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Figgare 2: Image set abtained by rotating the object shown in Fig.1 about a single axis.
These images are scale and brightness normalized.

Murase and Lindenb. have d the p: of the STA algorith
with the conjugate gradient and SVI algorithms described previously. Their results
show the STA algorithm to be superior in performanee to both algorithms, often 10 or
tnaore orders in magnitude faster than the SVD algorithm. Hence, we have used the
STA algorithm to compute the eigenvectors of image sets. As an example, Fig.3 shows
six eigenvectors (shown a1 images) computed for the image set shown in Fig.2. The
eigeavectors aze ordered in descending order of their eigenvalue magnitudes.

a5 eb

Figure 3: Eigenvectors corresponding to the six largest eigenvalues, computed for the
image set shown in Fig.2.
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of an iaput image onto a 10-dimensional space requires 10 dot products of the input image
with the 10 orth  eig that i the ej lence, the projecti
of an image onto the universal and object eigenspaces can be done in real-time (frame
tate of a typical image digitizer) using simple and inexpensive hardware. Once the image
bas beea projected onto the universal cigenspace, we need to find the hypersurface that
io closest to it. When the image is projected onto the abject eigenspace, we need to
find the point of the object hypersurface that is closest to the input point. A variety of
algorithms can be used 1o solve both these problems. In onr current implementation, we
use an exhaustive search algorithm that computes the distance of the input point from
uniformly sampled poitta on the parametrized hypersurface.

Figure 5: (2} An input image. (b) The input image is mapped to a paint in the object
eigenspace. The location of the point on the parametric curve determines the pose of the
abject in the input image,
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Figure 7: The four objects used in the experiments.
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Figure 9: Recognition results for the objects shown in F:g 7. (n) Recognition rate
plotted as a. fum:him of the number of universal ei used to
the hy; (b} ition rate pimted as a function of the number

of discrete pu!= of each object used in the learning stage. In both cases the recognition
rates were computed using all 1080 input images detailed in Table 1.
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Figurs 10: Poss estimation results for the objects shown in Fig. 7. (a) Histogram of
the error (in degrees) iz computed object pose for the case where 80 poses ate used in
the learning stage. (b} Pose error histogram for the case where 18 poses are vsed in the
learning stage. The average of the absclute error in pose for the complete set of 1080
test images is 0.5 in the fizst case and 1.0 in the second case.
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