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Abstract: Moving object tracking has been widely used in various areas such as intelligent transportation system,
video surveillance applications and airport security system and so on.In this paper, we are explaining an example of
how to implement an Extended Kalman filter in Simulink. The problem of tracking flying objects is implemented using
Extended Kalman Filter. Simulink is an environment for simulation and model-based design for dynamic and
embedded systems. Extended Kalman Filter is the nonlinear version of Kalman Filter.
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1.INTRODUCTION
Automatic tracking of object is difficult task for a large
range of home, corporate, and industrial applications. The
video cameras are the most commonly used sensors in a
large number of applications which are starting from
surveillance to smart rooms for video conferencing.
Moving object tracking means to find different locations
of the moving object in the video. There is a need to
develop algorithm for task such as moving object
detection.

At each point in time the object being tracked has a given
range and bearing from the observer. Often the observer is
considered the location of a radar dish tracking the object.
The range and bearing are generated from displacements
(i.e. distances from the observer) in both the x and y
directions.
The tracking problem involves estimating not only the x
and y displacements of the object but also its x and y
velocities. Given that the displacements and velocities are
Kalman filter, is an algorithm that uses a series of non-linearly related to the range and bearing this is an
measurements observed over time, containing noise and ideal problem to solve using an Extended Kalman Filter.
other inaccuracies, and produces estimates of unknown The Extended Kalman Filter algorithm requires the
variables.It is also known as linear quadratic estimation calculation of Jacobian matrices for the state and
(LQE). Extended Kalman filter (EKF) linearizes about an measurement equations. These take the following forms.
estimate of the current mean and covariance. Simulink Over a small period of time the displacement can be
provides an interactive graphical environment and a considered to change according to the first order
customizable set of block libraries that let you design, approximation,
simulate, implement, and test a variety of time-varying
systems, including communications, controls, signal
processing, video processing, and image processing.
2. PROBLEM FORMULATION
The EKF is simply an ad hoc state estimator that only
approximates the optimality of Bayes’ rule by
linearization. One of the earliest applications of the
Extended Kalman Filter was to solve the problem of
tracking flying objects. The basic problem is shown
in Figure 1.

The above equation says that over a small period of time
the position changes by Δttimes the velocity (in both the x
and y directions) and that the velocity remains constant (in
both the x and y directions). Fk is the required Jacobian
matrix.
3. A SIMULINK IMPLEMENTATION
A Simulink model that implements the basic tracking
problem discussed above and which uses an Extended
Kalman Filter to estimate the object's trajectory is shown
inFigure 2.

Figure 1: Relationship between displacements and
range-bearing.
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There are two main parts to this model: firstly the blocks
that model the actual trajectory of the object being tracked;
and secondly the Extended Kalman Filter used to estimate
the trajectory of the object from measured data.
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corrupted with zero-mean Gaussian noise and sampled at
0.1s intervals. The range noise has a variance of 50 while
the bearing noise has a variance of 0.005.
The Extended Kalman Filter itself has been implemented
using an Embedded MATLAB Function block. The block
is discrete with a sample time of 0.1 seconds. The code for
the block is shown below.
Figure 2: Simulink Model for Tracking a Flying Object
using an Extended Kalman Filter.
The Actual Trajectory
The blocks that are coloured black are used to model the
actual trajectory of an object flying in 2-dimensional
space. Ultimately the properties being measured are the
range and bearing. These are calculated from the x and y
displacements, which are generated by integrating
velocities, which in turn are generated by integrating
accelerations.
The accelerations are generated by the acceleration model
shown in Figure 3. A simpler model could use either a
constant velocity or a constant acceleration . This model
assumes serially correlated random accelerations. This
corresponds to an object that is manoeuvering with a
velocity that cannot change too quickly.

Figure 3: Acceleration Model.
In this example the object is assumed to start in the northwest and be travelling due east at 100 m/s. This
corresponds to the settings given in the following table,
Quantity

Value

Initial x position

-1000
m

Initial y position

-1000
m

Initial x velocity

100 m/s

Initial y velocity

0 m/s

x displacement noise
power

10

y displacement noise
power

0.1

function xhatOut = ExtKalman(meas,dt)
% This Embedded MATLAB Function implements an extended Kalman
filter used
% for object tracking.
%
% The states of the process are given by
% x = [x_position; x_velocity; y_position; y_velocity];
%
% and the measurements are given by
% y = [range; bearing]
%
% where
% range = sqrt(x_position^2 + y_position^2)
% bearing = atan2(y_position/x_position)
% Author: Phil Goddard (phil@goddardconsulting.ca)
% Date: Q2, 2011.
% Define storage for the variables that need to persist
% between time periods.
persistent P xhat Q R
if isempty(P)
% First time through the code so do some initialization
xhat = [-900;80;950;20];
P = zeros(4,4);
Q = diag([0 .1 0 .1]);
R = diag([50^2 0.005^2]);
end
% Calculate the Jacobians for the state and measurement equations
F = [1 dt 0 0;0 1 0 0;0 0 1 dt;0 0 0 1];
rangeHat = sqrt(xhat(1)^2+xhat(3)^2);
bearingHat = atan2(xhat(3),xhat(1));
yhat = [rangeHat; bearingHat];
H = [cos(bearingHat) 0 sin(bearingHat) 0;
-sin(bearingHat)/rangeHat 0 cos(bearingHat)/rangeHat 0];
% Propogate the state and covariance matrices
xhat = F*xhat;
P = F*P*F' + Q;
% Calculate the Kalman gain
K = P*H'/(H*P*H' + R);
% Calculate the measurement residual
resid = meas - yhat;
% Update the state and covariance estimates
xhat = xhat + K*resid;
P = (eye(size(K,1))-K*H)*P;
% Post the results
xhatOut = xhat;

Simulation Results
Simulation results are shown in Figure 4. Each of the
actual and estimated states are shown on a separate axis,
with the actual trajectory shown in blue and the estimated
trajectory shown in red.

The filter takes some time to converge to an acceptable
estimate. However after 10-15 seconds the estimates track
The Extended Kalman Filter
the actual trajectories to a reasonable accuracy.
The Extended Kalman Filter uses a predictor-corrector The estimates could be further improved by tuning the
algorithm to estimate unmeasured states of a discrete noise covariance estimates before (and during) applying
processFor the tracking problem under consideration the the filtering.
measured data is the object's actual range and bearing
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Figure 4: Actual and Estimated Positions and Velocities.
4.CONCLUSION
Simulink is the best, easy and quick method to implement
the problem of tracking of flying objects with reasonale
accuracy . In other words, with the help of block diagrams
and graphical results,the estimated value achieve high
accuracy.
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