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Abstract—Deep Learning has a hierarchical network
architecture to represent the complicated feature of in-
put patterns. We have developed the adaptive structure
learning method of Deep Belief Network (DBN) that can
discover an optimal number of hidden neurons for given
input data in a Restricted Boltzmann Machine (RBM)
by neuron generation-annihilation algorithm, and hidden
layers in DBN. We examined to the learning method
to medical open database: CXR8. The CXRS8 is one of
the most commonly accessible radiological examination
for screening and diagnosis of many lung diseases. This
paper describes our method accuracy of the classification
and localization for the given bounding box(B-Box). The
classification ratio for 8 diseases were almost 100% score.
A new localization method for DBN is proposed here and
the discrete heatmap, the likelihood map of pathologies,
was automatically constructed.
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