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Abstract—Two-dimensional mapping by unmanned aerial
vehicles (UAV) is becoming a wide used technique. This tech-
nique is being applied to precision agriculture, 2D inspection,
photogrammetry, etc. For all these areas is quite important to
acquire the finer spatial resolution as possible. In this paper,
we address the problem of computing the configuration of
UAV and camera that optimizes the spatial resolution. We
consider the constraints of the problem such as overlap and
UAV speed. In addition, we model the movement of the vehicle
as a stochastic process. This method could assist or replace the
step of setting flight parameters, currently done by an expert
pilot. To validate the proposed method, we present simulation
experiments and a real case of 2D mapping.
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I. INTRODUCTION

Two-dimensional (2D) mapping by unmanned aerial ve-
hicles (UAV) is a technique that is revolutionizing several
different areas. Some examples are: Long-term forest moni-
toring [10], precision agriculture [9], weed management[6],
etc. Map building requires three steps: i) mission planning,
ii) UAV flight and image acquisition and iii) data processing.
In the mission planning step the UAV configuration and
flight path are set. In the second step the UAV flights
following the planned path while the terrain photos are
obtained by the sensor (usually an RGB or multispectral
camera). In the post processing step, the gathered data is
processed in order to get a single map of the terrain.

Mission planning step is currently performed by an skill
operator that introduces the flight and camera parame-
ters to a mission planning program, such as QGround-
Control (qgroundcontrol.com) or Mission Planner (ardupi-
lot.org/planner), draws the area of interest and leaves to the
software the task of calculating the flight path. However, the
UAV and camera parameters are very important because they
should: i)guarantee a safe flight, ii)reduce the redundancy
of information and iii)provide the maximum information
to the computer vision processing. A safe flight is that
one that can be accomplished besides of movement im-
precisions. UAV movement imprecisions comprise altitude,
orientation, speed and trajectory. Some of them are due to
wrong sensor measurements that produce inaccurate state
estimation and others are due to external perturbations like
wind. To maintain a low amount of image redundancy it

is important, because, despite the high capacity of storage
devices, when the acquired images are more than the re-
quired, the mosaicking process will need high computational
resources [6] and a larger time for processing. Finally, The
information that is provided to the final user should be
enough for a successful analysis. For example, in [6] the
authors point that for early grow stages of weed management
it is crucial to work at very small pixel sizes. A second
example where the resolution of the acquired information is
important is [1], where improving the design of the aircraft
survey to obtain a ultra fine resolution allows to characterize
vegetation structure in dry-land ecosystems. For the previous
reasons it is important to automate the calculation of optimal
parameters that guarantee a successful mapping.

Related work in coverage planning has been focused on
computing the waypoints that the UAV has to follow in
order to take photos of the full area. The reader is referred
to [3] in order to obtain more detail about coverage with
mobile robots. To the best of our knowledge there is not
an automatic method for computing the configuration of the
UAV and camera in order to optimize the information that
is gathered. This is due to the fact that new applications
of UAV mapping that require fine resolutions are still under
development. For example, Torres et al. [6] point out that it is
necessary to work with remote images at small pixel sizes,
usually in the order of centimeters. They also performed
an empirical measurement of the effect of flight altitude on
spatial resolution and flight time, and they conclude that
it is very important to flight at low altitudes but that will
compromise the UAV integrity and that it could be limited
by the energy supply.

In this paper, we address the problem of computing the
optimal survey configuration (UAV speed, UAV flight height
and camera triggering time) that maximizes the information
in terms of spatial resolution. In addition, the proposed
method takes into account the required overlap between im-
ages and the uncertainty of the UAV height and speed. This
method should improve the flight safety and the effectiveness
of the image analysis algorithms.

II. PERCEPTION MODEL

We assume that the UAV flights over the terrain at altitude
h and at speed v. We assume that a pinhole camera is
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Figure 1: Perception model. The variables drawn into the
figure are explained in section II of the text.

mounted on the UAV and that a gimbal maintains the camera
pointing to the ground. At the moment that a picture is taken,
the camera is able to capture a rectangle of the ground,
defined by Ix×Iy . See Fig. 1. The spatial resolution specifies
the amount of area that is covered by one pixel. Usually,
this is the most important parameter for the final user,
since it determines how much information is acquired. The
spatial resolution depends on the camera intrinsic parameters
and the flight altitude. The relation between the spatial
resolution, s, and the altitude, h, is given by equation (1).

s =
spixel · h

f
(1)

where spixel is the sensor pixel size and f is the camera
focal length. Depending on the speed of the aircraft and the
trigger time each photo will be taken after a distance dy , also
named forward distance [2]. Formally, dy = vt, where v is
the forward speed and t is the triggering time. The overlap
between images is calculated with equation (2).

oy = 1− dyf

hhs
(2)

III. SPATIAL RESOLUTION OPTIMIZATION

The proposed method is based on the optimization of an
objective function, defined by the expected value of the
utility of a configuration. In this section, we present the
derivation of the objective function. Next section (section
IV) details the optimization method and its implementation.

A. Sensing Configuration

We define a sensing configuration as the combination of
parameters required to perform a coverage. In this work, we
span the parameters of flight altitude (h), flight speed (v) and
triggering time (t). Formally, a configuration q is a vector
of three elements:

q = [h, v, t]T (3)

To reflect into the model that speed and altitude are not
perfect, we model them as a probabilistic motion model [5].
So, real flight speed (v̂) and real altitude (ĥ) are random

variables, result from the perturbation of the target speed
and altitude with random errors. See equation (4).

q̂ =

ĥv̂
t̂

 =

hv
t

+

εσh

εσv

0

 (4)

where εσv and εσh
are random errors with zero centered

normal distribution and standard deviations σv and σv re-
spectively. Given that the triggering time is controlled by a
precise intervalometer, we set εσt

= 0.
The same motion model allow us to generate samples

based on a target configuration. This task is performed by
generating error samples and adding those errors to the
target configuration. In addition, we can also determine
the probability of a sample q̂ by assuming independence
between elements of a configuration. See equation (5).

p(q̂) = p(εσv )p(εσh
) (5)

B. Utility of a sensing configuration

The utility of a sensing configuration refers to the good-
ness of a configuration in terms of the spatial resolution
but including another constraints. For example, how much is
overlap is obtained with respect of the desired one. Formally,
given a sensing configuration, q, the utility of q is calculated
with equation (6).

g(q) = w(q) · 1

s(q)
(6)

where s(q) is the spatial resolution and w(q) is a weight
that is dynamically calculated depending on whether the
constraints are satisfied or not. See details below.

The utility function, equation (6), is composed of two fac-
tors. The factor 1/s(q) inverts the spatial resolution because
we want to maximize the objective function. The factor w(q)
is a weight that measures additional constraints. We propose
three possible weights, the first one gives better values when
the overlap at configuration q is close to the desired overlap,
see section III-B1. The second weight also evaluates the
flight speed and aims to cover as much terrain as possible,
see section III-B2. The advantages and disadvantages of each
weight are discussed in the experiments section.

Equation (6) is subject to the following constraints:

vo ≤ v ≤ v1
h0 ≤ h ≤ h1

t0 ≤ t
(7)

where [v0, v1] is the interval of feasible speed, [h0, h1] is the
interval of feasible height and t0 is the minimum interval
for the camera trigger. If a configuration does not satisfy a
constraint then g(q) = 0.
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Figure 2: Overlap weight (left) and coverage efficiency
(right).

1) Overlap weight: The first weight that we propose tries
to assure that the desired overlap is kept. So, as the captured
overlap gets closer to the desired overlap its evaluation is
higher. For example, in [6], the authors recommend a 60%
of forward overlap and 30 % of lateral overlap. Formally,
the overlap weight is defined by equation (8).

wα(q) = f(oy(q), α) (8)

where α is the desired overlap and function f models a
curve that reflects the behavior that we want to achieve.
Function f was proposed in [8] in the context of next best
view planning. This function returns a higher value as the
overlap, oy(q), approximates to α. See Fig. 2. The function
is detailed in appendix VII-A. An alternative is a triangular
function.

2) Overlap-coverage weight: The previous weight only
measures the overlap. However, as we will see in the experi-
ments, it makes the UAV to fly at low speed. This fact has the
consequence that small areas were covered. Alternatively, we
propose a weight that measures the efficiency of coverage,
equation (9).

wα,de = f(oy(q), α) · de(q) (9)

where f(oy(q), α) is the overlap weight and de(q) is the
efficiency of coverage. The efficiency of coverage is higher
when the amount of flown distance is large with respect of
a unit of energy spent. Note that as the UAV can fly more
distance with the same energy then more area is covered.
The efficiency of coverage is derived as follows. The energy
that a UAV spends to flight a distance d at constant speed
v is calculated as:

e(d, v) =

∫ d/v

0

P (v)dt = P (v)
d

v
(10)

Making d equal to the unit of distance we obtain, the
amount of energy per unit u of distance [2]:

e(u, v) =
P (v)

v
(11)

Then, we use the inverse of aquation (11) to obtain the
amount of distance per unit of energy:

de(v) =
v

P (v)
(12)

Fig. (2) plots the efficiency of energy for a 3DR quad-
copter. Note that in equation (12), we only write the speed
of a configuration, v, instead of the full configuration, q, for
simplicity purposes.

C. Expected value

In this paper the we model a sensing configuration as a
stochastic process, so it is possible to calculate the expected
value of the utility for a given configuration. The expected
value of the utility for a configuration q is calculated with
equation (13).

E(Gq) ≈
n∑
i=1

gi · p(gi) (13)

Fig. 3 shows a contour plot of the expected value for two
possible cameras (a Tetracam Micro camera and a GOPRO4
camera) and two of the proposed weights. The figure shows
that the optimal configuration is highly dependent on the
camera. For the Tetracam camera the optimal configuration
is to fly at low speed given the narrow field of view and
the “large” triggering time of 3 seconds. When the overlap-
coverage weight is used the optimal configuration spreads
between a trade-off between speed and altitude in order to
maintain the overlap. In the case of the GOPRO camera the
optimal configuration is to fly low and at a higher speed than
the Tetracam Micro. When the overlap coverage weight is
used we can observe that the optimal configuration maintains
the altitude but increases the speed. Experiments section
provides a deeper review.

D. Optimal sensing configuration

The expected utility increases as the spatial resolution is
finer and additional constraints are satisfied. Therefore, the
target of the optimization is to get the configuration (q∗) that
maximizes the expected value.

q∗ = argqmaxE(Gq) (14)

IV. OPTIMIZATION IMPLEMENTATION

Biologically inspired algorithms have acquired great im-
portance within the area of artificial intelligence because
they have proved successful in solving certain complex prob-
lems of machine learning, pattern recognition, optimization,
etc. Within these, evolutionary algorithms (EA) are strategies
for finding solutions, usually for optimization purposes [4].
The main idea of this artificial evolution process is to
maintain a set of individuals that represent possible solutions
to a problem, which combine, mutate and compete with
each other, in this way the most apt are able to prevail,
evolving towards best solutions in every generation. Genetic
Algorithms (GA) are the most representative algorithms in
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(a) E(Gq) for Tetracam using wα(q) = f(oy(q), α).
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(d) E(Gq) for GOPRO using wα,de = f(oy(q), α) · de(q).

Figure 3: Contour plot of the expected value for two cameras and two possible weights. Triggering time is 3 seconds.

the generality of EA. These algorithms generate a set of
possible solutions coded as chromosomes of the problem
to be solved, and its applicability is to look for the best
within this population making frequent changes to the char-
acteristics of the individuals. The changes are controlled
by systematically applying a series of genetic operators:
selection, crossing, mutation and replacement, contributing
to maintain the diversity of the population. Within the
population each individual is differentiated according to
a fitness function which is the objective function of the
optimization problem.

To find the optimal configuration (q∗) we have imple-
mented a standard genetic algorithm [4]. The fitness func-
tion has been set as the expected utility. The variables to
optimize are the elements of a configuration, h,v and t.
So, the chromosome is [h, v, t], subject to h0 < h < h1,
v0 < v < v1, t ∈ T , where T is the set of possible

intervalometer configurations on the camera. The population
is size is 20 chromosomes. For each iteration, we keep the
fitter half of the current population (Nkeep) and generate
the other half of the new generation through selection and
crossover. The crossover is performed on a single point
chosen randomly. The parents are selected from the part of
the population that is kept.

V. EXPERIMENTS

The experiments that we present analyze the result of
applying the proposed under different scenarios. The first
two experiments (sections V-A and V-B) test the method
varying the weight of the utility function, in order to analyze
the effect that it has over the optimal configuration. The
third experiment test the method in a real case application
to validate the calculated configurations. The settings of the
experiments are condensed into tables I and II. The desired



Parameter Value
UAV 3DR SOLO
Min. speed v0 0 m/s
Max. speed v1 24 m/s
Speed. std. dev. (σh) 1 m/s
Min. height h0 30 m
Max. height h1 120 m
Height. std. dev. (σh) 3.0 m

Table I: Parameters of the tested vehicle.

Camera Tetracam Micro GOPRO4
Pixel Size (spixel) 0.0032 mm 0.00155 mm
Sensor height (hs) 4.92 mm 4.65 mm
Focal length (f ) 8.43 mm 1.6976 mm
Min trigger time (t0) 3 s 0.5 s
Trigger t. std. dev (σt) 0 0

Table II: Parameters of the tested cameras.

overlap was 0.8. The method was implemented in MatLab.

A. Spatial resolution optimization

In this experiment we look for the configuration that
optimizes the spatial resolution and satisfies the overlap. The
objective function is the expected value, E(Gq), equation
(13), but we have used the weight of overlap only, equation
(8). We ran the genetic algorithm 30 times. We set the
number of samples l = 500, the number of generations
n = 250 and a population of 20. The camera was the
GOPRO. Average processing time was 55.36 secs. The
results are summarized in table III.

We observe that, in the calculated configurations, the
spatial resolution does not vary for each run, however the
speed and trigger time are different in each run (see standard
deviations). This occur because the model is redundant. For
instance, when the speed is increased the overlap can be
compensated with a higher triggering time. We conclude
that, the overlap weight guarantee a good overlap but it could
have a mismanagement of the coverage efficiency.

Parameter Value(Average) Std. dev.
Speed 10.13 m/s 3.04
Altitude 44.56 m 0.21
Trigger time 2.99 s 1.06
Fitness 0.0243 1.1×10−4

Spatial Resolution 13.58 mm 0.064
Overlap 0.77 0.0071

Table III: Results for the configuration optimization using
the utility function with overlap weight only.

B. Spatial resolution and speed optimization

This experiment aims to find the configuration that opti-
mizes the spatial resolution, keeps the overlap and provides
a good coverage efficiency. We ran the same configuration
of the previous experiment, but we set the overlap-coverage
weight, equation (9). We run the algorithm 30 times. Results

Parameter Value (Average) Std. dev.
Speed 14.01 m/s 0.14
Altitude 44.62 m 0.24
Trigger time 2 s 0
Fitness 1.31 ×10−3 4.13 ×10−6

Spatial Resolution 13.60 mm 0.075
Overlap 0.77 0.0025

Table IV: Results for the configuration optimization using
utility function with the overlap-coverage weight.

are summarized in table IV. The experiment shows that with
the overlap-coverage weight the calculated configuration
provide a higher speed with respect of the previous exper-
iment, from 10.1 m/s to 14.1 m/s, increasing the coverage
efficiency. On the other hand, spatial resolution practically
remains the same (13 mm), with a small increment of 0.1
% . In addition, the results are consistent (see standard
deviations), what provides evidence of a unimodal function.
We conclude that the overlap-coverage weight provides
better efficiency of the coverage while the spatial resolution
is optimized and the overlap is kept.

C. Application to 2D mapping

In this experiment we test the computed configuration into
a real 2D mapping. We flew the 3DR Solo UAV with a
GOPRO camera without gimbal. We use the configuration
reported in table IV. The terrain to cover was a field of the
“Instituto Politcnico Nacional” (19.502919 lat. -99.146891
long. 2254.93 m. alt.). The terrain polygon was specified by
hand and waypoints were calculated with a back and forth
pattern [7]. The camera triggering time, UAV speed and UAV
height were set accordingly to the computed configuration.
Fig. 4a shows the position of each image taken with the
configuration calculated with the method. The number of
images that were taken with the computed configuration was
113. The build orthomosaic is shown in Fig. 4b.

VI. CONCLUSIONS AND FUTURE WORK

We have presented a method that computes the configura-
tion of a unmanned aerial vehicle and camera that maximizes
the spatial resolution, maximizes the safety and satisfy the
camera constraints. The contributions of the method are the
proposed objective function that evaluates the goodness of
a sensing configuration and the modeling as a stochastic
process. We have tested the approach in simulation and in
real experiments demonstrating the feasibility of the method.
The proposed method offers an automatic way to calculate
the parameters for a terrain survey. This method could assist
or replace the step of setting flight parameters, currently
done by an expert pilot.

In future work we will deal with the optimization of
the configuration joint with the path planning in order to
improve the coverage efficiency.



(a) Position of taken images with the computed configuration for
the UAV and the camera.

(b) Orthomosaic generated using the configuration computed by
our method.

Figure 4: Position of taken images and build map.
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APPENDIX

A. Overlap evaluation function

The overlap evaluation function returns a higher value
as the overlap, x, tends to the desired one, α. We use a
function proposed in [8] that is split into two polynomials.
See equation (15).

f (x, α) =

{
h1 (x, α) , x ≤ α
h2 (x, α) , x > α

(15)

where
h1 (x, α) = −

2

α3
x3 +

3

α2
x2 (16)

and

h2 (x, α) = −
2

(α− 1)
3x

3 +
3 (α+ 1)

(α− 1)
3 x

2

− 6α

(α− 1)
3x+

3α− 1

(α− 1)
3 (17)


