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Data acquisition and processing is a critical issue for high-speed applications, especially in three-dimensional
live cell imaging and analysis. This paper focuses on sparse-data sample rotation tomographic reconstruction
and analysis with several noise-reduction techniques. For the sample rotation experiments, a live Candida rugosa
sample is used and controlled by holographic optical tweezers, and the transmitted complex wavefronts of the
sample are recorded with digital holographic microscopy. Three different cases of sample rotation tomography
were reconstructed for dense angle with a step rotation at every 2◦, and for sparse angles with step rotation at every
5◦ and 10◦. The three cases of tomographic reconstruction performance are analyzed with consideration for data
processing using four noise-reduction techniques. The experimental results demonstrate potential capability in
retaining the tomographic image quality, even at the sparse angle reconstructions, with the help of noise-reduction
techniques. ©2021Optical Society of America

https://doi.org/10.1364/AO.415284

1. INTRODUCTION

The measurement of refractive index (RI) distribution of bio-
logical samples is of interest to the biological community since
it can reveal the biophysical parameters of the specimen at its
subcellular levels. Digital holographic tomography (DHT)
is one potential method that can quantitatively measure the
three-dimensional (3D) distribution of the refractive index
[1–4]. DHT is performed by acquiring the transmitted complex
wavefronts of the sample at different illumination angles using
an interferometric-based setup and numerically mapping those
interferometric projections onto a 3D RI representation. The
transmitted wavefront recording architecture in DHT can be
implemented with either the illumination beam rotation or the
sample rotation [5–8]. In the first approach, the sample and the
optical setup are stationary whereas the illumination beam is
rotated, and the maximum acceptance angle is typically ±70o,
which affects the spatial frequency coverage, leading to the
missing cone problem [9,10]. In the sample rotation approach,
the incident waves illuminate normal to the detector plane for
the entire sample rotation. In both approaches, an external
mechanical rotation stage is needed to rotate the illumination

beam or for the sample manipulation, which has a high possibil-
ity of inducing vibrational noise and aberrations in the imaging
system [11–15].

Holographic optical tweezers (HOTs) offer a convenient
way to manipulate biological cells in all directions of space;
this technique has previously been demonstrated successfully
[16–22]. Recently, we have proven that integrated dual-mode
tomography, which combines both beam rotation and sample
rotation approaches in a single system for live cell imaging with
subcellular analysis in 3D, has potential [23]. In both beam-
rotation and sample-rotation tomography, the quality of the
reconstructed image depends on the spatial frequency swelling,
and there is a tradeoff with the amount of data used [10,24,25].

Several studies are demonstrated to improve the image-
reconstruction accuracy using numerical methods [26–29]. If
there is a large amount of data to be considered, the memory and
the reconstruction time will be increased, and these approaches
cannot be utilized for any rapid drug delivery or cell mobility
experiments which require high-speed data acquisition [4]. One
alternative possible solution is to consider sparse data, that is,
reducing the amount of data for the tomographic reconstruc-
tion. In this paper, we address and compare sample rotation
tomography by considering three different cases: the first case
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considers dense angle reconstruction corresponding to every
2◦ step rotation, and the last two cases consider sparse angle
reconstructions corresponding to step rotation at every 5◦ and
10◦, respectively. To retain the reconstructed image quality in
the sparse angle tomography approach, performance enhance-
ment techniques such as advanced noise-reduction methods are
considered [30], and their performances are qualitatively and
quantitatively compared. High-performance noise-reduction
techniques such as the dual-tree discrete wavelet transform,
the block-matching 3D algorithm, the 2D windowed Fourier
transform filter, and a deep learning approach are implemented
and applied to the 3D image reconstruction problem.

This paper is organized as follows: Section 2 discusses the
measurement method, Section 3 describes the advanced algo-
rithms considered in this study, and Section 4 presents the
experimental results. Finally, Section 5 draws the conclusions of
the paper.

2. MEASUREMENT METHOD

A. Working Principle of Sample Rotation-DHT

The sample rotation-DHT system adapts digital holographic
microscopy (DHM) for the hologram recording and holo-
graphic optical tweezers for the sample manipulation. The
HOTs are controlled by the computer-generated holograms
(CGH), and a series of CGHs are designed to generate the
dual-trap beams for the trapping and rotation of the sample
[20,23]. In order to validate the proposed method, the sample
is rotated along the x z axis, and the corresponding holograms
are captured using the DHM. Based on the Fourier diffrac-
tion theorem, the holograms are numerically reconstructed,
processed, and projected onto the Ewald’s sphere to get the
tomographic reconstruction. The 3D tomography of the sample
is reconstructed with three different “full-angle” and “sparse-
angle” cases, and the noise-reduction techniques are applied to
each reconstruction. These points are described in the following
sections.

B. Optical Setup

The schematic of the sample rotation tomography system is
shown in Fig. 1, which includes HOTs and DHM. The HOTs
(represented in green) consist of a high-power diode-pumped
solid-state (DPSS) laser with wavelength at 532 nm.

A phase-only spatial light modulator (1920 × 1080 pixels
sized 6.4 µm × 6.4 µm) is used as an active device and is con-
trolled by a series of computer-generated holograms (CGHs).
The CGHs are designed with the Gerchberg–Saxton (GS)
algorithm to modulate the illumination beam in such a way
as to generate the dual-trap beam for the trapping and rota-
tion of the sample. For the detailed rotation principle, refer to
[20,23]. The DHM is based on a modified Mach–Zehnder
interferometer architecture which uses a Helium–Neon (He–
Ne) laser emitting at 632.8 nm as its illumination source, and
which is spatially filtered and collimated. The probe beam passes
through the sample and carries the object information. Then,
the object beam is interfered with the reference beam to pro-
duce holograms. The holograms are digitally recorded using a
complementary metal–oxide semiconductor (CMOS) sensor.

Fig. 1. Experimental setup of sample rotation tomography. The
green representation illustrates the holographic optical tweezers, and
the red representation shows the digital holographic microscopy.
HWP, half-wave plate; BS, beam splitter; M, mirror; L, lens; QWP,
quarter-wave plate; SLM, spatial light modulator.

C. Sample

For the experiments, a live cell, Candida rugosa (ATCC200555),
is used as a sample. The HOT system allows us to manipulate
the live sample and to rotate along the x z direction with a step
rotation at every 1◦. The optical power distribution of the trap-
ping beam was less than 10 mW, which cannot raise even 0.5◦ in
the free-floating medium, and is relatively below the threshold
damage level of the cell [31]. At every rotation angle, the DHM
records the corresponding holograms with the CMOS device.
The recorded holograms are numerically reconstructed in order
to obtain the quantitative phase profile of the sample along each
projection. As an illustration, the reconstructed phase distri-
butions of the live Candida rugosa sample at different rotation
angles are given in Fig. 2. The reconstructed spatial frequencies
are mapped onto the Ewald sphere’s frequency spectrum to
reconstruct the 3D tomography image (detailed descriptions
of tomographic reconstruction are provided in Section 4). The
tomographic reconstruction was carried out without any special
noise-reduction technique for the selected three reconstruction
cases such as with a step rotation at every 2◦, 5◦, and 10◦, respec-
tively. In order to analyze the possibility of enhancing the image
quality in sparse data reconstruction, different noise-reduction
techniques were implemented and are discussed in the next
section.

Fig. 2. Reconstructed phase results of live Candida rugosa orienta-
tion at different rotation angles. Scale bar: 2µm.



Research Article Vol. 60, No. 10 / 1 April 2021 / Applied Optics B83

3. PROCESSING ALGORITHMS

In order to efficiently process the tomographic reconstruc-
tion, the reconstructed phase profiles are processed with four
de-noising approaches chosen from the literature. They are:
dual-tree discrete wavelet transform (DTDWT), block match-
ing 3D (BM3D) algorithm, 2D windowed Fourier transform
filter (WFT2F), and a deep learning (DL)-based de-noising
approach. The algorithms are briefly described in the following
sub-sections.

A. Dual-tree Discrete Wavelet Transform

The noise-reduction technique known as DTDWT is an
improvement of the discrete wavelet transform (DWT) in the
sense that this is nearly a shift-invariant transformation, but
with less redundancy compared to the undecimated DWT [32].
The DTDWT permits important enhancements in the context
of image de-noising applications. Otherwise, this transform is
directionally selective in 2D domains. The nearly shift-invariant
property is achieved with a redundancy factor of 4 for 2D sig-
nals, so it is much lower than the undecimated DWT, which is
usually involved in image de-noising applications. As DTDWT
relies on an analytic representation of discrete wavelets (complex
wavelets), it allows to solve four main important problems of real
discrete wavelets in the context of image enhancement, which
are oscillatory behavior at the neighborhoods of discontinuities,
shift variance, aliasing, and lack of directionality. The DTDWT
is also based on a computationally efficient separable filter bank.

The DTDWT is also based on a computationally efficient
separable filter bank. This version of the DTDWT algorithm
does not require any particular input parameter.

The DTDWT is applied to the reconstructed phase data, and
the resulting images are used to reconstruct the dense and sparse
tomography reconstructions corresponding to 2◦, 5◦, and 10◦

step angles.

B. Block Matching 3D Algorithm

The BM3D technique [33] was used here to analyze the possible
enhancement in the sample features. Since its introduction,
the transform-based block-matching 3D (BM3D) filter is
recognized as state-of-the art in image de-noising. The BM3D
algorithm aggregates many efficient techniques and synthesizes
major advances that have occurred in recent years, cor example,
the approaches based on the decomposition of the image in
patches such as NL-means method and the use of shrinkage
operators applied to the image transform domain as wavelet
representations. The approaches based on the decomposition
of images in patches relate to correlations estimated between
the local patch of the pixel to be processed and the patch of
the neighborhood patches that are taken into account in the
algorithm. In the BM3D technique, filtering relies both on local
and non-local characteristics of images. At the final stage, an
aggregation procedure is performed on estimated true patches.
The resulting values of pixels are computed by summing patches
using weights. BM3D is based on the concept of “grouping”
and “collaborative filtering.” Grouping finds mutually similar
image blocks and stacks them together in 3D dedicated arrays.
Collaborative filtering produces individual estimates of all

grouped blocks by filtering them jointly. We then obtain the
presence of numerous similar patches, as the image is locally
highly correlated. Due to the particular structure of interference
fringe images which are regular and do not contain any complex
textures, these assumptions remain true. In order to improve the
sparsity of the 3D transform of similar stacked patches used in
the BM3D algorithm, the authors [33] propose, first, to con-
sider image patches which may have data-adaptive shape and,
last, to apply principal component analysis on these adaptive-
shape patches as part of the 3D transform. The sparsity of the
input image determines the success of the shrinkage operator,
which is applied to separate the noise from the observation,
and it means that its energy is compactly represented in the 3D
transform domain. This constitutes the first stage of the overall
method. In a second stage, a Wiener-like filtering onto the
coefficients of the 3D transform of the similar stacked patches
group is performed in order to get the estimated true image.
Finally a final stage called aggregation procedure is performed
with estimated true patches in order to compute the resulting
value of pixels by summing patches, using weighting in a similar
way as the NL-means method. Note that the BM3D algorithm
is based on the optimization of more than a dozen parameters,
and the impact of the various parameters is difficult to evaluate
separately. Also we have kept values of parameters suggested by
authors in the given software [33], except for the input noise
variance that was estimated using a 7 × 7 median filter.

C. 2D Windowed Fourier Transform Filter

The 2D windowed Fourier transform filter (WFT2F) method
[34] is based on a local Fourier transform (FT) which can take
into account the non-stationary characteristics of the noise. So,
frequency components of any pattern can be extracted from
noise with more accurate efficiency than with a FT computed
from the overall data. In a similar way as with wavelet trans-
forms, but adapted to a complex representation, the filtering
process consists of applying a threshold to the modulus of the
2D Fourier coefficients, letting the phase remain unchanged.
Finally, an inverse 2D windowed Fourier transform of the fil-
tered frequency domain is then computed to get the processed
pattern. The WFT2F can be seen as a projection of the data onto
2D oscillating functions which are localized in the spatial and
frequency domains. The discrete version of this algorithm leads
to setting eight parameters defining the window size, threshold
value, and six parameters for sampling of the frequency axis. In
this paper, the values of the parameters proposed by the author
in [34] were considered, so the window size is 20 points in both
directions of the image plane, the normalized step in the fre-
quency domain is of 0.05, and the threshold is equal to 6. Note
that the WFT2F was demonstrated to be the state-of-the-art for
de-nosing of speckled phase fringe patterns [35].

In this study, the tomography reconstructions were carried
out for dense and sparse reconstruction of the 2◦, 5◦, and 10◦

step angles and filtered using the WFT2F technique.
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D. Deep Learning Approach

The last algorithm is a learning-based [36–40] approach to
reduce noise and enhance the quality of the reconstructed tomo-
graphic image. The deep learning (DL) model was trained to
reduce the phase noise induced by the imaging system [40].
Over the past twelve years, deep learning has emerged as a very
efficient tool in signal and image processing. At the heart of this
new tool is the convolutional neural network (CNN). CNN
integrates several fundamental advances of the recent decades:
wavelet and multiresolution analysis, shrinking and threshold-
ing algorithms, sparse representations, block matching, and
dictionary learning [36–38]. In recent years, several applications
of DL in optics have emerged [39]. The problem of speckle
decorrelation is approached with a deep-learning-based solution
in [40]. Here, the deep neural network architecture based on
residual learning [36] is used as a de-noising algorithm.

In principle, residual learning aims at extracting noise from
input noisy image using a CNN architecture, so the last stage
is constituted by a subtraction of the noisy image from the
processed image in order to get the de-noised image. In our
work [40], we have adapted this principle to process noisy
phase maps, so inputs of the CNN architecture are constituted
with the sine and cosine of the noisy phase maps. The network
considered in this paper is the one proposed by Zhang et al.
[37], which includes 59 layers and is based on the concept of
residual network (DnCNN). In order to achieve the training
with phase decorrelation speckle noise, the network has been
adapted so as to be trained with a set of 40 fringe images sized
1024 × 1024 pixels with realistic speckle noise. Sine and cosine
of fringe images are computed from five initial phase patterns
from a simulator which was reported in [30]. Increased with
their transposed and π /4 phase shifted version, this leads to a
total of 40 images. From the database, 384 patches per image
were considered, leading to a grand total of 15,360 patches.
These 384 patches, extracted from each image, were randomly
selected for each of the 1920 epochs of the training. Mini-batch
size and initial learning rate were respectively set to 128 and
0.0006. Thus, a total of 230,400 iterations was used for the
training [40].

The network has been adapted to be trained on a set of fringe
patterns including realistic speckle noise conditions, similar
to what is usually encountered in digital holography. The deep
learning model is trained to reduce the phase noise induced
by the imaging system, and the end results are used for the
tomographic reconstruction [40].

The DL approach is implemented to the dense and sparse
angle phase data. Then, the obtained results are utilized for
tomography reconstruction. The corresponding tomogra-
phy results of before and after applying the DL approach are
compared and discussed in the next Section.

4. EXPERIMENTAL RESULTS

The four de-noising algorithms described in Section 3 are
applied to the reconstructed phase profiles, and then the
obtained spatial frequencies are mapped onto the Ewald sphere
to reconstruct the 3D tomographic profile of the sample. For the
dense angle reconstruction, step rotation at every 2◦ are chosen

Fig. 3. Different slice views of tomography results of Candida
rugosa. (a) 2◦ step rotation; (b) 5◦step rotation; (c) 10◦ step rotation.
Scale bar: 2µm, Color bar: refractive index values.

and 180 projections are used for this case. Similarly, for sparse
angle cases, step rotation at every 5◦ and 10◦ are chosen and
the corresponding number of projections used are 72 and 36,
respectively.

The center slice of the reconstructed tomography of Candida-
rugosa at different views corresponding to the y z, x y , and x z
views are given in Fig. 3. Figure 3(a) shows the results with the
step rotation of 2◦, Fig. 3(b) shows those with step rotation of
5◦, and Fig. 3(c) those for 10◦. As can be seen, the reduction of
the number of projections for the tomography reconstruction
induces noise fluctuations.

Figure 4 shows the results obtained after processing phase
slices with the DTDWT algorithm. Figure 4(a) shows the results
with step rotation at every 2◦, Fig. 4(b) shows those with step
rotation at every 5◦, and Fig. 4(c) those for 10◦ step rotations.
For each sub-figure, the raw (no filtering) and processed (de-
noising filter) data are given. The regions of interest are chosen
to provide better visualization, and one can clearly observe that
after processing, the tomography performance is enhanced,
especially at the sparse angle reconstruction. The enhanced
regions are highlighted with the black dotted dashed lines in
Fig. 4.

Fig. 4. Comparison of different slice views obtained after processing
with the DTDWT. (a) Dense angle reconstruction with step rotation
of 2◦; (b) sparse angle reconstruction with step rotation of 5◦; (c) sparse
angle reconstruction with step rotation of 10◦. Scale bar: 2µm.
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Fig. 5. Tomography reconstruction comparison of raw data and
with BM3D. (a) Tomography reconstruction with 2◦ step rotation;
(b) sparse angle tomography reconstruction with step rotation of 5◦;
(c) sparse angle tomography reconstruction with step rotation of 10◦.
Scale bar: 2µm.

Figure 5 exhibits the results obtained after processing with
the BM3D approach. Similarly as for Fig. 4, Figs. 5(a)–5(c)
respectively give the results for 2◦, 5◦, and 10◦. The dotted
dashed lines in Fig. 5 highlight the enhanced region, where
one can observe that the sample internal features are enhanced
after applying the BM3D filter for both dense and sparse angle
data reconstructions. The results demonstrate that BM3D is
also a noise-reduction technique that has high potential to be
utilized in sparse angle data to retrieve the sample features with
enhanced image quality.

The results from processing with the WFT2F are provided
in Fig. 6. As with the other algorithms, the tomography recon-
structions were carried out for dense and sparse reconstructions
at 2◦, 5◦, and 10o step angles. The central slice of the y z, x y , and
x z views are shown in Figs. 6(a)–6(c), respectively.

The highlighted dashed lines in Fig. 6 show the useful region
for comparison. The tomography results show that, after apply-
ing the WFT2F, the overall sample region becomes faded,
creating a blur effect even at the site of the dense reconstruction
results. This trend is amplified in the sparse angle reconstruc-
tion. The reason is probably related to the fact that the WFT2F
algorithm is optimized to deal with phase images having dense
fringes and speckle noise. In the case of tomography of phase
objects, the measured phases do not include any speckle noise

Fig. 6. Tomography slices comparison with and without WFT2F
noise-reduction technique. (a) Dense angle reconstruction with 2◦

step rotation; (b) sparse angle reconstruction with step rotation of 5◦;
(c) sparse angle reconstruction with step rotation of 10◦. Scale bar:
2µm.

Fig. 7. Tomography slice comparison of raw data with and without
the DL approach. (a) Dense angle reconstruction with 2◦ step rotation;
(b) sparse angle reconstruction with step rotation of 5◦; (c) sparse angle
reconstruction with step rotation of 10◦. Scale bar: 2µm.

and modulo 2π fringes. This is why the WTF2F does not yield
convincing results.

The tomography slices of different views of dense and sparse
data reconstructions of the 2◦, 5◦, and 10◦ step angle tomogra-
phy reconstructions with and without the DL noise-reduction
approach are shown in Fig. 7(a)–7(c), respectively. The dotted
dashed lines in Fig. 7 clearly show that the sample internal
features have improved after applying the deep learning noise-
reduction approach for both the dense and the sparse angle
data reconstructions. The results show the ability to enhance
the tomographic image reconstruction quality that make the
DL approach a relevant method to process sparse-angle recon-
structions while retaining the sample features. The reasons
for are not well understood, but this is most likely due to the
fact that the CNN was trained with a large diversity of images,
including natural texture images and speckled phase images.
Thus, this large diversity of noise situations could be the key to
the enhancement observed.

Further, quantitative analysis was conducted by plotting the
cross-sectional profiles of the background region before and
after applying the noise-reduction techniques, and the results
are shown in Fig. 8. The sectional profiles of dense and sparse
angle data corresponding to different tomographic slices are

Fig. 8. Cross-sectional profile comparisons of different tomo-
graphic slices corresponding to (a) step rotation of 2◦; (b) step rotation
of 5◦; and (c) step rotation of 10◦.
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plotted and compared in Figs. 8(a)–8(c). The results presented
in Figs. 8(a)–8(c) show a significant reduction in the noise levels
after applying the noise-reduction techniques.

5. CONCLUSION

The live sample Candida rugosa was trapped and rotated using
holographic optical tweezers, and the corresponding phase pro-
files for each sample rotation were recorded and reconstructed
using DHM. The obtained phase results of the sample were
individually processed with DTDWT, BM3D, WFT2F, and
DL-based noise-reduction approaches. The resultant spatial
frequencies were mapped to reconstruct dense (2◦) and sparse
angle (5◦, 10◦) sample rotation tomography corresponding
to respectively 180, 72, and 36 projections. The tomographic
images obtained after applying the DTDWT, BM3D, and
DL-based approaches are convincing and demonstrate that
the sparse-angle tomographic reconstruction provides sample
features close to those obtained from the dense-angle recon-
struction. However, the results obtained from the WFT2F were
not convincing and were unable to retain the sample infor-
mation; instead, this technique created a blurring effect, so its
application was not beneficial to tomographic reconstructions.

This paper demonstrates that noise-reduction algorithms
such as DTDWT, BM3D, and DL, implemented in sparse-
angle sample rotation tomographic reconstruction, lead to
enhanced tomographic image quality. In the near future,
the proposed sparse-data reconstruction approaches will be
analyzed in integrated dual-mode tomography systems for
high-speed live cell imaging and analysis.
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