measurement.

3.2 YOLO - You Look Only Once

You Look Only Once is a computer vision model that was first introduced in
2015. It has been improved over the years and in 2023, the Ultralytics company
proposed the version of this model i.e. YOLOv8[16]. In this thesis project,
versions 8.0188 and 8.0163 were used to perform the experiments.

Though officially, this model version has not been published, it has already
been used in several real-time applications successfully. The YOLOv8 is an
anchor-free model built on the Pytorch framework[45]. Like any other com-
puter vision model, it is divided into the backbone and head sections.
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Figure 3.3: IWR6843ISK board. [13]

The backbone is responsible for extracting the features while the head takes
care of the detection of the target. The primary merit of this model family is to
strike the balance between achieving high-speed object detection and accuracy
of detection.

The model sizes available for YOLOv8 are shown in figure 3.4. They all differ
in the amount of computational memory requirement and the number of layers
utilized in the architecture. In this project, the small and large versions were
used to conduct the experiments.

The figure 3.5 is a simplified representation of the framework of version 8. The
architecture is divided into neck and head sections.

3.2.1 Backbone

The backbone section is where the features are extracted from an image. YOLOv8
uses the Feature Pyramid Network [26] to extract features in layers from the
global to the local scale. The backbone framework is a customized version of
the CSPDarknet53[5] and it starts the feature extraction process with a convo-
lution layer having a large window. This is aimed at reducing the memory and
computational requirements.

Then the rest of the layers follow to extract features from varied scales. The C2f
module is a cross-stage partial bottleneck with two convolutions. This module
combines the high-level features with contextual information and thus improves
the detection accuracy. The extracted features are then pooled in the SPPF
layer (Spatial Pyramid Pooling Fast) which allows the model to gather features
from various levels of abstraction [47].
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Figure 3.4: Model sizes of YOLOv8 by Ultralytics. [13]

3.2.2 Head

The head section of the model is where the detection, objectness, class, and box
losses are calculated. The box loss also denoted as box loss is the difference
between the predicted bounding box and the ground truth bounding box. The
class loss which is cls loss is a measure of how accurately the classification
of the predicted box was made. It is also referred to as the cross entropy loss[17].

YOLOv8 uses an anchor-free model with the head formulated in a way to process
object detection tasks independently. This design facilitates the improvement
of the model’s overall accuracy since each task can be performed independently.
The sigmoid function has been used in the output layer for the objectness score
indicating the probability of the object within the bounding box.

It uses the softmax function for the class probabilities, representing the ob-
jects’ probabilities belonging to each possible class. YOLOv8 uses Complete
Intersection over Union (CIoU) instead of Mean Square Error (MSE) and De-
formable convolution layer loss (DFL) loss functions for bounding box loss. The
smooth L1 function has been used to calculate the regression loss [15]. These
losses have improved object detection performance, particularly when dealing
with smaller objects.

3.2.3 Bounding Box Calculation

It is necessary to annotate the instances used for training and validation pur-
poses in the YOLO format. Bounding box is also termed as bbox and the same
has been used in the thesis report. It is the box drawn around the target for its
localization.

The YOLO format to represent a bounding box is as follows - Class index,
x coordinate of the bbox center, y coordinate of the bbox center, the width of
the bbox, the height of the bbox. Apart from the class index, all other values
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Figure 3.5: Simplified Architecture Diagram of YOLOv8 by Ultralytics.
The detailed architecture diagram is present in Appendix Section

are normalized to the height and width of the image.

In this thesis, we have the x and y values of the points present in the point
cluster. hence we calculate the bbox x center = x min + (range of x)/2. Simil-
arly, we calculate the y center of the bbox. The width and height of the bbox are
the ranges of x and y respectively. Figure 3.6 shows the bounding box around
the target in an image.

3.2.4 Input Transforms

The YOLO enhances the training efficiency by applying various image trans-
forms to the training images while loading them. YOLOv8 imports the Albu-
mentations class which contains image transforms to be used for data augment-
ation. A few of them are as follows and they all belong to the Albumentations
class [3].

• Blur(p=0.01, blur limit=(3, 7))

• MedianBlur(p=0.01, blur limit=(3, 7))

• ToGray(p=0.01)
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Figure 3.6: Bbox around a target in a generic image. In this thesis, the
bounding box values are calculated based on the x and y coordinate
values of the point cluster.

• CLAHE(p=0.01, clip limit=(1, 4.0) - Contrast Limited Adaptive Histo-
gram Equalization

• tile grid size=(8, 8))

These transforms make the training of the model robust to variations in the
image making it suitable for object detection where the scale, background, and
environment of the target can vary.

As we later extended the number of channels from three to four, the trans-
forms ToGray and CLAHE had to be removed as they operate on one channel
or three channels.
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Chapter 4

Dataset Generation

Data is an important element in solving any Machine Learning problem. Hence,
in this chapter, we discuss how we obtained the data for our research problem
and explored the same to understand its characteristics to process it for our
application. Usually, in most DL applications, the majority of the time is ded-
icated to understanding and exploring the data. This chapter documents the
Data Collection and the Data Exploration blocks of our DL application pipeline
as represented by Figure 6.1.

Figure 4.1: The highlighted blocks, Data Collection, and Data Explor-
ation are discussed in this chapter.

4.1 Data Collection

The data collection was not a part of this project and has been done by the
team at the AMS Institute. The Amsterdam Institute for Advanced Metropol-
itan Solutions (AMS Institute) is a research institute and was formed through a
collaboration between academic institutions (including TU Delft) and Gemeente
Amsterdam responsible for investigating solutions for deployment in urban in-
frastructure.

An mm-wave radar IWR6843ISK, was mounted facing a street behind the AMS
Institute. In addition to that, a camera was also set up, both along the same
axis, so that both collect data from the same perspective. Volunteers walked on
the street as singles and in groups of two, three, four, and more people so that
the radar reflections of humans outdoors could be captured. The radar point
cloud data was stored in CSV files. The table 4.1 shows the parameters of the
radar used to gather data.
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Parameter Value
Maximum range (m) 34.306

Maximum velocity (m/s) 7.969
Chirp Time (us) 36.411

Range resolution (m) 0.343
Velocity resolution (m/s) 0.125
Carrier Frequency (GHz) 60.290

Table 4.1: The IWR6843ISK radar settings used by AMS Institute to
procure the data for training, validation, and testing.

4.2 Key Data Considerations

After receiving the data from the AMS Institute, we investigated the data to
understand its nature. While processing the radar data, the following points
were taken into account throughout the project.

1. The breadth of a street in general in old Amsterdam is 12 meters ap-
proximately. Hence the depth of the radar frame was considered to be 12
meters and the width as 15 meters as shown in figure 4.2.

2. All points with Doppler value as zero were excluded. Hence this thesis
project focuses mainly on moving humans as its target of detection.

3. All points with negative SNR values were discarded.

4. For the simplicity of modelling, any group having more than four people
was categorized as a group of five.

5. Bikes were considered as a distinct class in this thesis. Otherwise, the
clusters of bigger groups could be confused with bikes as both of the
classes have a large surface of exposure. Hence, an individual walking
with a bike could generate a cluster equivalent to a larger group.

4.3 Categorizing Data

The data provided by the AMS Institute were organized based on the experiment
day and type. We further categorized them into separate frames and instances
by matching their timestamp with the equivalent timestamps of the camera data
since that was our truth reference. The following classes have been created to
categorize the data.

1. Class 0 : One Person (1)

2. Class 1 : Two Persons (2)

3. Class 2 : Three People (3)

4. Class 3 : Four People (4)

5. Class 4 : More than four people (5)
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Figure 4.2: A street near the AMS Institute in Amsterdam. The
breadth of the street is 12 meters and thus the radar frame is 12
meters in depth and 15 meters in width representing a 2D visual
representation of the street.

6. Class 5 : Bikes

After establishing the classes, the next step was to extract the radar frames
and subsequently the point clusters as instances from the radar output provided
by the AMS Institute. To do the same, first, we plotted the frames from the
timestamp CSV file as a scatter plot using Python. Then we manually selected
the point clusters from the image using the LassoSelector Tool [30] offered by
the matplotlib library of Python. This tool saves the points which lie inside the
area drawn on the plot by the user. Figure 4.3 shows an example of plotting
the point clusters and then matching the clusters with the human groups from
the camera data.

It must be noted that there was a delay of about 10-15 seconds with the syn-
chronization of the camera and radar data. This was because the clocks of the
radar unit and the Raspberry Pi that was used to save the data in the cloud
server were not the same and hence the timestamp recorded for the CSV files
is that of the Raspberry Pi. To match the radar data to that of the camera, we
first generated the plot and then started the video so that we could understand
the starting timestamp concerning that of the camera. We added the time dif-
ference to every timestamp of the radar data to match it with its equivalent
camera data.
Additionally, we saved the unclassified clusters separately which was used for

the background images. Figure 4.4 shows the structure in which the data is
stored.
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Figure 4.3: The radar output was marked into their respective classes
using the Lassoselector Tool based on the camera data.

4.4 Outlier Removal

As the marking of the clusters to their respective classes was done manually,
there was a possibility to include noisy points in the cluster data. Thus we re-
fined the saved cluster information using the DBSCAN algorithm [40] especially
because this algorithm is robust to noise. The cluster label ”-1” indicates noise
in DBSCAN.

There are two important parameters of the DBSCAN algorithm and they are
the epsilon and the minimum sample values. The epsilon value is the maximum
distance two neighbouring points can have. The minimum sample represents
the minimum number of points required to form a cluster. We used the same
epsilon and minimum sample values for all the classes. This is because different
classes had different structures of the clusters and also within the same class,
their shape varied greatly. This made it difficult to identify different epsilon val-
ues for different classes. The trade-off between having different epsilon values
and having one was that additional outliers might still be present.

After several trials and errors, we finalized the epsilon value to be 1.5. For
the minimum sample points, we found after calculating the number of points
per instance that 19 is the lowest number of points in a cluster. Hence we
finalized min sample as 19.

4.5 Data Exploration

After sorting the data according to the classes, we then investigated the data
based on the following aspects.
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Figure 4.4: The CSV files folder of each class were stored separately in
folders. When the input data for the model are generated, they are
stored in the folders of the respective classes.

4.5.1 Number of Points in the Cluster

Each point in the cluster is a reflected wave carrying information about the
target after hitting a point on its surface. We explored the point cloud density
of the data to assess the scarcity and also to determine the minimum sample
number for the DBSCAN algorithm. Table 4.2 shows the point cluster strength
for each of the classes individually.

4.5.2 Properties From the Raw Data

The CSV files contain a lot of information including the timestamp, the frame
number, the cluster number derived from GTrack Algorithm, etc. Out of them,
the most important properties are the SNR, Azimuth, Range, and Doppler. The
frame number is also a vital property when it could be used for adding temporal
context.

25



Class Max NumPoints Min NumPoints
0 644 20
1 1012 19
2 636 19
3 789 20
4 843 19
5 1012 20

Table 4.2: The table shows the minimum and maximum number of
points a cluster can consist of in all the classes.

4.5.3 Relation of Range and Area of Cluster

Figure 4.5 shows the plots of the range (x-axis) with the area (y-axis) of the
point cluster for each of the classes. We observed that the area value reached
a peak for all the classes at some range value and then consistently started de-
creasing.

This was a vital observation that indicated that no matter how big or small
the group of people was, the area depended on its distance from the radar. The
area can also be considered as the surface area where the mm-waves hit and
reflect to the radar. Thus more the target was well exposed to the radar, the
greater its area.

Moreover, the area values before the peak were low despite being nearer to
the radar. This was primarily because the mm-wave radar was mounted at an
elevation of 3 meters and if the target was very close to the base of the radar,
its area of exposure also reduced.

We inferred from this observation that an object detection model would be
appropriate for our project because the position of the target influenced its area
of exposure to the radar and thus the shape and size of the point cluster.

4.6 Data Augmentation using Transforms

It was evident from the instance count that class 5 could potentially create a
class imbalance with only 1173 instances. Therefore this could generate bias
during the model training. To overcome the class imbalance, we increased the
instances of Class 5 as well as the overall training dataset using the following
transforms.

• Flip - This transform flips the image or tensor as its mirror opposite.
Both horizontal and vertical flips were used in this project. We used this
both for image and tensor inputs.

• Random Erasing - As the name suggests, the transform function re-
moves a portion of the object. The entire bounding box remains as the
original. Such kinds of transforms are used to handle occlusion in the
scenes.
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Figure 4.5: The area of the point clusters is plotted against the range
for each of the classes. The order is from the top left to the bottom
right as Class 0, 1, 2, 3, 4, 5.

• Gaussian Noise - We added random Gaussian Noise to the images and
tensors to make the input similar to the dynamic real-life environment.

• Histogram Equalization - HE is used to enhance the contrast of pixel
intensities in images to improve the visibility of details. This is achieved by
calculating the histogram of the frequency of the various pixel intensities
followed by normalizing the Cumulative Distributive Function of the same.

4.7 Data Division Information

The number of instances in each class had some differences. Therefore, we
first fixed the number of instances for testing from each class and then divided
the dataset into training and validation. This was primarily motivated by the
fact that the accuracy of the testing required to be an unbiased one. Hence
for testing, 300 instances from each class were selected, and then the testing
accuracy was calculated. Then we split the remaining dataset into 80% and
20% for training and validation datasets respectively. The table 4.3 shows the
total data and the division of the instances in the training, validation, and test
sets.
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Class 0 1 2 3 4 5
Training 3142 3470 2974 2461 2751 2246
Validation 897 991 849 703 786 673

Test 300 300 300 300 300 300

Table 4.3: The division of the instances per class has been shown for
training, validation, and testing.

Figure 4.6: This is an example of a background image. This has been
produced from the data stored as noise data.

4.8 Background Images

We created the CSV files for background images by using the LassoSelector
tool to mark the point clusters that did not belong to any of the classes. The
original amount of background images was 162 which we then increased by
doing image transforms and the final count of background images became 984.
The background images were passed with the training dataset to the YOLOv8
model. These images are important to reduce the probability of false positives
[48]. Figure 4.6 is an example of a background image used during training.
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Chapter 5

Input Modelling

In this thesis project, one of the major contributions is how to convert the
point data of the radar into a format that YOLOv8 will understand and pro-
cess. YOLOv8 accepts images and videos as input and therefore, we explored
strategies to convert a set of point data into an image.

Figure 5.1: The highlighted blocks, Data Preparation, and Model Ex-
ploration are discussed in this chapter.

We covered the step-by-step details of transforming the point cloud into an im-
age. This covers the Data Preparation and Model blocks of our DL application
pipeline.

5.1 Setting the Context

Usually, any image can be represented as a set of arrays, each array representing
a channel. For example, an image may have Red, Green, and Blue (RGB) chan-
nels. In this case, each channel value contains the contribution of the specific
color across different pixels in the image. Each cell of the array represents a
pixel which holds the quantitative value of the colour representing the array. So
as shown in figure 5.2, an image is mainly an array containing information on
the color of the locations. But in the case of the radar output, as shown in the
table on the right of the same figure, it contains a collection of properties that
describe the state of the target. There is no direct relation between the point
cloud format with the image format.

In general, the image processing algorithm extracts the features like edges, con-
tours, size, aspect ratio, etc of the object to be detected in the image. On the
contrary, a radar’s output contains the state information of the target in the
form of its range, velocity, SNR, etc. Hence, we analyzed the various charac-
teristics of an image and composed ways to transform the point cloud data into
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that format.

Figure 5.2: The image is represented as a series of arrays for compu-
tational purposes. Our goal is to convert the point cloud as shown in
the extreme right into a series of arrays resembling the format of the
image.

The existing work of using YOLO model for mm-wave radar output has used
heat maps of the various target state properties[22]. But in this thesis, we ex-
plored this image formation differently. The target object is visually represented
by its point cluster. Equivalent to the Red, Green, and Blue Channels of a con-
ventional image, we used the state properties of the target as channels. Hence
the color value of the pixel becomes equivalent to the value of the property
representing the channel.

5.2 Overview of Point Cloud to Image Conver-
sion

As the first step of the formatting, we created the array structure by deriving
its shape and size depending on the radar frame depth and width. Then we
devised a way to map the state property values into the array that would be
equivalent to pixel values as in the case of images.

We faced one problem while doing this array formation and mapping. Mul-
tiple points were mapped to the same pixel location leading to information loss
because a pixel can be represented only by a single value. We addressed this
issue after we set the image focus.

Once the skeleton was established, the next challenge was to determine the
focus of the image - whether to zoom into the cluster and learn its features or to
investigate the same in its original position in the scene. This was important be-
cause, depending on the focus, the strength of feature extraction was dependent.

Finally we experimented with the properties we obtained from the radar output
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to decide the optimum ones to be used as channels. In the following sections,
we discuss in detail the steps to actualize the strategy.

It is important to highlight that we discussed object focus in this report before
array size and shape discussion, because of being motivated by the fact that de-
pending on the focus, the scaling and mapping of the points were done into the
channel array. Also, the bounding box calculation for annotation depends on
the focus. Hence, though it might look counter-intuitive to discuss object focus
before discussing the array formatting and shape, it is important to understand
the focus concepts as they have been referred to frequently throughout the rest
of the chapter.

5.2.1 Object of Focus

It is crucial to determine the content and focus of the image. While creating
an image out of the point cloud, we only have the positional coordinates of the
points and their state properties. We thought of two ways in which the target
object could be represented. One was to make the point cluster area as the
entire image. We refer to such images as the Zoomed Image. The other was to
keep the cluster in the original scene and remove the remaining clusters. This
type of image is termed as a Full Image in the rest of the thesis report. Figure
5.4 pictorially demonstrates the same.

The advantage of the Full Image is along with the cluster information, the po-
sition of the cluster is also considered. This is important because the range
is one of the properties that influence the shape and size of the target cluster.
Hence providing the location enhances the contextual information for detection.

We calculated the bounding boxes for the images in the two approaches in
the following respective methods -

• Zoomed Image - The bounding box of the Zoomed Image is equal
to the entire image. Hence the bounding box annotation becomes as
[box x centre = 0.5, box y centre = 0.5, box width = 1.0, box height =
1.0]. It should be noted that they are all in normalized form with respect
to the dimension of the image.

• Full Image - The cluster’s height, width, and x,y center coordinates were
calculated and then normalized by the dimension of the input image. This
is different from the Zoomed Image as its values vary depending on the
actual shape and size of the point cluster and also its position in the
original scene.

5.2.2 Image Array Format

The radar output contains the range and azimuth values of every point. From
these, we extracted the x and y values which we used to derive the arrays of an
image channel. In this project, the range of x is from -10 to 5 while that of y is
from 0 to 12. Hence, we first translated the values into the positive quadrant of
the coordinate system and then scaled it to make the data spread out optimally
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Figure 5.3: The cluster highlighted with yellow is used to create a Full
Image referred to as A and a Zoomed Image referred to as B.

in the channel array.

To translate a Full Image to the positive quadrant we subtracted -10 from all
the x values. For the Zoomed Image, we subtracted the min x value present in
the point cloud from all the x values of the same. For the scaling factor, we
did trial and error with 10, 32, and 31. The 31 value was finalized as it did not
create any out-of-bound index error during the mapping.

Next we converted the float values into integers to transform them into indices.
We experimented with both the ceil and floor values, and we found the former
produces array index out of bound errors for some location. Hence, the
indices are created by taking the floor value to obtain an integer. By doing this
all the points present in the point cloud are represented in an array format as
shown in figure 5.5.
An example of the case of a Zoomed Image has been presented below.

1. As shown in figure 5.5, x has values of .234, 2.465....,-2.567. Let us assume
that the lowest value of x in the list is -2.567.
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Figure 5.4: The Zoomed Image (A) has the entire image as the object
and hence has the bounding box equivalent to the image box. The
Full Image (B) has its bounding box around the target inside the
image.

Figure 5.5: The figure shows the points being mapped to their desig-
nated locations in the array based on their x & y coordinate values.

2. Subtracting -2.567 to each x value converts them to 2.801, 5.032,.....,0.

3. Scaling all the x and y values by multiplying by 31 leads [(2.801, 1.343),(5.032,
.965),....(0, 5.555)] to [(86.831, 41.633),(155.992, 29.915),....(0, 172.205)].

4. Taking the floor value of all the indices leads to [(86, 41), (155, 29),......,
(0, 172)].

5.2.3 Image Size Selection

Every image is computationally represented as a multi-dimensional array and
hence the height and width of the image is nothing but the number of rows and
columns of the array. The standard image size of YOLOv8 is 640. This implies
that either the height or the width should be of 640 pixels, making it easier to
maintain the aspect ratio of the scene.

We experimented with 640 and 512 pixels as image sizes in two consecutive
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Channel Combinations

SNR, Doppler, and Azimuth
Range, Doppler, and Azimuth

Std. Dev SNR, Std. Dev Doppler, Mean Azimuth
SNR, Doppler, Point Density

Table 5.1: Various Combinations of the Target State Properties used
as Image Channels.

experiments to understand the effect of image size on accuracy. We maintained
the aspect ratio of the original scene while mapping it to the desired image sizes.

Additionally, there is one requirement of YOLOv8 by Ultralytics and that is
to have the image height and width to be divisible by 32. This is because the
maximum stride during feature extraction in the backbone is 32. To be con-
fident to have fulfilled this requirement, we multiplied the height and width of
the image by 32 as shown in the equations 5.1 & 5.2 where height and width
are that of the image. We add 31 to the existing width and height and then
perform integer division on it followed by multiplying by 32. This ensures the
two values remain divisible by 32.

width = int((width+ 31)//32) ∗ 32 (5.1)

height = int((height+ 31)//32) ∗ 32 (5.2)

For example, suppose an image has a size of 640x512. If we implement the
two equations then it becomes ((640+31)//32) * 32 which is 640 and ((512 +
31)//32) * 32 which is 512. Now suppose the image has a size of 640x513. Then
this calculation for 513 will make the new width as ((513+31)//32) * 32 which
is 544. So now the new size of the image becomes 640x544.

5.2.4 Image Channels

Images consist of one or more channels which are represented as arrays. In gen-
eral, images are of the Red, Green, and Blue channels interchangeably called
the RGB channels. The image is represented based on the values of the pixels
in these channel arrays. A pixel is one cell of the channel array.

Drawing an analogy to the RGB channels, in this project we drew equival-
ence to them to the various state properties of the target as shown in Figure
5.6. Similar to how the values of each channel color are mapped to the pixels of
the channel arrays, we mapped the state property values to the channel arrays.
The most important four properties of the target measured by the radar are
the SNR, Azimuth, Doppler, and Range. Using these properties, the following
channel combinations as shown in the table 5.1 were proposed to identify the
optimum combination. We used these combinations for both the Zoomed and
the Full images.
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Figure 5.6: The figure shows the RGB channel arrays of an image and
equivalent channel arrays.

5.2.5 Multiple-point Information Retention

We observed during the conversion of the x and y coordinates of the points into
integers for array indices that it led to multiple points corresponding to the
same row and column index values. Figure 5.7 demonstrates the issue where
five points are mapped to (39,33) and the same was for (29,38). But one pixel
can represent a single value only.

This posed a challenge since the total number of points in the radar output
representing a target was already low owing to the low resolution. With such
multiple points being tagged to the same cell of the array eventually led to a
further decrease of the number of potential points to form the image of the point
cluster. Thus we required a strategy to retain as much information as possible
from such pixels.

To tackle this problem, we investigated various quantitative approaches to cal-
culate one number that could represent all the points in the same cell location
in the channel array.

Mean

It is the average value of all the points tagged to the same location of the channel
array. For example, if the Doppler values are [0.3, 1.45, 0.2, 0.28] for the array
location (0, 1) then the representative value would be 0.5575.

Inter Quartile Range (IQR)

A preliminary assessment of the radar output suggested that the Doppler and
SNR values were abrupt in their range of values. To tackle this, we experimented
with the interquartile range of the set of values by calculating the values for the
third quartile and first quartile and then subtracting them to find the interquart-
ile range. The percentile function [32] of the Numpy module of Python has been
used to calculate the same.
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Figure 5.7: The figure shows a small excerpt from the details of a point
cloud. It could be seen that the same location in the array holds many
points with varying Doppler and SNR values

The high variability of the SNR and Doppler in the dataset motivated this
approach. For example, if the Doppler values are [0.3, 1.45, 0.2, 0.28] for the
array location (0, 1) then the representative value would be 0.635.

Values related to the Highest SNR

The higher the value of SNR, the more reliable the signal information. Hence
in this approach, we selected SNR as a metric to select the best point as the
representative and then used the property values associated with that point.

Instead of using those values directly, we created a scale factor and multiplied
the highest value with it. This factor i.e., (highest value by max value) either
scales up or scales down the original value depending on whether the original
value is the biggest in the list or there is some other value in the list that might
have a higher value but did not get represented.

For example, the points in the location (39, 33) from the figure 5.7, the highest
SNR value is 73.25. Hence, we consider the range, Doppler, azimuth, and SNR
values associated with 73.25. Then the value for Doppler would be that (0.37424
* (0.37424/ 1.2272)) i.e. 0.1141. This logic was applied to Doppler and Azimuth
values. In case the max values become zero in any scenario, we have not scaled
the value and multiplied the highest value by 1.

5.3 YOLOv8 and Tensors

YOLOv8 by Ultralytics supports three-channel images to date. Hence we could
try only a combination of the three properties that we got from the radar out-
put. But there are more properties available and sending more information
about the target might improve the detection accuracy of the model.

Thus, in this experiment, we increased the number of channels from three to
four. Though images with four channels exist, the main motivation to use NPY

36



Figure 5.8: The figure shows many points being mapped to the same
cell of the channel array.

format files was that they could be increased later to more channels. We selec-
ted the large version of the YOLOv8 model of Ultralytics which has 365 layers
so that it can accommodate an increase in the number of input channels.

We customized the existing code of the YOLOv8 model to allow the processing
of NPY files with four channels.

5.4 Baseline Experiments

Though we worked entirely with the YOLOv8 model, as our baseline experi-
ments we also implemented the PyTorch version of the PointNet model on the
radar data.

We converted the same radar data that we received from the AMS Institute into
Object File Format (OFF) files and then trained them on a PyTorch implement-
ation of the PointNet[31]. Even though we selected YOLOv8 as our selected
model, we wanted to experiment with a model dedicated to point cloud.

5.5 List of Experiments

Table 5.2 documents the comprehensive list of experiments conducted and ex-
plained later in Chapter 6 for analysis and evaluation.
The relevant code files created and used during this thesis project are kept in
the link https://github.com/bagchim/BagchiThesis_PCmmWave.
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Object to Focus Channels ImgSz Info Retention

Zoom Red, Blue, Green 640 Not Applicable
Full Red, Blue, Green 640 Not Applicable
Zoom SNR, Doppler, Azimuth 640 Mean
Zoom SNR, Doppler, Azimuth 640 IQR
Zoom SNR, Doppler, Azimuth 512 IQR
Zoom SNR, Doppler, Azimuth 640 Highest SNR
Full Range, Doppler, Azimuth 640 IQR
Full SNR, Doppler, Azimuth 640 IQR
Full SNR, Doppler, Point Density 640 Highest SNR
Full Std. Dev SNR, Std. Dev Doppler, Mean Azimuth 640 IQR
Full Std. Dev SNR, Std. Dev Doppler, Mean Azimuth 512 IQR
Full SNR, Doppler, Azimuth, Point Density 512 Highest SNR
Full SNR, Doppler, Azimuth, Point Density 640 Highest SNR

Table 5.2: The following experiments were conducted during the thesis
project showing their image size, information retention strategy, and
channel combination.
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Chapter 6

Evaluation

In this chapter, we discuss the results of all those experiment results that were
conducted and make inferences.

Figure 6.1: The highlighted block Evaluation is discussed in this
chapter.

6.1 Evaluation Metrics

Before getting into the in-depth analysis, first, we introduce the evaluation
metrics that are important in determining the performance of a model.
In object detection, the important metrics for evaluating an application model
are its accuracy (eqtn. 6.1) and mean average precision (mAP) value (eqtn.
6.2) of the Intersection Over Union ratio (eqtn. 6.3) of 0.5.

Accuracy =
True Positive + True Negative

Total Predictions
(6.1)

mAPInference =

∑N
i=1 APi

N
(6.2)

IoU =
Area of Intersection

Area of Union
(6.3)

Our work was to classify the point cluster from the radar output as one of
the six classes on which the YOLOv8 model has been trained. The shape and
size of the point cluster of a target varies with its position relative to the radar.
Thus, the benefit of using an object detection model for the point cloud output
of the radar is it provides additional information on the location of the target.
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Class % of instances above 500 points
0 .28
1 2.54
2 5.17
3 17.03
4 35.04
5 12.69

Table 6.1: The percentage of instances in each class where the point
cluster has above 500 points.

Thus in this project, accuracy is the most important evaluation metric. Ad-
ditionally, the precision and recall values have also been observed since the mis-
classification of the cluster can lead to an erroneous total count of the people.
Hence in all the cases, the analysis was primarily based on accuracy, precision,
and recall.
The details of the experiments have been consolidated in the table 6.4 and
should be referred to know about the various parameter values set to conduct
the experiments.

6.2 Baseline Results

At the start, we evaluated the YOLOv8 model by creating the input images
with only the positional data of the reflected radar points. It determined how
well the clusters can be detected based on their shape & size. This was done for
both the types of input, i.e. the zoomed image and the full image, to investigate
the effect of location information.

The zoomed image gave an accuracy of 0.6466 which would be translated to
64.6% and the full image had an accuracy of .6826, translated to 68.26%. Hence
with no information of the target being passed apart from its position and shape,
YOLOv8 could classify the clusters with a decent accuracy. After setting the
foundation, we formulated the later experiments to improve the classification
accuracy for the clusters by implementing the target’s state properties as meas-
ured using the mm-wave radar.

In addition to this, we implemented the PyTorch implementation of the Point-
Net model [31]. The model gave an accuracy of 31.5% after training on 50
epochs with a batch size of 32. Now this could be due to a couple of reasons.
Firstly, the mm-wave radar output is very scarce. From the data exploration
results, we found the below results for point density. We calculated the count of
instances with over 500 points and the class-wise results are as follows in table
6.1.

It was clear from the graph 6.2 that the mm-wave radar data was very scarce.
The baseline result of YOLOv8 was 32.9% higher than that of the PointNet im-
plementation that we used. Also unlike YOLOv8, the PointNet implementation
cannot extract features at various scales. The multi-scalar feature extraction
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Figure 6.2: The percentage of number of instances present per class
where the point count is above 500 points.

characteristic of YOLOv8 makes it a good choice for such a dynamic application.

6.3 Object to Focus

The first aspect of modelling the input was to decide on the focus of the cluster
in the image. The experiments were conducted by creating the input for zoomed
image and full image keeping all other factors constant.

As observed in figure 6.3, the model where the full image along with its loc-
ation information performed better than where only the cluster was sent. This
is due to the following reasons fact

• In the case of the full image the location information of the cluster is
inherent in the original scene which helps the algorithm to have a sense
of the size of the object relative to its distance from the data-capturing
device.

• The point cloud being of low resolution, the input image did not have
any significant advantage of implementing a zoomed image. Moreover,
YOLOv8 has a pyramid structure for feature extraction to extract features
from global to local scale. Hence, it is robust to low-resolution images.

• This low-resolution data of mm-wave radar requires lesser computational
memory and hence makes detection fast in the object detection model.

Thus for the final model, we selected the full image to be our approach to focus
on the target cluster.
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Figure 6.3: The accuracy, precision, and recall for Zoomed and Full
images have been compared.

6.3.1 Image Size

We conducted four sets of experiments whose results have been recorded in table
6.2. It could be seen that there was a slight difference in the inference accuracy
of the zoomed and the full images when their image sizes were reduced.
The invariant nature of the accuracy towards image size for the sizes 640 and
512, could be because mm-wave data is already widely spaced and also less in
number. Since there was no significant change by varying the image sizes, we
kept it to the standard YOLOv8 of 640 pixels in width.

6.3.2 Multiple point Information Retention

In Chapter 5, we discussed three strategies to select the most optimal one to
reduce the loss of information when multiple points have the same cell location
in the channel array of the image. The experiments to compare the information
retention strategies were conducted on zoomed images. The channels were SNR,
Doppler, and Azimuth. The results of the three experiments were evaluated and
recorded in 6.3.
The results show that the strategy of the highest SNR proved to be the most
efficient one. The results indicate that this is because of the following points.

1. The mean value of a highly spread-out dataset would never correctly rep-
resent the entire set. Hence the experiment with the mean value secured
the lowest accuracy amongst the three.
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Image Focus Image Size Accuracy (%) Precision (%)
Zoomed 640 68.98 71.72
Zoomed 512 67.98 69.43
Full 640 70.55 71.97
Full 512 71.2 72.06

Table 6.2: The accuracy and precision of images with sizes 640 and 512
respectively have been compared.

Retention Strategy Accuracy (%) Precision (%)
Interquartile Range 68.98 71.72

Mean 67.96 70.56
Highest SNR 70.09 71.38

Table 6.3: The accuracy, precision, and recall values of the different
information retention strategies.

2. It was observed that the remaining two strategies led to close values of
accuracy. If we analyze the results of the IQR strategy, it represents the
range of the values in the case of the highly varied datasets. In this case,
the result performed better because most of the pixels had multiple points
mapped to them. Which led to the majority of the pixels having a range
to represent. Moreover, when the data was analyzed before performing
these experiments, we found that the standard deviation of the SNR in
particular was very high. However, this analysis was constrained to the
particular dataset that we created. Hence, we can conclude that if the
current dataset is increased in the future with more instances then it is
essential to analyze the variability of the SNR and Doppler values before
choosing the IQR strategy.

3. The heuristics that we proposed involving the highest SNR resulted in the
best accuracy among the three. This is mainly because the higher the
value of SNR, the more credible the information that the reflected wave
carries. Even though it might appear in some instances that a Doppler,
Range, or Azimuth value has been selected that is lower than its highest,
we can have assurance that the one having the highest signal strength has
been chosen. Also, to take care of the same, we use the scaling factor so
that the values are optimized to represent the overall set.

Hence, for the final model, the highest SNR strategy was selected for information
retention.

6.3.3 Channels

Different combinations of the three channels of an image were experimented to
explore which properties demonstrate the characteristics of the cluster that help
in its detection. The table 6.4 shows how the model performed on the various
inputs.
The results of the combination of SNR-Doppler-Azimuth and SNR-Doppler-
Point Density were almost similar. The least performing combination was that
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Object to Focus Channels ImgSz Info Retention Accuracy(%) Precision (%)

Zoom Red, Blue, Green 640 Not Applicable 64.66 68.41
Full Red, Blue, Green 640 Not Applicable 68.26 70.56
Zoom SNR, Doppler, Azimuth 640 Mean 67.96 70.56
Zoom SNR, Doppler, Azimuth 640 IQR 68.98 71.72
Zoom SNR, Doppler, Azimuth 512 IQR 67.98 69.43
Zoom SNR, Doppler, Azimuth 640 Highest SNR 70.09 71.38
Full Range, Doppler, Azimuth 640 IQR 68.31 71.2
Full SNR, Doppler, Azimuth 640 IQR 75.26 76.06
Full SNR, Doppler, Point Density 640 Highest SNR 72.83 74.73
Full Std. Dev SNR, Std. Dev Doppler, Mean Azimuth 640 IQR 70.55 71.97
Full Std. Dev SNR, Std. Dev Doppler, Mean Azimuth 512 IQR 71.2 72.06
Full SNR, Doppler, Azimuth, Point Density 512 Highest SNR 79.66 80.21
Full SNR, Doppler, Azimuth, Point Density 640 Highest SNR 79.21 80.31

Table 6.4: The following experiments were conducted during the thesis
project showing their image size, information retention strategy, and
channel combination along with the accuracy and precision of the
model.

of Range-Doppler-Azimuth. This might be because the range and azimuth are
properties that contribute to the positional information of the points and hence
the shape. The fact that the Range-Doppler-Azimuth combination was not as
accurate as the SNR-Doppler-Azimuth value indicates that sending the Range
information might have been redundant data. Hence we used the combination
of SNR, Doppler, Azimuth, and Point Density while creating the four-channel
tensor.

6.3.4 Tensor vs Image

The main motivation to modify the input format as a tensor was for the im-
plementation of increasing the number of channels. We extended the model to
include 4 channels instead of 3. The motivation was to investigate whether the
YOLOv8 model could handle additional channels. The large scale of the model
was used because the first convolution layer of the architecture had 64 channels
as output, unlike the other scales like nano, small, or medium.

There are a few highlights of using tensors over images in an object detection
model from the CV field.

• Firstly, images were lightweight in file size compared to tensor files. That
made training faster compared to training tensors.

• Tensors paved the way to increase the number of channels. The charac-
teristics of YOLOv8 can be maintained by changing the architecture of
the model to incorporate the increase in the number of channels.

• We could not use the YOLOv8 image transforms on the tensors. But we
overcame this challenge by incorporating transforms suitable for tensors.

6.4 Comparison of the models

We observed from figure 6.5 that starting from a baseline accuracy value of
64.66%, the results of the model improved by formatting the radar output data.
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Figure 6.4: The accuracy of the models implemented was compared.
Here S,D,A stands for SNR, Doppler, and Azimuth, and R,D,A
stands for Range, Doppler, and Azimuth.

The final formatted input model secures an accuracy of 79.21%. After research-
ing its various aspects from focus, information retention, resolution, and chan-
nel combination to the input type being tensor or image, it was seen that the
highest-performing input was a combination of SNR, Doppler, Azimuth, and
Point Density. The image size has been maintained to be 640 and the focus was
the cluster along with its original position in the frame. It was also clearly seen
that introducing the target’s state properties along with its shape and size did
play a significant role in improving the detection accuracy.

6.5 Final Model

Below are the details for the final model.

• Image Size - 640

• Input Type - Four-Channel NPY file

• Channels - SNR, Doppler, Azimuth and Point Density

• Information Retention Strategy - Highest SNR

• Object to Focus - Full Image

• YOLOv8 Model - Customized Large scale YOLOv8

• Accuracy - 79.215

• Precision - 80.316

• Recall - 79.21

• inference iOu - 0.6

• mAP@0.5-val - .931

In addition to this, figure 6.5 shows the confusion matrix of the final model.
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Figure 6.5: The confusion matrix of the final model. C0 - C5 denoted
the classes 0, 1, 2, 3, 4 and 5.
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Chapter 7

Conclusions

7.1 Conclusions

In this thesis, we developed a strategy to identify the strength of a group of
people walking outdoors, from mm-wave radar output. The work concluded the
following points.

• We created a dataset of over 20000 instances, with real-life radar and
camera data of people walking in groups on the street, as provided by the
AMS Institute team. The dataset contains CSV files of the point cloud
of each group categorized into strengths of one, two three, and four. The
dataset also contains the point cloud of groups greater than four people,
all accumulated under the strength of five, as well as that of bikes, and
background clutter. We refined the point cloud further using DBSCAN
to remove additional outliers.

• We selected a computer vision algorithm YOLOv8 by Ultralytics for the
detection model through the literature survey. YOLOv8 was preferred
over other DL models so that a balance is maintained between the speed
of detection and the accuracy. Furthermore, computer vision models for
object detection usually work well with low-resolution images. Since the
output from the mm-wave radar is of low resolution, we investigated if
YOLOv8 can be a feasible choice for operation.

• We bridged the gap between the non-visual radar point cloud and the
visual input format of YOLOv8 by drafting a method to utilize the target’s
state properties and visually present them as point cluster images. These
point cluster images are then used as input to the YOLOv8 model. To
do this, we used the x & y coordinates of the points to create an array
format, the properties like azimuth, SNR, etc, to pass as channels and
then developed the images.

• We extended the model by increasing its number of channels from three to
four. We customized the YOLOv8 existing code to suit the processing of
four-channel tensors. Starting from the baseline experiments that showed
an accuracy of 64.66%, we finally achieved an accuracy of 79.21% by im-
plementing four-channel tensors.
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7.2 Future Work

Using mm-wave radar data in PC is a very vast research area and has several as-
pects that can be individually taken up as proper research topics. Through this
thesis project, the problem of identifying the group strength of people outdoors
has been tried to be addressed. While doing so, a computer vision algorithm
was chosen to research its feasibility of being used for radar data. The motiva-
tion was that CV algorithms have decent speed and accuracy in object detection.

This work can be further extended in a couple of directions.

• The strength of the group our model can detect is up to four. Anything
beyond four was categorized into five for simplicity. One major work can
be to create a big dataset that covers groups of more than four people
together, different outdoor locations, cluster information of vehicles, etc.
In addition to that data should be collected at various times of the day
and weather conditions to incorporate the dynamic nature of the outdoors.
This will help in further exploration of mm-wave data for PC.

• In this project, we have extended the YOLOv8 input to four channels.
More channels can be explored to support further improvement of detec-
tion accuracy. The neural architecture can be expanded or improved to
accommodate more channels

• The focus has been only on identifying the number of individuals in the
group, but in the broader perspective it will be used for PC using a Kalman
Filter. In such a situation, the temporal information of the target can
enhance the counting accuracy. This can be done by combining LSTM.

• Another approach would be to use transformers in combination with YOLOv8
and utilize the concept of attention to further the contextual information
of the various state property combinations.
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Appendix A

APPENDIX TITLE

A.1 Architecture Diagram of YOLOv8 by Ul-
tralytics

The visualization of the figure A.1 was created by a Github user RangeKing.

A.2 Hyperparameter values and GPU Details

The hyperparameter values of the YOLOv8 model were kept constant for all
the experiments unless mentioned explicitly. The following table A.1 shows the
different values of the important hyperparameters.

YOLOv8 has the option to automatically select a suitable optimizer depend-
ing on the iterations[46]. If the number of iterations is less than 10,000 then
AdamW optimizer is used. Otherwise, the Stochastic Gradient Descent (SGD)
optimizer has been used. For the experiments conducted during this research,
the SGD has been used.

Hyperparameter Value

Epochs 100
image size 640

learning rate 0.01
iou 0.7

batch 16
momentum 0.9

Table A.1: Hyperparameter values of YOLOv8s used for the experi-
ments.

In order to train the experiment models, the GPU server of the Embedded Net-
work Systems department has been used. The details of the processor as used
by YOLOv8 was - CUD: 0 (NVIDIA A40, 45449 MiB).
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Figure A.1: Detailed Architecture Diagram of YOLOv8
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