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Abstract

Currently, optical neural networks (ONNs) have attracted wide research and application due to their
high computational power and low energy consumption. However, the structure of conventional
ONNs is simple, and their ability to handle complex tasks is very limited. Here, we propose a novel
multi-channel optical convolutional neural network (MC-OCNN) architecture to address the seman-
tic segmentation problem in machine vision. The MC-OCNN is composed of the lens phase, random
phase, and grating phase. The lens phase is used to implement the optical convolution, the random
phase is used to form the optical convolutional kernel, and the grating is used to construct the multi-
channel architecture. MC-OCNN has a multi-layer structure formed by cascading optical convolu-
tional layers and fully connected optical layers, and it also could parallelly perform convolution
computations at the speed of light. Besides, it achieves the extraction of different features of the
objects, as well as the multi-level extraction of object features. The MC-OCNN is applied to portrait
parsing tasks and aircraft segmentation tasks, achieving promising results that demonstrate great
potential for application in fields of machine vision, autonomous driving, smart healthcare, and so
on.
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Figure 1. The architecture of a multi-channel optical convolutional neural network: (a) Optical convolution operation based
on lens and aperture function construction; (b) Realization of beam splitting operations based on 2D gratings; (c) Overall archi-
tecture of MC-OCNN
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Figure 2. Phase distribution of each layer of multi-channel optical convolutional neural network: (a) Phase distribution of the
first optical convolutional layer; (b) The feature map produced by the first convolutional layer; (c) Phase distribution of the
second grating layer; (d) Distribution of the 16 light spots produced by the second grating layer
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Figure 3. Construction of the second convolutional layer and the third fully connected layer of a multi-channel optical convo-
lutional neural network: (a) Phase configuration of the second convolutional layer, consisting of the lens array phase, the randomly
modulated phase, and the grating phase; (b) Distribution of grating diffraction levels per region in the second convolutional
layer; (c) The result of the 16 convolutions formed by the second convolutional layer; (d) Construction of the third fully connected
layer, consisting of the grating phase as well as the randomly modulated phase; (e) Final output of multi-channel optical convo-
lutional neural network
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Figure 4. Semantic segmentation results for MC-OCNN: (a) MC-OCNN training process for portrait segmentation, blue line is
the training set (PCC = 0.87) and green line is the test set (PCC = 0.82); (b) MC-OCNN training results for portrait segmentation,
the first to third rows are the original images, training labels, and segmentation results; (c) Training process of MC-OCNN for
aircraft graphic segmentation, the blue line is the training set (PCC = 0.82) and the green line is the test set (PCC = 0.76); (d) MC-
OCNN training results for aircraft graph segmentation; (¢) Comparison of results for single channel (PCC = 0.75) versus multi-
channel (PCC = 0.82); () Single channel output for portrait segmentation
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Figure 5. Comparison the results of MC-OCNN with different parameters: (a) The segment results of MC-OCNN with differ-
ent number of layers; (b) The segment results of MC-OCNN with different channels; (c) The segment results of MC-OCNN
with different pixel numbers
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