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ABSTRACT
Persistent surveillance is an essential tool in many damage pre-
vention and mitigation scenarios. Existing approaches to conduct
surveillance over an area either require deploying static equipment
on the ground or are expensive and have a high ecological footprint.
The era of commercial drones has facilitated the development of
lightweight, agile vehicles that can carry a wide variety of payloads
with a very low ecological footprint. In this paper, we present a
new airborne surveillance system using drone swarms. We explore
the concept of Swarm Utility and present a mobility model for
persistent surveillance that achieves maximum utility while being
energy efficient. We program the drones in the swarm to follow
trajectories defined by the model, eliminating the need to control
the drones manually. Additionally, we augment our system with an
object detection framework that runs on accumulated video feed
streamed by the swarm to detect objects of interest in the area with
high accuracy.
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1 INTRODUCTION
Persistent surveillance is the process of persistently monitoring an
area for any event of interest. It is an essential tool in many sce-
narios such as criminal apprehension, disaster management, recon-
naissance missions, wildlife protection and traffic monitoring [3].
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An area of interest is typically monitored by security cameras that
transmit live video feed to control rooms. In big cities like Los Ange-
les and in remote areas, law enforcement agencies also use choppers
to circle an area of interest at low heights to monitor for adverse
events. The pilot relays information about the events to on-ground
units that use this information and take necessary action. These
approaches have their own limitations with respect to deployment,
maintenance, and security. Deploying security cameras around an
area requires on-ground infrastructure and regular maintenance
to tolerate asset destruction and theft. Helicopter operations have
triggered concerns about the safety of personnel in adverse weather
conditions and the noise from whirring choppers [6].
UnmannedAerial Vehicles (UAVs) or drones can carry awide variety
of payloads. Many commercial drones come with HD and Infrared
Cameras, which are an ideal choice for providing HD video feed
of on-ground events in real-time. They are relatively easy to de-
ploy and maintain than security cameras, and their mobility gives
them an edge over fixed infrastructure. They are also much safer
to operate, cost-effective, and are quieter than choppers. Recent
developments in communication technology have extended their
operation ranges [4].
Drones are operated by pilots through a Ground Control Station
(GCS). Piloting a drone has a learning curve that requires an under-
standing of the aerial dynamics of drone flights. Today’s commercial
drones are equipped with features like waypoint navigation and
trajectory following using GPS, which ease the burden on the pilot.
The drone also streams HD video to the GCS, using which the pilot
can monitor the area. This approach, called a semi-autonomous
drone flight, works well for an individual pilot-drone pair. In the
semi-autonomous setting, a) Drones do not take decisions indepen-
dently or coordinate with each other. They only move using GCS
commands. b) The GCS sends commands according to pre-defined
trajectories without the pilot having to control every drone in the
swarm manually.
Challenges andContributions. Individual drones have a restricted
Field-of-View (FoV) and limited energy resources, which limits their
effectiveness in an application like persistent surveillance over big
areas. However, swarms of drones functioning as a distributed sys-
tem can be used to overcome these limitations and scale surveillance
to larger areas. Keeping the limitations of drones in mind, a drone
swarm must achieve maximum utility, while not wasting energy.
We formally define drone and swarm utility in Section 2
Various works that have been published in the past [1, 2, 12] lack
emphasis on swarm utility. These swarm models are not suitable
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for persistent surveillance because they are not optimized for util-
ity and periodic motion. We present a swarm mobility model that
achieves maximum utility and discuss a tradeoff between the fre-
quency of visitation and the area covered by the swarm with a fixed
number of drones. Additionally, we automate the deployment and
control of the swarm by implementing a semi-autonomous trajec-
tory setting.We also implement an object detection system based on
YOLOv3 [13, 14] that processes video feed from the swarm to assist
the drone pilot in surveillance. An added advantage of our system is
that it is non-invasive, does not involve complex drone engineering,
and is compatible with any commercial drone that supports way-
point navigation. We evaluated this system in a parking lot scenario
with a testbed of 2 drones functioning as a swarm where the system
tracks vehicles moving in and out of the area. To approximate the
computation in future variants of our drone-based surveillance, we
will leverage our approximate vision algorithms that also satisfy
end-to-end latency requirements that may be needed for near-real
time decision making [15, 21, 22].

2 PROBLEM STATEMENT AND SOLUTION
APPROACH

Our surveillance system contains a swarm of drones of size 𝑛. We
deploy our system for a coverage area of 𝐴. In 𝐴, we assume that
adverse events can occur throughout the area uniformly randomly
at any given time. Say an event 𝑒 occurred at location 𝑙 on the map.
The time of occurrence is 𝑡𝑜 , and the time of event sighting by a
drone is 𝑡𝑠 . We require:

𝑡𝑑 = 𝑡𝑠 − 𝑡𝑜 ≤ Δ (1)

where Δ is the maximum event sighting delay. The objectives we
are trying to achieve are (a) Keep the maximum time delay <= Δ
and (b) Maximize coverage 𝐴 while objective (a) is true. We assume
that the swarm operates in a semi-autonomous mode and takes
commands from the GCS. The swarm streams video of the area to
the GCS, where we run our object detection.
Traditionally, persistent surveillance using security cameras implied
continuous observation with no time delay, i.e., Δ = 0. However, a
constant finite time delay Δ is a reasonable compromise for higher
coverage.Wemake use of the mobility of drones to create a dynamic
system with user-specified characteristics.
Drone Utility and Swarm Utility. The area covered by a drone
𝐴𝑑𝑟𝑜𝑛𝑒 (𝑡) is the total area captured by the drone’s camera from time
𝑡 −Δ to 𝑡 . According to Eq. (1), the coverage of an area expires after
time Δ. The utility of a drone 𝜌 is the rate of change of 𝐴𝑑𝑟𝑜𝑛𝑒 (𝑡).
Similarly, we define Swarm Utility 𝜎 to be the rate at which the
swarm covers area.

𝜌 =
𝑑𝐴𝑑𝑟𝑜𝑛𝑒 (𝑡)

𝑑𝑡
(2)

𝜎 =
𝑑𝐴𝑠𝑤𝑎𝑟𝑚 (𝑡)

𝑑𝑡
(3)

We say that a drone swarm is at its maximum utility at time 𝑡 when
the areas covered by drones do not overlap at 𝑡 .
We approach the problem in the following steps:
(1) We capture the dependence of 𝜌 on drone height ℎ and velocity
𝑣 . Additionally, we analyze the impact of swarm structure on 𝜎 .

(2) Based on the principles of swarm utility, we design a swarm
mobility model for surveillance that exhibits maximum swarm
utility, based on the Circular Mobility Model [20].
(3) We map the tradeoff between delay Δ and the coverage 𝐴 and
present insights on optimizing swarm configurations.

3 RELATEDWORK
Drones have been used in applications like search and rescue [9],
mobile network coverage [5, 16], and surveillance [10]. Danilchenko
et. al. [5] talks about statically deploying a drone swarm to provide
network coverage to targets on the ground. Static deployments
surveil lesser area compared to mobile swarms because they do
not move. Bouachir et. al. and Bujari et. al. [1, 2] present mobility
models for UAV swarms that prioritize ad-hoc network connectivity
and area coverage. These works describe inherently randomized
mobility models, which are not suited for persistent surveillance
with strict Δ requirements. Pokhrel et. al. [12] talks about a convoy
of drones that travel in a tightly packed manner. Tightly packed
swarms have low utility because their coverage area overlaps with
one another.
Montanari et. al. [10] presented a systemwhere a drone autonomously
decides its trajectory by assessing the situation on the ground using
an object detection program on an NVIDIA Jetson TX2, mounted
on the drone. This work is orthogonal to our system, where the job
is not to act autonomously but to reliably transmit the feed of any
perceived threats to the operator with minimal delay. Singh et. al.
[17] also presents a surveillance system using a drone that recog-
nizes violent humans through object detection. Mishra et. al. [9]
uses object detection but the drone is trained to recognize humans
calling for help in a disaster situation. These systems use only one
drone and do not scale to large areas. Huang et. al. [8] describes
a concept known as Robot Patrolling in which patrolling robots
maintain a given interval between visits. However, their techniques
are not optimized for drones and on-ground robots have distinct
motion dynamics from surveillance drones.

4 SYSTEM OVERVIEW
4.1 Drone Utility
Drone utility 𝜌 depends on the height ℎ and horizontal velocity 𝑣 of
the drone. We assume that the angle-of-view of the drone’s camera
is \ . A modern consumer drone comes with a gimbal that positions
the camera at a given angle 𝛼 . The Field of View of the drone is
shown in Fig. 1. The width of the FoV𝑤 is calculated as follows.

𝑤 = ℎ(𝑡𝑎𝑛(\
2
− 𝛼) + 𝑡𝑎𝑛(\

2
+ 𝛼)) (4)

Gimbal angle. The gimbal angle can be varied by the type of
objects to be recognized and the corresponding object detection
accuracy. However, we fix the 𝛼 = 0 for our analyses.

𝑤 = 2ℎ.𝑡𝑎𝑛(\
2
)

=⇒ 𝜌 = 2.ℎ.𝑣 .𝑡𝑎𝑛(\
2
) (5)

When 𝛼 = 0,the FoV can be assumed to be rectangular, with the
larger side ®𝑤 and the smaller side ®𝑏.Given that the drone is moving
with velocity ®𝑣 , the covered area is maximum when its movement
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Figure 1: FoV of a drone, flying at height ℎ, camera view an-
gle \ , and gimbal angle 𝛼

direction is perpendicular to ®𝑤 , =⇒ ®𝑣 ⊥ ®𝑤 . We configure the
drone and the camera such that this condition is always true. Drone
utility:

𝜌 =
𝑑𝐴𝑑𝑟𝑜𝑛𝑒

𝑑𝑡
= 𝑤

𝑑𝑏

𝑑𝑡

= 𝑤𝑣

(6)

As a drone moves in a specific direction, the area covered by it is a
sweep of the FoV along the trajectory. 𝜌 increases linearly with the
velocity 𝑣 and height ℎ. However, the information captured about
objects on the ground deteriorates with the increase in ℎ and 𝑣 .
The relationship between ℎ, 𝑣 , and the object detector’s accuracy
depends on factors like the type of objects, topology of the training
set, and the drone’s camera quality. We assume that for a given
drone, there will exist an optimal 𝜌𝑚𝑎𝑥 when the object detector
can detect all the objects on ground with minimal information loss.
We empirically compute the optimal height and velocity.

4.2 Swarm Utility
We assume all the drones to move at the same height ℎ and velocity
𝑣 to ensure the homogeneity of the swarm. A swarm of 𝑛 drones is
at its maximum utility 𝜎𝑚𝑎𝑥 when their FoVs do not overlap with
each other. For example, consider 𝑛 drones arranged in a straight
line and are moving perpendicular to the line. 𝜎 is maximum when
the drones are separated by at least 𝑤 . This swarm achieves a
𝜎𝑚𝑎𝑥 = 𝑛𝜌 .
Deviation from trajectories. Drones can deviate from their tra-
jectories due to ambient forces. When the swarm utility is 𝜎𝑚𝑎𝑥 =

𝑛𝜌 , minor deviations from trajectories will result in surveillance
gaps. We assume 𝛿 to be the maximum deviation from the intended
trajectory.

4.3 Mobility Model
Adrone conducting persistent surveillancemust be in a periodicmo-
tion to satisfy Eq. (1). We deploy the drone swarm in concentric cir-
cular regions centered at point 𝑝 and separated by𝑤𝑑 = 𝑤𝑚𝑎𝑥 − 2𝛿
as shown in Fig. 3. This deployment model restricts the surveillance

Figure 2: FoV of a swarm with drones at different distances.

Figure 3: Circular orbit model for drone swarms.

area to be circular. However, applications like criminal apprehen-
sion and disaster management do not generally have strictly de-
fined boundaries for surveillance. Hence, we prioritize maximizing
swarm utility 𝜎 and judiciously spending the swarm’s energy re-
sources while ensuring that Eq. (1) holds throughout the deployed
area.
The radius of the first circle is 𝑤𝑑

2 , and the subsequent radii in-
crease as an arithmetic progression with common difference 𝑤𝑑 .
We call these circles orbits in which drones rotate. The area under
surveillance in orbit 𝑖:

𝐴𝑖 = 𝜋𝑤2
𝑑
((𝑖)2 − (𝑖 − 1)2) = 2𝜋 (𝑖 − 0.5)𝑤2

𝑑

We allocate 𝑛 drones to orbits by deploying 𝑓 (𝑖) drones in the 𝑖th
orbit. We assert that 𝑓 (𝑖) ≥ 1∀𝑖 . Δ in the 𝑖th orbit is:

Δ𝑖 =
2𝜋𝑤𝑑 (𝑖 − 0.5)
𝑣𝑚𝑎𝑥 𝑓 (𝑖)

(7)

Given that the maximum delay in all orbits is Δ,

𝑓 (𝑖) =
⌈2𝜋𝑤𝑑 (𝑖 − 0.5)

𝑣𝑚𝑎𝑥Δ

⌉
(8)

Initial Positioning. The drones rotating in a particular orbit must
always be equidistant from each other. Before the swarm starts
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surveillance, drones in orbit 𝑖 must be positioned in an equidistant
manner. Out of 𝑓 (𝑖) drones in the orbit 𝑖 , we position the drone 𝑗

at location:

𝑙 𝑗 = ((𝑖 − 0.5)𝑤𝑑 .𝑐𝑜𝑠 (𝜙 𝑗 ), (𝑖 − 0.5)𝑤𝑑 .𝑠𝑖𝑛(𝜙 𝑗 ), ℎ𝑚𝑎𝑥 )

𝜙 𝑗 =
2𝜋 ( 𝑗 − 1)

𝑓 (𝑖) ,∀𝑗 ∈ [1, 𝑓 (𝑖)]

Swarm utility 𝜎 will depend on the estimate of trajectory deviation
𝛿 . We assume that the deviation will be negligible compared to
𝑤 , implying 𝑤𝑑 ≈ 𝑤 . Since consecutive orbits are separated by
𝑤𝑑 , FoVs of drones in different orbits will not overlap. Hence, the
swarm utility 𝜎 ≈ 𝜎𝑚𝑎𝑥 . Additionally, we also need to keep in mind
that packing way too many drones into a single orbit will result in
overlapping FoVs for drones in the same orbit, reducing 𝜎 .
Predictability and Energy-Efficiency of Circularmotion. Cir-
cular motion is the most energy-effective way to cover an area
periodically. The energy spent by a drone in changing its direction
to return to its starting point is zero in case of circular motion.
The centrifugal force 𝐹𝑐 = 𝑚𝑣2

𝑟 acting on a drone moving in a cir-
cular path does not do any work on the drone because the force
and distance vectors are perpendicular to each other. However, this
property is true for other trajectories with smooth turns.The unique
advantage of circular orbits over other smooth-turn trajectories
is if the velocity of the drone moving in a circle is constant, the
acceleration is also constant throughout the journey. This prop-
erty ensures that the drone’s motion is homogeneous throughout
the trajectory, making it easy to estimate the worst case delay Δ.
Additionally, this predictability is also of great use in predicting
other parameters of drone flight, such as time and place of battery
exhaustion and pinpoint location identification of perceived threats
in the presence of network and detection delays. Wan et. al. and
Wang et. al. [19, 20] capture other benefits of circular trajectories,
e.g., low collision probability between drones.
Coverage vs. delay (Δ) tradeoff. When the size of the swarm is
𝑛, the value of Δ directly influences the swarm’s coverage. However,
there must be at least one drone in every orbit so the maximum
area that the swarm can surveil is:

𝐴𝑚𝑎𝑥 = 𝜋𝑤2
𝑑
𝑛2

Δ = Δ𝑚𝑎𝑥 =
2𝜋𝑤𝑑 (𝑛 − 0.5)

𝑣𝑚𝑎𝑥
.

On the other end of the spectrum, we can achieve Δ = 0 by deploy-
ing the swarm statically over an area.

𝐴𝑚𝑖𝑛 = 𝑛𝐴𝑑𝑟𝑜𝑛𝑒 = 𝑛𝑤𝑏

Δ = Δ𝑚𝑖𝑛 = 0

Other forms of surveillance applications. 𝑓 (𝑖) can be specified
according to the type of surveillance required. In case of perimeter
surveillance [18], we deploy more drones in the outer orbits to
ensure stricter vigilance on the borders. Similarly, when the task
is protecting a target from adversaries, inner orbits should have a
higher drone concentration.

4.4 Object Detection
The pipeline used to process the video feed from the drones is based
on the Real-Time Messaging Protocol (RTMP). The drone streams

Figure 4: Overview for object detection from drone feed.

video to the GCS. The GCS uploads the video feed to a web server
using the RTMP protocol—a protocol commonly integrated with
popular drone APIs. The RTMP server acts as an ingest for multiple
incoming drone video feeds. The client then pulls these streams and
passes them through the object detection API (YOLOv3). Whenever
the client detects an object of interest, it sends notifications contain-
ing the following: the drone location, the timestamp, the position
in the image frame (bounding boxes), class of object detected, and
the detection confidence.

5 EXPERIMENTS AND PERFORMANCE
ANALYSIS

We evaluated our system in a parking lot setting where we moni-
tored the movement of cars. For our experiments, we used a sys-
tem of two drones - DJI Phantom 4 Pro and DJI Mavic 2 Pro. We
programmed the drone’s trajectories using DJI Mobile SDK, more
specifically, the Android API. The embedded Jetson-class device—
Xavier AGX—hosted an nginx [11] RTMP server, to which the GCS
uploads video feeds. The same Xavier also acted as the client that
pulled the streams from the server using OpenCV, and passed the
frames through YOLOv3 [14], trained on [7].

5.1 FoV of Drone
We experimentally determined the maximum height at which the
drone can reliably detect all the vehicles on the ground. We pro-
gressively increased the Drone height ℎ and measured the client’s
detection accuracy as Mean Average Precision (mAP) in Fig. 5a.
After ℎ = 150ft or 45m, the accuracy of the program degrades grad-
ually. Hence, we set the ℎ = 150ft. The detection accuracy can be
traded for coverage area by deploying the swarm at higher altitudes.
We also study the variation of detection accuracy w.r.t. velocity in
Fig. 5b. The maximum velocity of both the drones in our experiment
in a circular trajectory is 𝑣 = 8.94m/sec. At ℎ = 45m, the mAP is
maximum and does not vary much with changing velocity. Hence,
we set the velocity of the swarm 𝑣 = 20 mph or 8.94m/sec.
Trajectory deviation. We set the drone on a circular orbit of ra-
dius 𝑤

2 . We measured the maximum deviation of the drone from its
intended path by logging its GPS traces. We found the maximum de-
viation to be strictly less than 10𝑓 𝑡 . or 3𝑚, even under wind speeds
of 20𝑚𝑝ℎ. We experimented in a region with high GPS availability
(12 satellites available). We expect the deviation to be higher under
low GPS availability.
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(a) mAP vs. h. mAP is 1 at ℎ = 45m or 150ft, after which it reduces
gradually.
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(b) mAP vs. v. The mAP is at its maximum and stays relatively con-
stant with respect to velocity at ℎ = 45m. As we increase the height,
the detection accuracy falls very fast.

Figure 5: Plots showing variation of Mean Average Precision (mAP) with respect to Height ℎ and Velocity 𝑣 . The mAP values
are measured at 0.50 IoU threshold and class confidence greater than 70%

(a) Delay (Δ) heatmap for Δ = 60 seconds over an area 1.64𝑠𝑞.𝑘𝑚.
Number of drones required to cover this area with Δ = 60seconds
is 𝑛 = 36. Values in the color bar are mentioned are in seconds. The
radius of each orbit is mentioned in meters.
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(b) Plot showing the relationship between coverage area and Δ
with swarm configured according to Eq. (8), with swarms sizes 𝑛 =

20, 30, 50. The subplot shows the areas covered by static deployments
(SD) of swarm sizes 𝑛 = 20, 30, 50, with Δ = 0. Drones in static deploy-
ments do not move, rather hover in place. The subplot also com-
pares the areas covered by the SDs to areas covered by swarms fol-
lowing our mobility model with Δ = 15 seconds.

Figure 6: Plots demonstrating the relationship between coverage area and delay (Δ).

5.2 Delay Heatmap
We simulated the mobility model in NS3 network simulator, where
we plugged in values calculated above: 𝑤𝑑 = 90.51𝑚, 𝑣𝑚𝑎𝑥 =

8.94𝑚/𝑠𝑒𝑐, ℎ𝑚𝑎𝑥 = 45𝑚, and observed the performance of the sys-
tem. We set Δ = 60 sec and deployed drones according to Eq. (8).
The heatmap in Fig. 6a displays the Δ across the area.
The first few orbits have low delay values compared to the outer
orbits. It is because of the step function and the constant term of 0.5
in Eq. (8). As the orbit number increases, the linear term overpowers

the constant, and the colors get darker, bringing the delay closer to
60 sec. The light concentric rings in between any two consecutive
orbits are of width 2𝛿 . Drones from both orbits visit these points in
the 2𝛿 rings because of which the delay is small.

5.3 Area vs Delay (Δ)
We plot the relationship between the coverage by the swarm and
the Δ required throughout the map. In this experiment, we fix
the number of drones in the swarm to be 𝑛 = 50 and observe
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Figure 7: The image is from a drone flying at ℎ𝑚𝑎𝑥 = 150 ft.
and cars detected by the client are marked accordingly.

the relationship between Δ and deployed area. The plot indicates
that the coverage (area) by the swarm increases with Δ. A swarm
moving according to the mobility model covers more than 3 times
the area covered by a static swarm with delay Δ = 15 seconds. The

Table 1: We observe the relationship between 𝐴 and delay
(Δ) to be piece-wise linear (3 pieces) Fig. 6b; slope of each
piece is proportional to swarm size. The slope values here
are derived for a swarm with 𝑛 = 50.

Regions 𝑅2 Equation

R1 0.994 A = 0.03Δ+0.77
R2 0.985 A = 0.02Δ + 4.09
R3 0.994 A = 0.01Δ + 10.73

relationship between coverage and delay (Δ) is piece-wise linear
with 3 pieces. We derived the relationship by fitting the data in
Fig. 6b into a linear regression function, which gave the data in
Table 1.

6 CONCLUSION AND FUTUREWORK
In this paper, we studied semi-autonomous drone swarms in per-
sistent airborne surveillance. We presented a mobility model with
maximum swarm utility that guarantees a configured delay be-
tween drone visits. In future, we will explore fully autonomous
coordinating swarms and the impact of faulty drones on these sys-
tems. We will also extend this framework to other applications and
datasets like intrusion detection, wildlife surveillance and disaster
management.
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