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Abstract. This paper proposes and evaluates the implementation of a
self-localization system intended for use in Unmanned Aerial Vehicles
(UAVs). Accurate localization is necessary for UAVs for eﬃcient stabilization, navigation and collision avoidance. Conventionally, this requirement is fulﬁlled using external hardware infrastructure, such as Global
Navigation Satellite System (GNSS) or camera-based motion capture
system (VICON-like [37]). These approaches are, however, not applicable
in environments where deployment of cumbersome motion capture equipment is not feasible, as well as in GNSS-denied environments. Systems
based on Simultaneous Localization and Mapping (SLAM) require heavy
and expensive onboard equipment and high amounts of data transmissions for sharing maps between UAVs. Availability of a system without
these drawbacks is crucial for deployment of tight formations of multiple
fully autonomous micro UAVs for both outdoor and indoor missions. The
project was inspired by the often used sensor PX4FLOW Smart Camera
[12]. The aim was to develop a similar sensor, but without the multiple drawbacks observed in its use, as well as to make the operation of it
more transparent and to make it independent of a speciﬁc hardware. Our
proposed solution requires only a lightweight camera and a single-point
range sensor. It is based on optical ﬂow estimation from consecutive
images obtained from downward-facing camera, coupled with a specialized RANSAC-inspired post-processing method that takes into account
ﬂight dynamics. This ﬁltering makes it more robust against imperfect
lighting, homogenous ground patches, random close objects and spurious errors. These features make this approach suitable even for coordinated ﬂights through demanding forest-like environment. The system is
designed mainly for horizontal velocity estimation, but specialized modiﬁcations were also made for vertical speed and yaw rotation rate estimation. These methods were tested in a simulator and subsequently in real
world conditions. The tests showed, that the sensor is suitably reliable
and accurate to be usable in practice.
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Introduction

Accurate localization, stabilization and navigation in GNSS (Global Navigation Satellite System)-denied environments is one of the key tasks required for
robust and reliable deployment of Unmanned Aerial Vehicles (UAVs), especially
compact groups of UAVs, where high precision and reliability of localization are
crucial to providing safe missions. The possibility to deploy multiple UAVs without the need of GNSS or any other external system that can be easily jammed
and relying only on onboard sensors is a very important aspect in most of the
security and defense applications.
Multiple possible approaches may be used to deal with GNSS-denied environments and with applications, where the GNSS information may not be applied.
Unfortunately, most of them have undeniable drawbacks, making them unsuitable in real-world (indoor and outdoor) missions and for our target scenario,
in which a compact swarm of relatively stabilized light-weight UAVs is able to
operate in various environments independently of any external sensory devices
and localization tools. One of the most common solutions for swarm member
localization in state-of-the-art robotic literature is the deployment of a motion
capture (VICON-like [37]) setup, which, while precise and reliable, is obviously
unsuitable for environments where the installation of such an infrastructure is
not feasible. On the other hand, approaches based on SLAM (Simultaneous
Localization and Mapping) and other techniques relying on mapping of external
environment and sharing the map between swarm members, require expensive
and often heavy range sensors and in the case of vision-based SLAM approaches
place high demands on processing power and communication channel bandwidth,
making them unsuitable for the proposed light-weight UAVs. Moreover, these
state-of-the-art solutions still do not provide suﬃcient reliability and precision
for robust control of UAVs groups.
The only additional equipment our proposed solution requires is a lightweight
camera and a single-point range sensor. The approach is based on an online,
onboard optical ﬂow calculation from downward-oriented camera images and it
provides a fast-deployable and reliable information on UAV speed relative to the
environment, which is crucial for its precise control. Together with our previous
work on direct mutual relative localization of swarm members [5,18] and our
fast and precise onboard model predictive control technique [1] (see examples of
deployment of such control scheme in [25–31,33,34] and in movies [17,19,21]),
it makes it possible to precisely control a compact swarm and formations of
numerous UAVs in various applications.
The idea of using optical ﬂow measurement for UAV stabilization is not a
unique approach in the robotic community and numerous works can be found
in the literature [8,10,11,23]. Probably the most mature and for sure the most
often used solution is the PX4FLOW Smart Camera [12]. Although this sensor has been successfully used in numerous laboratory experiments, including
our preliminary work on UAV formations and swarm stabilization [4,28,33] it
requires perfect light conditions and allows ﬂying only in limited altitudes and
with limited speeds. The aim of the proposed method is to design a tool that does
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not suﬀer from the aforementioned drawbacks and limitations as severely and
enables deployment of the UAV swarm in demanding real-world indoor and outdoor environment with less dependence on the light conditions and with higher
motion constraints. To achieve this, we propose to use a Phase correlation for
optical ﬂow estimation and to combine it with a novel post-processing method.
The post-processing approach suppresses the inﬂuence of spurious erroneous optical ﬂow estimates that we frequently found in the output from the
PX4FLOW sensor. This makes our solution work well even in indoor environments with bad lighting conditions, or in exterior environments where the sunlight is frequently blocked. It can also ﬁlter out the inﬂuence of small objects that
move closer to the camera than the ground. These features make this approach
suitable even for coordinated ﬂights through demanding forest-like environment.
Also, some of the more systematic sources of error, such as fast changes of the tilt
that commonly happen when a UAV changes its direction of motion were taken
into account. The inﬂuence of the tilting on the estimated horizontal velocity
can be suppressed, if the carrier UAV can provide the current tilt rate from its
internal sensors.
The estimated location of the UAV is obtained through integration of the
processed velocity estimation. The precision can be further improved by fusing
the outputs of our system with other sensory data. The solution was tested
initially in simulation and subsequently on real-world datasets obtained in open
environments, where it was compared with the PX4FLOW sensor. We were
able to provide a signiﬁcantly higher accuracy and reliability of horizontal speed
measurement in our tests. Moreover, a method for yaw rate and vertical velocity
measurement using the diﬀerence of optical ﬂow in diﬀerent parts of the image
was designed and tested (see Figs. 12 and 14 for snapshots from the experiments
and Figs. 13 and 15 for data). Tests on real-world datasets showed that the
accuracy of even the yaw rate estimation method was good enough for practical
applications. This makes the method open for usage even in magnetometerdenied environments such as reinforced concrete buildings, which opens another
huge set of possible applications, including possible transience from the outdoor
to indoor workspaces. The software developed here will be made available as a
ready-made library, to be used in any UAV that carries the required hardware.

2

State of the Art

Camera-based localization systems for UAVs are a well-researched area.
The already mentioned systems that use external cameras such as Vicon, OptiTrack or Qualisys are widely available. We have also mentioned the PX4FLOW
Smart Camera developed by [12]. This sensor tracks ground using its on-board
high-speed camera and ultrasonic range sensor to provide speed and position
estimation for UAVs. We describe the sensor in more detail in Sect. 6.3, as it
was as an integral part of motivation for this project.
A similar work using dedicated hardware has been proposed in [9]. The sensor mimics the concept of PX4FLOW but it uses a Raspberry Pi computer in
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combination with a compatible Sony IMX219 camera. Their veriﬁcation shows
about the same performance as PX4FLOW. Unfortunately, no veriﬁcation under
the conditions where PX4FLOW sensor stops working (such as high altitude)
was done.
In [3], an implementation of Horn and Schunk optical ﬂow method [13] is presented for two-dimensional position estimation. However, only a general concept
is shown and no testing results are presented.
Self-motion estimation using visual systems is done by [20]. They use feature detection implemented in OpenCV library, along with an iterative pyramidal Lucas-Kanade optic ﬂow calculation method for the estimation. The height
measurement is done with an ultrasonic sensor. They also implement correction
methods to deal with terrain height variation and tilting of the camera.
A solution for 3D odometry sensor with PX4FLOW camera and a low-cost
IMU unit is presented in [24]. They test more variants of the Kalman ﬁlter and
propose diﬀerent covariance matrices for diﬀerent ﬂight stages. It was shown
that a plain EKF ﬁlter performs equivalently to nonlinear versions with the
given setup. They also proposed methods to overcome such situations, where
PX4FLOW gives erroneous readings. This, however, does not solve the problem
of poor performance of the PX4FLOW in worse lighting conditions.
As [9] points out, computer mouse sensors are very popular for visual odometry. He references [2] who use multiple mouse sensors. Their method, unlike
other cited, does not scale the readings of optical ﬂow, but merely creates a
direction constraint that corrects for the drift of on-board IMU unit. This technique dramatically decreases the position estimation error compared to a pure
IMU solution. Another example would be [16], who use two mouse sensors to
overcome the unknown depth information in combination with EKF. Optical
mouse sensors were also used in autonomous UAV [7].
In our work, we also present a method for yaw rate and vertical velocity estimation from optical ﬂow using a single camera. In [35] a camera is used, with
ﬁsheye lens for yaw speed measurement of an UAV. They do a log-polar transformation of the captured images in combination with Phase correlation. This
allows them to estimate the rotational movement between the frames. However,
this method demands more processing power than the method proposed in our
work, due to the log-polar transformation.
Joos et al. in [15] present a method that estimates horizontal velocity and
yaw rate using two optical mouse sensors. The yaw speed is estimated by simple
trigonometry. However, the method is only presented as eﬃcient on a ground
vehicle.
The technique we have developed in this project can be coupled with a model
predictive control system, such as the one developed in our lab [1]. This way,
the estimation of current velocity can be fused with other sensory data, as well
as with the knowledge of the physical properties and capabilities of the current
UAV.
Having such an estimate is vital for stabilizing a densely packed swarm of
UAVs, where small drifting in the position estimate can lead to destructive
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collisions. These risks have been addressed previously in numerous works. One
such option is visual mutual relative localization of UAVs based on detection of
explicit patterns carried by neighboring units, as was described in [18]. We have
used these systems previously [5,18,27] with success. However, this method can
not be always used separately, without stabilizing the group with respect to the
environment, which creates a need for an absolute velocity sensor. Additionally,
these methods are computationally demanding and require the neighbors to carry
obstructive and un-aerodynamic markers. These properties may make them less
suitable for some applications, such as those where small and lightweight UAVs
are needed.

3
3.1

Preliminaries
Motion Field Equations

Following the same principles as in [12], we model the eﬀect of movement of the
camera on the optic ﬂow present in the frames. We simplify the camera model to
a pinhole camera, with focal length expressed in terms of pixels. We consider the
situation illustrated in Fig. 1, where the camera makes a translational movement
with respect to a stationary observed point, while the camera may also rotate
in three axes due to tilting and yaw rotation of the carrying UAVs.
The notation from this ﬁgure will be used throughout this paper.
Let us denote the translational velocity of the camera as T , and its rate
of rotation as ω. The velocity V of the point P relative to the camera center
will be:
V = −T − ω × P .

(1)

Fig. 1. Illustration showing projection of a point in space to an image plane. The
camera aperture is placed at the origin of coordinate system. The point P is projected
to an image plane I of a camera with focal length f . Rotational velocities along each
axis are denoted as ωx , ωy and ωz .
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Each of these vectors consists of three spatial components within the corresponding frame. The rotation ω consists of partial rotations about the camera axes,
as shown in Fig. 1. The velocity of the image of the point P in the camera image
plane, expressed in pixels per unit of time, depends on the velocity of the point
itself and on its position with respect to the camera:
 
Pz V − V z P
d P
,
(2)
=f
v=f
dt Pz
Vz2
After substituting (1) and a series of simpliﬁcations, we get separate components
of the image velocity as follows:
T z px − T x f
ωx px py − p2x ωy
,
− f ωy + p y ω z +
Pz
f
p2y ωx − ωy px py
T z py − T y f
vy =
.
+ f ωx − p x ω z +
Pz
f

vx =

(3)

We assume the eﬀect of the last term divided by f to be negligible:
T z px − T x f
− f ωy + p y ω z ,
Pz
T z py − T y f
vy ≈
+ f ωx − p x ω z .
Pz

vx ≈

3.2

(4)

Optical Flow Estimation - Phase Correlation

The image velocities, from which the velocity of the UAV relative to the ground
points can be calculated, will be referred to as the optical ﬂow vectors, and are
derived from translational alignment of consequent image frames and the time
passed between their acquisitions. The method we selected for ﬁnding a translational alignment is called Phase correlation. It applies the properties of Fourier
transform to calculate correlation between two images [6]. The primary advantage to this method is robustness w.r.t. image noise, making it suitable even
for low lighting conditions. In our solution, we applied the already available
implementation in OpenCV library [14]. This method, along with many others,
assumes purely translational displacement between images. While this assumption is wrong for a general UAV ﬂight, rotational and scaling components of
the image transformation are addressed in later parts of this paper, where small
diﬀerences between separate optical ﬂow vectors estimated on diﬀerent parts of
the image are used.

4

Assumptions on the Platform

The system described in this paper requires speciﬁc basic equipment in order to
be applicable.
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The system is primarily developed for use in multirotor autonomous drones.
The precision of the system decreases with altitude, while the range of measurable velocities increases. While the algorithm allows for sub-pixel precision, we
do not recommend ﬂying above altitudes where a shift of one pixel in the camera image would correspond to physical distance per frame-time greater than the
required precision of the velocity estimator. We also presume, that the horizontal
velocities will not be so great that the shift between two consecutive frames will
be too signiﬁcant to match them. What is the maximum admissible image shift
will be discussed in Sect. 7.1.
The method requires a downward-facing camera to be carried by the UAV.
The resolution of the camera should be not much less than 480 × 480, and
the frame-rate should be no less than 10 Hz. The maximal frame-rate depends
heavily on the processing hardware.
In order to be able to scale the observed velocity based on the altitude, a
precise altitude sensor is needed. If the altitude sensor used is distance-based,
the eﬀects of tilting of the UAV can be corrected for using an onboard tilt sensor,
if it is available.
Additionally, an angular rate sensor is needed for correcting for dynamically
changing tilt. Such tilting would normally produce phantom additive components
to the estimated velocity, which can be subtracted if we know the current rate
of rotation. A yaw sensor is desirable to have, but as will be demonstrated in
later sections, it can be omitted in shorter ﬂights, using our yaw rate estimation
algorithm.

5
5.1

Algorithms and Implementation Overview
Horizontal Velocity Estimation from Optical Flow

The image data is ﬁrst converted to grayscale and cropped into a square image.
Optical ﬂow is then measured by comparing two consecutive images. In order to
improve the overall output, the translational alignment is measured in multiple
parts of the image. The frame is separated into square sections without overlaps
and Phase correlation is calculated for each one. We will assume that we get
n optical ﬂow estimates from each image section, labeled as [u1 , u2 , ..., un ]. In
Sect. 8.2 we estimate the optimum to be sixteen frame sections for our setup.
Rotation in roll, pitch and yaw axes can have a signiﬁcant impact on the
measurement, applying an undesired additive optical ﬂow into the image. We
have to compensate for these eﬀects by applying the knowledge of the current
angular rates obtained from on-board gyroscope. Since the axes of the camera
are closely aligned with the axes of the drone, we do not perform any further
recalculation of the angular velocities. Furthermore, we assume that the camera is attached in the centre of rotation. In the real implementation, this is not
entirely true, but the eﬀect on the readings in this case is negligible. Additionally, we will assume that the vertical velocity also has a negligible eﬀect on the
readings. The angular velocities, as described in Sect. 3.1, are ωx , ωy and ωz .
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Then, for each optical ﬂow measurement ui = (ux,i , uy,i ) the estimated translation according to Eq. (4) can be calculated as follows [12]:
A
(−ux,i − f ωy + py,i ωz ) ,
f
A
≈ (−uy,i − f ωx + px,i ωz ) ,
f

Tx,i ≈
Ty,i

(5)

where px,i , py,i are the coordinates of the center of the given image section in
the image reference frame (origin is in the center of the frame) and f is the focal
length of the camera in terms of pixels.
Finally, the post-processing method described below is used on vectors Ti .
5.2

Data Post-processing

The output data from optical ﬂow calculation methods sometimes contains outliers, especially when an optically uniform area is contained in a part of the
image. The image is segmented into multiple rectangular parts, and optical ﬂow
is then calculated for each segment separately to mitigate this issue. Having
more estimates available at a time, we can employ an outlier removal technique
inspired by Random sample consensus (RANSAC) method.
Let U be the set of available estimates: U = {u1 , . . . , un }, where n ≥ 2.
We will compute an average vector ai,j for every i, j pair as ai,j = 12 (ui + uj ).
Using averages of pairs makes it possible to approach the centroid of the estimate
set, since it may not be otherwise suﬃciently represented in such a small set.
Using the average of three or more points was also considered, but this would
only bring small improvements in some special cases. Considering the increase
to computational costs, we have decided against this. Now, we construct a set
Ei,j for each vector ai,j with elements from U that are within a radius of r from
ai,j :
(6)
Ei,j = {ui ∈ U such that ui − ai,j  ≤ r} .
Afterwards, we pick a set E from all Ei,j that has the most elements:
E = arg max (card (Ei,j )) .
Ei,j

(7)

Finally, we create output vector u as an average of elements in E.
This ﬁltering ensures that none of the outliers present in the input set aﬀect
the ﬁnal result. The key parameter for the method is the threshold radius r
which has to be determined empirically. We show our method of adjusting it in
Sect. 8.1.
5.3

3-D Velocity and Yaw Rate Estimation

Using the properties of the Motion Field described in Sect. 3.1, we can not only
estimate the horizontal velocity, but it is also possible to obtain the vertical
speed and yaw rotation rate estimates.
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Fig. 2. Illustration showing notation of optical ﬂow vectors in parts of the frame for
yaw rate and vertical velocity estimation.

The image is cropped and converted into greyscale in the same way as in the
previous method. In this method, the image is then symmetrically divided into
nine parts. For each part, we calculate optical ﬂow separately. Let us denote the
optical ﬂow in each section vectors as [v11 , v12 , v13 , v21 , . . . , v33 ] as it is shown
in Fig. 2.
Assuming relatively ﬂat ground beneath the UAV, each of the vectors vij
can be approximately expressed according to Eq. (4) as a sum of ﬁve diﬀerent
factors:
f
vij,x ≈ − Tx +
A
f
vij,y ≈ − Ty +
A

pij,x
Tz + pij,y ωz − f ωy ,
A
pij,y
Tz − pij,x ωz + f ωx ,
A

(8)

where (pij,x , pij,y ) is the center of each square section, A is the altitude measured
by the altitude sensor, (Tx , Ty , Tz ) is translational velocity and (ωx , ωy , ωz ) the
angular rates of the UAV.
First, we use measurement of the angular rate in roll and pitch axes from
on-board gyroscope to compensate for eﬀect of ωx and ωy in the equations. We
thus obtain corrected optical ﬂow vectors wij = vij + f (ωy , −ωx ).
As a next step, we estimate horizontal velocity Tx and Ty . We take advantage
of the fact that the eﬀect of Tz and ωz on the motion ﬁeld vectors is centrally
symmetric - the factors are being multiplied by px or py . That means, we eliminate the eﬀect by summing the opposite vectors. Hence, we can calculate four
horizontal velocity estimates Ti as follows:
T1 =

−A
−A
−A
(w11 + w33 ) , T2 =
(w12 + w32 ) , . . . , T4 =
(w21 + w23 ) .
2f
2f
2f
(9)
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They are fed to our outlier ﬁltering method described in Sect. 5.2 along with
estimation from central vector T5 = −A
f w22 which is not aﬀected by vertical nor
yaw movement. We thus obtain an estimation of horizontal velocity T .
By adding the eﬀect of horizontal velocity to vectors wij , we create vectors:
kij = wij +

f
T.
A

(10)

These vectors should be simply a product of yaw and vertical movement1 , summarized in the following equations:
pij,x
Tz + pij,y ωz ,
A
pij,y
Tz − pij,x ωz .
≈
A

kij,x ≈
kij,y

(11)

The estimation of vertical velocity and yaw rate can be done for each of the
eight vectors by solving the set of linear equations as follows


  pij,x
−1 

pij,y
kij,x
Tz,ij
A
= pij,y
ωz,ij
kij,y
A −pij,x

(12)

All the estimates are then averaged, and thus ﬁnal vertical velocity and yaw
rate estimates are obtained.

6

Experimental Platform Overview

Here we summarise the experimental setup used for testing of our algorithms.
6.1

Hexacopter

The UAV employed in our experiments uses a slightly modiﬁed F550 frame
by DJI 2 with diagonal wheelbase of 550 mm and take-oﬀ weight of about 3 kg
(Fig. 3).
The UAV is equipped with Intel NUC i7 computer, which provides processing
power for control algorithms as well as for our localisation algorithm. Low level
control is handled by a PixHawk autopilot3 .
The maximal horizontal velocity is limited to 8.33 ms−1 , and the vertical
velocity in constrained to 2 ms−1 while ascending and to 1 ms−1 while descending. The angular velocity in yaw is limited to 1 rads−1 . It should be noted that
these are the maximal ratings, while in the real-world application of our algorithm the horizontal velocity is limited to approximately 4 ms−1 and the yaw
rate to 0.5 rads−1 .
1
2
3

We do not consider central vector w22 , since it is unaﬀected by rotational and vertical
movement in our model.
See http://dji.com/ﬂame-wheel-arf/spec.
See https://pixhawk.org/modules/pixhawk.
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Fig. 3. Photograph of the hexacopter in ﬂight.

6.2

Sensory Equipment

The mvBlueFOX-MLC200w camera by Matrix Vision is used as the main sensor4
with resolution of 752 × 480 of grayscale pixels. It is equipped with a global
shutter and is capable of frame rate up to 93 Hz, or up to 170 Hz with 2 × 2
pixel binning enabled. The lens used was MV-O-SMOUNT 02.1 TN0212B by
Matrix Vision, with focal length of 2.1 mm and a wide ﬁeld of view. This allows
us to reduce the frame-rate, lowering the computational power required, without
greatly limiting the applicable velocity range.
We use infra-red TOF distance sensor TerraRanger One 5 by Terabee for
altitude measurement, with speciﬁed accuracy up to ±4 cm and maximal range
of 14 m. The range decreases to 6 m in sunlight.
The angular rate and current yaw are measured by the PixHawk autopilot
unit.
6.3

PX4FLOW Smart Camera

The PX4FLOW sensor6 is used for comparison with our solution, as the functionality it provided was what we intended to replace with a better option.
The manufacturer presents theoretical maximal measurements with diﬀerent
focal lengths in diﬀerent altitudes displayed in Table 1. However, practical usage
showed the altitude to be limited to around 5 m and maximal horizontal velocity
to be approximately 2 ms−1 at the altitude of 1.5 m.
Position Estimation System. In the real-world experiments, we compare
the performance of velocity and position estimation of our method with the
4
5
6

See https://www.matrix-vision.com/USB2.0-single-board-camera-mvbluefox-mlc.
html.
See http://teraranger.com/products/teraranger-one/.
See https://pixhawk.org/modules/px4ﬂow.
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Table 1. PX4FLOW sensor theoretical maximal velocities under diﬀerent conditions [22].
Altitude

1m

16 mm lens 2.4 m/s

3m

10 m

7.2 m/s 24 m/s

8 mm lens

4.8 m/s 14.4 m/s 48 m/s

6 mm lens

6.4 m/s 19.2 m/s 64 m/s

4 mm lens

9.6 m/s 28.8 m/s 96 m/s

UAV’s internal estimates. These are derived from a fusion of RTK satellite navigation module PRECIS-BX305 7 with PixHawk inertial measurement unit and
the TerraRanger One sensor. The RTK module itself has accuracy of horizontal positioning of 10 mm + 1 ppm, vertical positioning of 15 mm + 1 ppm and
velocity accuracy of 0.03 ms−1 [36]. This precision makes it a suitable source of
the ground truth.

7

Real-World Verification

This section comprises veriﬁcation of our method on a real-world dataset as well
as its comparison to the PX4FLOW Smart Camera sensor.
Initially, the system was tested in Gazebo8 simulator, in order to reduce the
costs of the initial phases of the development. The hexacopter platform, together
with the onboard sensory equipment, were all included in the simulation with
parameters based on the real-world platform. Afterwards, a real world dataset
was created. The UAV was deployed in an outdoor environment at various times
during daylight. Raw video stream was captured from the Bluefox camera.
7.1

Horizontal Velocity Estimation

This section describes veriﬁcation of our horizontal velocity estimation method
described in Sect. 5.1 and simultaneously provides a comparison with the
PX4FLOW Smart Camera. To carry out such a comparison, the PX4FLOW
sensor was mounted next to the Bluefox camera as Fig. 4 shows.
Maximal Measurable Velocity. The maximal measurable velocity will vary
with altitude, frame rate and focal length. To determine the maximum for each
combination of variables, we need to specify the maximal measurable optical
ﬂow, i.e. the maximal shift in pixels between two frames.

7
8

See https://tersus-gnss.com/collections/rtk-boards-receivers/products/precis-bx305.
See http://gazebosim.org.
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Fig. 4. Figure showing the test setup for comparison with PX4FLOW Smart Camera
sensor. The Bluefox camera is on the top part of the image, PX4FLOW sensor on the
bottom. Both sensors are mounted on the bottom of the UAV facing the ground.
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Fig. 5. Figure showing maximal speed testing for the method on a real-world dataset.
The UAV was accelerating in the global x-axis at an altitude of 1.5 m. The frame rate
was limited for the test to 17.5 Hz.

Let sm be the maximal measurable shift and R the frame rate. Then, if we
presume the eﬀect of angular rate to be negligible, we can, according to Eq. (5),
state the relation between sm and maximal measurable velocity vm as
vm =

sm RA
,
f

(13)

where A is the altitude and f is focal length in terms of pixels.
To determine sm we designed a trajectory where the UAV slowly accelerates
from steady state to 4 ms−1 , in the altitude of 1.5 m. The resulting velocity
estimates are shown in Fig. 5.
The frame rate was limited to 17.5 Hz. The measured speeds are shown in
Fig. 5. The estimation becomes spurious at 2.3 ± 0.4 ms−1 which according to
Eq. (13) corresponds to the maximal measurable frame shift sm = 32 ± 6 px.
Based on these values we can calculate the maximal measurable velocities
following the Eq. (13). The results are shown in Table 2.
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Table 2. Maximal velocities based on real-world experiments for diﬀerent frame rates
and altitudes. The table assumes a setup with Bluefox camera with 2.1 mm lens.
[ms−1 ]

Altitude

Frame rate 1.5 m 2 m

8m

20 Hz

2.62

3.49

35 Hz

4.58

6.11 12.21 24.43

6.54

8.72 17.45 34.90

50 Hz

6.98 13.96

80 Hz

10.47 13.96 27.92 55.83

100 Hz

13.09 17.45 34.90 69.79

4

4
Ground truth
Velocity estimates

Ground truth
Velocity estimates

-1

-1

]

3

]

3
2

Speed [ms

Speed [ms

4m

1
0

2
1
0

-1

-1
0

2

4

6

8

10

12

0

2

4

6

8

10

Time [s]

Time [s]

(a) Altitude of 1.5 m.
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Fig. 6. Figure showing maximal speed testing for PX4FLOW sensor. The UAV was
accelerating in the global x-axis at an altitude of 1.5 m and 2 m.

To test the maximal velocity measurable by PX4FLOW sensor, we performed
the same test ﬂight with UAV accelerating from steady state to 4 ms−1 at
altitudes of 1.5 m, 2 m, 4 m and 8 m. The sensor provided results only for the
ﬁrst two altitudes, at the other two the readings remained at 0 possibly because
of an exceeded range of the sonar installed on the sensor. The estimates in the
ﬁrst two altitudes are shown compared to ground truth in Fig. 6.
As seen in the ﬁgures, we were unable to reach the maximal velocity. However,
the estimates often fall to zero, especially in the higher altitude. This is likely
caused by the instability of the sonar measurements. The results are summarized
in Table 3.
Accuracy Testing. To test the accuracy we had the UAV follow the ﬁgure
eight trajectory (see Fig. 7) two times at an altitude of 1.5 m and three times at
3 m at speeds ranging from 1 ms−1 to 4 ms−1 (Fig. 7). However, the results from
PX4FLOW sensor were highly inaccurate at the higher altitude, containing high
number of spurious extreme peaks and zero measurements, to the point of being
unusable for any meaningful comparison.
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Table 3. Maximal velocities for PX4FLOW sensor based on real-world experiments
in diﬀerent altitudes. The sensor was not able to measure velocity in 4 m and above.
Results in lower altitudes were unstable as shown in ﬁgures.
[ms−1 ]

Altitude

Frame rate 1.5 m 2 m
250 Hz

>4

4m 8m

>4 (unstable) 0

0

Fig. 7. The shape of the trajectory used for accuracy testing. Image is taken from the
simulator.

We therefore present only the results from the ﬂight in the lower altitude,
where the maximal velocity was limited to 2 ms−1 , and conclude that in these
conditions the sensor is unsuitable for ﬂights from 3 m and above. The total
length of the trajectory was about 56 m. Other parameters were set the same
as in other experiments (see the beginning of the section). For further reference,
we created a video on showing the processed dataset, see Fig. 8.
The velocity estimates were integrated to obtain position estimates. The
PX4FLOW sensor provided many zero measurements that were ﬁltered out.
These could have been caused by blur, large image shifts, noise or glitches. We
compared the readings to the ground truth to obtain an estimate of precision.
Average and maximal absolute error are shown in Table 4. The velocity estimates
are shown in Fig. 9, position in Fig. 10.
The average velocity error of our approach is around 0.1 ms−1 . After traversing the whole trajectory, the ﬁnal position estimation error was around 1 m.
Error obtained over time like this is to be expected, since this localization approach integrates velocity over time, gradually increasing drift by accumulating
noise in the sensors being used.
In the results of the PX4FLOW in Fig. 9, we see signiﬁcant amounts of noise.
The average position and velocity errors considering only the x-axis are about
twice as big as with our method. However, the performance of the sensor in the yaxis is very poor. The sensor seems to fail in providing a velocity measurement in
y-axis in signiﬁcant parts of the trajectory thus distorting the position estimates
greatly. A possible explanation for the eﬀect might be that the velocity in x-axis
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Fig. 8. Snapshot of a video compiling the accuracy testing. Highlighted vectors in
the image show measured optical ﬂow. The video can be viewed at https://youtu.be/
u3pxrFuNzs8. The resulting trajectory estimates can be better seen in Fig. 9

Table 4. Maximal and average velocity and position estimates errors based on the
real-world dataset.
Velocity error [ms−1 ] Position error [m]
Maximal Average Maximal Average
x
y
x
y
x
y
x
y
Phase corr. 1.7

0.57 0.13 0.11 1.78 0.78 0.36 0.31

PX4FLOW 2.51 4.4

(a) Velocity in global x-axis.

0.25 0.38 2.03 3.72 0.67 1.40

(b) Velocity in global y-axis.

Fig. 9. Velocity estimates obtained by Phase correlation and PX4FLOW sensor from
a real-world dataset. The UAV was following a trajectory shaped as a ﬁgure eight at
an altitude of 1.5 m. The total length was 56 m.
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(a) Position in global x-axis.

(b) Position in global y-axis.

Fig. 10. Position estimates obtained by Phase correlation and PX4FLOW sensor from
a real-world dataset. The UAV was following a trajectory shaped as a ﬁgure eight at
an altitude of 1.5 m. The total length was 56 m.

was so high that the sensor could not measure the velocity in the other axis
accurately. However, the real cause of the problem is unknown to the authors.
7.2

3D Translational Velocity and Yaw Rate Estimation

In this section, we test the accuracy of the 3D translational velocity and yaw
rate estimation method proposed in Sect. 5.3 on a real world dataset.
Translational Velocity Estimation Testing. In this section, we examine the
accuracy of the horizontal and the vertical velocity estimation. The horizontal
velocity accuracy testing was already described above, but since this method
estimates the horizontal velocity with a slightly diﬀerent method and parameters,
we test it here as well.
We created four trajectories for the test. The ﬁrst, “ﬂat” trajectory was
the same as in Sect. 7.1. It was used to test the accuracy of horizontal velocity
estimation. The UAV followed the shape of ﬁgure eight (see Fig. 7) twice, at an
altitude of 1.5 m at speeds ranging from 0.5 ms−1 to 2 ms−1 . The length of the
trajectory was around 56 m.
The other three trajectories included ascension in the z-axis to test the accuracy of the vertical speed estimation and the eﬀect of horizontal movement on
it. The trajectories are illustrated in Fig. 11, with vh and vv denoting horizontal
and vertical components of the velocity respectively. The resulting data from
these trajectories are compiled in a video, see Fig. 12.
Once again, velocity estimates were integrated to obtain the position estimates and after a comparison with the ground truth, an absolute error was
calculated for both. Tables 5 and 6 show maximal and average errors for both
the position and the velocity. Figure 13 shows the vertical velocity estimates for
the last three trajectories. As we seen in the ﬁgures, vertical velocity with no
horizontal movement was estimated without much noise. However, the estimates
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1 m s−1 .
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(b) vh = 1 m s−1 , vv =
1 m s−1 .

(c) vh = 2 m s−1 , vv = 2 m s−1 .

Fig. 11. Trajectories used for vertical rate estimation testing, deﬁned by horizontal
and vertical components of the velocity. The images are taken from the simulator.

seem to saturate at around 0.5 ms−1 . We see more noise in the tests with horizontal movement, which is to be anticipated. Considering the tables, the average
errors in vertical velocity and position estimation are very similar for all of the
trajectories. We conclude that the average velocity error is about 0.2 ms−1 .
Observing the errors of horizontal velocity estimates, we see that they are
signiﬁcantly higher than the errors of methods tested in the previous section.
We therefore recommend obtaining horizontal velocity with the previous method
separately, if it is feasible.
Yaw Rate Estimation Testing. Yaw rate estimation accuracy was tested
with three diﬀerent trajectories. All the tests were done in a 3 m altitude, and
the UAV was set to rotate at the rate of 0.5 rads−1 during the ﬂight. We compiled
a video of the experiment, see Fig. 14. The three trajectories diﬀer in horizontal
velocity along the global x-axis – we used speeds of 0, 1 and 2 ms−1 .
The resulting errors of the velocity estimates are shown in Table 7. The estimates compared to the ground truth are shown in Fig. 15.
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Fig. 12. Snapshot from a video compiling the vertical velocity estimation testing. Highlighted vectors in the image show measured optical ﬂow. Figure 13 shows the plots in
upper right corner in their entirety. https://youtu.be/K1bvQMz9fOo.

Table 5. Maximal and average 3-D velocity estimation error with real-world dataset
for diﬀerent trajectories.
Trajectory Velocity error [ms−1 ]
Maximal
Average
x y
z
x
y

z

Flat

1.7 1.31 1.21 0.41 0.30 0.19

Vertical

-

1 m/s

1.3 0.95 0.85 0.35 0.21 0.22

2 m/s

1.7 1.3

-

0.57 1.2

-

0.20

0.41 0.30 0.18

Table 6. Maximal and average 3-D position estimation error with real-world dataset
for diﬀerent trajectories.
Trajectory Position error [m]
Maximal
Average
x
y
z
x
y

z

Flat

1.0

0.76 1.88 0.36

0.30 0.51

Vertical

-

-

-

1 m/s

0.17 0.47 0.96 0.058 0.17 0.43

2 m/s

1.7

1.4

0.52 1.1

0.96

0.59

0.22 0.59
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Fig. 13. Vertical rate estimation on real-world data at diﬀerent horizontal speeds along
global x-axis.

Fig. 14. Snapshot from a video compiling the yaw rate estimation testing. The highlighted vectors in the image show measured optical ﬂow. Figure 15 shows the plots in
upper right corner in their entirety. https://youtu.be/KTO1fcT1h3M.
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Table 7. Yaw rate estimates errors for trajectories that diﬀer in horizontal speed along
the global x-axis. The yaw rate the UAV was set to spin at was 0.5 rads−1 for all the
trajectories.
Velocity error [rads−1 ] Position error [rad]
Horiz. speed Maximal Average
Maximal Average
0

0.42

0.070

0.95

0.43

1 ms−1

0.69

0.050

0.38

0.13

2 ms−1

0.22

0.039

0.22

0.090

1

Angular rate [rad/s]

0.8
0.6
0.4
0.2
0

Ground truth
Estimates

-0.2
0

5

10

15

Time [s]

1

0.6

0.8

0.5

Angular rate [rad/s]

Angular rate [rad/s]

(a) vh = 0 m s−1

0.6
0.4
0.2
0

Ground truth
Estimates

-0.2

0.4
0.3
0.2
0.1
Ground truth
Estimates

0
-0.1

0

2

4

6

8

10

0
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6

Time [s]

Time [s]

(b) vh = 1 m s−1

(c) vh = 2 m s−1
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Fig. 15. Yaw rate estimation with diﬀerent horizontal speeds along global x-axis. The
yaw rate the UAV was set to spin at was 0.5 rads−1 , for all the trajectories.

Figures show that the yaw rate estimation is very accurate and independent
of the horizontal movement. However, with the current parameters, the estimates
saturate at a rate circa 0.6 rads−1 . This claim is also supported by the results
from the table that show very low average velocity error.
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The maximal velocity errors in the table show that the results sometimes
contain outliers which are visible in the ﬁgures as well. However, erroneous results
under 0.6 rads−1 occur rarely.
We can conclude that the yaw rate estimation works well enough for use
in practice, as our previous experiments [25,32,33] show that the precision of
yaw estimation required for robust swarm stabilization is within the range of
5–20◦ , depending on the speciﬁc method used. Erroneous measurements sometimes occur but a ﬁltering method can be developed to cope with this issue.
Preprocessing from a single frame, such as in our horizontal velocity estimation
algorithm, can not be used, since the diﬀerences of optical ﬂow in individual
sections of the image now need to be preserved as a source of information.

8

Optimizing the Parameters

8.1

Optimizing Threshold Radius of Post-processing Method

To set the threshold radius for the post-processing algorithm described in Sect.
5.2, we performed two experiments on a supplied real-world dataset. We focused
mainly on the primary inﬂuence of the parameter - the number of measurements
averaged in the result.
Two trajectories were designed for this experiment. In the ﬁrst “straight”
trajectory, the UAV ﬂew along the global y-axis at a constant speed of 2 ms−1
while also rotating along vertical axis at a rate of 0.5 rads−1 at the altitude
of 4 m. The second “complex” trajectory was designed to have a shape of the
ﬁgure eight, while the maximum speed was around 4 ms−1 , with the altitude
set to 4 m. No rotation changes were planned in the trajectory9 . The input
frame size was 240 × 240 px, divided into nine sections10 . The maximal number
of averaged velocity estimates is thus nine - all vectors are inliers. The video
stream frame-rate was 130 Hz.
When the radius is too small, the inlier estimates are split into many groups
making the ﬁnal value a product of chance. With radius that is too large, even
wrong results are sorted into the ﬁnal average. We tested parameter values ranging from 0.1 ms−1 to 1.5 ms−1 . We use the dimension of speed instead of distance,
since the radius would otherwise be frame-rate dependent. Figure 16 shows the
number of averaged velocity estimates for selected values at relevant parts of the
trajectories.
Out of the tested values of the radius, we have selected 1.0 ms−1 . At that
value, the low and strongly ﬂuctuating inlier counts from lower values no longer
appear. Only a few occasional drops remain, which ﬁts with the expected situation where in normal conditions all values tend to be inliers, with only a few
spurious deviations due to image errors or problematic areas. With the radius
9

10

For further reference, we took videos from the experiments. They can be
viewed on YouTube. Link to playlist is: https://www.youtube.com/playlist?
list=PLSwHw6pigPZqNijnZfIL8 -otOzRgdQwV.
This experiment was performed before optimizing the number of sections.
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Fig. 16. Figures showing the number of ﬁnal averaged velocity estimates (maximum
is nine) in time, based on threshold radius setting, on two distinct trajectories.

set to 1.5 ms−1 all the estimates were sorted into inliers, making this radius too
large to ﬁlter out erroneous readings.
8.2

Optimizing the Number of Frame Sections for Horizontal
Velocity Estimation

As is described in Sect. 5.1, when estimating the horizontal velocity, the input
frame is divided into multiple rectangular sections, with each being used as a
source of an optical ﬂow vector. These are then combined in order to remove
outliers. Larger sections leave space for a suﬃciently large overlap even with
higher speeds. However, this also results in smaller number of estimates, lowering
the eﬃciency of the post-processing method, which we consider to be the stronger
contributing factor to overall quality of the output.
We tested diﬀerent settings of this parameter, using a dataset from the
simulator. The input video stream had frame-rate of 25 Hz and resolution of
Table 8. Absolute error in position estimation for diﬀerent number of sections.
Section size/no. of sections Position error [m]
Maximal
Average
x
y
x
y
60 px/64

5.59 2.48 1.43 1.48

80 px/36

2.53 1

96 px/25

2.37 0.58 0.85 0.23

120 px/16

1.96 0.55 0.72 0.20

160 px/9

2.17 0.49 0.77 0.18

240 px/4

2.12 0.57 0.73 0.22

0.87 0.5
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480×480 px from a camera with a ﬁeld of view corresponding to the lens used
in real world. The trajectory followed the shape of ﬁgure eight11 in altitudes of
1.5 m and 3 m in speeds ranging from 0.5 ms−1 to 4 ms−1 .
To select the best section size, we integrated the velocity to gain position
estimates and then compared the results to ground truth to calculate the absolute
error. The average and maximal errors for a diﬀerent number of sections are
shown in Table 8. Based on these results we have selected 120 × 120 px as the
best compromise.

9

Conclusion

We designed and implemented a method for image based self-localization for
use in UAVs. This method uses Phase correlation for optical ﬂow calculation,
and using a novel ﬁltering method, provides a good estimate of the current
horizontal velocity. A modiﬁcation to this method was also presented, that allows
us to estimate the vertical velocity with limited precision, and the current yaw
rotation rate, with enough precision to be usable in practice.
The calculated optical ﬂow is combined with data from other sensors and
ﬁltered with RANSAC-inspired method. The implementation is described as a
whole in Sect. 5.1. We optimized the parameters in Sect. 8 and veriﬁed the algorithm on real-world datasets in Sect. 7. Moreover, comparison with PX4FLOW
Smart Camera was done in the same section.
Our approach has at least twice better average accuracy than PX4FLOW
Smart Camera according to these tests. Additionally, as opposed to PX4FLOW,
our system functions in worse lighting conditions, is less prone to spurious errors,
less inﬂuenced by random objects above the ground and, depending on the altitude sensor used, may be used in higher altitudes. Our system also allows the
user to investigate causes of any questionable outputs by reading out partial
results, which makes it more transparent.
The experimentation on real-world data was also done with our method for
estimation of 3D translation and rotation in yaw. It showed that yaw rate could
be measured with the average error as small as 0.04 rads−1 . This makes the
method usable for yaw estimation in magnetometer-denied environments. Horizontal velocity estimates are not as precise with this approach. Vertical velocity
can be estimated with an average error of 0.2 ms−1 .
Apart from higher accuracy and improved reliability, we must stress that the
results of the work are highly modular. The software was implemented as a node
for Robot Operating System, and will be made available for public use at a later
date, in the form of a library. The adjustment for another UAV running ROS is a
matter of minutes. Furthermore, the parameters of the camera, altitude sensor,
lens or gyroscope can be changed easily to adjust for the current environment.

11

To gain a better overview, the processed video with 16 sections (120 px) was recorded
and uploaded to http://youtu.be/bFa2c0LzPZ4.
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Still, more development can be done on the project. As a direct follow-up to
the results presented, it is planned that the method will be employed in feedback
onboard Model Predictive Control (MPC) in the next months.
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T., Mejail, M.: A practical multirobot localization system. J. Intell. Rob. Syst.
76(3–4), 539–562 (2014)
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