








Figure 3: Top 20 representative images from three
typical clusters generated by RFCM.
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Figure 4: Top 20 representative images from three
typical clusters generated by U-CARD.

Figure 5: The performance of SS-CARD according to
varying the number of constraints.

tion has guided CARD to learn better feature relevance
weights as shown in table 5. For instance, comparing
the weights of the cluster in figure 4 (c) and the cluster
in figure 6 (c), we notice that the weights have changed
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Figure 6: Top 20 representative images from three
typical clusters generated by SS-CARD.

Table 4: Relevance weights for the clusters in Fig. 4.

Cluster R(Ja/b RQuad Rmmt RbHL) RbML) Rwav
Fig. 4(a) | 0.28 | 0.18 0.13 0.13 0.13 0.13
Fig. 4(b) | 0.17 | 0.12 0.26 0.10 0.14 0.20
Fig. 4(c) | 0.08 | 0.25 0.10 0.09 0.29 0.18
Table 5: Relevance weights for the clusters in Fig. 6.

Cluster RGab RQuad Rmmt REHD REMD Rwav
Fig. 6(a) | 0.23 | 0.17 0.15 0.15 0.10 0.20
Fig. 6(b) | 0.21 0.10 0.22 0.13 0.15 0.19
Fig. 6(c) | 0.16 | 0.18 0.12 0.11 0.26 0.17

significantly. The SS-CARD has resulted in more rele-
vant texture(R?) and structure(RFHP) features. As
a result, the “guns” cluster has improved significantly.

To quantify the performance of the different algo-
rithms, we compare them using the measures defined in
section 5.3. The results are shown in Table 6. As it can
be seen, U-CARD and SS-CARD outperform SAHN,
RFCM, and FANNY significantly with respect to all
measures. Moreover, we note that SS-CARD outper-
forms U-CARD indicating that the supervision informa-
tion is helpful in guiding the algorithm to learn better
feature relevance weights.

Table 6: Comparison of 5 different algorithms.

SAHN |FANNY |RFCM |U-CARD |SS—-CARD
QRrR 41.40% 52.60% 61.60% 78.60% 87.60%
Quc 0.1821 0.2780 0.3392 0.5215 0.6646
QrMmr 0.3692 0.4545 0.5224 0.6871 0.7990
Qur 0.2419 0.3743 0.4559 0.6505 0.7763

6 Conclusions

In this paper, we have presented an approach that per-
forms fuzzy clustering and aggregation of multiple rela-
tional data. CARD minimizes one objective function for



both the optimal partition and for the relevance weight
of each partial dissimilarity matrix in each cluster. This
optimization is done iteratively by dynamically updat-
ing the partition and the relevance weights in each it-
eration. This makes the proposed algorithms simple
and fast. Moreover, CARD is based on the well-known
relational FCM algorithm. Thus, it can inherit most
of the advantages of FCM-type clustering algorithms.
For instance, techniques that were used to extend the
RFCM to find the optimal number of clusters [28], and
to reduce the effect of noise and outliers [35] could be
adapted to CARD. We are currently investigating these
extensions.

We have also proposed a semi-supervised version
of CARD, called SS-CARD. This algorithm uses super-
vision information on whether some instances should
or should not reside in the same cluster. we have
shown that this information improves the performance
of CARD and leads to better feature relevance weights.

We have illustrated the performance of CARD by
using it to categorize a collection of color images. Cat-
egorization of generic images is a difficult task, mainly
because different feature sets are suitable for different
subsets of images. We have shown that using mul-
tiple dissimilarity matrices, CARD can learn optimal
relevance weights for each dissimilarity in the differ-
ent image categories. This task could have been ac-
complished using existing object-based algorithms that
perform clustering and feature weighting simultaneously
when simple distances, such as the Euclidean, are used
[12, 13]. However, other distances such as the EMD
[41], IRM[39], or quadratic[17], which are proven to be
more effective in capturing image similarities, could not
be used in an object-based clustering algorithm.
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