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ABSTRACT
Robust and reliable navigation of Unmanned Aerial
Vehicles (UAVs) is an upcoming and promising field of
research. In this paper we describe tightly-coupled
initialization procedure using a monocular camera to
resolve the GPS carrier phase integer ambiguities. This
helps us obtain heading estimates during flight, using the
GPS receivers. Further, we describe a sensor fusion
structure which uses the measurements from multiple
GPS receivers and multiple sensors on-board a UAV. We
implement an unscented Kalman filter (UKF) to fuse
information from the GPS receivers, the monocular
camera, the inertial measurement unit (IMU) and the
motor tachometers. In the filter we use pseudoranges and
carrier phases from the GPS receivers, as opposed to
directly using the position updates. Experiments were
conducted outdoors with an Ascending Technologies
Firefly hexacopter. We validate the integer ambiguity

resolution by our tightly coupled initialization, and the
robust sensor fusion structure.
INTRODUCTION
Unmanned Aerial Vehicles (UAVs) have emerging
applications such as mapping, surveillance, precision
agriculture, delivering packages and television coverage
of events. However, the primary concerns of safety
continue to delay the surge of UAVs for commercial
applications. While using a small flying robot has its own
advantages, it is important to ensure reliable navigation
which translates to reliable estimation and control
algorithms on the UAV.
The quality of estimation determines the safety and
maneuverability of the UAV. Thus it is common practice
to rely on multiple sensors, opposed to measurements
from just a single sensor. UAVs can be equipped with
several onboard sensors like the inertial measurement
units (IMU), global positioning system (GPS) receivers,
cameras, pressure sensors, depth sensors, etc. This
redundancy in measurements protects the UAV during
events of having unavailable or corrupted sensor
measurements. However due to constraints on the payload
an UAV can carry, it is important to efficiently combine
the available sensors. Different algorithms including
particle filters, Kalman filters and its variations are
commonly implemented for sensor fusion.
One of the major challenges in combining measurements
from multiple sensors is to handle the computational
workload and provide estimates in real-time. Various
methods have been investigated for sensor-fusion in the
field of UAVs, with the most common being the Kalman
filters [1], [2]. The extended Kalman filter (EKF) can
handle some non-linear measurements and is
computationally lighter relative to some other Kalman
filter variations in [3]. On the other hand, the unscented
Kalman filter (UKF) is computationally heavier but is
able to capture higher order non-linearities.
There are several non-linear estimation methods proposed
for UAV navigation. Some of them include using a nonlinear complementary filter [4] to estimate the attitude of

a UAV to aid vertical take-off and landing and Sigma
point Kalman filters [5] for integrating GPS with an IMU
and an altimeter. [6] presents a detailed analysis of the
unscented Kalman filter for an UAV GPS-IMU sensor
fusion. However, in most of these works the position
solution from the GPS receivers is directly used to update
the states of the filter. The works of [7] and [8] focus on a
more tightly coupled GPS-inertial structure using
unscented Kalman and Particle filters. While the position
of the UAV might be our primary concern, it might not
always be possible for the receiver to provide a position
update. During the motion of the UAV, there might be
situations where the receiver loses track of satellites due
to fast maneuvers or obstructions. In cases where the
number of tracked satellites drops below four, the GPS
receiver will not be able to estimate the position of the
UAV and thus will not provide any correction to sensor
fusion model. However, the receiver still tracks some
satellites and generates measurements which are unused
in the above case. In our previous work [9] we had
outlined the advantages of using the measurements as
corrections in the Kalman filter, as opposed to directly
using the position.

with a small number of features. Hence for our
application we use the PTAM algorithm to provide us
with the 5-DOF pose measurements. Figure 1 shows a
snapshot of the PTAM algorithm.

Different techniques of incorporating vision for
navigation have been implemented previously. In [10] a
charge coupled device (CCD) video camera is used along
with a laser rangefinder to estimate the movements of the
UAV. Cameras can also be used in a stereo setup which
helps in recovering 3D information from the scene. [11]
presents combination of a forward-facing stereo setup and
sidefacing cameras using optical flow. Experiments
conducted on a ground-based tractor and an UAV in
urban canyons showed the advantages of combining both
the methods.

In this paper we continue working on the measurementlevel integration [9], incorporating the carrier phase
measurements into the structure. However, these
measurements contain integer ambiguities and there are
various methods presented in literature to resolve them.
Previous works in [15-19] use information only from the
GPS receivers and/or are validated for long baselines. In
our work, we present an initialization procedure using
information from a camera to resolve the integer
ambiguities for short baselines on UAVs.

Recently there has been an increasing focus on algorithms
for estimating the movements of monocular cameras.
State of-art methods like [12], [13] and [14] provide
scaled 5-DOF pose measurements at frequencies suitable
for real-time applications. Large-scale direct SLAM [13]
creates and stores a 3D map of its environment, which
increases the load as the number of points increases.
Parallel tracking and mapping (PTAM) [12] and semidirect visual odometry (SVO) [14] track limited number
of points across frames, thus making them
computationally lighter. Of these two methods, SVO has
been demonstrated to work better than PTAM on scenes
with high-frequency texture like tiles and grass. This is
advantageous for flight in new unknown areas which
might not have many visible features available for the
camera. However, the ground plane estimation in PTAM
is better than that in SVO, thus providing more reliable
attitude updates to the filter. While flying outdoors, bright
lighting conditions help us to operate at higher camera
frame rates of more than 70 frames per second. This
enables PTAM to function properly even during scenarios

Figure. 1. Parallel Tracking and Mapping (PTAM). Algorithm
tracks features across images and re-projects them on a point
cloud to estimate the cameras pose (bottom right).

We use multiple low-cost and light-weight GPS receivers
on a UAV, along with information from a camera, IMU
and the motors. Figure 2 shows the layout of the setup and
labels the different components.

Figure 2. Components layout. Information sources for
navigation: 2 GPS receivers, Monocular camera, IMU board and
motors.

In the following sections, we begin with discussing the
tightly-coupled initialization approach we have taken. We
then proceed to describe the unscented Kalman filter
(UKF), where we show the prediction and measurement

models being used within the filter. This is followed by a
section on our experimental setup and how the different
hardware components interact with each other. Finally we
discuss the results and present our conclusions.
TIGHTLY-COUPLED INITIALIZATION
In our initialization procedure, we estimate the integer
ambiguities related to the carrier phase measurements
using attitude information from the vision algorithm.
Once the integer ambiguities are estimated, they are used
during flight to estimate the baseline, and hence the
heading. Figure 3 gives an overview of the initialization
process.
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In this equation, we have rid ourselves from the nuisance
parameters, except for the integer ambiguities. To solve
for these ambiguities, we make use of all the available
double differences. After applying some simple geometric
constraints, we can obtain the following equation:
𝒚 = 𝑮. 𝒃 + 𝑵 + 𝜖𝜙

(3)

𝒚: matrix containing double differences
𝑮: observation matrix for receivers-satellites geometry
𝒃: baseline vector between the two receivers
𝑵: double difference integer ambiguities
𝜖𝜙 : double difference noise
A detailed deduction of Eq. 3 from Eq. 2 can be found in
[20]. Thus, the goal of the initialization procedure is to
estimate the double difference integer ambiguities, 𝑵:
𝑵 = 𝒚 − 𝑮. 𝒃

Figure. 3. Tightly-coupled initialization procedure to resolve
carrier phase integer ambiguities. Once the ambiguities are
resolved we obtain heading information from the GPS receivers,
in addition to the vision algorithm.

We perform our initialization process before beginning
the flight. The carrier phase measurements for the GPS
receivers from the 𝑘 𝑡ℎ satellite can be represented by the
following equation:
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𝜙𝑢 : carrier phase between receiver and 𝑘 𝑡ℎ satellite
𝜆, 𝑓: carrier wavelength and frequency
(𝑘)
𝑟𝑢 : true range between receiver and 𝑘 𝑡ℎ satellite
(𝑘)
(𝑘)
𝐼𝑢 , 𝑇𝑢 : ionospheric and tropospheric range errors
𝛿𝑡𝑢 , 𝛿𝑡 (𝑘) : receiver and satellite clock biases
(𝑘)
𝑁𝑢 : integer ambiguity in the carrier phase
(𝑘)
𝜖𝜙 ,𝑢 : measurement noise
We use between-receiver, between-satellite doubledifference measurements, called double differences. For
instance, the double difference between 𝑘 𝑡ℎ and 𝑙 𝑡ℎ
satellites, and between 1𝑠𝑡 and 2𝑛𝑑 receivers can be
shown as:

(4)

For every measurement epoch, we create the 𝒚 matrix
with the double differences. 𝑮 can be created once we
have the satellite and the receiver position estimates in the
earth-centered earth-fixed (ECEF) co-ordinate frame. This
information is obtained from the ephemeris. Finally, we
need to determine the baseline vector, 𝒃 between the two
receivers in the ECEF frame. To obtain this, we use
attitude measurements from the vision algorithm, PTAM.
These measurements help us rotate the fixed baseline
vector in the body frame to the local navigation frame,
East-North-Up (ENU). We then use the initial latitudelongitude information to rotate the baseline to the ECEF
frame. Thus, with the right-hand side of Eq. 4 ready, we
proceed to estimate the integer ambiguities.
Once we obtain good estimates, we use these integers for
estimating heading during flight.
SENSOR FUSION: Unscented Kalman Filter
The unscented Kalman filter is a variation of the Kalman
filter designed to handle cases when the state transition
and observation models are non-linear. It uses a
deterministic sampling technique known as the unscented
transform to pick a minimal set of sigma points around
the mean. These sigma points are then propagated through
the non-linear functions, from which the mean and
covariance of the estimate are then recovered. As a result
of these transforms, the filter more accurately captures the
true mean and covariance. Further, this technique
removes the requirement to explicitly calculate Jacobians
which would have been a tedious task for our
measurement models. In Figure 4, we show the basic

steps involved in the UKF: the time update and the
measurement update.

The position states depend on the previous positions,
velocities and accelerations and are predicted using the
following state transition matrix:
1

Φxyz =

Figure. 4. The unscented Kalman filter (UKF). Consists of the
Time update and Measurement update steps. Time update: we
use the state transition matrix Φ (Eq. 5) to propagate the states.
Measurement update: we use the measurement model to predict
measurements, compute the Kalman gain and update the states.

0

0

Δ𝑡

0

0

Δ𝑡 2
2

0
Δ𝑡 2

0

0

1

0

0

Δ𝑡

0

0

0

0

1

0

0

Δ𝑡

0

0

0

0

0

1

0

0

Δ𝑡

0

0

0

0

0

0

1

0

0

Δ𝑡

0

0

0

0

0

0

1

0

0

Δ𝑡

0

0

0

0

0

0

1

0

0

0

0

0

0

0

0

0

1

0

0

0

0

0

0

0

0

0

1

2

0
Δ𝑡 2
2

(6)

The following state transition matrices are used for the
other blocks of the state vector:

For our sensor fusion we try to make use of all the
measurements available from the different sources. The
state vector 𝑋, used in the filter consists of 25 states,
shown in Figure 5.
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Fig. 5. State vector in the UKF.

The UKF, like any other Kalman filter, consists of two
important steps: Prediction and Correction.

With the prediction model defined, we now discuss the
correction step.
B. Correction Step

A. Prediction Step
The state vector consists of four independent blocks: the
position states, the attitude states, the receiver clock bias
states and the accelerometer/gyroscope bias states. For the
position states we use a constant acceleration model to
predict the states at the next time instant, while for the rest
we use a forward Euler integration method.
The combined state transition matrix looks as follows:
Φ𝑥𝑦𝑧
0
Φ=
0
0

0
Φ𝜙𝜃𝜓
0
0

0
0
Φ𝑐𝛿𝑡
0

0
0
0
Φ𝑏

(5)

The different sources of correction for the UKF include:
GPS receivers, vision algorithm, IMU board and motor
tachometers. From the GPS receivers, we use two kinds
of measurements: pseudoranges and carrier phases. The
pseudoranges can be related to the states as:
𝜌1𝑘 =

𝑥1 − 𝑥𝑠

2

+ 𝑦1 − 𝑦𝑠

2

+ 𝑧1 − 𝑧𝑠

2

+ 𝑐𝛿𝑡1 (10)

𝜌1𝑘 : pseudorange from 𝑘 𝑡ℎ satellite to receiver corrected
for satellite clock bias and atmospheric errors
𝑥𝑠 , 𝑦𝑠 , 𝑧𝑠 𝑘 : ECEF position of 𝑘 𝑡ℎ satellite
𝑥1 , 𝑦1 , 𝑧1 : ECEF position of receiver
𝑐𝛿𝑡1 : receiver clock bias

The ECEF position of the receiver is obtained using the
first the states of the state vector along with the initial
latitude-longitude. The carrier phase measurements from
the receivers are used to calculate the heading of the
UAV, which affects the yaw state. This is obtained by rearranging Eq. 4.
𝒃 = 𝑮−𝟏 (𝒚 − 𝑵)

reliable platform for research purposes.
For our
experiment, we need to record messages from two u-blox
receivers simultaneously. In order to log these messages

(11)

This baseline is then rotated from the ECEF frame to the
ENU frame using the initial latitude-longitude. Finally,
we estimate the heading angle looking at the orientation
of the baseline in this ENU frame.
The second source of measurements, coming from the
vision algorithm (PTAM) affects the position and the
attitude states. After quickly setting up the scale for
PTAM, we start receiving updates for the camera position
and attitude. However, when the algorithm loses tracking
of the features it is not able to estimate the position and
attitude.

Figure. 7. Ascending Technologies Firefly hexacopter setup
used for flight experiments. Two GPS antennas are mounted on
opposite arms along with a downward facing camera.

we use an onboard computer, the AscTec Mastermind.
The AscTec Mastermind, preinstalled with a Linux OS,
has a high performing 3rd Generation Intel® CoreTM i7
processor. Further, it has multiple USB ports which allow
us to connect the u-blox receivers, along with a camera.
We use a MatrixVision camera to record the images and
then apply the Parallel Tracking and Mapping (PTAM)
method.

Figure. 6. Correction model block diagram. The four
measurement sources affect different states in the Measurement
update step of the UKF.

Figure 8 shows how the different hardware components in
our setup are connected to each other. The GPS receivers
and the camera along with the microcontroller on the

The next source of correction is from the IMU board
which consists of 3 axes accelerometers, gyroscopes and
magnetometers. The accelerations and the angular
velocities are in the body frame of the UAV and are
rotated to the local navigation frame using the attitude
states. Further the magnetometers estimate the attitude in
the local frame. And finally, we also use the motor speed
information to estimate the individual motor forces and
thus the total thrust along the body axes. This is also
transformed into the local frame before being used in the
filter. Figure 6 summarizes the states each measurement
source affects via the UKF.
EXPERIMENTAL SETUP
To implement our approach, we use the Firefly
hexacopter manufactured by Ascending Technologies
shown in Fig. 7. The Firefly offers plenty of space and
various interfaces for individual components and
payloads. This top quality and safe aerial robot is a highly

Figure. 8. Hardware components used for collecting flight data.
The Mastermind with the Linux OS records all the incoming
information used later on for post-processing.

Firefly are connected to the Mastermind. The
microcontroller sends information from the IMU board
and the motor, over to the Mastermind which records all
the messages and images to be used for post-processing.

RESULTS
We first validate the initialization step, where we yaw the
Firefly at different angles and record the GPS carrier
phase measurements and the vision algorithm (PTAM)
attitude estimates. Figure 9 shows the results obtained by
using Eq. 4. After some time we are able to settle at
integer values. Once the integer ambiguities are
estimated, they are stored and used later on to estimate the
heading. Eq. 11 is used to estimate the heading using the
GPS carrier phase measurements and the integer
ambiguities. In Figure 10 we compare the heading
estimate obtained using Eq. 11 with the heading estimate
obtained using the vision algorithm (PTAM).

With heading estimates available from the GPS carrier
phases, we began our flight. We followed an
approximately rectangular path with the Firefly. We use
our sensor fusion structure on the different measurement
sources and observe the navigation solution. In Figure 11,
we compare the solution obtained in these scenarios. As
expected, the navigation solution dependent on just the
inertial measurements diverges quickly due to the biases
and drifts present in the inertial sensors. The navigation
solution dependent on vision follows the true path closely.
However, the vision algorithm is not completely reliable
as it depends on many factors like the image quality and
the frame rate.
The position estimates obtained using just the
pseudoranges from the GPS receivers are near the true
path but very noisy. Thus, aiding these with the heading
information
improves
the
navigation
solution,
significantly reducing the number of stray points. The
overall navigation solution including information from all
the sources accurately follows the true path. The solution
places higher confidence on the vision algorithm (PTAM)
due to its more accurate pose estimates.

Figure 9. Double difference integer ambiguity estimates over
time for 3 available satellite pairs. The estimates settle near
integer values over time.

Figure 10. Comparison between the heading estimates obtained
from PTAM (blue) and from the GPS carrier phase
measurements (green). The heading estimates from the carrier
phase measurements accurately match the heading estimates
from PTAM.

Figure 11. Outdoor flight results. (a) Approximate closed-loop
trajectory followed from A to B. Navigation solution obtained
using (b) only inertial measurements, (c) only pseudoranges
from the GPS receivers (red); pseudoranges and carrier phases
from the GPS receivers (blue), (d) 2 GPS receivers, vision
(PTAM), IMU and motors for complete navigation solution
from the robust sensor fusion. The navigation solution is more
accurate after including the heading information from the GPS
carrier phase measurements.

CONCLUSIONS
In this paper, we proposed a tightly-coupled initialization
procedure for the GPS carrier phase measurements,
followed by a robust sensor fusion dependent on multiple
GPS receivers and multiple sensors. In the initialization
we used attitude estimates from our vision algorithm to
estimate the double difference carrier phase integer
ambiguities. We then used these integer estimates to
obtain a redundant heading estimate and incorporated it in
our sensor fusion. Flight tests were conducted outdoors,
with two u-blox receivers mounted on a Firefly
hexacopter. We were able to validate resolution of the
integer ambiguities, along with the heading estimates
obtained from the carrier phase measurements. Finally,
we could observe improved accuracy in the navigation
solution of our vision aided sensor fusion structure.
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