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Executive summary

As the number of uncrewed aerial vehicles (UAVs), or drones, flights increase,
there has been growing public concern about safety, privacy, and noise. These
risks may be reduced by routing along paths with less human activity such as
waterways and railways, which we term preferred segments.

By varying the number of preferred segments and how strongly they are
preferred, we characterize how preferences affect routes and quantify how they
impact operational efficiency. When there are only a few preferred segments in a
synthetic environment, flights may need to take significant detours to minimize
cost, especially when preferences are strong. However, this drawback diminishes
as the number of preferred segments increases.

We also provide an illustrative drone as first responder (DFR) use case,
finding find that impacts are not as bad in practice as they could be in theory.
Deploying representative aircraft from just 5 out of 39 facilities has a median
reduction in response times of 18 to 30 percent compared to ground vehicles,
depending on the degree of preferences. However, the benefit does vary by in-
cident, with between 26 and 41 percent of responses slower than if a ground
vehicle had been deployed. Therefore, dispatchers must be aware of how differ-
ent situations benefit differently from DFR.

For operators, the trade-off between routing with preferences and taking the
shortest path depends on the urgency of their task. Emergency response will
likely aim to minimize travel time, while drone deliveries may be more amenable
to detours to mitigate safety, privacy, and noise risks. On the other hand, regula-
tors must be cautious that their policies are not inadvertently counterproductive
by concentrating flights outside of preferred regions.

1 Introduction

The use of uncrewed aerial vehicles (UAVs), or drones, for recreation, commerce,
and public safety has been rapidly increasing. Beyond the technical challenges
of drone operations at scale, we must also address societal concerns including,
but not limited to, safety, privacy, and noise.

Safety is paramount to public acceptance of widespread drone use, with
ground impacts and midair collisions being leading safety risks [15]. As a result,
regulators around the world today prioritize safety [10], such as the Federal Avi-
ation Administration (FAA) restricting on operations over people and moving
vehicles [6]. Despite this, prior work has found privacy to be more important to
the public than safety [5] [1], especially the risk of unwanted surveillance from
the cameras that many drones carry [7, 14, 4]. While noise pollution is already
an issue in many urban areas, a survey of drone noise emissions and their ef-
fects on people finds that “drone noise is substantially more annoying than road
traffic or aircraft noise at the same level” due to its acoustic characteristics [12].
As a result, noise impacts have been considered in routing [9, 8] and facility
location [13] decisions.



Based on the population distribution and travel patterns in a region, drone
operations along certain routes may pose lower safety, privacy, and noise risks.
We study the implications of path planning for drone operations when there are
these kinds of preferences. Because it is most feasible to respect these preferences
when operators have flexibility over their routing decisions, we focus on drone
applications that require coverage of a wide area from a small number of bases,
such as package delivery and drone as first responder (DFR). This is in contrast
to functions that are necessarily constrained to specific locations, such as aerial
photography or infrastructure inspections.

The remainder of this work is organized as follows. In Sec. [2, we introduce
routing with preferences, including with obstacles, and offer some theoretical
results. Then, we study a synthetic environment in Sec.[3land a DFR application
using real data from the City of Detroit in Sec. ] Section [5] discusses the
implications of our results for drone operators and regulators as well as the
limitations of our approach. We offer some next steps in Sec. [f]

2 Methodology

Suppose drone flights are preferable to a general baseline in some regions, such
as along waterways or roadways. These areas offer lower risks to public safety
and privacy, and may be less disruptive, than flying over more populated areas.

2.1 Modeling preferences

We focus on linear preferred regions and represent them with line segments that
can be traversed at a lower cost per unit distance. Each preferred segment, or
simply segment, has a discount factor o € [0,1], representing the relative cost
of travel along the segment compared to the baseline.

The discount factor can be viewed as a measure of urgency. Values closer to
1 are appropriate for time-sensitive functions like DFR, which requires vehicles
to reach their destinations as quickly as possible. By contrast, values closer to
0 may be acceptable for applications like package delivery, which have milder
consequences for detours or delays.

Alternatively, o can be viewed as the inverse of a inverse speedup factor. If
the baseline travel speed is normalized to 1, a segment can be traversed at speed
1/a > 1. Minimizing travel time in this scheme is equivalent to minimizing cost
in the previous one.

We call the path with lowest cost, which considers preferences, the optimal
path. The path of least length, which ignores preferences, is the shortest path.

2.2 Properties of preferred segments

A key property of a segment is its critical incident angle, or critical angle,
given by 6* = sin™! a and measured relative to the direction perpendicular to
the segment [11]. Figure[l|shows optimal paths from the center of the region to



randomly distributed points. The black line represents a preferred segment, and
blue lines represent paths that do not intersect the segment. Several properties
of optimal paths relative to the critical angle can be seen:

1. An optimal path that intersects the segment does not use it if and only if
the angle of incidence is less than 6*, as illustrated by the orange paths.

2. An optimal path that enters or exits the interior of the segment must do
so at exactly the critical incident angle, as illustrated by the green paths.

3. An optimal path that enters or exits an endpoint of the segment must do
so at angle greater than or equal to the critical incident angle away from
the segment, as illustrated by the red paths.

a=1.0,6"=90"° a=0.7,6"=44° @=03,0"=17"

—— Does not intersect segment —— Enters and exits interior of segment
—— Intersects segment without using it ~—— Enters interior and exits endpoint of segment

Figure 1: Optimal paths with a single segment in black at various critical in-
cidence angles 6*, defined relative to the segment normal. Each colored line
represents one optimal path from origin to destination.

When a = 1, there is no discount, the segment will never be used in any optimal
path, and the shortest path is optimal. Traveling along a segment with o = 0
incurs no cost, so any optimal path that crosses the segment will use it.

The properties of preferred segments allow us to construct a graph that
contains all possible optimal paths, or the critical graph . Then, solving a
least-cost path problem returns the optimal path. In Fig. 2| we use the critical
graph to find optimal paths and compare them to shortest paths across several
values of « in a synthetic environment.

2.3 The price of preference

Optimal paths using preferred segments may be desirable for several reason, but
deviating from the shortest path incurs additional travel time, energy consump-
tion, or other costs. Thus, we define the price of preference for a given origin,
destination, and environment as the ratio between the length of the optimal
path and that of the shortest path.

The price of preference depends on the geometry of the segments. If the
minimum discount factor across all segments is auin, then the price of preference



— Preferred segments Shortest path Optimal path

Figure 2: Optimal and shortest paths with various a.

is at most 1/amin, but this is almost always an overestimate. For example,
suppose there are three segments forming an equilateral triangle, each with a
discount of o = 0, and that each vertex of the triangle is both an origin and a
destination. Then, the maximum price of preference is (1 +1/3)/2 ~ 1.366 with
one segment, 2 with two segments, and 1 with three segments, all far lower than
the theoretical infinite price of preference.

2.4 Obstacles

No-fly zones for drones, such as around airports or over stadiums during events,
can be modeled as obstacles in the critical graph. We assume that origins
and destinations do not lie within any obstacle, and we replace segments that
intersect an obstacle(s) with one or more segments that lie entirely outside all
obstacles. For every pair of segments, origins, destinations, and obstacles, the
critical graph includes edges between them that meet the following criteria:

e If an edge intersects a segment, it must meet the critical angle conditions
in Sec.

e If the endpoint of an edge touches an obstacle, the edge must be tangent
to the obstacle.

e The interior of an edge must not intersect any obstacle.

Edges between two origins or between two destinations may be omitted, and
there may be more segments than in the obstacle-free case if obstacles divide a
segment into two or more segments.

How obstacles affect the inefficiency of routing with preferences depends on
how they change the optimal and shortest paths, both of which we assume must
avoid obstacles. If obstacles only change the shortest path, then preferences
have a less detrimental impact on efficiency. If they change the optimal path or
both paths, then the outcome depends on how the lengths of the paths change.

Figure |3| shows how obstacles can affect the price of preference relative to
the baseline of no obstacle in Fig. In this example, the upper bold line
represents a preferred segment and has a discount factor a = 0, i.e., it is free



to travel along. When the obstacle increases the length of the shortest path,
as in Fig. then the price of preference decreases. In Fig. the obstacle
increases the length of the optimal path and the price of preference, but the
cost of routing around the obstacle in Fig. [3d]is high enough that the shortest
path becomes the optimal path. Finally, if an obstacle changes the length of
both the optimal and the shortest paths, the price of preference may increase,
as in Fig. or decrease, as in Fig.

(a) Baseline. Optimal path solid via to———

segment (bold), shortest path dashed.
Price of preference = 3/2.

(c) Obstacle that increases the price of
preference to 7/4.

(e) Obstacle that increases the price of
preference to 7/4.5 = 14/9.

(b) Obstacle that decreases the price of
preference to 6/5.

(d) Obstacle that makes the shortest
path optimal. Price of preference = 1.

(f) Obstacle that decreases the price of
preference to 7/5.

Figure 3: Examples of how obstacles can change the price of preference.

3 Example in a synthetic environment

We first examine how the number of preferred segments and the discount factor
affect the price of preference in a synthetic environment.

3.1 Setup

Figure[dshows an origin, destinations, and segments in a synthetic environment.
To understand how the price of preference changes with number of segments,
we number them the order in which they are considered in the environment.
That is, Segments 1 through n are present when there are n preferred segments.



Origin
e Destination
Segment 1
Segment 2
Segment 3
Segment 4
Segment 5
Segment 6
Segment 7
Segment 8
Segment 9
Segment 10

Figure 4: Origin, destination, and segments for a synthetic environment. Colors
indicate the order in which segments are added.

3.2 Results

We plot how the maximum price of preference across all destinations changes
with the number of segments and the discount factor in Fig.[5] The figure shows
how the maximum price of preference across all origin-destination pairs can
change drastically with the number of segments. It is not monotonic because
with few preferred segments, additional segment are more likely to require a
detour to decrease the cost of an optimal path. Once preferred segments reach
a sufficient density, however, additional segments may create “shortcuts” that
decrease both the cost and the length of the optimal path. In the hypothetical
situation where the entire region is preferred, the shortest path is also optimal.

Figure [6] shows the paths corresponding to the sharp changes in maximum
price of preference in Fig. [f]for a = 0 and 5, 6, and 7 segments. The path with
the highest price of preference in each is in bold, and it is not always the same
one across different numbers of preferred segments.

4 Drone as first responder (DFR) case study

The City of Detroit Open Data Portal has the locations of Detroit Fire Depart-
ment fire stations and the incidents that the fire department responded to
. In approximately 14% of cases, no incident was found upon arrival at the
dispatch address. For these cases, DFR could allow responders to turn around
sooner, while for the rest, DFR could improve situational awareness. Thus, we
study of how preferences could impact response times.
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Figure 5: Maximum price of preference for different numbers of segments and

discounts.

a=0,n=5 a=0,n=6 a=0,n=7

Figure 6: Optimal paths, with highest-price path in bold, for 5, 6, and 7 seg-
ments and « = 0. Shortest paths are straight lines from origin to destinations.



4.1 Setup

We select five geographically distributed fire stations and 1000 incidents from
the year 2024 where there was no incident found upon arrival at the dispatch
address. These incidents are intended to be representative dispatch locations
rather than specific events, as it is not actually possible to identify which are
non-incidents before investigating them.

Because FAA regulations prohibit drone operations over moving vehicles,
we model preferred segments along the Detroit River and along several major
railways. In contrast to highways and major thoroughfares, these features are
typically less heavily used and less densely populated. We also include obstacles
to represent no-fly zones over downtown Detroit, where many sports arenas are,
and around the Detroit City Airport. This gives us the environment in Fig. []
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Figure 7: Fire stations (origins) in orange, incident locations (destinations) in
blue, obstacles shaded, and preferred segments in black.

4.2 Routing

We find the optimal path from any selected origin to each destination for dis-
count factors of @ = 0, 0.3, 0.7, and 1. In each of the plots in Fig.[8] the red lines
illustrate optimal paths. Blue lines are the shortest paths between incidents and
any selected fire station, and these are consistent across discounts. Gray lines
link an incident to the fire station that actually responded to it.

There are two complementary things to note as a decreases and the strength
of preference increases. Compared to shortest paths, optimal paths concentrate
along preferred segments, based on the more saturated red lines along them. As
a result, optimal operations cover a smaller area—shortest paths travel where
blue is visible, but optimal paths do not. Then, if segments are beneficial to
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Figure 8: Optimal and shortest paths for different discounts.
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safety, privacy, and noise as intended, we can reduce those risks by preferentially
routing along them.

Unlike the synthetic example, this case study has multiple origins, and we
can observe a radial “star” pattern at each one. These represent incidents for
which the optimal path matches the shortest one, a straight line to the nearest
selected fire station. Additionally, in this environment, all paths that use any
segment will have the same origin when a = 0, but this is not generally true.

4.3 Results

By comparing the path for each destination when @ < 1 to its path when oo = 1,
we can find the distribution of the price of preference and of cost reductions
due to preferences. For each value of a, Fig. [0 shows the price of preference
and the relative cost of each incident. The extents of the shaded regions in the
figure indicate the theoretical worst-case price of preference and the theoretical
best-case relative cost with preferences for each discount factor.

Price and relative cost with various a
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Figure 9: Distribution of prices and relative costs of preferences. Shaded regions
indicate theoretical bounds on price and relative cost.

The lower left corner of the figure is ideal. There, we can reap the benefits of
preferences—lower safety, privacy, and noise risk—without sacrificing too much
efficiency in the form of added travel distance. As might be expected, however,
stronger preferences typically lead to lower relative costs but also higher prices
of preference. Where a specific origin-destination pair falls in this figure depends
heavily on their locations and the environment.
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4.4 'Travel time comparison

To be used, DFR must be sufficiently timely to complement a ground response.
While the routes of ground-based emergency vehicles are not available, response
time comparisons are still useful and possibly more relevant.

Figure plots the distribution of response times of a drone with a speed
of 20 m/s (72 kph, or approximately 45 mph), which is representative of DFR
aircraft, across various . For comparison, we also include the distribution of
actual response times. As « decreases, drones increasingly prefer to travel along
segments, resulting in longer response times, but DFR is highly competitive with
ground vehicles with the exception of the extremely strong preference of a = 0.
However, Fig. [10| only shows the distributions of response times. We must also
ask how using a drone changes response times for each incident.

0.251 — Ground vehicle
-—-a=0.0
>0.20 a=0.3
g ..... a=0.7
% 0.15 —a=1.0
2
£0.10
o]
o
& 0.05
0.00 1 ‘ 5 1 R
0 5 10 15 20 25 30

Response time (min)

Figure 10: Comparison between theoretical response times of a drone at 20 m/s
(72 kph, ~45 mph) and actual ground vehicle response times.

The distributions of the change in travel time between a drone and that of
the corresponding ground vehicle for each « are shown in Fig. Consistent
with the distribution of response times, stronger preferences also decrease the
response time advantage of drones, but this plot emphasizes that the benefit (or
lack thereof) of DFR becomes more differentiated with stronger preferences.

Table [I] lists the median change in response time for the four values of «
examined. (Note that this is different from the change in median response
time.) While the absolute changes in travel time may seem small, the relative
changes are significant in the context of emergency response, where every minute
matters and the median actual response time is 6.2 minutes.

As the median change in response time is less than 0 across all values of «,
at least half of all incidents would have seen a faster response time with drones
than with ground vehicles. On the other hand, there are still many incidents for
which a drone would be slower than a ground vehicle, corresponding to positive
changes in response time. The share of such incidents is listed in the last column
of Table[1
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Figure 11: Difference in drone response time compared to ground vehicles for
various «. Vertical lines indicate medians.

Share with slower response

a  Median change (min) Median change (%) than ground vehicle (%)

0.0 -1.1 -18.3 40.9
0.3 -1.7 =277 31.0
0.7 -1.8 -29.6 26.7
1.0 -1.9 -30.2 26.6

Table 1: Median change in response time compared to ground vehicle for various
values of a.
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The results in this section should be considered in the context of having
only selected five of the 39 possible fire stations as drone facilities. If more fire
stations were equipped to support drones, the advantage of DFR would be even
greater. While promising, however, any conclusions should primarily be used to
compare across discounts, as this analysis has several shortcomings.

5 Limitations and stakeholder implications

Routing drones with preferences along certain paths is not too time-consuming
or inefficient, but our results and analysis should be interpreted alongside their
limitations. We also offer some considerations for operators and regulators.

5.1 Limitations

We focus on routing and ignore operational factors, assuming that there is
always a sufficiently charged vehicle available for all operations at all facilities. In
practice, an operator would have to carefully manage its aircraft fleet. As there
is currently still a limited deployment of drones for deliveries or for emergency
response, however, the fleet size and supporting infrastructure necessary to meet
service or performance targets is unclear.

The choice of how many and which fire stations to equip with drones was
arbitrary, and this happened to yield comparable response times to historical
trends given our other assumptions. However, these choices could vary, and
a facility location problem optimizing those parameters would be relevant in
an applied setting. Our conclusions are also sensitive to other environmental
factors such as the distribution of destinations, the configuration of preferred
segments and obstacles, and the strength of preferences a.

5.2 Implications for operators

The degree to which the price of preference matters will vary by operator. First
responders may be reluctant to sacrifice any response time to satisfy preferences,
and they must also determine when increased situational awareness from having
a drone on-scene before a human team arrives warrants the drone’s deployment.
This is likely most valuable when the expected travel time to the incident lo-
cation is significantly longer on the ground than by air due to, for example,
distance, congestion, or terrain. Moreover, because drones and first responders
on the ground have different capabilities, a team must still be dispatched, at
least until a non-incident is confirmed.

On the other hand, with the right incentives, preferences may fly with pack-
age delivery operators. Then, the price of preference can be used as a direct
estimate of increased delivery times and energy consumption. Even if flights are
longer, the time savings of drone delivery compared to ground couriers may still
be greater than is suggested in Sec. because ground couriers do not have the
same priority in traffic that emergency vehicles do.
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5.3 Implications for policymakers

Our results also offer insights for regulators considering implementing policies
that would incentivize or require operators to follow these preferences.

First is the price of preference itself, as deviating from the shortest path
to the optimal one increases distance traveled, corresponding to an increase in
travel time and energy usage. Policymakers must consider the trade-off be-
tween these factors and their intended goals (e.g., safety, privacy, or quiet) for
implementing preferences in the first place.

It is also possible for the reality of routing with preferences to counteract its
intended goals. For example, in Fig.[8] the paths without preferred segments are
necessarily dense around origins (fire stations) and, to a lesser extent, around
obstacles (no-fly zones). Flights also cluster as « decreases, with higher volumes
in the smaller visibly red areas at lower discounts. While this is by design for
preferred segments, this could also affect edges connecting to or between seg-
ments. The result is a potential concentration and exacerbation of the negative
externalities that regulation had been intended to address.

Finally, regulators must ensure operators actually follow preferred segments
to the maximum extent practical. Whether operators should be rewarded for
doing so or penalized for not doing so is an open question. While any incen-
tive structure would likely require external oversight or surveillance to verify
compliance with preferences, those may lead to privacy concerns for operators.

6 Next steps

We show how the effects of preferred segments and obstacles on the price of
preference depend on their geometric arrangement. Adding a segment or an
obstacle can increase or decrease the price of preference depending on how it
changes the optimal and shortest paths. In a case study of a drone as first
responding application using data from the City of Detroit, we find that (1)
strong preferences increase the price of preference, (2) the price of preference
rarely approaches the theoretical maximum in practice, and (3) UAVs can have
competitive response times for first responder applications even if deployed from
a small subset of locations. However preferences are modeled, they must factor
into the complex sociotechnical system that arises from drone operations at
scale.
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