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Abstract: We propose an end-to-end deep learning method for holographic reconstruc-
tion. Through this data-driven approach, it is possible to reconstruct a noise-free image that
does not require any prior knowledge.
OCIS codes: 090.1995, 110.1758, 110.3010.

1. Introduction

Holographic imaging is a powerful technique that can record the intensity and phase information of a three-
dimensional (3D) scene [1]. By capturing the interference pattern of two beams, a 2D hologram is then acquired
with an image sensor and digitally stored in a computer [2,3]. This imaging method, known as digital holography
(DH), has been applied to biological imaging [4, 5], wafer defect detection [6], and surface characterization [7],
due to its noninvasive and label-free properties.

After capturing a hologram, appropriate algorithms are then applied to reconstruct the object. Conventional
reconstruction approaches such as the angular spectrum method and the convolution method require prior knowl-
edge about the optical system, including for instance the laser wavelength and the pixel pitch of the sensor, as well
as moderate human intervention for frequency filtering. With the development of machine learning, data-driven
methods become more popular with wide applications in various fields. In this paper, we propose to use deep
residual network to tackle holographic reconstruction in an end-to-end manner. By feeding a sufficient amount of
data into the neural network, it can learn to reconstruct objects from holograms that are not part of the training set.

2. Method

Motivated by the principle of residual learning [8], the network we propose in this paper is shown in Fig. 1. The
input and output of the network are the raw hologram and the reconstructed image, respectively. The intermediate
part, which is denoted as feature extraction, receives abundant training data and learns underlying representations
hidden in holograms. The extractor consists of 8 layers, each of which is composed of functional layers such as
convolutional layer, batch normalization (BN) layer, nonlinear activation layer (for which we use the rectified
linear unit, or ReLU). The detailed kernel size and depth can be found in Fig. 1. The “ResUnit (N)” means a
residual unit, in which a skip connection adds the input and output, with a depth of N. Besides, “max pool” in the
dashed box means that the max-pooling layer only exists in the dashed ResUnit. The “Sub-Pixel Conv” denotes
a sub-pixel convolutional layer, which contains a convolutional layer, a BN layer, a ReLU layer, and a periodic
shuffling operation, and is used to upsample the intermediate result to its original size.
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Fig. 1: Architecture of the proposed neural network.

3. Experimental results

The DH system is a typical Mach-Zehnder interferometer and the sample is a USAF 1951 resolution target. For
each acquisition, a local area of the target is placed in the optical path and a hologram is then captured. Finally,
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Fig. 2: (a-d) Experimentally collected holograms of different local areas on the resolution chart. (e-h) Ground-truth
images and (i-l) reconstructed images using deep learning.

10000 holograms are collected and the corresponding binary reconstructed images are generated as label images
for training. The hologram data are randomly split into three subsets with a ratio of 80 : 10 : 10 for training,
validation and testing. After the network is well trained, new holograms are fed into the network and reconstruction
results are demonstrated in Fig. 2. As can be seen, the trained network can correctly implement the reconstruction
of holograms, and the average structure similarity (SSIM) score between the ground-truth image and the predicted
image is 0.95.

4. Conclusion

In this paper, a deep learning-based method is proposed for digital holographic reconstruction. Experimental
results show the efficacy of this method.
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