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ABSTRACT

In digital holography, it is critical to know the distance in order to reconstruct the multi-sectional object. This
autofocusing is traditionally solved by reconstructing a stack of in-focus and out-of-focus images and using some
focus metric, such as entropy or variance, to calculate the sharpness of each reconstructed image. Then the
distance corresponding to the sharpest image is determined as the focal position. This method is effective but
computationally demanding and time-consuming. To get an accurate estimation, one has to reconstruct many
images. Sometimes after a coarse search, a refinement is needed. To overcome this problem in autofocusing, we
propose to use deep learning, i.e., a convolutional neural network (CNN), to solve this problem. Autofocusing is
viewed as a classification problem, in which the true distance is transferred as a label. To estimate the distance
is equated to labeling a hologram correctly. To train such an algorithm, totally 1000 holograms are captured
under the same environment, i.e., exposure time, incident angle, object, except the distance. There are 5 labels
corresponding to 5 distances. These data are randomly split into three datasets to train, validate and test a
CNN network. Experimental results show that the trained network is capable of predicting the distance without
reconstructing or knowing any physical parameters about the setup. The prediction time using this method is
far less than traditional autofocusing methods.
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1. INTRODUCTION

Digital holography (DH) is a useful imaging technique that can capture the diffracted wavefront of a three-
dimensional (3D) scene by recording the interference pattern with an electronic sensor.1,2 With the recorded
hologram, one can numerically reconstruct both the amplitude and phase information by back-propagating to a
proper distance. Because it is noninvasive and label-free, DH has been applied to many applications including
biological imaging,3 MEMS defect inspection,4 and surface topography.5

A fundamental problem in DH is to know the exact location of the object, which is known as autofocusing,
in order to reconstruct an in-focus and sharp image. Several autofocusing algorithms, based on variance,6

entropy,7,8 and structure tensor,9 have been proposed in recent years. After sequential numerical reconstruction
within an estimated distance range, an image-based focus metric is then used to compute the sharpness of each
reconstructed image, and the position that corresponds to the sharpest one is considered the focal distance.,
Often, in practical applications, a refinement with a shorter step is needed after the coarse search in order to
improve the accuracy. Such approaches, while effective, are computationally demanding and time-consuming,
especially for large holograms and a small step width. Meanwhile, Oh et al. propose a frequency-based method
to estimate the focal distance without any numerical reconstruction. Yet, they acknowledge that this method
cannot be applied to objects with multiple distances.10

Since the hologram records the whole information of the object, it is reasonable to consider whether we
can directly extract the distance parameter from the hologram itself without back-propagation. The method
we propose here is based on deep learning, which has shown to be useful for many problems ranging from
computer vision11 to medical image analysis.12 Deep learning for DH is a new area. Kamilov et al. recover
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the phase from scattered light using neural network in a tomographic configuration.13 Sinha et al. use deep
neural networks to solve inverse problem in computational imaging.14 Yevick et al. use support vector machine
(SVM) to analyze holographic video microscopy data captured with an in-line setup.15 Park et al. apply linear
discriminant classification, logistic regression, and k-nearest neighbor (kNN) classification to identify four stages
of red blood cell infection by the malaria parasite.16 Rivenson et al. construct a deep neural network to eliminate
twin-image and self-interference artifacts for the in-line setup.17 Nguyen et al. employ a simplified U-net model
to generate a binary mask for phase aberration compensation.18 Last but not least, Pitkäaho et al. propose to
use the AlexNet architecture to estimate the in-focus position. However, the hologram has to be pre-processed
by removing the zero-order and twin terms, and subsequently back-propagated to a range of depths determined
by a manual selection. Then, the in-focus depth is found among the reconstructed images using deep learning.19

In this paper, we make use of deep learning to tackle the autofocusing problem in DH. For a sectional object,
the focal distance of the individual section is regarded as a unique label. In doing so, we transform the problem
of estimating the distance to labeling a hologram, making it equivalent to a classification problem frequently
tackled with machine learning. After describing our method in details, we quantitatively compare it with other
machine learning algorithms, such as SVM20 and kNN.21 Experimental results show that the proposed method is
capable of predicting the distance without reconstruction or knowing any physical parameters about the setup,
and has better performance than other competing methods.

2. METHOD

The optical setup we use to capture data basically consists of a standard Mach-Zehnder interferometer. For
the detailed configuration of the setup, we refer readers to Ref. [2]. Regularly, after acquiring a hologram,
it is then numerically back-propagated to reconstruct both the amplitude and phase distributions. For our
experiment, since we need to train our network with an extensive set of holographic data, two linear motion
controllers (Newport, CONEX-LTA-HL) are thus introduced to laterally and axially change the position of the
object. After each movement, a new hologram is recorded and saved. Therefore, a large set of holographic data
is prepared for network training.

The network we propose here bases on convolutional neural network (CNN), which has been applied to a
variety of recognition, classification, and segmentation tasks. Conventionally, it is viewed as an extension of
the multilayer neural network consisting of convolutional layers followed by one or more fully connected layers.
The CNN architecture has the advantages of being shift, scale, and distortion invariant, making it especially
suitable for image processing applications.22 Motivated by the various networks proposed by the deep learning
community, we propose the framework as shown in Fig. 1.

A typical CNN architecture consists of several functional layers: convolution layer, pooling layer, fully-
connected layer and classifier. For the `-th convolutional layer, suppose there are N (`) feature maps with a
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Figure 1: The framework of the proposed CNN for autofocusing. The annotations “Conv + ReLU + BN” denote
the convolutional layer, ReLU layer and batch normalization. “FC1” and “FC2” represent fully-connected layers,
while “Max” denotes max-pooling layer, and “Dropout” means dropout layer. The input hologram size is cropped
from the raw 1280×1024 image. The detailed kernel size and depth are given at the bottom of each layer. Finally
at the output, the hologram is classified with a label, denoting its estimated focal distance.
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uniform size of k × k, which can be denoted as h
(`)
j , for j = 1, 2, . . . , N (`). The convolutional layer can then be

represented as

h
(`)
j = ψ

N(`−1)∑
i=1

h
(`−1)
i ∗ w(`)

ij + b
(`)
j

 , (1)

where wij and bj are the weight and bias that need to be learned through training, and ψ(·) denotes an activation
function. In this work, the rectified linear unit (ReLU), ψ(x) = max(0, x), is used.22 After each convolutional
layer and application of the ReLU, we use batch normalization to improve the performance of the proposed
network.22

The network then has a pooling layer, which downsamples the feature map and is designed as max-pooling,
before the next convolutional layer. This operation can significantly reduce the spatial dimension of the repre-
sentation and the number of parameters, and consequently the total amount of computation. It also helps to
prevent the network from over-fitting. The combination of convolution and pooling layers is the basic building
block in our network, which is repeated a total of five times, before leading to the final feature extraction module.
The whole architecture is depicted in Fig. 1.

These steps are collectively known as the feature extraction module. It can help to identify the underlying
characterization of the hologram data. Before the final classification, a dropout layer is added to further prevent
the network from over-fitting. At each training iteration, the individual nodes are either kept with a probability
of p or discarded from the network with a probability of 1− p, so that consequently we have a reduced network.
Finally, the extracted feature representation is fed into the fully connected layer and the classifier to give a
probability estimate of each class, i.e., axial distance estimate. The class with the largest probability is considered
the focal distance of the input hologram.

To train a deep CNN, a label that denotes the object distance is assigned to the hologram. We do not place an
object at every possible distance and store the corresponding hologram for training; instead, we assume several
discrete distances as the possible classes. Each is encoded with a particular label of the resulting hologram. As
such, we transform the autofocusing to a classification problem, making use of the softmax function as the final
classifier to calculate the output probability of each label.

Mathematically, suppose there are L classes (labels), so that the network will output an n-dimensional vector
ζ denoting the individual score of the focal distance estimate. With the softmax regression, we can obtain the
probability σm of the m-th class as

σm =
exp {ζm}
L∑

q=1

exp {ζq}

, m = 1, . . . , L. (2)

The label that has the maximum probability is considered as the focal distance of the object.

3. RESULTS

3.1 Evaluation Metric

Before presenting our results, we first describe some quantitative evaluation metrics for assessing the classification
performance. In addition to the overall accuracy which is defined below, we also compute the F1-score over
different classes, defined as
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accuracy =
true positive + true negative

entire sample space
,

precision =
true positive

true positive + false positive
,

recall =
true positive

true positive + false negative
,

F1-score = 2

(
1

precision
+

1

recall

)−1

.

Precision and recall are, respectively, the ratio of correctly predicted positive observations to the total pre-
dicted positive observations, and the ratio of correctly predicted positive observations to all observations in
the actual class. The F1-score is then the harmonic mean of these two quantities, which reflects the global
performance of the network.23

Next, we evaluate the model based on the typical train-validation-test approach. The hologram data are
randomly split into three subsets with a ratio of 75 : 15 : 10 for training, validation and testing, respectively.
The network is trained using the Adam optimizer,22 which is a form of gradient descent, where a parameter
known as the learning rate needs to be set beforehand. Here, we set it empirically to 0.001, and allow it to decay
exponentially with a rate of 0.9 as the training progresses. The dropout probability is set to be 0.75 in training,
while in validation and testing it becomes 1, i.e., no dropout. This allows 25% of the nodes to be randomly
chosen and intentionally disabled in training to reduce overfitting, while keeping all nodes alive can effectively
check how well the network has learned.

To tackle the issues of limited computer memory and stagnation in local minima during optimization, every
time only a small batch of 8, called a mini-batch, of the entire training data is fed into the network for training,
instead of the entire set of holograms. All the weights are initialized using truncated normalization, with a
standard deviation of 1, and the biases are initialized with a constant value of 0.1. In each mini-batch training,
one iteration of the optimization is performed and the parameters of the network are updated. The whole training
stage is stopped after 5 × 104 iterations. We implement the CNN using TensorFlow, and the computation is
performed on a Ubuntu 16.04.2 environment with CPU Intel Core i7@2.67GHz and an Nvidia GTX 760.

3.2 Experimental Result

The object used in this experiment is a specific local area of the negative USAF 1951 resolution chart as shown
in Fig. 2. To control the movement of the object accurately during recording, we use two linear actuators for the
optical axis and the lateral direction. At distances 260 mm, 263 mm, 266 mm, 269 mm and 272 mm, we collect
200 holograms with different lateral positions of the same object. Therefore, in total, we have 1000 holograms
with 5 possible labels. In Fig. 3, we provide an example showing 16 of the holograms. Furthermore, to increase
the number of holograms for training, we make use of data augmentation24 to generate 5000 more data points
by rotating and flipping the holograms.

To train the network, a mini-batch of 8 holograms is fed into the network for every iteration. Then, for
every 1000 iterations, the network is evaluated using the validation dataset. After finishing the training with
a predetermined number of iterations, the network is assessed with the test subset. In Fig. 4, the validation
loss and accuracy curves are presented. As can be seen from the plots, the CNN converges rapidly as the loss
decreases and prediction accuracy increases along the training. This agrees with our expectation that the network
is continuously updating its parameters and learning representative features of the hologram.

Furthermore, to shed light on what contributes to the good performance of this CNN model for hologram
autofocusing, we use the t-distributed stochastic neighbor embedding (t-SNE)25 to visualize the learned repre-
sentations. Each point in Fig. 5 represents a dimension-reduced hologram. At the beginning of the training
process, holograms with different focus distances are uniformly distributed in the two-dimensional space and are
indistinguishable from each other, as shown in Fig. 5(a). However, as the network undergoes training and the
parameters are updated, the underlying features of the holograms are well learned by the network. Thus, the
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Figure 2: The USAF test target and its local area used in the experiment.

Figure 3: 16 of the experimentally collected holograms recording the amplitude object shown in Fig. 2.

point cloud of each distance finally becomes separable, as shown in Fig. 5(b). Holograms that have the same
label are clustered together, and the five clusters are now clearly distinguished.

Lastly, the quantitative comparisons with kNN and SVM are given in Table 1. Apart from the accuracy of
prediction for the validation and test subsets, we also present their precision, recall, and F1-scores. For kNN, we
set k, which defines the number of nearest neighbors we wish to take vote from in classification, to range from 1
to 10 and select the value that gives the best performance, which is 5. For SVM, the kernel of the radial basis
function is used, and the two parameters, γ (the standard deviation of the Gaussian Kernel) and C (penalty for
misclassification) as given in Ref. [26],26 are set as 1 and 2 according to multiple trials. The results indicate
that kNN and SVM have close accuracy, but still half of the estimates are incorrect. In contrast, CNN delivers a
much better performance that is very close to 100%. The F1-score also corroborates with this finding, in which
CNN outperforms significantly. In addition, based on the predicted focal distance, in Fig. 6 we reconstruct the
16 images based on the holograms presented in Fig. 3. The reconstructed images are sharp, further supporting
the claim that CNN is able to extract the correct focal distance from the holograms directly.
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Figure 4: Validation loss decreases and accuracy increases along the training process. Only 1000 iterations are
shown here.

(a) (b)

Figure 5: Visualization of the output at the final layer using t-SNE at the (a) first and (b) last iteration. All the
plots show 1000 hologram images randomly selected from the dataset. Each point denotes a hologram and each
color represents a focal distance.

4. CONCLUSIONS

In this paper, a deep learning-based autofocusing method is proposed. Experimental data of holograms of an
amplitude objects is collected to verify its effectiveness. Compared to conventional autofocusing algorithms and
other machine learning methods, this approach outperforms without any numerical reconstruction in digital
holography.
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