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Image NMI Feature Extraction and Retrieval Method Based on
Pulse Coupled Neural Networks
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Abstract In order to simply and effectively extract the information of important features in the image so as to improve
the accuracy of the image retrieval, a novel algorithm of image normalized moment of inertia (NMI) feature extraction
and retrieval based on pulse coupled neural networks (PCNN) is put forward. Firstly, the image is segmented into a
series of binary correlation images using synchronous spatial-temporal characteristics of similar neurons and exponential
attenuation mechanism of improved and simplified PCNN, and then a one-dimensional NMI feature vector signal of the
binary series images, which can reflect the target shape and structure of the original image, is extracted, and applied to the
image retrieval. Meanwhile, considering the correlation between binary series images and NMI sequence values’ differences
between different images, the method of compounded similarity measurement of the combination of Mahalanobis distance
and Pearson product-moment correlation is introduced. Experimental results show that the proposed algorithm has good
performance of anti-geometric distortions and the uniqueness for different images’ expression to the vector sequence of
image features, and has better image retrieval results.

Key words Image processing, image retrieval, pulse coupled neural networks (PCNN), binary series image, normalized
moment of inertia (NMI) feature vector, compounded similarity measurement
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Fig.1 Some binary images corresponding to iterative

time n in binary series images processed by improved
PCNN
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Fig.3 Precision versus recall for three algorithms
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Table 1

The comparative data of compounded similarity measurement of the original image NMI with geometric

distortions image NMI feature vector series and processing time using two different PCNN models

. JieH TR BN AR IAR S Ab
Jri o . , . , T :
20° 45° 1.2 1% 1.4 1% 0.6 % 0.8 fi% I J5L & BT (s)
‘ Brid 0.04377  0.11320  0.07750  0.06920  0.06240  0.07250  0.00190  0.00000
{54 PCNN Tidee 19.1
Horse  0.00366  0.01391  0.00662  0.04783  0.00890  0.00370  0.00040  0.00000
Brid 0.03150  0.08050  0.05060  0.04610  0.04840  0.05830  0.00140  0.00000
i PONN rdse 3.80
Horse  0.00271  0.00983  0.00520  0.00200  0.00660  0.00190  0.00020  0.00000
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