CHALMERS

UNIVERSITY OF TECHNOLOGY

Safe and enjoyable routes for motor-
cycle riders, with dynamic

hazard warnings
Using graph algorithms and deep learning

Master’s thesis in Computer science and engineering

Andreas Carlsson, Jonathan Kran

Department of Computer Science and Engineering
CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2020






MASTER’S THESIS 2020

Safe and enjoyable routes for motor-

cycle riders, with dynamic
hazard warnings

Using graph algorithms and deep learning

ANDREAS CARLSSON, JONATHAN KRAN

CHALMERS

UNIVERSITY OF TECHNOLOGY

Department of Computer Science and Engineering
CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2020



Supervisor: Stefan Candefjord, Department of Electrical Engineering
Advisor: Niklas Ohlsson, Detecht Technologies AB
Examiner: Bengt Arne Sjogvist, Department of Electrical Engineering

Master’s Thesis 2020

Department of Computer Science and Engineering
Chalmers University of Technology

SE-412 96 Gothenburg

Telephone +46 31 772 1000

Cover: A gravel road in Dalsland, Sweden. Photo by Andreas Carlsson.
Gothenburg, Sweden 2020

iv



Abstract

Motorbike riders who drive for recreational purposes often seek routes that are op-
timized for other purposes than the common factors of the length of the route and
the time it takes to ride it. The primary aim of this study was to find what such
factors could be and to design a routing system that takes these factors into account.

A survey was conducted which showed that curvature and the surrounding scenery
of a route are two such factors that are important for this type of motorbike riders.
The curvature of the road was calculated by using circumscribed circles to deter-
mine the curvature of road segments. Scenery images were sourced from the Google
Static Street View API and classified using transfer learning on a pre-trained model
of the convolutional neural network ResNet-50.

Seven routing profiles were developed which use a combination of the curvature and
scenery data in di Lerent ways, for instance by preferring high curvature and scenery
that contains water. Each routing profile required the creation of a pre-processed
graph and was static in the sense that parameter changes could not be made with-
out additional pre-processing. The routing was performed using the GraphHopper
routing engine and OpenStreetMap was the source of all geographical data.

The secondary aim was to explore methods of increasing road safety for this type
of motorbike rider. A dynamic warning concept was proposed that can warn the
user of potentially dangerous upcoming road sections, such as sharp curves and road
works.

The routing system is capable of suggesting routes in Sweden in near real time
(less than 50 ms) based on road curvature and surrounding scenery. We conducted
a qualitative evaluation, consisting of six deep interviews, of the routing system
and the dynamic warning concept. The findings from these interviews suggest that
our routing system performs worse than implementations by competitors regarding
curvature. However, our system has the advantage of also considering surrounding
scenery. The interviewees were mostly positive towards the dynamic warning con-
cept.

The two main ways to improve the routing system appear to be to further increase
the preference of curvature when routing and to use more images of surrounding
scenery.

In conclusion, this thesis shows that there is promise in using curvature and scenery
for routing systems that target motorbike riders who drive for recreational purposes.
Additionally, initial results show that dynamic warnings could provide a safer mo-
torbiking experience if implemented in an appropriate way.

Keywords: preference-based routing, curvature, road scenery, routing problem, path
finding, road safety, motorbiking.
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1

Introduction

Routing in maps is a thoroughly studied topic with many approaches suggested
for nding optimal routes. Normally, optimality is measured in terms of short
and e cient routes. However, some groups of road users might prefer di erent
route properties than these. Motorbike riders that drive for recreational purposes
are one such group that might prefer other types of routes, not necessarily the
shortest [1]. We make a distinction between di erent groups of motorbike riders; in
many countries, the motorcycle is mainly used as a mean of transportation, while
in other countries it is mainly used for recreational purposes. We suspect that this
latter group of motorbike riders are sometimes willing to sacri ce time e ciency for
route quality and enjoyability.

The aim of this thesis is to develop a routing system that uses the preferences of
recreational motorbike riders to recommend enjoyable routes. We hypothesise that
the curvature of the road and its surrounding scenery are two important factors for
how enjoyable a route is perceived to be. Using curvature as a routing parameter has
been done by others, but using the surrounding scenery of the road as a parameter
is a novel approach to the best of our knowledge.

A secondary aim is to provide safety information to riders in the form of dynamic
warnings that can alert the driver as they are driving along a route, for instance

if they are approaching a curve with excessive speed or if there is an ongoing road
work ahead. Warnings like this can be bene cial not only for the driver but also for
other people and vehicles sharing the road. For example, if a driver gets a chance
to slow down before approaching a road work it will also increase the safety for the
people working on the construction site.

1.1 Background

Routing, i.e. path nding, amounts to solving the shortest path problem. The
shortest path problem is to nd a path between two vertices in a graph such that
the sum of the weights along its edges are minimized. We will refer to such a path
as anoptimal path In many cases, optimality is de ned in terms of the shortest
or fastest route between two vertices. The shortest path problem is a well-studied

5



1. Introduction

problem and there are many proposed algorithms for solving it [2; 3]. The problem
Is easy for small graphs, but it quickly becomes a challenging problem in terms of
required time as the graph size increases [4]. One algorithm for solving the shortest
path problem is Dijkstra's algorithm [2]. It is a well-known algorithm for path
nding, and many later approaches are based on this algorithm.

Algorithms used for nding optimal routes between two locations generally use a
graph representation of the road network. Graphs of the world's road network are
available online, like those provided byOpenStreetMapand Google Maps These
graphs are used by services and projects such@saphHopperand the Open Source
Routing Machine for routing in real road networks. While the default modes of
these projects optimize for short and fast routes, their algorithms can be adapted
to optimize for di erent criteria instead.

As mentioned earlier, recreational motorbike riders will likely not consider the short-
est route to be the best route. These riders are often less interested in driving the
shortest or fastest route between two locations. Instead, they might want amjoy-
ableroute. What makes a route enjoyable depends on several factors and can di er
between riders. It is not clear what optimality of a route means for this group. There
are likely shared preferences though, and curvy routes are generally appreciated [5].
The surrounding scenery is possibly another important factor for how enjoyable a
route is perceived to be.

Riding a motorbike is often considered to be signi cantly more dangerous than
other means of transportation [6]. There are several reasons for this and while the
behavior of the individual riders can be a signi cant risk factor [7], the type of road
in question also plays a signi cant role [8].

Recommending routes that are optimized based on parameters like curvature and
surrounding scenery could a ect the safety of an average route. In particular, recom-
mending enjoyable routes could put motorbike riders at greater risk. For example,
assume that motorbike riders are found to enjoy curvy roads. Using curvy roads
as a routing parameter could result in more dangerous roads since up to 17% of all
motorcycle accidents occur while in a curve [9]. It would therefore be important to
warn drivers, for instance by advising them to be extra cautious as they approach
a particularly curvy road segment or an area with ongoing road works.

According to a study from WHO released in 2015 [10], road tra c injuries is the
number one cause of death amongst people aged 15-29 years. Data from the same
report suggests that almost a quarter of all tra ¢ accidents world-wide with a deadly
outcome was with a motorbike. Moreover, motorcycle users are among the more
vulnerable road users [11]. Despite motorcycle users only making up a fraction
of road users, they represent a signi cant amount of fatal accidents. Song et al.
[11] state that Although motorcycles made up only 3% of all registered vehicles

in the U.S. in 2012, they accounted for 15% of all tra c fatalities and 18% of

all occupant fatalities. Motorcycle riders are often not able to perform a crash-



1. Introduction

avoidance maneuver in time [12].

1.2 Related work

While there are many other studies on the problem of preference-based routing, the
problem appears to be relatively unexplored for the motorbike rider target group.
Novack et al. [13] present a preference-based routing system with the goal of creating
pleasant routes for pedestrians within a city environment. Parameters for the route
recommendation include occurrence of green areas, social spaces and less tra cked
streets. Routes were created using OpenStreetMap data with a cost function based
on these parameters. In their evaluation, they found that people generally perceived
their routes to be preferable to the shortest route.

On the other hand, real-time routing is a thoroughly explored topic. Luxen and
Vetter [14] explore how data from OpenStreetMap [15] can be used to build a real-
time routing engine. They evaluate the performance on both a computationally
limited handheld device and on a more powerful server and show that it is feasible
to perform o ine routing on a handheld device. Their solution for handheld devices
make use of contraction hierarchies and as well as other preprocessing steps to
accomplish real time performance on handheld devices.

There is also some previous work on warning system for motorbike riders. M. Song
et al. [11] tested several di erent warning interface displays for motorcycle riders.
Auditory, visual and haptic feedback modes were considered. They found that their
test group preferred a combination of auditory and haptic feedback for conveying
warning information. Moreover, they state that auditory feedback is easy to im-
plement but was lacking in terms of conveying directional information. Riders in
their study were able to easily distinguish between handlebar vibration and haptic
warnings from their system.

1.2.1 Commercial alternatives on the market

There are several commercial products for route planning aimed at motorcyclists.
We took a closer look at some of the alternatives. Figure 1.1 shows the graphical
interfaces for these alternatives.
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Figure 1.1: The interface of the respective trip planners in the comparison.

Calimoto's trip planner  [16] o ers routing with intermediate stops and planning
round trip routes with a given length. An interesting feature of the Calimoto trip
planner is the possibility to set a certain level desired curvature between each inter-
mediate stop. In order to export or save a route the user has to be logged in. An
interesting feature is their connection to weather data where it is possible to display
expected precipitation along the route. Calimoto also gives a ranking for how high
curvature a route has (see Figure 1.2).

Figure 1.2: The ranking of curvature for a speci c route.
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Kurviger [17] is an online planning tool for nding routes with varying degrees of
curvature. The curvature parameter has three possible values, and it is possible to
include or exclude highways from routing. Kurviger uses GraphHopper [18] for rout-
ing and OpenStreetMap [15] for map data. Routes can be imported and exported in
a variety of formats. One unique part of Kurviger is their choice to display altitudes
along the route. Similarly to Calimoto [16], Kurviger also has an option to search
for round trip routes.

Rever [19] is a venture capital backed startup founded by Justin Bradshaw and
Mark Roebke in 2015. They are based in Eagle, Colorado in the United States.
Their main product is an app in which you can track your routes and they also

o er an online trip planner. Rever's distinguishing feature is perhaps their focus on

0 ering vetted roads as part of their paid plans. There are options to avoid tolls

and highways, but no option for nding roads with a certain level of curvature.

Scenic [20] is an iIOS-application where it is possible to search route based on how
fast they are to drive, the distance of them or the e ciency. They also include an
option to generate a "curvy route”, where the level of curvature can be set to one
of three levels. There are also options to avoid unpaved roads, narrow roads and
avoiding to drive the same road twice. The routing engine makes use of Kurviger's
[17] algorithm.

1.3 Aim

The main aim of this thesis is to develop a routing algorithm for nding enjoyable

and safe routes for motorbike riders. The routing algorithm should make use of
the curvature of the road and its surrounding scenery. Moreover, the algorithm
should be adaptable to di erent preferences, such as preferring high curvature or a
particular type of scenery. The use of surrounding scenery for routing is perhaps
the main contribution as it has not been done before to the best of our knowledge.

A secondary aim is to provide additional safety information to motorbike riders.
This will be done by giving dynamic warnings to drivers as they are approaching a
section of the route which might be dangerous.

1.4 Scope

This project only includes and uses data from the geographic area of Sweden (a total
area of around450 00&kkm?). However, all approaches can be extended to include a
larger area assuming availability of data.
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Theory

2.1 OpenStreetMap graph structure

A road network can be seen as a graph consisting of edges and vertices. In the
OpenStreetMap graph format, vertices (called nodes) are divided into tower nodes
and pillar nodes (see Figure 2.1). Aower node , also called a junction, has either
one, three, or more outgoing edges. If a tower node has one edge it corresponds to
the end of a one-way-street. The other case, with three or more edges, corresponds
to a junction from which several ways are possiblePillar nodes are nodes that
hold information about the road between junction nodes. The pillar nodes are not
necessary for routing since they only contain two edges. Assuming we have reached
a pillar node using one of those edges, there is only one remaining edge that can be
traversed. By ignoring pillar nodes when routing, the time it takes to create a route
between two points can be signi cantly decreased. The main purpose of the pillar
nodes is to correctly map the physical location of a road to its representation in the
graph.

Figure 2.1: The blue circles represent tower nodes and the small black circles
represent pillar nodes. Tower nodes correspond to junctions and the end of a one-
way streets. Pillar nodes correspond to positions along roads (they de ne road
segments).

11



2. Theory

2.2 Routing in graphs

Routing consists of nding a path in a graph. There are many algorithms for this
problem, two of the most common ones beinDijkstra and A*. The GraphHopper
routing engine has support for both these algorithms, including modi cations like
contraction hierarchies (see section 2.5), which can speed them up.

221 A*

A commonly used algorithm for nding the shortest way between two vertices in a
graph is A* (A star) [21]. It is also often used to nd the shortest paths in road
networks [22]. A* is optimal in the sense that it always nds the best solution to the
problem given that the heuristic used when evaluating a path never overestimates
the cost. This is expressed as having a heuristic that is admissible. The heuristic
used in this thesis is the pythagorean distance between two nodes, i.e the bee-line
distance.

2.3 Haversine distance

Calculating the distance between two coordinates is important both when deter-
mining the road curvature (see section 2.4) and when sampling points for scenery
images (see subsection 3.2.1).

The Haversine formula is a formula that can be used to calculate the distance be-
tween two points on a sphere [23]. The distance between two coordinates in latitude
and longitude is given by

o<

2 1

in2
SN
2

d = 2r arcsin +cos ( 1) cos ( ) sin? % (2.1)

wherer is the radius of the sphere, the rst coordinate i ;; ;) and the second
coordinate is( »; 2) ( is latitude and is longitude).

2.4 Determining road curvature

According to our user survey (see section 3.1), road curvature is an important factor
for how enjoyable a route is to motorbike riders. It is not clear how best to measure
road curvature. Two approaches for measuring road curvature are presented here.

2.4.1 Bee-line distance to actual distance ratio

One approach to nding the curvature of a road section is to compare the ratio of the
bee-line distance between two tower nodes with the distance for also visiting each

12



2. Theory

one of the intermediate pillar nodes. The latter one is the actual distance one needs
to go from one tower node to the other. By dividing the actual distance with the
bee-line we get a ratio that we can use as a measurement of curvature. A downside
with this approach is that it does not take the actual curves into consideration.
Figure 2.2 exempli es this problem. The left and the right road in Figure 2.2 have
the same distance between the nodes A and B, but the road to the right contains
many more curves than the road to the left.

Figure 2.2: The problem that arises when using bee-line to actual distance ratio
for determining curvature.

2.4.2 Circumscribed circles

Another way of calculating curvature is by using circumscribed circles. It diers
from the bee-line approach in that it considers the curvature of segments of three
nodes along the road section. This allows it to correctly solve for the problem in
Figure 2.2.

The circumscribed circle of a triangle is de ned as the unique circle that passes
through all three vertices of the triangle [24]. Figure 2.3b illustrates the circum-
scribed circle of a triangle.

13



2. Theory

(a) A triangle with corners in three of the
geographical points along a road. Map© (b) A triangle with its corresponding
Mapbox 2020 and© OpenStreetMap 2020. circumscribed circle.

Figure 2.3: Circumscribed circles in road segments.

To use circumscribed circles for calculating road curvature, we form triangles using
groups of three points along a road segment (see Figure 2.3a). The radius R of the
inscribed circle can be computed by the formula

abc abc

- - g 2.2
2bc sin (a+ b+ c(a+b c)(a b+c) a+ b+c) 22

Where a, b and c are the lengths of the sides of the triangle and is the inscribed
angle. The radius is used as a measurement of how sharp a certain road section
bends. A large radius indicates a large which means that the section is relatively
straight. A small radius means that is small and that the road section has a sharp
bend.

2.5 Contraction Hierarchies

Basic path nding techniques such as Dijkstra's algorithm and\ are not fast enough

to provide real-time routing in the original OpenStreetMap road graph of Sweden.
Routing on that graph using these techniques can take seconds even when the ori-
gin and destination points are relatively close to each other. With the origin and
destination being far apart, the routing can take tens of seconds, which is too slow
for practical use. However, the routing speed of these algorithms can be improved
by preprocessing the graph that they use for routing.

Contraction hierarchies is a preprocessing technique that can be used to speed up
shortest path queries in road networks [25]. The technique takes advantage of the
hierarchical nature of road networks. When constructing the contraction hierarchy
(CH) graph G¢y, the nodes of the original graplG are ordered by an estimate of the

14



2. Theory

gain that will be had if a node is contracted. Initially, Gcy = G. Contraction of a
node means that it is removed fronG¢cy without removing any shortest paths from
Gcn that are present in the original graphG. The contraction is done by replacing
paths hu; v;wi by a new pathhu;wi.

When routing, the graph Gcy = (V; E) is split into two graphs called the upward
graph G- := (V;E) with E- := f(u;v) 2 E : u < vg and the downward graph
Gy = (V;Ey) with E; = f(u;v) 2 E : u>vg. The node comparisons use the node
contraction order. Shortest path queries frons to t consist of running a variant

of bidirectional Dijkstra shortest path search. A forward search is performed G-
and a backward search irG;. If, and only if, there exists a shortest path betwees
andt in G, these searches will meet at a node with the highest order of the nodes
present in a shortest path froms to t.

2.6 Nearby point search (R-Tree)

A common problem when dealing with geographical data is searching for nearby
points around a given point. The routing process presented in this thesis requires
n-nearest point queries. It uses this type of query both for interpolating scenery
values and for sampling points for scenery images.

The R-Tree is a data structure commonly used for handling tha-nearest search

problem. The data structure is a height-balanced tree whose leaf nodes contain
pointers to objects. Its structure makes e cient spatial search possible. [26].
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