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Abstract 
On a moving vehicle, speedy motion extraction from 

video is demanded. Different from the traditional 
motion estimation methods that track or match 2D 
features in consecutive motion-blurred images, this 
work explores a novel approach to find motion without 
explicit shape analysis. We take spatial integration of 
intensities in each frame and the obtained consecutive 
profiles provide distinct motion traces in a visual form. 
The camera motion can be followed in the integrated 
images briefly, rather than from complex feature 
extraction and iterative computation. The resulting 
motion parameters are used for normalizing length 
and removing shaking of route panoramas. The results 
are robust and the method is particularly efficient for 
real time processing. 
 
1. Introduction 

A vehicle borne camera performs on-vehicle tasks 
such as scanning route scenes [1,15], detecting passing 
vehicle, and understanding ego motion in 3D scenes. 
The motion estimation for a freehand camera is based 
on points [2,4,5,11,14], lines, regions [16], and is not 
always workable for a vehicle borne camera due to the 
following reasons: (1) processing video frames with 
iteration and statistics computation is time consuming 
[5] and is hard to be implemented on the fly as the 
vehicle moves; (2) the motion blur [13] in each frame 
affects the 2D localization and then motion estimation; 
and (3) the features that provide strong evidence of 
motion are not always available when the camera 
moves for a long distance.  

To obtain the vehicle motion constantly and 
robustly, we set a series of linear receptors to collect 
intensities in the video frame along a certain direction. 
The temporal 1D profiles from the receptors provide 
visible traces that directly reflect the vehicle motion. 
As the results, we are able to detect motion from 
consecutive image profiles without scene analysis in 

2D images. The handled data are much compact 
compared to the entire video and thus can speed up the 
motion detection significantly. Also, the spatial 
integration of intensities serves as a function of 
selecting long and consistent lines for robust motion 
detection. The proposed method is verified in the 
modification of distorted route panoramas.  

In the following, we start with the intensity 
integration in Sec. 2, and apply them to a vehicle-borne 
camera in Sec. 3. Sec. 4 discusses the motion detection 
in the spatially integrated images, followed with 
experiments in Sec. 5 for normalizing and deshaking 
route panoramas. 

 
2. Temporal and Spatial Integration 

In an image with a long exposure time as Figure 1, 
vehicle lights draw bright traces that show their 
trajectories on a street, while the vehicle shapes are 
motion-blurred. Such a temporally integrated image 
[12] is effective for understanding motion without 
shape analysis. The condition of this approach is the 
motion consistency and distinct object contrast against 
the background.  

 
Fig. 1 Temporal integration in the field of view forms an 
image with traces of moving objects. 

In contrast to the temporal integration for object 
motion, this work explores the spatial integration of 
images for the camera ego-motion. Figure 2 illustrates 
a spatial-temporal volume (video volume) representing 
intensity I(t,x,y). An image point p(x(t),y(t)) moving in 
the Field of View (FOV) generates a trace in the 
volume. The temporally and spatially integrated 
images from the video volume are 
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Fig. 10 (right two images): Rectifying waved route 
panorama by tracking major curves in the condensed 
image. Condensed image and RP pairs before and 
after rectification are displayed in order. Scenes are 
straightened according to the tracked long curves.  

Fig. 11 (right most images): Route panoramas RP(t,y) 
and attached condensed images T(t,x) showing the 
length changes after local length normalization and 
aspect ratio adjustment in RP(t,y) overtime. Pairs of RP 
and R before and after normalization are displayed. 

 
 

 
 

 
 


