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Optimizing road network weight calculation for emergency vehicles
Predicting emergency vehicles routes and locations to send preemptive warnings to
road users
ANTON ROSENBERG
VIKTOR WIKLUND
Department of Physics
Chalmers University of Technology

Abstract
Correctly calculating routes and the future positions of emergency vehicles is impor-
tant for traffic safety and can reduce response time during distress calls. Carmenta
Automotive is a company that supports the EU-funded NordicWay3 project, which
aims to create a safer traffic environment. Their objective in the project is to antic-
ipate the path and location of emergency vehicles with the goal of sending warning
messages to road users.

This thesis is a continuation of a previous thesis in which an algorithm for pre-
dicting the routes and positions of emergency vehicles was implemented. However,
no data or metric was used to validate the developed algorithm’s performance. In
this thesis the goal was to develop validation metrics for this algorithm and try to
optimize the cost of selecting each road, called its weight, in the road network. To
achieve this an SQL database was created containing the mission data of emergency
vehicles, which was used for validation purposes. Two validation metrics were also
developed, the first uses the mean distance between the actual and predicted posi-
tions in a shorter time frame, the second focusing on more extended missions and
selecting correct routes. Furthermore, parameters were optimized for three different
weight equations, which are used to calculate the weight of each road using infor-
mation about its speed, size and distance. The parameters were optimized using
Competitive Particle Swarm Optimization with respect to one validation metric at
a time. Through this process a maximum improvement of 4% and 7% compared to
the previous thesis weight equation with respect to the first and second validation
metrics was found respectively. Finally, the conclusion reached was that the goal of
the thesis was accomplished and in order to further improve the algorithm’s perfor-
mance, a weight calculation considering more aspects of the road than just its size,
length, and speed is required.

Keywords: algorithm, PSO, CPSO, A-star, stochastic, optimization, route, predic-
tion.
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1
Introduction

Calculating the optimal route when traversing from point A to B is a common
problem regarding transportation which has become increasingly more complex with
more tra�c and routes available. This problem has a tremendous economic impact
on a societal level for several reasons. E�cient routes lead to less fuel consumption
and faster delivery times when transporting goods [2]. Optimized routes are also
important for public transportation and ensuring Emergency Vehicles (EVs) are able
to arrive on time during distress calls which could save lives.

1.1 Algorithmic Approach

A computer science approach to deal with this problem is by developing algorithms
well suited for �nding optimal paths, such as Dijkstra's and A-star algorithm [3]
[2]. These algorithms work by calculating the path with the lowest cost in weighted
graphs. In road-based vehicles, getting from A to B can easily be represented as
traversing a weighted graph [4]. This is done by letting the start and end of each
road be represented as a node, while edges represent the roads connecting the nodes.
Using this, the known algorithms can �nd the shortest paths given the cost of each
road. However, calculating this cost is more complex since simply using the distance
of each road as its weight ignores many factors, such as the traversability and speed
limit of the road. Furthermore, the cost also depends on what you want to optimize;
for example, if the most fuel-e�cient route from A to B is desired, the weights will
di�er from those that yield the fastest route. Several models are developed for
calculating how costly taking a particular route is [5]. These are, however, adapted
for passenger cars. Moreover, it's exceedingly di�cult to predict how the weight
calculation algorithm a�ects the outcome, this makes any optimization method that
uses properties about the objective function unusable. For example, whether the
function is di�erentiable is unknown, so using the derivative to optimize may not
yield correct results. This paper focuses on optimizing the calculation of weights
for a directed graph traversal algorithm applied to EVs during distress calls. Since
EVs don't follow the same restrictions, such as speed limits or illegal U-turns, as
passenger cars, the road network needs to consider these possibilities. Furthermore,
this emphasizes why a new model is required since models �tted to passenger cars
won't work for an EV with di�erent tra�c rules and route possibilities.

1



1. Introduction

1.2 Aim and Limitations

This thesis treats route calculation regarding emergency vehicles (EVs), speci�cally
how route calculation can be used to predict an EV's position. This is a continua-
tion of a previous thesis [1] where a position was predicted using the A* algorithm
to predict the route for an EV. In this thesis, the weight calculation in the road
network was done by manually testing di�erent dependencies and parameters on a
small sample set of distress calls. The aim is to optimize the weight calculation
of this road network, which in the future could enable a warning system for road
users on the predicted EV route to ease the process of paving way for the EV. The
optimization method used was competitive swarm optimization (cpso) which is an
stochastic optimization method [6]. However, the optimization results are limited
by the road network data available since it only contains �ve di�erent categories of
road size and �ve categories of road speed, its not possible to accurately calculate
the actual cost of taking each road by using �ve discrete values for speed and size.
This is due to the fact there is a much wider variety of roads than can be catego-
rized by these two discrete variables, for example, some roads may have di�erent
degrees of curviness, which a�ect how fast they can be traversed, and there are more
than �ve di�erent speed limits and sizes of roads in the entire Swedish road network.

An SQL database of missions was used where start position, target position, and
all available positions between these points are stored. Due to the running time of
the algorithm implemented in the previous thesis, a limited number of missions and
iterations were done when optimizing the parameters. This could impact the per-
formance of the resulting algorithm since some cases may be over/underrepresented
in the data set, such as distress calls inside/outside large cities. The performance
metric used to evaluate the weighting was the root mean square value of the average
di�erence in meters between the predicted position at a given time and the actual
position. Furthermore, only polynomial size, speed limit, and length dependencies
were considered when calculating the weights.

1.3 De�nition of the Project's End Goal

This thesis aims to validate and improve the service developed by Alfred and Jakob.
Speci�cally, the goal is to obtain the optimal weighted distance calculation that re-
sults in the best predictions for most probable route and for the EVs future positions
along this route during distress calls.
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2
Background

The purpose of this chapter is to review the previous thesis [1] work to provide
context to this thesis. The earlier thesis was authored by Alfred Arvidsson and
Jacob Hendén, who were pursuing master's degrees in data science and AI. Their
report outlined a problem formulation consisting of two primary objectives. The
�rst objective was to devise an algorithm that generates a set of routes with a
speci�ed probability and predicts the current position of the EV along the most
probable route, given an emergency vehicle's starting position and destination. The
second objective was to integrate the algorithm and visualization into Carmenta's
Tra�cwatch framework, which would be available as a service called the Route
Probability Service.

2.1 Previous Work

The foundation of this thesis is built on the prior research work conducted by Al-
fred and Jacob on the "route probability service" implemented in the Carmenta
Tra�cwatch system [1]. This service has been designed to determine the most prob-
able route an emergency vehicle would take during a distress call by considering
their location and �nal destination. Their current location and destination would
be received from SOS-alarm. To accomplish this task, the researchers employed the
A* search algorithm to identify the path in the road network graph that leads to the
target node while incurring the lowest possible cost. Since the main objective of the
route probability service is to determine the most probable route an EV would take
and its position along that route, it is crucial to ensure that the cost of each edge in
the graph accurately represents the time cost of a driver choosing the corresponding
road.

2.1.1 Road Network Handler

The road network handler is a software function in the route probability service
responsible for loading the road network graph data from an SQL database for the
route probability service. However, instead of loading the entire Swedish road net-
work, the handler extracts a small relevant subpart of Sweden's road network, which
is calculated as a bounding box that includes the start and end nodes, with an ad-
ditional 0.1 degree of latitude and longitude added to each side. This approach is
optimized for memory usage and processing speed, as loading the entire network for
each operation is impractical and unnecessary.

3



2. Background

To ensure the accuracy of the edge costs in the graph, the edges are assigned weighted
distances that are calculated by

weightedDist = dist � ((c1 + c2 � size) � (c3 + c4 � speed)) (2.1)

instead of just distances when loading the road network. The parameters had the
following valuesc1 = 0:1; c2 = 0:6; c3 = 0:1; c4 = 0:7. This weighting is critical to
the main objective of the route probability service, which is to determine the most
probable route an EV would take. Using only distances would result in the A*
algorithm only calculating the shortest route, which may not be the most probable
route for an EV during a distress call.

The road network handler also incorporates a feature called position estimator, its
job is to estimate the position of an EV once a route is aquired. This is done by
setting a speed of the vehicle and let it traverse the graph, this speed is set to 20
weight units per second.

2.1.2 Determining the Route Score

The route generated by the A* is referred to as the main or most probable route.
Evaluating the probability of the main or most probable route involves comparing
its total weight to that of alternative routes. To obtain these alternative routes,
nodes are removed randomly from the main route, and the most probable route is
recalculated for each resulting con�guration. This results in multiple routes with
varying route scores, which can then be used to assess the likelihood of the road
user selecting the main route. By examining the ratio between the total weight of
the main route and that of the alternative routes, one can obtain a more nuanced
measure of the probability score for the main route. Below 2.1 is a image displaying
the main and alternative route for a EV.

4



2. Background

Figure 2.1: Image depicting two predicted routes for EV. The route with a blue
segment represents the main route, while the other route is an alternative route with
a higher route score. In the image we see a vehicle situated in the top right corner,
indicating its current location, while the destination is in the bottom left

2.1.3 Training Data

Previously, the algorithm's validation was deemed unfeasible due to the unavailabil-
ity of SOS data. In light of this, the algorithm's performance had to be evaluated
by providing it with a start and end position and verifying the credibility of the
generated route through visual examination. Upon assessing the algorithm's per-
formance, the authors of the thesis deduced that the primary route identi�ed was
usually the quickest, with alternative routes often being reasonable options, albeit
some of which could be viewed as long detours [1]. This outcome was attributable
to the weight equation utilized by the algorithm, which had not been validated or
optimized against genuine data. It is worth noting that the objective of an emer-
gency vehicle is not to identify the shortest route, but rather the fastest, which can
sometimes entail selecting a longer route with more signi�cant speed limits and road
size, resulting in a higher average speed than the shortest route. However, at the
time of writing our report, SOS had initiated a partnership with Nordic Way3 that
would entail the sharing of live data. This development allowed us to verify the
accuracy of the weight equation used by the A* algorithm.

5
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3
Theory

This chapter presents the relevant theory to the methods used in this thesis. This
includes the following areas optimization, algorithms, data handling and graph the-
ory.

3.1 Pre-processing

Pre-processing is a fundamental and crucial phase in machine learning and opti-
mization. It involves converting raw and unstructured data into a more re�ned and
organized format to increase training performance and create a more e�ective model.
The pre-processing step also involves identifying and removing data points plagued
by errors, inconsistencies, missing values, duplicates, and other unreliable and sub-
standard data sources. In addition, the pre-process will help the learning model
identify meaningful patterns and relationships within the dataset [7]. In many in-
stances, datasets may have incomplete or missing values that require attention and
remediation, often involving deleting or correcting the data. Another vital aspect
of pre-processing is the identi�cation of correlated features and the elimination of
redundant information. Failure to pre-process the data can signi�cantly and ad-
versely a�ect the results obtained from the learning model. For example, splitting
the dataset into train and test sets e�ectively ensures the model is over�tted on a
speci�c data set. Over�tting refers to the situation where the analysis produced,
only correlates with a particular dataset, resulting in the model's inability to �t
another dataset.

3.2 Graph Theory

Graphs are a handy mathematical tool with many applications in computer science
[8]. They can be used to represent many real-life problems and can provide useful
insights into problems. An example is the traveling salesman problem: �nding
the shortest path for a salesman who visits each town once and returns to the
starting city. A graph is a �nite, none empty set V of elements called nodes and
a set of edgesE where each edge consists of two elements fromV. Each edge
ej = ( vi ; vj ) 2 E; f vi ; vj g 2 V represents a connection between nodesvi and vj .
We denote a graph with setsV and E as G(V; E) where the number of nodes and
edges are written asjV j respectively jE j. Another useful feature in many graph
problems is to let each edge have a value associated with it, referred to as its weight.
The traveling salesman problem can be converted to a graph problem using these

7



3. Theory

notations. This is done by representing each city as a node and creating edges
between all nodes. Furthermore, we let the distance between two cities be the
weight of each edge. Now, the problem is equivalent to �nding the path with the
smallest total edge weights that visits all nodes once and returns to the start node
[9]. This is a good representation of the problem because graphs have many known
algorithms and theories surrounding their traversal. Hence representing a problem
as a graph, known theory can yield useful insights and possible solutions to the
problem at hand. Moreover, there are several types of graphs. One which is central
to this paper is directed graphs where each edge also has a direction that is edge
ej = ( vi ; vj ) implies that one can only move from nodevi to node vj but not the
other way around. This can be used when representing a road network as a graph
where each edge is a segment of a road since generally, on roads, only one directional
travel for each lane is allowed, and to switch direction, one must switch lanes.

Figure 3.1: Example of a directed graph. Circles represent nodes, while arrows
represent directed edges.

This thesis used a graph representation of the road network designed for EVs. In this
graph, each node represents a road intersection, and the edges represent the roads
between intersections. The edges are directed to indicate the direction in which roads
can be traveled. The edges are bidirectional for each road that can be traversed both
ways. Furthermore, on longer roads such as highways, there could be gaps in the
rail for EVs, which are additional nodes without any intersections. Each edge in
this graph gets weight from the algorithm described in section 4.3. This weight
represents the traversal time of the EV, and when predicting positions, a constant
weight/second speed is assumed. This graph satis�es all requirements for the A*
algorithm to be applicable, and since there is always some set of edges connecting
any two nodes in the graph, a path from the starting nodes to destination t is
guaranteed to be found [10]. The guarantee of �nding such a path means that the
graph is connected and comes from the fact that it represents roads and intersections,
and there is always some route from any intersection to any other in the Swedish

8



3. Theory

road network.

3.3 A* algorithm

A* is a path search algorithm that works for weighted graphs. Given a graph
G(V; E), starting nodes 2 V, target nodet 2 V and edge costswei;j for all ei;j 2 E,
it calculates the path with minimum total cost from s to t if such a path exists. The
path is calculated by creating a tree of paths froms and adding one edge at a time
to a chosen path. The edge added during each iteration is determined by the node
n, which minimizes

f (n) = g(n) + h(n)

whereg(n) is the cost froms to n and h(n) is the heuristic function that estimates
the cheapest path fromn to t. To guarantee that A* �nds the shortest path, an
optimistic heuristic is required such that

8ex;y 2 E; h(x) � wex;y + h(y):

A* stops when the path it extends goes froms to t or no paths are eligible for an
extension, equivalent to no path connectings to t in G. The time complexity of A*
is O(jE j) since every edge is considered once in the worst case. The space complexity
of A* is given by O(jV j) since all nodes present in the paths are stored. [11] [3]

3.3.1 Pseudo Code

The A* algorithm and how it works step by step can also be described using the
following procedure:

ˆ Set f (i ) = 1 for each nodei 2 V. Then set g(s) = 0 and f (s) = g(s) + h(s),
�nally set S = s

ˆ Find node v 2 S such that f (v) � f (i ); 8i 2 S, set S = S � f vg.
ˆ If v = t the shortest path has been found, otherwise continue to the next step.
ˆ For all nodesj where9ev;j 2 G, if g(j ) > g (v)+ wev;j updateg(j ) = g(v)+ wev;j

then set f (j ) = g(j ) + h(j ) and if j =2 S set S = S + f j g. After all updates
are made repeat the process from the second step.

Once the path froms to t has been found it can be recovered through backtracking.
[12]

3.4 Black Box Optimization

Optimization problems can generally be formulated as �nding the optimum of an
objective function f (~x); ~x 2 R n where f : R n ! R . This optimum is found by
either maximizing or minimizing f . There are several algorithms for solving this
type of problem, some examples are gradient descent, the Ellipsoid method, and the
Simplex algorithm. E�ective optimization algorithms exploit known features off
to �nd an optimum such as f s di�erentiability, linearity, or other known properties
of f . [13] [14]
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However, black box optimization (BBO) involves optimizing an objective functionf
with no known properties. This means that any method which assumes something
about f , such as di�erentiability, is not guaranteed to work. Moreover, this leads to
the fact that only the function's value at di�erent points ~x0 can be used to �nd the
optimum (these values can however be used to try and estimate the derivative of
f ). Furthermore, BBO problems usually su�er from long computation times as well
[13], which is also the case in this paper where each objective function evaluation
takes � 20s depending on the number of EV missions simulated. Another di�culty
associated with BBO is that the number of parameters that should be optimized
can also be unknown. Finally, when dealing with BBO, it's di�cult to determine
whether a solution is local or global optimum off due to insu�cient information
about the objective function.

3.5 Stochastic Optimization

There are several approaches to optimize discrete and nonlinear objective functions,
one popular approach is stochastic search algorithms. Some stochastic algorithms
imitate natural processes seen in nature, such as evolution or swarm behavior, they
are generally useful for searching through a parameter space e�ciently and yield
satisfactory results but are not guaranteed to �nd a global optimum. These meth-
ods are especially well suited for problems where

I The derivative of the objective function is unknown or expensive to calculate.
II The objective function is highly non-linear and likely to get stuck in poor local

optima.
III There are few parameters and a �nite parameter space to search.

Moreover, one key point about stochastic search algorithms is that they contain
some stochastic element, and hence they don't guarantee convergence as opposed to
gradient-based search methods. The same optimization may need to be run several
times to ensure an optimum has been found. [15]

Let's consider the case described in section 3.4 where an objective functionf (~x)
is to be optimized, and we need to learn more aboutf to use any deterministic
method. If we can limit the search space, which is de�ned as a �nite subset
 of
parameters where the optimum~x� lies

~x� 2 
 2 R n : (3.1)

In this case, a search algorithm can be implemented for �nding~x� , but it's usually not
practical to exhaustively search the entire
 space, especially if it's high dimensional.
However, using stochastic search algorithms, one can e�ciently search the variable
space
 and thus likely avoid local optimums. In stochastic search algorithms such
as swarm optimization or genetic algorithm, the
 space is searched through random
initialization, and the search algorithms don't require the gradients of the objective
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function but rather only rely on the actual score/value of the function to guide the
search making them suitable for optimizing discrete functions. This is because of
population-based approaches such as GA and CPSO, where each iteration consists
of several individuals with their own set of parameters and individuals with higher
scores are more likely to survive to the next generation. Since the score is the value
of the objective function, after several iterations, the population will converge to a
set of individuals/parameters, which yield a robust local optimum only using the
value of the function. However, there is no simple condition for convergence. As
such, the algorithms must run several times, and if no signi�cant change is made
for several iterations, the optimum is considered robust. To handle the constraints
on variables, for example make sure that~x 2 
 , penalties to all values that don't
satisfy this condition can be applied. [16]

3.6 Competitive Particle Swarm Optimizer

Particle Swarm Optimization (PSO) is an e�ective stochastic optimization tech-
nique that takes inspiration from the collective behavior of natural swarms, such
as those exhibited by �ocks of birds or schools of �sh [6]. The algorithm utilizes
a population-based approach, where multitudes of particles traverse through an
n-dimensional search space in search of the optimal solution. By mimicking the
cooperative behavior of these natural systems, PSO will try to optimize a problem
by improving a candidate solution.

A set of parameters represents every n-dimensional particle. In each iteration, PSO
evaluates every particle in the swarm, using a loss function that yields a numerical
value representing its �tness. The lower the loss value, the closer the particle's pa-
rameters are to the optimal solution. Selecting a suitable loss function depends on
the addressed problem.

The PSO algorithm begins with a uniform initializing the swarm of particles through-
out the n-dimensional search space. Then, each particle iteratively moves through
the search space and updates its velocity and position based on its personal best
and the global best among all particles in the swarm. To accomplish this, PSO
employs two equations that update the velocity and position of each particle. The
equations utilize control parameters, including an inertia weight (! ) and accelera-
tion coe�cients ( c1 and c2), to in�uence how rapidly the particle moves in pursuit
of the optimal solution.
The �rst equation,

Vi (t + 1) = !V i (t) + c1R1(t)(pbesti (t) � X i (t)) + c2R2(t)(gbest(t) � X i (t)) ; (3.2)

represents the velocity update equation. The movement of a particle is in�uenced
by two components - the cognitive component, which considers the particle's per-
sonal best position, and the social component, which takes into account the best
position among all particles in the swarm. These components are represented by
the equationsc1R1(t)(pbesti (t) � X i (t)) and c2R2(t)(gbest(t) � X i (t)) respectively.
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The second equation,
X i (t + 1) = X i (t) + Vi (t + 1) ; (3.3)

represents the position update equation. It updates the particle's position based on
the updated velocity obtained from the �rst equation.

Overall, the PSO algorithm e�ectively harnesses the collective behavior of natu-
ral swarms to optimize the search process and e�ciently navigate the search space,
which has been used successfully in various applications. However, research shows
that PSO performs poorly when the problem has many local optima or is high di-
mension. As a result, there have been many attempts to introduce new variants of
PSO to enhance its search performance. However, due to its strong in�uence on
global and personal best, it often su�ers from premature convergence [6]. Therefore,
a relatively recent evolutionary technique known as Competitive Particle Swarm
Optimization (CPSO) has been suggested by researchers, as documented in [17].
This particular method eliminates both the particle best and global best, paving
the way for a fresh approach to the problem. This evolutionary framework up-
dates each iteration by performing a competitive mechanism between particles in
the swarm. During this competition, the defeated particle will undergo an update
by mimicking the winning particle, whereas the winning particle will undergo an up-
date via mutation. By removing the reliance on personal and global in�uences, this
approach e�ectively eliminates the potential for premature convergence dependent
on historical values. Additionally, This method negates the need to record historical
values.
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Looser

Winner

Mutation

t+1t

replicate winner

Figure 3.2: This image shows the general updating rule of CPSO where the winner
will undergo mutation while the loser replicates the winner.

We can establish the location and speed of the champion in thek-th round asX w;k (t)
and Vw;k (t) respectively. Likewise, we can determine the position and velocity of the
defeated player asX l;k (t) and Vl;k (t). After the k-th competition, the velocity of the
losing particle updates as follows:

Vl;k (t+1) = R1(k; t)Vl;k (t)+ R2(k; t) (X w;k (t) � X l;k (t))+ 'R 3(k; t)
�

�X k(t) � X l;k (t)
�

;
(3.4)

where R1(k; t), R2(k; t), and R3(k; t) are randomly generated vectors within the
range[0; 1]n . Additionally, �X k(t) represents the average particle position in thek-th
competition, and ' controls the in�uence of �X (t).
In the update equation 3.4, the �rst term, R1(k; t)Vl;k (t), serves as an inertia term
that ensures the search stability of the algorithm, similar to regular PSO. How-
ever, instead of using a �xed inertia coe�cient like ! , CPSO will utilize a randomly
generated vectorR1(k; t). The second term,R2(k; t) (X w;k (t) � X l;k (t)) , is called
the cognitive term. Unlike regular PSO, the losing particle learns from the win-
ning particle and adapts accordingly rather than relying on the in�uence of per-
sonal best. This mechanism may be more biologically realistic, as the swarm does
not require a historical record of the best particles [6]. Finally, the third term,
'R 3(k; t)

�
�Xk (t) � Xl; k (t)

�
, is known as the social term. Here, the losing particle

learns from the mean position of the swarm rather than the global best, which also
makes biological sense for the same reason as above. The position of the losing
particle will update similarly to regular PSO

X l;k (t + 1) = X l;k (t) + Vl;k (t + 1) (3.5)
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This modi�cation of PSO will retain its algorithmic simplicity where X w;k will be
pushed into generationt +1 and X l;k will update with equation (3.4) and (3.5). The
following pseudo-code shows the simplicity of the algorithm.

1: t = 0
2: X w = ?
3: X l = ?
4: while condition not satis�ed do
5: U = P(t)
6: P(t + 1) = ?
7: while U 6= ? do
8: Randomly select two particlesX 1 and X 2 from U
9: if If the evaluation of X 1 is greater than the evaluation ofX 2 then

10: X w = X 1

11: X l = X 2

12: else
13: X l = X 1

14: X w = X 2

15: end if
16: Push X w to set P(t + 1) and updateX l according to equations (3.4) and

(3.5).
17: RemoveX 1 and X 2 from U.
18: end while
19: Increment t by 1.
20: end while
The time complexity of this algorithm is O(mn), wherem is the population size and
n is the search dimensionality.
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4
Methods

This chapter details the data processing from SOS raw data, modi�cations made
to the existing algorithm and code implementation. Furthermore, the optimization
method for minimizing the objective functions and acquiring a candidate set of
parameters is described.

4.1 SQL-database

When SOS-alarm receives a distress call, they will initiate a process by transmit-
ting pings containing a timestamp, the current location, vehicle identi�cation, and
approximate destination to NordicWay 3. This transmission of pings will be con-
tinuous, occurring roughly every 30 seconds until the mission is either completed
or aborted. A framework was established to capture and store this transmission
of pings in a SQL database 4.1. In total, 200 000 pings were stored, representing
approximately 2000 missions.

Table 4.1: Table showing an example snapshot of the SQL database.

id startLat startLon endLat endLon positionTime
...-9220 64,59... 18,65... 64,59... 18,65... 2023-01-23 09:10:07
...-9220 64,59... 18,65... 64,59... 18,65... 2023-01-23 09:10:27
...-9410 63,15... 16,27... 63,15... 16,27... 2023-01-23 09:26:42
...-9410 63,15... 16,27... 63,15... 16,27... 2023-01-23 09:27:12
...-9410 63,15... 16,27... 63,15... 16,27... 2023-01-23 09:27:42
...-9410 63,15... 16,27... 63,15... 16,27... 2023-01-23 09:28:12
...-9410 63,15... 16,28... 63,15... 16,27... 2023-01-23 09:28:42
...-9410 63,15... 16,27... 63,15... 16,27... 2023-01-23 09:29:12

The SQL-database shown in Table 4.1 is an example snapshot of the stored pings.
The table contains a unique id that includes information about the vehicle and the
mission it is currently on. By examining the ending in the vehicle id, we can deter-
mine if the vehicle is a helicopter, ambulance, �re�ghter truck, or other, which can
be sorted in the pre-processing step. The startLat and startLon columns contain the
vehicle's current location at the given time, while the endLat and endLon columns
represent the approximate target destination of the distress call.
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4.2 Pre-processing

Before feeding the data into our optimization model, pre-processing steps were con-
ducted to prepare the data. Firstly, a thorough elimination process was undertaken
to �lter out unsuitable or faulty missions for the optimization model. The elim-
ination involved excluding missions with less than three pings, as this typically
indicated shorter distances traveled; by excluding these missions, the analysis could
focus on missions that were likely to cover more considerable distances, enabling
more meaningful insights and conclusions from the data.

Figure 4.1: The image shows a mission eliminated from the dataset as it contained
less than three pings.

Furthermore, we decided to exclude missions exhibiting clear faults, such as those
featuring helicopter routes or rescue operations in mountainous regions without
roads.

Figure 4.2: The displayed images illustrate missions that possess evident faults.
The image on the left displays a mission conducted by a helicopter. In contrast,
the image on the right showcases a rescue mission executed in a mountainous region
inaccessible by road users.
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These types of missions presented signi�cant anomalies that could have had a detri-
mental impact on the accuracy of the analysis. As a result, removing them from
the dataset was considered necessary. Additionally, the missions were trimmed by
excluding the pings before the vehicle moved a threshold of 500 meters.

Figure 4.3: The four images illustrate the missions after the preprocessing stage,
where pings that would cause noise in the dataset have been removed. The image
on the right shows the mission after preprocessing, and the lower image depicts a
zoomed-in view of the beginning of the mission.

Doing so ensured that the analyzed data represented the vehicle's actual movement
and progress toward its destination. Furthermore, any pings before this threshold
would have only added unnecessary noise and confusion to the analysis.

The mission data used was split into training and test data. This is done to validate
how well the optimized parameters in the weight equations, described in section 4.3,
perform on unseen data. The prepossessing selection of the 2000 missions in the
SQL database yielded 500 missions, of which 300 were used for optimization and
200 for testing.

4.3 Road Network Handler

The road network handler's function is to retrieve a segment of the entire road
network of Sweden by querying the Tra�c Watch cloud-based SQL server. To
expedite each query, enhancements were made by downloading the SQL database
locally and modifying the road network handler to query the local database instead.
An illustration of the query and the table extracted from the SQL database is
presented below.
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"DECLARE @polygon GEOMETRY = geometry : : STGeomFromText ( '
POLYGON( ( f " { fromLon} { fromLat } , { fromLon} { toLat } ,
{ toLon} { toLat } , { toLon} { fromLon } , { fromLat } " ) ) ' , 4326 ) ;
SELECT * FROM RoadNetworkWithDists
WHERE GEOM. STIn te rsec ts ( @polygon ) = 1 " ;

Table 4.2: Table showing an example snapshot of the road network.
id re�n nre�n speed size dir geom ilat ilon olat olon dist
...4 85... 85... 7 5 B 0xE6... 59,5... 18,0... 59,5... 18,0... 10,7...
...6 85... 85... 7 5 B 0xE6... 59,5... 18,0... 59,5... 18,0... 99,3...
...7 85... 85... 7 5 B 0xE6... 59,5... 18,0... 59,5... 18,0... 261,4...
...8 85... 85... 7 5 B 0xE6... 59,5... 18,0... 59,5... 18,0... 417,3...
...9 85... 85... 7 5 B 0xE6... 59,5... 18,0... 59,5... 18,0... 44,8...
...0 85... 85... 7 5 B 0xE6... 59,5... 18,0... 59,5... 18,0... 683,1...

The data extracted from a sample query is presented in Table 4.1, where each road
segment is displayed as a separate row. The 'id' column denotes a unique road
identi�er, while the 're�n' and 'nre�n' columns indicate the connecting node IDs of
the road's edge. The 'size' column represents the road's size, ranging from 1 to 5,
while the 'speed' column denotes the speed category of a road. The speed category
is not solely based on a particular road's speed limit, as additional factors such as
speed bumps in�uence the category and can lower it. Since the edges are directional,
'ilat' and 'ilon' represent the latitude and longitude of the source node, respectively.
In contrast 'olat' and 'olon' represent the sink node. 'dist' denotes the distance of
each road, which is already precomputed, thus eliminating the need for additional
computations.

The road network handler is responsible for calculating the weighted distance of each
road segment, which represents the likelihood that a user will choose that particular
road. In the previous thesis [1], a linear equation was used to calculate the weight
(2.1). Several di�erent weight equations have been experimented with to determine
the best �t for the data. These equations are called weight equation one, weight
equation two, and weight equation three.
Weight equation one

weight = a1 + ( a2 � speed+ a3 � speed2) + ( a4 � size + a5 � size2) (4.1)

Weight equation one is a polynomial function of degree 2. Therefore, it requires
optimization of �ve parameters, denoted asa1 to a5.
Weight equation two

weight = ( b1 + b2 � speed+ b3 � speed2) � (b4 + b5 � size + b6 � size2): (4.2)

Weight equation two is similar to the previous equation with one additional term and
allows for cross-terms between 'size' and 'speed.' The equation has six parameters,
denoted asb1 to b6.
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