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Object Recognition Using Boosted Oriented Filter Based Local Descriptors
Jerry Jun Yokono™, Non-member, Tomaso Poggio™® *, Non-member

Object recognition system based on local descriptors is increasingly used recently because of their perceived robustness with

respect to occlusions and to global geometrical deformations. Such a descriptor — based on a set of oriented Gaussian derivative

filters—is used in our recognition system. In this paper, we explore the multiview 3D object recognition and multiview face

identification. Basic idea is to find discriminant features to describe an object across different views. Boosting framework is used

to select features out of huge feature pool created by collecting the local features from the positive training examples. We conduct

experiments on 3D objects and face images and get excellent recognition rate. Comparison to SVM is also noted in the paper.
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Fig. 1. Rotation invariant Gaussian derivative descriptor is

realized by steering filter responses and neighboring locations.
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Fig. 3. Some examples from the 74 training images of toy
car object. Images are taken from all the viewpoints and used

for training the multiview recognition system.

Fig. 4. Some examples from the 100 test images used in the

experiment. Note that images are taken under different

viewpoints, different light conditions, different backgrounds.
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Fig. 5. ROC of the toy car object. RIGD descriptor

outperforms other existing descriptors.

Fig. 6. First 200 selected features overlaid on all the 74

training images. Boosting procedure selects local features
from initial 7089 features in the pool. Radius of the white

circles indicates support region of the local descriptor.
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Fig. 7. Sample images of “airplanes” categories from
CalTech 101 Object Categories database. We use the first 40

images for training and the remaining images for testing.
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Fig. 8. ROC curve of “airplanes” category. Performance

significantly improves with weak geometric constraints.

Fig. 9. Collage image of “airplanes” category. Collage is

created by overlaying selected local features.
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Fig. 10. Multiscale local feature representation on the face

captures the various frequencies of the facial parts.

Fig. 11. Multiview face DB contains 9 subjects with

approximately 250 images for each.

Fig. 12. Colored circles indicate the selected facial features
during the boosting procedure. Radius of the circles represents

the support régions of the local descriptor.

Table 1. Identification performance on our database.

Methods #correct / #total Accuracy
1196 /2269 52.71 %
1457 /2269 6421 %
1543 / 2269 68.00 %

No Geometric Constraints [10]

Weak Geometry (single scale)

Weak Geometry (multi scales)

Laplacian patches with geometric

Y °
constraints (multi scales) R 2728
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