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Algorithms for Wind-Powered Cargo Ship Routing

A Framed Quadtree Approach with Graph Weight Interpolation
Bjorn Leskinen, Gabriel Kéll

Department of Computer Science and Engineering

Chalmers University of Technology and University of Gothenburg

Abstract

This thesis explores a novel approach to long-distance ship weather routing by em-
ploying a quadtree data structure to represent the ocean surface, combined with an
approach to interpolating graph weights used by a modified Dijkstra’s Algorithm.
This approach allows access to a wider range of relative wind angles compared to
using a uniform grid.

This study evaluates the performance of the interpolation technique, specifically
examining how quadtree subdivision levels (or bounding box size) relate to inter-
polation accuracy. The findings indicate that the interpolation method performs
similarly over a varying range of bounding box sizes if one assumes a relatively
high engine-driven calm water speed. The auxillary electric engine is used when
wind speeds can’t propel the vessel above the calm water speed. In some cases,
larger bounding boxes yield better results, however it is possible this was due to
the weather forecast deviating from the actual historical data, or approximation
errors in the graph weight interpolation. The study highlights the importance of
selecting an appropriate default calm-water speed, as it influences the accuracy of
the interpolation method.

The interpolation algorithm introduces runtime overhead to the path planning algo-
rithm, especially when the size of the bounding box is large. Memory savings are
significant, even though the quadtree was only subdivided in the local area around
the path. The best trade-off between memory and runtime savings is achieved with
a bounding box size of 222-111 km.

Future work should focus on refining default speed selection, incorporating addi-
tional weather data, and further optimizing the quadtree framework to improve
efficiency and robustness in real-world maritime applications.

Keywords: Ship Weather Routing Problem, SWRP, Quadtree, CargoKite, Autonomous
Sailing Vessel, USV, Multi Resolution Path Planning.
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1

Introduction

The maritime shipping industry is a significant contributor to global carbon emis-
sions, accounting for approximately 915 million metric tons of CO annually [1]. Tt is
also estimated that around 90% of manufactured goods are transported by ship. As
concerns mount over port capacity constraints and the increasing size of container
ships [2], researchers are exploring the potential of smaller, possibly autonomous
wind-powered vessels as a viable alternative [3]. These smaller vessels could allevi-
ate pressure on port infrastructure, mitigate negative impacts on aquatic ecosystems,
and potentially reduce global economic costs [4].

In an attempt to decarbonize shipping and alleviate the downsides of these larger
ships, CargoKite GmbH has proposed a concept for an autonomous cargo vessel
propelled by a kite with an auxiliary electric motor [5]. The batteries that power
this electric motor can also be charged while utilizing wind propulsion, potentially
making the ship suitable for long distance travel. The proposed ship will utilize an
Airborne Wind Energy System (AWES) - a system that includes a kite flying at 300
meters. Therefore, the ship is designed to harness high-altitude winds as its primary
means of propulsion.

Weather routing — the practice of leveraging wind and other weather conditions to
achieve higher speeds and/or save fuel, is a known challenge in both competitive sail-
ing and commercial shipping. However, the routing problem posed by CargoKite’s
ship concept differs from traditional approaches. Unlike conventional vessels where
fuel consumption is often the primary optimization parameter, with travel time some-
times compromised for lower fuel usage, CargoKite’s wind-powered vessel presents
a different set of optimization challenges.

For this ship concept, fuel consumption is not relevant, and the length of the path be-
comes less critical. Instead, the key parameters to optimize are maximum speed and
minimum travel time. This shift in optimization priorities necessitates a different ap-
proach to route planning, one that is tailored to the characteristics of wind-powered
vessels.

In the dynamic and time-dependent environment of oceanic navigation, the efficiency
of autonomous sailing vessels partly depends on the reliability of routing algorithms.
The ship weather routing problem (SWRP) aims to find the shortest path for a vessel,
considering predicted weather conditions at each point along the route. Existing
approaches often favor graph algorithms like Dijkstra’s and A* to compute optimal
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paths, representing the ocean surface using a uniform grid [6, 7, 8, 9].

Solving the ship weather routing problem on a uniform grid presents several chal-
lenges. Firstly, the direction of travel is limited, restricting the vessels ability to ad-
just its orientation relative to the wind. Secondly, planning a long-distance route can
lead to significant memory consumption, especially considering that time-dependent
wind data must be maintained for every grid cell. Additionally, increasing the res-
olution yields a larger search space, requiring more computational resources, thus
increasing runtime.

An alternative data structure to a uniform grid representation is a quadtree, suit-
able for sparse data. Quadtrees recursively subdivide data into four quadrants until
some terminating condition is met. An example of such a condition is when only
a few data points remain within a quadrant, indicating that further subdivision is
unnecessary, as the complexity of the data has been sufficiently outlined. Sparse or
homogeneous regions would be represented by larger quadrants, while regions with
complex data would be divided into smaller quadrants. Utilizing these characteris-
tics to store information about the ocean, such as the locations of large landmasses
or homogeneous wind patterns can reduce memory consumption and runtime for
long-distance ship weather routing.

Proposed Approach

In this paper, we utilize a quadtree to represent the ocean and apply it to plan long-
distance ship routes using a modified version of Dijkstra’s Algorithm. Only partial
weather data is stored in the quadtree, specifically on the borders of each quadrant.
Therefore, interpolation is employed to estimate travel times within a quadrant.
This approach yields access to a wider range of relative wind angles when planning
a path. Different levels of subdivision, representing different quadtree resolutions,
are compared to determine the effectiveness of the interpolation method and its
performance on time-dependent wind data.

1.1 Related Work

Previous research conducted regarding the application of quadtrees to an ocean
environment consider a purely engine-driven vessel. None, to our knowledge, applied
this approach to a mainly wind-powered vessel. Shah et al. proposes an approach
where landmasses were stored in a high-resolution quadtree and used to create a
visibility graph that is employed to navigate land-dense regions more intelligently
[9]. Specifically, the visibility graph was used to design a heuristic that weighted
nodes based on the shape and size of the landmasses that obscured the straight-line
path from a node to the goal. However, wind is not accounted for in this paper, and
more focus is placed on tide since this impacts the shapes of the landmasses.

Lee et al. also propose a visibility graph approach to path planning, using a Polygon
Map Random (PMR) quadtree data structure to represent the coastline and islands
in a marine environment [10]. The visibility graph is generated using a predeter-
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mined set of path waypoints and subsequently used to calculate the shortest path
from start to goal. The authors use an empirical formula to calculate the speed
reduction of an engine-driven vessel due to wind and waves, compared to its calm
water cruising speed. They also test the algorithm on a high-resolution map of
the coastline. However, this map was limited to less than one degree latitude and
longitude squared.

Stentz and Goldberg propose “Field D*”| an algorithm that addresses heading angle
limitations when planning paths for mobile robots [11]. Instead of using a uniform
grid-based approach where heading angles are limited to multiples of 7/4, they in-
troduce an interpolation-based algorithm to estimate traversing across a cell. Given
a cell with four edges situated on the border, the algorithm uses a linear combina-
tion of the costs of traversing between two neighboring nodes to estimate the cost
of traversing across the cell, with an endpoint anywhere on the target cell’s border.
This allows the algorithm to plan with a continuous heading angle.

The same authors also developed a Multi-Resolution version of Field D*, which op-
erates on quadtrees [12]. The algorithm allows representing the environment with a
coarse low-resolution prior map, which is updated with high-resolution sensor data
in the robot’s field of view during traversal. This approach enables a less restrictive
heading angle and reduces time and space complexity compared to a uniform grid
by focusing the level of detail on the most important parts of the problem. There-
fore, the algorithm is well-suited for handling larger maps of terrain. It estimates
the cost of traversing through the quadtree cells using interpolation, similar to the
original Field D* algorithm, but now applied to cells of varying sizes. Note that the
environment in the paper represented static terrain of varying resolution, and no
testing was done in time-dependent environments.

Path Planning in Road Networks

The A* landmarks and triangle inequality (ALT) method uses landmarks, which
are selected nodes with precalculated distances to all other nodes [13]. These nodes
are selected during a preprocessing stage, and their distances are used to obtain a
heuristic that is a tighter lower bound on the distance to the goal. The quality of the
lower bound highly depends on the selection of landmarks, and optimal landmark
selection is an NP-hard problem.

ALT algorithms are suitable for road networks since landmarks rarely need to be
recalculated and provide correct paths as long as edge costs don’t drop below an
initial value [14]. However, in ship weather routing, the wind patterns represent
a road network where the layout may change significantly during a short period,
making ALT algorithms less suitable.

Calculating the cost from the landmarks to all nodes is an expensive task. Combining
the large search spaces present in a long-distance SWRP and the fact that optimal
landmark selection is an NP-hard problem, approximate solutions may need to be
considered. Additionally, the dynamic and stochastic nature of edge weights means
that the calculated bounds might not hold in the future. If edge weights do not
decrease below an initial value, then the calculated bounds will still hold, as assumed
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in [14]. This assumption works in a road network since the shortest travel time will
be achieved when there is no traffic. However, it is not clear what the equivalent
scenario is in a dynamic ocean environment. One idea could be to assume "optimal"
weather conditions, calculating the distances with the boat’s top speed in mind.

Time-Dependent Dijkstra’s Algorithm and Bidirectional Search

In some domains, the cost to travel between nodes in a network can vary depending
on the current time. This time-dependent nature of edge costs poses challenges
for traditional shortest path algorithms like Dijkstra’s. To address this, Ding et
al. introduced a time-dependent version of Dijkstra’s Algorithm that can handle
edge costs that are functions of time and also search for an appropriate start time to
minimize path cost [15]. There have been various implementations of time-dependent
algorithms that use heuristic functions [16, 17]. Nannicini et al. apply a bidirectional
search, where the backward search is used for bounding the set of nodes that will
be explored by the forward search. Since the arrival time is not known in advance,
the backward search needed to be time-independent [16].



2

Background

In this section we provide the theoretical foundations and concepts that the work
builds upon. It begins by delving into the general path planning problem, which
involves finding an optimal sequence of states transitioning from a start to a goal
state on a graph, while minimizing the total transition cost. It covers Dijkstra’s
Algorithm as a fundamental approach to this problem.

The section then explores quadtrees, a data structure used to partition a two-
dimensional space by recursively subdividing it into four quadrants or regions.

Quadtrees are particularly useful in storing sparse data, which can significantly re-
duce memory consumption while path planning in sparse but complex environments.

Finally, the section addresses path planning in a time-dependent space, where tran-
sition costs may vary over time.

2.1 Path Planning

The single-source-single-destination path planning problem is defined on a finite
graph with a finite set of states S within the graph. Let succ(s) denote the set of
successor states of state s € S, and pred(s) denotes the set of predecessor states
of s. For any pair of states s and s € succ(s) the cost of transitioning from s to
s’ is given by 0 < ¢(s,s") < oco. Given sgq = So and Sgoq = Sk a path planning
algorithm finds a sequence of states:

T 1= S0, S1, ..., g Where for all s; € m,s; € suce(s;_1)

The cost of the path is given by % | ¢(s;_1, ;). Let ¢*(s,s’) denote the cost of the
cheapest path from s to s'.

The goal of a shortest path algorithm is to find the path 7* that starts at s+ and
ends at Syoq, for which YK elnr ) = ¢ (Sstarts Sgoal) Let c*(Sstart, §) = g*(s). If
g*(s) is known for all states s € S, then such a path can be found by starting at the
goal state, and at every state s; picking a state s;—; = argmingeeq(s;) 9" (s") until

Si—1 = Sstart [18]

Dijkstra’s Algorithm

Dijkstra’s Algorithm is a procedure that solves the single source, single destination
shortest path problem [19]. It does this by having a representation of the cost of

5



2. Background

the best path from start to the current state s, g(s) (cost-to-come). Initially, all
states are assigned an infinite g-value, except for the start state sgqq, which has
9(Sstart) = 0. These g-values are stored in a priority queue called OPEN.

During each iteration, the algorithm extracts the state s with the smallest g-value
from the OPEN list and expands it. When expanding a state s, the algorithm checks
if passing through s to reach any of its successor states s’ € succ(s) yields a lower
g-value than the current g(s’). If a shorter path is found, the g-value of ' is updated
to the cost of the new path, making s’ a candidate for future expansion. This cost
update propagates to the successors of .

The algorithm terminates when there are no more reachable states that haven’t been
expanded, i.e., when Vs € S : g(s) = g*(s), where g*(s) is the cost of the shortest
path from sy, to s. In other words, it terminates when either the goal state has
been found, or no more g-values can be improved, meaning the OPEN list is empty,
and no state remain for future expansion.

Once terminated, a shortest path can be extracted greedily by following the optimal
predecessor state from the goal state back to the start state, as described in Section
2.1.

2.2 Quadtrees

A quadtree is a hierarchical representation of a 2-dimensional space in a tree data
structure. Based on a specific condition or criteria, the root node is subdivided
into four equal quadrants or bounding boxes. This subdivision process continues
recursively for each child node until either a maximum resolution level is reached
or the condition for further subdivision is no longer satisfied, these nodes are called
leaf nodes [20].

In the case of a point-based Point Region (PR) quadtree, the subdivision condition
is typically based on the number of points contained within a node. If the number
of points in a node exceeds a predefined splitting threshold, the node is subdivided
into four child nodes, and the points are distributed among these child nodes based
on their spatial locations [21].

In the standard quadtree representation, paths generated between two points are
constrained to segments connecting the centers of the bounding boxes (Figure 2.1).
This limitation can lead to suboptimal paths with unnatural changes in direction,
especially in sparse environments with large empty areas [22].

Framed quadtrees are a variation of the quadtree data structure where a layer of
highest resolution border cells, called “frames", is added around the perimeter of each
bounding box (Figure 2.2). Planning a path on frames allows for more directions of
travel, enabling paths to closer approximate optimal paths. While framed quadtrees
improve path quality, they require more memory than standard quadtrees, due to the
overhead of maintaining the additional border cells [23]. Assuming the length of the
side of the bounding box for leaf nodes is n, a standard quadtree requires one node
containing data per bounding box. In contrast, a framed quadtree would require

6
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4n — 4 nodes per bounding box, whereas a uniform grid at the highest resolution
would require n? nodes per bounding box.
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Figure 2.1: A path planned using midpoints of bounding boxes.

Figure 2.2: An example of an initial framed quadtree subdivided based on border
data.
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2.3 Time Dependency

If the cost of transitioning in a state space is dependent on at what time that
transitioning occurs, the state space is said to be time-dependent. The non time-
dependent representation described in Section 2.1 can be extended to fit in a time-
dependent scenario in the following way:

Let T be the time window for the algorithm, that is the set of time steps between
the start time and end time. [as, bs] be the time window within it is possible to visit
state s. Then for states s,s" € S : s" € suce(s) the cost of transitioning from s to s’
at time step t € T' is given by ¢ ¢ ().

Therefore, every transition will have a list of costs one for each possible time step in
the discrete case. When the algorithm traverses the state space it needs to keep track
of at what time it makes the transition and use the appropriate cost. Therefore, for
a start time ¢, the Time-Dependent Shortest Path (TDSP) problem is to find a path
between Sgource and sgo4 that leaves at time ¢y and minimizes the arrival time while
satisfying all of the constraints of the time window at every state.



3

Method

This section describes the approach taken to represent the ocean surface with a
framed quadtree data structure, and how path planning is applied to this represen-
tation. It details the process of constructing a quadtree to model the ocean surface,
and how wind data is incorporated. An overview of the interpolation method used
to approximate travel times when crossing a bounding box is then provided, along
with how a node is expanded in the modified time-dependent Djikstra’s Algorithm.
Additionally, the section outlines the methodology employed to post-process an in-
terpolated path in order to gather relevant evaluation metrics.

3.1 Constructing the Quadtree

The wind dataset that is used during the construction of the quadtree is provided
by the National Oceanic and Atmospheric Administration (NOAA) and is a 279-
hour forecast sampled every 3 hours [24]. This forecast contains the wind speed
and direction for cells of approximately 111x111 kilometers in size, or 1 degree of
latitude/longitude. Linear interpolation is applied to this dataset to increase the
resolution to 0.25x0.25 cells of latitude/longitude. Thereafter, a quadtree is created
representing the graph in the following manner:

1. The whole ocean area is first flattened into a dataset of coordinates using the
latitude and longitude coordinates provided in the interpolated wind data. A
mask is then created to identify the ocean data points versus the land data
points.

2. A border convolution is applied on the mask to identify the border regions
between the ocean and land. This is done by applying a 3x3 kernel where
the border is marked with ones and the center with -8. After applying this
convolution, the new mask is filtered where the convolution result is greater
than 0.

3. A quadtree is then created using the border coordinates as the initial nodes.
The quadtree is recursively subdivided until each leaf node contains a max-
imum number of 1 border coordinate. This promotes the quadtree to stop
subdividing in landmasses and ocean surfaces, only subdividing close to bor-
ders. The result of this operation is also visible in Figure 3.1a.

4. Frame nodes of size .25x.25 are assigned to each bounding box by recursively
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filtering the dataset of coordinates and assigning the coordinates that align
with the border of each box. Adjacent bounding boxes share frame nodes
along their common borders. The result of this operation is shown in 3.1b. A
dictionary frame_dict : frame_node — list(quadtree_node) is maintained,
providing O(1) lookups between a frame node and its parents.

IIEE..
=/
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‘:fﬁm
Y2

(a) Quadtree representing the ocean surface, subdivided based on border
coordinates.

(b) Quadtree representing the ocean surface, subdivided based on border
coordinates.

Figure 3.1
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3.2 Calculating Boat Speeds

Given two coordinates a and b that are .25 degrees apart, and the bearing angle
between them 6 (geodesic angle where 0° points north), a boat speed is calculated
using the following method:

1. Acquire the wind speed s and direction ¢ for node b.

2. Calculate the signed angle difference between ¢ and 6. The result is the relative
wind angle in node b.

3. Given the speed and relative wind angle, calculate the boat speed assuming
the sail will be adjusted optimally. This estimation is performed by apply-
ing linear interpolation to a vehicle dynamics model, creating the function
max__boat_ speed(speed, relative_wind__dir). The vehicle dynamics model
was provided by CargoKite.

3.3 Algorithm Description

In this section we provide an example to describe how the modified Dijkstra’s Algo-
rithm expands a node and calculates graph weights. We start by showing a small
part of a framed quadtree search space in Figure 3.2. The figure provides a zoomed-
in look at how the borders of the bounding boxes appear and the spacing between
them.

Figure 3.2: Example search space and path on the framed quadtree.

We then move on to expanding a node. Assume that Dijkstra’s Algorithm has al-
ready picked an appropriate entry node in the highlighted bounding box and arrived
there at time ¢. From this point, we want to estimate the travel time from the entry
point to all adjacent frame nodes and add them to the OPEN list (Figure 3.3).

11
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Figure 3.3: Picking an appropriate exit point given an entry point (green dot).

To add these nodes to the OPEN list, we need to estimate the travel time from the
entry to all adjacent framed nodes. For this, we employ the Interpolation Method,
which will be described in more detail in Section 3.4. This method uses the wind data
on the bounding box border and steps through the perimeter of the box, calculating
a cumulative travel-time from entry to exit point.

Before calculating the travel-time we first need to index the wind data according to
the bearing angle 6 between the entry and exit point (3.4a). This step can be seen
in Figure 3.4b. Note that the wind direction is not plotted here, and the bearing
angle will be used in conjunction with the wind direction to calculate the maximum
boat speed according to Section 3.2.

(a) Entry and exit point on a bounding box in  (b) Indexing the wind data with the bearing an-
a framed quadtree. gle between entry and exit point.

Figure 3.4: Example showing entry and exit points on a bounding box and how
wind data is indexed according to the bearing angle between them.

Subsequently, we step through the perimeter of the bounding box, calculating two
cumulative travel-times, one in north-south direction (a) and one in east-west direc-
tion (b). The cost-to-come value of the exit point node is then set to ¢ + va? + b2,
and added to the OPEN list. This represents the travel time from the start vertex of

12



3. Method

the search to a given node, and is used for the Dijkstra’s Algorithm node expansion
order (explained further in Section 2.1). This step is shown in Figure 3.5.

Figure 3.5: Indexing the wind data with the bearing angle between entry and exit
point.

After calculating the graph weights for all entry-exit point pairs and adding them to
the OPEN, we can continue running Djikstra’s Algorithm, repeating all aforemen-
tioned steps, and aquiring a path. Assume that the rightmost dot shown in Figure
3.6 is the goal node.

Figure 3.6: Example of a path calculated on a framed quadtree.

13
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3.4 Interpolation for Estimating Graph Weights

In this section, we present how we used interpolation to estimate graph weights while
crossing a bounding box. The interpolation function is divided into two methods:
calculate_tupled_path_cost and interpolate_node.

The calculate_tupled_path_cost method computes the cumulative cost and time
to traverse a given path segment along the frame of a bounding box based on wind
speed and direction data. It proceeds as follows:

1.
2.

3.
4.
d.

Loop through each pair of points in the path segment.

For each pair, fetch wind data and distance between nodes for the current
time step.

Compute the boat speed and the travel cost.
Accumulate the total cost along the path, updating the time.

When the path has been completed, return the accumulated weight and time.

The interpolate_node method interpolates the cost between an entry point and
an exit point on a frame. It starts by generating a path along the frame of the box
in north-south and east-west directions. The method follows these steps:

1.

6.

Slice the frame to acquire a path segment that traverses the frame from entry
to exit point.

. Tuple the path segment.

Calculate the bearing angle . This angle is used to calculate the maximum
boat speed for every pair of points along the segment. Use the bearing angle
to index the wind data (Figure 3.4b).

. Use calculate_tupled_path_cost to compute the cost for each path segment

(Figure 3.5).

. Aggregate the costs of the path segments, handling invalid paths by returning

a high cost. A path is considered invalid if the weight between two nodes is
00, caused by a boat speed being 0.

Return the final interpolated cost.

To avoid invalid paths where some boat speed along the line segment is 0, one can
assume a default boat speed that represents the calm-water speed of using an
auxiliary electric engine.

14
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3.5 The Actual Duration of a Path

The path generated by the algorithm relies on estimating the arrival time at each
point along the route. However, inaccuracies in these estimates can lead to the
vessel encountering different wind conditions than initially anticipated during plan-
ning, potentially resulting in deviations from the expected timeline and less accurate
routing.

Moreover, paths generated by interpolating across multiple resolutions may not be
spaced evenly at a .25x.25 resolution. To evaluate a path consisting of line segments,
we need to post-process it, stepping through each line segment at the highest reso-
lution possible and using the intermediate wind data on each line segment (Figure
3.7).

®----------
-
3

8’-----

Figure 3.7: Post-processing a path calculated on a framed quadtree in order to access
intermediate data on each line segment. The path time is calculated by stepping
though the points, starting at .

For both of these reasons, many evaluation metrics need to be reacquired during an
evaluation phase that involves systematically stepping through the data after the
path is generated.

The evaluation phase consists of the following steps:
1. Iterate through the pairs of consecutive coordinates along the calculated path.
2. For each pair of coordinates:
(a) Determine the line segment connecting the coordinates.
(b) Iterate through the coordinates along the line segment.
(¢) For each pair of consecutive coordinates a, b along the line segment:
i. Calculate the distance and bearing angle # between the coordinates.

ii. Retrieve the wind speed and direction for coordinate b from the wind
data for the current time.

iii. Calculate the boat speed based on the relative wind angle between
the wind direction and the bearing angle, as described in Section 3.2.
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iv. If the boat speed is below the calm-water engine speed, set the speed
to the calm-water speed for electric assistance and update the time
and distance spent with electric assistance.

v. Calculate the time required to travel the distance between the coor-
dinates based on the boat speed.

vi. Update the current time and append it to the list of path times.

3. Return the distance traversed with electric assistance, the list of path times,
the total distance traveled, and the distance traveled with electric assistance.

This procedure accounts for wind conditions at each point along the calculated
path, adjusting the boat’s speed accordingly. It assumes electric assistance when
the boat’s speed falls below the assumed calm-water speed. The output of the
procedure includes the actual time required to complete the path and the percentage
of distance traversed with electric assistance.
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Experimental Results

In this section, we present the outcomes of planning three routes with varying default
speeds and different levels of subdivision. Each path was initially planned on the
quadtree subdivided on border points (see Figure 3.1b). The quadtree was then
re-initialized with different maximum allowed bounding box sizes in each partition,
for example, a maximum side length of 444km. This means all bounding boxes are
subdivided until they have a side length which is less than 444km. The highest-
resolution quadtree had a bounding box size of 27km.

The first route stretches from Gothenburg to New York City, the second from
Gothenburg to Portugal, referred to as the “UK” path due to its passage through
the British Channel, and the third from Luanda to Tramandai, which we call the
“Brazil” path.

The paths were all planned using the same weather forecast, spanning 0 to 243 hours.
The actual recorded data spans 0 to 278 hours, and is used in a post-processing stage
to calculate the actual duration. This duration is acquired by stepping through
the forecast as described in Section 3.5. This is necessary because both interpolation
and forecast innacuracies may cause the expected path duration to be inaccurate.
The percentage of assisted kilometers (percentage of kilometers traveled using the
auxillary electric engine) was also calculated in the post-processing stage, using the
historical data.

Each path was planned using four default speeds that are multiples of 15 knots
(~7.72m/s). The 15 knot speed was chosen because CargoKite estimated that the
maximum calm water speed of their prototype vessel would be similar. All figures
that show the paths also depict a heatmap illustrating wind direction variance within
the bounding boxes in the partition. Colors closer to the bright-yellow end of the
spectrum correlate with higher variance, while darker purple colors correlate to low
variance. The variance is plotted for all timesteps in the dataset, and is not related
to the path planning algorithms entry or exit time in the bounding box.

All results were obtained on a computer with 48GB of RAM allocated to Windows
Sub-System for Linux (WSL), running on an Intel Core i7-13700K. WSL seemed to

limit CPU usage substantially, as it was never above 20%.

17



4. FExperimental Results

Gothenburg - New York, Max Allowed Node Size 444.0 km. Heat Map: Wind Direction Variance.

Figure 4.1: Gothenburg to New York, default speed 15 knots.

Gothenburg - New York, Max Allowed Node Size 55.5 km. Heat Map: Wind Direction Variance.

Figure 4.2: Gothenburg to New York, default speed 15 knots.
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Gothenburg - Gibraltar, Max Allowed Node Size 444.0 km. Heat Map: Wind Direction Variance.

Figure 4.3: Gothenburg - Gibraltar, default speed 15 knots.

Gothenburg - Gibraltar, Max Allowed Node Size 55.5 km. Heat Map: Wind Direction Variance.

Figure 4.4: Gothenburg - Gibraltar, default speed 15 knots.
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Luanda - Tramandai, Max Allowed Node Size 444.0 km. Heat Map: Wind Direction Variance.

Figure 4.5: Luanda - Tramandai, default speed 15 knots.

Luanda - Tramandai, Max Allowed Node Size 55.5 km. Heat Map: Wind Direction Variance.

Figure 4.6: Luanda - Tramandai, default speed 15 knots.
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4.1 Percentage of Assisted Distance

The following plots illustrate the
percentage of total path distance
covered with engine assistance across
three different routes. The paths
were planned on forecasted data and
then evaluated stepping though the
actual historical data.

We used four default speeds to
generate four paths for each start
and goal coordinate, each a multiple
of 15 knots. The 15-knot speed was
selected based on CargoKite’s
estimation that their vessel’s
maximum calm water speed would
be similar.

In Figure 4.7b, this speed yielded a
high percentage of assisted distance.
This could be due to wind speeds
being low in the area surrounding
the path. Therefore, we tested the
multiples .125, .25, .5 and .75
instead. Comparing these shows
more siginificant changes between
the lines since the path planner
tends to choose nodes based on wind
data more.
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Figure 4.7: Performance analysis for different paths: (a) GOT - NY path, (b) UK
path, (c) Brazil path. Evaluated at different default speeds.
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4.2 Expected and Actual Path Duration

The following plots describe how the

actual path duration deviates from
the expected path duration. The
expected path duration is the
duration that the algorithm
estimates using interpolation, while
the actual duration is calculated by
stepping through the path as
described in section 3.5.

The paths are all planned using the
same weather forecast, spanning 0 to
243 hours. The actual recorded data
spans 0 to 278 hours, and is used to
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Figure 4.8: Comparison of actual duration and expected duration for different paths:
(a) Gothenburg - New York, (b) UK path, (c¢) Brazil path.

4.3 Memory Consumption and Runtime

This section presents memory consumption and runtime plots for path generation
across various levels of quadtree subdivision. Memory usage is reported relative
to a baseline consumption of 1.022GB, which is the memory usage of the default
quadtree subdivided using border points, including 772.5MB of wind data (Figure
3.1Db).
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Figure 4.9: Runtime and memory comparison for different max bounding box sizes.
The default quadtree subdivided using border points used 1.022 GB of memory,
where 772.5 MB was allocated for the wind dataset (figure 3.1b). Note that the
quadtree is only subdivided locally around the path, according to an initial partition

by Djikstra’s Algorithm.
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4. FExperimental Results

The memory usage of the quadtree representing the entire ocean was recorded un-
der varying maximum bounding box sizes. The measurements were obtained after
initializing the quadtree according to Section 3.1, given different maximum allowed
bounding box sizes. Fach measurement includes the memory allocated by the wind
dataset and all frame nodes. Note that bounding boxes share frame nodes, which
can result in the same tuple of coordinates appearing up to four times. This happens
when a frame node is positioned on a corner of a bounding box.
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Figure 4.10: Quadtree memory usage for the entire ocean, subdivided to allow dif-
ferent maximum bounding box sizes.
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Conclusion

This chapter presents the concluding remarks and future research directions stem-
ming from the work presented in this paper. It is divided into the following sections.
Sections 5.1-5.2 provide an analysis and interpretation of the obtained results. Sec-
tion 5.3 suggests interesting approaches and potential avenues for future research. Fi-
nally, Section 5.4 provides concluding remarks, summarizing the key insights gained
from the preceding discussion.

5.1 Effects of Subdivision

Subdividing the bounding boxes further reveals more wind data that can be utilized
by the search algorithm, theoretically enabling interpolation to more accurately
estimate travel times. However, it is worth mentioning that the discrepancy between
expected path duration and actual path duration seems to rely more on the default
speed, as seen in Figures 4.8a - 4.8c.

While the increased resolution reveals more wind data, it also restricts the direction
of travel within each bounding box, thereby reducing the range of possible relative
boat orientations to the wind. Consequently, this limits the number of relative
wind angles that can be utilized. Ideally, we would like to have a continuous range
of heading angles for all bounding box sizes, similar to [11], as this increases the
algorithm’s ability to leverage the wind data effectively.

The number of assisted steps and the difference between the actual and expected
path duration do not seem to decrease significantly when we subdivide towards a
uniform grid, considering the higher default speeds. In some cases, they are actually
lower for bigger bounding box sizes (Figures 4.7a, 4.7b, 4.8a), but that may be due
to forecast inaccuracies and random chance rather than the increased heading angle
possibilities, requiring further testing to draw stronger conclusions.

Therefore, the interpolation seems to work as long as we assume a high default speed
and the surrounding wind isn’t too low (as observed in the UK path, Figures 4.7b,
4.8b), where the percentage of assisted steps was high. Additionally, according to
runtime results, we do save significant memory and runtime, suggesting that the
interpolation approach may be suitable in cases where computational resources are
limited, or if one were to handle a big fleet of vessels.
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Finally, while higher subdivisions generally improve the accuracy of duration estima-
tion and reduce the variance in wind direction, they also increase the computational
overhead and memory requirements of the algorithm. The interpolation algorithm
seems to introduce significant runtime overhead for large bounding boxes, but this
is reduced once the average bounding box size reduces to about 222-111km (Figures
4.9a - 4.9c). When we approach bounding box sizes close to the highest resolu-
tion where the path is planned on a uniform grid, the runtime increases again. We
think that it should be possible to vectorize the interpolation operation, reducing
the computational overhead observed for the bigger bounding box sizes.

The memory consumption significantly increases when subdividing towards the high-
est resolution, even if the quadtree is only subdivided locally around the path parti-
tion (Figures 4.9d - 4.9f). If one were to plan a similar path using this program on
a desktop computer with RAM over 16GB, this would not be a problem, although
planning many paths in parallel or longer paths might cause some runtime/memory
issues. In that case, running the path planning algorithms with a bigger bounding
box size may be a good tradeoff, since it seems to perform similarly in cases with
higher default speeds. Based on the data presented in Figure 4.10, significant mem-
ory savings could be achieved by increasing the bounding box size to twice its original
dimensions when approaching a uniform grid, particularly for larger partitions.

5.2 Default Boat Speed - Handling Assisted Steps

A dilemma arises regarding how to adjust the boat speed during assisted steps.
Assisted steps occur when the vessel arrives at a node at a specific time when the
wind conditions yield no boat speed or a speed below a certain threshold. There are
a couple of situations that can lead to this scenario:

1. Forecast vs. Actual Data Discrepancy: If the path is planned using
a weather forecast, but the evaluation phase utilizes actual recorded data,
discrepancies between the two data sources may arise.

2. Interpolation Across Lower Resolutions: When the path calculation is
not performed at the highest resolution of the data, and the path between
data points is approximated through interpolation, it is possible that a data
point at the given time step of traversal during the evaluation phase yields a
boat speed below the threshold.

If any of these scenarios occur, it can impact the entire path, as the vessel might
arrive later than calculated for subsequent nodes. Consequently, at that later time
step, the previously chosen node might no longer be the optimal choice.

To address this issue, a strategy must be implemented to handle assisted steps
during the planning phase. The approach employed for the presented results in the
paper assumes a static default boat speed when there is no wind provided by an
auxiliary electrical engine. This ensures that the vessel maintains a certain speed
and always progresses along the path. However, this approach is sensitive to specific
wind conditions; if wind speeds are generally low in the area, using the electrical
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engine is more beneficial. Hence, it is natural to introduce a limit on the distance
of the assisted steps, based on the vessel’s battery capabilities.

Alternatively, a more dynamic approach could be considered. Since the path is cal-
culated selecting the best nodes at specific time steps, adherence to the sequence
of time steps is equally important as the sequence of nodes in the calculated path.
Therefore, implementing a dynamic assisted speed that ensures the vessel arrives at
the nodes in the path according to the sequence of time steps. We may infer an
appropriate boat speed by looking at the mean or variance of boat speeds surround-
ing the vessel. Using an empirical model to limit the maximum boat speed based
on current wind conditions, similar to the approach used in [10] may also improve
interpolation accuracy. Currently it is assumed that the boat always reaches its
maximum calm water speed regardless of wind conditions.

Furthermore, another method could involve dynamically re-planning the path from
the current node, taking into account the updated wind conditions and arrival times.
This approach would allow for real-time adjustments to the route, ensuring that the
vessel follows the most optimal path based on the latest available information.

5.3 Future Work

This section explores potential future approaches to enhance the work presented in
this paper. We begin by detailing algorithms that could be applied on the search
space presented in the methodology (Subsection 5.3.1). Following this, suggestions
for both admissible and inadmissible domain-specific heuristics are provided in Sub-
section 5.3.2. These heuristics can guide the search process and discourage unwanted
behavior. Finally, Section 5.3.3 examines the possibility of incorporating additional
weather parameters.

5.3.1 Applicable Algorithms

Incremental re-planning algorithms have emerged as a method for path planning
in scenarios where path optimality can be impacted by dynamic changes in the
environment. These algorithms are able to adapt existing paths in response to
new data, sidestepping the need for exhaustive recalculations and thereby saving
computational resources [25], pg. 10. Notable examples of such algorithms include
Focussed Dynamic A* (D*) and D* Lite, widely employed in the domain of robotic
path planning [26] [27] [28]. A noteworthy evolution in this field surfaced in 2017
with the introduction of D* Extra Lite, a refined variant of D* that closely mirrors
the principles of A* while leveraging search-tree branch cutting techniques to reduce
complexity further [29].

The Multi-Resolution Field D* (MRD*) algorithm employs framed quadtrees to
represent the environment at varying resolutions based on proximity to the vessel
[12]. Areas closer to the vessel are represented at higher resolution, leveraging
accurate on-board sensor data and local models. Distant regions use lower resolution
due to forecast uncertainty. Adapting resolution based on proximity, enables precise
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near-term path planning using high-resolution data, while accounting for long-range
uncertainty with coarser representations. This aligns with the nature of weather
forecasts, which are more accurate for shorter time horizons. This method can be
used to create a more sophisticated subdivision process, rather than subdividing the
entire partition. Additionally, a metric related to the variance of the data could be
used to determine what bounding boxes to further subdivide.

Anytime algorithms are capable of quickly finding feasible sub-optimal solutions
within a time window. Examples include Anytime Repairing A* [30] and the Any-
time Window A* algorithm by Aine et al. [31]. These algorithms were developed for
scenarios where finding an initial solution fast and refining it is preferred, such as in
motion planning for robots in a static environment. However, they are not suitable
for dynamic environments as they cannot utilize prior search results and bounds on
sub-optimality may not hold if graph weights change.

Anytime Dynamic A* (ADA*) is an algorithm that both saves information from
previous searches and ensures bounds on sub-optimality hold in a dynamic envi-
ronment [32]. However, sometimes it can be more computationally expensive to
repair the previous solution as opposed to replanning from scratch, particularly in
high-dimensional spaces [25].

5.3.2 Heuristics

All of the aforementioned re-planning algorithms share a common feature as they rely
on a heuristic function. Measuring the Fuclidean distance from a given node to the
goal is a trivial A* heuristic. However, determining an appropriate domain-specific
heuristic or algorithm parameters for path planning is a nontrivial problem, and
in some cases, randomization has been employed to address this [33]. Additionally,
designing a single heuristic function to represent a multi-dimensional problem can be
demanding. In a 2016 paper by Aine et al., Multi-Heuristic A* (MHA*) is introduced
to allow the design of multiple heuristics that are useful in different situations in
order to guide the search towards the goal [34].

While Euclidean distance is effective in open environments, this approach becomes
less efficient when dealing with maps containing large obstacle regions. In such
scenarios, the optimal path often needs to circumvent around obstacles, unless the
goal is directly in line-of-sight. To address this limitation, Shah et. al. developed
a heuristic that leverages the necessity of passing through corners of obstacles ob-
structing the straight line path to the goal [9]. This heuristic is particularly useful
in complex maritime environments characterized by large landmasses.

Here are some suggested approaches for domain-specific heuristic functions:

o Maximum Speed Heuristic (Admissible): By considering the maximum
possible speed of the boat, an admissible heuristic can be created by dividing
the distance between the current node and the goal by this maximum speed.
This ensures that the heuristic does not overestimate the cost to reach the
goal.
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« Land Heuristics (Admissible/Inadmissible): Similar to the approach pro-
posed by Shah et al. [9], these heuristics account for the presence of large land
masses or island groups obstructing the straight-line path to the goal. They
can help guide the search towards navigating around such obstacles more ef-
fectively.

« Wind Pattern Heuristics (Inadmissible): Utilize historical wind data to
identify areas that are prone to high or low wind conditions on average. Guides
the search towards regions that are more likely to have favorable wind condi-
tions, such as seasonal monsoon winds or passage winds.

+ Ocean Current Heuristics (Inadmissible): Use the direction and speed of
ocean currents at the current position, as well as the relative angle towards
the goal position to guide towards an area with less impeding currents.

» Obstacle Heuristics (Inadmissible): Kambhampati et al. proposed two in-
admissible heuristics for quadtrees. These heuristics considers the number of
obstacles intersecting the straight-line path between the current node and the
goal, as well as the total area of these obstacles.

Combining these heuristics, particularly within a framework like Multi-Heuristic
A* (MHA*) [34], could yield more informed search guidance and improved path
planning performance. This can be done without sacrificing optimality because of
the use of an admissible heuristic in combination with the inadmissible ones.

5.3.3 Introducing More Weather Parameters

Another critical weather parameter influencing a vessel’s speed is ocean currents. In
contrast to the high variability observed in wind patterns, ocean currents generally
exhibit more consistent behavior and lower variability over sizeable ocean territories
[35]. This characteristic allows for accurate representation of ocean current data
within larger bounding boxes. Integrating ocean current data into the existing sys-
tem is a straightforward process. By incorporating ocean currents as an additional
data layer, the model’s accuracy and the quality of the calculated paths will be
improved.
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5.4 Conclusion

In conclusion, this paper has examined the practical implications of using a framed
quadtree for long-distance path planning on the open sea. An interpolation method
utilizing the frames of each bounding box was tested and evaluated in the context
of wind-powered vessels similar to the one proposed by CargoKite.

The results indicate that the number of assisted steps and the difference between
the actual and expected path duration do not significantly decrease with finer sub-
divisions toward a uniform grid. In some cases, these metrics are even lower for
larger bounding box sizes, possibly due to forecast inaccuracies and random chance,
suggesting that further testing is required. Therefore, the interpolation method ap-
pears to be effective as long as we assume a higher default speed and the wind speed
in the local area isn’t too low, resulting in a high number of assisted steps.

Given that interpolation heavily depends on a default calm-water speed provided by
an auxiliary electric engine, it is crucial to determine an appropriate method for se-
lecting this speed during the path planning process. The choice of default boat speed
also impacts accuracy, with higher speeds increasing assisted kilometers and lower
speeds potentially overestimating travel times due to interpolation inaccuracies.

Additionally, the results show significant memory and runtime savings using the
framed quadtree approach, with the optimal trade-off between memory and runtime
occurring at a bounding box size of 222-111km. While the memory savings may not
be crucial if one were to plan singular, comparably long paths on a computer with
ample RAM, managing a fleet of vessels or planning a path with many intermediate
ports could result in substantial runtime and memory savings.

Future research could explore integrating additional weather data, such as ocean
currents, and developing a model to adjust the calm-water speed based on current
wind conditions. The framed quadtree approach could be even more suitable for
ocean currents, given that they can be assumed to be more homogeneous than
wind patterns. To improve runtime and reduce inaccuracies caused by forecast
deviations, ideas from Multi-Resolution Field D* [12] could be integrated, using
higher resolutions near the vessel to leverage accurate local data while accounting
for long-range forecast uncertainty with coarser representations farther away. To
minimize errors because of forecast deviations it is beneficial to re-plan, building
upon the previously calculated path as as soon as a new forecast is obtained.

In summary, the framed quadtree approach shows promise for long-distance au-
tonomous maritime navigation, particularly for wind-powered vessels. Future work
should focus on refining default speed selection, incorporating additional weather
data, and further optimizing the quadtree framework to improve efficiency and ro-
bustness in real-world maritime applications.
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