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Indoor tracking using a central camera system

Use computer vision to track multiple objects in a simulated warehouse environment
JONAS LINDBERG

SARA ROTH

Department of Electrical Engineering

Chalmers University of Technology

Abstract

Modern Automatic Guided Vehicles, AGVs, use different types of sensors for posi-
tioning themselves within an operating scene, such as a warehouse. These sensors
are typically mounted onboard the vehicles which can result in a limitation in the
field of view and also make for a fragile system sensitive to bumps and collisions.

This thesis aims at position and track AGVs using static cameras mounted in the
ceiling of a simulated warehouse. The thesis further seeks to reduce the physical
sensitivity of vehicles by substituting onboard sensor equipment for the developed
system and furthermore provide a larger field of view. Using an object detection
neural network, AGVs and humans were detected and projected onto a shared plane
using homographies. Seven different cameras were used in parallel which generated
bounding boxes from different views by the object detection algorithm. The inter-
section between these boxes was determined and the center point of the intersection
was assumed to be the detected objects center point. A non-linear Kalman Filter
was implemented to track objects troughout frames and provide a smoothed position
estimate.

The algorithm was able to track AGVs and humans throughout the environment
with two identity switches in a video with six objects in 300 frames. The mean
positioning error of an AGV of size 1.4 x 0.8 meters was found to be 77 millimeters.

A discussion on the possibility to substitute present day sensor equipment for the
developed system was carried out and found that the developed system could in-
deed be valuable in a similar real-life warehouse environment for improved collision
avoidance. More research would have to be conducted on whether the system could
actually replace onboard sensor equipment for control of AGVs.

Keywords: Computer vision, Sensor fusion, Machine learning, Image analysis.



Sammanfattning

Moderna automatiskt styrda fordon, AGVer, anviander olika typer av sensorer for
att positionera sig i en operativ miljo, sa som ett lager. Sensorerna ér typiskt sett
monterade ombord pa fordonet vilket kan leda till begrénsningar i fordonets synfalt
och 6mtaliga system som &r kénsliga for tillstotningar och kollisioner.

Avhandlingen syftar till att, med hjalp av statiska kameror monterade i taket i
ett simulerat lager, positionera och folja AGVer i det simmulerade lagret. Avhand-
lingen syftar vidare till att minska den fysiska kénsligheten for fordonen genom
att ersitta sensorutrustning ombord mot det utvecklade systemet samt att erbjuda
ett storre synfélt. Ett neuralt nédtverk for objektdetektering implementerades for
att hitta AGVer och ménniskor. Dessa projicerades sedan ner till ett gemensamt
plan med hjilp av homografier. Sju olika kameror anvindes parallellt och skapa-
de avgransningslador (bounding boxar) med hjélp av objektdetekteringsalgoritmen.
Overlappningen mellan de skapade bounding boxarna faststélldes och mittpunkten
av overlappningen antogs vara det detekterade objektets mittpunkt. Ett icke-linjéart
Kalmanfilter implementerades for att spara objekt genom bildrutor och ge ett ut-
jamnat estimat.

Algoritmen kunde spara AGVer och méanniskor genom miljén med tva identitets-
byten i en video med sex objekt i 300 bildrutor. Medelvirdet av positioneringsfelet
av en AGV med matten 1.4 x 0.8 meter blev 77 millimeter.

En diskussion kring mojligheterna att byta ut dagens sensorutrustning mot det
framtagna systemet gjordes och visade att det framtagna systemet mycket vél kan
anvindas i en liknande lagermiljo i verkligheten for att undvika kollisioner. Det
konstaterades att mer forskning behdvs for att kunna avgora om systemet helt kan
ersatta sensorer monterade ombord pa AGVer.

Nyckelord: Datorseende, Sensor fusion, Maskininlarning, Bildanalys.
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Introduction

Computer vision, the field of making computers understand what they see and make
decisions upon this, is growing and is being implemented in more and more branches
of industry. One field where computer vision has gained popularity is the task of ob-
serving moving objects, more commonly known as tracking. Examples of this could
include tracking customer walk patterns in shopping malls for analyzing consumer
behavior [1] or tracking hockey players on a field to evaluate the game in every time
instance [2]. This development is driven by the development of deep convolutional
neural networks which has proven to have great results in object detection.

This thesis will investigate how computer vision can be used for solving track-
ing cases. More specifically the thesis will focus on using external static cameras
mounted in the ceiling or walls inside of a building to track Automatic Guided
Vehicles, AGVs, which are autonomous vehicles mainly used for material trans-
port. A common use of these vehicles is in warehouses and factories where they
autonomously deliver material from point to point. AGVs exist in different sizes,
optimized for their specific task or specific freight. Normally, AGVs carry different
types of sensors on board to determine necessary parameters for control, such as
position and velocity. These parameters are then used to control the AGV toward
its destination.

AGVs carry sensitive sensor equipment while in some cases being exposed to a rough
environment with the risk of collision with other vehicles, debris, shelves and more.
Techniques allowing for sensor equipment to be moved to a less exposed place could
lead to less consumption of sensors, relating to Goal 12 in United Nations Agenda
for Sustainable Development list 17 goals [3]. Furthermore, providing an accurate
overview of the operating environment could lead to more streamlined logistics,
fulfilling goal 9 of the United Nations Agenda for Sustainable Development.
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1.1 Research questions

The thesis should provide answers to the following research questions:

o How well can a central camera based tracking system predict the position of
tracked objects based on measurements of the deviation from true position
and the deviation from true velocity?

The system needs to be able to accurately estimate the position of the tracked
objects. This is crucial for a well-functioning tracking system. The deviation is sim-
ply the distance between the estimated position for the object and the true position.

o How are AGVs tracked today and how can a central camera based system be
used to replace or support these current systems?
In order to motivate the performance of the system and select desired output pa-
rameters a literature study should be conducted on existing solutions. A deeper
knowledge of existing systems and technologies plays a large role in developing a
system that can either replace or support existing systems.

e Can a visual system provide measures to avoid collisions in a warehouse envi-
ronment?
Rather than allowing sensors onboard the vehicle to detect and measure the distance
to possible obstacles, it should be investigated if this feature is possible to conduct
using only cameras. The cameras will not be placed onboard the vehicles.

1.2 Aim

This thesis aims at providing position and velocity parameters for a target at a
given time using only external cameras and without any input from the target being
positioned. Furthermore, the thesis aims at tracking the targets throughout a video
feed. Tracking will be evaluated on the performance of the developed system to
detect objects and keep an assigned identification troughout a video feed.

The thesis will not focus on a single type or brand of AGVs but rather show a
proof of concept on tracking based on external cameras. Development and evalua-
tion will be conducted on simulated data rather than real life data. Object detection
algorithms will be trained and evaluated on virtual models of AGVs. This thesis
does not make any effort in actually controlling AGVs.

1.3 Ethics

Object detection technology allows computers to recognize objects in an image. This
is used in a variety of modern products such as advanced assistance systems in cars
to detect driving lanes and pedestrians, facial recognition, marketing applications
and video surveillance [4] [5]. In the automotive industry, object detection could
both be used for driver verification in form of facial recognition to make sure no
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unauthorized drivers use the vehicle as well as driver assistance to detect lanes and
warn the driver if the vehicle drifts off road. Monitoring and object tracking systems
are also a growing technology with a variety of uses. These include surveillance and
traffic control to provide information about traffic conditions, for example, velocity
distribution and density of vehicles, to detect possible traffic congestion. It can also
help identify vehicles that violate traffic rules by for example drive in a forbidden
crossroad or cross a red light [6].

As tracking systems become more affordable, with more efficient models and a
smaller computational footprint, they become a more common feature in society.
These techniques provide a lot of benefits, for example, real time tracking of busses
provides relevant information to passengers waiting at a bus stop. However, the
technology also allows for tracking people very easily.

Even though detection and tracking technology is developed to ease peoples lives it
also brings growing concerns about privacy, data protection and integrity breaches.
How the information is used and transparency in the usage are important questions
to support the big developments in the area and ensure systems are used for the
right purposes. An example of unethical tracking could be to monitor how much
time workers spend away from their workstations, while a more ethical example
could be to monitor workers to assure they don’t cross the path of an autonomous
vehicle.

Information and education on the topic are important. Warning signs, similar to
warning signs for surveillance cameras, could be implemented. When tracking is
used for purposes that do not require information about peoples identity algorithms
to mask faces could be used. It is important to consider ethics and human rights
during this development. As the technology becomes more advanced, the privacy
protection becomes increasingly harder.
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Theory

To be able to track and control an AGV, knowledge about the physical surroundings
and the vehicles position is needed. Furthermore, knowledge about velocity and
heading is needed to determine future states of position to avoid collisions, ensure
the AGV arrives at the correct spot and takes the correct path to get there. There
are different techniques for deriving these parameters and determining the physical
surroundings. This chapter gives a background on existing techniques based on
different sensors as well as background theory on how to detect, classify and track
objects in frames.

2.1 Current AGYV positioning methods

An AGV have a need to navigate through its surroundings to perform its tasks.
There are two types of systems that are required in an AGV navigation system,
trajectory creation and position measurement. The vehicles are autonomous and in
order for a vehicle to be called autonomous, the vehicle has to be able to go from
point A to point B without human intervention.

The vehicle should be able to follow a path and depending on how the path is
created it can be divided into two different subgroups, fixed path and free path.
The fixed path has the trajectory established from the start and the AGV should
simply follow the path. One example is magnetic floor tape. The free path is when
the AGV itself decides the trajectory and can avoid obstacles. One example of a free
path is Simultaneous Localization and Mapping, SLAM, which uses sensor fusion to
position itself and simultaneously maps the environment [7].

The AGYV also has to calculate its current position, a task that can be divided into
absolute position and relative position. For absolute position, the vehicle knows its
position in the environment at all times. One example is positioning with laser.
In relative position, the vehicle calculates its current position relative to a previous
position [8]. One example is the odometric systems which is a system to estimate
the change of the position in time [9], for example rotary encoders in wheels. The
different parts of AGV navigation can be seen in Figure 2.1.

Existing navigation method for AGV navigation can roughly be divided into two
main groups, namely track guided and free navigation.
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Figure 2.1: Visualization of the different parts in a AGV navigation system

2.1.1 Track guided navigation

The technique uses physical markers in the environment for navigation. These mark-
ers make up a physical track for the vehicle to follow. Markers can be of different
types and utilize different technologies. Two examples are rigid track and triangu-
lation.

2.1.1.1 Rigid track guidance

AGYV vehicles used in production are in some cases navigated by magnetic fields in
the floor allowing for a magnetic field sensor to guide the vehicle along the path [10],
see Figure 2.2. To make this type of navigation system work, the travel path has
to be completely known ahead and there is not much space for changes since that
means that the rigid track has to be rebuilt. Since the AGV is running on previously
designed trajectories that are known ahead and the AGV is not able to deviate from
the track, this navigation method is therefore fixed. The position measurement is
relative since its position is calculated based on its previous position. To be able to
track and navigate vehicles free without a guided track all the sensor data needs to
be processed in real time.

2.1.1.2 Triangulation methods

Triangulation can be used with different types of sensors to estimate the position of
the vehicle. One example is triangulation with laser in Figure 2.3.

The time between emission and reflection of a laser beam is measured and yields
a distance measurement. Combining distance measurements from at least three
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Figure 2.2: Visualization of rigid track guidance for AGVs

reflectors allows for a position calculation using triangulation. This makes laser
based navigation a free and absolute method. The laser rotates 360 degrees and
defines a radial coordinate reference that allows for calculating the X,Y coordinates
of the reflectors [11]. In methods with reflectors, the AGV relies on the localization
of the landmarks installed for this specific purpose. This means that the planning
of the reflectors has to be done carefully to sufficiently cover the entire environment
to enable accurate localization everywhere. Furthermore the reflectors needs to be
positioned at a joint height. It also has to avoid symmetries to be able to make
unique associations of the observed reflectors and the created map. If changes are
made in the facility the reflectors might have to be reinstalled or moved, leading to
both economical disadvantages and time consumption.

2.1.2 Free navigation

In free navigation, the vehicles navigate by mapping the surrounding area, see Fig-
ure 2.4. Instead of reflections of the surrounding area, all sensors are located on the
vehicle and does not need any sensor specific equipment in the surrounding area.
Identification of objects in the surrounding area is performed and the vehicle navi-
gates by calculating the distance to the different objects [12]. This type of navigation
enable high flexibility but can be complicated in varying and messy environments
since the navigation system needs to be able to distinguish between static and mov-
ing objects. For this reason natural free navigation is suitable in environments with
fixed walls and well defined profiles.
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Figure 2.3: Visualization of triangulation positioning for AGV

2.1.2.1 Sound Navigation and Ranging

Sonar, short for Sound Navigation and Ranging, is a technique in which sound waves
are used for measuring distances. These systems can either emit sound and listen for
the echo or passively listen for sounds emitted by other objects [13]. In Ray et al.[14]
an AGV using emitting sonar is designed. The sonar is used for finding obstacles
along the calculated straight path towards the goal. If an obstacle is found, the AGV
will deflect from the path and a new straight line is calculated towards the target.
This type of navigation does not require prior knowledge about the surroundings but
multiple obstacles could make the final overly complicated. This system is therefore
also free and absolute. The system will treat all obstacles as static and hence do
not take into consideration that an obstacle could in fact be another AGV crossing
the calculated path.

2.1.2.2 Light Detection and Ranging

Another type of free navigation is navigation using Light Detection and Ranging,
LiDAR. The vehicle measures the distance to a target by sending laser lights and
measure the reflection with a sensor. The result can be computed as a point cloud
in both two- and three-dimensions. The the-dimensional case is covered in Young
and Simic [15] where the sensor is used for long range detection of obstacles at a
certain height. In the covered case the LiDAR sensor is fused with readings from
a camera. With a three-dimensional representation, point cloud, different objects
needs to be segmented out and classified for it to be useful. In Rozsa and Sziranyi a
so called two and a half- dimensional case is investigated [16]. The half dimension is
achieved by tilting the LiDAR sensor and results in fewer points in the point cloud
but the algorithm can reasonably well classify the objects detected. Since there is

8
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no need for either guided tracks or previous position, LiDAR is a free and absolute
method.

2.1.2.3 Simultaneous Localization and Mapping

Simultaneous Localization and Mapping, SLAM, is a sensor fusion approach in which
localization of the vehicle and mapping of the environment is achieved simultane-
ously [7]. Localization is achieved using internal sensors such as an odometer to
estimate the change of the position in time [9], or an Inertial Measurement Unit,
IMU, which can determine position using an accelerometer and a gyroscope [17].
Mapping of the surroundings can be made using LiDAR and cameras. Since local-
ization and mapping are closely related (i.e. the surroundings appear different based
on the localization of the vehicle) the data can be fused to give an accurate estimate
for navigating the AGV.

Figure 2.4: Visualization of natural free navigation for AGVs with both LiDAR
and camera sensors

2.1.2.4 Optical navigation

Another type of positioning system is Vision Guided Vehicles, VGV, which use
cameras to determine the characteristic of the environment and make decisions, see
Figure 2.5. Vision guided vehicles can be divided into different subgroups. AGVs
with Quick Response, QR, recognition is a fixed and absolute method that knows
its absolute position by scanning a code located on the walls or on the floor in the
environment. Guidance on the floor in form of strips painted in color is also a fixed
and relative method while the third option, AGVs with three-dimensional cameras
is a free and relative method. AGV with three-dimensional cameras uses multiple

9
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stereo cameras attached to the vehicle to continuously capture and build a three-
dimensional and computer-generated view of the surrounding. Since the AGV build
a 3-dimensional map of its surrounding only based on the vision from the cameras,
there is no need for static barriers or modification of the infrastructure, for example
with magnets or reflectors [18]. Most of the optical systems are combined with
inertial or odometric systems.

Figure 2.5: Visualization of optical navigation for AGVs

2.1.3 Current AGV control methods

In order to determine if the developed system can replace or supplement current
systems, it is to be decided on what parameters are needed for AGV controlling.
The thesis refers to existing path following techniques and the parameters needed
rather than derive control systems equations from scratch. It is assumed that the
physical properties of the vehicle are known and that the vehicle has sensors for
describing the angle of turn on all steering wheels.

The task of controlling AGVs is covered in multiple articles, covering both two-
wheel and four-wheel steering vehicles [19][20][21]. Controlling a path following
AGV would require knowledge of the velocity, v, the angular velocity, § and the
position, p, of the vehicle.

10
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2.2 Object detection in computer vision

Object detection is a computer vision technique for locating occurrences of objects
and their corresponding classes in an image. The detection algorithms typically
use some kind of deep learning algorithm to produce results. Object detection is a
key technology in different branches of technology, for example, advanced assistance
systems in cars to detect driving lanes and pedestrians and in video surveillance. A
variety of different techniques can be used for object detection.

Popular deep learning approaches include the use of Convolutional Neural Net-
works, CNNs, that can be trained to detect objects in images. The neural network
can either be trained on large general datasets or on specific datasets for special im-
plementations. Specialized datasets require tedious work to annotate ground truth
labels but enable the algorithm to detect very specific objects, such as parts of a
car engine. Deep learning approaches to object detection can be divided into two
categories depending on the factors prioritized during training, one-staged and two-
staged approaches.

You Only Look Once, YOLO, is an example of a one-stage detection algorithm
together with RetinaNet and Single Shot Multi-Box Detector, SSD, while Mask Re-
gion Based-CNN and Faster Region Based-CNN are two examples of two-staged
detection approaches. A two-stage detector uses a Region Proposal Network to first
find the regions of interest, subsets of the image that might contain an object, and
then use the cropped region for object classification and bounding-box regression.
These models reach high accuracy and have good localization and precision. Two-
staged detection algorithms take time to compute due to the complex pipelines and
the difficulty in optimizing since each individual component has to be trained sep-
arately. Therefore, two-stages approaches should not be used when computational
speed is of priority.

One-stage detectors perform prediction across the entire image using anchor boxes,
predefined bounding boxes of set width and height, which are decoded to generate
the final bounding boxes. Advantages of anchor boxes include the possibility to per-
form all predictions at once, eliminating the need to divide the image into regions.
The approach allows for faster computation and execution, making the algorithm
suitable for real-time object detection. The approach of treating object detection
as a regression problem, like in one-staged detectors, is faster than two-staged but
result in lower accuracy [22]. Finding an optimal trade off between accuracy and
speed is not an easy task, but in general one can say that one-stage detectors are
preferred in less complex images.
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2.2.1 Deep learning

This chapter introduces deep neural networks, a key concept in deep learning. The
objective of a neural network is to estimate a function

y = [f(x,0) (2.1)

by learning the mapping 6 from samples of data known as training data. In super-
vised learning the data, x, is bundled with labels of the correct output y. In the
case of an image classifier the training data would consist of images labeled with the
correct classification of the image. Below follows a brief introduction of the general
feed forward neural network as well as the convolutional neural network, which is
to be used in this thesis. The following introduction is based on Goodfellow et al.
[23] and Nielsen [24].

2.2.2 Feedforward Deep Neural Network

Feedforward neural networks are the basis of deep learning and a crucial foundation
for other types of deep learning networks.

The feed forward process refers to data flowing through the algorithm while the
network refers to the representation of the algorithm. That is, multiple functions
are coupled after one another to form a network. The neuron is a function, loosely
inspired by neuroscience, that takes multiple inputs to compute its own value. Neu-
rons are gathered in layers. Typically the layers would be denoted input, hidden and
output layer. The layers between the input and output layers are the hidden layers.
Where the layers for input and output often have a specified dimension depending
on the problem the hidden layers can be assigned more freely. More neurons in more
hidden layers will lead to increased complexity, which is not always guaranteed to
yield better accuracy. The number of layers defines the depth of the network, which
is also where the term deep in Deep Neural Network stems from.

The neurons compute the product between the input value, z, and the weight, w
and adds a bias, b. This value is passed as the result through an activation function,
o(+). The choice of activation function differs depending on the implementation.
Two widely used activation functions are the Rectified Linear Unit, ReLU, which
strips the output of negative values and the sigmoid function which scales the output
between zero and one.

For an input x into a neuron, the intermediate value z is computed and the output
of the neuron is y as:
z=w-x+b (2.2)

y=o(2) (2.3)
Where w and b are the so called learnable parameters. In practical applications one
neuron often has multiple inputs and the output is then the summation:

y:J(Zzl) :J(Xi:wixi+bi> (2.4)

()
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2. Theory

Performing the neuron computations from an input, through the network, to the
output from the networks is called forward propagation. A simple feed forward
neural network is visualized in Figure 2.6.

Input Layer Hidden Layer Output Layer

W1 al N Wy

%
X1 §
W3 W Y
» 4y Yy
Wy
%
xZ N Wqg
N /

Figure 2.6: A simple feed forward neural network with two inputs, one hidden
layer with three neurons and one output

Where a; is the output from the ith neuron in the hidden layer of the neural network.
Using Eq. 2.4 the forward propagation through the network is computed as:

aq 01((x1w1 —I—bl)+01(x2w2—|—bl))
as| = |o2((xrws + be) + o9(x2wy + be)) (2.5)
as 03((I1UJ5 -+ bg) —+ 0'3(37211}6 -+ bg))

g =o(ay - wr + ag - wg + as - wyg + b)) (2.6)

2.2.2.1 Gradient Descent Learning and Back-Propagation

The network is said to learn the mapping € in Eq. 2.1. One way of achieving this is
through gradient descent. With a cost function J(-), such as the cross correlation
product, the optimal mapping #* is the mapping that satisfies

0" = arg min J(6) (2.7)

The iterative approach of gradient descent can be applied to find 6*.

oJ
Opi1 =0 —a— 2.8
k41 k 20, (2.8)
Where « is a small positive number, known as the learning rate. Given the neural
network in Figure 2.6, back-propagation is applied to find the partial derivative %‘é
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and the mapping @ is each individual weight. Using the quadratic cost function:

ley Cll (2.9)

Where y(z) is the correct expected output, §(x) is the output from the neural net-
work and n is the total number of samples. Back-propagation allows for calculating
the partial derivative:

oJ

2.10
Jur (2.10)
for any weight wy,. Setting the input from a neuron k' to a proceeding neuron ;™
as:

Zj = WgTp + by, (2.11)

And the output from the j** neuron as:
a; = O'(Zj) (212)

The chain rule yields:

oJ 0zj Oap 0J
= . . 2.1
Ow, Ow, 0z; Oay (2.13)

Hence, by using the chain rule, the partial derivative 8‘9‘] can be computed for use in

the gradient descent learning. Depending on the activation functions used the chain
rule can yield problems. Scaling outputs between zero and one, using the sigmoid
function, can in a large network yield small gradients in which the problem with
vanishing gradients can arise. Similarly can large gradients lead to the opposite
problem, exploding gradients, where large gradients are multiplied together.

2.2.2.2 Convolutional Neural Network

Modifying the feed forward neural network to involve convolution rather than multi-
plication yields the convolutional neural network. The convolution operation allows
for processing data of grid-like structure and with high spatial correlation, such as
an image. The convolutional neural network has proven to be successful in image
classification challenges such as the ImageNet Large Scale Visual Recognition Chal-
lenge [25]. The discrete time convolution operation between a real valued number f
and a probabilistic density function g:

(f*g)(t Zf gla—1t) (2.14)

In an application where convolution is applied on an image Eq. 2.14 is expanded
to include two axes, assuming the image black and white and therefore is two-
dimensional.

(I« K)(i ZZ[mn (t—m,j—n) (2.15)

Where [ is a two dimensional matrix w1th ¢ number of rows and 7 number of columns,
such as an image, and K is the kernel applied in a sliding window manner and with
a m X n kernel size. In a convolutional neural network the kernel would be the
trainable weights of the network. Note that a color image, RGB image, would
require an additional axis.
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2.2.3 You Only Look Once

YOLO is a deep learning based approach to object detection in images utilizing the
one-staged approach in a single neural network to predict the bounding boxes and
the corresponding classes, taking the full image as an input. The basic concept of
YOLO is to apply a grid cell of size S x S onto an image, as can be seen in Figure 2.7.
If the center of an object falls into one grid cell this cell is responsible for detecting
that object. For each grid cell YOLO predicts B bounding boxes and each of the
bounding boxes has 5 + C attributes. The attributes describe the center coordinates
(x and y), dimensions (height and width), objectness score and C' class confidences
for each bounding box. The dataset with humans and AGVs has 2 classes and when
using this dataset, C is equal to 2.

Prediction Feature Map

Attributes of a bounding box [( tx ty tW th][ po }[ pl pZ pC] X B

Box Coordinates  Objectness Class Scores
Score

Figure 2.7: Visualization of the three bounding boxes that is predicted for the
center cell and it’s attributes

The four coordinates that the network predicts for each bounding box are

Center coordinates of bounding box: t,, t,
Coordinates: ¢ Width coordinate of bounding box: t,, (2.16)
Height coordinate of bounding box: %,
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And the objectness score p, which is the probability between zero and one that the
bounding box contains an object along with the confidence score for every class as
can be seen in Eq. 2.17.

Box confidence score for each class: < ? (2.17)

Pec

The sizes of the bounding boxes are determined by predicting the offset from the
anchor boxes, see Figure 2.8. The YOLO algorithm uses three anchor boxes each
of three different scales. K-means clustering is performed with IoU values as the
distance measure between anchor boxes and the ground truth. Cluster centroids
and the center coordinates are propagated through a sigmoid function o(-) scaling
the input between zero and one.

etw
Anchor Box

o(ty

th

a(ty

Ground Truth Box

Figure 2.8: Visualization of how the bounding boxes are calculated as an offset
from the anchor box in YOLO
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The predicted bounding boxes are described by their center points, width and height.
The parameters are calculated using the networks output.

b, o(ty) + cx
by| _ |o(ty) +¢y
bo| = | pucte (2.18)
by, pre™
Where
bz, by, by, by, are coordinates of the predicted bounding box
s, by, tw, tn, are outputs from the network after training (2.19)
¢z, ¢y are the cells top left corner of the anchor box '
Pw, Pr are the anchor boxes width and height
Confidence score for each bounding box is calculated as
Confidence score = p, - ToU ' ut (2.20)

Where ToU" is the intersection over union, described in Figure 2.9, of the pre-
dicted box and the ground truth box. A low confidence score indicates that there
is no object in the cell. As the last step, YOLO applies Non Maximum Suppres-

Intersection Union
B B
Intersection over Union
ToU ANB
(0] — = ——
AUB
A A

Figure 2.9: Visualisation of the calculation for Intersection over Union

sion, NMS, to get rid of overlapping bounding boxes and bounding boxes that do
not contain any objects [26]. Overlapping bounding boxes for the same object is
reduced to the single bounding box with the highest confidence score.
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The output from the YOLO algorithm is then a list of bounding boxes for the
detected objects along with the predicted classes and confidence score.

2.2.3.1 History of YOLO

There have been multiple versions of the YOLO algorithm since it was first released
in 2016 [27]. In 2017 YOLOv2 was released [28] and the next year, 2018, YOLOv3
was released [29]. All with increased performance than its predecessor. In April
2020 the 4th version of YOLO, YOLOv4, was released [30]. This version use "bag of
freebies", BoF, to improve the accuracy without increasing computational cost dur-
ing implementation. Instead the training is heavier to compute. The purpose is to
increase the variability of the input images using distortion, which increases the ro-
bustness of the model. Two commonly used distortions are photometric distortions,
such as changing brightness or contrast, and geometric distortions which could be
random scaling or rotation. YOLOv4 also use several "bag of specials”, BoS, that
only increase the hardware cost by a small amount but significantly improve the
detection accuracy. These are post processing methods and plug in methods that
give a trade off between the inference cost and the detection accuracy. One that is
commonly used is Non Maximum Suppression, NMS [31].

2.2.3.2 You Only Look Once fifth version

In this thesis the most recent YOLO version is the 5th, released in June 2020. This
version of YOLO is written in PyTorch instead of the Darknet framework and was
released by Ultralytics [32]. YOLOv5 comes in four different sizes, small, medium,
large and extra large. The small version, YOLOv5s, will be used in this thesis.

YOLOvbs is made up of three parts named the model backbone, neck and head.
Parts of the network are visualized in Figure 2.12. The backbone is the base clas-
sification model that the object detection is based on. The backbone is based on
DenseNet that was designed to connect layers in convolutional neural networks to
reduce the vanishing gradient problem, described in Section 2.2.2.1, when doing
back-propagation. Here a CNN form image features from the input image. Cross
Stage Partial Networks, CSPNet, is used as a backbone that can achieve a richer
gradient combination while reducing the amount of computation by splitting the
feature map of the base layer into two parts. This makes the gradient flow prop-
agate through different network parts and reduce memory cost since the feature
map is split and only a part of the feature map is propagated through the heavy
DenseNet. The feature map is then concatenated [33]. Figure 2.10 is a visualization
of the Cross Stage Partial Network.
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-—

— — — —

Figure 2.10: Visualisation of the split in Cross Stage Partial Network in the
model backbone to reduce the vanishing gradient problem

The neck is the part of the object detection model that forms features from the
backbone. It is a series of layers in the network to pass combined image features
forward to prediction. This is used to help the model identify the same objects in
different scales by generating feature pyramids. YOLOv)H uses Path Aggregation
Network, PANet, as a neck to get Feature Pyramid Networks, FPN, that can be
seen in Figure 2.11. FPN composes of a bottom-top pathway like the convolutional
network feature extraction where the spatial resolution, the number of pixels utilized
in the construction of a digital image, decreases higher up in the layers. FPN also
provides a top-down pathway to construct high resolution layers from low spatial
resolution layers [34]. Due to all the downsampling and upsampling between the
layers, the locations of the objects may diverge in the reconstructed layers. To avoid
this problem lateral connections between the reconstructed layers are added. This
helps the detector predict the correct locations of the objects.
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Lateral connections

Low
Spatial Resolution

Top-Down-
Pathway

High
Spatial Resolution

Figure 2.11: Visualisation of Feature Pyramid Network in the neck of YOLOv5s

Model Head is the part in the detector that has been customized with anchor boxes
based on the dataset. It consumes features from the neck and applies anchor boxes
of the features. At last, it creates the bounding boxes and predicts the class of the
detected object.
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Figure 2.12: YOLOvV5 network architecture visualisation
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2.3 Object tracking

Object tracking aims at detecting relevant objects, assign identification to each ob-
ject and maintain both the detection and the identification of the objects through
out a video stream, thus capturing the track of the object. The technique of object
tracking has a variety of uses such as in surveillance and traffic control, among others.

This thesis dealt with tracking of multiple objects which can be a complicated
task. There are common methods related to multi object tracking such as Joint
Probabilistic Data Association which is a method for, in each time frame, associate
detected measurements with existing objects using a joint probabilistic score [35].
Another approach to multi object tracking is Global Nearest Neighbor (GNN). The
basic GNN approach attempts to find and to propagate the single most likely hy-
pothesis at each scan. In a cluttered environment, the received measurements may
not all arise from the real targets [36].

Rather than considering more complicated scenarios this thesis will use the Kalman
filter as a single object tracker and expand it to multi object tracking by instantiat-
ing a filter for each measure object.

Typically sensor measurements are used to determine the parameters of objects
to be tracked. These parameters include position but can be expanded to velocity,
type of object and identity depending on the implementation case. The parameters
in this thesis are the state of position.

Typically a motion model is used to describes how the target object might change
given estimated states, such as position and velocity. Filtering and data associa-
tion involves prior information about the objects, object dynamics and evaluation
of the different hypotheses. These methods allow tracking of objects and paths that
are occluded for some frames. Kalman filter is one example of a filter for linear
or nonlinear motions that uses a series of noisy measurements observed over time
and produces an estimate of the systems states. The association between detected
objects and tracks can increase in complexity when objects move fast, when there
are multiple objects to track or when the tracked objects change orientation over
time.

2.3.1 Linear Time Invariant systems

A Linear Time Invariant, LTI, System is a system that produces an output signal
from an input signal subject to the constraints of linearity and time-invariance. The
response y(t) of an arbitrary input z(¢) can be found using convolution in Eq. 2.21.

y(t) = x(t) x h(t) (2.21)

Where h(t) is called the systems impulse response, in other words, the reaction of
any dynamic system in response to some external change. An LTI system is linear
which means that if the input x(¢) is scaled by a value « then the output y(t) is also
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scaled with the same value . A linear system satisfies the superposition principle
which means that if the input is a sum of two signals, the output signal will be
the sum of the two original output signals. Since the system is time invariant it is
ensured that if the input signal is shifted in time, the output signal will be shifted
in time [37].

2.3.1.1 Kalman filter

The Kalman filter is an algorithm used to estimate the state of an LTI system based
on previous states. The usage of the Kalman filter in this project suits two purposes,
smoothing out the estimated position and associate measurements through time by
comparing the distance between the predicted state and the measured state. The
association provides the possibility to associate objects through multiple frames. If
an object is given an identification upon detection, the identification should remain
the same when the object moves. The following introduction on Kalman filtering is
from Simo Sérkaa’s book on Bayesian filtering and smoothing [38].

Prior distribution: p(zx—1|y1.k-1) (2.22)
Prediction distribution: p(zx|y1.5-1) (2.23)
Posterior distribution: p(zx|yi.x) (2.24)

The linear discrete time Kalman filter estimates the state of a system described by
equations 2.25 - 2.31. For state vector x;, and observation y;:

X = Ap-1Xp-1 + Qp_y (2.25)
Yi = HiXp + 1y (2.26)

Where A is the transition matrix and q ~ N(0, Q) is the process noise normally
distributed with state noise covariance matrix Q. H is the measurement matrix,
r ~ N (0, R) is the measurement noise normally distributed with measurement noise
covariance matrix R. The choice of states, x, differ depending on the filtering case.

The Kalman filter predicts the posterior state and corrects the prediction using

the measurement update, recursively. The prediction step consists of computing the
predicted state estimate, X, and the predicted covariance matrix distribution, P, as:

Xijh—1 = Ap—1Xp—1|k—1 (2.27)
Prp_1 = Akflpk—l\kqAZ,l + Qrs (2.28)

The update step corrects the state and covariance estimate using measurements:
Xkl = Xpje—1 + Kpvi (2.29)
Pijy = Prpo1 — KiSiKL (2.30)
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Where

Kalman gain: K;, = Py _1H]'S;"
Filter components = { Innovation: v, =y, — HpXpr—1 (2.31)

Innovation covariance: S, = HkPkUc,lHZ + Ry,

A key aspect in tuning the Kalman filter is to select the Signal to Noise Ratio,
SNR.
Q|

SNR = — 2.32
IR| (2:32)

A large Q results in a large SNR — a quickly adapting filter that relies more on the
new data than the predictions

A small Q results in a low SNR — the measurements are less important and the
model relies more on the predictions.

2.3.1.2 Unscented Kalman Filter

The equations described in Section 2.3.1.1 are defined under the assumption that
the system is linear. This is not always the case and in this thesis the paths of
humans and AGVs can not be assumed to be linear at all times. When the state
transitions and observation models are nonlinear the prediction and update func-
tions are nonlinear and therefore a standard linear Kalman filter gives an inaccurate
result. Therefore, a non-linear Kalman filter is to be implemented. The following
brief introduction on non-linear kalman filtering is based on Sarkka [38] and Julier
and Uhlmann [39] with a few adjustments.

The Unscented Kalman filter, UKF, is a method for calculating statics of a random
variable x with dimension n that undergoes a nonlinear transform. The sampling
technique, unscented transform, is to pick a set of sample points, sigma points,
around the mean. A set of sigma points are chosen so their sample mean is x and
sample covariance is P,.

The sigma points are then propagated through the nonlinear function y = g(x) and
each point turns to transformed points in a cloud with a new mean and covariance
y and P,

A vector x of 2n 4+ 1 with sigma vectors y; and weights W; is formed to calculate
the statistics of y. The sigma points are formed as:

Xo =X (2.33)
sz+((n+ﬂﬂd'i:Lmn (2.34)
Xi =X — < (n+ AP, ) i=n+1,.2n (2.35)
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K| > 0
a| €| (0,1]
Bl=| 2

Table 2.1: Parameter suggestions in Unscented Transform

With

A=a*(n+k)—n (2.36)
The parameter A is a scaling parameter that determines the distance between the
mean and the sigma points. Where «, x and [ are the picked to spread the sigma

points. Typical choices of parameters are shown in table 2.1.
The sigma points are propagated through a dynamic model yielding x.

X =9(x) (2.37)

The parameters for calculating the filter components are then defined as:

A
Wl — CESY) (2.38)
WO =wl 4 (1 —a?+p) (2.39)
. . 1
whl=wlil—=_ - j=1..2n (2.40)

" C 2(n+ )

The parameters a, § and A are picked and chosen to give a good estimate of the
Gaussian distribution. With sigma points and weights the transformed mean and
covariance can be computed.

2n
=Y Wik (2.41)
=0
2n
P=%Wl-2)(t-2"+R (2.42)
i=0

With parameters for states, z, state covariance, P and
Eq. 2.29-2.31 can be used for the update step.
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2.4 Mapping

Mapping, in this case, refers to the process of projecting points from one view into
another view. An example could be a car in a parking lot seen from a surveil-
lance camera. Mapping in this case could be to project the cars position onto a
2-dimensional map of the parking lot. To achieve this, the relationship between
the arbitrary view from the camera and the top-down view of the map needs to be
established, this relationship is called the homography [40].

2.4.1 Homographies

The homography is the matrix that describes the linear relationship between points
in planes. Typically, these points are mutual keypoints found in two or more im-
ages. Points in the first view p are related to points in the second view p’ by the

homography H [41].
T x’
p= (y) and p' = (y') (2.43)
1 1

hll h12 h13
H = hgl hgg ]’L23 (244)
h31 h32 h33

@ hiir hia his x
C (y/) = (h21 h22 hgg) (y) (245)
1 hs1 hsy hgs/ \1

The homography matrix H can be estimated with random sample consensus, RANSAC.
With a bounding box and a known homography the projected bounding box can be
computed by mapping each corner point of the bounding box using the homography;,
see Figure 2.13.
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24.1.1 RANSAC

Random Sample Consensus, RANSAC, is a robust homography estimation algo-
rithm. Robust in the sense that it can handle outliers, keypoints that are falsely
detected or matched. The algorithm is defined in A, Agarwal et al. [42] and is
described below, slightly rewritten.

Algorithm 1 RANSAC
Result: Homography matrix
1. Sample a subset of points from the matches
2. Compute the homography for the subset
3. Compute the number of inliers for the complete set of matches
4. Repeat until the number of inliers are satisfyingly high

An inlier is found if the euclidean distance, the length of a line segment between
two points d(Hp,p’), is below a given threshold, ¢.

|5

! I
X1, Y1

Jﬁ'W

Figure 2.13: Mapping of a bounding box. Captured bounding box from camera
in red and projected bounding box on the plane in blue
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Data (GGathering

The thesis required data in the form of synchronized videos from cameras in a
warehouse. The thesis had a research approach and a need to change camera angles
and positions based on experiments. Considering this it was found infeasible to work
towards acquiring real life data from an actual physical warehouse and simulation
of data was decided on.

3.1 Simulation

The simulation was carried out in Blender [43] by modeling mock up scenes of a
warehouse. Two scenes were created, one large (50m x 30m) to evaluate the tracking
performance with multiple AGVs and humans to detect, and one small (26m x 26m)
to evaluate the position performance with a single AGV to detect. Renders of the
warehouse scenes are visualized in Figure 3.1 - 3.2.

Figure 3.1: Large warehouse Figure 3.2: Small warehouse
simulation environment simulation environment

Both environments used third party models for shelves and humans [44][45]. The
AGVs were modelled by the thesis group as well as floor and walls. The scenes
were lit up by artificial light racks placed in the ceiling to resemble the lighting of
an actual warehouse. The corresponding overview maps for the environments are
visualized in Figure 3.3 - 3.4. The AGVs and humans were animated to have paths
within the scene. Cameras were positioned in the roof of the simulated warehouse
and renders of videos were created to be used as data in the system.
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The dynamical simulation was performed by specifying points for each moving ob-
jects to travel to. The point, together with a timestamp on when the object should
be present at the different points made up the path for the object. These paths were
all made with the simulation software in Blender and yielded a scene with moving
objects that could be captured through the cameras in a render. The animated
paths gave the ground truth for evaluation use and the videos composed the actual
data.

Figure 3.4: Top-down
Figure 3.3: Top-down overview of the large overview of the small
warehouse environment warehouse environment
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3.2 Data labelling

Training the object detection algorithm requires annotated ground truth data. The
data needs to be annotated with correct bounding boxes and correct class belonging.
The annotation was performed manually using the software Labellmg [46]. Multiple
rendered videos from the simulation software Blender were collected and split frame-
by-frame. The videos, and in turn the data, captured different views of the scene
to assure robustness in the trained model. The annotations were made manually
using two classes, AGV and human, Figure 3.5 is an example of an annotation of
an image in the software. This resulted in a text file associated with every image
containing information on how many ground truth objects were in the image, as well
as the bounding box coordinates for these objects. The accuracy and robustness of
the neural network are closely linked to the amount of training data. However,
manually annotating thousands of images would be a tedious work. 900 images
were annotated to this thesis which resulted in a network with enough accuracy of
the detections in the produced videos to be used in the thesis.

Figure 3.5: Example labelling of one image in Labelimg Software
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Positioning

The system should be able to estimate the position of objects in a scene. The method
for retrieving the position of a detected object was broken down into:

o Transform the bounding boxes according to the respective homography

« Find intersections between transformed bounding boxes

« Compute center point of the resulting polygons from bounding box intersection
Below follows a more in-depth description of the different steps.

4.1 Homography projection

Homographies were computed using OpenCV [47] in Python with manually anno-
tated key points. The annotation of key points was made using visual matching and
saving corresponding pixel-space points in vectors. An example of the annotation
and matching is shown in Figure 4.1.

Figure 4.1: Keypoint matches between raw camera view and overview
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The matched keypoints were used, together with RANSAC, to find the homography
matrix using OpenCV findHomography function. With the computed homography
an input image can be warped to fit onto the overview map in Figure 3.3 or Figure
3.4 depending on which warehouse was used. A visualization of the homography
warping can be seen in Figure 4.2 and Figure 4.3.

Figure 4.2: Raw view from camera Figure 4.3: Camera view warped
according to homography

4.2 Intersecting shadow-triangulation

The thesis dealt with positioning objects in an arbitrary known environment, such
as a warehouse. The center point coordinates of an object of interest were the
natural point to try to estimate. However, mapping the bounding box of an observed
object will produce a shadow like bounding box on the map view and the center
point will naturally have an offset depending on the cameras angle. To get an
accurate estimate of the center point the thesis proposed an "Intersecting Shadow-
triangulation" approach. The intersection between the shadows from multiple views
would estimate the actual footprint of the object on the ground and the center point
of this footprint would be close to the actual center point of the object. See Figure
4.4 and Figure 4.5. To achieve this, it was necessary to compute which bounding
boxes intersect.

B & o8 &
g g
< <
Figure 4.4: Multiple bounding boxes Figure 4.5: Intersection area and
projected onto map center point
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The method requires bounding boxes to fully, or almost fully, enclose the object. The
objection detection algorithm can detect objects without seeing the entire object,
e.g. when the object moves out of the camera, resulting in a smaller bounding box
that only partially covers the detected object. Naturally, computing the center point
of such a bounding box would offset the object center point heavily. To account for
this, a bounding box area threshold was implemented stating that bounding boxes
of consideration would need to have a sufficient area. The threshold was set as the
approximate size of the object. For an object detected and classified as class Human,
the threshold was set to 250 and for an object detected and classified as class AGV,
the threshold was set to 2500.

4.2.1 Multiple polygon intersection

An algorithm for finding intersections between multiple bounding boxes was devel-
oped and implemented for the case where multiple cameras detect the same object.
The algorithm uses an intersection ratio matrix to search for multiple intersections.
The IoU gives the ratio of the overlap between two bounding boxes. Hence, the IoU
matrix is simply the IoU values between all given bounding boxes. A set of N bound-
ing boxes yields a N x N IoU-matrix. In Algorithm 2 a shorter version of the find
intersections algorithm is presented. A longer version can be found in Appendix A 1.
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Algorithm 2 Find intersections short version

1: for index = (1:nBBoxes) do

2 if index € available bboxes then

3 add index to intersected bbox

4 remove index from available bboxes

5: switcher = row

6:

7 while available bboxes is not empty do

8 current index = index

9 if switcher = row then

10: while intersecting bboxes exist do

11: iou_ value = max(sorted(IoUMatrix(row)))
12: index = index of iou value

13:

14: if iou value = 0 then

15: No overlapping bboxes

16: end if

17:

18: if length of index > 1, more that one box overlaps equally then
19: if iou_value > 0 then

20: Make one of the iou values smaller
21: index = index of iou value

22: end if

23: else

24: if index in available bboxes then

25: add index to intersected bbox

26: remove index from available bboxes
27: end if

28: end if

29: end while

30: switcher = col
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31: else if switcher = col then

32: while intersecting bboxes exist do

33: iou_ value = max(sorted(IoUMatrix(col)))
34: index = index of iou value

35:

36: if iou value = 0 then

37: No overlapping bboxes

38: end if

39:

40: if length of index > 1, more that one box overlaps equally then
41: if iou value > 0 then

42: Make one of the overlaps smaller

43: index = index of iou value

44: end if

45: else

46: if index in available bboxes then

47 add index to intersected bbox

48: remove index from available bboxes
49: end if

50: end if

51: end while

52: end if

53: end while

54:  end if

55: end for
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Given an IoU-matrix the bounding boxes intersecting was determined. The algo-
rithm searches for matches row- and columnwise respectively. If a matching bound-
ing box is found in a row, i.e. the IoU value is greater than zero, the index of this
bounding box becomes the starting point in a column search. If a match is found in
the column search, it is first determined if the match also intersects with the pre-
viously picked bounding boxes before adding it to the list of intersecting bounding
boxes. The search continues until no additional bounding boxes can be added to a
set of intersected boxes.

In Figure 4.6 an example of the algorithm is shown:

| 1 0 0.237 0 0.786 0.619
0 1 0 0.965 0 0
| 0237 — 0 ——1 0 01655 0.357
0 0.965 0 1 0 o/
0.786 0 0.655 0 1 0.287
0.619 0 0.357 0 0.287 1
Intersecting bboxes
Algorithm Init: add bbox 1 [1]
1st search (row): add bbox 5 [1,5]
2nd search (column): add bbox 3 [1,5,3]
3rd search (row): add bbox 6 [1,5,3,6]

Figure 4.6: Intersection search algorithm example

In the initialization step, the first bounding box in the list would be added as
"intersected". The first search is performed along the first row, and the highest IoU
value is picked along with the index of this bounding box, in this case the fifth
bounding box. The second search is performed column-wise along the fifth column,
resulting in picking bounding box number three after checking that bounding box
three indeed intersects all previously selected bounding boxes. The algorithm then
switches to row search along row three and continues until no further intersecting
bounding boxes can be found. When no more intersected bounding boxes are found,
one can take the ToU between the found bounding boxes which results in the final
bounding box for the detected object.
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Tracking

Humans can take one look at an image and instantly know which objects are in the
image, the positions and how they move. The visual system of a human is fast and
accurate. To be able to make a computer act like a human visual system require a
lot of work but would allow AGVs to drive without other sensors than cameras and
unlock the potential for responsive robotic systems. In this chapter, the project is
broken down into different sub tasks to view the workflow from start to a system
that detects and tracks AGVs in a warehouse environment only using cameras. The
first step is to detect and track interesting objects.

5.1 Parallel computing

In order to achieve real-time running capabilities, information from multiple cameras
has to be processed simultaneously, or in parallel. Multithreading is a technique to
achieve parallelism in computing. This technique allows concurrent execution of
different tasks on a single Central Processing Unit, CPU, by dividing tasks into
threads and assigning portions of the processing resources to each thread [48].

5.2 Object detection

To detect the interesting objects, YOLOvbs was used as a detection algorithm.
The YOLO-family of detection algorithms was considered to be a well established
algorithm with good performance, documentation and a large community for trou-
bleshooting. The latest model, YOLOvV5, has the best performance and the small
version was considered to be a good trade off between accuracy and computational
complexity which vouched for good real time execution performance. Implemen-
tation was based on Patty Wu’s GitHub repository [49] but with the DeepSORT
tracker algorithm removed. In short, DeepSORT tracker uses a neural network to
improve the re-identification of tracked objects. The neural network is trained on
pedestrians and given that the simulated AGVs were all exactly alike it was con-
sidered retraining the network would not lead to a usable tracker. Apart from this,
the algorithm was intended to only output measurement in the form of bounding
box coordinates and class of the detected objects. The classes used in the object
detection part were AGV and Human and comes from the labeled data described
in section 3.2.
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5.2.1 Training the object detector

The object detection algorithm was trained on relevant objects, in this case pictures
containing the simulated AGVs and humans from Blender, labeled as described in
Section 3.2, to make it able to better spot and classify the objects. Different angles
and scales of the AGVs and humans in the training pictures were used to make the
detector robust against scales and rotations in the videos. The actual training pro-
cess was carried out using a training notebook, a predefined training environment
[50]. The training environment uses the code supplied with YOLOV5 to train the
object detector. Training was performed on Cloud GPU and with image size 416
pixels, batch size 16 and hyper parameters as defined in Table 5.1. The training was
performed over 1000 epochs.

1r0 0.01
Irf 0.2
momentum 0.937
weight decay | 0.0005
warmup epochs 3
warmup bias Ir 0.1
box 0.05
cls 0.5
cls pw 1.0
obj 1.0
obj pw 1.0
iou t 0.2
anchor t 4.0
f1 gamma 0.0
hsv h 0.015
hsv s 0.7
hsv v 0.4
degrees 0.0
translate 1.0
scale 0.5
shear 0.0
perspective 0.0
flipud 0.0
fliplr 0.5
mosaic 1.0
mixup 0.0

Table 5.1: Hyperparameters used in training of the YOLOvV5 object detection
algorithm

During training the Adams optimizer was used with the Binary Cross Entropy loss
was to calculate the loss for both bounding box and classification.
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5.3 Multi object tracking

Object detection and classification was performed in each camera and the results
were fed into the system. A flowchart of the processes in the system at a given time
step k£ could be described as follows:
o Transform the bounding boxes according to the respective homography.
o Find intersections between transformed bounding boxes
« Compute center point of the resulting polygons from bounding box intersection
o Feed center points as measurements into Kalman filter
e Draw filtered positions on map
Below follows a more in depth description of the different steps.

5.3.1 Kalman tracking

The Unscented Kalman Filter was used for tracking and smoothing out estimated
states. Individual filters were initialized for all tracked objects and measurements
were associated with predicted filter states using the euclidean distance.

A block scheme of the Kalman tracker is visualized in Figure 5.1.

Algorithm Init

\ Filter i Parameters: Position, Velocity, Class, Age

Age=0 A
Class set
ID set

> Max ag
Delete < Max age
Age+1
e

Figure 5.1: Block scheme visualization of Kalman based tracker algorithm with
age being a parameter for discarding objects that were lost for a certain time

Measurements were divided into associated and non-associated, where an associated
measurement would have to belong to a filter with a predicted state close to the mea-
surement. Non-associated measurements would typically appear when a new target
was introduced, resulting in the initialization of a new filter. In a similar way, a
filter needs to be deleted in the case a target leaves the scene of sight. To deal with
this an age parameter was added to the filter. When a filter was updated without
any measurement the age parameter was increased. If the age reaches a threshold
the filter was deleted.
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5.3.2 Unscented Kalman Filter
The system was described by the discrete state space model in Eq. 5.1 - 5.2.

X, = F(Xp-1) + Q— (5.1)

Parameters of the Kalman filter were set according to Eq. 5.3 - 5.6

el 10 0 0 0 0

wl 00 0 0 o0

wl,]0 0 Ate2 0 0 (5.3)
ol 100 0 0 o0

wel 00 0 0 Ate?

——

States State noise covariance

Where zy, y, are center point coordinates, vy is velocity, ¢ is heading and wy is
turn rate.

The measurement provided a measured center point for an object. The measurement
matrix, converting a state into a measurement, was hence:

10000
H‘lo 100 0] (5:4)

Yielding,
100 00
Yi = [

The humans and AGVs were assumed to be moving with a constant velocity, pro-
ducing the motion model:
(21 + 22’;:11 sin (w’“;m) cos (Pr_1 + L’;At)_

Yp—1 2:}2:11 sin (wk_QlAt) sin (Qbk—l + (L_;At)

X = F(Xp-1) + g = Vk_1 +d;-1 (5.6)
Gr—1 + Atwy_y
Wg—1

Where At was set as the update frequency of the cameras, or the inverse of the
rendered frames per second, FPS, 1/24.

On initialization, one filter per measurement was set up. For each new set of mea-
surements, the measurement with the closest euclidean distance was picked for the
update step. If no measurement could be associated with a certain tracker, the
update step was to run without measurement input and an addition to the age pa-
rameter was made. The unassociated measurement yielded the initialization of new
trackers. Implementation of the Kalman filter was achieved using Filterpy [51] with
modification to fit the thesis, including the addition of ID, class and age parameters.
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5.4 Safety functionalities

Trajectory prediction refers to techniques for computing a predicted trajectory. This
was used with two different approaches in this project. By computing safety zones
that depend on the direction and the velocity of the object and a heatmap that
changes with increasing and decreasing movement in the area. Those two approaches
were created and tested but since the AGVs are only simulated in pre-defined tra-
jectories and not able to change direction or speed in the simulation, no evaluation
of the trajectory prediction was made.

5.4.1 Velocity calculation

The velocity was, together with the position, one of the desired output parameters
of the system according to Section 2.1.3. Equation 5.7 was used for velocity cal-
culation. The algorithm stored the last observed position and corresponding frame
number and calculated the difference in relation to the current position and frame
number. In a scene with perfect coverage, where no occlusion occurs, the frame
numbers are always trailing. If there was occlusion, keeping the last observed frame
number allows for a linear estimation of the velocity during occlusion.

This results in a linear velocity estimation if the target is occluded for a number of
frames.

(@, 9) — (2,9);
frame;, — frame;

Pixels per Frame = (5.7)

Where £ is the current time step and j is the last known time-step.

5.4.2 Safety zones

A safety zone concept was implemented for crash avoidance. This technique was
inspired by a system from SICK AG [52] which uses laser scanners for distance
measuring and applies threshold for vehicle interaction when an obstacle is found.
Within an outer set of thresholds the vehicle should slow down if an obstacle is
detected within the inner set of the threshold. See Figure 5.2 The thresholds could
either be set statically or dynamically, in which a greater velocity yield a larger
safety zone. The dynamic change in safety zone size would better represent the
longer braking distance for a vehicle travelling with increased velocity.

The implementation was made dependant on the velocity in z- and y-direction
determining the major direction of the vehicle and in turn the safety zone. Condi-
tional statements defined eight cases, straight traveling either forward or back and
in left and right direction as well as 45° travelling in four directions. Two safety
boxes were drawn around the estimated center point for the inner zone, red, and an
outer zone, orange. In addition, the velocity of the vehicle resulted in a larger zone
in front of the vehicle during travel.
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Figure 5.2: Simulated AGV with two level safety zone

5.4.3 Heatmap

A heatmap was implemented. Implementation was based on saving snapshots of
the scene for a set number of time steps, removing the oldest snapshot as time
progressed. Positions of vehicles and humans were represented using an intensity
distribution, to account for uncertainty in the absolute position. The algorithm
took as input arrays of position and class belonging and the intensity distribution
could hence be dependant on the type of object, where an AGV rendered a larger
distribution than a human.

The heatmap catches and registers movement by AGVs and humans in the scene
and saves these a certain number of time steps. The heatmap serves as the main
source of information regarding what dynamical obstacles surround a certain AGV.
This would substitute the use of e.g. LiDAR onboard the vehicle for determining
awareness of the surroundings. An example of the heat map can be seen in Figure
5.3-5.4.

The heat map is supposed to function as a safety measure. The size of the safety

zones was made dependant on the heat map in the trafficked area would be assigned
a greater safety zone.

42



5. Tracking

Figure 5.3: Heat map view at time instance k

Figure 5.4: Corresponding overview time instance k with mapped
bounding boxes from different camera angels
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Results

Evaluation and testing of the different subsystems were conducted to motivate the
methods used and support the proof of concept claim. The system should provide
positioning and tracking with minimal identity switches, correct detection and high
positioning accuracy.

6.1 System verification and validation

The results were gathered for the systems ability to perform two main tasks, namely
positioning and tracking. The positioning performance was evaluated compared to
the ground truth position from the simulation and the tracking performance was
evaluated in the form of the number of correct detections and the number of identity
switches.

6.1.1 Positioning evaluation

Evaluation of the systems positioning ability was based on the ground truth acquired
from the simulation part in Section 3.1. An evaluation track was created, see Figure
6.1. The evaluation simulation included a single AGV with cameras strategically
positioned to achieve a good positioning performance. By comparing the mapped
position and time instance ¢t with the true position at the same time instance a value
of the positioning error at time instance t for object k could be calculated as:

6? - \/(x{;"uevt o x];red,t>2 + (yfrue,t - ygred,t)2 (61)

The total mean average error for AGV k is then:

N k k k k
ko thl \/(wtrue,t - xpred,t)Z + (ytrue,t o ypred,t)2
- N

e (6.2)

Here zf,,, and y ., are the x- and y-position of the center point in the predicted
bounding box k, and },,., and y}.,. , are the x- and y-position of the simulated k"
object which also is the ground truth.

The AGV made two turns around its center point, one 90° turn between frame
120 and frame 140. The second turn, 180°, was performed between frame 200 and
frame 230. The result showed that the algorithm could position the AGV with a
mean average error of 0.077 meters and a median error of 0.075 meters.
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Figure 6.1: Track for single AGV for evaluating positioning of the tracker

The position was calculated and evaluated against the ground truth to see how
accurate the camera based tracking predict the position of the tracked objects. A
comparison between the true position and the tracked estimated position can be
seen in Figure 6.2 and Appendix A.2.

Comparison position in X [m] Comparison position in Y [m]

150 200 250 300 o 50 100 150 260 250 300

Figure 6.2: Comparison between true state and tracked estimate of single AGV

To evaluate the overall performance of the algorithm with respect to the ground truth
the positioning error at every time step was plotted in Figure 6.3 and Appendix A.3.
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Total error [m] Error X [m] Error ¥ [m]

MMMMMMMMMMMMMM

Figure 6.3: Positioning error between true state and tracked estimate of single

AGV

6.1.2 Tracking evaluation

Evaluation of the tracker refers to its ability to correctly detect relevant objects,
assign identification to these and keep the identification throughout multiple frames.
An example of a time instance of the tracker is visualized in Figure 6.4. This part
was evaluated on the large warehouse with two humans and four AGVs as can be
seen in Figure 6.4. The object detection algorithm was evaluated on mean average
precision, mAP, the description of this precision measurement is based on Ren Jie
Tans article [53]. To identify true positive, TP, true negative, TN, and false positive,
FP, detections the ratio between the intersection of a detected bounding box and
the ground truth bounding box is calculated and divided with the union of these
two bounding boxes. This ratio is the IoU:

Intersection between detection and ground truth

IoU = 6.3
© Union between detection and ground truth (63)
TP, TN, and FP are now defined as:
TP IoU > 0.5
TN| =1 IoU<0.5 (6.4)

FN No detection

Using this, the precision and loss were calculated and a curve between these was
plotted in Figure 6.5 and Figure 6.6. Interpolating at every recall level by taking
the maximum precision gives the interpolated precision, integrating this yields the
average precision, AP. Taking the mean of the AP for all classes yields the mAP.
The object detection network was trained for 400 epochs and yielded a mAP of
74.89% as can be seen in Figure 6.5.
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Figure 6.4: Example output from algorithm with ID assigned to AGVs and
position information
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Figure 6.5: Validation mean average precision of the trained model
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Figure 6.6: Validation loss of the trained model

Furthermore, a general performance measure on multi object tracking systems is
defined in the Multi Object Tracking Challenge, MO, and specifically the Multiple
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Object Tracking Accuracy, MOTA value. Evaluation of the tracker was performed
using inspiration from the MOT challenge [54] and the work of Bernardin et al. [55].
This part of the thesis was evaluated on the precision of the MOTA. MOTA evalu-
ates how many mistakes the tracker makes and indicates how accurate the tracked
ID is with respect to the false negatives, FN, FP and identity switches, IDSW, see Eq
6.5. With the simulation of data, ground truth, GT, the number of ground truth ob-
jects, could be computed in both exact position and exact velocity. From the ground
truth, the error between the estimated position, velocity and heading was computed.

The MOTA value for the system was computed as:
S W(FNy+ PNy + IDSW;)

MOTA=1— -
> GTh (6.5)
. 24142 14 ~ 0.9916
287-6+13-5 1787

MOTA has been calculated for a dataset consisting of six objects and 300 frames
where six of the objects are visible for the cameras in the first 287 frames and then
one AGV leaves the remaining five objects are visible in the last 13 frames.

6.1.2.1 Kalman Filter tuning

State noise covariance, () was set as:

00 0 0 0
00 0 0 0
00 Ate2 0 0 (6.6)
00 0 0 0
00 0 0 Ato?

w

State noise covariance

Experiments found different characteristics on the results depending on the filter
tuning.

High o,:
When o, was increased the filtered position became noisy. The speed changed
quickly.

Low o,:
When o, was decreased the changes in velocity was slow.

High o,:
o,, affect the yaw rate of the vehicle. A higher o, allowed the yaw rate to be changed

more easily and the vehicle would initiate turns on small measurement changes.

Low o,:
When decreasing o, the vehicle had a slow adaption to turns.
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Since the velocity of the objects can be assumed to be almost constant, o, was set
to a small number. Since it is unlikely that the tracked objects turn on straight
roads, the turn rate o, was also set to a low value. After experimental testing, the
parameters were found according to Table 6.1.

Oy 0.1
0.915
9w | 80 ™

Table 6.1: Tuned process noise covariance parameters

Measurement noise covariance was tuned to:
R = diag(le™",1e”") (6.7)

The SNR is then:

1Q[| _ [|diag(0,0, Ata?, 0, Ata )|

SNR = = .
|2l ||diag(1e=T, 1e~T)]

~ 2047 (6.8)
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The parameters of the sigma point calculations were set as:

K| = 0
a | = 10.001
pl=] 2

Table 6.2: Chosen parameters in Unscented Transform

The velocity was calculated and evaluated against the ground truth to evaluate how
accurate the camera based tracking predict the velocity of the tracked objects. A
comparison between the true and tracked estimate velocity can be seen in Figure
6.7. The average velocity error was 0,45 m/s.

Comparison between estimated and true velocity

Figure 6.7: Comparison between true velocity and tracked estimate velocity of
single AGV
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Conclusion

The developed system is proven to be able to extract position and velocity param-
eters of the tracked object with a mean average error of 0,077 meters in position
and mean average error in velocity of 0,45 m/s. The different AGV positioning and
localization methods could, as mentioned in Section 2.1 be divided into fixed or free
trajectory creation, and absolute or relative position measurement. The developed
multi camera system could be described as a free and absolute method since the
AGVs do not have any path restrictions as long as the objects are visible in at least
one of the cameras and can be updated at every time step.

Since the system is tested in a simulated environment, other tracking systems were
not evaluated in the same testing environment as the developed systems. Due to
this, a fair comparison between systems is not provided. Further studies in other
environments could provide this measure. From a cost perspective, a solution with
only cameras could be a cheaper option than other advanced sensors, such as Li-
DAR. The main difference between the developed system and the researched existing
systems is that the developed system does not need any onboard sensors on the ve-
hicles for tracking and positioning. This creates flexibility in that the new vehicles
and other dynamic objects easily can be introduced without having to equip them
with sensors. The AGV will not carry any sensitive sensor equipment, which could
result in less consumption of sensors since they do not risk getting damaged to the
same extent as if they were located on the driving vehicle. This, as stated in the
introduction, relates to Goal 12 concerning consumption in United Nations Agenda
for Sustainable Development [3]. Neither are any landmarks in the warehouse re-
quired to position the detected objects since the cameras determine the position
based on homographies. The neural network can be trained on more classes than
only AGVs and humans which would give the AGVs the possibility to avoid other
objects, e.g. chairs, tables, boxes or pallets. Static objects like walls and shelves
has to be preprogrammed to make the system aware of the objects. Because of this,
the warehouse environment can’t be changed without reprogramming the static en-
vironment. One solution to make it possible to change the static objects would
be to train the network to detect static objects. In an environment with multiple
static objects or difficult camera angles, this method would probably result in a bad
estimation since the bounding boxes could be hard to position satisfactorily.
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7. Conclusion

The system makes it possible to visualize the entire warehouse and get an overview
of all tracked objects at once. This could, in future development, make it possible
to control all AGVs from one central unit that has the exact position of all objects
in the entire warehouse. Instead of the current AGV methods where every AGV
controls itself depending on the small environment they see around them.

Having a complete bird-eye view of a warehouse, like the one the developed al-
gorithm provides, would enable collision avoidance on another level than what is
currently possible with traditional onboard sensors. Collision avoidance could be
applied for cases where other objects are occluded, such as behind corners. Effi-
ciency could be increased as well since an AGV could be instructed to slow down
when approaching a corner to allow for another AGV to pass in front of it, rather
than arriving at the corner and both AGVs performing a hard stop. By having the
equipment placed in the roof instead of on the vehicles creates possibilities to adjust
and rebuild the AGVs without having to take into account how to place the sensors
on the AGVs, resulting in more optimal shapes of the vehicles. Humans can also
enter and leave the warehouse without picking up any sensors or other equipment
to be visible for the sensors since the object detector captures humans entering the
scene and keeps track of the class and movement until it leaves the warehouse.

This makes it easy to integrate both AGVs and humans and potentially also fix
robots in a single warehouse since the system can determine the class of the de-
tected objects and change the size of the safety zone depending on which objects
the AGVs are close to. To introduce objects with new appearances the only change
that has to be made is to re-train the neural network to make the detection al-
gorithm recognize the new classes. Further development could focus on using the
system to control the AGVs with multiple different objects to be avoided.
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Appendix 1

A.1 Algorithm Find Intersections



Algorithm 3 Find intersections

1: for index = (1, nBBoxes) do

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:
37:

2
3
4
5:
6:
7
8
9

if index € available bboxes then

add index to intersected bbox
remove index from available bboxes
switcher = row
end = False
while Not end and available bboxes is not empty do
current index = index
if switcher = row then
loop_flag = true
if max of IoUMatrix[index,:] = 0, no overlapping boxes then
no overlapping boxes
loop_flag = false
end = True
end if

i=1

while loop_flag, intersecting boxes exist do
iou_value = max(sorted(ToUMatrix[current index,:]))
index = index of iou_value

if iou_value = 0 then
No overlapping boxes
loop_flag = false
end = True

end if

if length of index > 1 then

if iou_value > 0 then

for i € range 1 to length of index do
ToUMatrix[current index, index|[i]] -= 0.01*i

end for
index = index of iou_value

else
loop_flag = false
end = True
Break




38:
39:
40:
41:
42:
43:
44:
45:
46:
47
48:
49:
50:
51:
52:
53:
54:
55:
56:
57:
58:
59:
60:
61:
62:
63:
64:
65:
66:
67:
68:
69:
70:
71:
72:

if index in available bboxes then
if all IoUMatrix[i,index] > 0 then
for i € intersected bbox do
add index to intersected bbox
remove index from avalible bboxes
loop_flag = false
end for
else
i+=1
end if
else
i+=1
end if
end if
end if
end while
switcher = col

else if switcher = col then
current index = index
i=1
loop_flag = true
while loop_flag, intersecting boxes exist do
iou_value = max(sorted(IoUMatrix[current index,:]))
index = index of iou_value

if iou_value = 0 then
No overlapping boxes
loop_flag = false
end = True
else if iou_value = 0 and i = 1 then
loop_flag = false
end = True
else




73: index = index of iou_value

74: if length of iou_value > 1 then

75: if iou_value > 0 then

76: for i € range 1 to length of index do
7 IoUMatrix[current index, index|i]] -= 0.01*i
78: end for

79: index = index of iou_value

80: else

81: loop_flag = false

82: end if

83: else

84: if index € avalible bboxes then

85: if all ToUMatrix[i,index] > 0 then
86: for i € intersected bbox do

87: add index to intersected bbox
88: remove index from available bboxes
89: loop_flag = false

90: switcher = row

91: end for

92: else

93: i+=1

94: end if

95: else

96: i4+=1

97: end if

98: end if

99: end if

100: end while

101: end if

102: end while

103: end if
104: end for




A. Appendix 1

A.2 Position Comparison
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A. Appendix 1

A.3 Position Error
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