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Figure 5. Learning of key-patches from the Pascal VOCO06 dataset.
Column 1 presents the test image. Columns 2,3,4 present the raw
pixelwise classification results obtained respectively at iterations
20,25 and 30 of the procedure, during the pruning of the dataset.
Interestingly, the vertical and horizontal edges of the bicycles are

not considered as locally discriminative in an urban environment.

as feature vectors in a logistic linear classifier. A Gaussian
regularization similar to that used in our texture segmen-
tation experiments is applied and has proven to improve
noticeably the classification performance. Corresponding
precision-recall curves are presented on Figure 7 and com-
pared with [25, 36]. As one can see, our algorithm produces
the best results. Nevertheless, a more exhaustive study with
different classes and datasets with a more precise ground
truth would be needed to draw general conclusions about
the relative performance of these three methods.

5. Conclusion and future directions

We have introduced a novel framework for using learned
sparse image representations in local classification tasks.

(c) Discriminative, bicycle

(d) Discriminative, background

Figure 6. Parts of the dictionaries, learned on the class ‘bicycle’
from the Pascal VOCO06 dataset. The left part has been learned on
bounding boxes containing a bicycle, the right part on background
regions. The resulting dictionaries from the two approaches, re-
constructive and discriminative, are presented. Visually, the dic-
tionaries produced by the discriminative approach are less similar
to each other than with the reconstructive one.
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Figure 7. Precision-recall curve obtained by our framework for the
bikes, without pruning of the training dataset (green, continuous),
and after 5 pruning iterations (red, continuous), compared with
the one from [25] (blue, dashed) and [36] (black, dotted).

Using a local sparsity prior on images, our algorithm learns
the local appearance of object categories in a discrimina-
tive framework. This is achieved via an efficient optimiza-
tion of an energy function, leading to the learning of over-
complete and non-parametric dictionaries that are explic-
itly optimized to be both representative and discriminative.
We have shown that the proposed approach leads to state-
of-the-art segmentation results on the Brodatz dataset, with
significant improvements over previously published meth-
ods for most examples. Applied to more general image
datasets, mainly of natural images, it permits to learn some
key-patches of objects and to perform local discrimina-
tion/segmentation.

We are also currently pursuing a discriminative multi-
scale analysis. This could be embedded into a graph-cut-
based segmentation framework, which should take into ac-
count both the local classification and the more global im-
age characteristics, as in [32]. In general, we would like to
build a model that enjoys both global and local image anal-



ysis capabilities, using for example the coefficients of the
decompositions and/or the reconstruction error as local dis-
criminants, combined with more global learned geometric
constraints between the patches, as currently being investi-
gated in the scene analysis community.
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