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Abstract

Many warehouses rely on automated guided vehicles (AGVs) that use 2D-LiDAR
based localization and static environmental landmarks. In dynamic warehouse en-
vironments, this approach can become unreliable due to occlusions and changes of
previously considered static landmarks. A vision based localization method is able
to detect features in the environment that a 2D-LiDAR cannot. Therefore, this
thesis aims to answer the main question: "Can a visual localization method improve
localization accuracy compared to LiDAR-based 2D-localization, based on common
accuracy metrics like absolute trajectory error (ATE)?"

To evaluate our own solution, a baseline was created consisting of a modified version
of the open-source method pySLAM [1]. The baseline was modified to rely on a static
map for localization, reflecting how many industrial navigation systems operate.
Based on the observed limitations of this approach in dynamic environments, a new
method called 2P (two point)-SLAM was developed and made available as open
source [2]. The method separates map points into static and mutable points, allowing
the system to preserve a pre-recorded static map while adapting to environmental
changes by adding and removing mutable points when needed.

The results show that the maximum error of the baseline is 307 mm during the
dynamic test. SLAM achieves a maximum error of 144 mm, while 2P-SLAM achieves
184 mm. However, 2P-SLAM adds 83% fewer points than SLAM. The AT Eryse
suggests that there is no significant difference between 2P-SLAM and the baseline,
with values of 76 mm and 78 mm respectively. As expected, the existing 2D-LiDAR
solution struggles in the dynamic environment with an AT Eryrsp of 309 mm.

The conducted experiments therefore suggest that a vision based localization method
can improve localization accuracy compared to the evaluated 2D-LiDAR localiza-
tion method in the tested dynamic environment. Since each localization method
was evaluated using a single execution and the visual localization pipeline exhibits
stochastic behaviour, the reported results should be interpreted as indicative rather
than statistically significant. Further testing and repeated evaluations are required
to strengthen these findings.

Keywords: AGV, visual SLAM, Computer Vision
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Introduction

Automation has the possibility to revolutionize logistics and material handling. Au-
tomated processes are more effective in the sense that they allow for longer working
hours and often faster completion of tasks. The integration of automated processes
also results in fewer personal injuries and repeatable and reliable behaviour. Within
autonomous warehouse logistics, automated guided vehicles (AGVs) have become
the dominant solution. The reason is that the autonomous vehicles are guided along
predetermined paths which provides reliable and robust behaviour necessary to avoid
collisions and to allow collaboration with humans.

Early systems relied on magnetic tape or inductive wires integrated within the floor
to guide the vehicles along the desired driving paths [3]. As these paths restricted
the possibility to change the driving paths of the vehicles, digital paths created in
software became a substitute [4]. To locate the vehicles without the floor based navi-
gation methods, Light Detection And Ranging (LiDAR) became a common solution.

LiDARs operate by emitting laser pulses and measuring the time it takes for each
pulse to return after reflecting off an object. From the obtained time, the distance to
the object can be calculated. By combining the measured distance with the known
emission angle, the LiDAR produces a scan used for localization. To localize the
vehicle within the operation area, the position of the reflecting objects have to be
known. By defining the positions of the reflecting objects, the position and orien-
tation of the AGV can be determined from the distances to the reflecting objects.
These reflecting objects are often called landmarks. The LiDARs commonly detect
either artificial landmarks like reflectors or natural static objects in the surrounding
environment such as walls and pillars to calculate the location of the AGVs.

Although these types of LIDAR-navigation might be referred to with different nam-
ing conventions, these navigation types are referred to as reflector navigation and
natural navigation (NatNav) respectively at Kollmorgen Automation AB. Therefore
these are the names used for this thesis. An illustration of all the afore mentioned
navigation types can be seen in Figure 1.1. One important thing to point out is
that the reflector and natural navigation in this case are based on 2D-LiDAR, which
means that the LIDAR only emits laser pulses in the horizontal plane.
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Navigation Types KOLLMORGEN

Inductive wire

Natural Reflector

Figure 1.1: Illustration of how magnetic tape, inductive wire, reflector and natural
navigation works. Image provided by: Kollmorgen Automation AB.

Usually, the global positions of the localization landmarks are not known. Therefore
the reflectors are surveyed to determine their position, before reflector navigation
can be used. For natural localization a 2D map is created for the entire operational
area by driving around the area to detect all reflecting objects. During operation,
the AGV localizes by matching each scan to the stored landmarks. In addition to the
2D-LiDAR, both the reflector and natural navigation methods fuse measurements
from auxiliary sensors, such as an IMU and wheel encoders to improve the accuracy
of the localization.

When considering localization in this thesis, it is important to consider that the
AGVs operate on planar surfaces. Therefore, localization can be considered in 3
degrees of freedom (DOF) instead of 6 DOF. Using a conventional robot coordinate
frame, this means that only position in x and y and rotation around z (yaw) have
to be determined during localization.

1.1 Problem formulation and Aim

From a commercial perspective, putting up artificial landmarks requires long instal-
lation times as the landmarks must be physically installed on the site and precisely
surveyed before the AGV system can be started. This does not only contribute to
long installation times, but also increased personnel costs. Furthermore, the physi-
cal instalment of reflectors makes it problematic to make changes in the operational
area as reflectors might be moved or occluded, making them unusable for localiza-
tion. This leaves natural localization as a promising option, as it only requires a
scan of the site to extract features to be used in the localization. This also quickly
can be remade when changes in the operational area take place.
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However, many areas where AGVs are used might include dynamic objects that
are unsuitable for localization. Examples of dynamic objects could be a human or
an AGV in motion but also objects like pallets since their position might be static
but change over time. Dynamic objects lead to static objects like pillars and racks,
that are used as navigation landmarks, being occluded. Therefore, environments
like this degrade natural localization performance [5].

A vision based localization method, using cameras, has the advantage of being
able to detect and possibly classify objects and features in the environment in 3D,
which a 2D-LiDAR cannot. Vision based localization also has the potential to detect
other types of features like cracks and paint markings on walls and floors. Further-
more, image attributes such as differences in colour, intensities and textures provide
additional features that might improve localization. Another example could be clas-
sification of objects, which might be used to prevent dynamic features from being
added to the map to a lower degree. These potential advantages raises the ques-
tion if vision-based localization could be used as a complementary or alternative
approach to natural navigation.

Therefore, this thesis aims to explore whether a visual localization method can
improve localization in dynamic environments compared to Kollmorgen’s existing
natural navigation. Specifically, the aim will be to use an existing visual SLAM
method as a baseline that can be used as a starting point. This will then be evalu-
ated and used as a platform for the development of an in-house solution (IHS) that
we have choosen to call 2P-SLAM (Two-Point SLAM), to better handle challenging
warehouse environments.

1.2 Background

In the background, first, the visual localization methods visual odometry and visual
simultaneous localization and mapping are explained. Then, common approaches
of visual localization in warehouse logistics are declared. Finally, the pre-study
conducted to define the baseline is described.

1.2.1 Visual localization methods

Visual localization is typically performed using Visual Odometry (VO) or Visual
SLAM (VSLAM). These methods form the basis of many modern visual localiza-
tion methods and are therefore relevant for the pre-study conducted in this thesis
described in Section 1.2.3.

VO estimates camera motion by tracking visual information across image frames
and can be implemented using either feature-based or direct methods. Feature-
based VO relies on distinct keypoints, such as corners, that are represented using
local descriptors. These descriptors can be generated using traditional algorithms
such as ORB, described in Section 2.2.1, or learned methods based on convolutional
neural networks (CNNs) [6]. The features are matched across frames to estimate
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the camera motion. More on this in Section 2.2

Visual SLAM extends VO by also constructing a map of the environment while
estimating the motion. This enables additional capabilities such as loop closure,
where previously visited locations are recognized, reducing accumulated drift. Fur-
thermore, optimization techniques, such as bundle adjustment, can be applied to
maintain a consistent map.

1.2.2 Visual localization in warehouse logistics

Most AGV systems in warehouse logistics localize the AGVs using landmarks with
pre-determined positions in a map. The main reason is that driving reliability and
repeatability are really important in logistics. If a SLAM framework is deployed and
continuous mapping is introduced, this introduces risks in changing landmark posi-
tions which might affect the pose estimations negatively. Research in vision-based
localization methods and visual SLAM often consider a wide variety of environ-
ments, that are unknown when localization is initialized and possibly unlimited in
size. This does not have to be the case for an AGV in a warehouse environment, that
is always going to navigate in the same area even though the environment in that
area might change. Features like walls, pillars and other static features are always
going to have the same positions in relation to each other which makes them great
landmarks to be incorporated in a static map to make localization more robust. The
environment is therefore not particularly challenging compared to the environments
addressed in some SLAM research. As the warehouse environments does not change
that much over time and the AGVs never have to explore a new places, a static map
is well motivated. However, in dynamic environments a pre-defined map with static
landmarks might risk losses in performance as the landmarks might be occluded or
that objects considered static in the mapping process starts to move. This results
in a trade off between accuracy and robustness in dynamic warehouse environments.

Another important reason for why SLAM is not the norm in warehouse logistics
is that accumulating pose estimation errors (drift) risk introducing errors in the cre-
ated map. If drift occurs, the algorithm risks adding new points to the map instead
of recognizing previously seen landmarks. This might lead to duplicates of points,
which in the worst case are not deleted or fused, causing further drift and eventually
an incoherent map.

1.2.3 Pre-study of VSLAM methods

To find a suitable starting point of the development, a pre-study of open-source
visual localization methods was conducted. As the chosen open-source method was
going to make up the foundation of the developed in-house solution, some consider-
ations were taken into account. The criteria considered were:
1. Is the method open source?
This was the first thing that had to be considered, as if the code was not free
to use and edit, no development could be done based on it.
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2. Does the method run real time?
For the method to be considered, it needed to have the possibility to run at
an acceptable sample rate on an embedded computer. Even though it was
out of the scope of the thesis to run the chosen method on an embedded
computer, taking run time into account ensures that future work might have
the possibility to get the method up and running on embedded hardware.

3. What types of cameras are supported?
It was important to make sure that the method supported a RGB-D camera,
as the camera used was an Intel RealSense D351 RGB-D camera.

4. Is the method compatible with other sensors?
As most AGV platforms contain additional sensors, it might be an option to
include these measurements in the pose estimation. Therefore, it could be
beneficial if the open-source method supports fusion of these sensors in its
pose estimation. This will make comparisons to solutions like NatNav more
fair.

5. What programming language is used?
For this thesis, python is preferred over C/C++. This is because rapid proto-
typing and testing is valued higher than real time performance. To make sure
results and conclusions can be reached within the projects timespan.

The fulfilment of the criteria of the researched VSLAM methods are presented in
Table 1.1.

Table 1.1: Comparison of the VSLAM methods based on implementation and
system capabilities.

Method Open Source Real-time capability Camera support Sensor support Language
Kimera (7] Yes Yes Mono, Stereo IMU C++
cuVSLAM (8] No Yes (GPU accelerated) Stereo, RGB-D IMU CH+
Maplab 2.0 [9] Yes Limited (offline focus) Mono, Stereo, RGB-D IMU, GPS, LiDAR  C++
RTAB-MAP [10] Yes Yes (configurable) Mono, Stereo, RGB-D IMU, 2D/3D-LiDAR C++
DROID-SLAM [11] ~ Yes No Mono - Python
MASt3R-SLAM [12] Yes No Mono Python
pySLAM [1] Yes Potential real-time Mono, Stereo, RGB-D — Python
ORB-SLAM3 [13] Yes Yes Mono, Stereo, RGB-D IMU C++

As shown in Table 1.1 it was discovered that cuVLSAM was not open-source, which
eliminated it from the selection. The computational power required for running the
machine learning based methods DROID-SLAM and MASt3R-SLAM made it hard
to guarantee a possible implementation on embedded hardware, they were therefore
eliminated from the selection.

In the end, pySLAM was selected as the development platform. While several of
the remaining methods seemed promising, many were implemented in C++ and are
optimized for production use, making them less accessible for rapid modification and
experimentation. In contrast, pySLAM provides a modular and flexible architecture
suitable for testing different algorithmic components, such as feature tracking meth-
ods, which aligns with the experimental focus of this thesis. It also benefits from
a C++ core making it run close to real time. The downside with pySLAM is that
it does not support the use of other sensors such as IMU. Based on the work in
ORB-SLAMS3 and Kimera, including an IMU might improve localization accuracy.
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1.3 Scope and Limitations

In this thesis, the methods were tested on miniature AGVs in simplified test sce-
narios. Additionally, all experiments were conducted on physical AGVs, since no
simulation environment was available and it was deemed outside the scope of the
thesis to set up one. Further, the scope of the project was confined to AGV local-
ization, meaning no changes was made to the control system.

The evaluation of the visual localization methods were conducted offline using
recorded videos. This gives identical conditions and makes comparison fair. The
videos were recorded with a 15 frames per second (FPS) frame rate to limit the size
of the videos. It was found during the thesis that a 30 FPS frame rate resulted in
test data that was inconvenient to store.

Implementing the solutions on embedded hardware could have opened up the pos-
sibility for more interesting tests. However, due to the time restrictions, this is
proposed as future work instead. In relation to this, as the speed of the mini
AGVs was low (0.35m/s) it was argued that 15 FPS could be enough from a con-
trol perspective to ensure stability, however, no such analysis was done. Therefore,
when referencing real time performance in the thesis, what is meant is how close
the solutions comes to being able to run the recorded videos in 15 FPS. It should
be mentioned that the real time performance assessment is based on the built in
FPS-calculations that are done in pySLAM. As pySLAM incorporates plotting and
visualization functionalities, it is reasonable to assume that the real time perfor-
mance would have increased if they were disabled. However, as they were necessary
in the evaluation and development-process, they were never disabled.

1.4 Research questions

The main scientific question of the thesis was formulated according to:

Considering an AGYV operated under Kollmorgen’s systems, in dynamic
warehouse environments. Can a vision localization method improve lo-
calization accuracy compared to the existing LiDA R-based 2D-localization,
based on common accuracy metrics like absolute trajectory error (ATE)?

To find a suitable configuration of the baseline and to develop a solution on our
own, the following questions were considered in order:
o Based on AT Egyse and frames per second (FPS), what feature tracker is
suitable to use?
o What environments/situations causes the baseline to fail or have degraded per-
formance? And what is the accountable source in the algorithm?
o Can modifications of the baseline improve localization accuracy compared, based
on common accuracy metrics like ATE?
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1.5 Ethical, societal and sustainability -aspects

While AGV usage can benefit workplace safety, by for example reducing human
exposure to chemicals or dangerous environments. It can also complicate the re-
sponsibility attribution if an accident occurs, especially when the accident happens
because of a decision made by the AGV. The movements of an AGV is a product
of the work done by developers, system integrators, operators and managers. This
complicates responsibility attribution. Furthermore, questions of privacy and data
storage might occur if cameras are added to a workplace where people are present.
If the data storage system is breached and it holds pictures of people or classified
objects, this information might negatively affect the company or its employees.

One of the largest societal aspects to consider is the AGV’s outcompeting human
warehouse workers. The implementation of AGV systems in environments will lead
to increased automation in warehouses which in turn might cause unemployment
among warehouse workers. It however has the possibility of creating a need for new
more qualified positions. New roles related to supervision, maintenance, exception
handling, and system optimization might emerge. To ease this transition, organiza-
tions should provide targeted reskilling opportunities and involve workers early in
the deployment process.

The successful integration of AGVs depends not only on technical performance but
also on workers’ perceived safety and trust. Vision-based localization may enable
more flexible and dynamic behaviours, but these must remain predictable and un-
derstandable to nearby workers. Clear signalling of AGV intent (lights, auditory
cues), consistent speed limits in pedestrian areas, and conservative behaviour when
localization confidence is low help ensure safe and acceptable interactions.
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Theory

The theory section aims to explain the relevant concepts for feature based visual
SLAM methods. First, relevant information about the camera is presented. Feature
tracking and visual SLAM concepts are then introduced to the extent that the
architecture of pySLAM can be described. Finally, the relevant evaluation metrics
are presented.

2.1 The camera

The camera used for the thesis was the Intel RealSense D/35i camera. The cam-
era is an RGB-D camera providing RGB images through an RGB module, while
simultaneously providing depth images through an infrared module. The camera
can provide different frame sizes and frame rates and also has a built in IMU. When
recording a video, these parameters can be changed from the RealSense Viewer ap-
plication. In this thesis, a frame rate of 15 fps and frame size of 848x480 pixels were
used. Real time performance could be achieved while running SLAM using frames
with size 640x480 and 848x480 at 15 fps. The latter frame size provided a wider
FOV and it was therefore chosen as the default setting.

RGB-module

IR-Stereo Cameras (b) Cameras position on

(a) Realsense d435i components. AGV.

The depth sensor has its most accurate range between 0.3-3m [14]. The camera
field of view is 58° — 87°, a larger field of view could help in scenarios similar to the
one observed in Figure 3.8. A good pose estimation also relies on known and tuned
intrinsic and extrinsic camera parameters. The intrinsic camera parameters could

8
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be found from the RealSense Viewer application. Providing the following camera
matrix,

613.3775 0 433.9765
K=| 0 6134954 251.5238]. (2.1)
0 0 1

The extrinsic camera parameters w.r.t the AGV where determined through a com-
bination of explicit calculations and parameter tuning. The rotation could be cal-
culated since the orientation of both coordinate frames are known. However since
the coordinate frames do not originate from the same point, the translation between
the coordinate systems t.. had to be determined, see Figure 2.1b. The process of
determining ¢, is explained in Section 3.2.2.

2.2 Feature detection

In feature based visual localization methods, feature detection and matching serves
as the foundation that the methods operate on. The feature detection process is
often split into two different tasks: keypoint detection and keypoint description.
Historically in keypoint detection, the methods are hand-crafted to find points in
images that are good to track such as corners, edges or blobs as described in [15].
Common approaches include [16-20]. To every keypoint a descriptor is created, of-
ten by encoding the image information in surrounding pixels. Just as for detectors,
many types of descriptors exists, typically the encodings are either binary or float
vectors of different dimensions. The process of detecting and describing keypoints
are commonly referred to as feature detection where a feature consists of a keypoint
and its descriptor. In this thesis, this process is sometimes referred to as "feature
tracking' as that aligns well with the naming convention in pySLAM.

Selecting points that can be tracked well and correspond to physical points in the
real world is challenging [15]. Recent advancements in machine learning has pro-
vided learned ways to detect and describe keypoints, with the possibilities to find
patterns in feature detecting and description that is hard to define through hand-
crafted methods. Even though learning based feature detection and description has
a lot of potential, training data limits its applicability [21].

As the tracker in this thesis was used in a visual SLAM context, one of the most
important things to consider apart from being able to extract good features to track,
was efficiency. In many feature detection and description tasks, pose estimations is
not required to run in real time, resulting in different trackers being suitable than
in a visual SLAM context. With this in mind, 3 tracker types were considered in
this thesis representing the three categories: Hand-crafted detector and descriptor
(ORB2). Hand-crafted detector with learned descriptor (FAST-HardNet). Fully
learned detector and descriptor (XFeat)
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2.2.1 ORB and ORB2

ORB [17] (Oriented FAST and Rotated BRIEF) is a widely used efficient tracker
that uses the FAST [22] detector and BRIEF [23] descriptors. The FAST detector
builds upon corner detection as they are easy to detect as the intensity varies a lot
in two directions. This property increases the chance that the point associated with
the corner will be detected across different frames.

BRIEF is a binary descriptor that creates a 128 dimensional vector based on in-
tensity comparisons of the pixels surrounding the keypoint.

In this thesis, ORB2 refers to the implementation in ORB-SLAM2 [24] that ex-
tends ORB by adding methods that aid in detecting more robust and spread out
features. By preventing all features from ending up in the same place in the image,
the tracker becomes more robust to occlusions. This works by splitting the frame
into 4 patches that cover the whole frame. If more than one feature is in one of the
patches, the patch is split into 4 new patches. The divisions only happens a certain
amount of times and if there are more than one feature in a patch at the end, only
the best feature is kept. ORB2 also has methods of dealing with rotation- and scale
invariance since, these are attributes that FAST does not posses by itself.

2.2.2 Fast - HardNet

HardNet [25] is a convolutional neural network that encodes the pixel information
around the keypoint based on learned descriptors. The network takes a greyscale
patch as input and produces a 128-dimensional L2-normalized feature vector. It is
trained using a triplet loss formulation to minimize the distance between matching
patches while maximizing the distance to non-matching patches. It is important to
note that HardNet does not perform feature detection. Instead, it only produces de-
scriptors of image patches around keypoints that are detected by a separate method.
In this thesis, a FAST detector is used to extract the keypoints. This combination
gives the method the efficiency from corner based detectors while it utilizes learning
frameworks to produce better descriptors.

2.2.3 XFeat

XFeat [6] (Accelerated Features) is a fully learned detector and descriptor pipeline
based on a convolutional neural network that focuses on efficient detecting and
description. The network processes the entire input image and produces a set of
keypoints along with corresponding descriptors. The descriptors are 64-dimensional
floating-point vectors extracted from a learned feature map. In contrast to classical
pipelines, XFeat can also incorporate matching strategies even though conventional
matching methods work as well.

10
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2.3 Feature matching

Once keypoints have been detected and described by the feature trackers, corre-
spondences between images can be established. This is called feature matching and
by comparing the descriptors of the keypoints, it is possible the determine what
features correspond to the same physical point. In visual SLAM frameworks, these
correspondences are matched in two different ways although the comparison of the
descriptors work the same. More on this in Section 2.5.

The most straightforward approach to find the correspondences is to do brute-force
matching. In this method, every descriptor in one image is compared to all the other
descriptors in the other image. By calculating the distance between the descriptors,
the closest match is selected as a corresponding feature. To calculate the distance
between descriptors the choice of distance metric depends on if the descriptor is
binary or float. For the binary descriptors b; and by, the Hamming distance

n

DHamming(bh b2) = Z 1(bl,i 7é b2,i) (22)

i=1

is used, where 1(+) is the indicator function (1 if true, 0 otherwise) and for the float
descriptors d; and dy, the Euclidean distance (L2-norm) is:

n

DEuclidean(dla d2) = \l Z(dl,i - d?,i)z- (23)

=1

Instead of only selecting the best match, k-nearest neighbour (KNN) matching gives
the k nearest matches for each descriptor. By applying Lowes ratio test

— <, (2.4)

ambiguous matches can be avoided since it only allows a match to take place if the
distance to the closest match is significantly smaller than the distance to the second
closest. Typically, 7 is between (0.7-0.8).

Even though the matching process should produce accurate matches, some of the
correspondences might be incorrect. Some of the outliers can be deleted using ge-
ometric constraints such as RANSAC [26] that estimates the essential matrix and
rejects inconsistent matches.

2.4 Visual mapping

In feature based visual SLAM, the map consists of sparse 3D points, often called
map points. The map is used to build a representation of the environment based on
the detected and matched features from the feature detection and matching part of
the method. The map points can then be used to estimate the pose of the camera,

11
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more on that in Section 2.5.

In visual SLAM pipelines that support RGB-D cameras, all features get an associ-
ated depth value. This means a 3D point can be computed in the camera coordinate
frame by using a feature pixel position and associated depth measurement from a
single frame. This is called unprojection, but is also referred to as triangulation in
this report since the depth module in the Realsense camera triangulates the depth
values. During the mapping process, instead of creating and storing information
about the map points every frame, some selected frames are used instead. These
are referred to as keyframes (KF). This means that the estimations are based on
a trade-off between accuracy and efficiency as using all frames would lead to an
accurate but infeasible estimation for calculations on most computers. To make the
map as good as possible, KFs are inserted based on criteria such as sufficient cam-
era motion, change in scene content and degradation in tracking quality. KF-based
approaches are commonly used in modern systems and have been shown to provide
high accuracy for a given computational cost [27].

Apart from keyframes being used as reference frames for map creation, they are
also stored together with their estimated camera pose. This allows for associating
observations of features. Each map point is associated with multiple keyframes in
which it has been observed, making up a so called co-visibility graph. This graph is
mainly used to define a local map around the camera so that not the entire global
map is considered when manipulating the map, optimizing or tracking the location
of the camera.

Many visual SLAM pipelines support modifications to the map points and keyframes
to keep the map accurate and computationally feasible. By keeping track of how
often the map points are observed, often in relation to how often they should be
visible to the camera, map points can be culled when this number drops below a
threshold. Map points might also be fused if the geometric distance (and possibly
the descriptor distance between them) is below a threshold. As map points are
culled or fused, the number of map points in a keyframe might change. By keeping
track of how many map points that is related to a keyframe, also the keyframe can
be culled if the number of map points is below a threshold.

2.5 Visual localization

As described in Section 2.3 the descriptors can be matched in two main ways in visual
SLAM frameworks. Either descriptors from two frames are matched to determine
how the keypoints have moved between frames. By estimating how the keypoints
move, it is possible to determine the relative camera motion between the frames. The
other way is to project map points onto the estimated pose of the camera from 3D to
2D (projection), and try to match the projected points with the detected keypoints
in the frame. Instead of searching the entire frame, the projection allows a smaller
patch of the image to be searched to perform the matching. The point needs to be
described in the cameras coordinate frame P. = [X, Y. Z.". The lateral and
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horizontal measurement are divided by the depth value and multiplied by the focal
length f to get the right perspective. Lastly the pixel position is translated by the
principal point ¢ since the origo in a pixel coordinate system usually originates from
a corner and not the middle.

fw 0 Cy Xc/Zc

—KP=|0 [, ¢l||Y/2 (2.5)
0 0 1 1

p:

—c

A point is deemed as visible if the pixel coordinate of the projected point p is within
the the image plane limits and the measured depth value is positive:

In image if: p€ [tmin ) and Z.>0 (2.6)

Unmin, Umax)

2.5.1 Frame to frame pose estimation

Frame to frame (F2F) pose prediction uses two consecutive frames to estimate a
new pose. This is done by matching descriptors of the detected keypoints in both
images. F2F exists to give the frame to map (F2M) pose estimation as good of a
starting guess as possible and runs fast since it only tries to match features seen in
the last frame.

2.5.2 Frame to map pose estimation

F2M is the most important pose estimation step of the visual SLAM methods.
This is done by first projecting map points onto the current frame and defining the
visible subset. The descriptors of this visible set are then only compared to features
that are close in the image. This is done by enforcing a search radius around the
projected points and only searching for matches within this radius. This speeds
up calculations and rejects possible mismatches by enforcing a useful geometric
constraint. Thereafter descriptor matching is conducted and pose estimation is
made using Perspective-n-Point (PnP), which is explained in the following section.

2.6 Pose and map optimization

A common pose and point optimization method is g2o [28]. It linearizes the error
function and solves a system of linear equations with the goal to minimize the re-
projection error. PnP is the most common usage case in this project, where only one
pose is optimized w.r.t fixed matched map points. This is what happens every single
frame during and F2F and F2M pose estimation. g2o is also used during pose graph
optimization (PGO), local bundle adjustment (LBA) and global bundle adjustment
(GBA). LBA and GBA refines the position of both map points and poses jointly.
During PGO only the poses are optimized given their relation to other poses. An
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example of an error function for the PnP case can be seen below.

Ty, =2 — W(Tcin)a (27)
F(Tcw> = ZT;Qiria (28)
T, =arg Igin F(T.), (2.9)

The graph contains a single SE(3) vertex representing the camera pose T, and edges
corresponding to re-projection errors of observed 3D points where z; = [u;, v;] " is the
observed pixel location, X; is the 3D map point, and 7(+) is the camera projection
function. In this formulation, the information matrix €); is the inverse of the mea-
surement covariance, meaning that observations with higher uncertainty contribute
less to the optimization.

The objective of the optimization is to find the configuration of all variables that
best explains the observed measurements under Gaussian noise. This is achieved by
minimizing a global error function of the form

F(.’E) = Z eij(xi,mj)TQijeij(xi,xj), (210)
(i,5)€C

where e;; is the residual error for a constraint between variables z; and z;. In the
context of a SLAM solution, the optimizable nodes z; and x; can represent either
points or poses, depending on what is being optimized.

Table 2.1: Optimization structure for different SLAM tasks.

Task | Optimized Variables | Fixed Variables | Edge Type
PnP Pose T Points X; Pose—point
LBA Poses T;, Points X Some poses fixed | Pose—point
GBA Poses T;, Points X; - Pose—point
PGO Poses T; Points (not used) | Pose—pose

g20 solves this non-linear optimization iteratively using Levenberg—Marquardt, which
improves convergence robustness by introducing a damping term to the Gauss—Newton
update seen in eq. 2.14. At each iteration, the error function is linearized using a
first-order Taylor expansion

eij(x + Ax) = e;(x) + Jij Az, (2.11)

where J;; is the Jacobian of the error function. This leads to a quadratic approxi-
mation of the objective:

F(z+ Az) ~c+2b' Az + Az" HAx, (2.12)
which can be minimized by solving the linear system,

HAz = —b (2.13)
(H + \)Az = —b. (2.14)
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2.7 Loop closing and global descriptors

Loop detection and closing is a vital part of SLAM solutions, with the purpose to
mitigate drift. This is done by first recognizing when the AGV has returned to
a previously visited location and secondly adjusting the trajectory to match the
physical constraints set by a motion model. Additionally the map points along the
updated trajectory can be optimized w.r.t the new poses using GBA.

Loop detection compares the current frame to previous keyframes to decide if a
loop has been closed. Comparing the descriptors of the currently matched points
with all previous keyframes descriptors is usually to computationally expensive and
therefore global descriptors are needed. One algorithm that creates global descrip-
tors is DBoW3 (Discrete Bag of Words3) [29], it represents each image as a histogram
of visual words derived from local feature descriptors. A pre-trained vocabulary is
used to quantize these descriptors into discrete words, allowing efficient comparison
between keyframes. Similarity between images is computed by comparing their his-
tograms, enabling fast retrieval of visually similar keyframes for loop detection.

The current pose is subsequently adjusted, followed by the proximate poses back
in time. PGO is used to optimize previous poses by considering the loop closing
pose as a fixed variable. This adjusts previous poses w.r.t the physical constraint
set by the loop close. This is often subsequently followed by GBA, where the map
and poses are updated w.r.t the changes caused by loop closing and PGO.

2.8 pySLAM

pySLAM is described as "An open-source Python framework for Visual SLAM" [1],
built with the purpose to enable prototyping, evaluation and comparison of different
VSLAM solutions.

The framework has prebuilt implementations of several feature tracking solutions,
ranging from early detection methods like GFTT [15] to some of the latest deep
learning based tracking solutions like MAST3R [12]. This enables quick testing and
evaluation of different tracking methods. Additionally, pySLAM has plotting tools
that can be used to determine if changes in methods or parameters gives the desired
result.

pySLAM is written in python, this opens up the possibility for easy and fast modifi-
cations of the algorithm as well as to use well known libraries. The big drawback of
Python however is that it is not optimized for real time use. PySLAM however has
a built in C++ core, enabling configuration in python and the speed of C++. This
enables multi-threading which drastically decreases simulation times. The solution
not being optimized for real time use was not a problem for the thesis but it will be
difficult if someone would like to implement the solution on embedded hardware in
the future.
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2.8.1 pySLAM overview

The most important modules of pySLAM with respect to this thesis can be seen
in Figure 2.2. There are implementations of even more functionalities in the code
base like semantic mapping and volumetric integration. This means that Figure 2.2
does not accurately depict the pySLAM architecture, but is simplified to explain
what functionalities that were the most important in this thesis. Every module i.e
Tracking, Local map, Loop closing, GBA and Sparse map, all include a sequence of
algorithms. The algorithms are conditioned, leading to challenges in illustrating and
explaining how they run in a chronological and static way. Varying conditions leads
to algorithms being skipped, substituted or in the worst case pySLAM failing. In the
following section an attempt to describe the chronological sequence of algorithms
under optimal conditions (conditions that lead to the optimal algorithms running)
is made.

| LOCAL MAP
No Recent Map .
Frame ’< New KF || -{ Points -{ g -{Fusepmnls -{ LBA -{ "gzﬂ:r@:
Culling
|
—_— e e e — . — KF
|
Covisibility Spanning |
Key-Frames }‘ Graph Tree A o
7 Loop
SPARSE MAP \ Detection /
R — ‘_ o
\ 1 "
oop
! Po0 Corrocion [ Geameny o (TR e
GBA Checking
LOOP CLOSING

Figure 2.2: Simplified architecture of pySLAM, only containing modules relevant
for the thesis.

2.8.2 Tracking

Tracking is the most fundamental section of pySLAM. It is responsible for the ma-
jority of pose estimations and every single frame is processed here. When a new
frame is fed into this section, pose estimation algorithms start if a previous pose
estimation exists, otherwise re-localization is initiated. A simple constant velocity
(CV) model in SE(3) is used to create a rough estimate that is used as a starting
guess for the F2F pose estimation,

Tt - Tt—l . AT (215)

If the estimation is reliable, the previous frame will be used in the F2F pose esti-
mation, and if not it will be conducted using the last KF. The estimated pose from
the F2F is then used in the F2M pose estimation to get the last and most refined
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estimate of the current pose. The final algorithm creates a new KF if the condition
seen below is met, the KF is then sent to the local mapping thread to add new
points to the map,

((Cm V Ci V Che V Cra) A 02) v Cs. (2.16)

e (1,: More than o4 frames have passed since last KF insertion

e (1t More than ay frames have passed and local mapping is idle

o (.t Less than ag percent of points from last KF visible or many good close
potential points in current frame

o (14t There is at least one section of the image that has no features tracked

o ('3: More than a4 features tracked but less points tracked than a percentage
a5 since last KF'.

o (5: Distance to closest FOV center is larger than ag

2.8.3 Local map

Local map is the module that adds, removes and fuses map points. It is also re-
sponsible for executing LBA and removing redundant KF’s. It initiates when a KF
is created and starts by culling recently added map points. A point is considered
recent if it was detected less than 3 keyframes ago. During this time the new points
have to pass 2 criteria every KF to be added to the sparse map.
o The ratio of how many KF’s the point has been detected divided by how many
KF’s it should have been visible, must to be larger than 0.25.
o If 3 KF’s have passed since the point was first seen and the point has been
visible for all KF’s.
Thereafter recently found points are added, features that can be matched to an
already existing map point are however ignored. Since depth values for the features
are measured, the 3D map points can be created from one single time instance, this
is referred to as triangulation.

Point fusion is done by first projecting points from the current KF onto neigh-
bouring KF’s. Here the projection creates a geometric constraint, checks visibility
and limits the search when checking if the points represent the same feature. Then
the same thing is done in reverse, where points from neighbouring KF’s are pro-
jected onto the current keyframe. If any matches are found, the points are fused by
keeping the point with the most observation and removing the other one.

LBA is then conducted by adding KF poses and map points as nodes, and their
observations as re-projection edges in g2o0. The final step of the local mapping mod-
ule is the keyframe culling, where a KF is culled if 90% of the KF’s map points are
well observed by other KF’s. A map point is considered well observed if it is visible
in 4 or more other KF’s and if the point is observed in 3 or more other KF’s at
similar or better scale.
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2.8.4 Loop closing

The loop closing process is triggered after the loop detection process proposes can-
didate KF’s. Keyframes with high similarity scores that are not among the N most
recent KF’s and that are not connected in the co-visibility graph are considered
candidates.

After the loop detection process proposes candidate KF’s, the loop closing module
verifies the candidates in multiple stages. First, a consistency check is performed
over several consecutive KF’s to ensure that the same loop candidates appear re-
peatedly, reducing the likelihood of false positives. Next, a geometric verification
step is performed using the matched points in both KF’s, this step verifies that
the two KF’s are geometrically consistent in 3D space. The system then performs
loop correction, where the poses of the current KF and its neighbouring KF’s are
updated. Duplicate map points observed from both sides of the loop are fused to-
gether and finally, PGO is performed.

GBA jointly refines all KF poses and 3D map points by minimizing the repro-
jection error across all observations. GBA is triggered after PGO has been executed
to update the map with respect to the new initial conditions set by the poses being
updated.

2.9 Evaluation metrics

To evaluate the performance of the different localization methods absolute trajectory
error, yaw angle error, longitudinal /lateral errors and velocity and acceleration errors
were used.

2.9.1 Absolute trajectory error

The Absolute Trajectory Error (ATE) evaluates the global consistency between the
estimated and ground truth trajectories. Since they may be expressed in different
coordinate frames, the estimated trajectory is first aligned to the ground truth using
an SVD-based rigid transformation [30]. The ATE is calculated according to:

Let p; = [2; 9T and p; = [x; y;]7 denote the aligned estimate and ground truth at
time step i. The ATE is

The ATE root mean square error (RMSE) is

1 N
ATERuMsE = 4 NZATEZ?, (2.18)
=1
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2.9.2 Longitudinal and lateral position errors

To interpret errors relative to vehicle motion, the position error is

e, = | ‘. 2.19
[yi_yi] ( )

It is rotated into the robot frame using the ground truth yaw ;:

[elong,ﬂ _ l cos ¥ smm] o (2.20)

€lat,i —sinY; cos;

The corresponding RMSE values are
1 &, 1 &,
€long, RMSE = N Z €long,i»  €lat,RMSE = N Z Clat,i- (221)
i=1 i=1

2.9.3 Yaw angle error

Rotational accuracy is evaluated using the yaw error
ey = i — i, (2.22)

where angles are unwrapped prior to evaluation. The corresponding RMSE is

1
YaWRMSE = N Z 63}71-. (223)

=1

Yaw errors are reported in degrees.

2.9.4 Velocity and acceleration metrics

Trajectory smoothness and dynamic consistency velocity and acceleration metrics.
These are calculated through finite differences with At; =t;,; —t; and

v — Tit1 — &4 - Yit1 — Yi
T — T A, Yt T A,
At; At;
’ ‘ (2.24)
_ Ugig1 — Ui _ Uyit1 — Uy
7 7
Magnitudes are given by
_ |2 2 _ /2 2
v; Vit Uy, a az,; +a ;. (2.25)
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Methods

In this section, the tests and benchmarks that were used to analyse and compare the
localization methods are covered. Based on the evaluation of the baseline, potential
areas of improvement are presented. In this way, our own solution called 2P-SLAM
was developed, to provide a solution that performs better in dynamic environments.

3.1 Tests and evaluation metrics

To analyse how the computer vision algorithms perform, requirements for what is
deemed satisfactory performance were needed. Kollmorgen currently considers a
maxmimum positioning error within £10 mm of the intended trajectory to be a
practical requirement for localization of the AGVs, and this is therefore used as an
industrial evaluation metric. To evaluate the localization performance, several tra-
jectory and motion related metrics were used. The primary metrics are the Absolute
Trajectory Error (ATE), yaw angle error, velocity error and acceleration error. In
addition, minimum and maximum position deviations together with longitudinal
and lateral position errors are evaluated in order to better describe how the esti-
mated trajectory deviates from the ground truth trajectory.

3.1.1 General test setup

The mini-AGVs are able to record pose data from the reflector based localization
system while simultaneously recording image data from the camera. This allows the
reflector localization to be used as ground truth while the vision based localization
can be evaluated offline on the recorded video. By surveying the environment with
the 2D-LiDAR, the recorded data from the vehicle controller can also be processed
using Natural Navigation, allowing a direct comparison between the proposed visual
localization methods and the other localization systems under identical operating
conditions.

3.1.2 Static test

To verify that the solutions worked and to get a benchmark for the navigations types
and their performance, a static test was conducted. The environment was kept static
during the entire test with the AGV driving around a path in a total of 4 laps. In
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this way, it was possible to evaluate whether the algorithm was able to find features
of the warehouse environment, create a sparse map and localize the camera from the
frames and the map. Further, the test allowed evaluation if the algorithm managed
to correct the accumulated drift when revisiting a mapped place by performing loop
closing. This test was really important during development as it could be used to
fine-tune the extrinsic parameters by shifting the estimated trajectory closer to the
ground truth. The test environment is shown in Figure 3.1b.

° ° ”
® StageO: °
@ Reflector o
®
®
o '] [ ]
(a) Illustration of static environment. (b) Image of static test environment.

Figure 3.1: Static test environment, also referred to as "stage 0".

As can be seen, walls were added in the middle of the trajectory to limit the field of
view for the camera so that it could not pick up the same features for large sections
of the trajectory.

3.1.3 Dynamic test

The definition of the dynamic environment that is used in the thesis, is one where
the position of objects change compared to previous observations. This could be
because of objects being in motion, leading to the position changing between con-
secutive images. It could also be because of objects moving while out of sight.
This is of course a regular occurrence in a warehouse environment where items are
constantly moved and vehicles and people travelling. If enough map elements are ei-
ther moved or occluded, degradation of accuracy is expected, and if the localization
method uses a static map of the environment to navigate, the AGV could completely
lose localization in the map.

The goal of the dynamic test was to test how the solutions handle an environment
with gradually increasing changes compared to an environment similar to Figure
3.1b. The changes consist of moving boxes and walls into configurations that grad-
ually occlude old features and introduce new ones. Since the algorithms risk losing
track completely, the gradual increase in difficulty minimized the risk of some solu-
tions losing track early and thereby creating results that are hard to compare. The
configurations that were used during the test can be seen in Figure 3.2.
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Figure 3.2: Illustration of the pre-determined stages that were used during the
dynamic test.

The right hand side of the trajectory (seen from above) was designed specifically
to challenge NatNav up until the point of failure. This was done by occluding or
removing map elements that it uses, until it has access to almost no surfaces it
recognizes from its 2D map. This happens during stage 3 and 4, which can be seen
in Figure 3.2. The top left corner was designed to ensure that the camera sees close
to no features present in the pre-recorded map.
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Figure 3.3: Picture showing the scene at stage 4 during a practice run.

3.2 Test data formatting

To be able to use the recorded data in pySLAM and to be able to compare the
pySLAM estimations with the recorded ground truth, two main things had to be
considered. First, the recorded data had to be converted in multiple steps to be
integrated into pySLAM. Second, the extrinsic camera parameters had to be found
to translate the pySLAM estimations so that the recorded ground truth and camera
estimations originated from the same place.

3.2.1 Integration of test data into pySLAM

To be able to get pySLAM to use any of the recorded video or the data from the
AGYV controller some data conversions had to be made. An illustration of how the
data conversion works, for both the recorded camera data and vehicle controller
data can be seen in Figure 3.4.
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Figure 3.4: Illustration of the data workflow from test recordings to evaluation
metrics.

The RGB and depth images from the camera are saved as a .bag-file. These are
extracted and formatted through a python-script using the Realsense library. The
RGB and depth images needs to be placed inside folders with the names "rgh" and
"depth". An association file needs to be created that links the RGB images to the
depth images to the same timestamp.

pySLAM supports ground truth files in some different dataset types like Euroc and
Kitty and the one chosen in this thesis was TUM. The TUM format looks like this:

data = (timestamp, x,y, 2, Gz, @y, Gz, qu) (3.1)

It was possible to use the data that was recorded in the vehicle controller to create
this ground truth file that then could be used in the algorithm. As Kollmorgen logs
this data in their own way, another script was needed to extract the correct ground
truth values.

The rgb/depth images, the associations file and the ground truth files are then
used to provide an estimation of how the camera pose changes during the test. The
ground truth file is only used for visualization purposes and the real comparison
of the localization methods was instead done in a separate script that had to be
developed. This script takes the vehicle controller data containing the ground truth
values, the natural navigation estimation and the computer vision estimation.
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3.2.2 Extrinsic camera parameters and tuning

As described in Section 2.1 the extrinsic parameters had to be determined to be
able to analyse the localization methods. To do this, 4 different coordinate systems
were important to consider. The first one is the global frame of the camera (T1)
that is placed in the position the first KF. The second one is the local frame of the
camera (T2), placed in between the modules of the camera. The third one is the
local frame of the AGV (T3), that is placed between the wheel axis. The last one is
the global frame of the robot (T4) placed in the upper left corner in the test facility.
An illustration of the coordinate systems can be seen in Figure 3.5.

T4

O

T2
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N

T3

Figure 3.5: Illustration of the different world and local frames for the robot and
camera.

From the vision algorithm, the produced trajectory is in the global frame of the
camera (T1) and from the recorded reflector data, the trajectory is defined in the
global AGV frame (T4). To be able to compare the estimated slam trajectory with
the recorded reflector trajectory a transformation had to be determined between the
two frames. This was done using the built in alignment function in pySLAM that
aligns trajectories using the Kabsch-Umeyama algorithm [30]. However, since the
camera is not placed in the same place as the local frame of the AGV an additional
transformation had to be done to move the camera frame to the local robot frame.
This was done manually by simply multiplying the camera frame with a transfor-
mation matrix. Since all evaluation off results will be done in 2D, the vertical
component could be disregarded. The remaining two vectors of translation where
tuned w.r.t the resulting RMSE. Resulting in the vector t.. moving the cameras coor-
dinate frame 17cm backwards and 10 cm to the right in the AGVs direction of travel.

Additionally the time offset between the recorded vision data and the vehicle con-
troller data needed some manual tuning. This was done in the evaluation script
using the angle estimation. All timestamps in the ground truth data were increased
with a time offset incrementally until a satisfactory alignment was found.
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3.3 Definition of visual localization methods

As explained in the introduction, many AGV-systems use a predefined static map
in which the AGVs can localize. pySLAM supports both saving and loading maps,
but it does not support turning of mapping to only perform localization. Therefore,
a simple baseline version of pySLAM had to be developed. As pySLAM only allows
new points to be added to the map when a new keyframe is created, the mapping
was disabled by creating a boolean variable in combination with an if-clause.

During the mapping process, the AGV drives in the paths that it will drive during
operation and regularly complete loops to ensure minimal affect of drift. When the
entire environment that the AGV will operate in is mapped, the map is saved. The
saved map consists of the points, KFs and co-visibility graph. These points and
KFs are referred to as static, and can only be manipulated during mapping. It is
therefore important that the static map is accurate and populated enough to achieve
satisfactory results.

In Figure 3.6 an illustration of how the visual localization methods builds on top of
each other is shown.

Baseline

pySLAM

Figure 3.6: Illustration of the evaluated visual localization methods.

As can be seen, the baseline builds on pySLAM where the only difference is that it
only uses a static map and performs localization in that static map. Our modified
solution called 2P-SLAM in turn builds on top of the baseline, based on the areas of
improvement identified in Section 3.5. In addition, pySLAM without modifications
is going to be considered in some cases throughout the report. In many of these
cases, it is simply referred to as "SLAM".
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3.4 Configuration of visual localization methods

pySLAM supports a lot of different tracker types and most of them were tested
briefly to get an indication of their performance in terms of speed and accuracy and
to verify the performance described in their corresponding articles and papers. After
a brief literature study and testing, three main contenders were identified. These
three were ORB2, XFEAT and HARDNET. By testing these 3 more extensively, it
could be concluded that ORB2 produced the most accurate estimations and ran the
fastest. As described in Section 1.3, the real time performance was based on how
many FPS the tracker managed to run compared to the recorded frame rate of 15
FPS. As the built in FPS metric in pySLAM fluctuates, it is hard to give an exact
number for the different trackers. However, ORB2 ran between 12-15 FPS, XFeat
5-8 FPS and HardNet 2-4 FPS making the comparison fairly simple to conduct
even though no exact values of mean FPS were determined. The ATE-results of
the different trackers can be seen in Table 3.1. The reason for evaluating SLAM in
Table 3.1 is to see what accuracy could be achieved if SLAM was to be allowed.

Table 3.1: Performance of trackers in the designed tests (* Method crashes on
second to last lap). Note: these are not final results.

Loop AT Egnse[m] | Dynamic AT Egysp[m|
Baseline/SLAM | Baseline SLAM Baseline - SLAM

ORB2 0.058 0.096 0.643 0.265
HARDNET 0.097 0.105 0.843 0.635
XFEAT 0.212 0.276 0.537* 0.359*

Note, that these are not the final results that for the baseline or SLAM. At this
stage, parameters had not been tuned and the focus was only to get a comparison
between the tracker types. The hypothesis was that a deep learning based tracker
like XFEAT would perform the best here, since that would align better with previ-
ous research coupled to feature matching. This was, however, not the case, leading
to ORB2 as the chosen tracker.

Less time was spent choosing the global descriptors used in the tracking that per-
forms loop closing. pySLAM supports a lot of different global descriptors that in
some cases are dependent on the type of local descriptors. Since ORB2 works well
with DBoW3, it was a natural choice to choose that global feature tracker. Further,
no evaluation was made of other matching methods. For the results in Table 3.1 all
trackers used brute-force matching with KNN as described in Section 2.3, which is
the matcher used for all visual localization methods in the thesis.

In this way, the configuration of the visual localization methods could finally be

stated as "localization using ORB2 as tracker type, DBOW3 as global descriptor"
and brute-force KNN matcher.

27



3. Methods

3.5 Analysis of baseline performance

From analysing the performance of the baseline, some areas of improvement could be
identified. The primary problem was that the accuracy degraded in the dynamic en-
vironments when objects were added that had not previously been part of the map.
By comparing the accuracy of the baseline to SLAM, it was obvious that allowing
the algorithm to change the map mitigated the problem with dynamic environments.

It was also clear from the results that SLAM does not improve accuracy if the
environment is static. Meaning that a static map that matches the environment,
does not need to be manipulated unless the environment changes. The static test
also displays the initial inaccuracy of SLAM during the first lap. This is caused by
it not having a map to rely on.

The problem of accumulating drift that is caused by loop closing not triggering, was
briefly covered in the introduction. This could be observed when the AGV drove
longer segments without returning to a previously seen place. This could become
a particularly worrying problem if the algorithm is allowed to manipulate the map,
since this could render duplicates of the same object when finally returning to a
previously seen location. This can be seen in Figure 3.7, where drift leads to the
algorithm not being able to match previously seen points and instead creates new
ones that represent the same physical feature.

Figure 3.7: Two angles of the same point cloud, illustrating duplicated points
representing the same objects.

The most important area of improvement was that the baseline failed or had de-
graded performance in the corners of the driving path. This is most likely caused
by the rotation of the camera that in turn leads to features disappearing out of view
at a higher rate. This problem was made worse in dynamic environments, where
moved objects occluded important map points in turns. The turns also caused blur-
rier images, making it harder to detect features.

In the Figure 3.8, a worst case scenario is demonstrated. A feature sparse wall
was placed in a position where it covers the features that are used during a turn.
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This creates a challenging scenario.

The amount of matched points w.r.t to the map and the previous KF can be seen in
Figure 3.8a, where the matched map points are of most importance for this demon-
stration. Snapshots of the cameras view can also be seen where the image ID seen
in the top left corners corresponds to the image ID’s in the plot. Coloured points
are features that can be matched with a point in the map, corresponding to the blue
line in the plot. The dark points highlight detected features that do not correspond
to any point in the map.

# matches

—— # matched map pts
—— descriptor distance o,
—— # keypoint matches

50 100 150 200 250
img id

(a) Matched points by frame ID. (b) Before arriving at the corner.

(c) Just before turn starts. (d) No

fps:

points matched.

1Y

(e) Matching starts again. (f) More matches than before turn.

Figure 3.8: Figures displaying matched points throughout a challenging corner.
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3.6 Definition of 2P-SLAM

The degraded accuracy in turns in front of feature sparse walls as in Figure 3.8
was not targeted explicitly, since there were not any apparent "algorithmic way" to
solve the problem. The hypothesis was that the performance in corners could be
attributed more to hardware rather than software, where things like camera position
and FOV are of importance. In addition, incorporating other sensors such as wheel
encoders and IMU could improve performance in this case. The focus was instead
exclusively attributed to solving the problem of dynamic environments.

The main idea with the modifications is to allow for pose estimation to be done
from a static map as much as possible, while allowing the solution to restrictively
add points to new objects when a lot of the static points are occluded. This cre-
ates two types of points, static/mutable, prompting us to name the solution 2P (two
point)-SLAM. By setting up criterion that allow for adding new points before lo-
calization starts to fail while simultaneously removing redundant mutable points,
2P-SLAM is able to utilize the strength of VSLAM while mitigating drift.

The codebase is available to download on GitHub [? ]. Where the main branch
includes the baseline and SLAM, while 2P-SLAM is in the feature/map-loc branch.
Build instructions can be found in the original pySLAM repository|[31].

3.6.1 Mapping

To enable 2P-SLAM to separate points from the pre-scanned map and potential
new points, a new point-attribute was created given the name "mutable". No points
in the pre-scanned map get this attribute, only the new ones that are added. An
explanation of how that is achieved is presented in Section 3.6.2. Two important
things had to be considered when using the map. The first one was that the static
points should stay static while still allowing the mutable points to be optimized.
The other one was that only mutable points should be able to be culled or fused.
As the g2o-optimization function allows to define points as fixed in the optimiza-
tion. The new mutable attribute could be used to separate what points should be
fixed and which should be optimizable, resulting in only the mutable points being
manipulated.

Additionally, by using the mutable attribute, every point could be checked before
the built-in culling was run. This allowed the build-in culling to run, only if the
point was mutable. The logic for the fusing of points was not as simple, as mutable
points should be allowed to be fused with static points so that a static point is kept
but not the other way around. In addition, mutable points should be allowed to
be fused with each other. This lead to modification in the built-in fusing function
according to:

FUNCTION fuse(MapPoints)

IF NOT p.is__mutable AND NOT p_close.is_ mutable
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CONTINUE

ELSE IF NOT p.is_mutable AND p_close.is_mutable
p_close.replace_with(p)

ELSE IF p.is mutable AND NOT p_ close.is mutable
p.replace with (p_close)

ELSE IF p.is_mutable AND p_close.is_mutable
IF p.observed > p_ close.observed
p_close.replace_with(p)
ELSE
p.replace with(p_close)

3.6.2 Localization

2P-SLAM can be divided into one of two possible modes during operation, static
mode and dynamic mode. The algorithm does not add any new points to the
map while in static mode, even if new good keypoints are found. The idea behind
this mode is that satisfactory results should be achievable if enough static points
can be matched. The solution always initializes in static mode and for every frame
the following if statement runs.

IF dynamic_mode IS TRUE
need_new_ keyframe = dynamicMode(current_ frame)

ELSE
need_new_ keyframe = staticMode (current_frame)

RETURN need_new_ keyframe

Occlusion and clutter criteria

There are 2 important metrics that are calculated for every frame, called occlusion
and clutter. These 2 metrics aid in deciding if mutable points need to be added or
if they can be removed.

Occlusion is one of them, and it is a factor of how many points can be matched
divided by how many static points in the map that can be projected onto the frame,

occlusion = matched points /visible static_points.

The idea behind this metric is to compare the amount of matches to the expected
maximum of points that could theoretically be matched in the AGVs current po-
sition. This can help in detecting occlusions but also has the benefit of not trying
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to add new mutable points to a part of the map that is inherently feature sparse.
Since the amount of visible features in the static map can vary throughout the path

of the AGV.

The second metric is called clutter and it is a factor of the amount of how many of
the mutable points are being matched compared to how many of them that can be
expected to be visible,

clutter = matched mutable points /visible mutable points.

The idea behind this metric is that it can be used to identify when mutable points
no longer represent the environment. An illustration of an example frame can be
seen in Figure 3.9, where the two metrics are calculated.

@ static
@ () Mutable
o0 O Matched

Occlusion=7/6
Clutter = 2/3

Figure 3.9: Example to explain the metrics occlusion and clutter.

Since the map is sparse, it is hard to know for certain if a cluster of points is covering
another point or if the algorithm is simply not able to match a feature to the point.
To mitigate this problem, the set of points that are considered visible consist of
points that can be projected to the frame and are within a distance of 5m from the
camera. The reason for this is that it lessens the risk of classifying a point that is
occluded as a point that is expected to be visible.

Dynamic mode

The solution will switch from static mode to dynamic mode if enough changes are
made to the environment. For every frame, the following criteria’s are checked to
decide if the a switch should be made to dynamic mode.

e Occlusion < 0.4

o Fewer than 100 points matched

o The AGV is not turning
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This triggers both a switch of modes but it also creates a new KF with its associated
mutable points. While in dynamic mode, the criteria’s seen above are checked every
15th frame and if they are not satisfied for a given frame, the solution goes back to
static mode. The algorithm for dynamic mode can be seen below.

FUNCTION dynamicMode(currentFrame)

IF 15 frames have passed since last KF
# Low tracking quality condition
IF (occlusion < 0.4
AND total matched < 100
AND is_turning = False)
dynamic__mode = TRUE
need new_keyframe = TRUE
ELSE
dynamic_mode = FALSE
need new_ keyframe = FALSE
ELSE
need new keyframe = FALSE

Static mode and culling

The solution can not add mutable points while in static mode but it has the ability
to remove them if enough redundant ones are identified. This culling of bad map
points is conducted if the following criteria are met:

o clutter < 0.05

e More than 150 points matched

e More than 5 visible mutable points

o The AGV is not turning
There are multiple reasons for adding this feature. The main one is that a mutable
point that can not be matched could imply that an object that was occluding static
points, has now been moved. Without this feature, points that represent objects
that has been removed risk staying in the map. This could lead to an ever increasing
amount of mutable points which could lead to performance and memory issues for a
real world application. An ever increasing amount of mutable points also increases
the risk of incorrect matches. The algorithms entire KF-decision process while in
static mode can be seen below together with the culling feature.

FUNCTION staticMode(currentFrame)

IF occlusion < 0.4 AND total matched < 100
dynamic__mode = TRUE

IF system_is_turning

need_ new_ keyframe = FALSE
ELSE

33




3. Methods

need new_ keyframe = TRUE

ELSE IF (clutter < 0.05
AND total matched > 150
AND number of visible mutable points > 5
AND system__is_not_ turning)

cull _bad_ mutable _map_points()
need new_keyframe = FALSE

ELSE
need new_keyframe = FALSE

The culling itself is a simple and very strict condition that removes all mutable map
points that are deemed visible but are not matched.

FUNCTION cull__bad__mutable_ map__points()

num_ culled = 0
FOR each point p in visible points

IF p is mutable AND p is NOT in matched_ points
remove p from map

num _ culled = num culled + 1

PRINT "Culled", num_culled, "mutable map points"
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Results

The tests were conducted to evaluate the pose estimations from 4 different localiza-
tion methods.

o Baseline: A modified version of pySLAM that localizes in a static map of the
environment.

e 2P-SLAM: It is based on the baseline but it has the ability to add mutable
points in a restrictive manner.

o NatNav: Kollmorgens 2D-LiDAR navigation using a loaded static map with
landmarks from the environment instead of reflectors. With all additional
safety features being tuned off.

e« SLAM: This is an unaltered version of pySLAM, it however start with the
same preloaded map as the other visual localization solutions.

The baseline, 2P-SLAM and SLAM methods together make up the visual localiza-
tion methods, to be compared against each other but also against NatNav. The
code versions used for the VSLAM solutions in the results are from the commits
made on June 2nd 2026.

As the trajectories for both the static test and the dynamic test are based around
the AGV driving in a loop the most informative illustration of the result is a plot
of the different trajectories in a single lap. The trajectories of every lap of the tests
can be found in Appendix A. In Figure 4.1, the third lap of the static test is shown.
The plots of Natural Navigation have been left out as they are really close to the
ground truth in this test.

35



4. Results

Trajectory per Lap

Lap 3
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Figure 4.1: Trajectories of all configurations and the ground truth during the third
lap of the static test.

In Figure 4.2, the corresponding error plots for position and yaw are shown. Note
that the errors are expressed in the robot world frame.
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ATE Over Time
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Figure 4.2: Position and yaw errors for the vision based solutions during the static
test.

The error during the entire static test for NatNav can be seen in Figure 4.3. The
errors are plotted in separate figures since they differ significantly in value from the
vision based methods.
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NatNav Position Error
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Figure 4.3: Position and yaw error for NatNav during the static test.
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In Figure 4.4 the trajectories for the dynamic test during the last lap can be seen.

Trajectory per Lap

Lap 6
20 -
19 - f’ \
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o — 2P
:S 17 - —— Baseline
8 -== SLAM
o
> 16 - NatNav
15 - ’
T 2]
14 1

X position [m]

Figure 4.4: Trajectories of all configurations and the ground truth during the final
lap of the dynamic test.

In Figure 4.5, the corresponding error plots for z, y, and yaw are shown. As NatNav
gives comparatively large errors, the error plots for NatNav were excluded to make
them easier to interpret, they are however included in Figure A.3 and A.4 in Ap-
pendix A. An important note here is that all of NatNavs safety features have been
turned of to enable localization even when conditions are not good enough.

All errors are expressed in the robot world frame.
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Figure 4.5: Position and yaw errors for the final lap of the dynamic test.

4.1 Average errors

The error plots above can be quantified into some metrics to make comparison
between the different localization methods easier. In Table 4.1 the root mean square
errors of the estimated poses compared to the reflector navigation ground truth are
presented.
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Table 4.1: RMSE of positions and average yaw error for all configurations in the
static and dynamic test.

Static test Dynamic Test
ATEguse[m] | Yawrmse[®] | ATEruse[m] | Yawruse(°]
Baseline 0.057 1.332 0.078 1.231
SLAM 0.066 1.341 0.067 0.867
NatNav 0.017 0.578 0.309 4.126
2P-SLAM | 0.057 1.331 0.076 1.196

For the static test NatNav outperforms all other localization methods. Interestingly
both the baseline and 2P-SLAM performs better than the SLAM method which in-
dicates that using SLAM in static environments does not improve localization. Here
it should be pointed out that NatNav uses wheel encoders and IMU measurements,
complemented with a more accurate motion model. While the VSLAM methods
only rely on a CV motion model and the CV-based estimation.

For the dynamic test, the SLAM method gives the smallest trajectory RMSE and
average yaw error while NatNav gives the largest. 2P-SLAM and the baseline per-
forms very similar. 2P-SLAM performs slightly better but a 2 mm and 0.035 degrees
difference is not enough to state that it is better in terms of average errors. How-
ever, an interesting comparison is how it compares to the regular SLAM. Considering
AT Egryse it can be shown that:

ATEpyspap  0.076
ATERMSE,SLAM 0.067

2P-SLAM gives a 13% larger AT Erysr than the regular SLAM solution.

ATERMSE,ratio = ~ 1.13 (41)

4.2 Maximum errors

In Table 4.2 the maximum error in z, y and yaw of the estimated poses compared to
the reflector navigation ground truth are presented. Here the errors in z and y are
defined in the global robot frame. These errors can be put in relation to Kollmorgens
internal aim of an ATE less than 10 mm.

Table 4.2: ATE maximum and max yaw error for all configurations in the static
and dynamic test.

Static test Dynamic test
ATEMAX [m] YaWMAX [O] ATEMAX [m] YaWMAX [O]
Baseline 0.140 6.974 0.307 3.248
SLAM 0.153 7.309 0.144 3.131
NatNav 0.064 2.463 0.817 13.476
2P-SLAM | 0.141 6.970 0.184 3.492

These results follow the same pattern as for the RMSE as NatNav has the smallest
errors and SLAM the highest in the static environment. While the SLAM method
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has the smallest errors and NatNav the highest in the dynamic environment . As
opposed to the average errors, 2P-SLAM performs better than the baseline and
instead performs more similar to the SLAM method. It does in fact have a maximum

ATE error
2PATE MAX ~0.184

ATE ratio — . -
MAX,rat Baselineargmax — 0.307

~ 0.60

(4.2)

that is 40% smaller than the baseline. While the maximum yaw error become

2Py awarax 3492

Y AW, ratio — . -
MAX,rat Baseliney awarax — 3.248

~ 1.08

(4.3)
around 8% larger compared to the baseline.

It can also be concluded that all localization methods have problems comparing
with Kollmorgens internal metric. Further, the maximum errors can also be anal-

ysed in the local robot frame as longitudinal and lateral errors, as given in Table
4.3.

Table 4.3: Maximum longitudinal and lateral error in meters for all configurations
in the static and dynamic test.

Static test Dynamic test
€long, MAX | €lat,MAX | €long, MAX | €lat, MAX
Baseline 0.131 0.070 0.274 0.215
SLAM 0.147 0.104 0.138 0.126
NatNav 0.015 0.008 0.809 0.607
2P-SLAM | 0.128 0.070 0.172 0.146

4.3 Smoothness errors

To get an idea of how physically feasible the estimated trajectories were, some
additional metrics were evaluated. As neither the velocity values or accelerations
were given for the ground truth or estimated values in the algorithm, they were
calculated from the positions and the given timestamps as described in Section
2.9.4. The RMSE of the velocity and acceleration are given in Table 4.4.

Table 4.4: RMSE of velocities and accelerations for all configurations in the static
and dynamic test.

Static test Dynamic test
UrMsE[/$] | aruvsE [m/SQ] vrMse[/8] | arvse [m/SQ]
Baseline | 0.084 2.078 0.142 3.811
SLAM 0.086 2.005 0.077 1.621
NatNav 0.018 0.346 0.030 0.563
2P-SLAM | 0.083 1.970 0.082 1.708

A smaller velocity RMSE means that the motion of the estimated trajectory is more
similar to the motion of the ground truth. As can be seen, even though NatNav
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has a large position and angle RMSE and also large maximum errors, the velocity
RMSE is the smallest of all estimations. This is because in the NatNav trajectory,
the AGV moves in a realistic way between each timestamp. This is not the case for
the vision estimations that have more noisy estimations. This is easily visualized in
the corners of the trajectories as in Figure 4.6.

Trajectory per Lap

5.5
X position [m]

Figure 4.6: Trajectories of estimations in one of the corners of the driving path in
the dynamic test.

As can be seen, even though the NatNav trajectory is far off, the positions of the
AGYV comes in an expected order for a vehicle in motion. In contrast, the baseline

gives noisy estimations which also shows in the RMSE evaluation. For comparison
the 2P-SLAM VURMSE is

Vrmseep  0.082

~ 0.58 (4.4)

v ratio — —
FMSErat URMSE,Baseline 0.142
around 42% smaller than for the baseline. The acceleration RMSE extends this
analysis and gives a metric how smooth the trajectory is. Also, for this metric the
baseline performs worse than 2P-SLAM that produces a more physically feasible
trajectory.

4.4 Keypoints and Keyframes

Even though no analysis of real time performance or memory consumption is being
made in this thesis, an analysis of the number of added points and keyframes between
the visual localization methods still provides some insights. In Table 4.5 the number
of points and keyframes for both tests are presented. For reference, the static test
was 318 seconds and the dynamic test was 486 seconds.
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Table 4.5: Number of points and keyframes in map for all configurations in the
static and dynamic test.

Static test Dynamic Test
Points Keyframes | Points Keyframes
Baseline 14420 273 16160 143

SLAM 13377(-1043) | 360(+87) | 18629(+2469) | 234(+91)
2P-SLAM | 14422(+2) | 275(+2) | 16576(+416) | 160(+17)

Since no new points and keyframes are added by the baseline, this row indicates
the starting number of points in the two maps. By comparing the number of points
and keyframes in the other visual localization methods to these numbers, it is clear
that SLAM adds more keyframes and manipulates more points than 2P-SLAM. The
AT Ery sk relation between the methods in the dynamic test can be found in eq.4.4
while the ratio of number of keyframes and points is:

pointssop 416

POINES qtio = ~0.17 (4.5)

PoOINtSsLAM - 2469

Meaning that 2P-SLAM gives a 13% larger error than SLAM while adding 83%
fewer points.

It should be noted that all the above results are derived from two tests. This means

that the results should be seen as indicative rather than statistically significant.
This, in relation to the potential error sources is covered in the following discussion.
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Discussion

In this chapter, choices of limitations and methods are considered and results are
interpreted. First, the usage of visual SLAM is motivated. Then the results are anal-
ysed through a conceptual evaluation of 2P-SLAM and by bringing up considerations
about if the results hold in general and how long operational times might affect the
performance. Lastly, potential error sources are covered including how stochastic
properties of the visual localization solutions leads to results not being repeatable
and how the hardware characteristics might have limited the performance.

5.1 The idea behind the design of 2P-SLAM

Many navigation systems within AGV logistics use a pre-scanned map of the envi-
ronment, performing localization solely against static landmarks within that map.
While SLAM drastically improves localization in dynamic environments, it often
struggles with long-term stability. Consequently, the idea arose to make SLAM
more robust, enabling its use during continuous operation rather than just initial
mapping. The proposed solution modifies the map during runtime, differing from
many commercial approaches. However, the initial static map points will hopefully
provide enough robustness to ensure long-term performance.

At the point in the project where the big design decisions were made, an alternative
development direction could have been to improve the way the baseline extracts fea-
tures. However, considering the extensive research that was made to find suitable
visual localization methods, it was hard to predict whether a novel tracking method
would result in an increase in performance. Instead, based on the initial test find-
ings of the baseline, enabling simultaneous mapping seemed like a design decision
that would be likely to result in improved results. Effort was therefore focused on
creating restrictive criterion to only add and modify mutable points when necessary.
This had to be balanced with the culling of bad mutable points, to make sure points
do not increase indefinitely.

Furthermore, the parameters were tuned by inspecting the placement of the mu-
table points during the dynamic test. If another test were to be run in a different
dynamic environment under different conditions. The parameters might have to be
retuned to achieve similar performance as stated in the results. As the parameters
can be re-tuned for new environments, the developed solution should be seen as a
proof of concept rather than a complete visual localization method.
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5.2 Conceptual evaluation of 2P-SLAM

The idea behind 2P-SLAM is to add mutable points when not enough static points
can be matched to improve localization. When this happens, it should be able to
add new points on the movable objects that are occluding the static features. A way
to illustrate which points are mutable (red) and static (green) was therefore created.
In Figure 5.1 a top view of the point cloud can be seen after the fourth lap of the
dynamic test. For comparison, the illustration of the test environment at the fourth
lap has been overlayed. The figure includes all 416 mutable points and shows that
2P-SLAM adds points to movable objects to a high degree. The illustration does
not match the real world, neither in scale or of exact placement of boxes.
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Figure 5.1: Sparse map after dynamic test placed over conceptual map of stage 4
to illustrate that 2P-SLAM adds mutable points that represent moved objects to a
high degree.

In Figure 5.1, the added mutable points can be seen. Looking at their placement it
can be concluded that a majority of them are placed on movable objects that are
occluding static map points, just like intended. As can be seen, the wall and the
boxes in the upper left corner of the driving path are included in the map. Also
the boxes in the upper right corner are added. Although the algorithm correctly
puts out new mutable points on the movable objects, the algorithm also puts out
some points in places where the map should already have features, for example "be-
hind" the boxes in the upper right corner. The reason for this is either because of
missed matches or fusing, resulting in new points. It could also be the case that a
new feature is being detected. The few points added to already static objects most
likely have little impact on localization since they are so few, but could however be
mitigated by having a more accurate map.
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There are mechanisms that mitigate features that were present in stage 0 to not
be added as mutable points. The first one is if the feature is already being repre-
sented in the map as a static point. The second is if the feature is already surrounded
by many other features. However, this only decreases the chance of the feature being
added since the feature detector favours secluded features. With that being said,
there is no definitive way of telling if a feature was a part of stage 0 or not when
adding mutable points. The criteria only triggers KFs at instances that tend to yield
mutable points being added to mutable objects.

5.3 Result generalizability

As the algorithm performance was only evaluated on two different tests in an offline
implementation, it is hard to claim that the presented results are generic for dy-
namic warehouse environments. First of all, more variations of dynamic tests needs
to be conducted. Second, the results from one test needs to be verified by running
the same tests multiple times as the visual localization method performance differ,
even when running the same test.

Since there was no simulation environment readily available it was not possible
to run the algorithm on different dynamic environments or to run the same test to
statistically verify the evaluation metrics. In addition, as the algorithm was not im-
plemented on an embedded computer integrated with the rest of the control system,
real tests could not be conducted either. If that would have been the case, some
different real world tests could have been conducted to present results more related
to the general performance of the algorithms. The solution was developed using
the python core in pySLAM which made one evaluation take around 2 hours. This
in combination with the inability to use a simulation environment or conduct real
world tests made it infeasible to set up more tests of dynamic environments.

As the algorithm was never implemented with the AGV control system, it is hard to
estimate how the algorithm would perform if it was implemented in the real world.
When running the C++4 core of pySLAM with a pure SLAM setup, it manages to
run at 15 fps, which could likely be increased by removing unnecessary parts like
plotting. This suggests that the algorithm would be able to run at least 15 fps
which might be enough to control the AGV and expect the accuracy of 2P-SLAM
presented in the results.

Although the testing was only carried out in one dynamic environment some gen-
eral claims can be made. The first one is that when adding a lot of dynamics,
natural navigation might fail, which motivates the reason for using vision or other
3D-sensors. The other one is that as long as the estimation does not drift, it in-
dicates that SLAM is a good solution to the dynamic environment. The third is
that 2P-SLAM seems to perform similar to the baseline but with some clear im-
provements when it comes to the maximum errors and the physical feasibility of the
trajectory.
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5.4 Long term performance

There are two main reasons for having a pre-loaded map, the first one is because it
allows for the map to be generated, edited and validated offline. This utilizes the
fact that the AGV only will operate in the same physically constrained environment.
The validation step can also be used as an indicator of roughly what accuracy can
be expected before implementation.

The second reason is to ensure long term performance. Since most SLAM algorithms
are allowed to manipulate all map points, stable performance over long periods of
time is hard to guarantee. If the SLAM algorithm was allowed to manipulate every
point in the map, there would be no way of guaranteeing long term map consistency
and this is the reason for using 2 tiers of points. It mitigates the risk of duplicate
points caused by drift, since the algorithm now has a way of measuring how much it
is relying on static points compared to mutable points. This allows for safety mea-
sures to be added, where the AGV can be considered lost if not enough static points
are found. Long term performance is an important motivation for relying on a static
map having 2 tiers of points. Since all visual localization methods runs on recorded
video this resulted in storage limitations. Therefore, long term performance of the
localization methods was not something that was feasible to test. However, if the
solutions were to be implemented on embedded hardware, tests that span multiple
days could be conducted to measure if any drift occurs.

5.5 Potential error sources

In this section, the potential error sources are covered. The main error sources
are stochastic characteristics in the visual SLAM pipeline. Other important error
sources are hardware characteristics, the manual tuning of the time offset between
ground truth and recorded data and the tuning of the extrinsic parameters of the
camera.

5.5.1 Test repeatability

One of the main problems in the result generation is that the visual localization
methods do not provide the same results given the same initial conditions. That
means that even though every parameter in the localization scripts were the same
between two runs, different trajectories were created. One of the reason for this is
that even though the algorithm should detect the same features in every frame, the
matching and tracking parts of the algorithm contains some stochastic elements.
For example, when estimating the pose of the camera, not all points that can be
matched are used, just a randomly chosen subset. This means that the pose esti-
mations will likely differ between runs which in turn affects the placements of the
points in the map and the conditions used for loop closing.

The same parameters and settings were used when generating results. First, a
map was created from the first two laps of the tests where no dynamic elements
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took place. The map and trajectory were monitored and if the algorithm seemed to
perform well in terms of RMSE and placements of points, a map was saved. Then
the run was continued to produce the SLAM benchmark. Then, this saved map was
used to create the results for the other solutions. This way, all results originate from
the same map.

It should be noted that it cannot be ruled out that the improvements of 2P-SLAM
compared to the baseline are based on luck rather than only the actual improve-
ments. Since only one evaluation run was performed for each method, it is not
possible to determine whether the observed differences are statistically significant
or representative of the expected performance. More tests and test runs would have
made it possible to analyse the variability of the localization methods and determine
if the improvements takes place consistently.

Despite this limitation, the observed behaviour is consistent with the intended de-
sign of 2P-SLAM. Since 2P-SLAM relies on the same static map as the baseline
when the mapping conditions are not fulfilled, similar localization performance is
expected in those situations. The proposed modifications only affect the localiza-
tion when mutable points are introduced, meaning that the reported improvements
happen in situations where the mapping becomes active. However, additional ex-
periments on multiple maps and repeated runs would be required to confirm that
the improvements make 2P-SLAM better than the baseline in general.

5.5.2 Hardware

The Realsense d435i camera is not optimal for AGVs operating in large warehouses.
With its two main drawbacks being its optimal depth measurement range and FOV.
Suggested applications for the camera range from stationary robots to vehicles oper-
ating in smaller indoor environments. Since warehouses can have long lines of sight
with detectable features far beyond the optimal range of 3 m. This risks adding
map points with uncertain depth measurements which in turn could cause noisy
pose estimations.

A larger FOV might aid in turns where a larger field of view could decrease the
risk of frames with few matching features as features does not rotate out of view as
quickly.

5.5.3 Extrinsic parameter and time offset tuning

The internal clocks of the AGV and the PC running the camera where not synced,
leading to time stamps of images and state estimations having to be synced man-
ually for each test. This was done by minimizing the angle estimate error during
the entire test, down to one hundred of a second. The reason for choosing the angle
estimate is because it is the least noisy estimated variable, leading to the risk of
multiple local minima being low. After the time offset was determined, the transla-
tion between the cameras position and the AGVs coordinate frame was determined
by minimizing the RMSE using the static test. Estimating the translation in this
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way incorporates estimation errors from the solution into the offset. This risks por-
traying the vision based solutions as better than they actually are for the static test.
This is problematic when comparing the VSLAM solutions to NatNav but not as
much when comparing them with each other. Estimation biases and noise during
calibration also has the risk of affecting the results from the dynamic test, which is
unwanted. Simply measuring the translation between camera and robot coordinate
frames would have lead to less disputable results, with the trade-off being worse
results in general for the VSLAM methods.

Similarly, the estimated time offset should not necessarily be interpreted as a pure
synchronization error between the AGV and camera clocks. Since the synchroniza-
tion was performed by minimizing the localization error, parts of the estimated offset
may instead compensate for pose estimation errors or other systematic inaccuracies
in the visual localization pipeline. Consequently, both the estimated time offset and
extrinsic translation should be regarded as calibration parameters that may absorb
multiple sources of error, introducing an additional uncertainty into the evaluation.
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Future Work

In this chapter some interesting topics that that could extend the work done in this
thesis are presented.

6.1 Simulations environment and embedded ap-
plication

To make analysis of localization methods faster and more statistically viable, simu-
lation software is of big use. This allows for testing multiple different environments
and increases the number of tests that can be carried out. By doing this, the meth-
ods can be developed through simulations and only be tested in real world after it
has been confirmed that the methods show promising results, saving unnecessary
time spent setting up real world tests that likely will show that more development
has to be done. Currently, there is no simulation software available that perform
these tests. Isaac Sim might be considered as a possible environment to perform
simulations in. However, as it is not implemented with any of the current navigation
algorithms, extra effort might have to be spent correctly modelling the AGV and
navigation system in the simulation software before being of any use.

Since 2P-SLAM could not meet the required accuracy on recorded data, it would
be unnecessary to implement it on real world tests. Further improvements would
have to be made before that happens. Embedded implementation was said to be
out of the scope of the thesis from the beginning, but online implementation would
allow for easier testing as no simulation software is available. Furthermore, to get
the complete picture of real time performance and long term accuracy, some real
world tests should be made.

6.2 LiDAR fusion and motion model

As Kollmorgens navigation solutions already supports the use of LiDAR and also
uses a motion model for the AGVs, a promsing solution to the navigation in dy-
namic environments could be to fuse the existing natural navigation with the vision
algorithm. This would enable the localization method to benefit from the excellent
accuracy of natural navigation while using the strengths of the visual localization
method in dynamic environments where NatNav might have degraded performance.
When researching visual localization methods at the beginning of the thesis some
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interesting methods combining LiDAR and vision were found. In [9] the advantage
of combining pose estimations from cameras and LiDARs are shown to outperform
methods just relying on either one. Additional works like [10] and [32] supports and
extends these findings. Therefore, these articles could serve as a starting point in
researching how a vision-inertial LiDAR-based localization method might be used
in AGV-systems in warehouse logistics.

Additionally, the motion model used in pySLAM assumes constant velocity which
is not generally true when the AGV drives along the pre-determined paths. If the
motion model was changed to represent the AGV-motion more closely, it could be
expected that the pose estimations would be closer to the ground truth.

6.3 Al models for classification and feature detec-
tion

A really interesting thing could be to use classification in the mapping process. In
the case of pre-scanning a map, classification might have the potential to remove
certain points from the map if they are not reliable, such as if a stationary truck was
to be included. It could also be used online when doing localization, by not con-
sidering matches if they are from unreliable objects. This would lead to other more
reliable points being used in the estimation, which could improve the estimation.

As shown in [6] and [33], AI models can be trained to perform the process of detect-
ing, describing and even matching features. Many of these AI models have not been
trained on images from a warehouse specific environment, which might indicate that
some increase in performance might be obtainable. Recently, Ster released an open
dataset called Ster Warehouses [34] that can be useful to train new Al models, both
for extracting features and for classification.

6.4 Camera related improvements

A potential improvement to the visual localization methods could be to enable using
more cameras and placements. It is likely to be the case that cameras in different
positions and potentially some stitching-method could help providing a better map
while also allowing the feature tracker to use more features. This would potentially
help localization in a pre-scanned map as it would be possible to see more features.
Interesting placements could for example be, cameras placed close to each other to
stitch images. Camera pointing forwards and backwards in the driving direction to
allow for more features being detected. Or, cameras facing upwards towards the
ceiling or downwards towards the floor to make use of features that rarely get oc-

cluded.

Another potential improvement area could be to use another type of camera. The
camera used in this thesis claims to give reliable depth estimations between 0.3-3
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meters. It could be the case that another camera could give better depth estima-
tions. In warehouse environments, it is often the case that the features used for
tracking are more than 3 meters away and a better depth estimation might benefit
the pose estimation.

Using a camera with a larger FOV might also be a good idea as that would al-
low the algorithm to detect more features and which might prevent the estimation
performance to drop in dynamic or sparse environments. It would be really benefi-
cial in turns were it is often the case that features are rotated out of screen which
often degrades the performance.
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Conclusion

To conclude, the main question covered in the thesis was if computer vision can
improve localization accuracy compared to Kollmorgens existing 2D-LiDAR naviga-
tion in dynamic environments. Based on the results on the dynamic test, the short
answer is yes. Both the baseline and 2P-SLAM provides better results compared
to natural navigation with AT Erysg of 78 and 76 mm respectively compared to
309 mm for natural navigation. The main reason is that the 2D-LiDAR only uses
landmarks in the same plane and if the landmarks in that plane become covered to
a large degree, pose estimation degrades or fails. The computer vision solutions can
use features in 3D which make it more robust to changes in one plane.

From a commercial perspective, neither the baseline nor 2P-SLAM fulfils the crite-
rion of an ATE less than 10mm. This is most easily shown by looking at the results
from the static tests, where NatNav outperforms both methods with an AT Eryse
of 17 mm as compared to 57 mm respectively, indicating that 2P-SLAM in its cur-
rent form should serve more as a complement in a larger suite of sensors for dynamic
environments.

Regarding the subset of smaller research questions, ORB2 was determined to be
a suitable tracker based on FPS and AT Egrysp. When comparing ORB2 against
XFEAT and HARDNET AT Egryse, ORB2 performed better in both the static and
dynamic test and when comparing the FPS it was clear that ORB2 was the best
choice. However, as ORB2 is the default option for pySLAM, it could be the case
that the parameters in the configurations file favours this tracker.

Regarding the question about the environments/situations causing the baseline to
fail or have degraded performance two main cases were identified, instances (espe-
cially turns) where map points have been covered by dynamic objects and turns
close to feature sparse walls. The purpose of this research question was to find the
parts of the baseline that could be improved in order to create a improved solution
that performs better. For the latter case, our hypothesis is still that performance in
feature sparse corners is related more to hardware such as a larger FOV and cam-
era positions which motivates why we did not try to make improvements in this area.

Regarding the first mentioned failure case, it can be concluded that the baseline does
not perform mapping during operation and therefore lacks a mechanism to handle
occluded map points, often resulting in few or no matches. Because the solution
relies heavily on F2M pose estimation and furthermore requires at least 20 matched
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map points to run PnP, this shortage of matches becomes critical. Consequently,
the localization performance degrades or in the worst case fails. It is important
to emphasize that this issue originates from a mismatch between the map and the
real-world environment, rather than from poor tracking or feature matching perfor-
mance. As shown in the initial results of the tests, a pure SLAM approach manages
to handle the dynamic environments much better. It also handles turns well, even
if new objects are introduced. This finding resulted in 2P-SLAM being able to re-
strictively put out new map points to be used for localization.

Finally, 2P-SLAM did improve the localization accuracy compared to the baseline
in dynamic environments, although not significantly in terms of AT Erysp. When
comparing the the estimation, the solution only provides an estimation 2 mm better
on average which might be considered negligible. However, in terms of maximum
errors and the physical feasibility of the estimated trajectory it outperforms the base-
line with a 40% improvement in max ATE and 42% improvement in velocity RMSE
suggesting a more physically feasible estimation. This, by adding 83% less points
as compared to the pure SLAM method while achieving a 13% larger AT Eryse. It
should be added that 2P-SLAM performs as intended putting out mutable points
in dynamic environments when a certain amount of static points are covered, which
means that the concept works. We managed to design a solution that partially
solves the failure case of the baseline, namely dynamic objects occluding the static
map. Therefore, 2P-SLAM performs similarly in most cases with the possibility to
perform better even in straight segments with dynamic objects if properly tuned.

To sum up, the visual localization methods did improve localization accuracy com-
pared to natural navigation and 2P-SLAM provides better estimations than the
baseline but the results are only made from one test, making this conclusion hard
to generalize. Therefore, the results should be seen as indicative rather than statis-
tically significant and more testing, preferably in real time has to be done to cement
the findings.
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Appendix 1

This appendix consists of complete trajectories of the two tests and the correspond-
ing error plots.
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Figure A.1: Trajectories for all localization methods during the dynamic test
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Figure A.2: Trajectories for all localization methods during the static test
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Figure A.3: Position errors for all localization methods during the dynamic test
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Figure A.4: Angle errors for all localization methods during the dynamic test
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Figure A.5: Position errors for all localization methods during the static test
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Figure A.6: Angle errors for all localization methods during the static test
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