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Abstract—Nowadays, Unmanned Aerial Vehicles (UAVs) are
being increasingly used for various tasks, including aerial surveys.
In these aerial surveys, a drone flies over a region of interest and
takes photos. Often, these photos are then used to create one (3D)
map, which can be used for later inspection. However, in some
cases, this region of interest can be rather large, and performing
the survey with a single UAV takes a long time. Besides the
inconveniences, this can also worsen the quality of the (3D) map
due to changing weather conditions over the day. Consequently,
it is advantageous to parallelize this task by deploying multiple
UAVs simultaneously. However, when using multiple UAVs, the
path-planning stage becomes more complicated. In this work, we
provide a straightforward method to create such a multi-UAV
survey mission. Although, this multi-UAV coverage path planning
is, of course, an essential part of our research, we are mostly
focused on the practical implications and outcome. In particular,
we want to know how much faster we can perform a coverage
mission with multiple UAVs, and if the quality of the survey map
can be maintained. For that reason, we performed simulations
in various scenarios, but most importantly also performed a real
test to confirm the usability of our work. From our experiments,
we can conclude that we can reduce the total time to cover an
area significantly without lowering the quality of the (3D) map.

Index Terms—Multi-UAV, survey mission, path planning, 3D
mapping.

I. INTRODUCTION

The use of Unmanned Aerial Vehicles (UAVs) is becoming
more mainstream, and UAVs are now used in numerous
applications such as: (i) surveillance and reconnaissance, (ii)
agriculture, (iii) disaster management, (iv) delivery services,
and (v) aerial photography. In the particular case of aerial
photography, UAVs are used quite frequently by offering
a more flexible, accessible, and cost-effective platform for
capturing aerial imagery compared to other alternatives [1].
For that reason, they are often used in precision data ac-
quisition applications such as: (i) Oil and gas exploration,
(ii) Infrastructure inspection, (iii) Environmental monitoring,
(iv) Agricultural field mapping, (v) Real estate and property
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management, and (vi) Emergency response and disaster relief.
In all of these applications, UAVs obtain data with the use
of cameras (or other sensors). In order to obtain this data,
the UAVs have to cover a specific Region Of Interest (ROI)
specified by the user. This ROI can be quite a large area (for
instance in agriculture), and, in that case, covering the entire
area using a single UAV takes a long time.

A possible approach to reduce coverage time is using
multiple UAVs simultaneously. Yet, in order to do so, we need
a multi-UAV path planning algorithm. This algorithm must
divide the ROI into smaller areas, which can then be surveyed
by the different UAVs. As explained in section II, different
(multi-UAV) coverage path planning (CPP) algorithms already
exist. These algorithms provide the path a UAV must travel.
Such path is often calculated by optimizing the flight time
(e.g. minimal numbers of turns, shortest distance, etc.), while
taking into account some restraints (e.g. covering the entire
area, avoiding no-fly zones, avoiding obstacles, etc.). Due to
the many available works in the area of CPP, in this work we
do not focus on improving upon the current CPPs. Instead,
we are interested in the implications and outcome quality of a
multi-UAV survey mission. For that reason, we use a simple
but effective CPP algorithm, and also capture images while
performing a real multi-UAV survey mission. Afterward, we
use those images to create one single map of all the images
captured from multiple UAVs. We then compare the quality
of the map generated by one UAV, and the map captured by
multiple UAVs. We hypothesize that we can create a map of
similar quality in a considerable shorter time.

The rest of this article is structured as follows: In section II
we go over relevant related works. Then, in section III, we
explain the path planning algorithm that we used, and the
algorithm behind creating one map from different images.
Afterward, we use these algorithms in various experiments.
We explain our experiments and results in section IV. We
perform several experiments by using a simulator but, most
importantly, also perform our experiment with real UAVs.
Finally, in section V, we conclude our work and discuss future
work.
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II. RELATED WORKS

As the name suggests, coverage path planning algorithms
(CPP) are part of the more general path planning algorithms.
Due to its importance in many fields such as: robotics, lo-
gistics, navigation, etc. path planning algorithms have already
been studied for a long time. For instance, the well-known
Dijkstra algorithm [2] was already published in 1959, and has
shown its use in numerous fields. Around 2010, UAVs brought,
quite literary, an extra dimension to this field. Nowadays, a
plethora of papers considering UAVs and path planning have
been published. Within the field of UAVs, CPP is a very
important topic since it is a key element in many applications
(e.g. monitoring tasks). In this work, we will give a brief
explanation of the different types of CCP algorithms.

The purpose of a CPP algorithm is to create a path so that
a specific Region Of Interest (ROI) can be covered. Often the
idea is to cover the ROI only once, i.e. by applying a single
CPP. Nevertheless, works considering repetitive covering also
exist [3]. The ROI is always a polygon, and earlier works
only consider convex polygons since they are slightly simpler
to cover. Nevertheless, nowadays, a concave polygon can also
be solved. Furthermore, the polygon might include obstacles,
no-fly zones etc. Often, path planning is done before the
actual flight. Those CPP algorithms are called offline CPP
algorithms, and need to have prior knowledge of the entire
area (including obstacles). Obviously, offline CPP algorithms
only work in static environments. This is, however, not a
problem, since many real-world UAV applications, such as
inspection flights, precision agriculture, etc., take place in a
(reasonably) static environment. Nevertheless, in more urban
environments, this is not true. Therefore, we can also find
online CPP algorithms [4] which are based on real-time
environment data retrieval. They can adapt to unforeseen
situations, and do not need prior knowledge of the ROI. Online
CPP algorithms do, however, use more CPU power, and often
provide less efficient paths [5]. When the ROI is one simple
geometric form (e.g. a rectangle), CPP strategies are rather
straightforward, and a simple back and forth motion along the
longest side of the polygon can be used [6]. However, when
the ROI is more complicated, it is often first decomposed
into multiple simple shapes. This is often accomplished by
decomposing the ROI into a fine-grid based representation,
where the cells are all the same size and shape. This method
is called the approximate cellular decomposition, and the idea
was pioneered by Elfes [7] and Moravac [8]. It is popular
because it makes the CPP easier, especially when considering
obstacles and no-fly zones. Nonetheless, it is an approximation
because using this decomposition method it is impossible to
get an exact representation of the ROI. The size of each cell
represents a trade-off between the accuracy and performance
of this decomposition. When cells are too small, the CPP
algorithms will take longer to calculate, but when cells are
too large, accuracy is lost. When considering multi-UAV CPP
the essential problem remains the same, but we are faced with
new challenges and opportunities. The ROI must be split up in

various regions for each UAV (note that one UAV might cover
multiple regions). Hence, new challenges such as how to split
up the ROI, and how to optimally assign the subregions arise.
Recently, different authors have worked on those challenges.
W. Hu et al. [9] proposed a distributed online solution that aims
to minimize task completion time. Since it is an online CPP,
their approach is also able to respond to unknown obstacles.
L. Marco Andrés et al. [10] specifically deal with multi-UAV
CPP for disjoint regions. Their results evidence that adopting
a spiral pattern optimizes the cost of the mission, while at
the same time improving the task distribution of the mission
planning system.

Although various works about multi-UAV CPP algorithms
exists, almost all of them verify their approach exclusively
using simulation. Our work differs since we actually use
real UAVs in an outdoor environment in order to verify our
approach.

III. METHODS

To complete a multi-UAV survey mission, and to use the
imagery data captured in a useful way, we must develop and
implement a few key components. Firstly, we must create a
CPP algorithm to transform a user-specified ROI into different
mission files. A mission file consists of GPS waypoints that
one UAV will follow in an orderly manner. We must then
upload these mission files to our UAVs, so that they will
be able to fly the mission automatically. During the flight, a
camera must capture a sufficient amount of photos (as outlined
in III-B). After the flight, those images need to be geotagged
(i.e. add the GPS location of where the image is taken to the
metadata of the image). Finally, we must stitch all of these
images together so that we obtain one map of the surveyed
area.

A. Coverage Path planning algorithm

Our CPP algorithm consists of two stages. First, the ROI is
divided into n subregions, where n is equal to the number of
UAVs that will participate in the survey mission. To balance
the workload of the different UAVs, we decided to split the
ROI into subregions having a similar size. To do so, we
developed the iterative algorithm illustrated in Figure 1.

First, we calculated the entire area A of the ROI using the
Shoelace theorem [11] (also known as Gauss’s area formula).
Then, we create a rectangular bounding box around the ROI.
We use the width w of the rectangle to estimate where we must
split the ROI. The initial cut line is placed at w/n. Then, we
calculate the area SA of the subregion (also with the Shoelace
theorem). Of course, our initial guess of where to split the ROI
might be off. Hence, we compare if the subregion’s area SA
is indeed close to 1/n of the entire area A. If this is not the
case, the cut line is moved. Once SA = A

n , we continue with
the rest of the ROI in a similar fashion until we have n regions
with area A

n .
After splitting the entire ROI into smaller subsections, we

still have to perform the CPP for each subregion. In order to
do so, we use a simple back and forth motion. Although this



Fig. 1: Splitting the ROI into n parts for each UAV.

is a simple procedure, considering just some basic geometry,
we have noticed that not many authors include the full details
on how to do so. Hence, in this work, we explain this method
in more detail. As illustrated in Figure 2, the back and forth
method starts by creating a line L0 and finding the intersection
points with the ROI. We can express the ROI as a polygon P
defined by its 2D vertices V = {V0, ..., Vn}. Each edge Ei

is represented as the connection between consecutive vertices:
Ei = {Vi, Vi+1}. For each Ei, we need to calculate if there are
intersection points Pi, within that line segment. Note that, in
the case of a convex polygon, there are at most two intersection
points. Then, line L1 is created by adding the offset dY . This
offset corresponds to the distances between the rows. This
distance is often determined by the application’s requirements.
For instance, when taking photos, the camera’s field of view
and the altitude of the UAV will indicate the distance between
the rows. Once all the intersection points are found, we must
sort the intersection points of each row based on their x-value.
When we alternate between an ascending and descending sort,
we obtain a back and forth pattern.

Now that we know the basics of the back and forth CPP,
we can improve upon it. As one might imagine, the position
of the starting line L0 can have a significant impact on the
end results. In particular, the angle of this line, known as the
sweep angle, impacts the number of turns the UAV has to
make during the survey. We illustrate this in Figure 3. Since,
the UAV has to slow down at each turn, it is in our best interest
to minimize the number of turns. In order to do so, we must
ensure that L0 is parallel to the longest edge of the polygon.
We can calculate this optimal sweep angle with Algorithm 1
according to [12], [13].

B. Image capturing and geotagging

While the UAVs are flying over the ROI, they will take
photos on all predefined positions. Afterward, these photos
are stitched together to create one map of the entire ROI. It
goes without saying that the specific camera used to take those
photos will influence the end result greatly. Hence, we now

Fig. 2: CPP algorithm: back and forth.

(a) Sweep angle = 0◦ (b) Sweep angle = 75◦

Fig. 3: Influence of the sweep angle on the number of turns.

explain (i) which camera we used, (ii) how we controlled this
camera during the flight, and (iii) when we decided to take a
photo, and (iv) how we added the location data to the photo
for later reference.

In our experiments, we used the SIYI zt30 camera [14]. This
lightweight (854 g), high resolution (4K) zoom (focal length
4.8–149 mm) camera, costs around C5000, and consumes
on average 9 W. An essential aspect of this camera is its
compatibility with the MAVlink protocol [15]; notice that this
lightweight message protocol is used to communicate with
many flight controllers.

Using the MAVlink protocol, there are two ways to control
the camera. We can use the Camera Protocol, which “is used
to configure camera payloads and request their status. It
supports photo capture, and video capture and streaming. It
also includes messages to query and configure the onboard
camera storage.” [16]. The other way is to include “DO
commands” in the mission plan. We chose for this option,
since we already have to create a mission plan (in order to
cover the entire ROI). To accomplish this, we simply add a
waypoint in the mission plan, and on that waypoint we instruct
the camera to take a photo. It is of course vital that we take
the photo at the right location. These locations on where to



Algorithm 1 Optimal line sweep angle

1: distance(e, v): Euclidean distance between edge e and
vertex v

2: for edges in the polygon do
3: max-dist-edge = 0
4: for vertex in the polygon do
5: if distance(edge,vertex) > max-dist-edge then

max-dist-edge = distance(edge, vertex) opposed-vertex =
vertex

6: end if
7: end for
8: if max-dist-edge < optimal-dist or is first edge

then optimal-dist = max-dist-edge line-sweep = direction
FROM edge TO opposed-vertex

9: end if
10: end for

take the photos depend on: (i) the camera specifications, (ii)
the altitude of the UAV, and (iii) the overlap we want between
the adjacent photos. In order to create a detailed map, the
desired overlap between the photos is between 75% and 90%.
Furthermore, depending on the application, a ground sample
distance (GSD) needs to be selected (i.e. the distance between
two adjacent pixels in one photo). The GSD is a key limiting
factor in the accuracy of the map, and, although it highly
depends on the applications, in general a GSD of 1 cm/pixel
is recommended [17]. Given this GSD, and the specifications
of the camera, the flying altitude can be calculated using the
following formula:

Altitude =
GSD × I × F

S
(1)

Where :

GSD = ground sample distance [m/pixel]

I = Image width [pixel]

F = focal length of camera [m]

S = Sensor width [m]

We can now calculate the true size of each photo by
multiplying GSD and I; this way, given a certain percentage
overlap between two adjacent photos, we can easily calculate
where to take each photo. Finally, when we take the photo,
we must include the location of the UAV into the metadata of
the photo. The location of the UAV is estimated by the flight
controller (using an extended kalman filter) based on (i) GPS
data, and (ii) other sensors such as barometers, accelerometers,
etc. Depending on the quality of the sensor used, this estimated
location has a certain accuracy. In particular, the GPS signal
can be quite inaccurate (e.g. 5 meters of error). In order to
improve the GPS signal, and thus obtain a higher overall
accuracy, more advanced setups use an Real-time kinematic
(RTK) correction signal [18].

C. Map generation algorithm

In order to be able to process the images from the drone’s
camera and validate them, it is necessary to carry out georef-
erenced mapping. In this section, we will explain the system
that we used. Our system is able to effectively map the
drone’s images and ensure precise georeferencing. Afterward,
we will use this system in order to know if the quality of
the map coming from one drone is the same as when it is
made by multiple drones, using the algorithm proposed in
subsection III-A.

In order to build a georeferenced map, we need to perform
six main steps, as illustrated in Figure 4 [19], [20]:

1) Structure from Motion (SfM): is a method used to
create three-dimensional models from two-dimensional
images. It involves extracting features from the images
and matching them to create a sparse reconstruction,
which is then used to increase the resolution of the
model. SfM has been instrumental in improving the res-
olution of the produced models by a significant amount,
and it is a key component in the process of creating
digital models based on aerial images. The output of
this step are undistorted images and the reconstruction.

2) Using the undistorted images and the reconstruction, a
denser point cloud can be computed in this second step,
known as Multi View Stereopsis (MVS). It involves
analyzing the images to determine the depth and spatial
relationships of the objects in the scene. Various methods
such as Volumetric Graph-Cuts, Patch-Based Stereo, and
Graph Cuts on the Dual of an Adaptive Tetrahedral
Mesh [21]–[23] have been used to achieve accurate and
dense multi-view stereopsis.

3) Mesh reconstruction stage involves creating 2.5D and
3D mesh models, from the dense point cloud generated
in the MVS stage. This mesh model represents the
surface geometry of the objects and terrain captured in
the aerial images. The process of mesh reconstruction
is crucial for creating accurate and detailed 3D models
from the aerial imagery data.

4) Texture Reconstruction is the fourth step, that takes
the 2.5D and 3D meshes created in the previous phase,
along with the images created in phase one. It involves
applying texture to the mesh model using the image set.
The texture reconstruction will output a colored texture
2.5D and 3D mesh model.

5) Georeferencing is a crucial step in the workflow, as it
involves attaching the geolocation of the resulting model
into the real-world reference. This process utilizes the
extracted coordinates from the images, and the relative
position of the images aligned with GNSS information.

6) The last step in creating a georeferenced map is the
orthophoto generation phase. This phase receives the
3D model from the Texture Reconstruction phase and
returns a 2D model (without the Z axis), so that it
can be viewed from a top-down view perspective. The
orthomap is then converted into a GeoTIFF file to



Fig. 4: Step-by-step representation of the map generation algorithm.

store georeferencing information. This is done through a
rasterization process using the GDAL library, preserving
the georeferenced coordinates of the model.

IV. EXPERIMENTS AND RESULTS

In order to validate our approach, we use two methods: sim-
ulation, and real deployment. Simulations allow for (i) testing
in a safe environment, and (ii) for scaling. However, simulation
can only mimic reality to a certain degree, and it is vital that
we deploy our algorithms on real UAVs. For our experiments,
we used a proprietary software called BeXStream®, developed
by company Beyond Vision [24]. This software allows us to:
(i) monitor UAVs, (ii) control real UAVs, (iii) simulate UAVs,
(iv) plan missions, (v) process maps, (vi) analyze log files from
flights, etc. Pictures of the platform are shown in Figure 6. We
extended the mission planning part with the CPP algorithm
explained in subsection III-A. We then used the platform to
automatically create various mission files of a specific ROI.
Afterward, we send these mission files to either simulated or
real UAVs.

A. Simulation

Before testing our experiments with real UAVs, we per-
formed various simulations using the BeXStream® platform.

We performed these experiments for two reasons. First and
foremost, because it is a safe environment where we can
perform many tests quickly, and without being preoccupied
about real world distortions. Furthermore, it allows us to test
with more UAVs, and for larger areas than we would be
(currently and legally) able to. We tested our approach in four
different ROI: (i) a square of 1 Ha (i.e. 10 000 m2), (ii) a
square of 10 Ha (i.e. 100 000 m2), (iii) a triangle of 1 Ha,
and (iv) a triangle of 10 Ha. We covered each ROI three times
with: 1 UAV, 2 UAVs, and 5 UAVs. All UAVs were flying
at an altitude of 30 meters, which, due to the specifications
of our camera, separated the rows by 9.24 meters. The idea
behind this simulation is twofold. First, we want to provide an
estimation on how long it takes a number of UAVs to cover
a field of a certain area. Second, we want to investigate the
impact on irregular ROIs (e.g. triangles). It is worth pointing
out that we developed this approach for smart agriculture
purposes (hence the units in Ha, and the chosen size of the
ROI). Nevertheless, our algorithm can be used for any type of
scenario.

We present our results in Table I and Table II. From our
experiments, we can conclude three things. First, increasing
the size of the ROI also increases the time it takes to cover



the entire area (as expected). However, this is not a 1-by-1
increase. As we can see, in all cases when we increased the
size of the area by 10, the time increase was smaller (around
×5). Secondly, the overall time to complete the mission is only
slightly dependant on the geometry of the ROI. As we can see,
the flight times for the triangle ROI are slightly longer than for
the square ROI. When the ROI becomes more irregular, the
UAV will have to make more turns. For each turn, the UAV
has to slow down. Hence, the total mission time will increase.
However, since we use algorithm 1, we can minimize this
effect. Finally, we can also observe that increasing the number
of UAVs participating in the mission decreases the time to
completion significantly. However, like our first observation,
doubling the number of UAVs does not cut the mission’s time
in half. Notice that the factor by which we can reduce the
mission’s time depends on two elements. First, it depends on
the geometry of the ROI. As we can see, the reduction in time
is greater in the case of a square ROI. This occurs because, in
a square ROI, it is easier to split the ROI into various sections
for each UAV. Secondly, we can also observe that the time
reduction depends highly on the size of the ROI. The larger
the ROI, the more we can benefit from using multiple UAVs
at the same time.

TABLE I: Flight time for a square ROI.

# UAVs 1 2 5

1 Ha Time [min] 08:03 06:20 05:19
Decrease [%] 21.33 16.05

10 Ha Time [min] 40:05 27:13 18:51
Decrease [%] 32.10 30.74

TABLE II: Flight time for a triangle ROI.

# UAVs 1 2 5

1 Ha Time [min] 08:04 06:33 05:28
Decrease [%] 18.80 16.54

10 Ha Time [min] 40:05 29:04 20:41
Decrease [%] 27.48 28.84

B. Real flight experiments

After verifying that our algorithm is working correctly in
simulation, we proceeded to validate our approach using real
UAVs. For our real experiment, we used two hexacopters
from Beyond Vision®. In Figure 5, we show the two UAVs
used, one of which is flying. Due to different restrictions
associated to legislation, space, safety, battery consumption,
etc., we performed a test covering only a small area (around
8000 m2) close to Lisbon, Portugal. The main idea of this
experiment was to verify whether the mapping results remain
consistent even when the photos are taken from multiple
UAVs. Hence, we attached cameras to the UAVs, and took
geotagged photos (as explained in subsection III-B) while
covering the field. Afterward, we created an orthomap, as
explained in subsection III-C.

Fig. 5: Two Beyond Vision® UAVs, used to perform the real
experiment [25].

Regarding the mapping results, it is necessary to evaluate
them not only in visual terms, but also in statistically, so as
to achieve an objective validation. With this in mind, a visual
assessment of the models was carried out in the first place.
The analysis of the models generated from the implemented
workflow yielded satisfactory results with no visible artifacts,
as shown in Figures 6 a) and b).

In addition, due to geographic coordinates being stored
in the image’s metadata, the position of the model in the
Earth’s surface could be evaluated using mapping platforms
like Google maps, or interactive maps such as Leaflet. This
evaluation is depicted in Figure 7.

With regard to statistical measures between the two maps
created by multiple drones and just one, it is important to
analyse the texture map information [28], [29] to compare
both maps. Three static textures were extracted using a Gray-
Level Co-Occurrence Matrix (GLCM). This algorithm extracts
statistical texture features that represent textures based on the
relation and the distribution between pixels of a given map.

In this paper, we choose a distance, d, between the pixels
equals to 50, the angle θ = 0 and a symmetric matrix to build
our GLCM matrix. Then we computed three texture features to
statistically compare the values between the two georeferenced
RGB maps; this was achieved using the following formulas:



(a) Orthomap with a single UAV.

(b) Orthomap with two UAV.

Fig. 6: Georeferenced RGB Orthomaps.

(a) Georeferenced orthomap with a single UAV.

(b) Georeferenced orthomap with two UAVs.

Fig. 7: Georeferenced models overlapped on Leaflet interactive
map from on a platform developed by [26], [27].

Contrast =
N−1∑
i=0

N−1∑
j=0

|i− j|2 · p(i, j) (2)

Correlation =
N−1∑
i=0

N−1∑
j=0

(i− µx)(j − µy) · p(i, j)
σx · σy

(3)

Energy =
N−1∑
i=0

N−1∑
j=0

p(i− j)2 (4)

where p(i, j) = (i, j)th entry in a GLCM normalized
matrix, N is the GLCM dimension (in this case equals to
256) and:

µx =
N−1∑
i=0

N−1∑
j=0

i · p(i, j) (5)

µy =
N−1∑
j=0

N−1∑
i=0

j · p(i, j) (6)

σ2
x =

N−1∑
i=0

(
N−1∑
j=0

p(i, j)− µx)
2 (7)

σ2
y =

N−1∑
j=0

(

N−1∑
i=0

p(i, j)− µy)
2 (8)

The results are shown in Table III; we can see that the values
of the three features for the two generated maps remain very
close, which makes it possible to conclude that the maps are
statistically identical, as intended.

TABLE III: Statistical comparison between the two generated
georeferenced RGB maps.

Contrast Energy Correlation
1 UAV 1396.1 9.1844e-5 0.5946
2 UAVs 1343.9 9.1299e-5 0.6137

|Difference| 52.2 545e-9 0.0191

V. CONCLUSION AND FUTURE WORK

Lately, the interest in adopting UAVs for commercial appli-
cations is growing rapidly. This trend is especially evident in
the field of aerial surveying, where more and more companies
are using UAVs to conduct an aerial survey due to their low
cost and flexibility. However, most commercially available
UAVs can only fly for a short time (between 15 and 35
minutes). This complicates operations when performance large
aerial surveys. Hence, in this work, we proposed an approach
for multi-UAV aerial surveying. In order to do so, we started
by creating a multi-UAV coverage path planning algorithm.
This algorithm divides the entire region of interest (ROI)
into smaller parts (one for each UAV). Then for each UAV,
a back-and-forth method is used to cover each region of
interest. While the UAVs are covering the ROI, they take
photos. Afterward, these photos are stitched together into one
orthomap.

We first validated our approach using simulation. We per-
formed various experiments in order to gain further insight
into the time required to cover a ROI. We can conclude
that, when using multiple UAVs, we can reduce the time to



cover the entire ROI significantly. However, there is no 1-
by-1 relationship, i.e. when using two UAVs to cover a ROI,
the time is not split in half. Furthermore, we performed an
experiment with real UAVs. In this experiment, we compared
the two ortomaps created by multiple drones, and when having
just one. Based on both visual and statistical inspection, we
can conclude that the there is no difference in the quality of the
map. Hence, when using our approach, one can use multiple
UAVs to create an orthomap of the ROI without sacrificing
quality, as originally intended.

Building on the foundations set in this paper regarding
multi-UAV path planning and surveying, there are several
groundbreaking directions that can be explored to extend the
capabilities and applications of UAV swarms. Here are some
innovative ideas to extend the concept in future work:

1) Adaptive Real-time Path Planning: Improve multi-UAV
systems with real-time path planning, that adapts to
dynamic changes like weather and obstacles, using ad-
vanced sensing and AI.

2) Autonomous Swarm Collaboration: Enhance UAV
swarm autonomy for complex missions through task
allocation, formation flying, and collaborative sensing,
without human intervention.

3) Swarm Intelligence for Environmental Monitoring: Uti-
lize swarm intelligence for efficient environmental mon-
itoring, learning and adjusting paths dynamically, useful
for tracking climate change effects.
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