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Using Discriminant Eigenfeatuers for Image Retrieval

(D. Swets and J. Weng, "Using Discriminant Eigenfeatuers for Image Retrieval", IEEE Transac-
tions on Pattern Analysis and Machine Intelligenve, vol. 18, no. 8, pp. 831-836, 1996, on-line)

• Content-based image retrieval

- The application being studied here is query-by-example image retrieval.

- The paper deals with the problem of selecting a good set of image features for
content-based image retrieval.

• Assumptions

- "Well-framed" images are required as input for training and query-by-example
test probes.

- Only a small variation in the size, position, and orientation of the objects in
the images is allowed.
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• Curr ent approaches

Features selected manually: difficult to use the same features for different
classes of objects (faces, cars etc.)

Features selected automatically: can deal with complex, real-world images,
leading to general and adaptive systems.

• Issues in feature selection

- More features do not necessarily imply a better classification succes rate (i.e.,
"curse of dimensiomality").

- Features must have good discrimination power (e.g., eigenspace-based fea-
tures contain information unrelated to recognition such as illumination direc-
tion).

• Some terminology

Most Expressive Features (MEF): the features (projections) obtained using
PCA.

Most Discriminating Features (MDF): the features (projections) obtained using
LDA.

• Computational considerations

- When computing the eigenvalues/eigenvectors of S−1
w SBuk = kuk numeri-

cally, the computations can be unstable sinceS−1
w SB is not always symmetric.

- See paper for a way to find the eigenvalues/eigenvectors in a stable way.
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• Factors unrelated to classification

- MEF vectors show the tendency of PCA to capture major variations in the
training set such as lighting direction.

- MDF vectors discount those factors unrelated to classification.

• Clustering effect

• Methodology

(1) Generate the set of MEFs for each image in the training set.

(2) Given an query image, compute its MEFs using the same procedure.

(3) Find thek closest neighbors for retrieval (e.g., using Euclidean distance).
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• Experiments and results

Face images

- A set of face images was used with 2 expressions and 3 lighting condi-
tions.

- Testing was performed using a disjoint set of images - one image, ran-
domly chosen, from each individual.

(MDFs can tolerate within-class variability better than MEFs)

Objects + Faces
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correct search probes

(MDFs can tolerate within-class variability due to facial expressions)

failed search probe

(query image corresponds to 3D rotation)
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PCA versus LDA

(A. Martinez and A. Kak, "PCA versus LDA", IEEE Transactions on Pattern Analysis and
Machine Intelligenve, vol. 23, no. 2, pp. 228-233, 2001, on-line)

• Is LDA always better than PCA?

- There has been a tendency in the computer vision community to prefer
LDA over PCA.

- This is mainly because LDA deals directly with discrimination between
classes while PCA does not pay attention to the underlying class structure.

- This paper shows that when the training set is small, PCA can outperform
LDA.

- When the number of samples is large and representative for each class,
LDA outperforms PCA.
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(LDA is not always better when the sample is small)

(LDA outperforms PCA when the sample is large)
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Critique of LD A

- Only linearly separable classes will remain separable after applying LDA.

- It does not seem to be superior to PCA when the training data set is small.
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