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The fringe noises disrupt the precise measurement of the atom distribution in the process of the absorption im-
ages. The fringe removal algorithms have been proposed to reconstruct the ideal reference images of the absorption
images to remove the fringe noises. However, the focus of these fringe removal algorithms is the association of the
fringe removal performance with the physical systems, leaving the gap to analyze the workflows of different fringe re-
moval algorithms. This survey reviews the fringe removal algorithms and classifies them into two categories: the image-
decomposition based methods and the deep-learning based methods. Then this survey draws the workflow details of two
classical fringe removal algorithms, and conducts experiments on the absDL ultracold image dataset. Experiments show
that the singular value decomposition (SVD) method achieves outstanding performance, and the U-net method succeeds
in implying the image inpainting idea. The main contribution of this survey is the interpretation of the fringe removal
algorithms, which may help readers have a better understanding of the research status. Codes in this survey are available at
https://github.com/leigaoyi/Atomic Fringe Denoise.

Keywords: atomic absorption image, fringe removal, principal component analysis, deep learning
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1. Introduction
Absorption imaging is an important technique for the pre-

cise measurement[1–3] and many-body quantum systems.[4–6]

The absorption imaging technique passes a probe beam
through the atomic cloud, and leaves a shadow in the transmit-
ted beam.[7] This shadow contains the spatial distribution of
the atomic cloud, and can be recorded by the CCD camera.[8,9]

Optical density (OD) can be calculated from the atomic dis-
tribution, which is useful for quantum metrology,[10,11] phase
transitions[12,13] or dimensional crossover.[14,15] To compute
the OD of the absorption image, researchers can record the
reference image shortly after the absorption image without the
atoms, and do the logarithm subtraction with the absorption
image.[16] This survey assigns this result as ODref. In practice,
ODref suffers from the unwanted reflections which generate
the stripes and Newton’s rings.

The dynamics of the beam light causes different resid-
ual fringe noises in the ODref. These fringe noises cause the
problem to distinguish the atom distribution from the back-
ground. To improve the quality of the OD, the fringe removal
algorithm analyzes the fringe pattern to eliminate the influ-
ence of the noises around the atom distribution. As Fig. 1
shows, the fringe removal algorithm searches the edge areas
to compute the fringe patterns. The edge areas can be cho-
sen as the reference images or the edge parts of the absorption
images, which are filled with the fringe signals without atom

information. Then the algorithm generates the ideal reference
image, whose fringe pattern has been fitted with the test atom
area. This fitness process of the fringe patterns provides the
promise to remove the fringe signals thoroughly with the gen-
erated ideal reference image.

According to the feature extraction approaches, this sur-
vey classifies the fringe removal algorithms (e.g., listed in Ta-
ble 1) into two categories: the image-decomposition based
methods[16–21] and the deep-learning based methods.[22] The
image-decomposition based methods decompose the reference
images or the edge areas (without atom information) to cal-
culate the fringe basis set. The deep-learning based meth-
ods directly predict the ideal reference image with the masked
atom area in a trained network. Ockeloen et al. computed
the singular vectors of the fringe patterns with singular value
decomposition (SVD) in a dataset of hundreds of absorption
images.[19] Niu et al. proposed the optimized fringe removal
algorithm (OFRA) to reduce the noise signal, and determined
the fringe patterns by modifying conditional principal com-
ponent analysis (PCA).[18] Ness et al. introduced the deep
learning into the fringe removal research, and adopted a U-net
model to predict the ideal reference image of the absorption
image.[22]

These researches usually assigned the fringe removal al-
gorithms with the absorption imaging systems, leaving the gap
of interpreting the algorithm development. The aim of this
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survey is to review the fringe removal algorithms in the work-
flow level, and present the breakpoints of current fringe re-
moval researches. We draw the workflows of the enhanced
PCA (EPCA) method[16] and the U-net method[22] in Algo-
rithm 1 and Algorithm 2, respectively. The former is a com-
plex image-decomposition based method, and the latter is a
novel deep-learning based method. Then we discuss the poten-
tial applications of generative adversarial network (GAN) and
transfer learning for atomic fringe removal. Finally, we con-
duct fringe removal experiments on the absDL ultracold image
dataset[22] and evaluate the performance with the peak signal
noise rate (PSNR). Results suggest that the SVD method[19]

outperforms other fringe removal algorithms, and the deep-
learning based method is feasible.

The remainder of this paper is organized as follows. Sec-
tion 2 presents the image-decomposition based methods, and
Section 3 shows the deep-learning based methods. Experi-
ments of the fringe removal algorithms are conducted in Sec-
tion 4. And Section 5 concludes this survey.

Table 1. Details of the fringe removal algorithms for atomic absorption
images.

Methods Year Alkali metal Dataset size Ref.
Xiaolin Li et al. 2007 87Rb – [20]

C. F. Ockeloen et al. 2010 87Rb 250 [19]
Linxiao Niu et al. 2018 87Rb 150 [18]

Shuyang Cao et al. 2019 87Rb 100 [17]
Feng Xiong et al. 2020 6Li 54 [16]

Gal Ness et al. 2020 40K 37000 [22]
Bo Song et al. 2020 173Yb 100 [21]

Reference image

Absorption image Generated reference Optical density

Image decomposition 

methods

Deep learning

methods

Fringe removal algorithms

Extract

patterns

Restoration

Logarithm

subtraction

Fig. 1. The flow chart of the fringe removal algorithms. Fringe patterns are extracted from the edge area (without the atom information), and are utilized to
generate the ideal reference image of the atom area (with the atom information). These data samples are selected from the open-access absDL dataset.

2. Image-decomposition based methods

This section reviews the image-decomposition based
methods in the process of the absorption images. The edge
areas are decomposed into matrices multiplication, and the
eigen-vectors are collected to build the fringe basis set. So
we mark this kind of fringe removal algorithms as image-
decomposition based methods.

Assume there are n absorption images and n recorded ref-
erence images (or n edge area images), and the pixel number of
these images is m. Firstly, we subtract the absorption images
and the reference images with the background of dark expo-
sure. Then the absorption images are stacked into the absorp-
tion matrix A (A∈Rm×n), and the reference images are stacked
into the reference matrix L (L ∈ Rm×n). Suppose there exists
a matrix A′, which excludes the atom information and has the
same fringe structures with the absorption matrix. Then OD is
calculated as following:

OD = log(A)− log(A′), (1)

where the logarithm operation is implied in every element of

the matrix A and A′.

We can regard the matrix L as an alternative of the ideal
reference matrix A′, and assign the result as ODref. How-
ever, the dynamic difference of the imaging system causes
residual fringe noises in the ODref. The aim of the image-
decomposition based methods is to calculate the fringe basis
set from the train dataset, and reconstruct the ideal reference
images of the absorption images. A classical workflow of the
image-decomposition based methods would obtain the “mean
image” matrix L̃, by subtracting the reference matrix L with its
mean value. Then apply the singular value decomposition

L̃ =UΣV T, (2)

where U is the left singular vector, Σ is the singular value ma-
trix, and V is the right singular vector.

The left singular vector U is utilized to build the fringe
basis set, and the matrix A subtracts its mean value E(A), re-
sulting in the mean absorption matrix Ã. This classical work-
flow projects the Ã into the fringe basis set, and adds the re-
sult with E(A) to generate the ideal reference matrix A′. The
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breakpoints of the image-decomposition based methods are
mainly the processes of computing the vector U and building
the fringe basis set.

The SVD method calculates the singular vector of ev-
ery column of the mean reference matrix L̃, and uses all
singular vectors to build the fringe basis set, without exam-
ining the importance of different singular vectors for fringe
removal.[19] The optimized fringe removal algorithm (OFRA)
method masks the atom area in the projection of matrix Ã.
Then the PCA technique is implied to search the principal
components of the fringe patterns. The OFRA method is sug-
gested to outperform the conditional PCA method in comput-
ing the physical parameters of the time-of-flight (TOF) im-
ages, by excluding the atom information in the reconstruction
of the ideal reference images.[18]

Algorithm 1 The workflow of the EPCA method
Input: The reference images L
Input: The atom absorption images A
Input: The dark background image G
Output: The optical density OD

Subtract L and A with G, obtaining L̃ and Ã. Create an
empty fringe basis set U .
for i = 1 : EpochNum do

L̃origin = L̃ - mean (L̃);
Initialization, L = L̃origin
for j = 1 : 8 do

LF = FourierTransform (L)(LF)filter = GaussianFilter
(LF )

Lfilter = InvesrFourier((LF)filter)
Select the largest singular vector of Lfilter, u j
filts = pinv (L ·u j), pinv is the pseudo-inverse opera-

tion
Fitting the dataset with u j, L = L−u j ·filts ·L

end for
Select the largest four singular vectors in {u1, . . . ,u8},

add them into U.
Compute the largest singular vector of L, and add it into

U.
end for
Project the Ã into the fringe basis set U , and generate the
ideal reference images A′

Apply the logarithm operation and compute the optical den-
sity, OD = log(A)− log(A′)

The EPCA method applies Fourier transformation before
decomposing L̃.[16] L̃ is filtered with a two-dimensional band-
pass filter in the position of highest pixel in the frequency
domain. Filtered images are transformed back through the
Fourier inverse transformation operation, with the real parts
and imaginary parts. Real parts and imaginary parts are
stacked to construct one filtered fringe pattern. Fitting this
fringe pattern to dataset and repeat above steps to generate
next filter fringe patter (as shown in Algorithm 1). The EPCA
method computes 8 filtered fringe patterns and 1 normal fringe

pattern in single epoch with 15 epochs in total, and deprecates
the useless patterns with least squares fit.[16]

Song et al. considered the defect of ultracold imaging
system and proposed a data augmentation method to extend
the number of the fringe basis set F .[21] Data augmentation can
enlarge the dataset size without acquiring extra samples. As
the interference fringe presents in plane wave, a spatially shift
in horizontal axis and vertical axis is designed to augment the
original absorption image in this data augmentation method.
Cao et al. recognized the physical sources of the fringe struc-
tures in time-of-flights images with the PCA method.[17] They
pointed out that the main physical sources of the fringe noises
in one-dimensional optical lattices are the position fluctuation,
the atom number fluctuation, and the normal fluid fraction, and
so on.

The image-decomposition based methods analyze the sin-
gular vector of the reference images, and reconstruct the ideal
reference images of the absorption images with the fringe ba-
sis set. Though the breakpoints of the image-decomposition
based methods are different, the fringe patterns are calculated
as the fringe basis set in the matrix style.

3. Deep-learning based methods
This section reviews the deep-learning based fringe re-

moval methods, and discusses the advanced deep learning
techniques in the process of the absorption images. The deep-
learning based methods learn the fringe patterns in the hidden
states of the neural network, and provide an approximation of
the ideal light distribution in the masked atom area.

3.1. The U-net method

The U-net method introduces the deep learning tech-
niques and the image inpainting ideas into the fringe re-
moval in absorption images.[22] The U-net method masks the
atom area and transfer the fringe pattern extraction problem
to the image restoration problem. The deep neural network
adopted in this method is the U-net model,[23] which consists
of the down-sample path, the up-sample path and the skip-
connections between these two paths. The basic network lay-
ers in the U-net model are the convolution layer, the activation
layer, the batch normalization (BN) layer, and so on.

The convolution layer implies the convolution filters on
the input and computes the feature maps, whose dimension
is the number of the convolution filters.[24] The convolution
filters are often designed as 3×3 or 5×5 matrices. The calcu-
lation of the (i, j)-th pixel of the convolution layer is presented
as

Conv(i, j) = (xconv ∗ω)[i, j], (3)

where the xconv is the input to the convolution layer, ω stands
for the convolution filter, and ∗ is the convolution operation.
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As the data distribution shifts during the training of deep
neural network, the batch norm (BN) layer is adopted to sta-
bilize the data distribution during the training process of deep
neural networks. The BN layer can make the network opti-
mization smoothly such the gradients are more predictive and
the network converge faster.[25] The equation of the BN layer
is presented as following:

BN(xBN) =
xBN−µ√

σ2 + ε
, (4)

where xBN is the input of the BN layer, µ is the mean value of
x and σ2 is the variance of x. ε is a small number to prevent
the failure of the division.

Maxpool

476 × 476 190 ×

Maxpool

Maxpool

Maxpool TransposeConv

TransposeConv

TransposeConv

TransposeConv

Conv layer

Cropping2D layer

Conv + BN + Relu

SeparableConv + 

BN + Relu

Fig. 2. The network architecture of the U-net method. The size of the input
is 476× 476, and the size of the output is 190× 190. The meaning of the
blocks are present in the right box. “BN” is the batch normalization layer,
“Maxpool” is the 2D max-pooling layer, and “TransposeConv” is the 2D
transpose convolution layer.

The non-linear activation layer, rectified linear unit
(ReLU),[26] is applied after the convolution layer and the BN
layer in the U-net method. Other possible activation functions
are sigmoid, leaky ReLU, tanh, and so on. The equation of
ReLU is

ReLU(xRelu) = max(0,xRelu), (5)

where xRelu is the input of the ReLU function.
The workflow detail of the U-net method is shown in Al-

gorithm 2. The U-net method transfers the atom images and
the reference images into the 32-bit type, and crops their size
into 476× 476 pixels. The central area of the recorded im-
ages is masked with a circle of 190 pixel diameter to create
an image restoration problem. A U-net architecture is implied
to learn the masked images, and predicts the ideal light dis-
tribution around the atom area. As Fig. 2 shows, the network
architecture consists of 18 convolution layers, 2 separable con-
volution layers, 4 max-pooling layers, 4 transpose convolution
layers and 5 cropping layers. These 32 layers contains about
20× 106 parameters. The Adam optimizer with the learning
rate of 5× 10−6 is applied to update the network parameters,
and the batch size is 8. The objective function of the restora-
tion problem in the U-net method is designed as the mean error
loss function. Four cropping 2D layers cut the shape of data
from the 476× 476 (input) to the 190× 190 (output), which
forces the U-net model predict the information around the cen-
tral area. Ness et al. suggested that the U-net method is robust
to the variations of the working conditions through time.[22]

The U-net method introduces the novel image inpainting
idea into the fringe removal researches, which extends the ap-
plications of the deep learning techniques in the process of the
absorption images. The U-net method can learn the fringe pat-
terns from massive data, and perform robust to the variations
in the experimental conditions. However, the U-net method
requires sufficient data to guarantee the performance. The
implementation of the deep-learning based methods is more
complex than the image-decomposition based methods, from
the perspective of the basic modules and software platforms.
The module layers of the U-net method are implemented in the
Keras and tensorflow platform,[27] which are developed for the
deep learning techniques.

Algorithm 2 The workflow of the U-net method
Input: Train dataset, the absorption images A;
Output: The optical density OD;

Initialize the U-Net model and the Adam optimizer;
Preprocess the data in the Train dataset into the scale (0,1);
for i = 1 : EpochNum do

for j in the train dataset do
Mask the central area of j as jmask;
jout =U−Net( jmask)
error j = MSE( jout, j);
Update the Adam optimizer with error j;
Update the network parameters of U-net;

end for
end for
Mask the central area of the absorption images, and predict
the ideal reference areas with the U-Net network
Re-scale the results of the U-Net model to 32-bit, obtaining
the reference images A′

Calculate the optical density, OD = log(A)− log(A′)

3.2. GAN and transfer learning

This subsection discusses the potential applications of
GAN and transfer learning. Though Ness et al. succeeded
to imply the U-net method and restore the masked absorp-
tion images,[22] the U-net model often suffers from the bound-
ary artifacts and blurry textures in image inpainting.[28] GAN
is a popular technique to generate high-quality restoration
samples, and has been applied in the inpainting of medical
images,[29] face images,[30] and scene images.[31]

A common module of GAN consists of a generator and a
discriminator. The generator learns the distribution of the ac-
tual dataset and produces the generated samples. And the dis-
criminator distinguishes the generated samples from the actual
data. Thus, the generator and the discriminator play a minmax
game, training the networks in an adversarial approach.[32]

In order to enhance the divergence of GAN, the Wasserstein
GAN (WGAN) is proposed to imply the Lipschitz restriction
and measure the distance of the data distributions with the
Wasserstein distance.[33] Yu et al. combined the WGAN and
the contextual attention to capture the global information and
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generate high-quality restoration samples.[28] This contextual
WGAN method is potential to solve the ineffectiveness prob-
lem of the U-net method, with the loss function on the global
areas and the masked areas.

Current fringe removal algorithms explore the impact of
the fringe removal algorithms on the physical system, with-
out extending the algorithms across different physical systems.
Assume there are two absorption imaging systems with differ-
ent alkali metal, the source system and the target system. Cur-
rent fringe removal algorithms require sufficient recorded data
both in the source system and the target system, and the ex-
tracted fringe basis set in the source system is not considered
for the target system. Transfer learning can conduct the knowl-
edge transformation across different domains.[34] Pan et al.
proposed a transfer learning method named transfer compo-
nent analysis (TCA), mapping the source domain and the tar-
get domain to a reproducing kernel Hilbert space to learn the
transfer components.[35] TCA is potential to transfer the fringe
basis set from the source system to the target system.

The U-net method introduces the idea of the image in-
painting to the fringe removal research. However, the U-net
method suffers from the ineffectiveness of the convolution lay-
ers, and the acquired fringe patterns can not be utilized across
different physical systems. GAN and transfer learning are
popular techniques in computer vision techniques, which can
be implied to extend the fringe removal researches.

4. Experiments
This section conducts experiments of four fringe removal

algorithms on the absDL dataset, to present the performance
and the realization of fringe removal algorithms. The four
fringe removal algorithms shown in this section are the SVD
method,[19] the OFRA method,[18] the EPCA method,[16] and
the U-net method.[22]

4.1. Dataset and the PSNR evaluation

The atom absorption images and the reference images uti-
lized in this section are selected from the absDL ultracold ab-
sorption images dataset. Ness et al. conducted experiments
with a quantum degenerate Fermi gas of 40K atoms, and pub-
lished the absDL dataset with 37000 reference images and 720
atom absorption images.[22] The images in the absDL dataset
are taken with a laser at the wavelength of∼ 766.7 nm and the
line width of 100 kHz. We select 100 atom absorption images
as the test set, and 250 reference images for the calculation
of fringe patterns in the image decomposition methods. The
number of the reference images required by the image decom-
position methods is determined according to the description
of the original research articles. Then we introduce the peak
signal noise rate (PSNR) as the quality evaluation in our exper-
iments. We mark the reference image as y, and the reconstruc-
tion image as x. The fundamental mean square error (MSE)

value is calculated as following:

MSE =
1

mn

m−1

∑
i=0

n−1

∑
j=0

[x(i, j)− y(i, j)]2, (6)

where (i, j) is the index of image x and y. m and n are the
shapes of x and y.

And the PSNR score can be computed from the MSE
value.

PSNR = 10log10

(
MAX2

y

MSE

)
, (7)

where MAXy is the max pixel value of y.

4.2. Results

This subsection presents the OD results of the four fringe
removal algorithms. The variable parameters and settings of
the experimented fringe removal algorithms are determined
according to their original researches. Results show that the
SVD method with 250 recorded images achieves best perfor-
mance, and the U-net method accomplishes the fringe removal
in a novel approach.

The PSNR evaluation results are listed in Table 2, where
the SVD method achieves the score of 32.4795. The U-net
method outperforms the OFRA method and the EPCA method
with the score of 32.2564. Figure 3 shows the OD results of
the fringe removal algorithms on a random sample from the
absDL dataset. The top row of Fig. 3 presents the reference
image and the generated ideal reference images of the four
fringe removal algorithms. The bottom row of Fig. 3 shows
the OD results which also suggest that the SVD method per-
forms well. It is observed that the atom area in the result of the
EPCA method is a little blurry compared with other image-
decomposition based methods, which may be caused by the
information loss in the process of the Gaussian filter. The four
corners of the OD result of the U-net method are near black,
because the areas in the four corners are unmasked and the
network only predicts the circle masked area.

The idea of the image-decomposition methods is to com-
pute the fringe basis set, and project the absorption images
into this set to removal residual fringe structures. The SVD
method, the OFRA method and the EPCA method design dif-
ferent strategies of extracting the fringe basis set, in the pro-
cess of computing the singular vectors. However, the results
in our experiments suggest that the simple SVD method can
achieve outstanding performance with proper parameters and
adequate train set. The success of the U-net method guaran-
tees the future applications of the deep learning techniques,
whose developments are fast in the computer vision area.

Table 2. The mean PSNR evaulation result.

Method PSNR
SVD[19] 32.4795

OFRA[18] 29.8449
EPCA[16] 26.3737
U-net[22] 32.2564
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Ref SVD OFRA EPCA UNet

Fig. 3. The OD results of the reference image and the fringe removal algorithms on one absorption sample. The top row shows the reference image
and the generated ideal reference images, and the bottom row presents the OD results of the fringe removal algorithms. The test sample is selected
from the ultracold absDL dataset.

5. Discussion

This survey bridges the gap of interpreting the fringe re-
moval algorithms in the workflow level, including the image-
decomposition based methods and the deep-learning based
methods. This survey draws the workflows of the EPCA
method and the U-net method to present their process de-
tails. Experiments in this survey suggest that the SVD method
outperforms other image-decomposition based methods with
proper settings. The image inpainting idea introduced by the
U-net method can predict the ideal reference images in a novel
approach.

The advantages of the image-decomposition based meth-
ods are the simple implementation and the clear interpreta-
tion. The image-decomposition based methods compute the
singular vectors as the fringe basis set, and the deep-learning
based methods learn the features of the fringe patterns in the
hidden states, which are hard to interpret. The drawbacks of
the image-decomposition based methods are the similarity re-
quirement between the reference images and the absorption
images, and the manual parameter selection.

Deep learning usually relies on sufficient data to train
neural networks, and is able to capture complex high-
dimension features in the hidden state. The success of the
U-net method provides a novel solution for fringe removal,
different from prior fringe removal researches which extract
the fringe patterns with PCA. The future work can explore the
data efficiency of the absorption images with deep learning.
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