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Limited by the dynamic range of the detector, saturation artifacts usually occur in optical
coherence tomography (OCT) imaging for high scattering media. The available methods are
di±cult to remove saturation artifacts and restore texture completely in OCT images. We pro-
posed a deep learning-based inpainting method of saturation artifacts in this paper. The gener-
ation mechanism of saturation artifacts was analyzed, and experimental and simulated datasets
were built based on the mechanism. Enhanced super-resolution generative adversarial networks
were trained by the clear–saturated phantom image pairs. The perfect reconstructed results of
experimental zebra¯sh and thyroid OCT images proved its feasibility, strong generalization, and
robustness.
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1. Introduction

Optical coherence tomography (OCT) acquires in-
formation from the surface and interior of the
sample by collecting the interference light signals
scattered back from the sample, and measurements
of back re°ection or backscattering versus depth are

known as axial scans (A-scans). OCT has been
widely used in the imaging of biological tissues such
as eyes,1,2 skin,3,4 and cardiovascular.5,6 As a med-
ical imaging technology, higher image quality has
been pursued for OCT. However, during OCT im-
aging, limited by the dynamic range of the
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acquisition detector, saturation of the spectral sig-
nal often occurs at the point or interface with strong
re°ection, resulting in streak-like \saturation
artifacts" in OCT images after inverse Fourier
transformation (IFT). The saturation artifact can
be easily produced by excessive light intensity at the
focus position of the OCT objective, and is almost
unavoidable when the surface of the sample is un-
dulating.7,8 More importantly, imaging quality and
subsequent image processing are seriously a®ected
by saturation artifacts, especially in biological tis-
sues with complicated structures. Therefore, how to
remove the saturation artifacts and reconstruct
proper signals conveniently and accurately is of
great importance for OCT imaging.

Some methods have been proposed to remove
saturation artifacts in OCT images. In 2014, Wu
et al. built a two-level spectral-domain OCT (SD-
OCT) system with a dual-line charge-coupled de-
vice (CCD) camera9 to simultaneously acquire two
signals from two lines, named line A and line B, and
the unsaturated signal was detected by line B to
compensate for the saturated signal detected by line
A. In 2018, Li et al. used a broadband power divider
with a ratio of 1:25 to compensate and reconstruct
the saturated high-level signal with the low-level
signal.10 The method of reconstructing signals based
on power splitting can remove saturation artifacts
in OCT images, but the signal compensation may
produce large errors at out-of-focus locations, and
the hardware changes of the system may limit the
practicality of this method due to the cost and
technical level.

With the improvement of computational power,
some digital image processing-based methods11

have also been used to remove saturation artifacts
in OCT images. In 2012, Huang and Kang ¯xed
saturation artifacts with linear interpolation (LI) of
adjacent normal A-scans,12 but it was not applica-
ble to the case of dense A-scan saturation. In 2021,
Liu et al. proposed the dictionary-based sparse
representation for saturation artifacts inpainting.13

A generalized dictionary was trained with OCT
images from distinct types of samples, but the
processed images may be smoothed with the spar-
sity-based methods and lead to the loss of image
details of boundaries.

Because of its superb learning ability and gen-
eralization capacity, deep learning has been widely

applied to quality enhancement for OCT ima-
ges.14–16 In this study, we proposed a deep learning-
based approach to correct OCT images with
saturation artifacts. To address this problem, we
analyzed the generation mechanism of the satura-
tion artifact in OCT images and designed a data
acquisition framework based on the mechanism to
construct experimental and simulated datasets
separately. Then, enhanced super-resolution gener-
ative adversarial networks (ESRGAN)17 were
trained to build artifacts inpainting models. It is
demonstrated by the results of zebra¯sh and human
thyroid tissue OCT images that saturation artifacts
in OCT images can be e®ectively corrected by the
deep learning method, which proved its great po-
tential in practical application because of its
robustness.

2. Methods and Materials

2.1. Mechanism of the saturation
artifact

For studying the generation mechanism of the sat-
uration artifact, the saturation of the OCT signal
was simulated with a single scattering point, which
is shown in Fig. 1.

We simulated the interference spectrum signal of
a Gaussian light source with a central wavelength of
840 nm and a bandwidth of 100 nm under the action
of a single scattering point. As shown in Figs. 1(a1)
and 1(b1), when the signal is not saturated, we can
only see the direct current (DC) term and the fun-
damental frequency signal at the scattering point
after IFT. However, when the signal is saturated
(Fig. 1(a2)), it will lead to spectral truncation, and
the scattering signals appear at the frequency mul-
tiplication positions after IFT (Fig. 1(b2)), which
means that artifacts will appear at di®erent depths
of the OCT image. In actual OCT imaging, the
signals of multiple scattering points are intertwined,
so they appear as streak-like artifacts in A-scans.

In summary, limited by the dynamic range, when
the intensity of the interferometric signal is too
strong, the original spectrum will be truncated.
Then after IFT, there will be streak-like saturation
artifacts in OCT images, appearing as bright short
vertical straight lines at the frequency doubling
signal.
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2.2. Construction of artifacts inpainting
datasets

Based on the generation mechanism of the satura-
tion artifacts, we used a homemade OCT system18

to acquire clear–saturated image pairs of the
phantom and built experimental and simulated
datasets. Among the datasets, clear OCT images
were collected by the OCT system, and saturated
OCT images were obtained through experiments
and simulation separately.

During the construction of experimental data-
sets, the collected normal OCT image was called the
clear image, and the saturated image was collected
by enlarging the size of the aperture in the reference
arm and called the experimental saturated image.
The clear–saturated image pairs acquired by this
method were used to build the experimental

dataset. Typical phantom images and A-scan
spectral signals in experimental datasets are shown
in Fig. 2. Figures 2(a1) and 2(a3) show the clear
image and the experimental saturated image, re-
spectively. Figures 2(a2) and 2(a4) are one of the
typical A-scan spectral signals in the corresponding
images, respectively. Compared with the clear
image (Fig. 2(a1)), streak-like saturation artifacts
appear as bright short vertical lines at the fre-
quency-doubling signal in the experimental satu-
rated image (Fig. 2(a3)), which is consistent with
the generation mechanism of the saturation arti-
facts. Moreover, the signal intensity of the spectral
diagram (Fig. 2(a4)) corresponding to the experi-
mental saturated image (Fig. 2(a3)) is stronger,
which is related to the enhanced intensity of the
interference signal and background spectrum when
enlarging the aperture of the reference arm.

Fig. 2. Comparison of typical clear and saturated phantom images and A-scan spectral signals. (a1) is the clear image in exper-
imental datasets. (a2) is an A-scan spectral signal diagram of (a1). (a3) is the experimental saturated image. (a4) is an A-scan
spectral signal diagram of (a3). (b1) is the clear image in simulated datasets. (b2) is an A-scan spectral signal diagram of (b1). (b3) is
the simulated saturated image. (b4) is an A-scan spectral signal diagram of (b3).

(a1) (b1) (a2) (b2)

Fig. 1. Simulation of saturation of OCT signal with a single scattering point. (a1) Clear interference spectrum signal of a single
scattering point. (b1) IFT of the signal in (a1). (a2) Saturated interference spectrum signal of a single scattering point. (b2) IFT of
the signal in (a2).
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For the clear image collected experimentally, we
generated its saturated image based on the gener-
ation mechanism of saturation artifacts, which
was called the simulated saturated image.
Figures 2(b1)–2(b4) show the typical OCT image
pair and A-scan spectral signals in simulated data-
sets. Figure 2(b1) is the collected clear image and
Fig. 2(b2Þ is one of its typical A-scan spectral sig-
nals. Figure 2(b3) is the generated simulated satu-
rated image, and Fig. 2(b4) is the simulated spectral
signal of Fig. 2(b3).

We introduced the arti¯cial saturation threshold
during the generation of simulated saturated ima-
ges. For each A-scan signal, Imean � k is set as the
saturation threshold, and the pixel value exceeding
this threshold is equal to the saturation threshold.
Among them, Imean is the average signal intensity,
and k is the saturation threshold coe±cient. After
thresholding the original spectrum, an image with
saturation artifacts was generated by IFT, and the
value of coe±cient k can be adjusted according to
the visual e®ect of the image. Similar to the exper-
imental saturated image (Fig. 2(a3)), we can see
that streak-like saturation artifacts occur in the
simulated saturated image (Fig. 2(b3)).

As shown in the two kinds of saturated OCT
images in Fig. 2, the saturation artifacts have the
same characteristics, bright vertical straight lines at
di®erent depths produced from the strong re°ective

signal of the phantom surface, which introduce
pseudo-signal and mask the micro-structure of the
corresponding positions.

2.3. Networks

After acquiring the image pairs, generative adver-
sarial networks were trained to learn the corre-
spondence of the clear–saturated image pairs.

During training, the saturated OCT images were
input into the network, and their corresponding
clear images were target images or ground truth
(GT) images. During the inpainting process, the
saturated OCT image was input into the trained
model to reconstruct the OCT image. In the study,
the experimental and simulated datasets were used
to train two neural networks, and were named as
the experimental and simulated artifacts inpainting
models, respectively.

ESRGAN17 has been used in image super-reso-
lution,19 image denoising,20 and image defogging.21

It achieved better results than other networks and
had excellent visual e®ect. Therefore, we adopted it
to evaluate the e®ect of deep learning on saturation
artifacts inpainting in our study.

The network structures are shown in Fig. 3.
ESRGAN is composed of a generator and a dis-
criminator. The residual-in-residual dense blocks
(RRDB) are used in the generator as the basic

Fig. 3. Network architectures. G: generator. D: discriminator.
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building block. The dense block is a DenseNet
structure constructed by ¯ve convolutional layers
(Conv) and three dense blocks are combined with
residual connections to construct an RRDB struc-
ture. The up-sampling module of the network was
removed because our target images and the satu-
rated images are the same size. The discriminator is
a convolutional neural network consisting of eight
convolutional layers and two fully connected (FC)
layers. Each convolutional layer is followed by a
batch normalization (BN) layer and a Leaky Rec-
ti¯ed Linear Unit (LReLU) activation function
layer, except for the ¯rst one. The generator and
discriminator weighting are updated alternately
until the end of training. The network training
parameters are the same as the original network.17

The learning rate was initialized as 10�4, and the
models were trained on batch size of 4 for 150,000
iterations, performed on a server with NVIDIA
TITAN RTX GPU and 64GB RAM.

2.4. Experiment system and datasets

A homemade OCT system18 was used to collect
data, whose light source is a super-light emitting
diode (SLD) with a central wavelength of 840 nm
and a bandwidth of 100 nm.

The phantom made of the mixture of AB liquid
silica gel and polystyrene microspheres was used as
the sample, and 25 pairs of clear–saturated image
pairs were obtained as the training datasets, whose
image size are 1000 pixels � 2048 pixels
(width� height), corresponding to the ¯eld of view
of 3mm (x) � 2.3mm (z). k was selected from 1 to
1.4 when simulating saturated images. The dataset
was expanded by mirror °ipping, and then each
OCT image was empirically cropped to patches
with 64 pixels � 64 pixels. After removing the black
background sub-images, we obtained 11,391 and
11,525 small images in the experimental and simu-
lated datasets, with 5% of the images randomly
selected as the validation set and the others as the
training set.

Further, the OCT images of zebra¯sh and human
thyroid tissue, with rich texture structure and
detailed information, were collected to test the
OCT artifacts inpainting ability of the trained
models.

2.5. Quantitative metrics

Three common metrics, peak signal-to-noise ratio
(PSNR), structural similarity index measure
(SSIM), and learned perceptual image patch simi-
larity (Lpips) were used to evaluate the results
quantitatively.

As shown in Eq. (1), PSNR is calculated based
on the error between corresponding pixels of two
images I and Iref

PSNR ¼ 10log10
MAXðIÞ2

MSE

� �
;

MSE ¼ 1

hw

Xw
x¼1

Xh
z¼1

ðIðx; zÞ � Irefðx; zÞÞ2;
ð1Þ

where MAX(I) represents the theoretical maximum
of the pixel value in image I and h, w are image
height and width.

SSIM calculates the image similarity from lumi-
nance, contrast, and structure of the image I and
reference image Iref as follows:

SSIMðI; IrefÞ ¼ lðI; IrefÞ � cðI; IrefÞ � sðI; IrefÞ
lðI; IrefÞ ¼ 2�I�Iref þ C1

�2
I þ �2

Iref
þ C1

;

cðI; IrefÞ ¼ 2�I�Iref þ C2

�2
I þ �2

Iref
þ C2

;

sðI; IrefÞ ¼ �IIref þ C3

�I�Iref þ C3

;

ð2Þ

where l, c, and s are functions of luminance, con-
trast, and structure, respectively. Here, �I and �Iref
are the mean intensities of images I and Iref . �I and
�Iref are the variances of images I and Iref . �IIref is the
covariance between image I and reference image
Iref . C1 ¼ ðK1LÞ2, C2 ¼ ðK2LÞ2, and C3 ¼ C2=2. L
is the dynamic range of the image. K1 and K2 were
set to 0.01 and 0.03.

Lpips is used for the objective assessment of
image similarity by deep features across neural
network architectures, thereby approximating
human perception in visual similarity evaluation. A
lower Lpips value indicates a greater degree of
similarity between the two images.

3. Results

Inpainting results of saturation artifacts in phan-
tom images of test datasets are shown in Fig. 4.
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Figure 4(a) is an OCT image with saturation
artifacts. Figure 4(b) is the clear OCT image.
Figures 4(c) and 4(d) are the output results by ex-
perimental and simulated artifacts inpainting
models, respectively. Meanwhile, the quantitative
evaluation results are shown under the image in
Fig. 4. As pointed by red arrows in Fig. 4(a), sat-
uration artifacts like short vertical lines appear at
di®erent depths in OCT images because of strong
backscattering. As shown in Figs. 4(c) and 4(d), the
saturation artifacts are removed and the texture
information masked by saturation artifacts is re-
stored, proving the e®ectiveness of experimental
and simulated artifacts inpainting models. The
same conclusion is also demonstrated by the quan-
titative evaluation, where PSNR, SSIM, and Lpips
were improved after inpainting.

Further, we tested the collected zebra¯sh images.
Inpainting results of saturation artifacts in zebra¯sh
spine OCT images are shown in Figs. 5(a1)–5(f1). As
a comparison, the inpainting results of interpolation
methods12 are also shown in Fig. 5, in which they
¯lled the pixels in the saturated area by interpola-
tion adjacent unsaturated A-scans. Figure 5(a1) is
an OCT image of zebra¯sh spine with saturation
artifacts. Figures 5(b1) and 5(c1) are the output
results of LI and spline interpolation (SI), respec-
tively. Figures 5(d1) and 5(e1) are the results of
experimental and simulated artifacts inpainting
models, respectively. Figure 5(f1) is the clear OCT
image collected experimentally.

A®ected by bone structure and back undulation,
saturation artifacts are easy to appear in zebra¯sh

OCT images, and display as close and consecutive
artifacts. We can see that there are short vertical
lines like saturation artifacts at di®erent depths in
the saturated image (Fig. 5(a1)), and they mask the
true texture. In addition, the regions indicated by
the red arrows are image artifacts due to strong
autocorrelation from the strong scattering layer of
the bone structure. The interpolation methods in
Figs. 5(b1) and 5(c1) are LI and cubic SI, respec-
tively. As shown in the corresponding enlarged red
box area on the right of the images, artifacts cannot
be e®ectively removed. Moreover, as shown in the
areas of the yellow rectangular boxes of Figs. 5(b1)
and 5(c1), we can see distorted and discontinuous
texture structure, which means error information
was introduced in the dense artifacts area, and
caused local blurring and covered up the real tex-
ture structure. Therefore, LI and SI cannot achieve
the e®ect of artifacts inpainting in this case of dense
artifacts. Here, \dense" is a qualitative evaluation
for the saturation. When there are close and con-
secutive artifacts in the image, we regard them as
dense saturation. As shown in Figs. 5(d1) and 5(e1),
the reconstructed images are nearly the same as the
clear image (Fig. 5(f1)), and the saturation artifacts
in the dense artifacts area and the deep sample area
are both perfectly removed and the texture infor-
mation are almost completely reconstructed.

Similarly, inpainting results of saturation arti-
facts in zebra¯sh tail OCT images are shown in
Figs. 5(a2)–5(f2). Figure 5(a2) is an OCT image with
saturation artifacts. Figures 5(b2) and 5(c2) are LI
and SI results, respectively. Figures 5(d2) and 5(e2)

Fig. 4. Inpainting results of saturation artifacts in phantom OCT images. (a) and (b) are experimental saturated and clear OCT
images. (c) and (d) are reconstructed images based on experimental and simulated trained models, respectively. The sub-image in
the red boxes are magni¯ed views of the selected area. The scale bar in the image is 500�m.
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are the results of experimental and simulated arti-
facts inpainting models, respectively. Figure 5(f2) is
the clear OCT image. After inpainting, masked
structures information was recovered by our pro-
posed methods while the wrong textures were gen-
erated by LI and SI, which means that the deep
learning-based inpainting methods are more
e®ective.

The metrics on the 19 zebra¯sh test images are
shown in Table 1. Interpolation in areas with dense
saturation artifacts will introduce error informa-
tion, and local blurring occurs near the artifacts
area, so their quantitative results are lower than
those of saturated images and clear images. In
contrast, both the simulated and experimental
models remarkably improved the image quality and
achieved better average of SSIM, PSNR and Lpips,
which is consistent with the visual e®ect of images

presented in Fig. 5. It should be noted that the test
saturated image and its corresponding clear image
were not collected simultaneously in experiments, so
they didn't match completely, which means that
the repaired image also doesn't match the clear
image. PSNR and SSIM are calculated with corre-
sponding pixels of images while Lpips measures the
perceptual similarity without requiring pixel-to-
pixel correspondence. Therefore, for PSNR and
SSIM, we should focus on their relative changes
rather than absolute values.

To show more applications in biological tissues,
the inpainting results for the saturated OCT images
of human thyroid tissue are shown in Fig. 6.
Figure 6(a) is the experimental saturated OCT
image. Figures 6(b) and 6(c) are the outputs of LI
and SI, respectively, and Figs. 6(d) and 6(e) are the
outputs of experimental and simulated inpainting

Fig. 5. Inpainting results of saturation artifacts in zebra¯sh spine and tail OCT images. (a1) is the experimental saturated
zebra¯sh spine OCT image. (b1) is the output of LI. (c1) is the output of SI. (d1) and (e1) are output zebra¯sh spine images of
experimental and simulated models, respectively. (f1) is the clear OCT image. (a2) is the experimental saturated zebra¯sh tail OCT
image. (b2) is the output of LI. (c2) is the output of SI. (d2) and (e2) are zebra¯sh tail results of experimental and simulated models,
respectively. (f2) is the clear OCT image. The right and the bottom-left sub-images are the magni¯ed views of the selected
corresponding areas. The scale bar in the image is 500�m.

Table 1. Quantitative evaluation results of di®erent methods.

Saturated Experimental Simulated LI SI

PSNR 21.84 23.30 22.76 21.64 21.03
SSIM 0.2950 0.3151 0.3168 0.2715 0.2613
Lpips 0.1277 0.1261 0.1165 0.2356 0.2592
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models, respectively. Figure 6(f) is the correspond-
ing clear OCT image. It can be found that the
results of LI and SI are blurred, while our method
can e®ectively remove the artifacts in the saturated
images and reconstruct the texture information of
spherical follicles in thyroid tissue.

4. Discussions

Based on the generation mechanism, OCT images
with saturation artifacts were acquired by experi-
mental collection and digital simulation, and the
clear–saturated image pairs were constructed as
datasets to train ESRGAN and build artifacts
inpainting models. Experimental results showed
that both simulated and experimental image
inpainting models can perfectly correct the artifacts
in saturated images to obtain high visual quality. It
proved the e®ectiveness of deep learning in OCT
image inpainting of saturation artifacts. It is worth
noting that the simulation method can be imple-
mented without the limitation of sample collection
and is more convenient and practicable.

Saturation artifacts usually occur and are inevi-
table in OCT imaging. Besides, the artifact may
a®ect further tissue identi¯cation and classi¯cation
in biological samples. Our work in this paper
highlighted the wide-ranging potential of the deep
learning-based inpainting methods. We think it can

be a preprocessing method of OCT imaging because
of its high robustness and generalization.

To further study the rationality of the method,
the error map of the output images and saturated
images are provided in Fig. 7. Figures 7(a) and 7(b)
are experimental saturated and clear OCT images,
respectively. Figures 7(c) and 7(d) are output ima-
ges from experimental and simulated models, re-
spectively. The error maps were obtained by
calculating the di®erence between the output ima-
ges and saturated images. Figures 7(e) and 7(f) are
error maps between corresponding output images
and saturated images. As shown in the error maps,
the main di®erence is the saturation artifacts, in-
dicating that the trained model learns the di®erence
in artifacts between images and does not alter the
integrity of the original data.

More strikingly, only a single phantom sample
was used to build the training dataset and train the
ESRGAN to learn the correspondence between
clear images and artifacts images in our study. In
the meantime, we found the trained model can
achieve great image inpainting e®ect in zebra¯sh
and thyroid tissue samples, which proved the strong
generalization ability of deep learning on this issue.

To remove saturation artifacts in the experi-
mental collected OCT images, we proposed the deep
learning-based method. Clear–saturated image
pairs are required when training the model. The

Fig. 6. Inpainting results of saturation artifacts in thyroid tissue OCT images. (a) and (f) are experimental saturated and clear
OCT images, respectively. (b) is output of LI. (c) is output of SI. (d) and (e) are output images of our experimental and simulated
models. The scale bar in the image is 500�m.
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direct and e®ective method is to experimentally
collect clear images and saturated images to con-
struct the datasets. However, the experimental
collection is complex and time-consuming. There-
fore, we also tried the simulation method as an al-
ternative and more e±cient solution to construct
datasets. The two models have the same network
structures and were trained with the two sets of
datasets, respectively. Finally, the experimental
results showed that both models are e®ective for
collected OCT images.

There are other noise and artifacts in OCT
images, including complex conjugate-derived mirror
images, artifacts from motion, irregular autocorre-
lation terms originating from the sample, and arti-
facts from coherence noise stripes of optical
components. We will explore more application of
deep learning in image inpainting for OCT images
by analyzing and simulating noise and artifacts
based on OCT imaging principles.

5. Conclusions

The feasibility of the deep learning-based inpainting
of saturation artifacts in OCT images was proven
by the reconstructed images, where the saturation
artifacts were perfectly removed and the texture
was almost completely reconstructed. The results of
inpainting for di®erent kinds of bio-tissue images
showed its generalization and robustness.

Saturation artifacts are inevitable in OCT imaging.
We think that deep learning-based inpainting can
be used as a general preprocessing method for OCT
images.
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