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ABSTRACT: The work aims to solve the problem of poor imaging quality and unclear local details due to the
large brightness of the image. The histogram equalization (HE) was introduced into the image information entropy domain
to propose the contrast-reduced adaptive entropy histogram equalization (CRAEHE). Based on the statistical information
entropy of each gray level, the original image was first divided into several sub-regions, and the statistical gray-scale in-
formation entropy of each sub-region was intercepted by thresholds and supplemented onto each gray level in the
sub-region. Then, the sub-region performed the information entropy histogram equalization processing. With USC-SIPI
and CBSD432 dataset images, the quality of the experimental samples was evaluated by such parameters as image gray
average, standard deviation, average gradient and information entropy. The gray average of the original image
processed by the proposed algorithm was decreased by 7.94%, the standard deviation was increased by 52.22% averagely,
the information entropy was increased by 19.86%, and the average gradient was increased by 57.19%. The proposed algo-
rithm enhances the details of over-lighted images selected from the datasets, and improves the overall image details and

quality. The processing results of this algorithm are significantly improved compared to the subjective quality of other
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processed experimental samples, and the range of adaptation to light intensity is wide.

KEY WORDS: histogram equalization; information entropy; image enhancement; threshold interception; light intensity
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Fig.2 Bilinear interpolation algorithm
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Fig.3 Effect of the over-lighted animal and plant image processed by different algorithms
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Fig.4 Effect of the image of a person with an over-lighted background processed by different algorithms
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Fig.5 Slightly bright wilderness image processed by different algorithms
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Fig.6 Gray histogram or information entropy histogram of the over-lighted animal and plant image processed by different algorithms
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Fig.8 Gray histogram or information entropy histogram of the slightly bright wilderness image processed by different algorithms
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Peak Signal to Noise Ratio
PSNR (23] Structure Similarity Index, HE
SSIM AHE
CLAHE
3—5
AHE 15.98% 23.20%
3 57.44% 9.31%
CLAHE
AHE 65.05%
3 108.51% CLAHE
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Tab.1 Objective evaluation index test results of different sample image processing results
U o E/bit Vo
198.1025 38.3264 6.9990 5.3960
193.7178 58.8834 6.4094 7.7741
127.1880 24.1090 5.0534 9.1966
133.6539 71.6960 6.9419 9.4509
EHE 147.5323 79.9262 6.3107 11.3036
124.5670 67.1472 4.8980 38.1331
128.5515 73.8881 6.8512 9.6864
HE 131.4343 78.5198 6.2159 11.8855
139.5086 75.2648 4.8624 43.3037
128.6955 69.6756 7.9152 16.8155
AHE 140.9139 77.9514 7.0137 22.3390
134.8061 72.7563 7.9552 63.7185
81.7798 39.1620 7.2726 8.1378
CLAHE 99.6482 47.3119 7.5284 9.9211
44.4450 21.4936 6.3963 8.3846
147.7965 57.6937 7.7345 11.0690
CRAEHE 169.8489 75.8045 6.8713 11.8525
144.8526 40.5060 7.1616 22.0596
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