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Non-line-of-sight object localization using multipath wave propagation - a machine learn-
ing approach

ELLINOR LUNDBLAD, ISAK WALDENER

Department of Electrical Engineering

Chalmers University of Technology

Abstract

This thesis report examines the application of machine learning models for detecting and
positioning of non-line-of-sight (NLOS) and line-of-sight (LOS) targets using multi-path
wave propagation. The report commences with exploring the data simulation process, em-
phasizing the distribution of scenarios and the incorporation of NLOS timeframes. The
simulation aims to include variations in the dataset, enabling the models to understand
the problem comprehensively. Next, the report focuses on machine-learning positioning,
comparing the performance of two models: the U-Net and a Convolutional Neural Net-
work (CNN). Both models achieve similar accuracy, but U-Net outperforms CNN in terms
of mean squared error (MSE) and average Euclidean distance (AED). The report evalu-
ates the models’ performance on different scenario labels, scenario types, and numbers
of targets. Finally, the report examines object tracking using machine learning measure-
ments. The tracking algorithm demonstrates high performance, achieving low average
Euclidean distance (AED) and absolute errors in position, velocity, heading, and turn-rate
state estimation. The report concludes that machine learning models show promise in
identifying and positioning NLOS and LOS targets, and object tracking using machine
learning measurements yields satisfactory results.

Keywords: radar, multi-path, NLOS, U-Net, CNN, machine-learning, object tracking,
multi-object
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Introduction

1.1 Introduction

1.1.1 Background

The Swedish "Nollvisionen" - the Zero Plan- aims to reduce fatal traffic incidents to zero.
Last year, 2022, marked the 25th year since "Nollvisionen" was introduced. By October
2022, 178 people had died in traffic accidents in Sweden that year [1]. Sweden has among
the safest roads in the world [2], but if we want to achieve our goal, we still have work to
do.

Many automotive companies and researchers are working to increase the safety of road
users and motorists. They develop driver-assisting technologies such as lane departure
warning systems, adaptive cruise control, and emergency braking to ensure safer roads
[3]. Aptiv is one of the companies in the industry of enabling safer driving. They utilize
many technologies, including radar.

Radar is one of the most common technologies to detect objects and potential hazards in
the driving environment. It has several upsides; unlike many other vision systems, such
as cameras, its physical characteristics allow it to work in different weather conditions,
including snow, rain, and fog [3].

Another potential upside of radar lies in the very core of its characteristics, the fact that it
reflects on surfaces. We want to use this attribute in our project. While cameras or humans
cannot detect objects around street corners or behind other cars, the reflecting nature of
radar allows it to "see" around corners or cars, potentially discovering hidden objects and
counteracting collisions. These types of radar detections are called multi-path detections
since they have more than one reflection. The points of reflection are generally unknown,
creating a setting where infinitely many solutions are possible. Therefore, finding the
position of an object detected by multi-path radar is difficult. As a result, multi-path radar
detections are generally unused, considering only targets in the Line-Of-Sight (LOS) of
the radar [4].

Recent research attempts Non-Line-Of-Sight (NLOS) object detection and positioning in
simulated and real-world scenarios with varying results. The most common approach
is to use classical optimization algorithms, primarily nonlinear least squares and maxi-
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mum likelihood [5]. In [6], an improvement of the maximum likelihood estimator using
Taylor-series expansion-based linear quadratic programming is introduced and tested in
simulations. The maximum likelihood approach is applied in real-world scenarios in
[4]. Attempts to apply machine learning algorithms in NLOS object-tracking scenarios
have been made. Several studies, using either real-world or simulated data, have applied
machine learning models to position and describe objects in the NLOS scenario with
promising results [7, 5, 8].

The attempts to detect NLOS objects have thus far been limited to single object detection.
This report explores the detection of NLOS targets in a multi-object setting. This project
aims to build on the studies made in the field by testing different machine learning meth-
ods for NLOS object detection in a multi-target setting. The project is done with Aptiv
and use their radar technology and expertise.
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1.1.2 Preliminary aim

The project aims to build a machine learning model to detect and track non-line-of-sight
(NLOS) and line-of-sight (LOS) objects in risk scenarios using radar multi-path wave
propagation.

1.1.3 Demarcations

The project is limited to automotive settings, with a single front radar sensor mounted on
a host car.

The project will mainly focus on simulating data and the results of the machine learning
model on simulated data. The simulated dataset will consist of scenarios in which multi-
path radar detections indicating the NLOS object can occur.

The data will consist of scenarios with 19 timesteps of 0.2 seconds, resulting in a total of
4 seconds per sequence. The thesis will only handle sequences of the same lengths.

The machine learning models and the dataset will be limited in size due to limited com-
putational power.

1.1.4 Problem formulation

The project will explore the application of machine learning methods in a non-line-of-
sight (NLOS) radar tracking scenario. The central part of the project will consist of a data
simulation and a machine learning application on the simulated data, concluding with
a multi-target Kalman-based tracker of object position, velocity, heading, and turn rate
using the machine learning outputs. The main points to examine are the following:

* How can we simulate a large and balanced data set covering a range of scenarios
with NLOS objects where multipath-radar detection can occur?

* How well does a machine learning model, trained to detect scenarios where NLOS
objects are present, perform?

* How can we develop and optimize a machine learning model to achieve high per-
formance on the simulated dataset? With radar detection positions as input, the
model is expected to generate accurate object positions as output.

* How well do the machine learning models perform in a multi-target setting? How
does this compare to a single-target setting?

* Does the performance vary for the different simulated scenarios? Why?

* How can the machine learning outputs be used in an algorithm to track objects’
position, velocity, heading, and turn rate over time?
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Theory

2.1 Radar fundamentals

Initially an acronym for RAdio Detecting and Ranging, RADAR has become a universally
recognized term due to its widespread use in modern technology[9].

Radar systems typically include a transmitter, an antenna, a receiver, and a signal proces-
sor. The transmitter generates electromagnetic waves, which are emitted by the antenna
[10]. The waves "reflect" on surfaces and are captured by the receiver upon their return.
After that, they are processed by the signal processor. In this thesis, the radar is mounted
on a car called the host.

The reflected signals are used to identify objects of interest near our radar. By measuring
the time it takes for the waves to return to the sensor, the system can determine the distance
to the object. The frequency shift of the reflected waves can be analyzed based on the
Doppler Effect to determine the targets’ velocity [11]. This analysis is used to determine
the range and range rate (radial velocity). The azimuth angle of the target is determined by
the pointing angle of the antenna’s main beam, or by use of a phased array antenna [10].
These values are typically presented relative to the mounted radar and need ego-motion
compensation 2.1.1. The range r and azimuth angle 6 can be seen in Figure 2.1.

Figure 2.1: Figure of the host car with front-facing center mounted radar in blue, with
range denoted r and azimuth angle 6 relative host
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2.1.1 Ego-motion compensation

The ego-motion compensation allows us to separate the movement of the host (the ego-
motion) from the radar measurements. The range rate is corrected to account for the
motion of the vehicle. The ego-motion compensation of the range-rate is described by the
equations (1) and (2).

The ego-motion induced radial velocity, v, is calculated as in the equation (1),
v, = —|U]cos(0), (D

where 6 is the azimuth angle and ¥ = [v,,v,]|7 is the radar sensor velocity in x- and y-
directions relative to ground [12]. Compensation of the range rate r, given the ego-motion
induced radial velocity v,, is described in Equation (2).

r=17— "0 2)

The radar data is very noisy by nature and requires a lot of signal processing. Noise
sources in the radar data include;

* background returns; reflections on non-target objects
* electromagnetic interference,
¢ and electronic noise [10].

In this thesis, the idea is to utilize reflections on non-target objects, to get information
about target objects. The electromagnetic waves reflect on a different object before and/or
after reflecting on the target object. This is described as multi-path radar detecting and is
described further in Section 2.1.2.

2.1.2 Multi-path scenarios

In Figure 2.2, a host car with a mounted radar in blue, labeled (a) detects a target object
labeled (b) through direct or multi-path radar. The possible paths include:

1. Direct path radar: a-b-a (host-target-host).
2. Multi-path radar, a-c-b-a (host-object-target-host)
3. Multi-path radar, a-b-c-a (host-target-object-host)

4. Multi-path radar, a-c-b-c-a (host-object-target-object-host)
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Figure 2.2: Figure over different radar paths from host (marked with blue mounted
radar) and the target car

In cases two and three, the object commonly has detections at the object’s surface and
can be visible through single-path detections. This is the most common source of radar
multi-path [10]. The last case, four, is more complicated and relevant to the project. It
includes more advanced cases, for example, the one described in Figure 2.3.

2,4

Figure 2.3: Advanced case of host-object-target-object-host multi-path detection

In this report, Non-line-of-sight (NLOS) refers to objects without direct path detections. If
an object is considered in the line-of-sight (LOS), this does not mean it has no multi-path
detections; it simply means that it has direct detections.
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2.1.3 MATLAB radar simulation

A simulation environment can be controlled to create scenarios where multi-path propa-
gation can occur. We need specific circumstances for these reflections to happen, and they
are simpler to achieve in a controlled simulated environment.

This thesis uses the MATLAB Automated Driving Toolbox [13] to simulate scenarios
combined with the MATLAB Radar Toolbox to simulate radar [14]. The MATLAB
Radar Toolbox outputs detection-level radar data. The detections from Radar Toolbox
are reported in the host vehicles coordinate system. The coordinate system used is the
ISO 8855, which has the x-axis pointing forward from the car and the y-axis to the left
[14].

The simulation takes object positions and velocities as input. This input works as ground
truth for our machine learning models.

2.2 Machine learning

A machine learning algorithm is an iterative process wherein a computational model,
such as an Artificial Neural Network or a linear model, is trained to effectively represent
a particular dataset, targeting a specific objective, without requiring explicit programming
[15]. Through training, the model progressively learns to capture the dataset’s underlying
patterns by adjusting its parameters in response to new data instances.

The trainable parameters in artificial neural networks generally include weights and bi-
ases. In the figure 2.4 is a simple artificial neural network . This model is a fully connected
feed-forward neural network, as every neuron in a given layer connects to each neuron in
the following layer. These types of layers are also referred to as Dense layers.

-

Figure 2.4: Figure of a simple feed-forward network with 1 hidden layer.

The output from each neuron is multiplied by a weight w, and a bias b is added as de-
scribed in Equation (4). This value is then propagated through an activation function
[16].
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Given the notation in (3),

Layer Layer Layer
h’numbe'r? Wy, in,n out? bnumber (3)

The hidden layer neurons for layer 2, k2 = [h2  h%  h2) are defined by the matrix-vector
equation in Equation (4), where w are the weights, and b the biases [16].

1
N R R S A R R @
And in general, for layer [, the matrix equation becomes (Equation (5)).
AW+ ot = B (5)
If the layer includes an activation function g the equation becomes (Equation (6)),

R = g(h'W! 4+ ) 6)

Without the activation function g, these simple types of neural networks are essentially
matrix multiplications and can only capture linear relationships. With the activation func-
tion, neural networks become expressive and can capture non-linear relationships [16].
Activation functions are further covered in Section 2.2.7.

2.2.1 Convolutional neural networks

One specific Neural Network is the Convolutional Neural Network (CNN). CNNs are
most successfully used on data with spatial dependencies as, for example, image data.
CNNs use alternating convolutional and pooling layers as a key component.[16]. The
layers are described in Figure 2.5, as well as in more detail in Figure 2.7 and Figure 2.8.

3x3 convolution 2x2 max pooling

Figure 2.5: Figure of a 3x3 convolution and 2x2 max-pooling of an input

The convolution and max-pooling filters pan over the image as seen in Figure 2.6. The
image shows filters with size 3x3 and step size 1. The filter moves over all columns for
each row in turn. The same operation is applied for each 3x3 input. Larger step sizes and
padding (added zeros around the input shape) affect the output and its shape.
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Figure 2.6: Figure showing how a 3x3 filter pans over the input image with step size 1
and padding 0.

Convolutional layers consist of one or more filters that pan over the image input, as shown
in Figure 2.6. The convolutional step is described in Figure 2.7, where the 3x3 input in
blue is passed through the 3x3 filter in grey, resulting in the 1x1 output in blue.

2 (1
1134
0|-1

Figure 2.7: Figure of one step in convolution with a 3x3 input in blue, a 3x3 filter in
grey, and a 1x1 output in blue. This step is iterated over the entire input image.

The filter in Figure 2.7 contains 9 individual weights and a bias term, b, which is added
as described in Equation (7) Define inputs, filter weights, and biases as z;;, fi;, and b,
respectively, where ¢ determines the row number and j is the column number. Given an
activation function g, one convolution step can be described as in Equation (7) [16].

N N
Output = g (Z > fijwi — b) (7)
v

This step is iterated over the entire image, as described in figure 2.6.

Convolutional layers are commonly followed by max-pooling layers, as described in Fig-
ure 2.8. The maximum value in the 2x2 input cell is used as output.

10|24

9 [14]

Figure 2.8: Figure of a 2x2 max-pooling with the input in the 2x2 grid to the left, and
the output in a 1x1 square to the right.

10
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A model with alternating convolutional and pooling layers performs well on pattern recog-
nition tasks since they implement parameter-sharing [16]. Each filter pans over the input
and applies the same weights on all inputs.

2.2.2 U-Net

The U-Net is a specific CNN commonly used in image segmentation and classification.
The model is an encoder-decoder model and consists of two parts. The first part is the
encoder, which converts the input to a smaller dimension and extracts important features
from the data. The second part is the decoder, which converts the encoded input back to
the input dimension [17].

The encoder and decoder parts of the model are built up by blocks for downsampling or
upsampling, respectively. Each downsampling block has an increasing number of filters
in the convolutional layers [17]. The upsampling blocks work in the opposite way, with
a decreasing number of filters for each block. An overview of the U-Net model is seen
in Figure 2.9. In Appendix A.1, a more detailed version of the U-Net architecture is
available.

Encoder Part Decoder Part

P e
1
1

Upsampling block

v Yo
Decoder Part ' Output block !

[ VA U DU U U

Figure 2.9: An overview of the U-Net model architecture. The * indicates a convolution
step, the 1 indicates an upsampling, and the + indicates a matrix addition. Multiple
layers of downsampling and upsampling blocks can be used, indicated by the dotted

arrow at the bottom of encoders and decorders.

In the model in this project, the downsampling blocks are built using separable convo-
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lutional layers (Section 2.2.3) and max-pooling layers (Section 2.2.1). The max-pooling
layers are used to downsample and extract important features. The upsampling blocks use
transposed convolutional layers (Section 2.2.4). The transposed convolutional layers are
used for upsampling and generating a feature map greater than the input.

The model was initially successfully used in biomedical image segmentation [17]. The
U-Net model has been used to process radar images in multiple reports [18, 19, 20] with
good results.

2.2.3 Seperable Convolutional layer

The separable convolution layer consists of two steps: a depthwise spatial convolution,
then a pointwise convolution [21]. The depthwise convolution performs convolution with
one filter for each depth layer. For a 3-depth input, three filters are used. The output from
the convolution is then used for the pointwise convolution. For pointwise convolution, a
1x1 filter is convoluted over all input channels and each point in the input [21].

2.2.4 Transpose Convolutional layer

A transpose convolutional layer is used for upsampling data by doing convolution on
a modified input. The layer works by adding extra zeros to the output to increase the
dimension of the input [22]. After the input is increased, convolution is applied to the
new input. This results in an output feature map of greater dimension greater than the
input. The steps of a transposed convolution are displayed in Figure 2.10.

1(1]1
1(1]1
1(1]1

Figure 2.10: Figure over transposed convolution, with 3x3 input in blue, which is
padded into a 7x7 grid, applied a 3x3 filter (in grey) convolution with step-size 1,
resulting in the blue 5x5 output.

2.2.5 Dropout layer

Dropout layers are used in models to avoid overfitting, which is described in Section 2.3.2.
During training, neurons in the layer are set to zero with a given probability P. This
is done to prevent interdependence between neurons in a layer and is a way to prevent
overfitting [16].
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2.2.6 Batch normalization

Batch normalization is used in models to accelerate and make the training more stable.
This is accomplished by normalizing the layer inputs. The normalization fixes the input
mean values and variances, making it possible to use higher learning rates [23].

2.2.7 Activation functions

Activation functions are used in neural network layers to map the output from the layer to
a given function. They are used in the networks to capture non-linear relationships [16].

2.27.1 ReLU

The Rectified Linear Unit (ReL.U) function is commonly used as an activation function in
neural networks [16]. The function returns the passed value, z, if positive, and O if it is
negative. In Equation (8) below, the ReLU function can be seen.

f(z) = max(0, z) ®)

2.2.7.2 Sigmoid

The Sigmoid function is commonly used as an activation function for the output layer in
binary classification networks. The reason is that the functions convert the layer output to
a value between 0 and 1, which means the output can be interpreted as probabilities [16].
The sigmoid functions can be seen in Equation (9) below.

/(@) !

1+ exp(—x) ©)

2.3 Model training

Before training the model, the dataset is randomly split into training, test, and validation
datasets [24]. The training dataset is used in the model training, the validation dataset is
used in hyper-parameter tuning and early stopping (Section 2.3.2), and the test set is used
in the final evaluation (Section 2.5). The test set typically includes the larger part of the
data.

In machine learning, models are optimized to fit a training dataset. The training typically
occurs over a large number of epochs. In each epoch, the training algorithm processes
the complete training dataset, wherein the model parameters undergo updates aimed at
minimizing a specific loss function relative to the training data. This is done using an
optimizer, typically a version of stochastic gradient descent [16].

Gradient descent uses the gradient of the loss function with respect to each parameter to
decide the parameter’s new value. The parameter, 6 is updated according to Equation (10),

where 7 is the learning rate and g—z is the gradient of 6 with respect to the loss function L
[15].
oL
0 =0—n— 10
U (10)
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The learning rate, 7, decides how much a training sample affects the model parameters.
Stochastic gradient descent is a version of gradient descent where random samples of
the training data are used to compute the loss instead of the entire dataset. The Adam
optimizer is an adaptable version of the stochastic gradient descent [25].

In supervised learning, the loss function compares model outputs and expected targets,
increasing as differences between them grow. [15]. The training is an optimization with
respect to this loss function.

This project’s positioning machine learning models are applied to a version of a classifi-
cation problem. While the output, in the end, is interpreted as positions in an x-y grid, it
is actually represented as probabilities (values between 0 and 1) of positions on the grid.
The loss function is, therefore, one that is commonly applied to classification problems -
Binary Cross-Entropy (also known as log-loss), presented in Equation (11) [26].

The classification models have only a single output that is correct, making the Categorical
Cross-Entropy more suitable. The Categorical Cross-Entropy loss is defined in (12).

2.3.1 Loss functions

The loss functions used to optimize the machine learning models are Binary Cross-Entropy
and Categorical Cross-Entropy, as presented in this section.

2.3.1.1 Binary Cross-Entropy

Binary Cross-Entropy (log-loss) is a loss function used for binary classification problems.
The loss gets affected for targets 0 and 1, which makes it work well with Sigmoid ac-
tivation that outputs values between 0 and 1. The function can be used for multi-label
classification since it calculates the loss for each neuron individually. The function is
presented below in Equation (11) [26].

L(%,y) = —AZ Z [Ym log(ho(zm)) + (1 — ym) log(1 — hg(,,))] (11)

Where M is the number of samples, y,, is the target and z,, is the input value for each
sample, and hy is the model with parameter set 6.

2.3.1.2 Categorical Cross-Entropy

Categorical Cross-Entropy is a loss function used for multi-label classification problems
with only one correct class. The loss function is a version of Cross-Entropy loss for when
the output is one hot encoded. The loss function is shown in Equation (12).

1 K M
L(#,3) = =57 22 2 Y log(ho(wm, F) (12)

k=1m=1
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In the equation, K is the number of different classes in the output. M is the number of
samples, 4 is the target for class k and z,, is the input value, and hy is the model with
parameter set 6 [26].

2.3.2 Opverfitting

As described in Section 2.3, the model weights and parameters are adjusted to the training
data and the selected loss function. As the model is introduced to the data multiple times,
its weights are tuned to the specific problem. Overfitting occurs when the weights are
adapted to the training set so that the model loses generalizability and corresponds to a
performance loss on the test set [24].

The validation dataset can be used to prevent overfitting by introducing early stopping
[24]. When the performance on the validation stops increasing or decreases for a given
number of epochs, we consider the optimal weights found and stop model training [24].

Moreover, the validation dataset can be used to tune hyperparameters, such as the learning
rate and the number of epochs. These adjust how much the model parameters (weights
and biases) are affected by new samples and training time, respectively [16]. Another
dataset, the test set, is used to evaluate final performance. This is done to increase the
generalizability of the model.

2.4 Object tracking

Multi-target tracking complicates the multi-path problem and requires an algorithm to
keep track of the objects. The chart in Figure 2.11 describes a common architecture used
in object tracking in automotive settings [27]. The pipeline handles objects and their states
over time, creating new and killing old objects as new observations are made. The gating,
data association, track management, and state estimation steps are described below. These
are necessary steps to track multiple objects.

Data Association Track Management
List of

observations

List of
tracks

State Estimation <

Figure 2.11: Object tracking pipeline including gating, data association, track
management, and state estimation.

2.4.0.1 Gating

The radar sensor samples the environment with a given frequency. At each new time
step, new measurements are used to improve the representation of the environment. The
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measurements are noisy, and a gating step is used to discard irrelevant or erroneous mea-
surements. For example, very unlikely measurements given prior knowledge or known
environmental constraints can be removed.

2.4.0.2 Data Association

At each new time step, the measurements are associated with existing objects. There are
various ways to associate measurements. In this project, the Manhattan distance between
the measurement and the track position is used. If (z1, ;) and (z2, y2) are two points, the
Manhattan distance between them is described as in Equation (13).

Manhattan Distance = |21 — 23| + |y1 — 2. (13)

If detections are within a specific distance of the track, they are associated with that target.

2.4.0.3 Track Management

Track management includes killing and creating objects and sometimes splitting and
merging. Objects with no associated measurements are deemed irrelevant and removed/killed,
and measurements with no associated objects can be used to create new objects. In com-
plex environments, splitting and merging objects are necessary steps, but are deemed
unnecessary for the simulated scenarios in this thesis.

2.4.0.4 State Estimation

The measurements associated with each individual track are used to update their estimated
state. The tracks are commonly updated using a motion model and Kalman filtering, as
described in Section 2.4.1.

2.4.1 Kalman filtering and motion model

Kalman filtering is an optimal estimation algorithm often used in object tracking. A
Kalman filter algorithm is based on two main steps; prediction and update. The prediction
step utilizes a model that, given prior knowledge, can predict the next step. In our case, the
underlying model is a motion model that can predict an object’s next position, velocity,
heading, and turn rate, given the previous values of these states. The automatic weighting
of the measurement and model prediction makes the Kalman filter powerful. It uses the
probability distributions of the measurements and model predictions to estimate the actual
state.

2.4.1.1 Update step

The Kalman state update consists of three steps formulated below as equations; the state
update equation (15), the covariance update equation (17), and the Kalman gain calcula-
tion (20). The state update equation is described in simple terms as in Equation (14)

Current state estimate =Prediction of the current state

+ Factor (Measurement — Predicted value of the current state),
(14)
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where the factor is commonly referred to as the Kalman Gain, K, and the (Measurement —
Predicted value of the current state) is called the innovation. In matrix notation, the state
update equation becomes,

Thje = Tpjp—1 + Ky Uy, (15)
where Ty, is the updated state,
U = Zp — HTpp—1 (16)

is the innovation, K, is the Kalman gain, and H is the observation matrix given in Equa-
tion (26). z;, is the measurement [28].

The covariance update equation is given by Equation (17),
Pk = Pep—1 — KipSkKY, 7

where Py, is the covariance matrix of the current state estimation, and S, is defined by
Equation (18),
Sy =HPy1H" + R, (18)

where H is the observation matrix, and R is the measurement noise covariance matrix
[28].

The Kalman gain equation is described by Equation (19),

Variance in estimate

Kalman gain = - - - - ; ) (19)
Variance in estimate + Variance in measurement
and in matrix notation by Equation (20).
Ky, = Py H'S; . (20)

2.4.1.2 Prediction step

The state prediction step consists of two parts presented as equations; the state prediction
(21) and covariance extrapolation (22). In our case, the underlying model is non-linear
(24). This means the equations will need linearization. Below, the prediction step equa-
tions of an Extended Kalman Filter are presented, which utilizes first-degree linearizations
in the prediction step [29].

The state prediction is described by Equation (21).
Tph—1 = [(Tkjp—1) (21)
The covariance extrapolation is described by Equation (22).
Pyjp—1 = f,(ii'kl\Icfl)Pkﬂkflf,(ijcfl)T +Q (22)
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Where ()} is the process noise matrix, and the function f is defined by the underlying
model, in this project, a discretized constant turn rate and velocity (CTRV) model, de-
scribed by Equation (25). The state, x; for time step k is described by the vector in
Equation (23),

Tr= (o Yo v O wi), (23)
where xy, y;, are the absolute x- and y-positions in meters, vy, is the velocity norm in m/s
relative to ground, 6, is the heading in radians, and wy, is the turn rate in radians/s.

The prediction and update steps are iterated over time as new measurements are intro-
duced, as pictured in Figure 2.12. At each new timestep, a filter prediction is made [28].
A measurement update is made if there is a measurement at the new time step. If there is
no measurement at that time step, only the prediction step is done.

Filter prediction Measurement update Measurement

Figure 2.12: Figure of the prediction and update steps for the Kalman filter

2.4.1.3 Motion model

Equation (24) describes a simplified version of the CTRV model in [30] for timesteps of
size T.
Vg—1€08(0k_1)
Vgp_18in(0x_1)
Tp =T+ T 0 (24)
Wk—1

0

Equation (24) results in the expression for f(Zy;—_1) in Equation (25).

Tp—1 + TUk_1608<9k_1)
Yk—1 + Tvp_151n(0p—1)
f(j?k\k—l) = Vk—1 (25)
Or—1 + Twr—
We—1

2.4.1.4 Measurements and observation matrix

In this thesis, the measurements z;, = [x,, yz]T that the Kalman filter receives positions
in x- and y-coordinates. This gives an observation matrix, /1 described in Equation (26).
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100 00
= l() 1 00 0] ’ (26)
The innovation equation (16) becomes
Lo N Thik—1
U = 2 — Hyxppo1 = — | . . 27
k= 2k kTklk—1 lyj lyklk—ll 27

2.4.1.5 Filter tuning

The process noise matrix, (), in Equation (22) should be selected to represent the process
noise as a covariance matrix. A large value for () results makes the filter more sensitive
to the measurements, and a small value makes the measurements have a smaller impact
[28].

Moreover, the measurement covariance R matrix and the initial estimate covariance F,
matrix must be selected.

2.5 [Evaluation and evaluation metrics

In the evaluation of the machine learning models and the tracking algorithm, the following
evaluation metrics are used.

2.5.1 Machine Learning evaluation

2.5.1.1 Accuracy

The accuracy for a set of predictions, given that the number of correct predictions is
known, is defined by Equation (28).

Number of correct predictions
Accuracy = ; (28)
Number of prections

2.5.1.2 Mean Squared Error

Given N pairs of points #; and ;, their Mean Squared Error (MSE) is defined by Equation
(29).

1 X s
Ni:l
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2.5.2 Object tracking evaluation metrics

2.5.2.1 Average Euclidean Distance

Given N pairs of points, (Z;, 3;), (z;,y;) in 2D, their Average Euclidean Distance (AED)
is defined by Equation (30).

1 X N
AED = N ; \/(xl —2i)? + (9 — vi)? (30)
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Methods

3.1 Data generation through simulation

The project commenced by simulating a large amount of data tailored to create specific
multi-path scenarios. The dataset was simulated using the MATLAB environments Auto-
mated Driving Toolbox and Radar Toolbox.

The Automated Driving Toolbox made designing and simulating driving scenarios pos-
sible. The toolbox came with a driving scenario designer, which could be used to create
scenarios that replicate the real world. In the scenario designer, a scenario could be cre-
ated by placing roads and targets. Trajectories and velocities could be set for the targets,
which they would follow during the simulation. This made it possible to simulate sce-
narios with moving targets. To simulate houses next to the road, walls were added. Each
house was placed at the corners of the intersection and was built using two walls.

To simulate the radar on the host, the Radar Toolbox was used. The radar toolbox made
it possible to simulate how a radar would behave in the scenarios. The data from the
radar was returned in the form of radar detections (Section 2.1.3) with the parameters
range, azimuth, and range rate as described in Chapter 2.1. Each detection also returned
the target hit, and, in the multi-path case, it returned both the target and the reflection
target. This made it possible to automatically annotate the data. The detection data also
contained the number of reflections, making the separation between multi-path and direct
hits simple.

In the simulation, a front radar was used, mounted on the center of the host with a 0°
angle. The detections from the simulation were reported in the host coordinate system.
In all the scenarios, the host vehicle was moving. To get the range rate relative ground, it
had to be ego-motion compensated as described in Section 2.1.1.

The positions, velocities, and labels (see Table 3.1) were extracted for the target objects
in the simulation. The host position and heading in world coordinates were extracted for
conversion from relative to absolute positions, as described in Section 3.3.
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3.1.1 Scenarios

The data set included variations of some scenarios where multi-path propagation was
possible. The scenarios include variations of

* Four-way intersection
* Three-way intersection
* 90° angle turn

* Curve with guardrail

The scenarios used were chosen due to their high likelihood of providing NLOS multi-
path detections (Section 2.1.2). They are also scenarios that are common in reality. The
scenarios were also easy to modify outside the designer. The scenarios were run for four
seconds with 0.2 seconds between each timeframe extracted from the scenario, resulting
in 19 timeframes per scenario.

One scenario used was a four-way intersection. The scenario was simulated with a host
car and one to three target targets. All targets had different initial positions, and only
one car was allowed at each entrance to the intersection. Figure 3.1 shows an example
with the maximum number of cars. In the figure, the houses are brown next to the road.
The host car is visualized in blue color and the other cars are the targets. The lines show
the trajectory of the host and targets. The scenario simulated different types of four-way
intersections with between one to four houses.

60
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201

4

Q
L8]

X (m)

_20 L
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Figure 3.1: Example of a four-way intersection scenario where the host is shown in blue
color, targets in orange, yellow, and purple, and walls in dark brown.
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Another scenario used was a three-way intersection. The scenario was simulated using
a host car and one or two target targets. Since the scenario isn’t symmetrical, the initial
position of the host was varied. This was done to ensure that all different scenario varia-
tions were included in the dataset. As in the four-way scenario, only one car could have
an initial position at each entrance to the intersection. The scenario was simulated with
one, two, or three houses. The position of the houses can be seen in Figure 3.2. In the
figure, the host car is visualized in blue color and the other cars are the targets. The lines
show the trajectory of the host and targets.
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Figure 3.2: Example of a three-way intersection scenario where the host is visualized in
blue, targets in orange and yellow, and walls in dark brown.

Another scenario used was the 90° angle turn scenario. This scenario simulated a 90°
angle turn with houses next to the road. The scenario was used since it generated multi-
path detection and is an NLOS scenario. In the scenario, the host had a random initial
position to generate data for both right and left turns. The scenario and the trajectories of
the host and target can be seen in Figure 3.3.

The final scenario used was a curve with a guardrail. Again, the scenario was used since
it is common in traffic and generates NLOS multi-path. When generating the scenario,
three road centers were used. The MATLAB function then used these road centers to
create the road. The road center in the middle was randomized to generate a different
variation of the same scenario. This resulted in the curve changing in each new scenario.
In the scenario, two cars were used, the host and one target. The cars’ initial position and
trajectory can be seen in Figure 3.4.
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Figure 3.3: Example of a 90° angle turn scenario where host is shown in blue, target in
orange, and walls in dark brown.
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Figure 3.4: Example of a curve with guardrail scenario with host visualized in blue,
target in orange, and walls in dark brown.

To increase the size of the dataset, the scenarios described above were used as a base to
create new variations of the scenarios. The variation in the scenarios was achieved by
randomizing different parameters for both the targets and the scenario.
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3.1.2 Scenario variation

For the host and target objects, three parameters were randomized; initial position, veloc-
ity, and end position. The initial positions were randomized in both x- and y-direction.
The values were randomized by different amounts depending on the scenario type and tar-
get start position. For non-symmetric scenarios (for example three-way), the start position
needed to be randomized to get all different versions of the scenarios. The variation in
velocities was achieved by randomizing a value in a range between 7 and 12 m/s. For each
scenario, the object had two velocities; one until it reached the intersection and another
after. MATLAB handled the amount of acceleration or breaking. For the intersection sce-
narios with multiple targets, a traffic light function was implemented to randomize which
cars could drive through the intersection. This was done to prevent cars from driving into
each other and to mirror reality.

For the scenario parameters, three changes were made to create variation. For each sce-
nario, a random number of walls were used. In addition, the walls were offset from the
road with a random value between 0 and 2 m. This replicates reality where houses are
placed at different offsets from the roads. The last modification to the scenario was to
have a varying road width between 5 and 10 m.

3.1.3 Scenario labeling

As described in Section 3.1, the radar detections’ reflection points were accessed and al-
lowed automatic labeling of our dataset. All moving objects in the scenario were labeled,

using the points of reflection, at each time step. The objects were labeled as presented in
Table 3.1.

Table 3.1: Table over object labeling in simulation data

Type of reflection Label
Direct reflection on a target 0
Direct reflection and multi-path reflection on target | 0
Multi-path reflection only 1

No reflection on target -1

After that, the scenarios were labeled per time step, using the labels in Table 3.1.
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Table 3.2: Table describing scenario labels for the dataset

Object labels Scenario Label | #* | Scenario description

All Os or -1s LOS 0 The ob;ects in the.scenarlo all
have direct reflections.

Contains object 1 | There are objects in the scenario

LOS + NLOS that have direct reflections and objects
that only have indirect reflection.

The objects in the scenario only have
indirect reflections.

The objects in the scenario are not
detected (have no reflections on them).

labeled both 0 & 1

All 1s or -1s NLOS 2

Only -1 labels No detected car | -1

*: numerical label

The data also includes categories referring to the different types of scenarios for use in
the result analysis.

3.1.4 Data preprocessing

The data from MATLAB comes in the form of detection data including range, range
rate, and azimuth. The detection data was first ego-motion compensated as described
in Section 2.1.1. Thereafter, the detection data was converted from polar coordinates to
x- and y-positions for use as input for the machine learning models. Finally, the data
was converted into a grid format to be used as input in the machine learning models, as
displayed in Figure 3.5.

The grid format used consisted of two layers of size 128x128. The first layer was a binary
layer that had a one if there were a detection in the grid position, otherwise a zero. The
second layer had the detections’ range rate as the value instead of a binary value. This grid
format is suitable since the number of detections and objects varies between the different
scenarios and the timeframes of a single scenario.

Converting the data from the simulation to a grid format was done by rescaling the x- and
y-position to the grid size. The rescaling was done using Equation (31). The equation
rescales from the old x- and y-range in MATLAB to the new grid range.

. rangegrid (XparLap — MAINMATLAB) .
Tgria = + Mingriq 3D
g g
TangeMATLAB

In the equation above, z ;a7 45 1S the X-value from the MATLAB simulation. rangeyarrap
is the difference between the maximum and minimum x-values in the simulation data.
rangeg,iq is the difference between the max value of the grid and the min value of the
grid, which is 128. minyrarrap is the minimal value in the simulation and min,,q is the
minimal value in grid. The detection data from the simulation was between 0 and 150 m

in x and between -45 and 45 m in terms of y. The cars’ ranges ranged between -50 to 80

m in x and between -50 and 50 m in y.
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(a) Figure showing the grid placement (b) Figure showing the detections to
in the scenario grid convertion

(¢) Grid representation used for the
machine learning models

Figure 3.5: Representation of the grid conversion from detection to the grid, not shown
in correct grid scale

In order to enhance the resolution of the grids without increasing their size, two modifica-
tions were implemented. The first modification involved eliminating cars located behind
the ego vehicle, as they are undetectable by radar. Subsequently, the grid was repositioned
with the host origin situated at the midpoint of the grid edge, as illustrated in Figure 3.5a.

The next improvement was to filter out detection and cars outside a given boundary. This
removed all detections that had a range greater than 80 m. The boundary of 80 m was
chosen since we only simulate objects at a maximum range of 80 m. Detections that had
a normed y-value greater than 40 m were removed. This boundary for y was chosen to
get the same grid resolution in both x and y. Filtering out detections far away improved
the resolution since the scaling is done from a smaller range. The detections to grid
representation can be viewed in Figure 3.5. The figures show where the grid is placed in
the scenario and how the detections are converted to a grid representation. In the figure,
direct path detections are shown in black, and multi-path detections are shown in yellow,
red, and purple. The different multi-path cases are presented in Section 2.1.2. In Figure
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3.5c¢ the final grid used as input is shown. The grids shown in the figures are not true to
scale and are solely used to visualize the conversion from detections to grids.

3.2 Application of machine learning model

The data was split into separate training and test sets, where the training set was used in
hyper-parameter tuning and network fitting. The hyper-parameter tuning was done for
the learning rate used in the model. The validation set was used for hyper-parameter
tuning and early stopping (Section 2.3.2), and the test set was used for result analysis.
The training set consisted of 64 % of the data, the validation set 16 %, and the test set 20
%. Note that since the data from the simulation consists of 19 timesteps long sequences
(a total of four seconds), the split was done such that data points from the same sequence
are in the same set split. This to prevent the models from being evaluated on scenarios
they have already encountered.

The machine learning models were constructed in Python. The Keras package was used
to create the models. Keras is an API for deep learning that runs on top of TensorFlow, a
machine learning platform. Keras was chosen due to previous experience in the package.

3.2.1 Implementation

Three machine learning tasks were implemented, as listed below, where the main goal
was the last task.

1. Scenario Labeling task: Use a Convolutional Neural Network (CNN) to classify
the scenarios, with the target labels as in 3.2.

2. Number of object estimation: Use a CNN to identify the number of targets in the
scenario.

3. Positioning task: Use the position of the target objects in the simulation data as a
target and train a Deep CNN to position the unknown object.

3.2.1.1 Classification

The same network structure was used for the scenario labeling and the number of object
estimation tasks described above. The network was a CNN with three convolutional layers
(Section 2.2). This network structure was selected for its relatively small size and simple
structure, and its ability to process image-like data. Between each convolutional layer
was a max-pooling layer. The final max-pooling layer was followed by a Dropout-layer
and a flattened layer. A flattened layer is used to flatten the output to a one-dimensional
array. The last two layers in the model were Dense ReLLU layers with 64 and 4 neurons.
The output layer had 4 neurons because the classification tasks had 4 classes each.

The input data was on a grid containing information about radar detections’ positions and
range rates as described in section (Section 3.1.4), and the target was a number between
-1 and 2 for the labels and between O and 3 for the number of cars. The model used a
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sparse categorical Cross-Entropy as the loss function. The loss function works well for
the output data since only one category is correct at each time step. The optimizer used
was the Adam optimizer with a learning rate of 0.0028 for label classification and 0.00025
for the classification number of objects.

3.2.1.2 Positioning CNN

The first machine learning model used for positioning was a CNN model. The model con-
sisted of three convolutional layers with max-pooling layers in between (Section 2.2.1).
Following the convolutional layers were four dense layers (Section 2.2). The first three
dense layers used a ReLLU activation function (Section 2.2.7.1). The final dense layer
in the model was the output and had a Sigmoid activation (Section 2.2.7.2). A Sigmoid
activation was used for the output to return the probability that an object is in a specific
position in the grid. This allows for the interpretation of the outputs as probabilities. One
extra output unit was added to represent when no target object exists in the scenario. This
was needed to ensure convergence of the loss function; the output target always had one
position with a value greater than zero.

The loss function used for the model was Binary Cross-Entropy as described in Section
2.3.1.1. The loss function was used since the target output is binary and the possibility
to interpret the outputs as probabilities. As multiple outputs could be correct, binary is a
better choice compared to Categorical Cross-Entropy. Binary Cross-Entropy works well
for the output used since it computes the loss by comparing each output to the true value.
The model was trained using the Adam optimizer with a 0.005 learning rate (Section 2.3).

The input to the model was a three-dimensional grid, with radar detection positions and
range rates as described in Section 3.1.4. The grid input works well with convolutional
layers that need the input to be a grid. The targets described in Section 3.1.4 were flattened
to match the output layer of the model, and an extra position was added last in the target.
The last position in the flattened output was set to one if no object existed in the scenario
and zero otherwise.

3.2.1.3 Positioning U-Net

The second model used was a U-Net model, which is described in Section 2.2.2. The
U-Net model was selected because of its promising results in radar applications and its
ability to process image-like input data. The first layer in the model was a convolutional
layer. The model consisted of three downsampling blocks, which were followed by four
upsampling blocks. The final layer of the model was a convolutional layer with a Sigmoid
activation function that returned a grid with the probabilities of object positions. The
output was in the form of the targets described in Section 3.1.4.

The U-Net model utilizes convolutional layers, max-pooling layers, separable convolu-
tional layers, transposed convolutional layers, and batch normalization. These layers are
described in Section 2.2. An overview of the U-Net structure is seen in Figure 2.9, and a
more detailed version can be found in Figure A.1.

One downsampling block consists of two separable convolutional layers followed by a
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max-pooling layer. Before the separable convolutional layers, a ReLU layer was used, and
after the convolutional layer, a batch-normalization. The last layer in the downsampling
block was a convolutional layer. The downsampling blocks used an increasing number of
filters to sample down the data from the previous block. This means that the number of
filters needs to be a power of two for the model to work. Therefore, the model used 64,
128, and 256 for the downsampling blocks.

The upsampling blocks were built with the same structure as the downsampling blocks.
Instead of the separable convolutional layer, a convolutional transpose layer was used.
The max-pooling layer was changed to an upsampling layer. The upsampling blocks used
a decreasing number of filters to sample up the data. The number of filters used was 256,
128, 64, and 32.

The loss function Binary Cross-Entropy and the Adam optimizer with a 0.0017 learning
rate were used.

The three-dimensional input and two-dimensional outputs described in Section 3.1.4 were
used for the model. Since U-Net returns a grid, an extra position for when no objects exist
could not be added. This was solved by setting the top left corner to one if no objects
existed in the target. Since the model outputs are the same dimensions as the input data,
there is no need to flatten the target data, which could lead to information loss.

One variation of the U-Net model was to use two timesteps as input for the model. The
input for the model was the input data at the previous time step ¢, ; and the current
time step t,,. The model then used this input to predict the position for the target at ¢,,.
This variant was examined to see if the model could use previous data to improve the
prediction.

3.2.2 Result analysis

After training a machine learning model, its results were verified on a test set. The out-
come of the analysis on the test set was visualized in plots using Python, using appropriate
evaluation metrics.

3.3 Object Tracking

After the result analysis, the outputs of the best-performing machine learning model were
used to track the objects over time. The tracking algorithm utilizes the machine learning
outputs as measurements for x- and y-positions in the model.

The machine learning model that predicts the number of targets was used to decide how
many measurements to use so that the number corresponds to the number of targets, n.
The output from the positioning model was preprocessed so that the n most likely posi-
tions are provided as measurements to the tracking algorithm.

As the positional output from the machine learning was in a grid format relative to the
host, the measurements were converted from the grid format to Euclidean coordinates
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and to absolute instead of relative coordinates. First, the positions x and y were rotated
according to Equation (32), where 6 is the heading angle of the host.

Trotated = T cos(0) —y sin(0)

- (32)
Yrotated = T Sln(@) +y COS(@)
Then, the positions were translated according to Equation (33).
Tworld = Trotated T Thos
1d tated host (33)

Yworld = Yrotated T Yhost

The positional measurements, Tyorid, Yworida Were passed through the tracking algorithm
at every time step, as presented in Figure 3.6.

Measurements
v 1. Kalman Prediction
i Measurement Association |
i « Kalman Update
. Not associated 3. Check if kill track i
i measurements

_________________________________________________________

1. Measurement Association |
2. Create Track .

Not associated
measurements

Figure 3.6: Image description of the tracking algorithm.

First, the algorithm loops over already existing tracks. All existing tracks use their previ-
ous state in a prediction step in the Kalman filter as described in Section 2.4.1.2. Then,
the measurements are associated with the existing tracks. If a measurement is within 5
meters of Manhattan distance (Equation (13)) to the track’s latest state, the measurement
is associated with the track. The Manhattan distance is used since the targets move in or-
thogonal directions in the majority of the scenarios, meanring that the scenarios are typical
for those seen in a Manhattan-like grid, with 90° angles, as described in Section 3.1.1. A
Kalman measurement update is done if the track receives an associated measurement, as
described in Section 2.4.1.1. If the track has not received an associated measurement in
two iterations, it is killed and will no longer be used.
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The measurements not associated after passing through all existing tracks are checked
against the pre-tracks. The same association step is done for all the pre-tracks. If the pre-
track has not received measurements in three iterations, it is killed and removed. Then, if
the pre-track has more than two associated measurements, it is used to create a track. The
initial state position, velocity, and heading of the track are calculated from the pre-track
measurements as described in Equations (34) - (36), where v is the velocity, ¥ = [z, y]T
is the position, and 6 is the heading. N is the number of associated measurements to the
pretrack. The initial turn rate was set to 0.

o Tpretrack end — Lpretrack start 34

Vtrack = NAt ( )
1 N

Tirack = N Z Tpretrack (35)

Otrack = atan?2 (yN_y())

IN — Xo

(36)

where atan?2 is the two-argument arctangent, which returns an angle 6 between —7 and
.

If there are still measurements that are not associated after passing through all tracks and
pre-tracks, they are used to create new pre-tracks.

This algorithm was iterated over each scenario of 19 timesteps separately so that at the
start of a new scenario no tracks exist.

3.3.1 Filter tuning and result analysis

Since the actual target positions and velocities were known from the simulation, the track-
ing error was calculated by comparing the estimated positions and velocities with the cor-
responding known targets in the simulation. The target that had the smallest difference in
position was selected as the matching target. Its velocity and position were then used to
calculate errors. These errors were used to tune the Kalman filter and present the tracking
algorithm’s resulting errors.

A tuning algorithm was constructed to select the values for the () and F; (initial value
for P) matrices (Section 2.4.1) in the Kalman filter. The algorithm chosen was random
search, sampled from a normal distribution. The sampled values for I, and () were
evaluated on all the data, combining velocity Means Squared Error (MSE) (Equation (29))
and Average Euclidean Distance (AED) for the x- and y-positions (Equation (30)).

The random search means and standard deviation were updated such that the mean val-
ues of their distributions were the values with the lowest resulting error. The standard
deviations used in the distributions were decreased as the number of iterations increased.
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The value for the measurement error matrix, R, was calculated by measuring the errors in
x- and y-positions from the machine learning model output. Their covariance matrix was
used as R.

3.4 Algorithm summary

The steps above are summarized in Figure 3.7, which describes the machine learning and
tracking pipeline employed in this project.
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Figure 3.7: A figure over the tracking pipeline implemented in this project. The three
main components are the positioning machine learning model, the number of cars
predictive model, and the tracker. The pipeline displays how the input from one timestep
is used to create a state vector containing position, velocity, heading, and turn rate.

The input matrices, containing information about radar detection positions and their range
rate, are used as input into two separate machine learning models. One, the positioning
model, outputs a target position grid with positional probabilities. Using the output of
the other machine learning model, which predicts the number of targets, the n largest
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grid probabilities are used as positional measurements for our tracking algorithm. This
pipeline is iterated for each time step and outputs a Kalman state vector with the estimated
state for each target.
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4.1 Simulation

A

Results

This section presents the simulated datasets and their distributions of scenario labels,

types, and number of targets.

In Table 4.1, the distribution of scenario timeframes can be seen for the training dataset,
where each timeframe represents the data from a single timestep. The majority of the data
set is LOS timeframes, as seen in Table 4.1a. Table 4.1b shows the distribution between
the different scenario types. There are more four-way and three-way scenarios compared
to the other types. The majority of the timeframes include one target, thereafter two, zero,
and three targets. Few timeframes with three targets exist In Figure 4.1, the distribution
of timeframes can be seen for scenarios and labels. The three-way scenarios contain the
most NLOS targets and the four-way scenarios contain the most LOS + NLOS. The figure
shows that in the 90° angle turn and curve scenario, the target is mostly either NLOS or
not visible. In the figure, no timeframes for LOS+NLOS exist in curve and 90° angle turn
scenario due to the scenario only containing one target.

Table 4.1: Distribution of scenario labels, types, and number of targets for the training

(a) Scenario label

dataset

(b) Scenario type

distribution distribution
No target 2383 Four-way 4864
LOS 5158 Three-way | 4731
LOS + NLOS | 1968 Curve 1216
NLOS 2651 90° angle turn | 1349

(c) Distribution of the
number of targets

0 | 2383
1| 5802
2 | 3508
3| 467
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Figure 4.1: Heatmap over the distribution of scenario types and labels in the training
dataset

The corresponding distributions for the test dataset can be seen in Table 4.2. The distri-
bution follows the distribution of the training dataset. Figure 4.2 shows the distribution of
timeframes over the scenarios and labels.
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o LOS 105 49 500
5
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5 - 400
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Figure 4.2: Heatmap over the distribution of scenario types and labels in the test dataset
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Table 4.2: Distribution of scenario labels, types, and number of targets for the test

dataset
(a) Scenario label (b) Scenario type (c) Distribution of the
distribution distribution number of targets
No target 697 Four-way 1406 0| 697
LOS 1699 Three-way 1710 1| 1862
LOS + NLOS | 593 Curve 361 211102
NLOS 811 90° angle turn | 323 3| 139

4.2 Machine Learning

All evaluation of the machine learning models is done on the test set described in Section
4.1. The training of the models is done on a separate training set. Machine learning mod-
els were constructed for three different tasks, scenario labeling (Section 4.2.1), number of
targets prediction (Section 4.2.2), and positioning (Section 4.2.3).

4.2.1 Scenario labeling model

The results of the classification model trained to predict the scenario label; NLOS, LOS
+ NLOS, LOS, or no target, are presented below.

In Figure 4.3, the confusion matrix for predicting labels is presented. The diagonal indi-
cates correct prediction, and the other grid positions indicate incorrect predictions. The
heatmap shows that the model predicts correctly for the majority of timeframes. This can
be further seen in Table 4.3 where the accuracy for each scenario label is shown. The
model learns to classify the different labels well and achieves the best accuracy when
no target exists. The table shows that the model performs similarly for LOS and NLOS
predictions but has slightly poorer performance on LOS and NLOS combined.

Table 4.3: Label classifiction accuracy for each scenario label

Scenario Label | Accuracy
No target 99.70 %

LOS 98.29 %
LOS + NLOS | 97.30 %
NLOS 98.34 %
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Figure 4.3: Confusion matrix for scenario label prediction.

The label classification accuracy for each scenario type is presented in Table 4.4. The
model has the highest accuracy in three-way and curve scenarios and the poorest accuracy
in the 90° turn scenario.

Table 4.4: Label classification accuracy for each scenario type

Scenario Type | Accuracy
Four-way 97.01 %
Three-way 99.64 %

Curve 99.45 %
90° angle turn | 96.59 %

4.2.2 Number of targets model

Presented in this section are the results from the classification model used to predict the
number of targets in a scenario. The predicted number of targets is used in object tracking
to extract the relevant measurements from the positioning model.

The confusion matrix for the classification of the number of targets is shown in Figure 4.4
below. The correct predictions are displayed in the diagonal, where most of the predic-
tions are counted, indicating that the model classified the scenario timeframe correctly.
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Figure 4.4: Confusion matrix predicting the number of targets

Table 4.5 presents the accuracy for each class. The model has similar accuracy for zero
to three targets. The model achieves the poorest accuracy for two targets and the highest

for three targets.

Table 4.5: Classification accuracy for each number of targets

N.o. targets | Accuracy
0 98.20 %
1 98.30 %
2 97.11 %
3 98.56 %

The prediction accuracy with respect to scenario type is presented in Table 4.6. The model
achieves the best accuracy for three-way scenarios and the worst for four-way scenarios.

Table 4.6: Accuracy for each scenario label for the classification model

Scenario Type | Accuracy
Four-way 95.52 %
Three-way 99.59 %

Curve 99.72 %
90° angle turn | 97.83 %
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4.2.3 Positioning model

The final machine learning model results are presented in this section. The models evalu-
ated are U-Net and CNN. The U-net was also modified to take the previous and the current
timeframes as input data instead of only the current timeframe. This model is presented
below as U-Net 2t.

The table below presents the accuracy of the three models described in Section 3.2.1. The
accuracy is described by Equation (28). For a single prediction to be considered correct,
all values of the prediction array are the same as the expected outputs. Table 4.7 reveals
that the U-Net and CNN have similar accuracy and the U-Net 2t has a slightly lower
accuracy.

Table 4.7: Accuracy on the entire test dataset for the three different models

Model | Accuracy
U-Net | 93.16 %
U-Net 2t | 90.06 %
CNN 92.97 %

The table 4.8 shows the mean squared error for the different models over all scenarios.

Table 4.8: MSE for the three different models on the test dataset

Model MSE
U-Net 6.72 m?
U-Net 2t | 33.72 m?

CNN 26.92 m?

Table 4.9 shows the Average Euclidean distance for the different models.

Table 4.9: AED for the three different models on the test dataset

Model AED

U-Net | 0.21 m
U-Net 2t | 0.87 m

CNN | 0.84m

Figures 4.5 - 4.7 are histograms of the errors from the models. In the histograms, the
probability distribution functions are fitted on all the errors. The results with zero errors
have been excluded from the histogram to improve the visual clarity of the errors.

The error for the U-Net model is presented in Figure 4.5. The errors from the model are
close to 0 the majority of the time. The figure shows the x and y errors separately, and it
can be seen that the model has a lower maximum error for x compared to y. It can also be
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seen that the model has more errors in x than y. The mean and standard deviation further
shows this, where x has a mean closer to 0 and a smaller standard deviation. The error in
x has a mean value of -0.005 m and a standard deviation of 1.702 m; the error in y has a
mean of -0.029 m and a standard deviation of 1.954 m.
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Figure 4.5: Histogram showing the distance in x- and y-positions between target and
prediction for U-Net

The histogram in Figure 4.6 shows the errors for the U-Net 2t. It can be seen that the
errors in x are smaller compared to y. The error in x has a mean value of -0.0118 m and
a standard deviation of 3.299 m; the error in y has a mean of -0.249 m and a standard
deviation of 4.771 m.
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Figure 4.6: Histogram showing the distance in x- and y-positions between target and
prediction for U-net 2t
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The errors are shown as a histogram for the CNN model in Figure 4.7 below. The model
has more errors in x compared to y. The error in x has a mean value of -0.056 m and
a standard deviation of 3.223 m; the error in y has a mean of -0.059 m and a standard
deviation of 4.065 m.

x-position error distribution y-position error distribution
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Figure 4.7: Histogram showing the distance in x- and y-positions between target and
prediction for CNN

4.2.3.1 Comparison for different scenario labels

A result comparison for the different scenario labels: No target, LOS, LOS + NLOS, and
NLOS was done.

Figure 4.8 displays the accuracy of the three models for each scenario label. It can be
seen that the U-Net and CNN model achieve similar accuracy for the different labels. The
U-Net 2t performs slightly worse for all four labels.
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Figure 4.8: Positioning accuracy for the different models with respect to the scenario
labels

Table 4.10 presents the accuracy values for the different labels plotted in Figure 4.8. The
table shows that U-Net achieves the best accuracy for the label no target, followed by
CNN. The columns referring to timeframes containing targets (LOS, LOS + NLOS, and
LOS) display a similar performance of U-Net and the CNN model. The U-Net 2t has a
poorer performance for all scenario labels.

Table 4.10: Position accuracy for the different labels

Model | Notarget | LOS | LOS+NLOS | NLOS

U-Net | 99.57 % | 93.70 % 96.62 % 84.56 %
U-Net 2t | 95.85 % | 90.55 % 92.20 % 82.64 %

CNN 99.14 % | 93.11 % 97.30 % 84.09 %

4.2.3.2 Comparison for different scenario types

A result comparison for the different scenario types: no target, LOS, LOS + NLOS, and
NLOS was done.

Figure 4.9 shows the positioning accuracy for the different scenario types. All models
achieve the highest accuracy for the three-way scenario and the lowest for the 90° turn
scenario. In the four-way scenario, the CNN and U-Net models achieve better accuracy
than U-Net 2t. In the curve scenario, the U-Net model performs best, followed by CNN.
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Figure 4.9: Positioning accuracy shown for each of the scenario types

Tables 4.11 present the accuracy values seen in Figure 4.9. The table shows that U-Net
and CNN achieve similar accuracy and that U-Net 2t achieves a lower accuracy in the
four-way and three-way scenarios. In the curve scenario, the U-Net model achieves the
best accuracy, followed by the CNN and U-Net 2t model. The models have a poorer
performance in the 90° turn scenario. All three models perform similarly for the scenario,

with U-Net performing best.

Table 4.11: Position accuracy for the different scenarios

Model | Four-way | Three-way | Curve | 90° turn
U-Net | 92.81% | 99.06 % | 88.09 % | 69.04 %
U-Net2t | 87.54% | 98.89 % | 82.16 % | 63.07 %
CNN 9324 % | 99.01 % | 85.04 % | 68.73 %

In Figure 4.10, the accuracy values for the U-Net model are displayed as a heatmap over
the labels and scenarios. The model achieves the best accuracy for LOS in the curve
scenario and the worst accuracy for no target in the curve scenario. LOS + NLOS have -1
accuracy in curve and 90° turn, which indicates that no timeframes for the scenario exist

in the data set.
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Figure 4.10: Heatmap showing accuracy for the labels and scenarios for the U-Net
model

Figures 4.11-4.14 show the confusion matrix for the different scenario types. In the top
left of the matrices is the number of times the model predicts no target correctly. The
bottom left is when the model predicts no target when a target exists. The top right is when
the model predicts the position wrong, and the bottom right is when the model predicts

the position correctly. The model predictions were considered correct if the predicted
position was less than 2 m from the target.

Figure 4.11 is the confusion matrix for the four-way scenario for the models. The mod-
els predict the correct position most of the time. One difference can be seen between
the U-Net models and the CNN model when the model predicts incorrectly. The U-Net
model predicts that no target exists more often than CNN, which instead predicts incorrect
positions. This trend can be seen in all the different scenario types.
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Figure 4.11: Confusion matrices for the four-way scenario

Figure 4.12 presents the confusion matrices for the three-way scenario. The models per-
form well for the scenario which can be seen from the low number of incorrect predictions.
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Figure 4.12: Confusion matrices for the three-way scenario

Figure 4.13 shows the confusion matrices for the curve scenario. The matrices show that
the models perform well and achieve low number of incorrect predictions.
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Figure 4.13: Confusion matrices for the curve scenario

In Figure 4.14, the confusion matrix for the 90° angle turn scenario can be seen. It can be
seen that the U-Net model predicts no target when a target exists half the time. The CNN
model predicts correctly that a target exists but predicts an incorrect position which can

be seen in the top right in Figure 4.14c.
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Figure 4.14: Confusion matrices for the 90° angle turn scenario

4.2.3.3 Comparison for different number of targets

The plot below shows the three models’ accuracy for different numbers of targets. The
accuracy values are from the test dataset described in Section 4.1. In Table 4.2c, the
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number of timeframes of each scenario type can be seen. Figure 4.15 shows that U-Net
and CNN achieve similar accuracy for zero to two targets, and CNN achieves a higher
accuracy for three targets. The U-Net 2t has lower accuracy for all numbers of targets.

100

98

96 1

94 1

92 1

Accuracy (%)

90

831 —@— U-Net
—8— U-Net 2t

86

CNN

1

2

Number of targets

Figure 4.15: Accuracy for different number of targets

The Table 4.12 below presents the accuracy values from Figure 4.15. The table shows
that U-Net and CNN achieve the best accuracy for no target. In scenario timeframes with
one target CNN and U-Net have the best accuracy, and U-Net 2t is slightly worse. The
same trend is visible in scenarios with two and three cars.

Table 4.12: Position accuracy for the different number of objects

Model | No target | One target | Two targets | Three targets

U-Net | 99.57 % | 88.93 % 95.82 % 96.40 %
U-Net2t | 95.85% | 86.19 % 93.48 % 86.46 %

CNN 99.14 % | 88.40 % 96.10 % 98.56 %
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4.3 Object tracking

The positional outputs from the best-performing machine learning model, U-Net, were
input to an algorithm to track the objects over time. They were used as measurements in
a Kalman filter as described in Section 2.4.1.1.

R is calculated to represent the measurement error covariance, calculated from the distri-
butions of errors in x- and y-positions from the machine learning model, as described in
Figure 4.5.

(37)

R [289 0744
~ 0744 3.82

The tuning of the Kalman filter resulted in the following values for () (38) and F, (39).

13.820 0 0 0 0
0 0421 O 0 0
Q= 0 0 0179 0 0 (38)
0 0 0 9.781 0
0 0 0 0 12,744
30.210 0 0 0 0
0 83.106 0 0 0
Py = 0 0 6.989 0 0 (39)
0 0 0  162.982 0
0 0 0 0 16.852

An example of the result of the algorithm is displayed in Figures 4.16, 4.17, and 4.18.
The plots show the measurements in x- and y positions as blue dots, the target values in
orange, and the predicted values in blue. The plots capture the behavior of the tracking
algorithm. Figures 4.16 and 4.17 show how the Kalman filter adapts the positional state
to the input measurements. Despite not receiving any velocity measurements, the tracker
also succeeds in estimating the objects’ velocities (Figure 4.18). The mean absolute error
in velocity over all scenarios and timeframes is 1.34 m/s, and the AED in position is 0.80
m.
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Figure 4.16: An example of the result of our object tracking in x-position, with the
target x-position in orange, the estimated x-position in blue, and the associated
measurements as blue dots.
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Figure 4.17: An example of the result of our object tracking in y-position, with the
target y-position in orange, the estimated y-position in blue, and the associated
measurements as blue dots.
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Figure 4.18: An example of the result of our object tracking algorithm in velocity, with
the target velocity in orange, the estimated velocity in blue.

The distributions of errors are displayed in the plot below. Figure 4.19 shows that the
distribution of x-position errors has a mean of -0.124 and a standard deviation of 0.878.
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Figure 4.19: Distribution of errors in x-position, with mean -0.124 m and standard
deviation 0.878 m.
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Figure 4.20 shows that the distribution of y-position errors has a mean of -0.119 m and a
standard deviation of 1.624 m.
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Figure 4.20: Distribution of errors in y-position, with mean -0.119 m and standard
deviation 1.624 m.

Figure 4.21 shows that the velocity error distribution has a mean of -0.47 m/s with a
standard deviation of 2.13 m/s.

Velocity error distribution

0.40

Probability distrnibution function w. 1 -047 and 0 2.13

0.35 1

0.30 1

0.25 1

0.20

Probability density

0.15 1

0.10 1

0.05 1

Figure 4.21: Distribution of errors in velocity with mean -0.47 m/s and standard
deviation 2.13 m/s.
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Figure 4.21 shows that the heading error distribution has a mean of 0.008 radians and a
standard deviation of 0.789 radians. This corresponds to 0.458 and 45 degrees.
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Figure 4.22: Distribution of errors in heading with mean 0.008 radians and standard
deviation 0.789.

The plot 4.21 shows that the heading error distribution has a mean of -0.013 radians/s and
a standard deviation of 0.401 radians/s. This corresponds to 0.7452 and 22.10 degrees.
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Figure 4.23: Distribution of errors in turn rate with mean -0.013 radians/s and standard
deviation 0.401 radians/s.
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From Figures 4.19, 4.20, and 4.21, we can see that there is a larger spread in y than in
x. The velocity histogram 4.21 has a surprising spike between -8 and -10. This means
that the tracking algorithm overestimates the objects’ velocities. The plots below show
the absolute errors and their standard deviations over time. Note that the plots should
not be confused with a plot of the Kalman filter’s convergence over time. The number
of time steps refers to the time of the scenario, not the specific track. So a track with a
corresponding Kalman filter can be initialized at timestep 14, and its initial error will be
counted at timestep 14, not 1. Figure 4.24 shows the distribution of AED in position over
time. The error is continuously low, with an increase at around 12 timesteps.
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Figure 4.24: Distribution of Euclidean distance between target and estimated position

Figure 4.25 shows the distribution of absolute error in velocity over time. The error is of
similar size, around 1.2 m/s, over all timesteps, but increases towards the end.
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Velocity error over time
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Figure 4.25: Distribution of absolute velocity error over time

Figure 4.26 shows the distribution of absolute error in heading over time. The error in-
creases at around 10-13 timesteps and decreases again after around 17 timesteps.
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Figure 4.26: Distribution of absolute heading error over time

Figure 4.26 shows the distribution of absolute error in turn-rate over time. The error
increases over time, with some jumps at the end of the plot.
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Turn rate error over time
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Figure 4.27: Distribution of turn rate error over time

The following error analysis is focused on the position and velocity states since they are
the main focus of this thesis.

In Table 4.13, errors are presented for the different types of scenarios according to Table
3.2. The LOS label refers to scenarios with only targets in line-of-sight for the radar. The
NLOS label refers to scenarios with only targets not in line-of-sight for the radar. LOS
+ NLOS refers to a combination of the previously mentioned. The position and velocity
errors are similar for NLOS and LOS and the highest for NLOS+LOS.

Table 4.13: Table of errors for different scenario labels

Scenario Label | Mean Absolute velocity error | Average Euclidean Distance
LOS 1.15 m/s 0.73 m
LOS + NLOS | 1.37 m/s 1.01 m
NLOS 0.94 m/s 0.71 m

Table 4.14 shows the velocity and position errors for the simulated scenario types. The
velocity error is the largest for four-way scenarios, and the positional error is the largest
for three-way scenarios.
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Table 4.14: Table of errors for different types of scenarios

Scenario type | Mean Absolute velocity error | Average Euclidean Distance
four-way 1.72 m/s 0.65 m
three-way 0.79 m/s 0.94 m
Curve 0.94 m/s 0.47 m
90° Turn 1.58 m/s 0.50 m

Average Euclidean Distance with respect to scenario label and type

Mean absolute velocity errors with respect to scenario label and type
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(a) Heatmap of Average Euclidean distance
with respect to scenario label and type.
The largest error is 2.13 m for LOS +
NLOS and 4-way scenario. The smallest
error is 0.58 m for NLOS and Curve
scenario.

(b) Heatmap of Mean absolute velocity
error with respect to scenario label and
type. The largest error is 1.31 m/s for LOS
+ NLOS and 3-way scenario. The smallest
error is 0.347 m/s for LOS and 90°
scenario.

Figure 4.28: Heatmaps over errors in distance and velocity for the tracking algorithm.
For scenarios Curve and 90° turn, there are no scenarios with LOS and NLOS. These are
instead marked with a -1 in the plots.

The positional and velocity errors with respect to distance are presented in Figures 4.29
and 4.30, respectively.

58



4. Results
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Figure 4.29: Mean positional error with respect to distance from the host, sampled with
Im resolution

Velocity errors with respect to distance from host
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Figure 4.30: Mean velocity error with respect to distance from the host, sampled with
Im resolution
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Discussion

The thesis has examined the application of machine learning models to identify and de-
termine the position of NLOS and LOS targets. The results were presented in Chapter 4,
and in this section follows a discussion of them.

5.1 Data simulation

When simulating a dataset for a machine learning model, the data-simulation needs to be
planned to represent the problem the model should solve. In the dataset used, described
in Section 4.1, the distribution of the scenarios is done to get more timeframes from the
scenarios with more variation. In Table 4.1, the distribution shows that both four-way
and three-way have four times more timeframes compared to 90° turn and curve. The
reason for the large discrepancy in timeframes is the difference in the amount of variation
between the scenarios. The most impactful difference is the number of targets and the
number of houses.

An even split between the different scenarios could lead to better learning of the scenarios
with smaller variation but may lead to worse performance on the scenarios with large
variation. Too many of the same type could lead to increased accuracy for the models
without the model learning to solve the general problem.

The scenarios used for the dataset were chosen to contain at least one timeframe with
NLOS or LOS + NLOS. The reason was to get as many NLOS timeframes as possible.
In figures 4.1 and 4.2, which shows a heatmap with the number of timeframes for each
scenario label and type, it can be seen that all possible combinations of scenario labels and
types exist in both the training and test dataset. Now, the LOS + NLOS scenario labels
do not exist for Curve, and 90° turn, since these are not possible combinations. These
scenarios only contain up to one target. Since both the train and test datasets represent all
the combinations, the model has the possibility of learning to solve the problem.

5.2 Machine learning classification

The model structure used for the classification problems was a convolutional neural net-
work (CNN). A simpler model was used since the problems were simpler classification

61



5. Discussion

problems. The model showed good results in label classification, indicated in Figure 4.3,
and in the number of targets classification, indicated in Figure 4.4. The model structure
was not developed further since the model’s performance was deemed good enough for
both classification tasks.

5.3 Machine Learning positioning

The results of the CNN, U-Net, and U-Net 2t for the positing task are discussed in this
coming section.

5.3.1 Results

Predicting target positions using radar detections as input works well, as seen in Section
4.2.3. All model types showed good results and achieved good accuracy, as seen in Table
4.7. U-Net and CNN achieve similar accuracy, and U-Net 2t achieves lower accuracy.
The models may produce similar outcomes due to their shared layer composition. Both
U-Net and CNN use convolution as the primary layer for extracting features, and given
the results, the models seem to extract similar features. However, there are differences be-
tween the model structure and the results. The differences in model structure is discussed
further in Section 5.3.2.

While the models achieve similar accuracy, a difference can be seen in the distance error,
Mean Squared Error (MSE), and Average Euclidean Distance (AED). The MSE values
in Table 4.8 and AED values in Table 4.9 show that U-Net achieves a significantly better
result than the other models. The reason for the large difference can be seen in Figures
4.5 - 4.7, where histograms of the errors in positional prediction are shown. While the
mean errors are similar, the standard deviation in errors is almost doubled for U-Net 2t
and CNN compared to U-Net.

The underlying reason for this difference may be seen in the confusion matrices in Figures
4.11 - 4.14. The confusion matrices use a measure of 2 m Euclidean distance to determine
if a model has made a correct prediction. The confusion matrices reveal that U-Net often
predicts the absence of a target despite its existence, while CNN tends to predict the
presence of a target when one exists. This is particularly clear in Figure 4.14, but there is
a similar tendency across all scenario types. So, when the U-Net model is very uncertain
of the position, it outputs that no target is found. When the CNN model is uncertain,
it takes a guess at the position of the target. When the model outputs no target, it does
not affect the MSE, while the uncertain guess of the CNN model increases the MSE.
However, the U-Net also has higher accuracy, which would be negatively affected by the
guess of no target when there is one. The false positives indicated in the MSE of CNN and
Figures 4.11 - 4.14 is an undesired behavior since it can lead to, for example, unwanted
emergency breaking in an end application.

Moreover, Figures 4.5 - 4.7 show that most errors are equal to or close to zero. This
indicates that the model finds the object but doesn’t manage to predict the exact position.
To further evaluate the models, Figures 4.11 - 4.14 are reviewed again. The confusion
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matrices show that the models perform better when close predictions (less than 2 m away)
are considered correct compared to the accuracy.

The model’s performance on a subset of the data will now be discussed. Figure 4.8 shows
the position accuracy over different scenario labels. As seen in the figure, the models
achieved high accuracy for all the labels in the test data. The results show that U-Net
and CNN have better accuracy than U-Net 2t for all labels. The high accuracy for NLOS
indicates that the models learn to position the car even without direct hits.

Considering the different scenario types, the models perform well for the four-way, three-
way, and curve scenarios but have problems with the 90° turn scenario. This could be
because the 90° turn scenario contains walls on all sides except one, potentially generating
more direct and multi-path detections, resulting in a more difficult task for the models.

The high accuracy for the three-way scenarios in Figure 4.10 indicates that the introduced
variation didn’t work as expected. The scenario timeframes in the test set are either too
similar to the scenario timeframes in training data, or the positioning in the scenario is too
simple for the model.

The accuracy for different numbers of targets is shown in Figure 4.15. The models achieve
high accuracy for zero, two, and three targets and lower accuracy for one target. The
reason for the lower accuracy for one target could be that it exists in all scenarios, whereas
two and three targets only exist in two and one scenarios, respectively. The different
distributions of scenarios in the different number of targets affect the result, and the model
is not necessarily better at positioning zero, two, and three targets than it is at positioning
one target. It would rather be expected that positioning one target is simpler than two and
three.

The accuracy for no car is high for all scenario types and is probably due to the range rate
inputs. Because of ego-motion compensation, the input array should have only zeros in
the range rate input when no moving target exists, which the model most likely learns to
identify.

Note that the accuracy values measure how often the model predicts correctly for all
targets in the scenario. This value can be misleading since a prediction close to the target
still results in a wrong prediction. Moreover, if two out of three targets are correct, the
prediction is considered incorrect in the accuracy measurement.

The number of timeframes in each category and the variation can influence the accuracy
with respect to different labels and scenarios. As mentioned, This could be the case
when positioning three targets, which only occurs in the four-way scenario, while the
positioning of one target occurs in all scenarios. In Figure 4.15, it can be noticed that the
model achieves higher accuracy for three targets compared to one target. However, this
could be misleading since the distributions of scenario labels and types differ substantially
between the different numbers of targets, as seen in Table 4.2c.

Given the accuracy and MSE results, the U-Net model output was chosen for the ob-
ject tracking, which is further discussed in Section 5.4. The model was chosen since it
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achieved the best overall accuracy (see Table 4.7) and the lowest MSE (see Table 4.8).
The U-Net accuracy for each label and scenario is shown in Figure 4.10. The model suc-
cessfully learns to locate NLOS targets in nearly all three-way timeframes and a majority
of four-way timeframes. The model demonstrates decent proficiency in learning NLOS
for curve scenarios but exhibits poor learning performance for 90° scenarios.

5.3.2 Model comparison

The three models’ most significant differences are the outputs from the models and their
size. The output from the CNN model is a flattened one-dimensional array compared to
the grid output by the U-Net. The output of the CNN is flattened using ReLU layers. U-
Net, instead, recreates the input shape using convolutional layers. This could be a reason
for the difference in accuracy. The other significant difference is the size of the models.
U-Net is a larger model and uses more layers compared to CNN. This could be a reason
for the difference in accuracy.

The U-Net 2t was implemented to explore if more input data could be useful for the
model and if it could utilize previous timeframes to predict the next. Instead, the model
performed worse than the other models. A reason for the poorer performance could be
that model did not have the host velocity, and therefore, the model had trouble learning
how to utilize both timeframes. The inputs are, as mentioned in Section 3.1, relative to
the host, which moves. Using multiple timesteps as input also reduces the amount of data
that can be used to train the model because each input uses twice the size. More timesteps
could be used, but due to the limiting GPU memory, this would lead to a smaller dataset,
and since two timesteps didn’t show promising results, this was not further explored.

5.3.3 General machine learning

The machine learning models exhibited good results for the dataset used, as discussed
in Section 5.3.1. Keep in mind that machine learning models are trained based on the
available data and can consequently be sensitive to perturbations in the input data. A
machine learning driven car may be more sensitive to attacks by, for example, perturbation
of the radar signal than an explicitly programmed algorithm.

The models are only trained on four different scenarios and their variations. If the model
was tested on a completely new scenario, the results would likely not be as good. An
increase in the number of targets might cause confusion for the model since it only trained
on positioning three targets. The scenarios used in the dataset only have one target moving
in the same direction. If multiple targets were to move in the same direction within close
distance, the model could have difficulties detecting all cars.

Moreover, the input to the models contains the range rate. If the velocities of the targets
were lower, the range rate would be affected, which could lead to difficulties in positioning
the target.
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5.4 Object tracking

Object tracking using machine learning measurements proved to work well, as seen in
Section 4.3.

The object tracking was done using a simple motion model; a more advanced one may
be suitable for more difficult scenarios. The tracking algorithm was simple since we
only had up to three targets, which were fairly easy to discern from each other using the
machine learning measurements. The association step was more straightforward since
only one measurement was received per object. Moreover, the measurement quality from
the machine learning was high; the AED was 0.21 m (Table 4.9), and the squared errors
were 2.89 in x and 3.83 in y (Table 4.8). The high MSE (compared to AED) indicates that
the model sometimes makes large errors, but on average performs very well.

In Figures 4.16 and 4.17, the associated measurements, ground truth target, and state
prediction are shown. One can observe that the predicted path follows the measurements
closely. This is likely due to the low measurement errors in general, 0.21m in AED
(Table 4.9). When tuning the parameters, the average error was used, and the lowest was
achieved by being sensitive to the measurements.

The resulting positional and velocity errors from the tracker, 0.80 m and 1.30 m/s on
average, are considered a good result considering that our measurements were only of x-
and y-positions, not velocity. However, more effort can and should be put into the tracking
algorithm and Kalman tuning if it should work in more complicated tracking tasks. For
the simulated scenarios in this thesis, this tracking algorithm was considered adequate.

Some results of the object tracking need further discussion. Figures 4.19, 4.20, and 4.21
show the distribution of errors for the x- and y-positions, as well as the velocity. The
probability distribution for the y-position has a similar mean to the x-position but a wider
spread. The wider spread reflects the slightly larger spread in errors shown in the machine
learning results (Figure 4.5).

The velocity plot, Figure 4.21, shows a small probability of larger errors at around —10
m/s. This means that the tracker model overestimates the velocity and likely occurs when
the target stops or decreases speed abruptly. The velocity estimation may have a slower
change with respect to new measurements than the x- and y-positions, which could be
why we see this spike in the velocity histogram but not the position histogram.

The error plots over time; Figures 4.24 - 4.27 display some differences in error over time.
The smallest errors are in the beginning, which indicates that our way of estimating the
first state using the Pretrack module was successful. The errors grow slightly over time
in all plots. This does not necessarily mean that the tracking is poorer for later times. It
might be that the tracks later in the scenario are more difficult to track. There is a larger
probability of the target stopping at the end of the scenario than at the beginning since it
will not risk colliding with the host or other targets until after running for a few timesteps.
This is seen in the discussion of the velocity error distribution above. Moreover, detected
objects may not exist in all scenarios for the late timesteps. The more complex scenarios
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may have more objects at the end of the scenario, which would increase the error later in
the scenarios.

The errors of the tracking algorithm were also analyzed for the different scenario labels
and well as scenario types, as presented in Table 4.13 and Table 4.14. The heatmaps in
Figure 4.28 show a comparison of the errors for the different scenarios types and labels.

The AED heatmap in Figure 4.28a shows larger errors for the four-way scenarios in gen-
eral and the four-way scenarios with NLOS targets specifically. This does not reflect
the accuracy of the machine learning measurements given in the heatmap in Figure 4.10.
This may be because the accuracy measure does not necessarily translate well into a dis-
tance measure. Moreover, the measurement association step can filter out invalid mea-
surements from the machine learning model. This means that outputs from the machine
learning model can bring down the accuracy of the model without affecting the AED in
the tracker. Incorrect associations may cause high errors for LOS + NLOS and NLOS.
The four-way scenario allows up to three targets, which can be within a close distance
of each other at their closest point. This means that the association of measurements or
targets may be incorrect, causing a larger error.

Another surprising result when comparing to the heatmap over accuracy is that the curve
NLOS performance is high in the tracker but has low accuracy in the machine learning
model. Figures 4.11 - 4.14 indicate how the number of measurements that are within 2
meters from the host may give a better indication. For the curve scenario, this evaluation
metric (Figure 4.13) can explain the relatively low error for the tracking algorithm in this
scenario type. The number of predictions that are more than 2 meters away from the
target is comparatively low. The number of erroneous predictions of 90° turn is, however,
comparatively high, as seen in Figure 4.28a, which is reflected in the U-Net accuracy in
that scenario (Table 4.10).

The heatmap of mean absolute velocity error 4.28b errors differ from the heatmap of
positional errors position plots. Since the tracker receives the positions as measurements
and the velocity is estimated using a motion model, there can be some differences in
which scenarios perform best.

Thereafter, the positional and velocity errors with respect to distance from the host were
analyzed. Figure 4.29 displays a lower positional error with increasing distance from the
host. This may be a surprising result but can be explained by the nature of the simulated
scenarios. NLOS can only occur in close proximity to the host, and LOS allows us to
detect targets further away. This means that all targets more than 40 meters away are in
the LOS of the host, where we, in general, have higher accuracy than in NLOS, as seen in
Table 4.10. A similar behavior, but not as distinct, can be observed in Figure 4.30.
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5.5 Future work

The application of machine learning on simulated scenarios indicates that CNN-based
machine learning models have the ability to detect and position NLOS objects. However,
machine learning is limited to the training data it has already seen. For a model to work
in reality, a vast amount of real-world data with ground truth would be needed. Ground
truth labeling can be done with, for example LIDAR data in LOS scenarios. In NLOS
scenarios, labeling may need to be done manually, which is very arduous. This is a
limitation when applying machine learning to multi-path radar data in the real world. In
addition, the simulation scenarios are also more well-behaved than data in the real-world.

Recent research attempts in other areas use a large simulated dataset to train a machine
learning model and a small real-world dataset to adapt it to real-world situations [31]. A
similar approach to automotive radar machine learning generally, and in the multi-path
setting specifically, could be interesting.
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Conclusion

This report shows that radar target positioning in multi-path and multi-object scenarios us-
ing machine learning is successful. Furthermore, the suggested U-Net model outperforms
a simple CNN model.

The U-Net performs well in NLOS, LOS, and LOS + NLOS scenarios. However, the
NLOS scenarios generally lead to slightly lower model accuracy. The 90° turn is the
most challenging scenario for all the models, likely because it can generate more radar
detections, both multi-path and direct, than the other scenarios. On the other hand, the
three-way scenario has very high accuracy, indicating that it was remarkably straightfor-
ward for the model to learn. The high accuracy for the three-way scenario suggests that
the efforts to introduce variation in the three-way scenario were not adequate and that the
model could have overfitted.

With this, the thesis emphasizes the importance of a well-planned data simulation proce-
dure in machine learning applications. By considering the distribution of situations and
incorporating essential elements such as NLOS timeframes, we can improve the accuracy
and applicability of the models.

Moreover, using the outputs of the machine learning model as measurements in a Kalman
filter-aided tracking algorithm was successful. A random-search tuning of the Kalman fil-
ter had good results in terms of distance and velocity errors. In addition, the tuning high-
lighted the accuracy of machine learning measurements since it resulted in the Kalman
filter states following the measurements for x- and y-positions.

The overall positive result indicates that a similar approach could be successful in real-
world scenarios. The challenge is that this type of machine learning training requires a
large amount of labeled data. While more straightforward radar scenarios can use, for
example, LIDAR data, to automatically label the data, this is challenging in multi-path
scenarios. For the work of this thesis to generalize to real-world scenarios, some way of
automatically labeling NLOS objects is needed.
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Figure A.1: Figure of U-net model used in the thesis
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