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ABSTRACT
This paper proposes a framework for helicopter contour flight planning. To automate low altitude flight, a method
for reliable path planning is essential. This work introduces a framework that yields trajectories while aiming for
continuous control input. Several metrics based on terrain and land-use data can be taken into consideration, based
on which a hierarchical planner is employed. A coarse euclidean planner assures a globally optimized waypoint list,
followed by a highly modified Vector Field Histogram algorithm which generates a flyable trajectory. The framework
has been proven to produce satisfactory results using real-world data, showing significant path cost improvement when
compared to a purely local planning approach. Furthermore, it has been validated, that the generated trajectories can
be followed by the path following controllers deployed in the DLR’s research simulator.

NOTATION

VFH Vector Field Histogram
ACT/FHS Active Control Technology / Flying

Helicopter Simulator
AVES Air Vehicle Simulator
BIT* Batch Informed Trees
CM Command Model
DTM Digital Terrain Model
DSM Digital Surface Model
OMPL Open Motion Planning Library
OSM Open Street Map
PID proportional-integral-derivative
PRM Probabilistic Roadmaps
ROC Rate of Climb
SRTM1 Shuttle Radar Topography Mission with

1 Arc-Second Resolution
TVFH Terrain Vector Field Histogram
UTM Universal Transverse Mercator

𝑐 Cost factor
𝐶 Spring stiffness
𝑑 Distance
𝐷 Damping factor
ℎ Height
𝐼 Inertia
𝑘 Index of angular sector
𝐾 Number of angular sectors
𝑀 Torque
𝑣 Velocity
𝑤 Radius of the active window
𝑟𝑐 Curve radius
𝛼 Angle of angular sector
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𝛽 Angle of map tile in the global coordinate frame
𝛾 Climb angle
𝜙 Bank angle
𝜒 Heading

INTRODUCTION

During military helicopter missions, flight close to terrain
might become necessary when hostile detection must be
avoided, e.g. during medical evacuation, or to deploy troops.
In literature, differing and even contradictory definitions of
low altitude flight can be found (Refs. 1,2). This work follows
the classification of (Ref. 2). They follow the US-army train-
ing circular TC-1-15 and categorize low altitude flight into
three classes: Low level flight, defined by constant altitude
and constant speed, is recommended to travel long distances
with reduced risk of detection. Contour flight is characterized
by following the rough outlines of the terrain, while maintain-
ing constant velocity. Finally, during nap-of-the-earth flight
altitude and velocity are altered to allow flight as close to the
ground as possible.
One step towards automation of low altitude flight missions
is a path planning framework that yields a flyable trajectory
from the start to the goal of the mission, optimized concerning
multiple criteria, e.g. with regard to visibility.

Research concerning path planning for low-altitude flight for
rotorcraft dates back to the 1980s. In (Ref. 3) Menon et al.
propose to use optimal control theory to create nap-of-the-
earth trajectories. Using the helicopter’s heading and speed as
control variables and optimizing with regard to terrain masking
and flight time, optimal trajectories are calculated based on
arbitrary initial conditions.
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Several researchers have investigated low altitude flight in the
context of local planning. Mentionable research comes from
Johnson and his colleagues. They have compared different
methods for online guidance for nap-of-the-earth flight: a ver-
tical method to create a suitable height profile, artificial poten-
tial fields and utilization of motion primitives. The methods
have been examined in simulation and tested in flight (Ref. 4).
Dikarew has proposed model predictive collision avoidance,
projecting the trajectories from discretely sampled control in-
puts, choosing the one with the least cost (Refs. 5, 6).
Goerzen et al. contributed in several publications to the field
of path planning for low altitude helicopter flight. They use an
A*-like search on a sensor based three-dimensional risk map
to generate a heading and velocity command. Continuously,
the risk map is updated using LADAR sensor data and the
path is recalculated (Ref. 7). They were able to demonstrate
the system during flight tests on an EH-60L as well as the RAS-
CAL JUH-60A. In recent work they integrated a hierarchical
planning approach by adding an additional layer of long-term
planning to guide the existing one (Ref. 8).
This work also presents a framework for low altitude path
planning, more precisely for contour flight planning. After
preprocessing the planning basis, it employs a hierarchical
planner, consisting of a euclidean global planner and a modi-
fied Vector Field Histogram (VFH) algorithm. VFH is a local,
reflexive path planning algorithm, that maps the nearby envi-
ronment onto a polar histogram and chooses the obstacle-free
direction closest to the current goal. The vehicle moves in the
determined direction and the process repeats (Ref. 9). VFH+
has been enhanced to further consider approximate vehicle dy-
namics, by masking directions based on the vehicle’s assumed
trajectories (Ref. 10). Finally, VFH* combines the method
with an A* search optimizing the planner output for several
consecutive time steps (Ref. 11). A three-dimensional variant
of VFH has been introduced by (Ref. 12). Here, the possible
directions are mapped to a sphere. For better performance a
quad tree is used.
Previous work has implemented VFH for rotorcraft: (Ref. 13)
has implemented it for UAV obstacle avoidance and Jin et al.
propose a framework for autonomous low altitude helicopter
flight, using 3D-VFH for obstacle avoidance (Ref. 14). In
this work however, assuming that we do not want to pass be-
low obstacles, a 2.5-D variant suffices. Thus, Terrain Vector
Field Histogram (TVFH) is introduced. Furthermore, in order
to guide the purely local VFH algorithm, a global planner is
used. Ma et al. have already demonstrated a hybrid navigation
scheme, using VFH as a local obstacle avoidance, while using
A* for global planning (Ref. 15). Expanding on this idea, in
this work VFH is already used while planning offline, allowing
for more relaxed safety margins during global planning.
The following paper is structured as follows: The next sections
provide insight in the different planning steps: These are the
data preprocessing, global path planning and local path plan-
ning. For local path planning, the method presented in this
paper is explicitly compared to the original VFH algorithm
found in literature. Paths generated by the framework at hand
are discussed and compared to purely globally planned paths.

Finally, a short conclusion and suggestions for further work
are given.

DATA PREPROCESSING

The path planner requires information about the objective, i.e.
the destination or specific waypoints it should navigate to, but
also about the constraints, i.e. the locations to avoid. The most
obvious constraints are, of course, terrain and obstacles. Those
can be referred to as “hard constraints”. In simple words, hard
constraints are non-negotiable, because a violation of those
would lead to a collision. These must be respected under any
circumstance. But, purely terrain-based planning might not be
sufficient for low-level operations. Therefore, another class of
constraints needs to be defined, the “soft constraints”; Rules
or strategical knowledge to be considered in the planning. For
example, the helicopter should stay away from populated areas,
cross power lines at the poles, climb hillsides transversely, et
cetera.

The path planning is supposed to deliver an optimal mission
trajectory derived from a priori knowledge. It can also be used
to re-plan a mission during flight when the tactical situation
changes. However, for sudden changes in the nearby environ-
ment, i.e. new obstacles detected by onboard sensors or other
threats like enemy fire, the aforementioned model predictive
collision avoidance will guide the helicopter (Refs. 5, 6).

As basis for the planner a Digital Surface Model (DSM) is
needed. In our case this data was generated as pseudo DSM
by a combination of a Digital Terrain Model (DTM) and Open
Street Map (OSM) data. For the DTM the Shuttle Radar To-
pography Mission with 1 Arc-Second Resolution (SRTM1)
with approximately 30 m lateral resolution and one meter
height resolution was used. Forests, trees, obstacles, and urban
areas were added either with the OSM height where available
or with a constant offset. To provide an euclidean map the data
was projected to Universal Transverse Mercator (UTM) raster.
This data serves as the hard constraints for the planning.

As additional costs some soft constraints were generated. The
results presented in this paper used urban areas from OSM as
areas to avoid and a modified viewshed analysis that delivers
the ratio of raster points that are in the line-of-sight of the
target raster plus 50 ft, the helicopter’s nominal height above
ground. It is called terrain protection map. This map is
not optimized yet, but already provides a very good risk map
for strategical planning. It is envisaged to also use the type
of terrain, i.e. agricultural, urban or forest area, as weighted
cost of visibility. Due to the computational cost the range of
the modified viewshed was limited to 5 km radius (see figure
1). The effect of using DSM instead of DTM for the terrain
protection can also be seen in figure 1. This effect enables the
planner to find a routing alongside of forests to add natural
protection to the path. The constraints described above are
sufficient for testing but not complete. Other risks will be
added to the map iteratively over time.

The OSM data of urban areas were modified as well. The
geographical region of the test area is rurally populated with
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many very small settlements or standalone buildings. Addi-
tionally, the resulting polygons need to be rasterized to the
corresponding UTM grid. In a first step the polygons were
grown by some extent to eliminate the fact that some OSM
data of urban areas exclude streets providing numerous very
small polygons for one village. Thereafter, the polygons were
combined and shrunken again. The data was than split into two
groups – small villages and standalone buildings on the one
hand and larger settlements on the other hand. Both groups
receive additional safety areas – adequate and desired distance
(see figure 2). For villages these distances are 30 m and 60 m,
for the others 200 m and 400 m. This was necessary because
of the mentioned rural population. Otherwise, appointing the
same safety area to the small settlements would flood the risk
map. During planning, the encoded semantics, i.e. certain
combinations thereof, are mapped to a single cost value.

Figure 1. Processed data - protection from terrain
Left: Natural protection generated by a viewshed-algorithm from DTM (nor-
malized: red=1, full protection, blue=0, fully visible)
Center: Satellite view by Google Maps of the same region
Right: Natural protection generated by a viewshed-algorithm from pseudo
DSM (normalized: red=1, full protection, blue=0, fully visible)

Figure 2. Processed data - avoiding settlements
Left: Semantic map of urban areas with safety distance (green) for small
villages (red) and larger settlements (blue)
Right: Satellite view by Google Maps of the same region

PATH PLANNING

In path planning, challenges arise when paths for vehicles
with complex dynamics need to be planned. To estimate the
vehicle’s path, its dynamics, i.e. as an approximation, its kine-
matics can be directly included into the global path planner
e.g. by using Dubin’s paths (Ref. 16). Alternatively, the
globally planned path can be smoothed in a second step, for
example by using splines (Ref. 17). Since the smoothed path

differs from the original one, sufficient safety margins need to
be considered during global planning, to guarantee feasibility
after smoothing.

The path planning algorithm used in this work separates global
and local path planning. Similar to (Ref. 8) a hierarchical plan-
ning approach is employed. Precisely, it combines a reflexive
VFH-based local planner with a global path planning algo-
rithm, in this case a Batch Informed Trees (BIT*)-algorithm.
The global planner yields a coarse, however globally opti-
mized, polygon course. The path is then smoothed by the
local planning algorithm by letting a helicopter model move
along said waypoints, thus creating a trajectory with mostly
steady control input. Since the VFH-algorithm also avoids ob-
stacles, the safety margin of the global planner can be reduced.
The global and local algorithms will be touched upon in the
subsequent paragraphs.

Helicopter Model

The framework proposed by this work requires a stabilized
helicopter with decoupled axis as foundation. Here, the
Command Model (CM) of the DLR’s research helicopter
Active Control Technology / Flying Helicopter Simulator
(ACT/FHS), a highly modified EC135, is used (Ref. 5). In re-
cent work, it has been compared to a non-linear simulation of
the same helicopter, proving its validity (Ref. 6). This model
reflects the helicopter’s closed-loop dynamics, with attitude
command and attitude hold for the cyclic inputs and rate com-
mand and height hold for the collective. This allows for three
separate controllers for local planning: the longitudinal cyclic
input controls the velocity, the lateral cyclic input controls the
heading and the collective controls the Rate of Climb (ROC),
derived from the climb angle. Pedals are implicitly utilized
during turn coordination. The CM already features attitude
control, attitude hold controllers for the roll and pitch axis.
Thus, for the longitudinal cyclic input, a simple proportional
controller suffices. Since for a coordinated turn the yaw rate
increases with the bank angle, for the lateral cyclic input a
proportional controller with rate damping is used. For the
collective input, theCM displays the behavior of a heave rate
controller with height hold. To account for stationary control
error, a full proportional-integral-derivative (PID)-controller
with additional anti-wind up is employed.

Since the ROC is solely controlled via the collective, the ROC
is assumed to be the limiting path parameter, resulting from a
maximum acceptable rotor torque and a maximum available
engine power. While in further iterations of this work the
maximum ROC shall be approximated by a model e.g. based
on the helicopters power curve, in this paper a fixed value is
specified as flight path angle constraint.

Global Path Planning

Globally, a path planning algorithm is employed that plans a
feasible path from the start position to a single goal, while
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optimizing with respect to the given cost function. A three-
dimensional, euclidean state space is used, while only enforc-
ing minimal constraints. This allows for a computationally
cheap distance function and edge interpolation.

In this work a BIT*-algorithm (Ref. 18) is used. Simplified,
this algorithm works by batch-wise sampling in the given state
space and building a search tree based on the resulting implicit
graph. Once the goal vertex is included in the search tree,
i.e. an initial solution has been found, the algorithm keeps
improving the path by refining the graph. This is done by
informed sampling, either directly or by rejection sampling,
thus reducing the search space to only consider samples, that
can possibly improve the solution. The algorithm stops once
the termination condition (e.g. a given planning time) is
reached, yielding the best solution found so far.

As a path planning framework and for the basic BIT* al-
gorithm implementation, the Open Motion Planning Library
(OMPL) (Ref. 19) is utilized. Samplers, optimization objec-
tives and validation functions, as well as modifications to the
algorithm itself are implemented to adapt to the given problem
and discussed in the subsequent paragraphs.

Since our objective is to plan for contour flight, a validation
function has been implemented to ensure that all states and
edges are located inside a specified height envelope above the
terrain. For the lower bound of this envelope, a safety margin
can be specified, thus also guaranteeing that each state is colli-
sion free. It has shown that overall better planning results can
be achieved with looser constraints regarding the upper bound
of the envelope, since this allows to traverse steeper edges in
the terrain and to travel over narrow valleys. This of course
leads to locally increased visibility but may result in an over-
all better solution. To reduce non-viable samples and edges,
the sampling along the z-axis is restricted to only throw new
samples inside the viable envelope. The informed sampling
of the BIT*-algorithm is adapted accordingly. It is restricted
to the 𝑋𝑌 -plane, respectively using a two-dimensional hyper-
spheroid, i.e. an ellipsis, to determine the area where new
samples can be generated. For better performance, collision-
checking is done by checking discrete states interpolated along
a given edge with configurable resolution. Furthermore, to
account for the helicopter’s power, edges with climb angles
corresponding to a non-feasible ROC are discarded.

The path is optimized concerning multiple objectives. Besides
its length, the cost function also considers the path’s overall
visibility, the costs resulting from the semantic map, i.e. the
costs from traversing different terrain types, and its height
over ground compared to a reference, to encourage flight at
the specified height band. Thus, the cost of an edge can be
expressed by equation 1.

costedge =

∫
𝑆

𝑑𝑠

+ 𝑐vis

∫
𝑆

(
(1+ 𝑐vis,ℎmax(ℎ(𝑠) − ℎref,0)) · costvis (𝑠)

)2
𝑑𝑠

+ 𝑐sem

∫
𝑆

costsem (𝑠)𝑑𝑠

+ 𝑐height

∫
𝑆

|ℎ(𝑠) − ℎref |𝑑𝑠

(1)

The edge’s length 𝑆 is denoted by the first term of equation
1. The additional costs are weighted by 𝑐vis, 𝑐sem, 𝑐height, for
the costs introduced by the visibility, the semantics, and the
height over ground respectively. The ∗̃ is implying, that these
factors are used for global planning. Those factors can be
thought of as the additional distance one is willing to travel
in order to avoid one unit of the associated costs. The cost of
visibility and the semantic features is derived by querying the
corresponding tile of the prior calculated maps. As described
above, the viewshed map is calculated assuming a constant
height over ground of 𝑧ref. To account for higher visibility in
heights exceeding 𝑧ref, a linear increase in cost is modeled,
scaled by 𝑐vis,ℎ. To especially discourage traversing highly
visible areas, the corresponding term is squared. Similar to
collision checking, the function is approximated by summing
up the cost of discrete, interpolated points.

Since the risk maps are discrete and unstructured, only the
path length is used as heuristics to make sure that the true cost
of the path is never overestimated.

During testing, it showed that the algorithm tends to plan
paths with acute angles between edges to pass elevations in a
serpentine like fashion to adhere to the maximum climb angle.
The local planner was not able to follow these waypoints due to
the helicopter’s minimum turn radius, leading to large detours
or even non-viable paths during the second planning step. To
overcome this behavior, a tree insertion condition has been
implemented (see figure 3): If a vertex is to be inserted from
the implicit graph into the search tree, it is first verified that
the resulting angle between the new edge and its parent edge
𝛼𝑝 does not exceed a specified maximum value. Otherwise,
the edge is not inserted. If the vertex is already contained in
the search tree, i.e. if a rewiring is happening, additionally it is
checked whether the relative angle, between the edge formed
by itself and its parent and all the edges defined by its child
vertices and itself 𝛼𝑐 are permitted.

Once the planner has terminated and a solution to the plan-
ning problem has been found, the waypoint-list is scanned for
shortcuts. Here, any feasible connection between two way-
points, skipping at least one other waypoint in between and
reducing the path’s cost is considered a shortcut. This is real-
ized by systematically evaluating for every waypoint, if it can
form a shortcut with any succeeding waypoint. Intermediate
waypoints are discarded.

Finally, the path is interpolated, resulting in a waypoint list
with constant distance between the points.
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𝛼𝑝

𝛼𝑝

𝛼𝑐,1
𝛼𝑐,2

Figure 3. Tree insertion condition
Vertex A shall be inserted into the search tree; on the left for the first time,
on the right again, as rewiring. The vertex is only inserted if the angle to its
parent edge 𝛼𝑝 , as well as the angles to all its children 𝛼𝑐 are suitable.

Local Path Planning

Based on the output of the global planner, a flyable trajectory
is generated and locally optimized. The algorithm follows the
terrain by mapping the climb angles needed to pass over nearby
terrain to a polar representation. The following subsection
describes and discusses the used algorithm.

Terrain Vector Field Histogram During local planning, the
trajectory is generated by employment of a highly modified
VFH-algorithm (Refs. 9, 10). The subsequent paragraphs
describe the process of the original VFH+ algorithm and
highlight the differences implemented to adapt to the prob-
lem of contour flight planning. For better differentiation, the
modified algorithm shall be called Terrain Vector Field His-
togram (TVFH)+. The different steps are visualized in figure
5.

In the first step in the original VFH, a circular area around the
vehicle, the active window with radius 𝑤 is considered. The
active window is partitioned into 𝐾 segments of angle 𝛼 =

2𝜋/𝐾 . The algorithm works on a two-dimensional obstacle
map. Depending on its distance to the vehicle and a certainty
measure (e.g. accounting for the number of sensor points
in a given tile), each tile of the obstacle map is assigned a
value. The sum over all tile-values contained in an angular
sector represents this sector’s obstacle density. To account for
the vehicle’s width, the obstacles are circularly inflated. The
process results in the primary polar histogram, mapping the
obstacle distribution in the active window to a one dimensional
polar representation around the vehicle.
Since this work accounts for helicopter contour flight, it shall
be assumed that all points of the height map can be passed over.
Thus, an "obstacle" is defined as an elevation the helicopter
can not traverse without exceeding the maximum climb angle,
i.e. the maximum flight path angle at the given speed. Instead
of calculating the obstacle density, the algorithm introduced by
this works maps the minimum climb angle needed to traverse a
given direction to the corresponding angular segment, creating
a polar climb angle histogram. The flight path angle 𝛾𝑘 of one

sector 𝑘 is defined as the maximum climb angle of all cells
contained:

𝛾𝑘 = max
(
arctan

ℎ (𝑖, 𝑗) ,𝑘 + ℎsafety

𝑑 (𝑖, 𝑗) ,𝑘 − 𝑟safety

)
(2)

The index (𝑖, 𝑗), 𝑘 denotes the position of a tile in the elevation
map, contained in the angular sector 𝑘 . As seen in figure 4,
each tile is inflated by a safety radius 𝑟safety. 𝑑 (𝑖, 𝑗) ,𝑘 is the dis-
tance from the tile to the helicopter and ℎ (𝑖, 𝑗) ,𝑘 is the elevation
of the tile. As implicated in figure 4, a tile is considered to be
contained in the angular sector 𝑘 , if the following condition is
true:

𝑘 ·𝛼 ∈
[
𝛽𝑖, 𝑗 − 𝛽safety, (𝑖, 𝑗) , 𝛽𝑖, 𝑗 + 𝛽safety, (𝑖, 𝑗)

]
∨

𝛽𝑖, 𝑗 − 𝛽safety, (𝑖, 𝑗) ∈ [𝑘 ·𝛼−𝛼/2, 𝑘 ·𝛼+𝛼/2] ∨
𝛽𝑖, 𝑗 + 𝛽safety, (𝑖, 𝑗) ∈ [𝑘 ·𝛼−𝛼/2, 𝑘 ·𝛼+𝛼/2]

With 𝛽𝑖, 𝑗 being the azimuth of the grid cell in the global co-
ordinate frame and 𝛽safety, (𝑖, 𝑗) = arcsin( 𝑑𝑖, 𝑗

𝑟safety
) being the angle

enlargement due to the safety radius 𝑟safety. A vertical safety
margin is realized, by adding a safety distance ℎsafety. Assum-
ing coordinated turns with at least the minimum turn radius,
the sections being immediately to the left or right to the he-
licopter can be ignored. To take this into account, the height
map is truncated at a given radius for all cells exceeding a
specified angular distance relative to the current heading, as
seen in figure 4.
In the second and third step, VFH+ generates the binary po-
lar histogram, and the masked binary polar histogram. The
binary polar histogram indicates whether an angular sector is
traversable during the next time step. It is derived by check-
ing if the obstacle density from the primary polar histogram
exceeds a specified value. To account for the vehicle’s dy-
namics, the binary polar histogram is masked subsequently:
The vehicle’s path is approximated by arc segments. If the
vehicle needs to pass through an obstacle in order to move to-
wards a valid direction, this direction is blocked as well. This
process results in masking all otherwise feasible directions of
the binary polar histogram, if they cannot be reached without
passing through an obstacle, yielding themasked binary polar
histogram.
For TVFH+ these two steps are reversed: First the climb an-
gles are masked, creating the masked polar climb angles, then
the binary polar histogram is determined, by comparing the
climb angles to the maximum feasible climb angle. The orig-
inal VFH+ assumes a constant turning radius and declares
obstacles that lie within the circles described by the vehicle’s
approximated trajectory as blocking. This approach works
well for mobile vehicles with a fixed turn radius. However,
since the turn radius of the helicopter cannot be assumed to be
constant, the approach is modified. The helicopter is assumed
to use coordinated turns, thus the trajectory is assumed to fol-
low a circular arc. A lower bound is given by the minimum
turn radius 𝑟𝑐 = 𝑣2

tan 𝜙 𝑔 , with 𝑣 denoting the velocity, 𝜙 de-
noting the maximum bank angle and 𝑔 being the gravitational
constant. However, considering the dynamics of the helicopter
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𝛽 saf
ety
, (𝑖
, 𝑗
)

𝛽𝑖, 𝑗

𝑑 𝑖,
𝑗

𝑟safety

𝛼

𝑘𝛼

𝛽𝑔,ℎ

Δ𝛽

𝑟
𝑐,min

𝑟𝑐, (𝑔,ℎ
)

𝑟𝑐, (𝑔,ℎ)

𝑑
(𝑔
,ℎ)

𝑘̄ 𝛼

𝜒

Figure 4. Active window, obstacle and approximated dy-
namics
Top: To the right the active window segmented in angular sectors of 𝛼 is dis-
played. The tile with index 𝑖, 𝑗 of the elevation map is shown as an example.
Inflating it with 𝑟safety results in 𝛽safety, (𝑖, 𝑗) .
To the left the tile with index 𝑔, ℎ is shown. It is located between the arcs
described by the maximum and the minimum turn radius. The corresponding
turn radius 𝑟𝑐, (𝑔,ℎ) can be derived, by applying the law of cosines. Note that
for better readability, the left and right are separated, while actually the active
window describes a full circle and the turn radius also considers right turns.
Bottom: Elevation map masked by the active window. The helicopter’s
heading is implied by the purple line. The area close to the helicopter’s sides
and rear are omitted, since they cannot be reached following the approximated
dynamics.

model, e.g. roll-ins and roll-outs, as well as the behavior of
the employed controller, the radius of the resulting arc might
exceed the just described lower bound. To compensate for the
helicopter’s dynamics, also an upper bound is defined. All
radii in between the lower and the upper bound are deemed re-
alistic and thus cells intersecting them might potentially mask
the path. Recalling that the heading command is translated
into a proportional controller error and an attitude controller is
used, greater changes in the heading result in smaller arc radii.
In other words, due to the controller employed, great heading
changes result in a small turning radius and vice versa. To
approximate this behavior, the upper bound of the assumed
turn radius is modeled to decrease linearly with increasing arc
angle: 𝑟𝑐,max = (𝑟𝑐,max,0− 𝑟𝑐,min) (1− Δ𝛽

𝜋/2 ) + 𝑟𝑐,min.
Using the law of cosines, for a given cell 𝑖, 𝑗 the corresponding
arc radius can be expressed by equation 3.

𝑟𝑐, (𝑖, 𝑗) =
𝑑𝑖, 𝑗√︁

2(1− cosΔ𝛽𝑖, 𝑗 )
(3)

Here, Δ𝛽𝑖, 𝑗 = 2 · |𝛽− 𝜒 | is the angle traveled along the arc and
𝜒 is the current heading. Figure 4 shows the approximated
helicopter dynamics.

As seen in equation 4, the masking climb angle is calculated,
considering the distance travelled along the corresponding arc,
with Δ𝛽𝑖, 𝑗 · 𝑟𝑐, (𝑖, 𝑗) denoting the distance from a tile contained
in sector 𝑘̄ along the minimum turn radius and 𝑘̄ denoting the
angular sector corresponding to the resulting angle 𝜒+Δ𝛽𝑖, 𝑗 .

𝛾mask, 𝑘̄ = max
(
arctan

ℎ (𝑖, 𝑗) , 𝑘̄ + ℎsafety

Δ𝛽𝑖, 𝑗 · 𝑟𝑐, (𝑖, 𝑗) − 𝑟safety

)
(4)

Starting from the sector containing the current ground track
𝑘𝜒, and simultaneously marching to the left and the right (see
algorithm 1, lines 3-4): If the climb angle 𝛾𝑘 of the current
sector 𝑘 is less than the corresponding climb angle considering
the arc 𝛾mask,𝑘 , 𝛾𝑘 is replaced by 𝛾mask,𝑘 and all subsequent
climb angles are set to be at least 𝛾mask,𝑘 (see algorithm 1,
lines 5-8).

Algorithm 1 Masking the polar climb angles
Require: 𝜒, 𝛾mask, 𝛾 ⊲ 𝜒 being the current heading

1: 𝑖← 1
2: while 𝑖 < 𝐾

2 do
3: 𝑘𝑙← 𝑘𝜒 + 𝑖
4: 𝑘𝑟 ← 𝑘𝜒 − 𝑖
5: 𝛾mask,𝑘𝑙 ←max(𝛾mask,𝑘𝑙 , 𝛾mask,𝑘𝑙−1)
6: 𝛾mask,𝑘𝑟 ←max(𝛾mask,𝑘𝑟 , 𝛾mask,𝑘𝑟+1)
7: 𝛾𝑘𝑙 ←max(𝛾𝑘𝑙 , 𝛾mask,𝑘𝑙−1)
8: 𝛾𝑘𝑟 ←max(𝛾𝑘𝑟 , 𝛾mask,𝑘𝑟+1)
9: 𝑖← 𝑖 +1

10: end while

In short, it is assured that the minimum climb angle corre-
sponding to a direction also considers the minimum climb an-
gle needed to fly an arc towards this direction. Consequently,
also making the resulting binary polar histogram a masked
binary polar histogram.

Finally, VFH+ determines the next direction to move towards:
First feasible candidate directions are determined, based on
the openings in the polar binary histogram. If the direction
towards the goal is feasible, the vehicle is moved directly to-
wards the goal, otherwise a feasible candidate direction is
chosen based on a cost function. The lateral and vertical target
directions are then fed to the helicopter-model as target values
for the employed controllers.
In this work, in the lateral plane, all feasible directions are
considered as candidate directions, allowing for more com-
plex cost functions. The simplest cost function to use is the
angular distance between the goal direction and the current
heading costgoal =

��𝛼− 𝜒goal
��. The target direction, 𝜒target for

the current step is the direction corresponding to the angular
sector with the lowest cost. Additionally, the goal direction
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itself is considered explicitly. As soon as a certain distance to
the goal is undercut, the cost function is set to only consider the
direction towards the goal. This is done to assure that the goal
is reached with satisfactory deviation. In the vertical plane, the
climb angle is chosen by 𝛾target = max(𝛾𝑘goal , 𝛾goal): If feasible,
the helicopter is steered directly towards the goal, otherwise it
follows the contour. The local planner terminates, as soon as
the goal has been reached with satisfactory deviation.
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Figure 5. TVFH+: Determination of traversable direc-
tions
Based on the surrounding terrain(red, heatmap), the climb angle necessary to
pass over it is calculated in every direction (turquoise surface) and masked
(blue surface) based on simplified vehicle dynamics (white paths). A direction
is marked as non-traversable (’halo’, red) if the calculated climb angle exceeds
the maximum legal climb angle, otherwise it is marked as traversable(’halo’,
green).
The upper plot displays the polar climb angles in red and the masked polar
climb angles in blue respectively. The lower plot indicates wether a direction
is blocked (1) or traversable (0). Note, that the plots are relative to a global
coordinate system and not to the current heading.

Note, due to the purely local property of the algorithm, the
vehicle might navigate into concave obstacle arrangements
and not find a feasible direction to steer towards. To circum-
vent these situations, the helicopter is not directed towards the
goal directly but rather guided along the previously computed,
globally planned interpolated waypoint list. The helicopter’s
position is projected onto the waypoint list by determining the
closest waypoint. The waypoint closest to a specified distance
ahead of the helicopter is set as the target of the current time

step. Figure 6 shows a trajectory generated by the algorithm
described so far, using only the angular distance towards the
goal as cost function. In comparison, the trajectory generated
by the same local planner, but guided by a globally planned
waypoint list, is shown to produce a more efficient path while
solving the same planning problem.
The system as described so far solves the problem of path
smoothing: On the one hand, the local planner avoids ob-
stacles, and thus the constraints on the global planner can be
relaxed, on the other hand, by simulating the CM, the resulting
path and its are inherently steady.

Start

Goal

Figure 6. Locally and globally planned trajectories
Trajectories in a randomly generated environment. The purely locally planned
trajectory (green) steers directly towards the goal. In contrast, the combination
with a global planner results in a more efficient trajectory (blue).

Cost Function In the previous section, only the angular dis-
tance to a single target direction, is considered to guide the
helicopter, thus each angular sector is assigned a cost pro-
portional to the angular difference to the current heading:
𝜒target− 𝜒current.
For local optimization however, more factors can be consid-
ered. To include risk, derived from the semantic map and the
viewshed map, for each angular segment the risk values of all
cells contained are taken into account. (see equation 5).

costrisk,𝑘 =∑𝐾
𝑘

(
𝑛(𝑖, 𝑗) ,𝑘

(
𝑐sem · costsem, (𝑖, 𝑗) ,𝑘 + 𝑐vis · costvis, (𝑖, 𝑗) ,𝑘

) )∑𝐾
𝑘

(
𝑛(𝑖, 𝑗) ,𝑘

) (5)

With 𝑛(𝑖, 𝑗) ,𝑘 = 1− 𝑑2
(𝑖, 𝑗) ,𝑘/𝑤

2 being a weight factor, inspired
by the calculation of the obstacle density in the original VFH+
algorithm. Normalization is necessary, to account for differing
numbers of cells contained in each sector.
Climb angles exceeding the one proposed by the global
planner are discouraged: costclimb, rel,𝑘 = 𝑐climb, rel max(𝛾𝑘 −
𝛾target,0). Furthermore, climbing in general can be discour-
aged: costrisk,𝑘 = 𝑐climb𝛾𝑘 , however this may lead to strong
deviations from the globally planned path.
The area lying to the helicopter’s rear has already been passed
and the area lying to the helicopters sides is about to be. To take
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this into account, the cost factors are weighted depending on
the angular distance to the current heading, i.e. to the current
target heading. Subsequently, equation is 6 used to weight the
polar cost factors according to their polar position. 𝛽 denotes
the angle of the polar risk; for a certain sector 𝑘 it becomes
𝛽 = 𝑘𝛼. The offset 𝑐𝑝,ofst in the denominator is added to
eliminate singularities.

𝑐𝑝 =
1

|𝛽− 𝜒 |3 + 𝑐𝑝,ofst
(6)

This weighting leads to diminishing costs at the helicopter’s
rear. In an area of high and constant risk this may lead to the
algorithm preferring directions at the helicopters rear if not
properly tuned. To eliminate this behavior, the mean over all
segments is subtracted, leaving the sectors with the least risk
with a negative sign.

Finally, the costs are calculated for each segment and summed
up. The feasible direction with the lowest cost is used as target
for the next time step.

Dynamic control input smoothing Until now, the target an-
gles fed to the algorithm are inherently non-steady due to the
discrete nature of the angular sectors and the globally planned
waypoint list. This may lead to aggressive control behavior.
To overcome this, this work proposes to add an additional
integrator between the local planner’s output and the control
input. A dynamic target heading indicator system, inspired by
a torsional spring as depicted in figure 7 is employed.

𝜒
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Figure 7. Dynamic target heading indicator system
Dynamic system inspired by a torsional spring. Each time step the "torque"
is applied and the position of the target heading indicator 𝜒ind is calculated.

Instead of using the target provided by TVFH+ directly, a
"torque" 𝑀 is applied to the dynamic system. The target
heading indicator, i.e. the current position, of the system with
inertia 𝐼ind is then forwarded to the controller. A damping force
𝑀𝐷 = −𝐷 · ¤𝜒ind is applied to assure stability of the system. To
limit the rate of 𝜒ind relative to the helicopter’s current heading
𝜒, an additional damper𝑀𝐷,𝜒 =−𝐷𝜒 · ( ¤𝜒ind− ¤𝜒) is applied. A
torque 𝑀𝑠,𝜒 = 𝐶𝜒 · (𝜒ind − 𝜒) is introduced to avoid excessive
deviations of the target heading relative to the current one. The
resulting dynamic is expressed in equation 7.

𝐼ind ¥𝜒ind = 𝑀 +𝑀𝐷 +𝑀𝐷,𝜒 +𝑀𝑠,𝜒 (7)

If the direction 𝜒ind yielded by the dynamic system is not
traversable, the closest feasible direction is chosen instead.
Here, a step in the controls is deemed acceptable, given that the
alternative may result in a collision, i.e. a non-viable planner
outcome. In this case, the target heading indicator’s position is
set to the current heading and its angular velocity is set to zero
to avoid steering towards the same non-feasible direction again
in the next time step. For the vertical axis, an identical system
is put in place. However, it is ensured that the commanded
climb angle never subceeds the needed climb angle.

The cost introduced in the previous sections can be applied
to the dynamic system. For example, to consider the angular
distance towards goal, the angular difference to the current
heading can be considered as an elastic force: 𝑀 =𝐶 (𝜒target−
𝜒ind). In other words, the target heading indicator is being
controlled towards the target direction, i.e. the TVFH+’s output
by a de-facto proportional-controller.
In general, if the cost of a sector is negative, i.e. that direction
is encouraged, the helicopter should be pulled towards it, thus
an elastic force is added: 𝑀cost = cost𝑘 (𝑘𝛼− 𝜒𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟 ). If it
is positive, the helicopter should be repelled. Here, it might
seem intuitive to directly apply torque to the dynamic system.
However, when considering the zoomed-in section of figure 8,
as soon as the helicopter starts moving towards the goal, the
repelling torques need to start cancelling out, so the overall
repelling torque decreases. For this to work, the function
needs to be symmetric.

Figure 8 shows the outputs of a purely local planning in a
heavily simplified viewshed map without obstacles (i.e. with
no elevation) for increasing weight factors 𝑐vis. Note, how by
increasing the corresponding weight factor the local planner
is more biased to follow the map’s layout. However, the path
length also increases with increasing 𝑐vis. This means, that
even if the risk per distance decreases, the total risk (i.e. the
risk integrated over the path length) increases, once again
stressing the necessity of a global planner.

Especially in highly non-steady environments, the dynamic
system employed tends to oscillate. This can be mitigated by
adapting the damping or inertia of the target heading indicator
system, or by using the cost function, to calculate one single
target direction as described above. Another option that has
proven satisfactory results is to run the local planner multiple
times, with decreasing dynamic window sizes and guided by
the local planner’s previous solution. The green trajectories
in figure 8 are planned for only one iteration of the planner.
After the planner has terminated, the output is treated like a
globally planned waypoint list and the planner is run again;
in this example for a total of two times. The resulting paths
(orange) keep greater distance to the costly area, due to de-
creased relative angles to the temporary goal state. In the
bottom of figure 8, the resulting bank-angles are displayed in
the frequency domain. Note, how the path from multiple runs
produces a much smoother output.
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Figure 8. Locally planned trajectories on simplified view-
shed map after several resimulations
Top Trajectories on a generated viewshed map: The local planner avoids the
area of high risk (yellow). The longer the helicopter travels along the edge,
the greater the angle towards the goal, and thus the elastic force increases.
Eventually, the elastic force becomes greater than the repelling force and the
helicopter moves towards the goal. After the first planning (green) the local
planner is employed twice more (orange), using the previous output as guid-
ance.
Bottom Normalized initial (Φ) and re-simulated (Φ𝑟 ) bank-angle in the fre-
quency domain. Employing the local planner multiple times smooths the
target angles and thus the resulting helicopter movement.

Computation time

The total planning time is composed of the global planner’s
and the local planner’s planning time. The BIT* algorithm
used for global planning is configured to terminate after a
given time, with longer planning time potentially allowing
for better solutions. In general, the planning time needed
by the global planner to generate satisfactory waypoint lists
increases with the problem’s complexity. Since the CM has
to be simulated from start to goal, the time needed for local
planning is depending on the path length. Furthermore, when
increasing𝑤, the size of the active window, or𝐾 , the number of
angular sectors, one time step becomes more computationally
expensive and thus also increases the planning time. Table 1
shows the time needed by the local planner to simulate one
kilometer, i.e. 500 time steps for a fixed time step of 50 ms,
for different configurations, averaged over 100 runs each. The
test have been performed with on an Ubuntu laptop with an

i7-1185G7 CPU.

Table 1. Local planning time for 1 km
Planning time [ms]

𝐾 = 32 64 128 256
𝛼 = 11.3° 5.6° 2.8° 1.4°

𝑤 = 300 m 103.4 125.9 167.2 217.3
𝑤 = 350 m 125.92 149.5 231.8 296.5
𝑤 = 400 m 158.0 202.2 284.0 378.3
𝑤 = 550 m 197.0 239.6 328.2 473.4
𝑤 = 500 m 236.3 283.7 384.0 550.0
𝑤 = 550 m 288.6 334.9 456.5 618.7
𝑤 = 600 m 326.2 405.3 492.8 694.0

DISCUSSION AND RESULTS
The described methodology has been put to test on a scenario
placed in the Weser Uplands, a hillscape located in central
Germany with elevations up to just over 500 m above sea
level. The following paragraphs discuss the resulting trajecto-
ries, qualitatively discuss the impact of the different planning
parameters, compare the results to a naive alternative, a purely
global planner using Dubin’s paths, and discuss the method’s
shortcomings.

General Discussion

Figure 9 shows a trajectory planned by the proposed frame-
work on the DSM, the viewshed map and the semantic map.
Additionally, the heading 𝜒, the target heading 𝜒target and the
bank angle 𝜙, as well as the height profile are plotted over
the distance travelled in figure 10. The overall length of the
trajectory is 18.7 km. The target velocity of the planned tra-
jectory is 40 m/s. In this example, the global planner was
given 40 s; the local planning algorithm needed an execution
time of 3.6 s. The radius of the active window 𝑤 is set to 350
m and the number of angular segments 𝐾 to 64. Here, the
parameter set has been tuned using sensitivity analysis and by
experimentation. The zoomed in sections show how the local
planner deviates from the global path to avoid terrain and for
local optimization: In the viewshed map, one can notice how
the local planner deviates from the waypoint list to stay in the
center of the valley, i.e. the area with the lowest visibility. In
the semantic map, some strong detours of the local planner
become reasonable, since it avoids settlements.
To verify that the framework works well with a non-linear
helicopter model, paths planned by the method proposed have
been transferred into the Air Vehicle Simulator (AVES), the
DLR’s in house simulator. It shows that the planned paths
are indeed traversable with the available engine power for
climbing. Furthermore, the available controllers were able to
follow the trajectories planned.

Analysis of local optimization

Separate planning objectives can be stressed, either by directly
altering the associated cost factors, or indirectly by changing
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Figure 9. Path planned by the proposed planner on dif-
ferent map layers
Light Green: euclidean waypoints, Light Blue: model based trajectory.
Top: Digital Surface Model
Mid: Viewshed map
Bottom: Semantic map
Note how the local planner differs from the waypoints proposed by the global
planner to optimize the path locally.

dependent values. The following measures have been ana-
lyzed: the path length 𝐿, the overall cost due to visibility
costvis and semantics costsem, the trajectory’s roughness, indi-
cated by the bank angle integrated over the path length

∫
𝐿
𝜙𝑑𝑙,

and the averaged height over ground ℎagl. This section dis-
cusses the effect of local optimization and the influence of the
different weight factors on the just defined measures for local
and global planning.

Tests have been conducted to examine how the local optimiza-
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Figure 10. Height and heading of the planned path
Top Height profile of the planned path
Bottom Heading, target heading and bank angles of the planned path

tion affects the path. For random sets of start and goal points,
a global waypoint list is planned. Based upon, local planning
is executed twice. One time the planner is configured to only
follow the global waypoint list, the other time it is configured
to also optimize the path locally. For the locally non-optimized
runs, all cost factors of the local planner have been set to zero;
for the locally optimized runs, a promising parameter set has
been used. Averaged over 100 runs, table 2 shows the change
of optimized over non optimized measures in percentage terms
as well as the standard deviation. It shows, that the cost due
to visibility costvis and semantics costsem as well as the height
over ground ℎagl can be reduced overall. Contrary, the path
length 𝐿 increases slightly and the path becomes more rough,
as indicated by the integrated bank angle

∫
𝐿
𝜙𝑑𝑙. The high

standard deviation compared to the average indicates that the
improvement to be achieved with the given parameter set is
strongly dependent on the specific planning problem. For ex-
ample, in path segments with over areas with no gradient in
the viewshed or semantic map, the local planner might not be
able to optimize the solution. In some cases the local planner
even increases the path costs. For more insight the reader is
referred to the methods current shortcomings.

Table 2. Optimizing vs. non-optimizing local planning
%𝐿opt %costvis %costsem %ℎagl %

∫
𝐿
𝜙𝑑𝑙

+2 ±1% -2±4% -4±2% -9±9% +45±16%

Qualitatively, increasing the cost factors 𝑐vis and 𝑐sem de-
creases the risk due to visibility, respectively due to the se-
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mantics. However, when chosen too large, strong deviations
from the global path can be observed, leading to increasing
path length and thus to increasing overall costs. Similar be-
havior is shown from 𝑐climb and 𝑐climb, rel. Furthermore, when
directly applying a torque to the target heading indicator sys-
tem as described in the previous section, large values lead to
rough control behavior and even to overshooting, i.e. oscilla-
tion of the target heading indicator, and thus also to traversing
unfavorable terrain. To smooth the target heading indicator’s
movement, the dampening factors can be increased, however
choosing them too large, leads to sluggish system behavior,
making it unsuitable for local optimization. As described
above, another method to smooth the path is to run the lo-
cal planner again based on the previous output; this of course
increases planning time. As stated in the previous chapter,
increasing 𝑤, the radius of the active window, increases com-
putation time. Furthermore, it determines how far the local
planner looks ahead: If chosen too small, it might cause the
helicopter model to collide with the terrain, leading to a non-
viable planner outcome. On the contrary, a large active win-
dow leads to unnecessary climbing in certain situations.
When decreasing the distance to the globally planned way-
point that is chosen as the current target, the heading error due
to lateral deviation from the globally planned waypoint list
increases. Thus, also the corresponding cost increases and as
a result the waypoint list is followed more strictly. Contrary,
if the distance is increased, the initial path is smoothed out
and also allows for a larger margin for local optimization. In
other words, when no local optimization should take place, i.e.
when the local planner should just follow the globally planned
waypoints, it has proven best to choose a small distance to
the current goal. This ensures that the waypoints are followed
with minimal deviation.

During global planning, increasing a cost factor improves
the resulting path with respect to the corresponding measure.
However, due to the form of the cost function for global plan-
ning, the path might deteriorate with regard to the remaining
measures. For example, the path’s length will increase in order
to reduce visibility.

Comparison of the method to a purely global planner

In order to better contextualize the planner’s performance, a
global planner using a Dubin’s state space is employed as a
naive baseline. The proposed planning framework is then
compared to the baseline planner.
The baseline planner is set up in the same way as described
in the previous chapter, however the proposed edge insertion
condition is not needed here, since the planner already yields
G1-steady paths. The path’s height profile is simplified to a
linear interpolation of the height along its length, while still
adhering to the given climb angle constraint. Assuming co-
ordinated turns, the Dubin’s path’s minimal turning radius is
determined based on the maximum bank angle and the given
velocity.
During planning, the global planner of the proposed frame-
work, using a euclidean state space, processes ∼90% more

edges per time unit, compared to the baseline planner using
Dubin’s paths. This is caused by the computationally more ex-
pensive edge calculation, as well as the more expensive queue
ordering. Furthermore, the resulting state space is four di-
mensional (three spatial dimensions and the directly sampled
heading), reducing the probability of a new sample to improve
the solution.
To compare the performance of the planner proposed by this
paper with the baseline, the proposed framework is executed
until 100 paths with randomized start and goal points are cal-
culated successfully. Afterwards the purely global baseline
planner is run on the same planning problems. In order to use
Dubin’s paths, the heading of the start and goal state have to
be given explicitly. Here, it is calculated from the first two,
respectively the last two waypoints of the solution yielded by
the proposed framework. The baseline planner was given ad-
ditional planning time, equivalent to the planning time needed
by the local planner. Furthermore, since the maximum height
of the local planner is not bound, the height envelope of the
baseline planner has been relaxed. The relative comparison
of the resulting trajectory measures are shown in table 3 in
percentage terms. The trajectory roughness is not considered
for this test, since the baseline planner only coarsely approxi-
mates the helicopter’s kinematics. Instead, the ratio in which
the baseline planner did not find a solution has been recorded.
It shows, that the method proposed yields significant improve-
ment concerning the success rate, path length, as well as the
cost due to risk and due to semantics. Conversely, the baseline
planner manages to plan paths closer to the ground. This can
be explained by the local planner adding additional height by
simulating the helicopter model. Furthermore, as explained
above, in the vertical axis the helicopter model is controlled
to follow the globally planned path or follow the terrain if
necessary.

Table 3. Proposed framework vs. purely global baseline
%𝐿opt %costvis %costsem %ℎagl %success
-31% -38% -93% +4% 66%

Shortcomings

Finally, the current drawbacks of the proposed method shall be
discussed: When considering the viewshed map as e.g. seen
in figure 1, it stands out that after adding height based on the
semantics, some areas are highly unstructured. Gaps in the
DSM result in small patches, sometimes single pixels, with
very low visibility in the viewshed map. However, since they
cannot be traversed at a suitable height, they contribute little
to improve the path, but instead the local planner might steer
towards them, thus prolonging the path and increasing overall
risk. In other instances, local planning aims to avoid patches of
high risk opposite to the trajectory’s further progress. To fur-
ther follow the globally planned waypoints, the locally planned
trajectory might pass through the high-risk areas or take large
detours, increasing overall costs.
As mentioned above, the TVFH+ algorithm tends to climb,
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to keep the specified safety margins to the terrain. Especially
in tight spaces, this leads to heights exceeding the reference
height. This might be solved by using finer resolution maps,
allowing for smaller safety margins.
Lastly, as indicated above, the framework overall and espe-
cially the local planner optimizes multiple, partially contra-
dicting objectives. It has proven difficult to find parameter
settings that work consistently in different planning scenarios.
This problem could partially be mitigated, by adapting the
planning input (e.g. assign a high visibility value to urban
areas).

CONCLUSION

This paper proposes a path planning framework for helicopter
contour flight. Using a DTM as well as land-use data for the
area to be planned in, the input is preprocessed resulting in
a viewshed map and an approximated DSM. For the actual
path planning, a two-step hierarchical planner is used. In the
first step, a global path is planned using an adapted conven-
tional path planning algorithm (BIT*), creating a waypoint list
connecting the start and goal position. This is possible, since
the second planning step serves as path smoothing. For that,
TVFH+ has been presented: a 2.5-D VFH variant, modified to
especially solve the problem of local contour flight planning.
Combination with a helicopter model results in trajectories
with mostly steady control inputs, directly considering the
helicopter’s dynamics. Furthermore, the local planner is ca-
pable to deviate from the global path for local optimization.
The framework has demonstrated to create sensible trajecto-
ries that have proven to be cheaper than solutions yielded by a
global planner directly approximating the vehicle’s kinematics
using Dubin’s paths.

In future work, the shortcomings discussed in the previous
section shall be addressed, and the cost function will be far-
ther optimized. To evaluate the framework, simulator studies
could be performed to obtain pilot rating, for the trajectories
yielded by planning with different parameter settings.
Regarding global path planning, another algorithm that would
go well with the data preprocessing discussed in the pre-
vious section, however is not implemented in this work, is
Probabilistic Roadmaps (PRM). This algorithm a priori cre-
ates a search graph, by randomly sampling in the given state
space. Collision checks and edge costs are precomputed. On-
line, only a graph search algorithm, e.g. A* needs to be
applied. (Ref. 20)
Furthermore, TVFH+ shall be analyzed and compared to ex-
isting approaches, especially to its three-dimensional variant.
Since the resulting trajectories come as a list of full flight states
rather than a mere list of coordinates, this allows for future ex-
perimentation. For example, the flight states could be used as
feed-forward control for a trajectory following controller, or to
inform the pilot ahead of time about expected maneuvers. Fi-
nally, the local planner’s capability for short-term replanning
shall be examined.
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