
Applied Computer Vision 1 Carnegie Mellon University Africa

Applied Computer Vision

David Vernon
Carnegie Mellon University Africa

vernon@cmu.edu
www.vernon.eu



Applied Computer Vision 2 Carnegie Mellon University Africa

Lecture 23

Video Image Processing

Object Tracking II: Kalman Filter
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Tracking Objects

Motion models

• xt = xt−1 + (xt−1 − xt−2) + ε

• xt = xt−1 + speedav + ε

• xt+k = xt + k speedav

If the previous positions or velocity are known, we can predict the position of 
the object in the next frame(s) and restrict the search for it

But how do we deal with the inherent uncertainty (or error ε) in the 
measurements?
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Tracking Objects

• If the dynamics of the moving object are known, we can predict the 
position of the object in the current image

• This information can be combined with the actual but error-prone image 
observation to achieve more accurate estimate

• The most common methods are

– Kalman filter 

– Particle filter
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Tracking Objects

Kalman filter - overview

• Optimal linear estimator

• Recursive data-processing algorithm

– Does not require all previous data to be stored and re-processed
– When a new measurement is taken

• Incorporates all information made available to it

– Processes all available measurements (regardless of precision)
– To estimate the current value of the variables of interest
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Tracking Objects

Source: P. S. Maybeck, Stochastic Models, Estimation, and Control, Vol. 1, 1979

The true position of the object
which cannot be observed

The sensed position of the object
(which has some uncertainty)

An improved (corrected) 
estimate of the position
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Tracking Objects

Kalman filter - overview

• Two-step process

– Prediction

• Produce estimates of the current state variables 
• Produce estimates of their uncertainties

– Correction (based on new observation)

• Observe the outcome of the next measurement 
(corrupted with some amount of error, including random noise) 

• Update the estimates using a weighted average of the prediction and the measurement

– More weight being given to estimates with higher certainty
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Tracking Objects

Kalman filter - overview

Credit: Welch and Bishop (2006)
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Tracking Objects

Credit: https://www.youtube.com/watch?v=sG-h5ONsj9s&feature=youtu.be
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Tracking Objects

Kalman filter in detail ... 

“The Kalman filter is a set of mathematical equations that provides an 
efficient computational (recursive) means to estimate the state of a process, 
in a way that minimizes the mean of the squared error”

Welch and Bishop (2006)
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Tracking Objects

Discrete Kalman Filter

Addresses the general problem of trying to estimate the state 
of a discrete-time controlled process that is governed by the linear 
stochastic difference equation

with a measurement                
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Tracking Objects

Discrete Kalman Filter

n x l matrix relates 
the optional control input u
(            )    to the state x

n x n matrix relates 
the state at the previous time step k – 1
to the state at time step k

Process noise:
white, 
i.e. temporally uncorrelated,
and Gaussian, 
i.e. normal probability 
distribution with zero mean
and variance Q

State at time k
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Tracking Objects

Discrete Kalman Filter

Measurement noise 
white, 
i.e. temporally uncorrelated,
and Gaussian, 
i.e. normal probability 
distribution with zero mean
and variance R

Measurement at time k

m x n matrix relates 
the state xk to the measurement zk
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Tracking Objects

Credit: P. S. Maybeck, Stochastic Models, Estimation, and Control, Vol. 1, 1979

The true position of the object
which cannot be observed

The sensed position of the object
(which has some uncertainty)

An improved (corrected) 
estimate of the position
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Tracking Objects

Discrete Kalman Filter

a priori estimate at time step k

a posteriori estimate at time step k given measurement zk

a priori estimate  error

a posteriori estimate  error

a priori estimate error  covariance: 
a measure of the uncertainty of the value of 
predicted by the filter immediately before obtaining zk

a posteriori estimate error  covariance:
a measure of the uncertainty of the value of 
computed by the filter after integrating measurement zk
with the prediction

This is the result we want: 
the a posteriori estimate of the state
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Tracking Objects

Discrete Kalman Filter

a posteriori estimate of the state computed 
as a linear combination of  the a priori estimate
and a weighted difference between the actual 
measurement and a measurement prediction 

This difference is called the measurement innovation
or the residual:

It reflects the discrepancy between 
the predicted measurement
and the actual measurement zk

The n x m matrix K is chosen 
to be the gain that minimizes
the a posteriori error covariance
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Tracking Objects

Discrete Kalman Filter

The n x m matrix K is chosen 
to be the gain that minimizes
the a posteriori error covariance
(see Welch and Bishop 2006)

This is the key to the Kalman filter ... how to best combine the information we have: 
an a priori estimate of the state and the difference between the actual measurement 
pf the state and the predicted measurement of the state
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Tracking Objects

Discrete Kalman Filter

The n x m matrix K is chosen 
to be the gain that minimizes
the a posteriori error covariance
(see Welch and Bishop 2006)

If the uncertainty of the measurement is low (i.e. the measurement error covariance  
Rk approaches zero), the gain K weights the residual more heavily

and the estimated state depends more on the actual measurement
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Tracking Objects

Discrete Kalman Filter

The n x m matrix K is chosen 
to be the gain that minimizes
the a posteriori error covariance
(see Welch and Bishop 2006)

On the other hand, if the uncertainty of the a priori estimate is low (i.e. the a priori 
estimate error covariance  approaches zero), the gain K weights the residual less 
heavily

and the estimated state depends more on the a priori estimate
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Tracking Objects

Discrete Kalman Filter

Welch and Bishop (2006)
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Tracking Objects

Discrete Kalman Filter

• Estimates a process by using a form of feedback control:

1. The filter estimates the process state at some time
2. It then obtains feedback in the form of (noisy) measurements

• Two groups of equations (each corresponding to these two phases)

1. Time update equations (prediction) 
• Project forward in time the current state and error covariance estimates
• To obtain the a priori estimates  for the next time step

2. Measurement update equations (correction)
• Incorporate a new measurement into the a priori estimate
• To obtain an improved a posteriori estimate
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Tracking Objects

Discrete Kalman Filter

Credit: Welch and Bishop (2006)
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Tracking Objects

Discrete Kalman Filter

• Time update equations:

• Measurement update equations:

Note: Trucco and Verri (1998) say that this 
expression can lead to serious numerical 
problems if both terms are small and they 
suggest a more complex expression that 
yields more stable estimates
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Tracking Objects

Discrete Kalman Filter

This is the result we want: 
the a posteriori estimate of the state

Credit: Welch and Bishop (2006)
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Tracking Objects

So how do we apply this to tracking objects?
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Tracking Objects

Discrete Kalman Filter

• The state estimate provides the location of the search for the object 
being tracked

• The uncertainty of the state estimate (i.e. the diagonal elements of the 
covariance matrix) allows the size of the search region to be set 
automatically: higher uncertainty, larger search region

• The elements of the state covariance matrix are usually  initialized to very 
large values (large search region) and they decrease and reach a steady 
state quite rapidly (in a few frames), thereby restricting the search region
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Tracking Objects

The discrete Kalman filter requires the following information:

• Definition of state xk and system model A

• System noise covariance matrix  Q

• Definition of measurement zk and measurement model H

• Measurement noise covariance matrix R

• Initial system state     0

• Initial state covariance matrix P0

• Here we assume there is no optional control input B
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Example: 
State is position and velocity

Either measure time period between cycles
or (better) embed cycle in a time thread

Need to estimate the 
process noise

Need to estimate the 
measurement noise

Use a large initial estimate of 
state uncertainty

Need to choose initial values
of position and velocity
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Credit: Cuevas, Zaldivar, Rojas (2005)

Example: 
State is position and change in position
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Tracking Objects

Discrete Kalman Filter

• This formulation of the state estimation problem assumes a linear model 
of a dynamical system

• If, however, the model is nonlinear, the Kalman filter can be adapted 
through a linearization procedure

• This is referred to as the extended Kalman filter (EKF)
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Tracking Objects

Credit: https://www.youtube.com/watch?v=sG-h5ONsj9s&feature=youtu.be
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Tracking Objects

Credit: Cuevas, Zaldivar, Rojas (2005)
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Tracking Objects

Credit: http://www.robots.ox.ac.uk/~lav/Papers/benfold_reid_cvpr2011/benfold_reid_cvpr2011.html
Benfold, B. and Reid, I., Stable Multi-Target Tracking in Real-Time Surveillance Video, Proc. IEEE CVPR, pp. 3457-3464, 2011.
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Demos

The following code is taken from the kalmanFilterTracking project 

in the lectures directory of the ACV repository

See:

kalmanFilterTrackingTracking.h

kalmanFilterTrackingImplementation.cpp

kalmanFilterTrackingApplication.cpp
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Reading

G. Welch and G. Bishop, An Introduction to the Kalman Filter, TR 95-042, 
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E. Trucco and A. Verri, Introductory Techniques for 3-D Computer Vision, 
Prentice Hall, 1998.

Section 8.4.2 Feature-based Techniques
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