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Motivations

* New features for “near-duplicates”, “copies”, rigid objects, etc.

* ImagEVAL benchmark task 1: transformed images retrieval




Motivations

e Can dedicated features be more efficient than generic features
such as SIFT, SURF or GLOH ?

» Great for robustness and generalisation but histograms:
heavy, high dimensional

null components: affect the performances of fast nearest neighbours
search techniques

e Assumption: more structured features could increase the
discrimination and thus both the quality and the search time

e |ssue: more structured features are more sensitive to small
geometric changes such as small shifts or resize
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Motivations

* Interest points detectors always suffer from localization errors

» Generate distortions particularly high for operators having a steep
variation at their center.

 Dissociated dipoles , introduced in [Ballas2003] for non-local
Image comparisons
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Dissociated dipoles

 Two Gaussian lobes with a spatial separation delta

e Removes the correlation between inter-lobe distance and lobe size




Dissociated dipoles

e Sensitivity to a small localisation error (about 3 pixels)

 SNR = operator standard deviation / distortion standard deviation

dipole delta=20

dipole delta=10
ipole delta=7

dipole delta=4

dipole delta==
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Proposed local features

e In this study IPs = Color Harris points [Gouet2001]
« Several resolutions for pseudo-invariance to scale and resize

e Orientation assignment g, for rotation invariance [Lowe2004]

e For each IP, we compute a 20-dimensional feature F

Fl IS composed of 8 dipoles extracted at s,

F=(F.F)

F2 Is composed of 12 dipoles extracted at s,
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Proposed local features

 F1 and F2 are extracted from the scale space of the image

e-(x2+y2/252)

1
L(X,y,s)=1(X,y)* —
2PS




Proposed local features

 F1 and F2 are extracted from the scale space of the image
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Figure 3: First order filters bank F3j
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Proposed local features

 F1 and F2 are extracted from the scale space of the image
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Figure 4: Second order filters bank Fa
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Improvements

e Angular smoothing to limit the effects of dominant orientation
Imprecisions

e Photometric invariances
Invariance to negative = sign of one single components decides

Invariance to affine luminance transformations = F1 and F2 divided by
their L2 norm

Without | With

SNR(Fy) 2.35 2.84
SNR(F>) 2.40 3.37

Table 1: Benefits of the angular smoothing
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Retrieval framework

» Fast approximate nearest neighbours search of each local feature
Distortion-based probabilistic search in a Z-curve partition [joly2004]
Quality control parameter = probability alpha

p=3 p=4

« Geometric consistency

Matching + spatial registration
RANSAC




Experiments: ImagEVAL

» Taskl participants = 6 European teams
« Database = 42,500 images from Hachette picture agency

» 16 transformations : rotations, negative, resize, Floyd-Steinbeck
transform, random noise, strong compression, cropping, text
Insertion, image composing, etc.

e Five runs submitted
Same technique

Different values of alpha (strength of the nn search approximation) =
Different quality/speed compromises
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Experiments: ImagEVAL
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Experiments: ImagEVAL
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Experiments: Web images search

* We created 10 classes of 30 images by querying google image
search and filtering manually the results

» Classes with different similarity properties: copies of famous
Images, movie posters, different views of identical scenes
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Experiments: Web images search

e Each image is used as query

 Mean Average Precision (MAP) after the search of all images

e Similar MAP than SIFT, 13 times slower

» Lower dimension AND better distributed in the feature space



Conclusions and perspectives

* New efficient local features for near-duplicates and rigid patterns
retrieval = lighter and more discriminant than SIFT for such tasks

* Poor performances of previous derivates based local features was
mainly due to their sensitivity to small localisation errors

» Perspective = exploring the usefulness of dissociated sensors for
more generic tasks
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