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MALARIA INFECTED AND NON-INFECTED RED BLOOD CELLS

INTRODUCTION

While autoencoders have been used as a genera-
tive machine learning technique for dimension-
ality reduction, they are lossy in nature.

we proposed a novel image coding scheme by
using stacked autoencoders (SAE), where the re-
construction residuals were Golomb-Rice coded
to achieve lossless compression.

As a case study for telemedicine applications, we
compressed labeled erythrocyte (red-blood cell)
images from a database curated by pathologists

LOSSLESS IMAGE COMPRESSOR BASED ON STACKED AUTOENCODERS
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image. To achieve lossless compression, we employed a Golomb-Rice Code to code the residual images. The 30-point vectors were binary coded.

sion methods. from the images of the same class.
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