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Abstract— Cooperation of humans workers and a team of
UAV co-workers for inspection and maintenance of electrical
power is the main motivation of research presented in this
paper. Collaborative human-UAV works at height are beneficial
from several reasons including providing images from the ideal
point of view, monitoring of the safety of individual workers,
and even aerial delivering of required tools. These tasks also
involve cognitive capabilities in the monitoring of the workers
and the detection of unsafe behaviors, transportation of tools or
parts needed by the workers and collective manipulation with
the workers. In general, interaction of humans and teams of
UAVs becomes an important task as aerial robots are widely
spread in various applications that require the presence of
people in their workspace. To achieve such interaction, group
control of multiple UAVs must take states of workers (e.g.
position relative to aerial co-workers and prediction of worker’s
future behavior), maintaining an adaptable formation and
maximizing the observation of the worker. Thus, we propose
in this work, a distributed vision-based nonlinear formation
control (DVNFC) approach that results in an adaptable for-
mation where the controller minimizes the error in observation
always maintaining the visualization of the human by the whole
formation. We performed several numerical simulations using
ROS/Gazebo with real-time visual feedback to validate our
approach.

I. INTRODUCTION

Nowadays, drones offer the possibility to inspect hard to
access locations without putting personnel at risk due to their
flight capabilities [1]. Today, teams of specialized crew climb
using ropes, scaffolding, or elevated platforms, to perform
asset inspections which at times require a (partial) shutdown
of the facility with extremely high costs (Figure 1). This
approach is not only time-consuming but also very costly.
Instead, detailed images and data can be collected by drones
to better assess and forecast the asset’s maintenance needs,
eliminating dangerous human work, reducing the risk of
breakdowns and improving competitiveness by minimizing
production downtime. This impacts safety, environmental
and financial benefits. Nevertheless, most of the tasks still
require presence of human workers due to limited capabilities
of current aerial systems and the most efficient solution,
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taking into account available technology, is deploying a
heterogeneous human-UAV team. This approach is also one
of the main objectives identified by end-users (power trans-
mission operators) within the Aerial-Core project1, which the
presented work is part of.

Fig. 1: Collaborative works in electrical lines. Source: Aerial-
Core project1.

The Human-UAV interaction can use a combination of
natural human communication and purposely designed ges-
tures [2]. Another more cognitive approach of human-UAV
interaction is a study of peoples’ emotions during coopera-
tion with UAVs [3]. Cognitive approaches can help UAV’s
to decide the formation and action to take in order to main-
tain the safeness of the human-robot system. The planned
deployment of the system in real-world conditions and at
high altitudes requires different approaches and require-
ments on reliability and safeness of the obtained solution
in comparison with state-of-the-art works. To achieve it we
propose a novel vision-based formation control for a team
of UAVs to achieve the required robustness. We will rely
on an Extended Kalman Filter (EKF) based approach of
UAV state estimation and object estimation, as well as, a
predictive control approach to increase the robustness of
UAV critical systems by fusing sensory information from
multiple different sources. The UAV state estimation may be
achieved on a receding horizon in real-time onboard aerial
vehicles and even in a distributed manner.

Monitoring of moving objects and tracking humans by a
UAV as well as by a group of UAVs using visual information

1http://aerial-core.eu/
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has been intensively studied in robotic literature, see e.g. [4]–
[6]. Even commercial solutions providing the possibility of
autonomous following of moving objects to provide aerial
filming are available with amazing results. We will build
on these achievements and continue with our work focused
on static and dynamic objects following [7] (including a
cooperative approach of multiple MAVs [8]), and extend
the state-of-the-art solutions in several aspects related to the
monitoring of workers’ safeness. In the proposed system,
an Aerial Co-Worker (ACW) needs to respond not only
to the tracked person position, as it is common in the
state-of-the-art approaches of autonomous aerial filming of
humans [9]. The system needs also to be able to identified
worker’s behavior and to integrate it into the ACW control
rules. Although the prediction of human worker’s behavior
is not the objective of this work, this integration can easily
be achieved using approaches similar to Nonlinear Model
Predictive controllers. In addition, a different view is required
if the worker changes his/her position on the pole (safety
attachment of the people and support points have to be
supervised at this moment) or to realize a manual inspection
of wiring (hands of the worker needs to be observed more
in details). Such an approach requires new research not
only on formation control but on an adaptive vision-based
control. The formation needs then to be adaptable, not rigid,
and move while minimizing the observed object estimation
error. Usually, motion planning methods designed for filming
moving objects aimed at optimizing UAV positions based
on currently observed states of the target objects (usually a
pose of a moving person to be filmed and a possibly a face
position if a face front view is required). However, in this
case of study, the approach needs to allow the incorporation
of multiple hypotheses on worker future behavior, where
each hypothesis requires a different optimal ACW position.

A crucial piece of information required for coordination
of multi-robot systems working in the same workspace is
a precise knowledge of mutual states of teammates. Most
cited approaches, although achieving great results, lack reli-
ability in terms of independence to changing environmental
conditions in the real-world, which is not acceptable in such
the proposed safety-critical work. This means that a fully
distributed control approach is needed. To achieve that, we
plan to apply our achievements in the endeavor to design a
robust system usable in various environments, both relying
on vision-based precise mutual object detection in UAV
proximity [10] as well as using robust active UV patterns
to solve this problem [11].

Thus, for an optimal distribution of the UAV team in order
to maximize gained information in the surveillance task,
we propose a real-time vision-based nonlinear formation
control. The main contributions are 1) a formation control
approach that results in an adaptable formation where 2) the
control approach minimizes the error in observation. Finally,
to achieve a stable formation, 3) a multi-UAV sensor fusion
is performed. The resulting formation will be applied to the
case where a team of UAVs observes a human inspecting a
power line tower. Figure 2 illustrates ACW activities where

our approach will be used.

Fig. 2: A team of aerial co-workers (ACW) providing support
to the human worker.

II. RELATED WORK

Leader-following is a relative goal tracking approach, in
which the robot’s position is dependent on the position of
a leader (e.g. another robot, a human or an object to be
tracked). According to Tavares et al. [12], a team of these
agents is referred to as a leader-follower multi-robot system.
There can be multiple such pairs in a network of agents,
and they can be configured as to create a certain formation
(i.e. the shape of a triangle, two followers and one leader, a
configuration of two leader-follower couples, etc.).

Early works in model-predictive control (MPC) develop-
ment using UAVs were stated in our survey provided in [1].
The nonlinear model predictive control (NMPC) algorithm
uses a cost function, which gives a penalization reference to
undesired behaviors of the robot. Through an optimization it-
eration, the algorithm incorporates the nonlinear constrained
dynamics of the robots [13].

An example of the application of the nonlinear model
predictive control was introduced in 2013 [5]. The nonlin-
earities of the dynamic system of robots were addressed
and investigated. The authors present a methodology on
how to minimize a nonlinear cost function. Through the
utilization of resilient backpropagation and predictive state
measurement, the prescribed formation was achieved, and
robot positions converged. In addition, other developments
in MPC formation control incorporate learning-based MPC
[14], adaptive MPC [15], and robust MPC [16].

Another variation of NMPC is the use of this type of con-
troller in servoing control [17]. Marzat et al. [18] described
a flight-tested, fully integrated perception-control loop for
trajectory tracking with obstacle avoidance by micro-air ve-
hicles (MAV) in indoor cluttered environments. It combined
an analytical linear quadratic solution for trajectory tracking
and an efficient discretization strategy for collision avoidance
and validated their approach with experimental results in a
flying arena and at an industrial site.
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Fig. 3: Control pipeline of 1 UAV with vision-based formation control implemented.

Finally, formation control is another area that can use
NMPC algorithms [4]. Formation control is usually cate-
gorized as centralized and decentralized. Decentralized ap-
proaches can be distinguished as leader-following, behavior-
based and formations with virtual leaders and structures
and still present open issues. In this work, due to the
incorporation of sensor information into the control loop,
the most suitable approach to formation control is the leader-
following using a proposed vision-based nonlinear formation
controller. In our proposed approach, all UAVs use an
onboard camera to detect a human as the formation leader.
Optimality of control is guaranteed by using a nonlinear
solver such as iRPROP+ [19]. The formation between
robots is decentralized and leaderless (e.g. there is no UAV
as a leader), however, each robot has as reference the human
worker to be followed.

III. UAV CONTROL ARCHITECTURE

In this section we start to detail our UAV control architec-
ture. The formation controller itself will be presented in the
following section. Here, we briefly describe the position and
attitude control that we have proposed in previous works.
The full pipeline can be seen in Figure 3. Our proposed
blocks are the Sensor Fusion and Formation control in the
pipeline. The real and simulated used UAVs were built by
our research group2. The UAV feedback pose estimation
assumes that it moves in an environment with no obstacles,
except the workers and the inpected infrastrucure, and is
achieved by a purpose-designed state estimation technique
[20]. As a flight control, the UAVs use an SO(3) (Special
Orthogonal-3) position control approach combined with the
PID (proportional–integral–derivative) attitude controller that
was proposed in our previous work [21]. The non-linear
SO(3) state feedback controller uses the following model:

ṙ = v, mv̇ = fRez +mgez,
Ṙ = RΩ̂, JΩ̇ + Ω× JΩ = M,

(1)

2http://mrs.felk.cvut.cz/

where r = [x, y, z]T is the position, R(φ, θ, ψ) is the
orientation of the UAV in the world coordinate frame with
the basis {e1, e3, e3}, Ω ∈ R3 is the angular velocity in
the body-fixed frame, and the hat map ·̂ : R3 → SO(3) is
defined by the condition x̂y = x × y,∀ x, y ∈ R3. Two
forces act on the vehicle. The magnitude of the gravitational
pull is denoted by g ∈ R, while the magnitude of the
total thrust force created by the propellers is denoted by
f ∈ R. The mass of the UAV is denoted by m ∈ R. The
angular velocity of the UAV in the body frame {b1,b3,b3}
is denoted by Ω ∈ R3 and J ∈ R3×3, the inertia matrix.
The total moment exerted by the propellers on the UAV is
M = [M1,M2,M3]T .

Thus, the SO(3) controller is built on the work presented
in [21], with the control inputs M ∈ R3 and f ∈ R chosen
as

M = −kReR − kΩeΩ + Ω× JΩ . . .

· · · − J(Ω̂RTRCΩC − RTRCΩ̇C)

and

f = −(−kxer − kibR
∫ t

0

R(τ)T erdτ − . . .

· · · − kiω
∫ t

0

erdτ − kvev −mge3 +mẍd) · Re3,

(2)

where ẍd is the desired acceleration. The control errors
in rotation, position and velocity are denoted by eR, er
and ev , respectively, and eΩ = RTRdΩd. The resulting
control action consists of f and RC , which is the orientation
command.

In addition, Baca et al. [21] also presented a model pre-
dictive control tracker that modifies the trajectory reference
to smooth it before sending it to the position controller.

IV. VISION-BASED NONLINEAR FORMATION CONTROL

In this section, each part of the pipeline of the pro-
posed distributed vision-based formation control (DVNFC)
approach is presented. By using the standardization in the
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Fig. 4: Blob Detection. Left: The real worker with blob detection. Middle: The modeled worker in Gazebo. Right: The blob
detected from the IEP and its position estimation.

menswear of the worker, we implemented a human detector.
The centroid of the human body (represented as a blob) is
then passed to a sensor fusion system that takes into account
not only the pose estimation of the UAV itself but all the
UAVs in formation. This fused data is then passed to the
formation controller that will output the optimal position for
the UAV.

A. Human Detector

A standard worker usually uses special clothing, called
individual protection equipment (IPE). In power line inspec-
tions, the IPE is mandatory in order to prevent accidents
regarding electrocution (see Figure 4 left). Generally, the
workers’ uniform varies, which can be gray, blue or orange,
with white lines on legs, arms, and chest. We modeled in
Gazebo the orange uniform as a proof of concept (see Figure
4 middle). To verify usability of this approach, we used the
same algorithm for detection of real workers on pictures from
our dataset obtained within Aerial-Core project.

To detect the human, we follow the common steps color
and contour detection. The stages of the algorithm are the
following:

1) Receive image from camera;
2) Convert image to HSV (hue, saturation, value);
3) Find contours within a specified color range;
4) Select maximal contour;
5) Find center of maximal contour, through calculated

image moments;
6) Send pixel coordinates and the corresponding depth of

pixel to sensor fusion block;
The human pose estimation is composed of xkh = [x, y, z]

coordinates, the respective orientations, and their respective
derivatives. The pose estimation is also updated using a
straightforward motion model as follows

xkh = xk−1
h + vkh ∗ td; (3)

where xh is the pose vector of the detected human, vh is
its velocity component, and td is the measured time stamp
where td = tmeasured − tprevious .

Finally, a Kalman filter is used for noise filtering using also
equation (3) as the motion model. However, measurement

and estimation noise matrices are different, and covariance
of x and y is within a few pixels, while covariance of depth
is one order lower.

B. Multi-UAV Sensor Fusion

After the human detection, the estimated human pose
is sent to the sensor fusion block. This estimated human
pose is also shared with all the UAVs in the formation. In
addition, the sensor fusion block receives the UAV estimated
pose and the output from all sensor fusion blocks coming
from the UAV’s teammates. With these inputs, the sensor
fusion block uses a modified Kalman filter to find the global
optimal estimation of the human pose. The modification on
the Kalman filter was performed in the prediction step based
on the work of Movric and Lewis [22] and the theory of
single-integrator agents in discrete time.

Let us now define

A =


1 0 0 Ts 0 0
0 1 0 0 Ts 0
0 0 1 0 0 Ts
0 0 0 1 0 0
0 0 0 0 1 0
0 0 0 0 0 1

 ,

C =

1 0 0 0 0 0
0 1 0 0 0 0
0 0 1 0 0 0

 ,
and

R =


1 0 0 0 0 0
0 1 0 0 0 0
0 0 1 0 0 0
0 0 0 1 0 0
0 0 0 0 1 0
0 0 0 0 0 1

 ,

(4)

where Ts is the calculated time stamp in each iteration.
Thus, our proposed modification in the Kalman filter,

namely in the prediction step, states that the global human
detection (and its covariance) can be given by the combina-
tion of the output of the sensor fusion block from all UAVs
in formation. Algorithm 1 below demonstrates in detail this
proposed modification for a n number of UAVs in formation.
The output of this algorithm is then sent to the formation
controller.

1304

Authorized licensed use limited to: Universidad de Sevilla. Downloaded on January 12,2021 at 12:06:43 UTC from IEEE Xplore.  Restrictions apply. 



Algorithm 1 Modified Kalman Filter for Multi-UAV Sensor
Fusion.
1: procedure MULTI-UAV SENSOR FUSION
2: Input:
3: zkh . measured human state from human detection block at instant k
4: Zk . measured human covariance from human detection block
5: xk−1

hi
. sensor fusion output - detected human state, with i = 1..n

6: Ok−1
hi

. sensor fusion output - detected human covariance of observed
state

7: Prediction step
8: x̂k

h = A
n

∑n
i=1 x

k−1
hi

9: Ôk
h = A(

∑n
i=1 O

k−1
hi

n )AT + R

10: Correction step
11: K = Ôk

hC
T (CÔk

hC
T + CZkCT )−1

12: xk
h = x̂k

h +K(zkh − Cx̂
k
h)

13: Ok
h = (I −KC)Ôk

h

14: Output:
15: xk

h . current sensor fusion output - fused detected human state
16: Ok

h . current sensor fusion output - fused detected human covariance
17: end procedure

C. Formation Control

In this section, we describe in detail the proposed for-
mation control itself. The distributed vision-based formation
controller (DVNFC) takes the worker estimated state from
sensor fusion block and current drone state from the state
observer as input. The output of the algorithm is a calculated
optimal position point of the UAV, i.e. the desired position.
Our proposed control approach assumes that each reference
coordinate is sent by the sensor fusion block, which means
the human coordinate vector to be tracked. We can summa-
rize our approach as a controller that:
• uses the sensor fusion block as the estimation of the

observed target behavior and the state observer block
as the estimation of the UAV behavior;

• tracks the Manhattan distance between the reference
coordinate (i.e. the global estimated state of the worker)
and the robot;

• uses the iRPROP+ algorithm to deal with the non-
linearities introduced by our approach and as a fast
convergent optimizer.

Thus, the proposed vision-based controller can be divided
into only two sub-blocks:
• Optimizer - the improved Resilient Propagation

(iRPROP+) algorithm [19];
• Cost Function - a norm-2 based cost function that min-

imizes distance between robot and tracked worker, the
covariance of the UAV state estimation, and covariance
of observation.

D. The Cost Function

Similar to model predictive control [17], in our proposed
approach, at an instant k, the UAV sends its position rk to
the formation controller. It takes 22 measurements from the
global detection of the worker xkh, coming from the sensor
fusion block, and the position of the UAV, coming from the

state observer block. Then, the mean value is calculated to
avoid irrelevant actions. For each set of measurements, the
controller calculates a cost value through the cost function
sub-block Ĵk. A key point in our proposal is the cost
function. In our proposed approach we use a cost function
to minimize the distance between the robot position and
the reference coordinates, to minimize the covariance of the
UAV state estimation, and to minimize the covariance of
observation of the tracked worker.

The final cost function is then the sum of three main
terms. The first term (5a) is the penalization of the Euclidean
distance between the position of the tracked worker and the
robot, and the Euclidean distance between the previous UAV
position and the current UAV position. The second term (5b)
penalizes the covariance of the UAV state estimation. The
final term (5c) penalizes the covariance of observation of the
tracked worker. The final cost function (5) is a composition
of only two terms. Thus, the value of the cost function is
calculated as:

Jk(rk,Rk
h, x

k
h,Ok

h) = λ1 × (||rk − rk−1||+ ||rk − xkh||) (5a)

+ λ2 × det(Rk
h) (5b)

+ λ3 × det(Ok
h), (5c)

where Rkh denotes the covariance matrix of the UAV state
estimation.

E. The Optimization Algorithm

The resulting calculated cost is sent to the optimizer sub-
block. Resilient Propagation (RPROP) is an optimization
algorithm that performs a direct adaptation of the weight step
based on local gradient information. In contrast to all other
algorithms, only the sign of the partial derivative is used to
perform the optimization. The time and storage consumption
reflect directly on the number of iterations needed to reach
an optimal value [19]. This is a key feature of our proposed
controller.

Algorithm 2 Improved Resilient Propagation with Weight-
Backtracking.

1: procedure iRPROP+

2: i:=0;
3: while i< Imax & J> ε do
4: if ∂f

∂wi
(t− 1). ∂f

∂wi
(t) > 0 then

5: ∆i(t) = min(∆i(t− 1) ∗ η+,∆max)
6: ∆wi(t) = −sign( ∂f

∂wi
(t)) ∗∆i(t)

7: wi(t+ 1) = wi(t) + ∆wi(t)

8: else if ∂f
∂wi

(t− 1). ∂f
∂wi

(t) < 0 then

9: ∆i(t) = max(∆i(t− 1) ∗ η−,∆min)
10: if f(t) > f(t− 1) then
11: wi(t+ 1) = wi(t)−∆wi(t− 1)

12: endif
13: ∂f

∂wi
(t) = 0

14: else if ∂f
∂wi

(t− 1). ∂f
∂wi

(t) = 0 then

15: ∆wi(t) = −sign( ∂f
∂wi

(t)) ∗∆i(t)

16: wi(t+ 1) = wi(t) + ∆wi(t)

17: endif
18: endwhile
19: end procedure
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The iRPROP+ algorithm (see Algorithm 2) introduces
a time-varying weight step ∆i that determines the size
of the weight-update. This adaptive update value evolves
during the learning process based on its local sight on the
error function f(·). Every time the partial derivative of the
corresponding weight wi(t) changes its sign, which indicates
that the last update was too big and the algorithm jumped
over a local minimum, the updated value ∆i is decreased by
a factor of η−. If the derivative retains its sign, the updated
value increases slightly to accelerate convergence in shallow
regions. Once the updated value for each weight has been
adapted, the weight update itself ∆wi follows a very simple
rule: if the derivative is positive (increasing error), the weight
is decreased by its update value, and if the derivative is
negative, the updated value is increased. However, if the
partial derivative changes sign (i.e. if the previous step was
too large) and the minimum have been missed, the previous
weight update ∆wi is reverted.

Due to this backtracking weight step, the derivative is
assumed to change its sign once again in the following step.
In order to avoid a double penalty of the updated value, it
should not be adapted in the following step. Therefore, the
value of ∂f

∂wi
(t− 1) is set to zero in the ∆i adaptation-rule.

Moreover, η+ and η− are the optimizer parameters.
The optimizer sub-block then performs its calculations in

Imax iterations to calculate the minimum value Jk∗ . If the
tracked human is moving, then Imax = 50 iterations, if it
is moving them Imax = 200 iterations. The minimization of
the cost function results in an optimal value of the desired
position for the UAV to be placed within the formation. Thus,
the control output uk∗ =

[
rk∗ φk∗

]T
is sent to the MPC

tracker block. Finally, the last 12 measurements are saved for
the next loop of control. This iterative minimization process
is repeated cyclically.

V. RESULTS

In this section, we present the simulated results of our
proposed approach. We performed several numerical sim-
ulations using Gazebo and one of them is presented in a
VIDEO3. For our proposed approach we obtained the gains
of the controller through the tuning method by Nascimento
et al. [23], as seen in Table I.

TABLE I: NMPC Controller Tuned Parameters

Parameters Values
λ1 0.5
λ2 0.5×10−15

λ3 0.5×10−4

Imax (moving) 200
Imax (stopped) 50

η+ 1.2
η− 0.5

∆max 0.5
∆min 0.000001

In this simulation, three UAVs had to fly in a forma-
tion while tracking a human worker during his work on a

3https://youtu.be/vbA7ZoSVzyM

power line tower. The human uses an IPE in orange color.
The formation must be in such a manner that the global
covariance of observation must be minimized as well as
the error between the desired and the real distance between
each UAV and the human. For this case, we used the F550
UAV platform assembled by our group and that had a model
created in Gazebo.

Figure 5 presents several screenshots of the simulation.
During the simulation, all three UAVs start at a distance
from the human, while only one of them has the human
within its field of view (FoV). After 6 seconds of takeoff,
the UAVs start to mobilize themselves to surround the human
to track it more efficiently. After 10 seconds of the simulation
has started the human starts to walk towards the tower. At
this point, the formation had not been stabilized around the
human yet. However, the UAVs succeeded in maintaining the
image of the worker in at least one of the three UAVs’ FoV.
The formation only stabilizes ate 16 seconds of simulation,
i.e. 6 seconds after the worker started to move. At almost 1
minute of the experiment (59 seconds), the human reaches
the power line tower and starts to climb it. The UAVs manage
to track this movement in a stable manner. At 1 minute
and 19 seconds, the human reaches the first lateral platform
and starts to move sideways in order to perform the desired
maintenance. The UAVs are able to track the worker without
colliding with the tower. At 1 minute and 30 seconds, the
worker starts to go back while the UAV formation tracks the
worker. The obstacle avoidance is confirmed at 1 minute and
48 seconds of the experiment, while the worker is descending
the tower. The cameras of two UAVs capture the moment
they pass through the lateral of the first platform of the tower.
Finally, we can note at 2 minutes of simulation that the UAVs
maintain a stable formation while the worker turns around
to go back to the original starting point.

The final trajectory performed by all three UAVs and the
worker is presented in Figure 6. The trajectory is smooth
and the formation, although flexible, maintains a fixed form
that minimizes the covariance of observation. This error
minimization is also seen in figure 7 that presents the mean
square error of each UAV with respect to the cost function
minimization.

VI. CONCLUSION

This work has presented a solution to the problem of the
formation control of multiple UAVs while tracking a human
worker in a power line tower. We have proposed a formation
control architecture composed of a human blob detector,
a multi-UAV sensor fusion, and a formation controller.
Although a human blob detector is a simple format and color
detection, this is useful enough when dealing with standard
clothing for this type of worker. In addition, to obtain the
global optimal estimate of the worker’s pose, we proposed a
multi-UAV sensor fusion that is based on a modified Kalman
filter with combined states and covariances in the prediction
step. Finally, the formation controller finds the optimal
position for each UAV to track the human in formation
while maintaining the desired distance and minimizing the
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Fig. 5: Simulated verification of the proposed formation control in a power line inspection case. The UAV state estimate,
localization of the UAV in the environment, and detection of the tower are obtained using a GPS and the onboard RP-Lidar.
Upper left images: camera views from all three UAVs. Bottom right graph: Visualization of the tracker human state and the
state of each UAV in the formation.

covariance of observation. Using this approach, the UAV
proved to be capable of tracking the worker independent
of the position the worker is (e.g. near the tower, climbing
the tower, turning around, etc.). The approach also enables
the UAVs to Maritain a formation in a smooth manner with
minimal error.
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