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For rapidly moving platforms such as micro aerial vehicles, 
legged robots, and human first responders, it is important 
to track visual features through fast motions with 
substantial motion blur.

Perceived motion blur can be clearly correlated to camera pan 
speed.  As pan speed increases, KLT tracking error remains 
approximately zero mean and Gaussian, but with increasing 
variance.

When features are successfully tracked, KLT tracking error is 
zero-mean and approximately Gaussian. 
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The blur metric of 
Crete et al.2 varies 
with texture and 
does not correlate 
well with pan 
speed (and hence 
tracking error).
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The motions in these sequences are almost purely horizontal, 
so horizontal motion blur dominates and we see larger 
tracking errors in this direction than in the vertical direction.

1. How does feature tracking error respond to 
varying levels of motion blur? How do we 
identify motion blur?

2. Can we account for blur by actively scaling 
feature covariance?

?

Introduction
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1. Motion blur roughly preserves Gaussianity of 
tracking error and correlates with rotational speed.

2. When motion blur occurs, KLT tracking error 
covariance should be inflated for consistency.

!

Discussion and Conclusions

We use the dataset of Gauglitz et al.1, in which a camera on 
a pan-tilt head observes one of six textures while panning 
at nine angular rates.
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Feature Extraction 

KLT Tracking

Error Computation

2

Extract point features from 
the textured region in the 
first image of the sequence.

Track features from frame 
to frame with Kanade–
Lucas–Tomasi tracker.

Compute frame-to-frame tracking error 
using ground-truth homographies.

NCFRN RCCRT
NSERC Canadian

Field Robotics Network
Réseau canadien CRSNG
pour la robotique de terrain

en = pn � p̂n

= Hn,n�1pn�1 � p̂n

The effect of motion blur on feature tracking accuracy can 
be captured by inflating the covariance of image 
reprojection error as a function of rotational speed.
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For stereo visual odometry, 
feature covariance scaling 
during fast turns makes the 
estimator more consistent 
compared to static covariance.

Vision-based blur metrics are texture-dependent, but an 
IMU can be used to predict blur independent of texture.
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