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Abstract : Image Hash specifies as a descriptor that can be used to measure similarity in images. Among all image
Hash methods, histogram based image Hash has robustness to common noise-like operation and various geometric
except histogram _equalization. In this paper an improved histogram based Image Hash that is using “Imadjust” filter
together is proposed. This paper has achieved a satisfactory performance level on histogram equalization as well as

geometric deformation.
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