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This paper proposes a new algorithm, Compact And Real-time Descriptors (CARD), for an object recognition sys-
tem in computer vision technology. Currently, the SIFT (Scale-Invariant Feature Transform) algorithm has been
used in that technology field for a long time. However, the SIFT requires a long computation time and a large
memory capacity. Therefore, we developed CARD which realizes a very short computation time, and operates
perfectly with less memory capacity because of the compact expression of the local feature described by short
binary codes. A new efficient algorithm based on lookup tables is presented for extracting histograms of the ori-
ented gradients, and results in a computation time of approximately 16 times faster per descriptor than that of
SIFT. Our lookup-table-based approach can handle arbitrary layouts of bins, such as the grid binning of SIFT
and the log-polar binning of GLOH (Gradient Location and Orientation Histogram), thus yielding sufficient dis-
crimination power. In addition, we introduced supervised sparse hashing to convert the extracted descriptors to
short binary codes. This conversion is achieved very quickly by multiplying a very sparse integer weight matrix
by the descriptors and aggregating the signs of their multiplications. The weight matrix is optimized in a train-
ing phase so as to make the Hamming distances between encoded training pairs reflect the visual dissimilarities
between them. Experimental results demonstrate that CARD outperforms the current methods in terms of both
computation time and memory usage.
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Fig. 1 Estimating orientations and extracting descriptors
from each patch account for 75% of the SIFT
computation time  We used an Intel Core 2 Duo
2.66 GHz processor in this experiment.
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Fig. 2 Parametric representation of a log-polar binning
pattern.
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Fig. 6 (a) MAP was improved by increasing the number of randomly chosen training pairs. (b) Different binary hashing func-
tions are compared in this figure. Learning-based sparse hashing was able to improve the performance of sparse ran-

dom projections. (c)

Interestingly, MAPs provided by learning-based sparse hashing were not dropped until sparseness was set to greater

than about 0.9.
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Fig. 8 Scale and orientation invariance of SIFT, SURF, and CARD are compared in this figure.
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Table 1 Computation time of SIFT, SURF, and CARD
(640480 size image).
SIFT SURF | CARD {128 bits)
Computation time (msec) | 10305 | 2006.1 1293
Number of keypoints 13338 | 12678 1658.0
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Fig. 9 Percentage of computation time per descriptor

compared to SIFT Computation time of SIFT is set
as 100% on the x-axis.
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