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I. INTRODUCTION

In this project, we have implemented the Unscented
Kalman Filter (UKF) to estimate orientation values from
IMU data. This filter uses a quaternion representation of
orientation and incorporates process and nonlinear measure-
ment models in order to generate an estimate. A key aspect to
ensure of when implementing this filter is to express the state
vector as a combination of a unit quaternion for orientation
and a vector for angular velocity. Another key aspect is that
the process noise should be applied before the process model.

In the following sections, we present a description of our
implementation of the UKF filter and the parameter values
used to tune the resulting estimation.

A. Generating Sigma Points

The provided gyroscope data has angular velocity data in
the order ωz , ωx, ωy respectively. We set the order to the
usual convention of ωx, ωy and ωz . The bias bg is calculated
by taking the mean of first 300 samples. The gyroscopic
values are then converted to physical units of rad/s.

We extract the initial rotation matrix from the Vicon data
corresponding to the timestamp closest to the first IMU
timestamp. We represent this matrix as a quaternion and
use it as the initial quaternion. We extract the first angular
velocity vector from the IMU data and combine it with the
initial quaternion to obtain the initial state vector.

We set the estimate error covariance Pk−1 as Pk−1 =
0.2 × I6×6 and the process noise covariance Q as Q =
0.1 × I6×6. We then use these two matrices to compute
the square root of their sum via a Cholesky Decomposition.
From the resulting square root, we form the matrix Wi with
2n columns. Combining the quaternion and angular velocity
extracted from each column ofWi with our previous estimate
xk−1, we obtain the set of disturbed vectors Xi containing
2n sigma points.

B. Transformations of the sigma points

In this step, the differential rotation expressed as quater-
nion is multiplied by the quaternion in each sigma point of
Xi. This quaternion combined with the angular velocity vec-
tor in the corresponding sigma point results in the projected
point that goes into the set of state vectors Yi.

C. Computation of the mean

From this set, we compute the mean of Yi and set it
to the priori estimate. We compute the barycentric mean
for the angular velocity components in Yi and perform the
intrinsic grade descent algorithm to compute the mean of the

orienatation component in in Yi. In the algorithm, we set the
maximum number of iterations to 50 and an error threshold
of 0.00000000000001. We observed that it only took a few
iterations to generate a value within the threshold specified.
Then, using the a priori state vector estimate, we compute
the covariance and conclude with the time update step.

Similarly, we obtain the measurement mean and covari-
ance. The difference between the measured value and the
measurement estimate is used to compute the innovation
covariance Pvv . We set the measurement nose R as R =
0.1×I6×6. Then, we obtain the cross correlation matrix Pxz

from the set of projected measurement vectors Zi and Wi.

D. Kalman Gain and Update
From the obtained cross correlation matrix and covari-

ance matrix, we compute the Kalman gain Kk and use it
to calculate the a posteriori estimate. This concludes the
measurement update step.

E. Implementation Details
The UKF filter was implemented in Python 2.7.

We utilized the following libraries: time, numpy, io,
Rotation from scipy, math, pyplot, and in particular
numpy.linalg. The later was used to perform the Cholesky
Decomposition. A couple of useful functions were im-
plemented including: convertQuaternionToV ector and
qconvertV ectorToQuaternion, which helped us in going
from one representation to the other.

F. Analysis and Results
We have included plots of all training data sets and test

data sets in the following pages starting with train data set
1 and ending with test data set 10. From these results, we
were able to make a few observations. For example, it can be
observed in the first plot, that while the UKF estimate tends
to be lower than the Vicon estimate, the Madgwick filter
estimates tends to be higher. To improve the UKF estimate,
a possible solution would be to increase the Kalman gain.

Another observation we make is that in the time instances
during which the Vicon estimates appear to be oscillating
rapidly, the Madgwick filter appears to be more successful
in following these changes while the UKF stays constant.
This can be observed in a couple of plots particularly for
the yaw estimation. This could be a potential issue when
relying on UKF estimates especially in the cases where there
are sudden changes to attitude as it appears that our filter
implementation does not follow these changes. Despite trying
different tunning of the parameters, the estimate from the
UKF did not capture these rapid or abrupt changes in attitude.
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