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Abstract—The popularity of unmanned aerial vehicles (UAVs)
have been increasing recently thanks to their enhanced functionalities and decreasing manufacturing costs. Many military and
civilian applications involve UAVs for usecases/missions ranging
from surveillance to search and rescue. However, despite their
advantages, UAVs typically require near ubiquitous network connectivity for a successful fulfillment of their missions, which is a
challenging task to achieve. In this paper, we study the trajectory
optimization for cellular-connected UAVs with a disconnection
duration constraint. That is, the UAV with the mission of flying
from a start location to a final location needs to find a path
during which it does not lose its cellular connection via one
of the ground base stations (GBS) in the area more than a
given time constraint. As the problem is difficult to be optimally
solved, we propose a dynamic programming based approximate
solution within polynomial time. In simulations, we show that
the proposed approach can achieve close-to-optimal results with
remarkably low computation costs and its accuracy could be
increased with more granularity added to the approximation.
Index Terms—Drones, dynamic programming, path planning,
trajectory optimization, UAV networks.

I. I NTRODUCTION
Recently, unmanned aerial vehicles (UAVs), also known
as drones, have attracted extensive commercial and academic
interest as they offer many advantages such as high mobility,
low cost, and on-demand deployment. Even though there are
barriers to ubiquitous use of UAVs such as compliance to
flight regulations, UAVs are becoming more practical and
affordable, and taking significant roles in our society. Today,
use of UAVs range from hobbies (e.g., selfie taking [1], [2])
to transportation (Amazon delivery [3], [4]), communication
(Facebook Aquila [5], Google Balloon [6]), surveillance for
public safety [7], [8], agriculture [9], and construction [10]–
[12]. With their large scale adoption, decreasing costs, and
rapid technological advancements that add to their capabilities,
UAVs offer a tremendous opportunity to revolutionize critical
emergency applications such as search-and-rescue (SAR).
A major challenge for operating UAVs during a mission
is path planning: the UAV trajectory needs to be carefully
designed such that the application requirements are satisfied.
For example, for time critical emergency applications that
UAVs are involved in such as SAR, a mission trajectory that
maintains a continuous communication with the ground base
stations (GBSs) could be vital. While most of the commercial UAVs today use point-to-point communication with their
ground controllers over the unlicensed spectrum with limited
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Fig. 1: Two dimensional view of a sample scenario with 5
GBSs and a UAV that needs to travel from a starting location
(LS ) to a final destination point (LF ). The ranges of GBSs are
drawn considering the minimum distance required to achieve
desired throughput between the UAV and the GBSs.
performance, it has been shown that supporting UAVs using
LTE networks [13]–[16] can extend the UAV operational range
beyond LoS range.
Thanks to the investment done by various mobile operators,
today, most of population areas worldwide are covered with
cellular (e.g., LTE) connectivity yielding a high throughput,
reliable and secure communication opportunity with another
user at another location over the globe. With the upcoming
5G networks, this will reach higher performance and will help
realizing more throughput hungry operations (e.g., streaming)
and provide longer range of communication. However, due to
the potential rural and unpopulated operation areas of UAVs,
they may have partial or no cellular connectivity during their
mission, especially when deployed at higher (e.g., millimeterwave [17]) frequencies at 5G bands that face higher path
loss and blocking effects compared to lower frequencies. This
might result in interrupted communication with the operation
base and might affect the success of the operation.
In this paper, we study the path planning of cellularconnected UAVs with disconnectivity constraint. An example
scenario is illustrated in Fig. 1, with several GBSs and a

single UAV. The mission for the UAV is to fly from a start
location, LS , to a final location, LF , without having more
than a given disconnectivity duration continuously. As the
coverage by all the GBSs in the figure does not make it
possible to fly over a straight path between the given points,
the optimum path should in any case include a disconnectivity
time. Given a threshold for the allowed disconnectivity duration, the optimum path might be different. Moreover, even
for the areas with existing possible paths that offer continuous connection, it may not be reasonable to unnecessarily
prolong trajectory just for the sake of having continuous
connectivity as this can increase the energy consumption. With
some tolerance to disconnectivity, much better paths could be
achieved. Note that such a disconnectivity threshold still has
to be determined carefully without affecting the periodic data
uploads/downloads required by the application as well as the
control of the UAV.
We formulate the optimum trajectory finding problem for
cellular-connected UAVs between a pair of points without
exceeding a maximum disconnectivity duration. As the formulated problem is difficult to solve in general, we propose
an approximated path based solution. To this end, we first
define potential points using an overlay grid on the area for
the movement of the UAV. Then, we formulate an efficient
dynamic programming based solution under the given constraints. With the simulation results, we show that the proposed
approximation path finding algorithm gives within 1% error
of optimal results with a significantly reduced computation
complexity. Moreover, its accuracy could be increased with
more granularity added to the approximation.
The rest of the paper is organized as follows. We discuss
the related work in Section II. In Section III, we provide the
system model and describe the problem. Section IV presents
the proposed model and the dynamic programming based
approximated solution to the problem. Then, in Section V, we
provide simulation results to validate the performance of the
proposed design. Finally, we conclude the paper and provide
future works in Section VI.
II. R ELATED W ORK
UAV trajectory design or path planning is essential for
network performance optimization. Thus, it has been a major
research area in the existing literature on UAVs. However,
most of the studies are restricted to UAVs in the role of
assisting cellular communication [18], in which the UAV
provides cellular access to the other users by acting as a mobile
relay or aerial base station. Several studies in that scenario
have been conducted for a safe UAV navigation with various
constraints such as interference management with other UAVs
in the area [19]. In [20], joint optimization of communication
power allocation and trajectory has been studied for mobile
relaying systems to maximize the throughput. A distributed
path planning algorithm is presented in [21] for multiple UAVs
to deliver delay sensitive information to different nodes. An
energy-efficient path planning is studied in [22]. In [23], a
mobility model that combines multiple constraints such as

coverage, connectivity, and energy has also been studied for
better path planning.
Compared to the literature on UAV-aided wireless communication systems, there are a few work that have looked at the
path planning for cellular-connected UAVs. In [24], a trajectory optimization for cellular-connected UAVs is investigated
while maintaining its wireless connectivity with one of the
GBSs at each time instant. However, the proposed solution
only works if it is feasible to find a path with a continuous
cellular connectivity which may not be true especially in
wild and unpopulated areas. In [25], an interference-aware
path planning for cellular-connected UAVs is studied and a
deep reinforcement learning algorithm based on echo state
network cells is proposed to achieve better wireless latency
per UAV. An interesting approach is presented in [26] for
trajectory optimization of cellular-connected UAVs for best
multi-casting performance. Avoiding the low-coverage cellular
during the flight of UAVs has also been studied in [27], with
the concept of holes-in-the-sky. However, their focus is to
define an accurate prediction model for aerial signal strength
and let the UAV use it for better connectivity. In this paper,
different to the previous work, we look at the path planning
problem for cellular-connected UAVs for the rural areas where
it may not be possible to find a continuously covered path or
a limited disconnectivity might be tolerated to achieve better
efficiency for the missions.
III. S YSTEM M ODEL
We assume that there is a single cellular-connected UAV
flying with a constant speed of V at a constant altitude
of H meters (m). The set of GBSs are denoted by G =
{g1 , g2 , . . . , gK }, with |G| = K. The communication between
the GBSs and the UAV is achieved through LTE or new generation 5G cellular communication technology. The mission of
the UAV is to fly from a start location, LS , to a final destination
point, LF , on an area of size N meters by M meters. The
constraint for the UAV is, not to lose its cellular connection
(i.e., maintaining a link with with one of the GBSs) more than
τmax time units.
The location of ith GBS, gi , is denoted as (xi , yi , zi ) using
a Cartesian coordinate system. For the sake of simplicity, we
assume that all the GBSs have the same altitude, which is
equal to HG (i.e., zi =zj =HG ∀i, j ∈ [1, K]). Furthermore,
we denote the start location with (xS , yS , zS ) and the end
location with (xF , yF , zF ), where zS = zF = H. As the UAV
will be moving, we denote its location at time t with (x(t),
y(t), H), with 0 ≤ t ≤ Tmax , where Tmax is the maximum
flying time of the UAV at that constant speed V with its current
battery capacity.
Each GBS and the UAV is assumed to be equipped with
a single antenna with omni-directional unit gain. Moreover,
similar to previous work [24], the channel between the UAV
and a GBS is assumed to be dominated by the LoS link.
Given the specifications of the GBSs, a range R is defined
for minimum SNR needed for the communication between

the UAV and the GBSs. This could be computed using the
following equation [24]:
r
γ0
R=
− (H − HG )2
Smin
where γ0 = Pσβ20 denotes the reference SNR, with P as the
transmission power of each GBS, σ 2 as the noise power at
the UAV receiver, and β0 as the channel power gain at the
reference distance of 1m. Smin above is the minimum required
SNR value for the communication between the UAV and the
GBSs in the application. We assume that the SNR at the
receiver UAV shows the connectivity quality for the cellularconnected UAV communication.
The goal is to minimize the UAV trajectory distance,
D, without staying out of range more than τmax time
units continuously. Note that as for the sake of simplicity
we assume the speed of the UAV is constant, the distance traveled by the UAV for each time unit (e.g., sec)
will be the same. Thus, the minimum distance will also
give the minimum mission travel time, without exceeding a continuous flight distance of dmax that is out of
the ranges of GBSs. Let P (LS , LF ) = <(x0 , y0 ), (x1 , y1 ),
(x2 , y2 ),. . . (xT −2 , yT −2 ),(xT −1 , yT −1 ),(xT , yT )> denote the
path between the start and final locations that lasts T time units
where (xi , yi ) denotes the horizontal position of the UAV at ith
time unit. Moreover, let CP = <c0 ,c1 ,c2 . . .,cT −1 ,cT > denote
the set of binary values (e.g., 0 or 1) that indicate whether the
locations at each time unit on path P is within R distance of
at least one GBS or not. That is:
(
(g .x,g .y)
1, if ∃gk ∈ M s.t. dist(xki ,yi ) k ) ≤ R,
ci =
0, otherwise.
where,
(x,y)

dist(i,j) ) =

p
(x − i)2 + (y − j)2 + (H − HG )2

grid overlay on the area with the UAV and GBSs. The size of
each cell is set to 1m by 1m, thus, for example, an area with
1 km by 1 km is represented by a 1000 by 1000 grid overlay.
Each point in the grid represents the potential locations of the
UAV during its movement from start location to the final point.
Let N (i, j) denote the neighbor points of point (i, j) at the
grid. That is:
N (i, j)

(x,y)

= {(x, y) | dist(i,j) ≤ nr and (x, y) 6= (i, j)}

Here, nr is the predefined neighbor range and defines the
granularity of the algorithm together with the size of the each
grid cell.
Moreover, let Dij denote the minimum trip distance to reach
the grid point at (i, j) and Iij denote the interrupted cellular
connection (i.e., disconnectivity) distance that the UAV have
traveled just before reaching to the point (i, j) during this trip
with minimum distance. Note that if the point (i, j) is already
covered by a GBS, Iij = 0. On the other hand, it shows the
distance traveled since the last covered point.
The minimum trip distance to point (i, j) has to satisfy the
following equation due to the subproblem concept.
Dij (t + 1)

=

∀(x, y) ∈ N (i, j) and
(x,y)

Ixy (t) + dist(i,j) ≤ dmax

min

T

(1)

s.t.

(x0 , y0 ) = (LS .x, LS .y)

(2)

(xT , yT ) = (LF .x, LF .y)

(3)

(ρ(t) − t − 1) ≤ τmax , ∀t ∈ [0, T ] w/ ct = 1 (4)
where ρ(t) = arg min {cs = 1}
∀s>t

Here, (2) and (3) set the first and last points of the path as the
starting and destination locations, respectively, and (4) ensures
that there does not exist a continuous duration more than
τmax without being covered by any GBS. As this formulated
problem is difficult to be optimally solved, we propose a
dynamic programming based approximate solution within a
low complexity in the next section.
IV. P ROPOSED DYNAMIC P ROGRAMMING A PPROACH
In this section, we present a dynamic programming based
approximate optimum trajectory calculation for a cellularconnected UAV between a pair of locations. We first add a

(5)

That is, if the UAV can reach to point (i, j) from a neighbor
point (x, y) without exceeding the limit for the disconnected
duration and if it is less than the costs of the paths previously
calculated, the new optimal path will be from that neighbor
point. If the update in (5) is repeated with sufficient number of
times, then the optimal path will be reached for the UAV under
the given constraint. The number of such required iterations,
X , could be derived by:
X =

The objective function can then be formulated as:

(x,y)

min{Dxy (t) + dist(i,j) },

NM
4R2 (nr )2

(6)

This is because the GBSs could be distributed in a way that
their coverage areas do not overlap and the only way to
pass between them occurs only at the end and beginning of
every other row. Thus, for example, the UAV may need to fly
from east to west and back from west to east multiple times
sweeping the entire area with such zigzags. Due to the design
of the algorithm, as the update for the UAV location could
occur with the maximum distance of nr at every iteration, it
can reduce the number of iterations needed. However, those
neighbor based updates at every iteration will still be counted
towards the algorithm’s complexity. Note that (6) calculates
the iterations needed for the worst possible case, however a
smaller value could be calculated using the relative positioning
of LS and LF with respect to the distribution of the GBSs.
In Algorithm 1, a pseudocode of the proposed dynamic
programming approach for the optimal trajectory finding is
presented. As the minimum distance to some points in some
specific maps could be obtained after X iterations at the latest,
D and I arrays are created to store the status for each point at

Algorithm 1: Trajectory Finder w/ Dynamic Programming
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

17

18
19
20
21
22
23
24
25
26
27
28
29
30
31

for t = 1 to X do
for i = 0 to N do
for j = 0 to M do
D[i][j][t] = ∞
I[i][j][t] = ∞
end
end
end
D[Ls .x][Ls .y][0] = 0
I[Ls .x][Ls .y][0] = 0
for t = 1 to X do
for i = 0 to N do
for j = 0 to M do
for ∀p = (px, py) ∈ N (i, j) do
(px,py)
∆d = dist(i,j)
if D[px][py][t-1] + ∆d < D[i][j][t]
then
if ((I[px][py][t-1] + ∆d ≤ dmax )||
(C[i][j]==1) then
D[i][j][t]=D[px][py][t-1] + ∆d
Π[i][j]=(px, py)
if C[i][j]==1 then
I[i][j][t]=0
else
I[i][j][t] = I[px][py][t-1] +
∆d
end
end
end
end
end
end
end
return D[Lf .x][Lf .y][X -1]

each iteration. Initially, for all points, D and I values are set
to ∞ (lines 1-8). Then, since the UAV starts from the location
LS , the D(LS .x, LS .y) and I(LS .x, LS .y) is set to 0 for the
start location (line 9-10). After this initial setup, the check
(lines 16-17) for any update for each point is iterated X times
and the optimum path with the minimum possible distance (or
travel time) is found (lines 11-31). At every iteration, once an
update is done for a point, its updating neighbor point is also
recorded in Π[i][j] for finding the actual path (line 19). Note
that, even though two consecutive points on a path are both
covered by a GBS on the map, it is still possible that some
small portion of the traveled line between these points could be
uncovered. In order to improve the accuracy in that sense, an
accurate uncovered distance, ∆d (line 23), could be calculated
by dividing the path into small parts and checking if each part
is covered. However, such a check should be done only if there
is an update needed not to increase the algorithm’s complexity unnecessarily. Without that improvement, the complexity

Algorithm 2: Trajectory Readout
1
2
3
4
5
6
7
8
9
10

curLoc = (Lf .x, Lf .y)
continue = true
while continue do
preLoc = Π[curLoc.x][curLoc.y]
print preLoc
curLoc = preLoc
if preLoc = LS then
cont = f alse
end
end

of the algorithm is O(X N M ), where O shows the big-oh
notation.
Algorithm 1 only returns the minimum path distance under
the given disconnectivity constraint. The actual path for the
found path could be readout by Algorithm 2. As the neighbor
location that updates a point on a trajectory with smallest
possible distance is stored at Π[i][j], the algorithm reads
these values starting from the final location towards the start
location.
V. S IMULATION R ESULTS
In this section, simulation results to evaluate the performance of the proposed dynamic programming based trajectory
finding algorithm for different deployments are presented.
Specifically, we have generated two different maps with different number and distribution of GBSs over the area. In the first
one shown in Fig. 2, 6 GBSs are deployed in a way that there
is a possible path without interrupting the connectivity and
the coverage areas of the some GBSs overlap with each other,
providing shorter paths through their intersecting points. The
second map is shown in Fig. 3. There are 9 GBSs deployed
without any overlap. The start and final locations of the UAV is
also selected in a way that the size of the path could potentially
be more than the sum of sides of the area. This is to observe
the need to run the outer loop of the algorithm with necessary
number of iterations. Note that in both maps, we show the x
and y coordinates with time units traveled. Table I shows the
summary of the rest of the parameters and their corresponding
values used for the simulations. We have taken some of these
values from [24]. Under the given parameter settings, R can
be derived as 10 time units, which is equal to 500m.
When we look at the results in Fig. 2, we first observe
that the path with continuous connectivity requirement all the
way to the destination is achieved through the intersection
points (e.g., handover locations between neighbor GBSs) as
also shown in [24]. However, due to the current granularity
used in the algorithm it shows slight diversions which is less
than 1%. Moreover, with a very high disconnectivity tolerance,
the found trajectory is close to the straight line with a 1.1%
difference. For the other tolerance levels in between these, a
different path is obtained.

TABLE I: Simulation settings.
60

Map 2
(80, 60)
9
(46, 46)
(75, 55)
90m
12.5m
80dB
26.02dB
50 m/s
3
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max disconnected duration = 4
max disconnected duration = 2
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In Fig. 4, the path lengths calculated under different maximum disconnection duration on the two maps is shown.
Note that since there is no feasible path with dmax set to
1 and 0 time units, corresponding lengths are not plotted. It
is interesting to observe that the path lengths do not change
for certain ranges of dmax for both maps (e.g., from 7-10).
This is because the deployment of GBSs in both maps does
not offer any trajectory with smaller distance even though the
limit is relaxed.
Finally, we plot the difference of the obtained path distances
from the optimal results we found with exhaustive search.
Fig. 5 shows these values for both maps. We observe that
the proposed dynamic programming based approximated path
finding algorithm achieves around 2% more path length,
with nr = 3, compared to the optimal paths with different
constraints used. However, as it is shown in the figure, if we
start checking more neighbors at every iteration (e.g., nr = 6),
the difference could be decreased to less than 1%.

50

Fig. 2: Trajectories with different constraints on Map 1.

y (time units)

In Fig. 3, three different paths are plotted. Since the deployment of GBSs does not make it possible to have a path
with continuous connectivity, we plot the one with minimum
possible disconnectivity (i.e., 2 time units of travel). The path
with that setting is a zigzag style path which requires multiple
travels of the area from one side to the other. Thanks to the
iteration count, X , set appropriately, optimal path is obtained
for such cases too. An interesting observation is, the simulation
with maximum disconnection duration set to 12 time units
generates a path where one GBS (i.e., the neighbor of the
GBS with final location) is visited for a time unit only to
break the current disconnectivity duration and the new disconnectivity period has started. Even though this is expected per
design, it might be reasonable to set a minimum connectivity
duration (e.g., τ min ) needed to have necessary communication
opportunity (e.g., for uploads of the data cumulated during
disconnected duration) after a disconnectivity duration. To this
end, the algorithm could be easily extended by setting another
constraint similar to (4) such as:
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Fig. 3: Trajectories with different constraints on Map 2.

VI. C ONCLUSION
In this paper, we investigate the trajectory optimization for
cellular-connected UAVs under a continuous disconnection
duration constraint. The UAV has the mission of flying from a
pair of locations without losing its cellular connection with
one of the ground base stations (GBS) more than a given
time constraint. We formulated the problem and provided a
dynamic programming based approximation solution within
reduced complexity. Simulations results show that the proposed approach can achieve close-to-optimal results while
having low computation costs. Moreover, its accuracy could be
increased with more granularity added to the approximation.
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Fig. 4: The change in the length of the trajectory with different
maximum disconnection time constraints.
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Fig. 5: The difference of obtained path distance from optimal
path.

In our future work, we will extend the ideas here involving the
battery capacity of the UAVs and try to optimize the mission
completion times that require multiple trips.
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