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TABLE VI

RETRIEVAL RESULTS(RANK RECOGNITIONPERCENTAGERATES) ON KIMIA DATASET CONTAINING ROTATED IMAGES

Rank 1 2 3 4 5 6 7 8 9 10 11

ModiÞed Gabor [21] 42.13 21.30 15.28 13.43 7.41 12.50 8.33 7.41 4.17 4.63 9.26

LBP [35] 62.96 45.37 26.85 29.17 24.07 15.28 16.20 16.67 11.11 10.65 12.50

DC [15] 60.65 38.43 23.61 21.76 17.59 17.59 16.20 13.43 17.59 12.04 10.19

SC [30] 86.11 66.67 59.26 48.61 40.28 32.41 28.24 27.78 25.00 15.28 12.04

IDSC+DP [32] 86.57 69.91 57.41 48.61 42.13 37.50 31.94 28.24 28.24 21.30 12.04

BAC [33] 100 97.69 88.89 90.28 84.72 70.37 63.89 56.02 48.61 32.41 41.67

RSICD 98.15 92.13 89.81 88.43 82.87 84.26 81.48 86.11 81.02 69.91 62.50

TABLE VII

RETRIEVAL RESULTS(RANK RECOGNITIONPERCENTAGERATES) ON KIMIA DATASET CONTAINING ROTATED AND SCALED IMAGES

Rank 1 2 3 4 5 6 7 8 9 10 11

ModiÞed Gabor [21] 36.11 15.28 16.67 13.43 15.28 11.11 13.43 12.96 11.57 8.33 11.57

LBP [35] 41.67 21.76 17.59 13.89 9.72 14.81 10.65 8.80 9.72 7.41 7.41

DC [15] 43.52 18.52 13.89 10.19 11.57 11.11 11.57 8.80 6.48 7.41 6.48

SC [30] 99.07 98.61 95.83 95.37 92.59 84.26 82.41 74.54 75.93 67.59 56.94

IDSC+DP [32] 100 99.54 98.15 99.07 98.61 97.69 96.30 95.37 90.74 84.72 76.85

BAC [33] 100 97.69 88.89 90.28 84.72 70.37 63.89 56.02 48.61 32.41 41.67

RSICD 97.22 94.44 89.81 89.81 85.19 84.72 81.94 84.26 79.17 76.39 56.94

(a) (b)

Fig. 10. Samples images from the 25-class in-plane rotated Brodatz texture database. (a) 1st� 12th classes: D01, D04, D06,D19, D20, D21, D22, D24,
D28, D34, D52, and D53. (b) 13th� 25th classes: D56, D57, D66, D74, D76, D78, D82, D84, D102, D103, D105, D110, and D111.

TABLE VIII

RANK RECOGNITIONRATES (%) ON 25-CLASS (DATA SET 1 IN [36]) IN-PLANE ROTATED BRODATZ DATABASE

Rank 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

ModiÞed
Gabor [21]

100 80.44 81.33 57.11 57.56 43.33 44.44 38.44 40.89 35.78 34.89 33.56 34.22 27.78 26.44

LBP [35] 79.33 67.78 56.89 49.78 46.89 45.78 46.22 43.11 41.56 39.78 38.89 39.11 37.11 33.11 30.44
DC [15] 88.22 69.56 59.33 55.11 47.33 44.44 41.78 38.00 35.33 34.67 32.00 28.22 27.56 22.89 19.33
RSICD 92.00 86.89 85.56 82.00 76.00 75.56 71.11 63.56 57.56 53.11 52.67 46.67 45.11 42.22 38.00

As a result, they did not obtain good results on shape-based
datasets, which can be seen from the experimental results in
Sections IV-A and IV-B.

For shape-based approaches, the SC [30] is a shape match-
ing approach based on correspondences between points on two
shapes. The SC descriptor essentially estimates the shape simi-
larity and solves the correspondence problems. The IDSC+ DP

[32] uses the length of the shortest path within the shape
boundary (called inner-distance) to build shape descriptors,
which were shown to be robust to articulation in complicated
shapes. The BAC [33] extracts features that characterize the
geometric relationships between each pair of images. This
method was shown to be invariant to articulations and rigid
transforms.
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TABLE IX

RANK RECOGNITIONRATES (%) ON 60-CLASS (DATA SET 3 IN [36]) IN-PLANE ROTATED BRODATZ DATABASE

Rank 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

ModiÞed
Gabor [21]

100 71.11 72.41 40.28 42.50 34.44 34.44 27.22 30.37 27.41 24.26 21.20 22.41 19.63 18.70

LBP [35] 76.67 59.35 43.33 38.15 31.30 30.28 27.50 25.28 25.37 25.00 22.31 18.98 21.67 17.31 18.24

DC [15] 86.48 69.07 58.43 51.48 46.11 39.72 33.80 31.57 26.11 25.83 22.50 21.57 19.17 14.44 12.41

RSICD 93.06 86.11 82.13 75.74 70.09 66.39 62.69 54.17 46.57 44.44 42.41 40.19 35.65 32.87 31.48

TABLE X

COMPUTATION TIME OF DIFFERENTMETHODS TOOBTAIN PRECISION-RECALL CURVES SHOWN IN FIG. 6(a)

ModiÞed Gabor [21] LBP [35] DC [15] SC [30] IDSC+DP [32] BAC [33] RSICD

Execution Time (s) 10.42 13.34 383.40 1226.34 1383.48 92.31 217.32

Unsupervised Clustering no no yes no no no yes

The SC descriptor [30] relies on the correspondences
between points on two shapes, while the IDSC+ DP descriptor
[32] is built based on the normalized inner distance. In
practice, SC and IDSC+DP descriptors remain the same for
similar shapes with different scales and change signiÞcantly
for different shapes with different scales. Therefore, introduc-
ing scale variations (shown in Fig. 5(b) and Fig. 8(b)) in
fact boosts the discriminative power of SC and IDSC+DP
features, in that between-class distances are increased due
to scale variations while within-class distances remain the
same. Hence, SC and IDSC+DP obtained better results on
the datasets containing both rotation and scale variations
(see Fig. 6, Fig. 9, Table II, Table III, Table IV, Table V,
Table VI and Table VII). Furthermore, pixels in the Smith-
sonian leaf images appear in different grayscales. Without
additional preprocessing, the shape contours as well as inner
distances-based and point correspondence-based descriptors
are sensitive to changes in grayscale or missing pixels (e.g.,
Fig. 7(a) and (b)). These two reasons explain why SC and
IDSC+ DP in our experiments perform much better in the
Kimia dataset with both rotation and scale variations. The
BAC, too, obtained better results on the Kimia dataset. How-
ever, it is sensitive to both scale and rotation changes in
Smithsonian leaf images. On the other hand, the proposed
RSICD does not require any knowledge of the shape contour,
and is not sensitive to grayscale changes and missing pixels in
an image. In addition, the Smithsonian leaf datasets used in our
experiments consist of more directional leaves than isotropic
leaves, which are in favor of our assumption on directional
images described in Section II-A. Hence, the proposed RSICD
obtained good results on the Smithsonian leaf datasets. Finally,
from the experimental results, we observe that DC [15] does
not give satisfactory performances in both shape-based and
texture-based datasets because it uses pixel intensities as
features.

2) Complexity:We present the relative complexity of all the
methods by comparing the computation time required to obtain
precision-recall curves for the rotated 18-class Smithsonian
datasets in Table X. This table shows both the computation

time5 and whether the unsupervised clustering is provided by
each method. Note that the RSCID provides both unsupervised
clustering and dictionary learning. As a result, its computation
time is higher than some of the other methods. Also, both SC
[30] and IDSC+DP [32] require a large amount of time for
image retrieval.

3) Limitation: We have examined the performance of our
method on various shape-based and texture-based datasets.
In practice, there may be objects with background clutter.
For our method to be effective, the background needs to
be removed before applying our algorithm to obtain good
retrieval performances. Hence, it may not provide good results
on datasets where images contain objects with background
clutter. The second limitation of our method is that it does not
work so well for texture-basedimages where there are more
within-class variations such as illumination changes, noise,
occlusion, variant distances with 3D rotations and spatial
shifts. Moreover, for textures where there are no linear trends
(e.g., isotropic textures) or inapparent linear trends, the Radon-
domain sinogram may no longer be used to accurately capture
the direction to give rotation-aligned features.

V. CONCLUSION

In this paper, we presented a rotation and scale invariant
clustering algorithm suitable for applications such as CBIR.
We extracted in-plane rotation and scale invariant features
of images in the Radon domain. The initial dictionaries are
learned through initial clusters that are determined using the
Hamming distance between nearest-neighbor sets of each fea-
ture pair. With a view to achieve rotation and scale invariance
in clustering, the proposed method learns dictionaries and
clusters images in the Radon transform domain. We demon-
strated the effectiveness of our approach by a series of CBIR
experiments on shape-based and texture-based datasets, its
robustness to missing pixels, and performance improvements
compared to other Gabor-based and shape-based methods.

5We conducted our experiments using MATLAB installed in the 64-bit
Windows OS on a machine with Intel(R) Core(TM) i5 CPU (2.8 GHz) and
8 GB RAM.




