
  

 
Figure 5. Comparison of disparity maps for several 
vertical disparity hypotheses. From top-left clockwise: 1 
hypothesis (0); 3 hypotheses  (-2,0,2); 7 hypotheses ,  (-6,-
4,-2,0,2,4,6); and 5 hypotheses (-4,-2,0, 2,4).  
 
We recall that these images were weakly calibrated, i.e. 
were rectified according to a coarse estimate of the stereo 
head joint angles. For completely non calibrated systems, 
the further increase in the number of vertical disparity 
channels may improve the results.  
 The second test shows the influence if increasing the 
resolution of the vertical disparity shifts. Whereas the 
previous test generated vertical disparity channels with 
steps of two pixels, in this test we compare steps of 1 
pixel. It can be seen in XFigure 6X that there is a very slight 
improvement in using 1 pixel shifts, but the improvement 
is not significant enough to make a definite conclusion 
about this issue.  

 
Figure 6. Comparison of disparity maps for different 
vertical disparity resolution. Left: 1 pixel. Right: 2 pixel. 
Finally, in XFigure 7X we show the influence of the filter 
parameter in the quality of the disparity maps. As can be 
observed,  the best results are between 0.6 and 0.7.  

V. 4BBENCHMARKING RESULTS 
In this section we perform some benchmarking tests on 

the presented disparity estimation method, evaluating the 
influence of the image size and number of disparity 
channels. All the benchmarks were done on a regular P4 
3.00 Ghz DualCore PC with Windows XP as operating 
system and 1GB RAM. 

Theoretically, the complexity of the algorithm is linear 

both with image size and with the number of channels. 
This is confirmed in all the experimental tests, meaning 
that there are no architectural bottlenecks in the 
computational implementation, up to the maximum image 
sizes and number of disparity channels employed. For 
larger ones, it is likely that cache and/or disk swap 
problems may slow down the processing.  

The first test shows the performance of the algorithm 
with varying image sizes. Results are shown in XFigure 8X 
and XTable 1X. For this test the original image was resized to 
different sizes and the average of 3 runs was taken for the 
plot. The number of disparity channels was fixed, 
horizontal from -30 to 30 with step width 1 (61 channels). 
No vertical shifts were introduced in this test. The 
parameter for the Gaussian likelihood is set to .67 and the 
filter parameter is set to .75. It is obvious the linear 
increase of the computation time with the number of 
pixels to process. Processing times range from about 
200ms for small images (120x160) to 1.75s for large 
images (360x480). 

 
Figure 7. Computation time as a function of image size. 

 
Table 1. Computation time for different  image sizes 

ticks run1 run2 run3 avg pixels 
120x160 187 188 187 187 19200
180x240 469 437 421 442 43200
256x256 656 656 656 656 65536
240x320 750 765 812 776 76800
300x400 1203 1218 1203 1208 120000
360x480 1718 1750 1781 1750 172800

 
 

The second test shows the performance of the algorithm 
regarding to the number disparity channels (and therefore 
how many images are generated in each step of the 
algorithm). Results are shown in XFigure 9X and XTable 2X. 
Tests were run with the same image size, 256x256 pixel.  
 Again, the average of 3 runs was taken for the plot. The 
shifting range varies only horizontally from (-10, 10) (21 
channels) to (-70,70) (141 channels). No vertical shifts 
were considered.  The parameter for the Gaussian 
likelihood is set to .67 and for spatial filtering is set to .75.



  

 
Figure 8. Comparison of disparity maps for different values of the filter parameter. From top-left clockwise: 0.1, 0.2, 
0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 0.99 
 

 
Figure 9. Computation time as a function of disparity 
channels. 

 
In the plot, different bar colors represent different 

filtering strategies. The first uses only horizontal filter 
where the second bar applies horizontal and vertical filter. 

It is visible the linear tendency of grouth in the 
computation time as a function of the number of channels. 
Computation times go from 200ms, for 21 channels, to 
1.4s for 141 channels with both horizontal and vertical 
filtering steps. 
 
Table 2. Different number of disparity channels. 

ticks run1 run2 run3 avg with vertical filter enabled 
(-10,10,1) 171 171 172 171 229 218 234 234 
(-20,20,1) 328 328 328 328 432 437 437 421 
(-30,30,1) 500 484 484 489 704 640 671 802 
(-40,40,1) 656 640 640 645 848 843 859 843 
(-50,50,1) 812 796 796 801 1067 1093 1046 1062 
(-60,60,1) 953 953 953 953 1281 1312 1250 1281 
(-70,70,1) 1109 1093 1093 1098 1463 1453 1453 1484 

 
 

I. 5BCONCLUSIONS AND FUTURE WORK 
In this paper we have presented an experimental 
evaluation of a dense disparity estimation method for 
humanoid robots. These robots usually have mobile 
camera setups that prevent a precise calibration of the 
images. Therefore, the proposed disparity estimation 
method is able to consider disparities off the epipolar lines 
by including hypotheses for vertical disparities in rectified 
images. We have evaluated the quality of the method with 

the number and resolution of vertical disparities 
hypotheses and have verified improvements in the 
resulting disparity maps.  
The method is very flexible because it can add or delete 
disparity hypotheses in run time, which may be useful in 
dynamical scenarios and tasks. We have characterized the 
algorithm in computation time for several image sizes and 
disparity channels. These results are important for the 
customization of the algorithm as a function of the 
required precision and available processing time. We have 
show configurations whose computation times go from 
200ms, for small images and a small number of disparity 
channels, and about 1.75 sec for large images and an 
extended number of disparity channels.  
 In future work we aim at further improvements by using 
not only information on the image gray level but also on 
its gradient. We believe that contour information will 
provide an important constraint for the disparity 
computation, to further reduce the ambiguities in the 
estimation process that produce spurious and irregular 
estimates in the disparity maps. 
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