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Abstract
This paper discusses the problem of empolying a non-linear complementary filter for
state estimation of unmanned aerial vehicle (UAV) given only measurements from a lowcost inertial measurement unit. A nonlinear complementary filter is proposed that fuses
accelerometer output for low frequency attitude estimation with integrated gyrometer
output for high frequency estimation. The raw accelerometer output includes a element
for the airframe acceleration, that occurs primarily as the aircraft turns, as well as the
gravitational acceleration that is necessary for the filter. The airframe acceleration is
estimated using a simple centripetal force model (based on additional airspeed
measurements), augmented by a first order dynamic model for angle-of-attack, and used
to obtain estimates of the gravitational direction independent of the airplane maneuvers.
Experimental results are provided on a real-world dataset and the performance of the
filter is evaluated against the output from a full GPS/INS that was available for the
dataset.
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1. Introduction
Attitude estimation is an essential task for an Unmanned Aerial Vehicle (UAV). With the growing
range of applications in UAV’s, and the push to make vehicles cheaper and more reliable, it is of
interest to develop robust and simple algorithms for attitude estimation [1], [9]. There is a large
literature on attitude filtering techniques, see for example the recent review article by Crassidis et al.
[6]. Most of the advanced filter techniques (particle filtering, etc.) are computationally demanding
and unsuitable for the small scale embedded processors in UAV avionic systems. The two methods
that are commonly used are extended Kalman filtering (EKF) or some form of constant gain state
observer, often termed a complimentary filter due to its frequency filtering properties for linear
systems [12]. Extended Kalman Filtering has been studied for a range of aerospace applications [7],
[9], [6], [16]. Such filters, however, have proved difficult to apply robustly [14], [4], [16]. In practice,
many applications use simple linear single-input single-output complementary filters [16], [5]. In
recent work, a number of authors have developed nonlinear analogous of single-input single-output
(SISO) filters for attitude estimation [15], [19], [18], [13], [11], [2]. To implement these schemes on
a UAV using inertial measurement unit (IMU) data the accelerometer output is used to estimate the
gravitational direction. The recent work by the authors [8], [12] allows the full estimation of vehicle
attitude (up to a constant heading error) as well as gyro biases based just on the accelerometer and
gyrometer data. The filter fails, however, when the vehicle dynamics are sufficiently large that
accelerometer output no longer provides a good estimate of the gravitational direction. This is
particularly the case for a fixed wing UAV maneuvering in a limited space and making repeated rapid
turns.
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Figure 1. Complementary Filter with acceleration compensation using airspeed data.
A complementary filter for attitude estimation performs low-pass filtering on a low-frequency attitude
estimate, obtained from accelerometer data, and high-pass filtering on a biased high-frequency
attitude estimate, obtained by direct integration of gyrometer output, and fuses these estimates
together to obtain an all-pass estimate of attitude. When the pitch and roll of a airplane are modelled
as decoupled processes, a SISO filter can designed for each signal that uses the the angle between the
accelerometer output and the body-fixed-frame as attitude reference and the separate gyrometer axis
output as velocity reference in a classical linear complementary filter [3]. When a low pass estimate
of the full attitude can be reconstructed from the IMU measurements, for example if magnetometer
data is also available and the full coupled rotation matrix for attitude can be computed as an algebraic
function of the gravitational and magnetic fields measured in the body-fixed-frame, then nonlinear
extensions of the complementary filters have been available for fifteen years [15], [18].
Magnetometers are rarely useful on small scale UAVs due to the perturbation of the magnetic field
resulting from electric propulsion systems and other disturbances. The recent work by the authors [8],
[12] provided a formulation of explicit complementary filtering (ECF), posed directly on the set of
rotation matrices, that is driven by a single inertial direction measurement, such as provided by the
accelerometer output, along with the gyroscope output. The implementation of the explicit
complementary filter is shown in Figure 1.

2. Methodology
An IMU is the abbreviation for Inertial Measurement Unit. It generally comes packaged in two flavors:
6-DoF and 9-DoF, i.e., six degrees of freedom or nine degrees of freedom. The first component of an
IMU is called the Gyroscope or Gyro and it measures the angular velocity across an axis. So, you
would need 3 gyros to compute angles in 3D. The best part about a gyro is that it is not affected by
external forces and acceleration. Gyros work very well under dynamic conditions when rotational
velocities are high, however they drift significantly with regard to time. Hence, the simplest filtering
operation performed on gyro data is a high pass filter to remove low frequency drift.
The second component of an IMU is called the Accelerometer or Acc and it measures the effective
acceleration along an axis. So, you would need 3 acc to compute angles in 3D given information
about external forces. Acc are affected by vibration and other external forces and hence cannot be
directly used for computing angles/attitude accurately. However, an acc works well in static
conditions as opposed to the gyro. Hence, the simplest filtering operation performed on acc data is a
low pass filter to remove dynamic noise from vibrations and other external factors.
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Also, note that the readings from an IMU are greatly affected by temperature changes. The noise
changes with temperature and as the IMU is being used due to "heating up" of the sensor. A
combination of 3 gyros and 3 acc (one in each of X,Y,Z axis) is called a 6-DoF IMU. A 9-DoF IMU
also includes a 3-axis magnetometer which measures Earth's magnetic field which can be used to
obtain orientation information as well. However, for indoor operation which has a lot of metal
structures, the magnetometer is generally inaccurate as is excluded from the data fusion. The
magnetometer is also often called the Digital Compass as it can be directly used to compute the North
pole direction.
Let us assume that our IMU is a 6-DoF one, i.e., it has a 3 axis gyro and a 3 axis acc. A 9-DoF IMU
is commonly called MARG (Magnetic, Angular Rate and Gravity) sensor. A simple mathematical
model of the gyro and acc is given below. Gyroscope Model is shown as:
𝛚 = 𝛚̇ + 𝐛𝐨 + 𝐧𝐨
Here, ω is the measured angular velocity from the gyro, ω̇ is the latent ideal angular velocity we
wish to recover, 𝐛𝐨 is the gyro bias which changes with time and other factors like temperature, 𝐧𝐨 is
the white gaussian gyro noise. Accelerometer model is built as:
𝐚 = 𝐑(𝐚̇ − 𝐠) + 𝐛𝐚 + 𝐧𝐚
Here, 𝐚is the measured acceleration from the acc, 𝐚̇ is the latent ideal acceleration we wish to recover,
𝐑 is the orientation of the sensor in the world frame, 𝐠 is the acceleration due to gravity in the world
frame, 𝐛𝐚 is the acc bias which changes with time and other factors like temperature, 𝐧𝐚 is the the
white gaussian acc noise.
The simplest way to estimate angles/attitude/orientation of the IMU in world is by fusing data from
gyros and acc using a Complementary Filter. We high pass the gyro data and low pass the acc data.
Therefore, The final equation for fusing gyro and acc data into a complementary filter is given below:
𝐀𝐧𝐠 𝐭 𝟏 = (𝟏 − 𝛂)(𝐀𝐧𝐠 𝐭 + 𝛚𝐭 𝟏 𝐝𝐭) + 𝛂𝐚𝐭 𝟏
𝛂 can be chosen as 𝛂 = 𝛕
respond and 𝐝𝐭 = 𝐟

𝟏

𝛕
𝐝𝐭

where 𝛕 is the desired time constant - how fast the data readings to

is the inverse of sampling frequency 𝐟. Generally 𝛂 > 𝟎. 𝟓 is used.

3. Experiments
We implement the designed filter on a UAV in simulation environment, which is built by ROS
Gazebo platform. The whole UAV flight control system is determined by PX4 firmware. We also
design a circle flight motion to validate the filter during UAV motion. We use an indoor UAV flightexperiment field, which consists of a motion capture system: VICON with 8-cameras. The VICON
outputs high accuracy of pose estimation for a rigid object, which is regarded as groundtruth for
algorithm evaluation. In experiments, three types of flights are designed: two-point loop flight, twotriangle loop flight and fixed-point rotation flight. To evaluate performance of the proposed CF, a
quadrotor is used to execute aggressive flights. During the flights, we compare currently popular
sensor fusion approaches for attitude estimation: EKF (Extended Kalman Filter) and ESKF (Error
State Kalman Filter) with the designed CF, in estimation of attitude Euler angles and runtime of a
single algorithm epoch. Their stability of realtime estimate outputs is also considered. The quadrotor
platform applies light-weight mechanism structure with limited weight and size. A Pixhawk R15
flight controller is employed to manage sensor driven and fusion, attitude and position control, and
communication with onboard PC. The PC, installed with Linux operating system including ROS,
which is responsible for receiving pose measurements from VICON, and processing flight planning
commands.
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(a)

(b)
Figure 2. Acutal experiments.

4. Conclusion
The designed Complementary Filter (CF) was extended to incorporate a model of the longitudinal
angle-of-attack dynamics of a fixed-wing aircraft. With this model, the CF, using only IMU and
dynamics pressure measurements achieved attitude filtering performance of the same quality as a full
extended Kalman filter that exploited full GPS/INS data. The ECF shows significant potential as a
simple and robust attitude filter for small scale UAV vehicles.
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