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Abstract: We present a deep neural network to reduce coherent noise in three-dimensional 
quantitative phase imaging. Inspired by the cycle generative adversarial network, the 
denoising network was trained to learn a transform between two image domains: clean and 
noisy refractive index tomograms. The unique feature of this network, distinct from previous 
machine learning approaches employed in the optical imaging problem, is that it uses 
unpaired images. The learned network quantitatively demonstrated its performance and 
generalization capability through denoising experiments of various samples. We concluded 
by applying our technique to reduce the temporally changing noise emerging from focal drift 
in time-lapse imaging of biological cells. This reduction cannot be performed using other 
optical methods for denoising.  

© 2019 Optical Society of America under the terms of the OSA Open Access Publishing Agreement 

1. Introduction 

Recent advances in quantitative phase imaging (QPI) offer an extended opportunity for the 
label-free, non-destructive, and quantitative study of biological specimens [1]. As a scheme 
for three-dimensional (3D) QPI, optical diffraction tomography (ODT) is an imaging method 
that uses angularly varying illumination to reconstruct the 3D refractive index (RI) 
distribution of a microscopic sample. Since RI, an intrinsic optical property of a sample, 
provides morphological and biochemical information, ODT has been successfully applied to 
various fields, including histopathology [2,3], hematology [4–7] microbiology [8], cell 
biology [8–10] and nanotechnology [11]. The image quality of a reconstructed tomogram can 
be degraded by the noise originated from the use of coherent illumination (Fig. 1). Unwanted 
interference of the coherent light generates this noise in the form of fringe patterns and 
speckle grains [12]. This is mainly caused by multiple reflection from optical elements and 
dust particles. Misalignment of the optical system could also deteriorate the reconstructed 
tomogram. We term this category of noise as “coherent noise” throughout this paper. 

To remedy the coherent noise, numerous studies involving modifications of experimental 
setups or additional data capturing have been conducted [13–18]. Unfortunately, this class of 
methods works only when the imaging system has sufficient stability during measurement. 
That is, it is challenging to remove the time-varying noises emerging from light source 
spectrum fluctuations, electro/mechanical vibrations, or focal drifts because of thermal or 
gravitational effects. Moreover, incoherent ODTs have also been proposed to sidestep the 
coherence issue, but the practical drawbacks arising from a short coherence length embody 
dispersion effect and limited angles of illumination [19,20]. Alternatively, numerical methods 
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pair. The trained network was tested to remove coherent noise in the tomograms of silica 
microbeads for quantitative validation. The performance of the network was also confirmed 
through several experiments on biological cells never seen by the network during training, 
demonstrating its generality and potential applicability. Lastly, but most importantly, the 
denoising network successfully removed the coherent noise in a time-lapse experiment 
implying a HeLa cell imaging. 

2. Deep neural network for denoising tomograms 

The goal of the proposed deep neural network is to learn a high-dimensional function, 
translating between a noisy image domain X and a clean image domain Y, and denoise a 2D 
laterally sliced tomogram via a trained generator, GXY: X → Y. Two functions, GXY: X → Y 
and GYX: Y → X were trained using two discrimination losses, ,YDL  and ,XDL  where DY and 
DX are discriminator functions that attempt to discriminate a real image and an image 
generated by G. For instance, YDL computes how closely the denoised image GXY (x) follows 
the true data distribution y ~Pdata(y). To enhance optimization convergence, two reconstruction 
losses, called cycle-consistency losses, were introduced. We minimized the losses comparing 
an input and a generated image passing through two mirrored functions, GXY and GYX. Finally, 
the trained GXY outputs the denoised tomogram image. 

2.1 Data acquisition using optical diffraction tomography 

We first summarize the ODT reconstruction procedure and the coherent noise for a better 
understanding of our data set. Every sample of interest was scanned at various illumination 
angles to obtain holograms, using a commercialized ODT imaging setup (HT-2H, Tomocube 
Inc., Republic of Korea), as detailed in Appendix A. Then, 2D optical fields at the sample 
plane were retrieved from each captured hologram using a field retrieval algorithm exploiting 
spatial filtering [46]. Following the Fourier diffraction theorem, formulated by Wolf [47], the 
3D RI tomogram of the sample was reconstructed. Missing information owing to the limited 
bandwidth of the system was computationally regularized using a non-negativity constraint 
[48]. In theory, the spatial resolutions in the lateral and axial directions were 110 nm and 360 
nm, respectively. 

Two examples of 2D tomograms at different axial depths are shown in Figs. 1(d)–1(e). 
The coherent noise disturbs both the cell features and background in the tomogram at 

0 ,z mμΔ = while the tomogram slice at 3.9z mμΔ = allows to clearly visualize the 

subcellular organelles. A 3D isosurface image of the reconstructed NIH3T3 tomogram is 
displayed in Fig. 1(f). 

To train the proposed network, we prepared a data set containing 2D tomograms of 
NIH3T3 cells using the ODT protocol explained above. The reconstructed 3D tomograms 
were center-cropped to a dimension of 256 × 256 × 100 voxels. Because the coherent noises, 
as well as the cells, were not totally spread out along the axial direction, we first attempted to 
find the focal plane using one of the widely used methods, Brenner gradient [49], and 
extracted 25 sliced images centered at the determined focus from each 3D tomogram. Then, 
the 2D sliced tomograms were annotated by two experienced ODT users (refer to Appendix 
D) and categorized into two sets: (1) xi ∈ X: noisy tomograms and (2) yi ∈ Y: clean 
tomograms (see Fig. 2(a)). We denoted the data distributions as x ~Pdata(x) and y ~Pdata(y); here 
x ~P refers to the notion that a random variable has probability density distribution of P. 
Again, we emphasize that, in contrast with conventional deep learning frameworks that 
benefit from one-to-one paired set, two different data sets (X and Y) were prepared to train our 
denoising network. The data sets, X and Y (denoted as (1) and (2) in Fig. 2(a)), finally 
contained 455 and 5057 tomograms, respectively; there are less noisy images because they 
are harder to obtain. Note that we did not use any particular technique to overcome the data 
imbalance and randomly sampled batch of data from two groups, to fully make the algorithm 
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where [ ]XΕ  is the expectation of the random variable .X  GXY aims to minimize this function 

while the adversarial function D aims to maximize it: 

 min max ( , , , ).Y

XY Y

D
XY YG D

L G D X Y  (2) 

Similarly, when the adversarial loss and the discriminant are GYX: Y → X and DX, 
respectively, the loss function can be formulated as follows: 

 
( ) ( )~ ~( , , , ) [log ( )] [log(1 ( ( )))],X

data x data y

D
YX X x P X y P X YXL G D X Y D x D G y= Ε + Ε −  (3) 

 min max ( , , , ).X

YX X

D
YX XG D

L G D X Y  (4) 

Next, reconstruction losses (cycle-consistency losses) were also employed to further optimize 
the network. Both generators, GYX and GXY, should perform exactly inverse operations in 
theory, which means that GYX(GXY(x)) should return x. Hence, we formulated one cycle-
consistency loss as, 

 
( )~ 1( , ) [ ( ( )) ].X

data x

C
XY YX x P YX XYL G G G G x x= Ε −   (5) 

Reversely, the other cycle-consistency loss was introduced as follows: 

 
( )~ 1( , ) [ ( ( )) ].y

data y

C

XY YX y P XY YXL G G G G y y= Ε −   (6) 

Finally, we formulated the full loss function consisting of four terms as follows: 

 
( , , , ) ( , , , ) ( , , , )

( ( , ) ( , )),

Y X

X Y

D D
XY YX X Y XY Y YX X

C C
XY YX XY YX

L G G D D L G D X Y L G D X Y

L G G L G Gλ
= +

+ × +
(7) 

where λ is the regularization constant that determines the relative importance of preserving 
spatial features; we set λ = 10 in this study. We solved the following min-max problem: 

 * *

, ,
, argmin argmax ( , , , ),

XY YX X Y

XY YX XY YX X Y
G G D D

G G L G G D D=  (8) 

using gradient-based optimization to obtain the denoising network. 

3. Results and discussions 

Here, we optimized our deep neural network and experimentally verified the performance of 
the optimized denoising network using the ODT imaging system (HT-1H, Tomocube. Inc, 
South Korea). We imaged and reconstructed them according to the optical setup and 
procedure detailed in Fig. 1 and Fig. 8. All the reconstructed tomograms had 256 × 256 × 100 
voxels, a lateral resolution of 110 nm, and an axial resolution of 360 nm. Thus, the field of 
view (FOV) of all the 2D sliced tomogram images is 28.16 μm × 28.16 μm. 

3.1 Model optimization 

To optimize the proposed method, we implemented and compared three networks that, as 
summarized in Fig. 3, differed in the loss function and up-sampling block of the generator. 
The sample consisted of NIH3T3 cells, which were also used in the training stage. Figures 
3(a1)–3(a3) display the original tomogram and two representative subcellular features for 
comparison. We also examined the Fourier transform of the tomograms. 

First, we used the 1l  loss function, along with a naïve-U-net architecture for the generator 

(adopted from [52]), to optimize our neural network. It is known that the 1l loss function 

performs well even in the presence of outliers. Figure 3(b) displays the denoised tomogram. 

                                                                                              Vol. 27, No. 4 | 18 Feb 2019 | OPTICS EXPRESS 4931 



However, Fig
by the arrows
widely disper
(Fig. 3(b1)) 
computation o

Next, to a
with the l1 lo
reconstruction
the original im

Finally, w
the l1 functio
detailed featu
eliminated. I
comparison w
was thorough

Fig. 3
before
detail 
marke
domai
check
was u
bound
shown

3.2 Quantita

To quantitati
microbeads (5
setup (HT-1H
training data,
generalizabili
unwanted coh
region at the 
grains. The m
1.3378 and 0.

gs. 3(b2)–3(b3)
s, the clear rou
rsed across the 
and Fourier s
of sliding conv
address the ch
oss function, a
n result, display
mage. 

we attempted to
on, along with
ures of the cell,
In addition, t
with other mod
ly used to obta

3. Architecture se
e denoising. (b) D

of subcellular fe
ed by the arrow. T
in. (c) The result 

kerboard. (d) To p
utilized, along w
daries of nucleoli. 
n. The black-dotte

tive validation

vely validate 
5-μm-diameter

H, Tomocube In
, was utilized
ty of the prese
herent noise, w

top left corne
mean value (M
0019, respectiv

) show that the
und feature is 
denoised tomo

spectrum (Fig.
volution operati
heckerboard ar
as illustrated in
ying a better re

o employ a stru
h the same res
 noted by the a

the correspond
els. We adopte

ain the results r

arch for our deep
Denoised tomogram
eatures is not res
The checkerboard 
of resize-U-net l1

preserve details of
with the resize-U-

(Bottom row) Eac
d circle indicates t

n 

the proposed
r, 44054-5ML-
nc., Republic o
d for the acqu
ent method. A
which led to th
er displays the

MV) and the st
vely. 

 subcellular str
missing. Mor

ogram, and the
. 3(b4)). The 
ions. This fact 
rtifacts, we use
n Fig. 3(b). T
esolution of the

uctural similari
size-convolutio
arrows, while t
ding Fourier 
ed this final mo
reported below

p learning model. 
m image using th
olved and the ye
effect also appea

1 loss improves th
f spatial features,
net, resolving th

ch Fourier spectrum
the numerical aper

d method, we 
-F, Sigma-Ald
of Korea), whic
uisition of the

As shown in Fi
he deterioratio
e noise in the 
andard deviati

ructure is not r
reover, the che
ey are displaye

artifacts arise
has been inten
ed a resize-co

This change al
e guided featur

ity index loss 
onal U-net. Th
the coherent no
spectrum has

odel as our den
w. 

(Top row) (a) O
he Naïve-Unet l1 l
ellow colored arti
ars and can be vis
he image quality b
structure similarit

he subcellular fea
m of the correspon
rture of the imagin

measured the
drich Inc., USA
ch was not use
e microbead t
ig. 4(a), the ca

on of the imag
form of fring

ion (SD) of th

resolved and, a
eckerboard art
ed as a grid in t
e from the ov
nsively studied
onvolutional U
lso led to an i
res but not as c

(SSIM) [54], i
he result cons
oise in the tom
s reduced art
noising networ

Original tomogram
loss function. The
ifact is shown, as
ualized in Fourier
by eliminating the
ty index map loss

atures and clearer
nding tomogram is
ng system. 

e tomograms 
A). A different
ed to obtain the
tomograms to
aptured tomog
ge quality. The
ge patterns and
he RI in this re

as marked 
tifacts are 
the image 
verlapped 

d in [53]. 
U-net [53] 

improved 
clear as in 

instead of 
erves the 

mogram is 
tifacts in 
rk, which 

 

m 
e 
s 
r 
e 
s 
r 
s 

of silica 
t imaging 
e NIH3T3 
o test the 
rams had 

e cropped 
d speckle 
egion are 

                                                                                              Vol. 27, No. 4 | 18 Feb 2019 | OPTICS EXPRESS 4932 



Furthermo

the tomogram

trained in the
Regarding the
0.0003, respe
show a better 

Moreover
tomograms fu
of the backgr
can be obser
center of the b
application o
region signifi
It is also not
assess the reg

Fig. 4
micro
tomog
box, a
the de

3.3 Compari

Next, we be
approaches fo
(TV) minimiz
While our op
further param
that affect eac
(1, 5, and 40)
TV denoising
0.0028, and 0

ore, as displaye

ms without a sig

e whole netwo
e background r
ectively, which

agreement wit
, the histogram

urther validate 
round regions e
rved in the de
bead demonstr
f the present m
cantly denoise
teworthy that t
ion of the bead

4. Quantitative an
bead degraded by

gram slices in the 
acquired in the axi
enoising effect. (d)

ison to non-da

enchmarked ou
or denoising, in
zation, and Ha

ptimized and tr
meter tunning, w

ch algorithm: σ
); λ is regulariz
g (0.1, 0.5, and
.1). 

ed in Fig. 4(b),

gnificant loss o

ork translated 
region, the MV

h indicates that
th the theoretic

ms and line pro
the present me
enclosed by th

enoised tomogr
rate the consist
method, as ill

ed but also the 
the fabrication
d accurately. 

nalysis of the prop
y the coherent noi
background regio

ial direction; the R
) Line profiles alon

ata-driven app

ur data-driven
ncluding block
aar wavelet sh
rained network
we ran each no
σ is the standar
zation weight b
d 10); τ is a thr

, the proposed 

of sample regi

the noisy inpu
V and the SD 
t, compared to

cal one (nmedium

ofiles for the R
ethod. First, Fi
he blue and ora
ram around 1
tency of the RI
lustrated in Fig
original and d

n error of the 

posed network. (a
ise. (b) Tomogram
on (number of slic
RI distributions are
ng the horizontal w

proaches 

n approach ag
k matching and
hrinkage (Refe
k operated to d
on-data-driven 
rd deviation of
between a min
resholding valu

method reduc

ion. Specificall

ut tomogram i
of the denoise

o the initial tom
m = 1.337). 
RI values of th
ig. 4(c) display
ange boxes; a 
.337.  Second, 
I values in the 
g. 4(d). Not o
enoised RI ma
microbeads m

a) Original tomog
m denoised via ou
ces = 11), marked 
e shown for compa
way are visualized

gainst widely 
d 3D filtering (
er to Appendi
denoise the H
algorithm with
f Gaussian dist

nimization term
ue for the wav

es the coheren

ly, the generat

into a clear to
ed bead are 1.
mogram, the R

e original and 
ys the data dist
sharper RI dis
the profiles a
sample region

only is the ba
aps show a clo
makes it challe

 

gram of the silica
ur method. (c) 2D
by top-left corner

arison to highlight
d. 

used non-da
(BM3D), total 
ix G for more

HeLa tomogram
h 3 different pa
tribution for th

m and a TV ter
velet shrinkage

nt noise in 

or, XYG , 

omogram. 
3369 and 
RI values 

denoised 
tributions 
stribution 
along the 
n after the 
ckground 
se match. 
enging to 

a 
D 
r 
t 

ata-driven 
variation 

e details). 
m without 
arameters 
he BM3D 
rm for the 
e (0.0001, 

                                                                                              Vol. 27, No. 4 | 18 Feb 2019 | OPTICS EXPRESS 4933 



 

Fig. 5. Comparison to non-data-driven approaches. (a) Original 2D tomogram of a HeLa cell. 
(b) Denoised tomogram using the present method. (c) Denoised tomograms using BM3D 
(Block Matching 3D denoising). (d) Denoised tomogram using TV (Total Variation) 
minimization. (e) Denoised tomogram using Haar wavelet shrinkage. We varied the core 
parameter of each algorithm: σ is standard deviation of Gaussian distribution for the BM3D (1, 
5, and 40); λ is regularization weight between a minimization term and a TV term for the TV 
denoising (0.1, 0.5, 10); τ is a thresholding value for the wavelet shrinkage (0.0001, 0.0028, 
and 0.1). 

The comparison on denoising 2D HeLa tomogram is depicted in Fig. 5. The non-data-
driven algorithms with various parameters either remove coherent noises by blurring the 
entire images (BM3D and TV) or perform no effective denoising (Wavelet), whereas the 
denoised tomogram via our data-driven approach can simultaneously remove the noise and 
conserve the sample features (e.g., subcellular structures inside HeLa cell in this case). BM3D 
requires accurate prior knowledge on the standard deviation of Gaussian noise, which is not 
appropriate to apply to our case. Fundamentally, the noise statistics of our tomogram does not 
follow the Gaussian distribution; rather, it is dominated by fringe-like patterns that are 
difficult to model analytically. Likewise, TV has similar limitations because it assumes that 
high total variation indicates noisy signals in images, which is not necessarily the case here, 
and obtains a denoised image by minimizing the total variation. Lastly, the wavelet-based 
method has no effective denoising on tomograms with the coherent noise. In our experiment, 
the wavelet basis representation does not separate image signal and fringe noise signal, which 
fails to denoise tomograms via the shrinkage (i.e., thresholding) of small wavelet coefficients. 

3.4 Demonstration in various biological samples 

To further validate our method, we tested the trained network on various tomograms of 
eukaryotic cells, including HeLa, NIH3T3, and MDA231. Figure 6 displays the degraded 
tomograms (first row) and the tomograms denoised using our method (second row). We first 
applied our network to the pre-split NIH3T3 data set, which was not used for training. The 
degraded tomograms, where the coherent noises are clearly visible as fringe patterns, were 
significantly denoised. As displayed in the second and third column in Fig. 6, we attempted to 
reduce the coherent noises of the HeLa and MDA231 tomograms to test the generalization 
capability of our model. As shown in the denoised tomograms, the coherent noises were 
effectively reduced and the cellular characteristics were conserved in both cases. 

Finally, we validated the denoising network through the time-lapse imaging of HeLa cells, 
as a principal application of our method. We tomographically imaged the HeLa cells for 30 
mins with a time interval of 10 mins. Either a thermal focal drift or a slight change of the 
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4. Conclusions 

We have proposed and experimentally validated a deep learning algorithm that suppresses the 
coherent noise in refractive index tomograms. The deep neural network learns a statistical 
transformation between two “unpaired” tomogram data sets, without any prior knowledge or 
additional constraints which are enforced in most numerical algorithms. We demonstrated its 
quantitative denoising performance and generalization capability through various biological 
experiments. Furthermore, in contrast with other optical methods for denoising, the presented 
method effectively eliminated time-varying noise, generated by thermal focal drift, in time-
lapse imaging. 

One of the primary questions that “data-driven” approaches should answer concerns their 
generalization ability: can we really suppress the coherent noise in a wide variety of 
tomograms using a model trained using a specific data set? We can qualitatively confirm that 
the denoising performance on NIH3T3 somewhat exceeds the performance on other cells, 
such as HeLa and MDA231, which have fundamentally different data distribution. We 
anticipate that the data diversity in the training data set will improve the generalization ability 
of the algorithm. This is obviously something to consider to build a better data-oriented 
model. Secondly, transfer learning may enhance the model for a specific purpose. Instead of 
retraining the model using every existent data set, it would be time-efficient to adopt transfer 
learning (i.e., redesign the architecture of the already trained deep learning model based on an 
additional data set). 

There are further directions of future work for this paper. First, one can extend the current 
2D deep learning framework to a network aimed at denoising whole 3D tomograms using 
volumetric convolution. The 3D network would exploit additional information from 3D 
tomograms to help improve the denoising performance (e.g., correlations between different 
sliced tomograms). Second, though we have here employed a naïve grid-search for 
parameters optimization, a large number of the hyperparameters and layer designs for training 
the deep learning algorithm can be tuned using other cutting-edge deep learning technologies, 
such as reinforcement learning for architecture/parameters search, to improve the denoising 
performance. The algorithmic parameters include the number and shape of filters, batch size, 
optimizer, learning rate, regularization constant, and initialization of convolutional filters. 
Lastly, we envision that the present approach could be leveraged for the removal of noises 
belonging to other categories, such as shot noise and Gaussian noise, which prevail in many 
imaging modalities, including fluorescent imaging, computerized tomography, and X-ray 
imaging. 

Appendix A: Optical system of ODT 

The optical diffraction tomography setup, composed of Mach-Zehnder interferometry, is 
depicted in Fig 8. A diode-pumped solid-state laser beam (532 nm wavelength, 10 mW, 
MSL-S-532-10 mW, CNI laser, China) is coupled into a 1 × 2 fiber coupler (OZ Optics, Ltd., 
Canada), and is split into sample beam and reference beam. The sample beam, passing 
through lens 1, is diffracted into many orders by the digital micromirror device 
(DLP6500FYE, Texas Instruments, USA) that operates angularly varying illumination on a 
sample. 

The first-order diffracted beam, conveyed by a condenser lens (Numerical aperture (NA) 
= 0.7, ×60), impinges on the sample, followed by a collecting objective lens (×60, NA = 0.8). 
Then the scattered light by the sample and reference beam forms a spatially modulated 
hologram at the CMOS camera (FL3-U3-13Y3M-C, FLIR Systems, USA). The captured 
holograms are processed to reconstruct a 3D tomogram, as explained in the main text. 
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map uses 70 ×  70 patch from the input image. Note that the patch size can be flexibly chosen 
upon network architectures. By averaging the outputs from each patch, we can get a scalar 
value which indicates whether the whole image is realistic or not. Since patchGAN 
discriminator analyzes specific areas of an image, it leads the generator to make more detailed 
images compared to the original GAN discriminator [60]. 

We adopted an open-source released code packages of cycle-consistent GAN from [61] 
and developed the model to apply to our tomogram de-noising problem. We chose tuned 
hyperparameters already optimized in the open-source package, except that grid-searched 16 
batch size considering our computational resources. They were implemented based on 
Pytorch 0.3.1 and python 3.6. With 40 of Intel Xeon CPU E5-2630 v4 and 8 of GeForce GTX 
1080 Ti (11GB RAM), the training time takes 14 hours as we employed an early stopping at 
epochs 500. It only takes 0.016 secs to denoise a single 2D tomograms once after the training. 

In order to quantify and statistically analyze the results, we used a MATLAB 2017b using 
Intel Core i5-7500 personal computer. As for the iso-surface rendering of tomogram from 
Fig. 1(f) of the main text, we used a commercialized visualization software (Tomostudio, 
Republic of Korea). 

Appendix D: Data annotation 

To overcome the primary issue of unsupervised learning with unpaired dataset: weak 
mapping function between image domains, we tried to exclude tomograms with “weak” 
fringe patterns (Fig. 11), which is ambiguous to be annotated, from the training set consisting 
of perceptually very clean and noisy tomograms. 

 

Fig. 11. Annotation standard. For definite transform between two image domains, we 
perceptually annotated (a) clean and (b) noisy tomograms to prepare the training set and 
removed (c) tomograms with weak fringes, which is ambiguous to classify. 

Appendix E: Failure cases for denoising 

In Fig. 12, three examples of 2D tomograms are depicted, when the early version algorithm 
(naïve model adopted from Ref [61].) failed to correctly learn the mapping function between 
clean and noisy tomograms. In Fig 12(a), our network might not be able to fully remove 
strong fringe pattern. The noises disturbing both sample and background still remain after 
operating our algorithm on the noisy tomograms. In Fig 12(b), the network that specifically 
learns certain features of training image set can generate unwanted artifacts in denoised 
tomogram. Unknown hole is generated around the image center, which is the particular 
feature that our algorithm might have learned. Lastly, in Fig 12(c), because our network is 
trained to remove fringe-like noise, the ambiguous noises are not removed, as marked by 
arrows. 
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Fig. 12. Failure cases for denoising: original tomograms of biological samples (First row) are 
processed to denoised tomograms (Second row), using the naïve denoising network. (a) The 
network does not fully remove the strong pattern and clearly visible noises remain in the 
denoised tomogram. (b) The network that learns particular cell features can generate weird 
artifacts in the denoised tomogram. (c) Non-coherent noises are not removed in the denoised 
tomogram, as indicated by arrows. 

Appendix F: Identity mapping 

 

Fig. 13. Identity mapping of the network. (First row) noisy tomogram from data set passes 
through the denoising network and noising network then. x: noisy tomogram, GXY(x): 
processed tomogram using the denoising network, GYX(GXY(x)): identity-mapped noisy 
tomogram using the noising network. (Second row) clean tomogram from data set passes 
through the noising network and denoising network, sequentially. y: clean tomogram, GYX(y): 
processed tomogram using the noising network, GXY(GYX(y)): identity-mapped clean tomogram 
using the noising network. In the last column, two errors related to the cycle-consistent losses 
are displayed. The cycle-consistent losses utilizing the identity mapping boost successful 
training of the network. 

To further demonstrate the feasibility of our method, we present tomograms passing through 
the denoising network, GXY as well as noising network, GYX. In the first row of Fig. 13, noisy 
tomogram, denoised tomogram, noisy tomogram again, error map between the original and 
identity-mapped tomogram are shown, respectively. Similarly, processed tomograms starting 
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from clean image are displayed in the second row. The two small values in the error maps 
related to the cycle-consistent losses verify that our network was correctly trained. 

Appendix G: Non-data-driven approaches 

Block Matching and 3D filtering (BM3D). The key idea of the BM3D is to exploit sparsity, 
enhanced by a block matching that stacks similar data patches from different locations in 3D 
transform domain and attenuate noise signal via shrinkage of the transform spectrum. Here 
we performed discrete cosine transform for sparse representation, and achieved the shrinkage 
via collaborative Wiener filtering, which requires estimated standard deviation of Gaussian 
noise. In Fig. 5(c), 3 different numbers are used for the standard deviation: 1, 5, and 40. We 
adapted the released MATLAB code package [62], which implements the BM3D proposed in 
[63]. 

Total variation (TV) minimization. We performed l1 norm minimization with the total 
variation constraint. For this, we solved the optimization problem using the primal-dual 
algorithm, which adapted from the released MATLAB code [64]. In Fig. 5(d), the number of 
iterations is 100 and three regularization weights (λ = 0.1, 0.5, and 1) were used to control the 
amount of denoising. Note that larger weights imply harder denoising effect, which leads to 
more smoothing effect. 

Haar wavelet shrinkage. As numerous existing denoising techniques have been 
performed in wavelet transform domain [65,66], we attempted to denoise our tomogram using 
Haar wavelet transform (i.e., Daubechies 1). We used MATLAB built-in functions for the 
sparse representation of our HeLa tomogram in Fig. 5. Then, 3 different threshold values 
were used for the shrinkage of weak coefficients in two-level wavelet decomposition: τ = 
0.0001, 0.0028, and 0.1. 
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