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Abstract: Light-field three-dimensional (3D) fluorescence microscopes can acquire 3D fluores-
cence images in a single shot, and followed numerical reconstruction can realize cross-sectional
imaging at an arbitrary depth. The typical configuration that uses a lens array and a single
image sensor has the trade-off between depth information acquisition and spatial resolution
of each cross-sectional image. The spatial resolution of the reconstructed image degrades
when depth information increases. In this paper, we use U-net as a deep learning model to
improve the quality of reconstructed images. We constructed an optical system that integrates
a light-field microscope and an epifluorescence microscope, which acquire the light-field data
and high-resolution two-dimensional images, respectively. The high-resolution images from
the epifluorescence microscope are used as ground-truth images for the training dataset for
deep learning. The experimental results using fluorescent beads with a size of 10 um and
cultured tobacco cells showed significant improvement in the reconstructed images. Furthermore,
time-lapse measurements were demonstrated in tobacco cells to observe the cell division process.

© 2023 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

In life science and biology, we can create a population of transgenic individuals or cells and
observe the cells we want to see in them in a non-destructive and living manner [1-3]. For
example, in calcium imaging, the raising and decay time of the calcium-ion indicators are tens of
milliseconds (ms) and hundreds of ms, respectively. To capture the temporal behavior of cell
activity in calcium imaging, the recording speed at tens of ms is required. The development
of high-speed 3D fluorescence imaging techniques is essential to elucidate biological activities
that occur in 3D space, such as between many neurons or multiple brain regions. Recently,
researches on incoherent digital holography [4-8], transport of intensity equations [9,10], light
fields [11-15], and light sheets [16,17] have attracted much attention as 3D imaging techniques.
To realize high-speed 3D imaging, it is necessary to record whole 3D information in a single
acquisition.

The light field is a four-dimensional function that shows the radiance along a light ray as a
function of position and direction in space [11]. In a typical light field microscope, a microlens
array is inserted into the imaging plane of a conventional optical imaging system. This microscope
is capable of recording both positional and angular information of rays from each lens, thus
enabling single-shot 3D measurement. The perspective and observation plane can be arbitrarily
determined on a computer by using geometric optics to reproduce rays of light. Compared to other
3D fluorescence imaging techniques, light-field microscopy has the advantage of non-invasive
and fast 3D measurement, but there is a trade-off between depth information and the resolution
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of the reconstructed image. In other words, to obtain a high-resolution image, depth information
is decreased because the angular information of the ray is decreased. Here, we mentioned that
light-field and integral imaging are synonymous [18-21]. We have witnessed several fruitful
research to improve the reconstructed image quality in integral imaging. As methods to improve
image quality and recognition capability, physical techniques and machine learning including
deep learning have been proposed [22-35].

In this paper, we present the improvement of the reconstructed image quality acquired by
light-field microscopy by using U-net, a model of deep learning. For obtaining the learning
data set, we build an optical setup of simultaneously capturing the light field image and the
corresponding high-resolution fluorescence image by an epi-fluorescence microscope that is
used as the ground-truth image for deep learning. After finishing the learning process, the
epi-fluorescence microscope is not used. The feasibility of the proposed method for the
improvement of the reconstructed image quality is experimentally demonstrated by performing
several experiments on fluorescent beads and living plant cells. In the first experiment, the
improvement of the reconstructed images of fluorescent beads is presented. Then, we performed
the time-lapse imaging of tobacco suspension culture cells expressing mEGFP-B-tubulin and
showed the results of the image quality improvement.

2. Light-field imaging with training data acquisition for deep learning

Light-field microscope can record simultaneously positional and angular information of light
rays by placing a microlens array (MLA) in front of an image sensor as shown in Fig. 1. In Fig. 1,
there are three-point sources as objects on the object plane: green, blue, and red colors. From
these three point sources, rays are propagating at three different angles. The three rays from each
of these three point sources are detected independently by the image sensor after passing through
a lens and MLA. Therefore, the image sensor is placed in the focal plane of the MLA that is the
spatial frequency plane of the object. The image recorded by each lens in the MLA is called an
elemental image. This elemental image has angular information of rays of the part of the object.
The size of the elemental image is the same as the number of pixels of the image sensor covered
by a single lens of MLA, and the angular information of the rays is necessary to obtain the depth
information of a 3D object. Let N X N be the number of pixels in the image sensor, M X M be
the number of the microlenses in the MLA, and L X L be the number of pixels in the elemental
image, then

N=MxL. 1)

M x M will be the number of pixels in the reconstructed image and L X L will be the number
of angles of the rays. From Eq. (1), there is a trade-off between the number of pixels in the
reconstructed image and the number of angles of light rays. If the number of pixels in the
reconstructed image is increased, the number of angles of light rays decreases, resulting in less
depth information. On the other hand, increasing the number of angles of light rays increases
depth information but decreases the number of pixels in the reconstructed image, which is a
critical issue because depth information is necessary for 3D reconstruction.

Next, we will briefly explain the principle of the cross-sectional image reconstruction by
light-field microscopy on a computer by considering the case of reproducing a point object in
a plane, as shown in Fig. 2. The light rays emitted from the point object located on the object
plane pass through a lens and MLA, and are detected by the image sensor. By considering the
geometrical path of the ray, we can know the positions of the elemental images. Once the distance
from the lens during playback is determined, ray tracing reveals the arrival position at the image
sensor. Based on this information, the reconstructed image at an arbitrary distance from the lens
can be calculated. The reconstruction calculation in light-field imaging and integral imaging
is described in details in Refs. [26] and [30]. Figs. 3(a) and (b) show an example of elemental
images and its reconstructed image of the light-field microscopy by using fluorescent beads with
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Fig. 1. Typical optical setup of light-field microscope. In this figure, a single lens is used to
make an imaging optics.

a diameter of 10 um. Here we can see the quality of the reconstructed image of the fluorescent
beads is degraded. The experimental condition of the light field microscopy is discussed in the
following subsection.

Object plane

Image plane Lens MLA Image Sensor

of MLA

Fig. 2. Numerically retrieved process from elemental images.

(2) (b)

Fig. 3. (a) Example of elemental images obtained by light-field microscope and (b) its
reconstructed image.

Deep learning requires the acquisition of input and ideal images as the training dataset. The
data preparation of ideal images is key. Therefore, in this paper, we build an optical system that
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can simultaneously acquire elemental images of the target object using a light-field microscope
and ideal high-resolution images by an epi-fluorescence microscope. The experimental system is
shown in Fig. 4. Light emitted from an LED, Thorlabs M470L4, with a central wavelength of
470 nm is reflected by a dichroic mirror and passes through a microscope objective lens (Olympus
ULWD MSPIlan 20, NA 0.4) to illuminate an object with collimated light. The objects under
study are the fluorescent beads (diameter ~ 10 pm) that emit fluorescence (of central wavelength
of ~ 570 nm) and plant cells into which fluorescent proteins (mEGFP-B-tubulin with a central
emission wavelength of ~ 535 nm) have been introduced. The light emitted from the fluorescent
object that passes through the microscope objective lens is converted to a near-collimated form,
passes through the dichroic mirror, and is magnified by a tube lens (TL). Then the fluorescence
light is split into two light waves by the half mirror (HM). The optical system on the left (in
Fig. 4(a)) is the light-field microscope optical system (a photograph is shown in Fig. 4(b)). A
magnified image is formed on the MLA (Thorlabs MLA150-7AR) with a focal length of 5.6
mm and lens pitch of 150 um, by the 4f optical system (L1 — L2). The image at the focal plane

High-resolution
Imaging Part

Light-field Part

VFL 6 Image Sensor 2

Fig. 4. Schematic of the light-field microscope with an epi-fluorescence microscope for
obtaining the training dataset for deep learning. (a) optical configuration, (b) a photo of the
light-field microscope, and (c) a photo of the epi-fluorescence microscope. L’s: lenses; M:
mirror; MLA: microlens array; DM: dichroic mirror; MO: microscope objective lens; HM:
half mirror; VFL: variable focal length lens.
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Fig. 5. Three-layer U-net model.

of the MLA is then formed on the image sensor by another 4f optical system (L3 — L4). The
image sensor, CoolSANP KINO with 1940 x 1460 pixels and a pixel pitch of 4.54 um, is used to
record the image. The focal lengths of TL, L1, L2, L3, and L4 are 200 mm, 150 mm, 150 mm,
100 mm, and 100 mm, respectively. The optical system on the upper right is an epi-fluorescence
microscope, in which the magnified image is observed by the image sensor through the 4f optical
system (L5 — L6). The focal lengths of L5 and L6 are 150 mm. The image sensor, Hamamatsu
ORCA-Flash4.0, has 2048 x 2048 pixels with a pixel pitch of 6.5 um. A photograph of the
epi-fluorescence microscope is shown in Fig. 4(c). This epi-fluorescence microscope is used
to capture the high-resolution images used as the ideal images for the deep learning training
process. In order to record high-resolution images at arbitrary observation depth plane under the
microscope objective lens without the change of image size magnification, we use a variable
focal length lens (VFL), Optotune, EL-16-40-TC with a diopter range of 20m~"! in the focal
plane of L5. The difference in pixel pitch and misalignment between the two image sensors were
corrected using affine transformation. For the dataset in U-net, we reduce the image size to 256
X 256 pixels.

In the following subsection, we describe the image quality improvement method using deep
learning, a 3-layer U-Net [36,37]. U-Net is one of the powerful convolutional neural networks
in image conversion and image segmentation. We evaluated the number of layers to optimize
the structure and then a three-layer model is appropriate in our datasets as shown in Fig. 5. The
size of the fluorescent beads and structures inside the cell used in this paper is about 10 um. The
kernel size for the convolution is 11 X 11. Table 1 shows the parameters used in U-Net.
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Table 1. Parameters used in U-net

Optimizer Adam (Learning rate =1.0 x 107%)

Activation function ReLU

Number of iterations 10000

Batch size 6

Kernel size 11 x 11

3. Experimental results

First, we show the results of the experiment using fluorescent beads. Nile red beads with an
average diameter of 10.4 um were used. A set of 45 images are used as training data and 5
images are used as test data. Figure 6 shows SSIM (Structural Similarity Index Measure) loss as
a function of the number of iterations in the learning process. The SSIM loss function was used
for evaluation which is defined as

(zﬂxﬂy + Cl)(za_xy + ()
(12 + /15 +C) (o2 + 0'3 + ()

SSIMpes = 1 — ()

In Eq. (2), py, pty, 0x, Oy, 0y, Ci, and C, are means of fluorescent intensity along the
horizontal (x axis), the vertical (y axis) axes, standard deviation along the x and y axes, the
covariance of x and y axes, two variables for stabilization, respectively. C; and C, are (0.01*L)2,
where, L is the maximum value of corresponding images. The SSIM),; should be smaller when
two images are similar. After 10,000 training runs, SSIM loss was 9.48 x 1072 and 1.63 x 107!
for the training and validation data, respectively. Figure 7 shows the output images for the test
data: (a) the ideal image obtained in the epi-fluorescence microscope, (b) the reconstructed image
acquired by the light-field microscope, and (c) the output image from the U-net. We can see that
the image quality is dramatically improved, while weak noise in the peripheral region of beads
can be seen. This is because, in the training data, there are various patterns, such as a single
bead or two or more connected beads. Therefore, it is thought that noise-like afterimages of
beads appear in the periphery. However, the constructed U-net can be used to improve the image
quality of the light-field image since this noise was enough small.
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Fig. 6. SSIM loss as a function of iteration. Orange and blue curves indicate SSIM loss for

learning data and validation data, respectively.

Next, we show the results using plant cells. Tobacco suspension culture cells expressing
mEGFP-B-tubulin were used as an object under test. Examples of the training dataset used in
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Fig. 7. Validation test by using fluorescent beads: (a) ideal output images obtained by the
epi-fluorescence microscope, (b) reconstructed images obtained by the light-field microscope,
and (c) output images of U-net. The scale bar is 10 um.

this experiment are shown in Fig. 8, where Fig. 8(a) shows the reconstructed images captured by
the light-field microscope and Fig. 8(b) shows the ideal images captured by the epi-fluorescence
microscope, those are used as ideal images in U-Net. Figure 9 shows the plot of SSIM loss
for the training and validation datasets. We captured the cell division process by recording the
images every 10-minute intervals as shown in Visualization 1 and Fig. 10. By observing the
cell activity in the region marked by the red circles, the nuclear changes caused by cell division
can be reconstructed well. Figures 10(a), (b), and (c) show the ideal images captured by the
epi-fluorescence microscope, processed images by the U-net, and reconstructed images by the
light-field microscope, respectively. It can be seen that the relatively intense small region has
been improved, especially in the mitotic apparatus. This is because the kernel size of 11 x 11 is
appropriate for the fluorescence object with a diameter of 10 um.
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Fig. 8. Fluorescence images of plant cells for the training set. (a) reconstructed images as
input images and (b) ideal output images as output images. The scale bar is 20 pm.
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Fig. 9. SSIM loss as a function of the number of iterations in tobacco suspension culture

cells expressing mMEGFP-f3-tubulin. Orange and blue curves indicate SSIM loss for training
data and validation data, respectively.
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(b) (c)

Fig. 10. Time-lapse imaging of tobacco suspension culture cells expressing mEGFP-3-
tubulin; (a) ideal images by the epi-fluorescence microscope, (b) output images of U-net, (c)
reconstructed images by light-field microscope. The scale bar is 20 um.

4. Conclusion

We have presented the improvement of reconstructed fluorescence images in light-field microscopy
by using U-net as the deep learning model. To obtain the training dataset, we built the integrated
optical system that consists of the light-field microscope and epi-fluorescence microscope for
taking simultaneously a light-field image and a high-resolution image as an ideal image. In
the epi-fluorescence microscope to record ideal high-resolution images, a variable focal length
lens is used to change the observation depth plane with the same image size. The experimental
results using fluorescent beads and cultured tobacco cells showed significant improvement for
fluorescent beads with a size of 10 pm in diameter and cell nuclei. In tobacco suspension culture
cells, we were able to improve the observation of the cell division process. In future works, it is
necessary to optimize the structure of the U-net so that it can accommodate structures of various
sizes other than cell nuclei, since cells have structures of various scales.

Funding. Japan Society for the Promotion of Science (20H05886).
Disclosures. The authors declare that there are no conflicts of interest related to this article.

Data availability. Data underlying the results presented in this paper are not publicly available at this time but may
be obtained from the authors upon reasonable request.
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