




performance (52.1 percent) with respect to both BOV and the
results reported in [42]. The fact that the PLSA model has been
learned on the D3 data set, which does not contain any coasts,
river/lakes, or plain examples, likely explains the poor
discrimination between the six classes when the aspect
representation is used.

Overall, these experiments support some of the findings
obtained in Section 7, namely, that modeling scenes as a
BOV performs well even in problems with a large amount
of classes and that PLSA modeling can find limitations in
cases of large amount of overlapping classes. At the same
time, these experiments offer other insights: Our framework
is competitive with recent approaches and feature fusion
mechanisms (adding color) have a potential for an
increased classification performance.

10 CONCLUSION

Based on the results presented in this paper, we believe that
the presented scene modeling methodology is effective for
solving scene classification problems. We have shown, with
extensive results, that it outperforms classical scene classi-
fication methods. We have also shown that it is able to
handle a variety of problems without having to redesign the
features used.

Regarding the specific contributions of this paper, we
first presented results that demonstrate that the BOV
approach is adequate for scene classification, consistently
outperforming methods relying on a suite of handpicked
global features. In the second place, we also showed that the
PLSA-based representation is competitive with the BOV in
terms of performance and results, in general, in a more
graceful performance degradation with decreasing amount
of training data. This result is potentially relevant for the
portability and reusability of future systems, since it allows
to reuse a classification system for a new problem using less
training data. Thirdly, we also demonstrated that the PLSA-
based clustering of images reveals visually coherent group-
ing that we showed to be valuable for aspect-based image
ranking. Finally, as part of our work, we explored the
visterm vocabulary co-occurrence properties and compared
them to those of words in text documents. The results of
such analysis not only showed the presence of cases of
synonymy and polysemy as in text words, but also other
statistical properties, such as sparsity, to be different than
those in text. This, we believe, is mainly due to the
vocabulary construction methodology and advocates for
improved vocabulary construction approaches.

The description of a visual scene as a mixture of aspects
is an intriguing concept worth of further exploration. We
are currently exploring the extension of PLSA modeling for
scene segmentation. Further areas to investigate with the
approach are the extraction of more meaningful vocabul-
aries, the study of the influence of the degree of invariance
of the local descriptors, and the definition of feature fusion
mechanisms (for example, color and local descriptors) in the
latent space framework.
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