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Robotics Group, Luleå University of Technology, Sweden

Abstract—This article presents an integrated vision-based
guiding system for aerial manipulation. More specifically, a
4 DoF planar dexterous manipulator, with a stereo camera
attached on the end-effector, is endowed to a multirotor aerial
platform enabling active manipulation capabilities. The proposed
novel approach combines a visual processing scheme for object
detection and tracking, as well as a manipulator positioning for
allowing the aerial platform to approach the surface of interac-
tion efficiently. In the developed scheme, the object detection is
based on correlation filters to track the target robustly, while
the depth information, from the stereo camera on board the
manipulator, is used to extract the centroid of the manipulated
object, compute its relative configuration with respect to the UAV
and align the end-effector properly with the grasping point. The
effectiveness of the proposed scheme is demonstrated in multiple
experimental trials and simulations, highlighting it’s applicability
towards autonomous aerial manipulation.

I. INTRODUCTION

Micro Aerial Vehicles (MAVs) and especially multi rotors
are a major research field where many resources have been
invested in the last decade. These platforms based on their
simple mechanical design and their agility in movement are
capable of accomplishing complex tasks. In general, MAVs
are distinguished for their ability to fly at various speeds,
to stabilize their position, to hover over a target and to
perform manoeuvres in close proximity to obstacles indoors or
outdoors. These attributes make them suitable for a wide range
of applications to cope with disasters [1] and infrastructure
inspection [2]. The challenge towards autonomous operation
of such platforms requires enhanced perception capabilities for
localization, mapping and navigation [3].

Building on top of the aforementioned capabilities, it is
possible to extend the usage of MAVs by endowing them
with dexterous manipulators. In this manner, their operational
workspace is expanded in a 3-dimensional (3D) space that
makes them capable of performing tasks that include physical
interaction (e.g. object grasping, surface brushing), object
transportation and general manipulation, while the emerging
field of aerial manipulation [4] is targeting applications for
infrastructure inspection and maintenance in challenging con-
ditions.

Aerial robots without dexterous manipulators have shown
their potentials in applications such as object picking and
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transportation [5], in construction building [6] and assem-
bling [7]. Nevertheless, when the aerial robot is equipped
with a manipulator, the augmented dexterity allows performing
tasks that drastically increase the performances in both preci-
sion and physical interaction. In this case, the dynamics of the
robotic manipulator are highly coupled with the ones of the
aerial vehicle. In [9] is presented an analysis of the dynamic
coupling for a system composed of an helicopter platform
and a fully actuated seven DoF industrial robotic arm. By
combining an UAV and a robotic manipulator, their dynamics
are coupled and proper control schemes should be developed
for the complete system. Kinematic and dynamic models of
a quadrotor combined with a multiDOF robot arm have been
derived using the Euler-Lagrangian formalism in [10]. In [4]
a dynamic model that considers a quadrotor and a robotic
manipulator as a unified system and an adaptive sliding mode
controller have been proposed. In general it can be stated
that the up to now control strategies for UAVs with robotic
manipulators are found that consider the UAV and manipulator
as two independent subsystems and their coupling is seen as
an external disturbance to each other. In [11] the manipulator
static effects on the UAV were estimated and compensated
through the thrust and torques with a multilayer architecture
control.

Thus the overall concept of aerial manipulation is starting
to receive a significant attention, however, until now there
have been few attempts [12], [13] to consider the visual
perception and robustness when interacting with objects dur-
ing the aerial manipulation, a novel research direction that
is characterized by the term vision for aerial manipulation,
which is also the major contribution of this article. The
fundamental contributions of this article can be summarized
as it follows. Firstly, a correlation filter algorithm for visual
tracking is incorporated as the core methodology to detect
and track the target of interaction, where the target is of
an unknown size. The developed system awaits initial input
from the user when the target is inside the field of view
of the camera. Then the tracking algorithm is trained online
using past frames to detect the target from various viewpoints,
providing necessary robustness and efficiency in manipulator
guidance tasks. In this case a dexterous planar manipulator
equipped on a hexarotor is operated using information from
a stereoscopic sensor. The second challenge addressed in this
work consists the strategy followed for positioning the UAV
to approach the object including the high level control of the
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aerial robotic platform. The stereo camera placed in an eye-
in-hand configuration perceives the environment and estimates
the object position with respect to the end-effector and the
UAV base correspondingly. Before calculating the position
of the object, an elaborate detection refinement scheme is
performed to filter the pointcloud, cluster it in sub-areas,
distinguish object from the background and finally retrieves
an estimation of the object centroid. Thus, the algorithm is
able to properly finalize the grasping tool pose. Afterwards,
a path is generated for the UAV to smoothly approach the
target and bring the end-effector in position for interaction.
Finally, multiple simulations and experimental trials depict the
effectiveness and feasibility of the proposed scheme.

The rest of this paper is organized as follows. In Section II
the complete vision based guidance scheme is described, while
in Section III the modeling and control of the compact aerial
manipulation are presented. In Section IV the experimental
setup, simulations and experimental trials are demonstrated,
with the Section V to provide the concluding remarks.

II. VISION BASED GUIDANCE FOR AERIAL
MANIPULATION

In the vision for manipulation research area, vision algo-
rithms need to be incorporated in the manipulation pipeline
to drive the end-effector towards the point of interaction in
flying conditions. In this article, a stereo camera system is
considered as an eye-in-hand configuration for guiding the 4
degrees of freedom compact manipulator, developed by the
Robotics group at Lule University of Technology, as depicted
in Figure 1.

Fig. 1: Compact AeRial MAnipulator with stereo camera

The grasping task for a generic object could be split in
the following main problems: a) how to detect the object in
the scene in a robust way, and b) how to move the UAV
towards the detected object, while keeping it inside the camera
Field of View (FOV). The rest of this section is composed as
follows. The object tracking method using correlation filter
is described in II-B. Then the target’s centroid is extracted
and the relative position between the UAV and the target is
estimated as explained in II-C, while in II-D the novel strategy
followed for positioning the quadrotor to approach the target is
depicted. The overall vision for manipulation scheme proposed
in this article can be illustrated as in Figure 2.
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Fig. 2: Vision for aerial manipulation schematic

A. Notation

In this framework different coordinate frames are used as
depicted in Figure 3. The world frame W is fixed inside the
workspace of the robotic platform, the body frame of the
vehicle B is attached on its base, while the robotic arm frame
M is placed on the base of the manipulator. Finally, the stereo
camera frame C is attached on the left camera.

Fig. 3: Coordinate frames.

B. Object Detection & Tracking

In visual object tracking, the objective is to estimate the
locations of a target in an image sequence. In this article, the
object detection task incorporates correlation filters for visual
tracking to improve the robustness, since the scene could con-
tain multiple objects similar to the target or the aerial platform
operate in dynamic environments. Additional challenges that
usually occurs in industrial environments include illumination
variations, partial occlusions, background clutter and shape de-
formation [14]. Thus one way to address these limitations are
tracking-by-detection algorithms. These discriminative tech-
niques pose tracking as a binary classification problem, where
both target and background information are processed to find
a decision boundary for differentiating them. The algorithm
is trained online using sample patches of the target and the
background from current and past image frames. Among the
existing online tracking algorithm the tracking-by-detection
approach, known as Kernelized Correlation Filter (KCF) is
followed [15], extended with color-names features [16]. KCF



provides higher speed among the other trackers, while using
color information to extend the tracking performance.

The KCF tracker learns a kernelized least squares classifier
of a target from a single patch, centered around the target, of
a size M × N . The tracker then considers all cyclic shifts
xm,n, (m,n) ∈ {0, . . . ,M −1}×{0, . . . , N −1} of the patch
as training examples for the classifier. The classifier is trained
by minimizing over w the following cost function:

C =
∑
m,n

|〈φ(xm,n), w〉 − y(m,n)|2 + λ〈w,w〉 (1)

where φ is the mapping to the feature space defined by the ker-
nel k(f, g) = 〈φ(f), φ(g)〉 and λ is a regularization parameter,
while in the work presented a Gaussian kernel was employed.
By denoting F the Discrete Fourier Transform (DFT) operator,
the cost function is minimized by w =

∑
m,n α(m,n)φ(xm,n)

where the coefficients α are calculated from (2).

A = F(α) = F(y)
F(ux) + λ

(2)

where ux(m,n) = k(xm,n, x) is the output of the kernel
function. The detection step is performed by first cropping out
a patch z of size M×N in the new frame and then computing
the detection scores as ŷ = F−1{AUz}, where Uz is the
Fourier transformed kernel output of the example patch z. The
target position in the new frame is the estimated by finding
the translation that maximizes the score ŷ. Finally, to achieve
visual tracking that is robust to appearance changes, it is nec-
essary that the target model is updated over time. In the KCF
tracker the model consists of the learned appearance x̂ and the
transformed classifier coefficients A. To update the classifier
are considered all extracted appearances {xj : j = 1, . . . , p}
of the target from the first frame till the current frame p, while
the model is updated in each new frame.

The KCF tracking algorithm awaits the input from the user
to learn the appearance of the object in the first frame and
then improves the model in the following frames by training
an online binary classifier. The output of the classifier is
a bounding box around the object with coordinates Cp =
[Cx2D,

C y2D]T in image plane. The algorithm is sequentially
updating the tracking based on the motion of the camera.
Using the stereo camera system mounted on the end-effector
of the manipulator it is possible to compute the depth Cz3D
of the object by triangulation, extracting the scene pointcloud
P = [Cx3D,

C y3D,
C z3D], where the sensor is pre-calibrated

with known intrinsic and extrinsic parameters.

C. Detection Refinement & Relative Localization

In the proposed approach the object of interest is assumed
to be mounted on top of a planar surface without loss of
generality. This assumption will be utilized during the re-
finement of the object centroid. The pointcloud P derived
from the previous step (II-B) is further processed to refine the
3D coordinates of the detected object relative to the camera
frame. Initially, the bounding box provided by the tracking-by-
detection algorithm is transfered through the depth image to

P . Then, x and y coordinate boundaries are extracted, based
on the bounding box, to crop P (Pcropped), providing an initial
estimation of the object location in 3D space. In the sequel,
the clustering method Region Growing Segmentation [17] is
employed to calculate the center of mass of the 3D model
in Pcropped. The purpose of this step is to merge the points
that are close enough in terms of the smoothness constraint.
Thereby, the output of this algorithm is the set of clusters,
where each cluster is a set of points that are considered to be
a part of the same smooth surface.

After the segmentation, an attempt for merging clusters with
close colors is made. Two neighboring clusters with a small
difference between mean color are merged together. Then the
second merging step takes place. During this step every single
cluster is verified by the number of points that it contains. If
this number is less than a heuristically defined threshold the
current cluster is merged with the closest neighboring cluster.
Overall, Pcropped is segmented in areas where the centroid lies
in the cluster with the maximum area, thus the centroid of the
object is extracted as the average position Cp of the points in
the cluster.

In the sequel, another step is followed to improve the
clustering result and therefore the confidence of the centroid.
The remaining pointcloud is filtered to remove invalid values
due to discontinuities of disparity values and is down sampled
to reduce the number of points using Voxel Grid Filter [18].
Finally, a plane segmentation step is implemented using
RANSAC [19] and, as model, the Hessian Normal form of
a plane [normalx, normaly, normalz] to retrieve the model
of the vertical plane behind the object (background planar
surface) and remove the points that belong to that model from
the cropped pointcloud.

D. UAV Positioning & Object Approaching

The two challenges addressed in vision for aerial manip-
ulation are: a) the approaching strategy of the UAV with
manipulator towards the point of interaction, and b) the small
oscillations of the robotic system that can lead the target
outside the camera FOV (eye-in-hand configuration), which
affects the tracking. In this work the former is addressed by
two approaches that will be described in this section. The latter
is assumed to be solved by generating smooth trajectories from
the initial point to the interaction point by constraining the
maximum admissible pitch and roll for the UAV.

Generally, two different approaches have been implemented
in the proposed scheme for the UAV to navigate close to the
target. So far, the target is expressed in C frame, therefore in
both cases the fixed transformation ETC from C to E (end-
effector) frame is considered as the initial step. In the first
approach the relative distance between the end-effector and the
interaction point is greater than the active workspace of the
manipulator (in frame W ). In this case, the end-effector is con-
trolled to reach a predefined joint configuration θ1, θ2, θ3, θ4
that in the sequel needs to be aligned with the target. The
final alignment of the end-effector with the target is handled
by the aerial platform (Figure 7). More specifically, based



on the current configuration of the manipulator (expressed in
frame M ), the transformation BTE between the end-effector
and the UAV base is calculated using forward kinematics
to estimate the relative distance between the target and the
aerial platform. Then, the manipulator is positioned in the
predefined workspace setpoint using inverse kinematics. Next,
a waypoint is generated in frame W (considering the current
pose of the UAV and manipulator position) to bring the arm
in close distance to the target. Therefore, the UAV considers
the displacement of the arm to the target and navigates
accordingly. In the second approaching strategy the relative
distance between the end-effector and the interaction point lies
inside the active workspace of the manipulator. In this case,
firstly the transformation BTE is calculated similarly to the
previous approach to estimate the relative distance between
the target and the UAV and a waypoint is generated in frame
W to align the UAV and the arm, consequently, with the target
in YW coordinate. Then, since the target lies within the active
workspace of the manipulator with a known offset do in XW ,
the workspace setpoint that drives the end-effector to the axis
of the centroid of the target is calculated (Figure 11) and the
joint angles are extracted from the identified setpoint using the
inverse kinematics.

Obtaining the pose of the object expressed in the end-
effector frame E is a homogeneous transformation between
the camera frame and end-effector frame: Ep = ETC

Cp
where:

ETC =

[
ERC

EtC
03×3 1

]
(3)

Using the geometry of the manipulator, the object location
is transformed in the base of the UAV. The position of the end-
effector is known, therefore the joint angles can be deduced
and used to calculate each time the transformation from the
end-effector to the UAV base.

Using the forward kinematics it is possible to obtain the
position of the object with respect to the base frame M of the
manipulator, Mp =M TE(q)

Ep, where MTE(q) is the homo-
geneous transformation matrix from the end effector’s frame
to the base frame and depends on the current manipulator
configuration q. The manipulator is attached to the UAV, so the
transformation is a constant matrix BTM and Bp =B TM

Mp.
The generated waypoints (frame W ) are then transformed

in position-velocity-yaw trajectories that can be provided as a
command to the linear MPC pose controller of the UAV, to
guarantee smooth motion towards the object. Additionally, the
end-effector’s current position in frame M is calculated using
the current joint angles with the forward kinematics of the
arm. Then, the final joint angles to drive the end-effector to
the desired final position, inside its workspace, are calculated
from inverse kinematics (frame M ).

III. MANIPULATOR MODELING AND CONTROL

The robotic arm employed in this work is planar and
consists of 4 revolute links as shown in Figure 4. A full
description on the design and modeling of the manipulator,
which is called CARMA, is presented in [20]. In this section

TABLE I: Parameters of the Robotic ARM

link l[mm] a[mm] m[g] Iiz × 10−6[kgm2]

1 173 86.5 57.8 253
2 122 61 46.3 109
3 71 35.55 35.8 34.7
4 65 10 25 34.2

the kinematic models, as well as the joint position control, for
the CARMA are presented briefly to provide an insight of the
manipulator.

Fig. 4: Coordinate system defined for the robotic arm.

Initially, it is essential for the vision algorithm and the joints
control to define the proper geometric and inertial parameters
for the manipulator. Considering link i the following param-
eters are defined: li is the distance between Oi and Oi+1, ai
is the x-coordinate of ith links CoG (y and z-coordinates are
assumed to be zero), mi is the mass and Iiz is the moment
of inertia along zi. These parameters were evaluated using the
CAD model of CARMA and are presented in Table I.

A characteristic that makes CARMA a proper tool for aerial
manipulation is the fact that the alteration of a single joint
will change the state of only the corresponding link. The
remaining links, after the actuated link, until the end-effector
only translate, while the links before the actuated link toward
the base do not change their state. The control structure is
depicted on Figure 6, where as it can be seen, the inverse
kinematics block takes as inputs the end-effector’s position e,
θ3 and θ4 and outputs θ1 and θ2. The algorithm implements
the geometric approach for inverse kinematics of a planar
manipulator. The wrist center is chosen joint 2, while the state
of link 3 and 4 (orientation, length) are a-priori known for the
desired configuration of the end-effector. Then, the position O2

of the joint 2 is calculated with respect to e and selecting one
of the two admissible configurations for link 1 and 2. This
configuration is chosen in such a way that the manipulator
will be able to retract underneath the UAV base while not in
operation. Finally, the calculated joint variables are inserted in
four independent PID controllers that perform joint position
control.



Fig. 5: Block diagram with independent joint position con-
trollers.

IV. EXPERIMENTS

The proposed scheme towards autonomous aerial manip-
ulation is validated with multiple simulation runs as well as
preliminary experimental trials. This section presents the setup
that is considered in both simulations and experiments, while
afterwards the results will be described.

A. Experimental Setup

The proposed method has been evaluated with the utilization
of the Ascending Technologies NEO hexacopter [21], depicted
in Figure 3. The platform has a diameter of 0.59m and a
height of 0.24m, while the length of each propeller is 0.28m,
with payload capacity up to 2 kg. The platform has an onboard
Intel NUC computer with a Core i7-5557U and 8 GB of RAM
and an Inertial Measurement unit (IMU). Within this research
the onboard sensory system employed consists of a custom
made stereo camera depicted in Figure 1 and the CARMA
manipulator. The cameras are attached on the end-effector in
an eye-in-hand configuration and are operated in 20fps with
a resolution of 640x480 pixels. The baseline of the stereo
sensor was selected 10cm, while the target object is 3D printed
and represents a mass with a handle for grasping tasks. The
proposed method, established in Sections II-B and II-C, has
been entirely implemented in C++ using ROS framework and
OpenCV and PCL libraries.

The generated waypoints are sent to the NEO platform
through the ROS pipeline. The platform contains three main
components to provide autonomous flight, which are a Mo-Cap
system for pose extraction, a Multi-Sensor-Fusion Extended
Kalman Filter (MSF-EKF) [22] and a linear Model Predictive
Control (MPC) position controller [23]–[25]. The MSF-EKF
component fuses the obtained pose information and the NEO
IMU measurements. The Sensor Fusion component is an error
state Kalman filter based on inertial odometry able to handle
delayed and multi-rate measurements, while staying withing
computational bounds. The linear MPC position controller
generates attitude and thrust references for the NEO pre-
defined low level attitude controller, using estimated state
feedback. This controller includes a disturbance observer to
compensate for external disturbances. The overall schematic
of the experimental setup is presented in Figure 6. Finally, the
forward and inverse kinematics of the robotic arm considers
and compensates the UAV pitch (from the odometry of the
vehicle) in the calculations to always consider level the arm
base.

B. Simulations

Initial tests were performed in the Gazebo based simulation
environment RotorS [26]. This simulator provides the model
of AscTec NEO as well as a suite of sensors for replicating
realistic conditions during missions. Moreover, the model for
CARMA manipulator is implemented considering all the phys-
ical properties with a simplified visualization. The simulation
environment and the UAV position changes are depicted in
Figure 7.

The procedure implemented in the simulations consider the
first approaching strategy described in Section II-D. Initially
the aerial vehicle takes off and navigates at a predefined
waypoint [-0.25m, 0.3m, 0.9m] using the position control.
When the UAV reaches the waypoint the target of interest
is in the field of view of the stereo camera. Afterwards,
during the initialization phase, the user selects a bounding
box that includes the target, so that the tracking algorithm can
learn online the target for sequential detection. It is crucial
to highlight that the specific method is selected to track
the target from various viewpoints. Then the depth from the
stereo camera is converted in a pointcloud where the object is
extracted from the rest of the background using the tracking
refining methods described in Section II-C. In this manner
the relative distance of the centroid of the object and the
camera are extracted and the relative position of the UAV
base and the target are calculated. To this end, the current
position of the manipulator is calculated from the forward
kinematics to calculate the relative transformation between the
end-effector and the UAV base. Afterwards, the end-effector
is driven to the final grasping configuration using its inverse
kinematics. In the presented simulations the final workspace
point is selected [0.3m, 0.2m] in M frame. Finally, a smooth
trajectory is generated and the UAV navigates to the hovering
position [1.62m, 0.0m, 0.84m] maintaining the manipulator
at approximately 12 cm distance (XW ) close to the interaction
point. The object ground truth position is set to [1.985m,
0.0m, 0.5m]. The relative distance between the end-effector
and the interaction point during the whole manipulation task
is depicted in Figure 8. The pose of the UAV is obtained from
the odometry estimation.

From the implemented simulations the proposed approach
was able to perform the task based on the concept of visual
guidance for aerial manipulation. The object tracking process,
detected and followed the object during all the phases of the
simulation successfully. Additionally, the simulations showed
satisfactory performance for extracting the target centroid
position, a process which is critical for the UAV navigation.
Thus, the implemented scheme will be tested in real-life
experiments.

C. Experimental Results

The procedure implemented in the preliminary experimental
trials consider the second approaching strategy described in
Section II-D, where the UAV reaches a hovering position, first
aligns with the target (YW coordinate) and then drives the
end-effector towards the interaction point. In the performed
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experiments two different parts were examined. The object
tracking and pointcloud refinement (part a) were initially tested
for the case where the UAV navigates around the target. Then
the manipulator guidance (part b) was studied, assuming the
UAV was already aligned with the target, to act as a proof of
concept.

Regarding the object tracking, the user sets the bounding
box of the object of interest in the first frame. Next, the robotic
platform is smoothly moving around the target, maintaining it
always inside the FOV, while the tracking algorithm tracks it
in different viewpoints (Figure 9). Once the target is identified
successfully from various viewpoints, the manipulator exten-
sion phase starts. The stereo camera pointclouds are filtered
and the centroid of the target is extracted (Figure 10).

Afterwards, the desired position for the end-effector is
calculated to align the end-effector with the target principal
axis. The inverse kinematics define the final joint angle con-
figuration. Figure 11 depicts the manipulator extension phase

of the experimental trials in sequential frames,assuming the
aerial platform is aligned with the target. More specifically, in
the top frame the robotic arm is initialized, in the middle frame
the target is brought within the field of view of the camera
and in the bottom frame the end-effector is driven towards the
target. The experimental results show that the proposed scheme
is able to successful track the object of interest, while the
stereo camera system drives the manipulator in the interaction
configuration in real-time.

It should be highlighted that during the tracking phase,
while the robotic platform moves, the bounding box does not
always include the whole part of the target. In this case the
pointcloud refinement process (Section II-C) is the correcting
factor that guarantees the extraction of the centroid of the
target by considering the background information. In most of
the experimental trials the error in depth measurement from
the stereo camera varied from 3 - 5 cm.

Fig. 9: Bounding box of the target detected from multiple view
points.

Fig. 10: Left, pointcloud of the perceived scene. Middle,
pointcloud of the scene including the extracted centroid of the
target. Right, filtered pointcloud of the target with its centroid



Fig. 11: Sequential frames from preliminary experimental
trials for end-effector alignment with the target object principal
axis.

V. CONCLUSIONS

This article presents an integrated vision-based guiding sys-
tem for aerial manipulation. A novel 4 DoF planar robotic arm
is equipped with a stereo camera and attached to a hexarotor.
The proposed scheme enabled active manipulation capabilities
combining visual processing schemes for object detection and
tracking as well as positioning of the manipulator. The aim
of this work is to detect and track the target using correlation
filter, detect the scene, align the end-effector with the target
and navigate the aerial vehicle close to the interaction point
efficiently, with minimum user input. The effectiveness of the
proposed scheme is demonstrated in multiple experimental
trials and simulations, highlighting it’s applicability towards
autonomous aerial manipulation.
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