

















Figure 7. Epitomes of local histograms of RGB features. (a,b)
Two sample images from the cubicle area. (c) The epitome con-
structed from all cubicle images. (d) A sample image from the
kitchen area. (e) The epitome constructed from all kitchen images.
Note that the epitomes (c,e) are visualized by 9 x 9 dot patterns
in the epitome cells. The RGB colors of each pattern are sam-
pled from the local histogram distribution contained in that cell.
The colour-coded rectangles indicate the best match of each of the
three input images into their respective epitomes. Since (c) and
(e) are visually very distinct, local histograms of RGB features are
sufficient for discriminating between cubicle and kitchen in this
dataset.

a large office space containing the following seven differ-
ent locations: ‘“cubicle”, “corridor”, “kitchen”, “stairs 17,
“stairs 27, “small lecture room”, and “large lecture room”.
Some sample images are shown in fig. 2. The images were
randomly split into 50% training and 50% testing.

In the experiment we used 2 x 3 x 50 local histograms of
RGB colours. Often such RGB features may be sufficient
for discriminating between visually distinct locations (e.g.
kitchen and cubicle in fig. 7). However, that is not always
the case, and fusing a variety of visual features promises to
deliver better generalization.

In this paper we incorporate depth cues in the form of
disparities. In fact, for example, the images of two differ-
ent corridors may appear very different (fig. 8a,b); however,
their disparity maps are often very similar to each other
(fig. 8c,d). Integrating depth together with colour during
training allows both of the cues to be combined when per-
forming recognition. Specifically, we use 2 x 3 local his-
tograms of disparities (quantized into only 6 bins).

As this data set is smaller than the MIT one, it suffices to
train a single epitome for the entire data set. The resulting
epitome in this case contains the information from all differ-
ent locations. The supervised learning technique described

(a) b)

(c) (d)
Figure 8. Stereo vs. RGB for the corridor class (a,b) Two im-
ages of two corridors in an office building. (c,d) The correspond-
ing disparity maps of (a,b). Although the RGB images look very
different, their depths show great similarities. Incorporating depth
cues in our model delivers increased generalization.

in section 3.1 was employed. This supervision allows the
algorithm to put greater emphasis on those features which
provide good discrimination between locations, in a super-
vised fashion. For example, corridors may be more simi-
lar in depth than appearance and so the learned variance in
the corridor region of the epitome will be lower for dispar-
ity than appearance features. Conversely, for other location
classes the learned epitome may be more depth invariant
and more sensitive to appearance features. The resulting
precision-recall curves are plotted in fig. 9. Note how in this
dataset the gist features appear to work less well than the
simpler RGB features. The reason is that the MIT data set
has dramatically different illuminations between sequences,
hence the gist features generated from gray-scale images
are more robust than RGB. On the other hand, the illumina-
tion in our data set is more consistent, hence the RGB in-
formation becomes more effective. However, in both cases
the additional depth information improves recognition quite
considerably; with the RGB+stereo combination leading to
the overall best results.

5.4. Efficiency

All the experiments in this paper were carried out on a
2.16 GHz Intel Core Duo laptop. Most of the computation
load in learning and testing is carried by convolutions.

In the case where no local histograms are used, for
an epitome of size N x M x D and an image of size
N.x M. x D, the convolution takes O(DN M N, M, ) flops.
When using local histograms, if each B-dimensional his-
togram corresponds to Cy X Cpy = (N/By) x (M/Byy)
pixels in original images then the computation becomes
O(BNMN_.M./C%C3,) flops. For instance, when lo-
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Figure 9. Comparing RGB, Gist and Depth features. The
precision-recall curves when using RGB or gist features, with and
without stereo disparity features.

cal histograms are applied to RGB features, and we have
D = 3, B = 50 and CnyC); = 200, the computation is
reduced by a factor of 2400.

For the experiments reported in section 5.3 learning the
epitome from all 693 stereo images (assuming the dispar-
ity maps are precomputed) takes around 120sec. using our
Matlab implementation. Classifying 660 input testing im-
ages takes about 5.7sec; equivalent to 116 fps, fast enough
for real-time recognition on low-end or embedded systems.
Implementing convolutions on graphics hardware would
yield even greater efficiency.

6. Conclusion and Future Work

This paper has presented a new visual model of locations
which is compact and efficient at recognizing new images,
and generalizes well to previously unseen data.

A probabilistic, generative approach extending epitomes
to represent environments allows us to incorporate transla-
tion and scale invariance effectively. Comparisons with a
state of the art GMM model on existing and new databases
demonstrate the validity of the proposed model.

A variety of visual features such as color, gist and stereo
disparities have been integrated together to yield increased
recognition accuracy. High efficiency is achieved by ag-
glomerating feature responses into local histograms while
increasing generalization further.

Future directions include tests in different types of envi-
ronments (e.g. beach scenes, mountain scenes, school en-
vironments etc.), and inventing new, effective techniques to
increase generalization further.
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