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Fig. 4. Results of shape retrieval for the global recognition algorithm using all siz
histogram-based signatures. The first column on the left shows the query models, and
the other figures on each row show the top eight matches. (This is a color figure.)

5 Discussions, Local Analysis, and Conclusions

In this paper, we introduced a new framework for 3D object recognition from point
cloud data. The proposed 3D signatures are derived from the distribution of the
pairwise di usion distances, the distribution of the pairwise geodesic distances, the
distribution of the ratio between these two distances, the distribution of a centrality
measure, the distribution of a curvature classifier, and the distribution of a curvature
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Total (487) ISDB (106) PSB (381)
BM FT ST BM FT ST BM FT ST
DCRGcDP | 76% 38% 53% | 95% 70% 79% | 71% 37% 51%
CDF 71% 45% 63% | 100% 98% 100% | 65% 40% 58%
LFD 79% 42% 59% | 73% 44% 62% | 87% 47% 62%
SH 75% 37% 54% | 78% 47% 64% | 77% 41% 57%
Table 3

The overall results of the four methods, DCRGcDP, LFD, SH, and CDF), tested on
ISDB and PSB databases and their combination (Total) is presented.

weighted distance. The use of intrinsic distances and their distributions is supported
by theoretical work as well as by extensive experimental results in both the 3D shape
recognition and image analysis literature. Although the distribution of geodesic
distances has been used before for 3D recognition of triangulated surfaces (not
point clouds as here reported), the other signatures have not been incorporated in
prior art.

Since the information in the signatures (histograms) defined on the whole shape
is global, it might ignore some important local information for identification. It is
thereby reasonable to compute the signatures more locally. In addition, in practical
scenarios where occlusions (or partial acquisition) are present, there is a need for
more local signatures. We extend the global framework to (semi-)local recognition
by considering overlapping patches (similar to the idea in [25]). Patches, originally,
are 50 sets of the 300 closest, in the geodesic sense, points to 50 center points,
sampled from the shape by the maxmin sampling method [8]. Then, all the patches
with more than 70% overlap are joined as one patch. These patches become nodes
in a graph, with attributes given by the six histograms described in Section 3.1,
and edges encoding the spatial relationship between the patches (connecting the
nodes corresponding to two neighboring patches). The edge weights are the geodesic
distances between the two corresponding center points, computed on the whole
shape. Then, we apply a graph comparison algorithm, following in part the work
introduced in [29] for shape recognition in video. We have applied this method
over a dataset of 119 shapes from the Princeton Shape Benchmark (PSB), [35],
and SCAPE pose and body shapes data [1], and the preliminary overall obtained
results where comparable to the global point cloud 3D shape recognition method
introduced in this paper. In categories such as tables, human hands, and insects, the
graph method produced better results; while for cars, planes, and horses, the global
method lead to better results. One of our ongoing objectives is to further improve
the graph comparison method and to use it in partial matching applications.

We are also considering combining the framework here proposed with topological
techniques, e.g., [36], in particular to address diverse classes such as chairs.

We have started to experiment with more advanced classification methods from the
learning community, applying them to our signatures, e.g., SVM, which have been
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very successfully used in the image recognition literature. Preliminary results are
encouraging, since straightforward use of SVM produces similar results to the y?
metric. Results in all these direction will be reported elsewhere.
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