
Optica Applicata, Vol. LVI, No. 1, 2026

DOI: 10.37190/oa/213503

Unpaired self-focusing quantitative phase 
imaging based on cycle-GAN

HUAYING WANG1,*, GUOQING XU1, SHUO WANG2, QIAOFEN ZHU2,3, YANHUI HUANG4 

1 School of Information Engineering, Zhengzhou Shengda University, 
Zhengzhou, Henan 451191, China 

2 School of Mathematics & Physics, Hebei University of Engineering, 
Handan, Hebei 056038, China 

3 Hebei Computational Optical Imaging and Photoelectric Detection Technology Innovation Center, 
Hebei University of Engineering, Handan, Hebei 056038, China 

4 Division of Personnel and Party Affairs, Handan Vocational College of Science and Technology, 
Handan, Hebei 056046, China 

*Corresponding author: pbxsyingzi@126.com 

In order to solve the problem that traditional microscopes cannot directly obtain the focus phase map
from defocusing micrographs under incoherent illumination, a non-paired self-focusing quantitative
phase imaging method based on Cycle-GAN is proposed. It only needs to obtain the bright field
image of the cell by using an ordinary optical bright field microscope, and obtain the focused quan-
titative phase image by using the optimal weight model trained by the Cycle-GAN network. This
method can directly reconstruct the phase image from an incoherent intensity map while achieving
self-focusing. The quantitative analysis of the network-output phase images and holographically
captured intensity images proves that the Cycle-GAN method can realize the self-focusing and
quantitative phase image reconstruction of biological samples.
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1. Introduction

Cell tissue is an important part of the organism. By analyzing the cell structure, we
can understand the morphology and change process of the cell and study its internal
structural characteristics. In order to obtain quantitative phase information of cell tis-
sues, many quantitative phase imaging techniques have been proposed [1-4]. Some
examples show that deep learning provides new ideas for the development of quanti-
tative phase microscopy. Some examples show that deep learning becomes a powerful
tool for solving inverse problems in various areas of optical imaging, such as mark
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dyeing [5-6], improving image quality [7-8], quantitative phase imaging [9-10], phase
unrolling [11-13], and self-focusing [14-15]. Among them, the sample data set is a key
step in the process of high-quality imaging. Most networks need to pair data sets, that
is, they only work if they match one by one. Phase-GAN (generative adversarial network)
uses unpaired data sets to solve the phase problem in real time [16], while patch-GAN
uses unpaired and few images for training. Its special point is that it does not need the
real distribution of objects. High-precision reconstructed images can be obtained by
using unpaired training and label data [17-18]. 

In order to obtain the quantitative phase information of self-focusing, it is necessary
to use special optical means to convert the intensity information of defocusing into fo-
cused phase information, but the existing auto-focusing and phase imaging methods
are independent techniques. Currently, no microscope can directly obtain the focusing
phase from the defocus intensity map under incoherent illumination. Such cross-mode
imaging requires high requirements, and images of the same content that need to be
captured in different modes may show little of the same information [19-20]. In this
paper, based on Cycle-GAN, unpaired cross-mode self-focusing phase imaging can be
carried out. This model converts the image in the source mode to the image in the target
mode, and there is a mapping relationship between the intensity and phase information
of the sample. Once the intensity image and quantitative phase image of the sample
are available as datasets, the deep learning network can learn this mapping relationship.
The experimental results show that the proposed method can obtain the corresponding
focusing phase information from the intensity image, which proves that Cycle-GAN
can realize the reconstruction of focusing and quantitative phase images of biological
samples. In a sense, this method combines the advantages of phase imaging and inco-
herent bright field imaging modes, and combines the advantages of two different fields
together to bridge the domain gap between different imaging modes.

2. Experimental principles

2.1. Preparation data set

Quantitative phase imaging (QPI) is an optical imaging technique used to study unlabeled
and non-invasive samples [21]. QPI has unique features. On the one hand, some optical
configurations can retrieve phase information from a single image acquisition, which
facilitates long-term study of living cells. This method is only affected by the exposure
speed limit of image sensor and the phase reconstruction algorithm, and has good real
-time performance. On the other hand, QPI technology is almost non-phototoxic, does
not affect the metabolism of cells, and avoids lengthy sample preparation. The whole
process of this technology can be roughly divided into two parts; First, obtain one or
more intensity images; Secondly, the acquired images are processed numerically to ex-
tract quantitative phase information.

Focusing on these two processes, this paper realizes cross-mode self-focusing
phase imaging based on deep learning method. The training data set consists of defo-
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cusing micrographs obtained by white light microscope at different distances [22] and
phase graphs reconstructed by hologram obtained by Mach–Zehnder interference sys-
tem. An important feature of Cycle-GAN is that the source domain image and the target
domain image do not need to match one by one to achieve cross-mode. Data set prepa-
ration is mainly divided into three parts: First, the acquisition of intensity maps under
incoherent illumination. As shown in Fig. 1(a), by manually adjusting the focal length
to 0 μm, ±4 μm and ±8 μm, 500 microscopic images at different focal lengths were
obtained. Second, hologram acquisition under coherent illumination. The main steps
of hologram recording and reconstruction are as follows: digital hologram is obtained
by Mach–Zehnder interference system, hologram is reconstructed by angle spectrum
reconstruction algorithm [23], and phase distribution of red blood cells is obtained, as
shown in Fig. 1(b). Third, the data set is expanded by translation, rotation and other
methods. Red blood cells were selected as the sample, and the network input-output
image size was set to 256×256, using 5000 intensity plots and phase plots at different
defocusing distances as neural network data sets, 90% as the training set and 10% as
the test set. Figure 1 shows a partial training data set.

2.2. Network structure 

The special feature of Cycle-GAN is that it is composed of two Gans, including two
generators and two discriminators [24-25]. Compared with other neural networks, the
biggest advantage of Cycle-GAN is that there is no need for one-to-one matching be-
tween the input image and the target image in the network, which means that the target
image can be any image of the same style. Cycle-GAN greatly reduces the difficulty
of data acquisition, and provides the possibility for image transformation that cannot
obtain one-to-one correspondence to the target image. The working principle of the
Cycle-GAN network is shown in Fig. 2, starting from the samples in the X domain,

Fig. 1. Part of the training dataset. (a) Defocus micrograph of red blood cells. (b) Phase diagram of red
blood cells. 
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they are transformed into pseudo-samples Y' in the Y domain through generator G, and
then the pseudo-samples in the Y domain are reconstructed back into the X domain by
generator F. Ultimately, by calculating the difference between the original X and the
reconstructed X, the forward loop consistency loss is obtained. Similarly, for the re-
verse loop consistency loss of Y and Y', achieve the dual-domain conversion of
X → Y → X. 

2.2.1. Generator network architecture 

The generator network of Cycle-GAN is mainly composed of encoders, converters and
decoders. The specific process is shown in Fig. 3. The image input generator network
first extracts the image feature information through the way of subsampling through the
encoder; After the feature map enters the converter, the converter is composed of residual
blocks, whose function is to delete useless features and retain useful information; Fi-
nally, it enters the decoder, which is composed of three deconvolution, and restores
the obtained feature information into the corresponding input image by upsampling.
The detailed structure inside the generator is shown in Table 1.

2.2.2. Discriminator network architecture

The discriminator of Cycle-GAN uses Patch GAN of 70×70 pixels to determine wheth-
er the local Patch is true. Using the method of image cutting to distinguish, the amount
of training data can be effectively reduced, and the network parameters can be corre-
spondingly reduced, and the network training becomes easier. The network structure
of Patch GAN is shown in Fig. 4, which consists of five convolutional layers. The role

Fig. 2. Schematic of Cycle-GAN [22]. 

Fig. 3. The network structure of the generator in Cycle-GAN. 
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of the first four convolutional layers is to segment the image and distinguish each re-
gion. The segmentation region is 70×70 pixels. The function of the last convolution
layer is to average the results obtained from the first four convolution layers, and this
value is used as the discriminant result.

2.3. Experimental process

In this paper, the overall experimental flow of cross-mode auto-focusing phase imaging
based on the Cycle-GAN network is shown in Fig. 5. Cycle-GAN is actually an X → Y
one-way GAN plus a Y → X one-way GAN. Therefore, the network consists of two
generators (F and G) and two discriminators (DX and DY). In Fig. 5, the dark blue
dots represent fake samples similar to phase images generated by generator F after
learning the original defocusing intensity map → phase image map; The dark red dots
represent the fake samples similar to the defocusing intensity map generated by the
generator G after learning the phase map → defocusing intensity map; The light blue
dots represent the fake samples generated by fake_B after generator F corresponding
to the phase images in the target domain Y; The light red dots represent the virtual sam-

T a b l e 1. A detailed structure of the generator internals in Cycle-GAN. 

Module Detailed description

Encoder Convolution kernel size Connection mode Number of filters Step size

7×7 Conv, BN, ReLu 64 1

5×5 Conv, BN, ReLu 128 1

3×3 Conv, BN, ReLu 256 2

Convertor Module Rate of increase

Resblock1 32

… …

Resblock9 32

Decoder Convolution kernel size Connection mode Number of filters Step size

3×3 Deconv, BN, ReLu 128 1/2

3×3 Deconv, BN, ReLu 64 1/2

7×7 Deconv, ReLu 3 1

Fig. 4. The network structure of Patch GAN.



40 HUAYING WANG et al.
ples generated by the generator G that correspond to the original defocusing intensity
image in the source domain X. The discriminator DX and DY are used to judge whether
the input defocusing intensity and phase plots are real samples. 

In the neural network training process, Adam was used as the optimizer to optimize
the weight. Due to the adaptation of video memory and the retention of sample
uniqueness, the batch setting is set to 1 to meet the adversarial training requirements
of Cycle-GAN. The dynamic balance between the generator and the discriminator is
extremely unstable. Selecting a low learning rate can prevent optimization oscillations.
It is set to 0.0001, and the loss value tends to stabilize after 40 cycles. Table 2 describes
the experimental environment. 

3. Experimental results and analysis

3.1. Network test results

Figure 6 shows the test results of different regions at different defocusing distances,
where input is the microscopic image with the defocusing distance of 0 μm, ±4 μm and

Fig. 5. Structure diagram of Network training overall. 

T a b l e 2. The experimental environment configuration. 

Experimental environment Environment configuration

Operating system Ubuntu 18.04

framework Pytorch 10.2

Computer language Python 3.7

Graphics card type GeForce GTX2060

Video memory 8 GB

Running memory 32 GB

Processor Intel core i7-9700CPU

Processor frequency 3 GHz
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±8 μm input from the network, and output is the focusing phase image output from the
network. 

When the defocusing micrograph of the test set is input into Cycle-GAN, the de-
focusing distance ranges from –8 μm to 8 μm, the trained neural network model can
quickly output the quantitative phase diagram of the sample, achieve cross-modal con-
version, and eliminate the interference of background noise to a certain extent. From
the perspective of vision, microscopic images at different defocusing distances can ob-
tain their corresponding focusing phase maps through this network. In the case of pixel
overlap caused by defocus, although there is a slight error, it also shows good matching
performance. Figures 7(a), (b) and (c), respectively, show the 3D phase distribution
corresponding to the output results of Fig. 6. From the 3D phase images of blood cells
in different regions, it can be seen that the neural network has the ability to learn be-
tween different modes. The feasibility of this method can be preliminarily proved.

Fig. 6. Test results of different defocus distances. (a)(b)(c)Defocus micrograph of different regions of red
blood cells. 

Fig. 7. Phase distribution of network output. 



42 HUAYING WANG et al.
3.2. Hologram strength verification 

The unpaired phase recovery method based on Cycle-GAN proposed in this paper is
cross-modal image conversion, so the SSIM (structural similarity index measure) value
and PSNR (peak signal-to-noise ratio) value between the network output value and the
real value cannot be evaluated quantitatively. Further, we obtained the matched data
set through the digital holographic optical path, used Cycle-GAN to train the un-
matched data set, and then quantitatively measured the evaluation index between the
network output value and the real value to prove the effectiveness of the method.

The verification experiment still adopts red blood cells as the data set. The specific
process is as follows: The experimental system adopts Mach–Zehnder off-axis digital
holographic optical path, the light source adopts He-Ne laser with wavelength of 633 nm,
and the light source is divided into reference light and object light through the beam
splitting prism. The hologram formed by the interference of reference light and object
light is received by CCD, and the off-axis digital hologram is obtained. The reference
light is blocked, and the defocusing intensity image corresponding to the object is ob-
tained by moving CCD with 3D translation platform, which is used as the input data
set of neural network. The hologram is reconstructed by Angle spectrum method [23],
and the real phase distribution of the sample is obtained, which is used as the control
group of the neural network. The experimental training data are shown in Fig. 8: (a)
the erythrocyte strength diagram, and (b) the corresponding phase diagram. When pre-
paring the data set, label images that are not in the corresponding order can be prepared,
which increases the fault tolerance rate in the operation process. After the training of
the neural network is completed, the random input intensity map can quickly and ac-
curately give the real phase distribution of the phase object.

The image size is set to 256×256. 1000 intensity plots and phase plots at different
defocusing distances were used as the neural network data set, 90% as the training set
and 10% as the test set.

When the intensity diagram of the test set is input into the trained Cycle-GAN net-
work, the network can quickly output the quantitative phase diagram of the sample, and

Fig. 8. Part of the training dataset. (a) Intensity images; (b) phase images.
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at the same time, the interference of background noise can be suppressed to a certain ex-
tent. Figure 9 shows part of the test results of the intensity map. From the two-dimen-
sional plane, it can be seen that the output result of the neural network can effectively
restore the phase information of red blood cells, and the output result is very close to
the real value, with the average SSIM value above 0.93 and the average PSNR value
above 23. 

Here, the SSIM value is used to calculate the similarity index between the recon-
structed phase image and the real phase image. The formula is:

(1)

where μx and μy are respectively the average values of x and y,  and  are respec-
tively the variances of x and y, σ is the covariance of y, c1 and c2 are constants that
maintain stability. The larger the SSIM value, the better the quality of the generated
image. 

PSNR is the ratio of the target peak power to the background noise power, used to
measure the difference between two images. The formula is:

(2)

Fig. 9. Test results of different defocus distances. (a–e) Intensity images for testing, (f–j) ground truth,
and (k–o) network output. 
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(3)

U represents the original image, U0 represents the generated image, and m×n is the
resolution of the image. The larger the PSNR value, the better the image quality.

To verify the advantages of the method proposed in this paper over other methods
in reconstruction, the comparison with the TIE traditional method and the U-Net paired
dataset is shown in Fig. 10. It can be seen that tilt compensation is not carried out in
the TIE method. The reconstruction result of the U-Net method has too much back-
ground noise and severe speckle noise. The method proposed in this paper can effec-
tively perform error compensation and be clearly distinguished from the background
interference environment. This experimental result further proves the effectiveness and
advantages of the phase recovery method based on unpaired datasets. This method is
simple to operate, does not require background images, and has a certain attenuation
effect on noise.

4. Conclusion 

This paper proposes a cross-modal self-focusing quantitative phase imaging method
based on deep learning technology, which can carry out unsupervised learning and com-
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Fig. 10. Comparison of experimental results. (a) TIE method, (b) U-Net paired dataset method, and (c)
Cycle-GAN. 
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plete training by using mismatched data sets. Experimental results show that the trained
neural network can quickly output quantitative phase graphs of samples. The focus
phase diagram of the microimages at different defocusing distances can be obtained
by neural network, which realizes cross-mode conversion and eliminates the interfer-
ence of background noise to some extent. This method combines the advantages of dig-
ital holography and incoherent bright field imaging, and further provides the possibility
for quantitative phase imaging of living cells under incoherent illumination.
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