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Deep Learning System based on Morphological Neural Network

Jong-Ho Choi*
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Abstract In this paper, we propose a deep learning system based on morphological neural
network(MNN). The deep learning layers are morphological operation layer, pooling layer,
ReLU layer, and the fully connected layer. The operations used in morphological layer are
erosion, dilation, and edge detection, etc. Unlike CNN, the number of hidden layers and
kernels applied to each layer is limited in MNN. Because of the reduction of processing time
and utility of VLSI chip design, it is possible to apply MNN to various mobile embedded
systems. MNN performs the edge and shape detection operations with a limited number of
kernels. Through experiments using database images, it is confirmed that MNN can be used as
a deep learning system and its performance.
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Recognition Results

Image flower CNN MNN
daisy 0.9835 0.970

dandelion 0.0042 0.005

rose 0.0003 0.001

tulips 0.0013 0.004
0.0108 0.020

sunflower

daisy 0.0204 0.120
dandelion 0.0135 0.040
rose 0.6462 0.590
tulips 0.3132 0.230
sunflower 0.0067 0.020
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