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Abstract: Optical coherence tomography (OCT) inevitably suffers from the influence of speckles
originating from multiple scattered photons owing to its low-coherence interferometry property.
Although various deep learning schemes have been proposed for OCT despeckling, they typically
suffer from the requirement for ground-truth images, which are difficult to collect in clinical
practice. To alleviate the influences of speckles without requiring ground-truth images, this
paper presents a self-supervised deep learning scheme, namely, Self2Self strategy (S2Snet), for
OCT despeckling using a single noisy image. Specifically, in this study, the main deep learning
architecture is the Self2Self network, with its partial convolution being updated with a gated
convolution layer. Specifically, both the input images and their Bernoulli sampling instances are
adopted as network input first, and then, a devised loss function is integrated into the network
to remove the background noise. Finally, the denoised output is estimated using the average
of multiple predicted outputs. Experiments with various OCT datasets are conducted to verify
the effectiveness of the proposed S2Snet scheme. Results compared with those of the existing
methods demonstrate that S2Snet not only outperforms those existing self-supervised deep
learning methods but also achieves better performances than those non-deep learning ones in
different cases. Specifically, S2Snet achieves an improvement of 3.41% and 2.37% for PSNR
and SSIM, respectively, as compared to the original Self2Self network, while such improvements
become 19.9% and 22.7% as compared with the well-known non-deep learning NWSR method.

© 2024 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

Optical coherence tomography (OCT) is an optical imaging modality based on low coherence
interferometry, which provides high-resolution images of biological tissue microstructures [1].
Due to its non-invasive and high-resolution characteristics, OCT had been widely in various areas,
especially in ophthalmology [2]. However, due to its low-coherence nature, OCT images suffer
from speckles that are caused by multiple forward and backward scattering of illumination light.
Speckle noise largely reduces the quality of OCT images, impacting on the accuracy of disease
diagnosis [3]. To improve the quality of OCT image for disease diagnoses, various denoising
methods have been proposed in literature over the past decades [4].

The traditional image denoising methods could be roughly divided into two categories, i.e,
spatial domain denoising schemes, e.g., anisotropic filtering [5], non-local means filtering [6], and
total variation [7], etc., and transform domain denoising schemes, e.g., wavelet transform [8], and
curvelet transform [9]. Specifically, the former process OCT images directly in the spatial domain,
while the latter process OCT images in the transform domain. Buades et al. proposed a non-local
means (NLM) filtering method, which calculates the weight of neighborhood pixels according to
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the image self-similarity [6]. The block-matching and 3D filtering (BM3D) employs the idea
of block-wise estimation to denoise the images [10], wherein similar blocks are searched and
stacked in the local area using a hard threshold denoising method, and those areas are aggregated
according to the mean weight, and finally are denoised with the Wiener collaborative filtering
[11]. The non-local weighted sparse representation (NWSR) adopts a sparse representation of
multiple similar noisy and denoised patches to estimate each of the new patches [12]. However,
it is worth noting that BM3D usually suffers from edge blurring effects when processing those
images with high complexity and low contrast, while NWSR vectorization patch may destroy the
structures of the reconstructed images in certain cases, causing some meaningful pathological
details to be lost in the denoised images. Some other algorithms have also been proposed. For
example, Wang et al. proposed a two-step iteration (TSI) method [13], while Yu et al. presents a
noise statistical distribution analysis-based two-step filtering mechanism for OCT despeckling
[14]. However, both methods suffer from their computational complexity since they decompose
the speckles into additive and multiplicative ones, and suppress them sequentially in an iterative
manner.

In recent years, deep learning techniques have emerged as an excellent tool for OCT despeckling
owing to their ability to retain structural details in the denoising process. Jain et al. proposed
to use a convolutional neural network (CNN) to denoise natural images for the first time and
achieved satisfactory results as compared with those conventional methods [15]. Zhang et
al. proposed a deep CNN network, named DnCNN, to reduce noises in OCT image [16]. It
adopts a residual learning scheme to improve the network learning ability together with a batch
normalization layer to address the gradient dispersion effect. However, it is worth noting that
most of the current deep learning based denoising methods are supervised, wherein either a
number of noisy and clean image pairs or sophisticated style-transferring training schemes are
required for training [17–20].

To address such an issue, some other methods with semi-supervised training schemes have
also been proposed. For those schemes, however, clean images are still required, which are
usually difficult to obtain, especially for those intraoperative in vivo imaging systems. The wide
application of such methods are largely hindered. Therefore, it is of great significance to devise
deep learning schemes without requiring any clean images, i.e., the denoising network should
be trained with noisy images only, and more and more attentions are paid to the unsupervised
denoising learning methods. Ulyanov et al. proposed a deep learning model named deep image
prior (DIP) for single image recovery, yet its performances are not competitive as compared with
BM3D [21]. Zhou et al.[22] proposed a unsupervised learning method by using the sub-sampled
noisy and denoised images to build a Neighbor2Neighbor loss and a PNLM loss for speckle
reduction in OCT images [23]. Li et al. proposed a self-supervised scheme, namely MAP-SNR,
by mapping the adjacent pixel blocks from the original noisy and the trained images [24].
Rico-Jimenez et al. devised a self-fusion neural network for real-time denoising of OCT images
using three pre-trained frames [25]. Huang et al. adopted an unsupervised method, i.e., DRGAN,
for speckle reduction without using image pairs, instead, employing a small amount of clean
images for network training [26]. Yu et al. also proposed B2Unet to denoise OCT images based
on the Bulin2Unblind mechanism, and achieved satisfactory denoising results [27].

Currently, although various semi-supervised or unsupervised schemes have been proposed,
their performances are still not as good as those supervised learning ones, and few solutions
using a single noisy image have been presented in literature. Therefore, this paper presents a
new self-supervised Self2Self strategy, namely, S2Snet, utilizing a single noisy image for OCT
denoising. By utilizing a gated convolutional layer to improve the Self2Slef network [28–30]
denoising performances, and a devised loss function to remove the background noise, S2Snet can
acquire the detailed structures while remove the background noise of the whole image effectively.
The main contributions of this study are as follows,
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1. A Self2Self network together with a gated convolution layer is employed for OCT despeckling
using a single noisy image and its Bernoulli sampled instances.

2. A loss function for background noise suppression is devised and integrated onto the overall
loss function to improve OCT despeckling performances.

3. Experiments with various OCT datasets are conducted to compare S2Snet with both the
existing self-supervised learning schemes and those non-deep learning methods to verify its
effectiveness in different cases.

The rest of this paper is organized as follows. Section 2 briefly introduces the main principle
of the proposed self-supervised denoising mechanism. Section 3 presents the proposed S2Snet
strategy, including its training and denoising schemes. Section 4 presents the denoising results
obtained with some clinical datasets. Section 5 concludes the whole paper.

2. Principle

2.1. Denoising principles

The main purpose of image denoising is to preserve the image structural details while remove the
background noises. Typically, an OCT noisy image y could be modeled as,

y = x + n (1)

where x denotes the ground truth image, and n denotes the random noise. The neural network
denoiser developed in this study is denoted by F(·), which can be trained with a single noisy
image for denoising. Hence, such a process could be denoted as follows,

F(·) : y → x (2)

With the denoising neural network being interpreted as a Bayesian estimator, then its prediction
accuracy could be measured by mean square error (MSE) as below,

MSE = bias2 + variance (3)

It is noted that reducing the number of training samples to a single image would largely
increase variance, which is detrimental to denoising. Therefore, it is important to minimize the
above variance for self-supervised learning.

To reduce the variance of the Bayesian estimator, Self2Self network [28] introduces a dropout-
based ensemble, which is a regularization technique widely being used in deep neural networks
[31], assuming that the activation value of a neuron stops working with a certain probability p
when propagating forward. Owing to the model uncertainty introduced by dropout [32], the
predictions of such models may have a certain degree of statistical independence, and the average
of these predictions will reduce the variance of the results. Therefore, such an assumption makes
the model more generalized, since it will not rely too much on some local features, instead, it
utilizes a single neural network to approximate several neurons.

2.2. Basic idea

Although dropout is introduced into the original Self2Self network to maintain the image
structural details with a single image, there would still be some noise residue in the background.
To address such a problem, the original loss function of Self2Self is amended.

When using Self2Self network to denoise an image, it is found that the initial result has no
background noise, while the image structure details are relatively fuzzy. In the training process,
however, although the resultant image details become clearer gradually, there still exist some
noises in the background. Such results indicate that when OCT images are trained with Slef2Self
network, the image structures are generated first, followed by image background, and therefore,
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if the learning of image background could be reduced, the image background noise would be
largely reduced in the achieved image. Inspired by such an idea, a new loss function is devised
for the Self2Self denoising network, wherein both a self-prediction loss and a background noise
attenuation loss are integrated in the network loss function.

A bernoulli sampled instance ŷ of an image y with probability p is defined as below,

ŷ [i, j] =

{︄
y [i, j] , p
0, 1 − p

(4)

where [i,j] is position of image pixels.
The independent Bernoulli sampled instances of y are divided into two sets {ŷm}m and {ỹn}n.

The training and testing processes of S2Snet are summarized below.
Training: S2Snet is trained by minimizing the following loss function with Bernoulli dropout:

min
∑︂
m

[L (F (ŷm) , y − ŷm) + L (F (y) , F (ŷm))] (5)

Testing: Each ỹn is input into a trained model with Bernoulli dropout to generate a predicted x̃n.
The denoising result is the average of all predictions.

3. Method

In this section, the S2Snet network architecture as well as its training and denoising schemes are
introduced.

3.1. S2Snet network architecture

Fig. 1 shows the S2Snet architecture, which consists of an encoder-decoder network structure.
As seen in Fig. 1, the size of an OCT noisy patch is set to be 256×256×1, and 256×256×48
features could be obtained via the encoder with gated convolution [29], which is then processed
by the following six encoder blocks. The first 5 encoder blocks contain a gated convolution
layer, a leaky rectified linear unit (LReLU), and a max pooling layer with 2×2 kernel and a stride
of 2. The last encoder block includes a gated convolution layer and a LReLU. The number of
output channels of every encoder block is set to be 48, and thus, the size of the last encoder
finally output is 8×8×48. All the gated convolution layers are using 3×3 convolution kernel, and
each LReLU is set to be 0.1. The decoder part has 5 decoder blocks, each of which contains
an up-sampling layer, a convolution layer with dropout, and a LReLU. Each up-sampling layer
adopts 2 scaling factors for decoding. The number of output channels for each of the first four
decoder blocks is set to be 96. The final decoder block utilizes three convolution layers with a
dropout and a LReLU to obtain output image with a size of 256×256×1.

The whole network structure is quite similar to that of the Self2Self network, with the partial
convolution being updated with a gated convolution in the encoder block, which helps improve
the effectiveness and efficiency of network model training.

The gated convolution is shown in Fig. 2 (a), and it learns soft mask automatically from the
input image data, which is formulated as :⎧⎪⎪⎪⎨⎪⎪⎪⎩

Gatingy,x =
∑︁∑︁

Wg · I
Featurey,x =

∑︁∑︁
Wf · I

Oy,x = θ
(︁
Featurey,x

)︁
· σ

(︁
Gatingy,x

)︁ (6)

where σ is sigmoid function, and therefore, the output gated values are in between zero and
one. θ is defined as an activation function, e.g., ReLU, ELU and LeakyReLU. Denote each pixel
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Fig. 1. Architecture of proposed S2Snet network.

Fig. 2. (a) Illustration of gated convolution, (b) Visualizing results of gated convolution on
noise image with masked region.

located at (y, x) of an output map to be Oy,x, and I to be the input feature. Wg and Wf are two
different convolution layers.

Figure 2(b) depicts the visual results of the gated convolution layer, wherein initialized gated
convolution is applied to the noisy image with masks and the resulted single-channel feature map
could be obtained. It illustrates that, despite the utilization of gated convolution with random
parameters, the generated mask still closely aligns with the original masked region. If a loss
function is introduced for training, the gated convolution layer can learn from the features in
the region. It proves that gated convolution enables the learning of a dynamic feature selection
mechanism for every channel and spatial location. Hence, it not only learns to select features
based on the background and mask, taking into account semantic segmentation in certain channels,
but also learns to emphasize the masking areas across different channels even in deeper layers,
thereby improving the generation of inpainting results.
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3.2. Training scheme

Fig. 3 illustrates the training procedure of the proposed method. In this process, both the input
image and its Bernoulli sampled image are fed simultaneously into the S2Snet with shared
weight. This yields two different denoised images. To facilitate training, self-prediction loss and
background noise attenuation loss are computed. Next, the relevant details are explained later.

Fig. 3. The training process of S2Snet.

Since features learned from a single noisy image y cannot be adopted for effective denoising,
multiple image pairs have to be generated from y, and therefore, a series of Bernoulli sampling
pairs are employed to train the S2Snet network. Such a set of image pairs {(ŷm, ȳm)}

M
m=1 is defined

as below,
ŷm = bm · y; ȳm = (1 − bm) · y (7)

where · means the element-wise multiplication and b indicates the mask image obtained after
Bernoulli sampling, and its shape is the same as the noisy image y.

With each set of generated image pairs, the self-prediction loss could be defined as below,

Lossself−prediction = min
M∑︂

m=1
∥f (ŷm) − ȳm∥

2
bm

(8)

where f (·) denotes the training network, ∥·∥2
b = ∥(1 − b) ·∥2

2
To better eliminate the background noise, the background noise attenuation (bna) loss is also

introduced, and it is defined as below,

Lossbna = min
∑︁M

m=1 |f (y) − f (ŷm)|

M
(9)

Given the self-prediction loss and the background noise attenuation loss, the overall network
loss function is defined as below,

Loss = Lossself−prediction + α · Lossbna (10)

where α is weight of background noise attenuation loss.
The main purpose of such a devised loss function is to calculate the loss of partially masked

pixels by bm using the devised self-prediction loss, while with the background noise attenuation
loss, the output of the original noisy image and its Bernoulli sampling instances could be
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minimized, to moderate the network learning ability of the image background noise. Therefore,
self-prediction loss helps S2Snet learn information related to ground truth image x from
beginning to end, since training the complementary Bernoulli sampled image pairs {(ŷm, ȳm)} is
very close to that of a Bernoulli sampled image pairs ŷm and the clean image x. While when
those complementary Bernoulli sampled image pairs are used for training; background noise
attenuation loss helps degrade the background noise learning. Typically, in the early stage of
training, f (ŷm) generates the image structural details via network learning first, and then learns
the relevant noises slowly. f (y) and f (ŷm) are minimized to degrade the learning ability of the
network in the background area in the initial learning process.

3.3. Denoising scheme

A trained neural network with dropout could be modeled as a series of neurons, whose weights
follow an independent Bernoulli distribution. In this study, dropout is employed to generate
multiple neurons from the trained neural networks, and thus, multiple independent estimators
could be generated to reduce the variance of denoised images. With a Bernoulli sampled image y
input into every neurons, the multiple denoised images x̃1, . . . , x̃N could be generated, while the
final denoised result x∗ could be generated by averaging over those multiple denoised images,

x∗ =
1
N

N∑︂
n=1

x̃n =
1
N

N∑︂
n=1

f (bM+n · y) (11)

In the denoising process, the denoising results can be generated simultaneously with the
training process.

4. Experiments

During the training process, the size of the noisy image is cropped to be 256×256 for training
purposes, and thus, the optimal parameters could be determined. Experiments are conducted
using different sets of OCT noisy images, while the denoising metrics are also calculated
simultaneously. Such results are compared to those of the state-of-the-art existing methods in
different cases.

4.1. Datasets

Two public OCT image datasets are utilized for denoising experiments in this study. These images
are collected by the Bioptigen SDOCT system (Durham, NC, USA) with an axial resolution of
4.5µm per pixel in tissue [33]. Those datasets are denoted as D1 and D2 for the experiments.

The dataset D1 consists of 18 pairs of noisy and clean OCT images [34,35]. The clean images
are obtained by registering and averaging over several B-scans that are acquired at same position.
Specifically, 10 high quality noisy and clean image pairs, the size of which is 500×950, are
selected for testing. and are normalized all the signals value of images. The clean images are
only used to calculate the denoising metrics.

The dataset D2 contains 39 retina OCT images [34], the size of each image is 450×450. There
is no corresponding clean image for reference in the D2. All signals value of images in the
dataset have also been normalized before training.

4.2. Parameters setting

In the S2Snet, the dropout probability and probability of Bernoulli sampling are both set to 0.5.
For the training loss function, α is set to 0.3. The overall training adopts a learning rate of 10−4

and consists of a total of 2000 training epochs, with every 200 epochs serving as a test epoch and
a denoised image is generated. And then the best denoised image is selected by the best indicator.
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The networks were implemented in Python using the PyTorch framework, and all experiments
were performed on a workstation equipped with an Intel Xeon W-2145 CPU @3.70GHz and
accelerated by an NVIDIA GeForce RTX 3060Ti GPU with 8GB memory.

4.3. Quantitative metrics

In this paper, we choose the following metrics to evaluate denoising performance.
Signal-to-Noise Ratio((PSNR): The PSNR is the main metric that measures the similarity

between the denoised image and the reference one, and it can be calculated as follows,

PSNR(r, g) = 10log10(2552/MSE(r, g)) (12)

MSE(r, g) =
1

MN

M∑︂
i=1

N∑︂
j=1

(rij − gij)
2 (13)

where rij and gij are the pixel values at the corresponding coordinates of the clean and denoised
regions, respectively, while M and N are the height and width of the image.

Structural similarity index measurement (SSIM): SSIM is a full reference metric being
widely used for image quality evaluation. SSIM is calculated as,

SSIM(i, b) =
(2µiµb + C1)(2σib + C2)

(µ2
i + µ

2
b + C1)(σ

2
i + σ

2
b + C2)

(14)

where µb/µi and σb/σi are the mean and standard deviations of a clean/denoised region,
respectively, while σib denotes the cross-correlation between the clean and the denoised regions.
C1 and C2 are random positive stabilizing constants.

Signal-to-Noise Ratio(SNR):SNR is a typical global performance metric that is defined to be
the ratio of the signal mean to the background standard deviation, i.e.,

SNR = 20log(Imax/σb) (15)

where Imax is the maximum pixel value of the whole denoised image, and σB is the standard
deviation of noise with in a background region b.

Contrast to noise ratio(CNR): CNR is the contrast to noise ratio, which is defined as the
ratio of peak signal strength to background strength. CNR is the ratio of image contrast to noise.
It is an objective index to evaluate image quality. It can be defined as:

CNR =
1
n

n∑︂
i=1

10 log
⎛⎜⎜⎝
|µi − µB |√︂
σ2

i + σ
2
B

⎞⎟⎟⎠ (16)

where µi and σ2
i denotes the mean and variance of select region, and µb, σ2

b denotes the mean
and variance of background region.

Equivalent Number of Looks(ENL): ENL is a commonly used speckle suppression per-
formance measurement method, which measures smoothness in regions that appear to be
homogeneous. Here, it is only in background region, as

ENL = µ2
b/σ

2
b (17)

where µb and σb denote mean value and standard deviation of the background region, respectively.
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4.4. Results of single image with mini size

To begin with, we performed the experiment using the cropped noise image with a size of
256×256. The experimental results are depicted in Fig. 4. In the initial denoised image output,
the background section appears noise-free, but there are some blurring artifacts present in the
overall structural details. As the training progresses, the structural details of the image gradually
improve, resulting in a sequence of subsequent denoised images exhibiting remarkable quality.

Fig. 4. A single noise OCT image cropped as 256×256 and its clean image and its denoising
results. (a) noisy image,(b)clean image,(c)Result of the first test epoch of output, (d)Result
of the second test epoch of output, (e)Result of the third test epoch of output,. . . (l)Result of
the 10th test epoch of output.

We recorded the loss values for each train epoch and the denoising metrics for each test epoch,
as depicted in Fig. 5. Figure 5 (a) illustrates the progression of loss values throughout the
training process. It is shown that there exists a rapid decrease in the loss for the first 500 epochs.
Although minor fluctuations in the loss value could still be observed in subsequent epochs, it
converges steadily during the entire training process, indicating that the method employed is
adept at achieving stable training. Figure 5(b) presents the denoising metrics obtained for each
epoch of training. As seen, both denoising metrics exhibit a relatively wide range of numerical
fluctuations in test epochs due to the inherent randomness presented in the mask processing and
dropout. Such a variability is expected and reasonable. In the study, the metric values obtained
in the test epochs are recorded and the image with the highest denoising metrics are selected as
the final denoised image. It is worth mentioning that the two metrics we utilized are based on a
comparison with a clean image. However, since clean images are deemed to be completely free
of any noise while the residual noises are always presented in the background even for a clean
image, it is important to consider the computed metrics as reference values only.

Fig. 5. Numerical results for single image with 256×256. (a)The loss value of each train
epoch, (b)The denoising metrics of each test epoch.
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4.5. Results comparison with other method in D1

For verifying the effectiveness of the proposed S2Snet, experiments are tested on a public OCT
retinal image dataset from [34]. And our method is compared with some state-of-the-art denoising
methods: BM3D [10], NWSR [12], B2Unet [27], TSI [13], DRGAN [26], MAP-SNR [24] and
Self2Self [28]. 10 OCT retinal images from D1 are processed for comparisons in this study.
After denoising 10 different OCT images, we recorded the denoising metrics for each epoch.
From these metrics, we selected the image with the best performance as the final denoised result.
We also tested various other algorithms to determine the optimal results.

Here, two testing of OCT images are provided to demonstrate visual comparisons of denoising
results achieved by different methods. In Fig. 6, the first testing image depicts the denoising
outcomes obtained through BM3D, NWSR, TSI, B2Unet, DRGAN, MAP-SNR, and Self2Self.
Additionally, a cropped image patch with background noise is included for observation. Based
on the observations, it is clear that BM3D exhibits noticeable noise presence. On the other hand,
NWSR, TSI, and Self2Self achieve significant noise reduction, although residual noise remains
in certain background areas. DRGAN and B2Unet produce denoised images with excellent
performance; however, they display some smooth noise in the background. Furthermore, MAP-
SNR effectively reduces speckle noise while preserving image structure details and eliminating
background noise. Moreover, our proposed method successfully suppresses background noise
and preserves structural details in both the complete image and the cropped image patch during
the denoising process. Figure 7 (a) shows the loss variation for the first test image during the
training process. As seen, the loss value converges with an increasing number of training epochs,
demonstrating the stability of our proposed method. Figure 7 (b) depicts the changes of calculated
metrics during the testing epochs, and it can be observed that the change trend of PSNR and
SSIM remains consistent throughout the entire training process, indicating a high correlation
between them. Moreover, these metrics do not continually increase and may decline at times.
Therefore, it is necessary to manually select the most effective testing result.

Similar conclusions can be drawn from the second testing image, as depicted in Fig. 8.
Furthermore, the change trend of loss value, PSNR and SSIM in Fig. 9 aligns with the previous
findings. This reaffirms the convergence of loss values during training and the existence of strong
correlation between PSNR and SSIM throughout the entire training process, with an overall trend
towards improved metrics.

We utilize 10 OCT images from the D1 as noise images and calculate the average metrics
for each method. The results are summarized in Table 1, which illustrates the performances of
different methods with the noise images. Hence, it can be observed from Table 1 that S2Snet
achieves the highest PSNR and SSIM values among all those denoising methods, which shows
that our methods can better remove the noise especially background noise when compared with
other methods. Compared with the original Self2Self network, our method shows improvements
in PSNR and SSIM by 3.41% and 2.37%, respectively.

S2Snet ranks second for CNR, and in the middle for both SNR and ENL. Such is mainly
because B2Unet, DRGAN, and MAP-SNR are trained with a large noisy image dataset, allowing
them to denoise effectively. As a result, higher SNR and ENL could be achieved as compared
to those single image denoising methods. In contrast, other methods address individual noisy
images only, resulting in lower SNR and ENL as compared to those three methods. From
the above analysis, we conclude that S2Snet outperforms the other state-of-the-art despeckling
methods in terms of PSNR and SSIM, making it a candidate for clinical denoising applications
to aid in accurate clinical diagnosis.

4.6. Results comparison with other method in D2

For the noise images of D2, we also choose seven different denoising methods for comparison.
Since D2 has no relevant clean image as a reference, we choose Signal-to-Noise Ratio(SNR),
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Fig. 6. First testing OCT image selected from D1 and its denoising results.
(a)Original, (b)averaged, (c)BM3D, (d)NWSR, (e)TSI, (f)B2Unet, (g)DRGAN, (h)MAP-
SNR, (i)Self2Self2, and (j)Our. (a’)· · · (j’)Enlarged image of the corresponding background
area.

Fig. 7. Numerical results for first testing image. (a)The loss value of each train epoch,
(b)The denoising metrics of each test epoch.
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Fig. 8. Second testing OCT image selected from D1 and its denoising results.
(a)Original, (b)averaged, (c)BM3D, (d)NWSR, (e)TSI, (f)B2Unet, (g)DRGAN, (h)MAP-
SNR, (i)Self2Self2, and (j)Our. (a’)· · · (j’)Enlarged image of the corresponding background
area.

Fig. 9. Numerical results for second testing image. (a)The loss value of each train epoch,
(b)The denoising metrics of each test epoch.
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Table 1. Quantitative results of the D1 with different methods. The best
value is represented in bold.

PSNR SSIM SNR CNR ENL

BM3D 21.0777 0.5166 34.7123 3.3472 220.3921

NWSR 20.6912 0.4432 31.4536 3.3357 111.8567

TSI 20.6394 0.4926 33.5246 3.9108 235.1185

B2Unet 20.5100 0.4996 48.3045 2.8456 6193.5509
DRGAN 17.4985 0.4590 37.6299 3.7403 638.7958

MAP-SNR 20.8778 0.5194 39.3228 3.1690 643.2975

Self2Self 23.9815 0.5312 33.0583 3.5047 70.4276

S2Snet 24.8002 0.5438 36.7366 3.8679 184.1626

Contrast to Noise Ratio(CNR) and Equivalent Number of Looks(ENL) as the denoising metrics,
which can be calculated only with the denoised image. In order to calculate these metrics, we
need to extract the background and structure regions from all the images in D2. Fig. 10 presents
enlarged views of both regions for comparison purposes.

Fig. 10. Testing OCT image selected from D2 and its denoising results. (a)Original,
(b)BM3D, (c)NWSR,(d)TSI, (e)B2Unet, (f)DRGAN, (g)MAP-SNR, (h)Self2Self, and
(i)Our.

Fig. 10 illustrates the results of different denoising techniques. The image processed by BM3D
exhibits unsatisfactory effects, with a few artifacts in the structure area. NWSR demonstrates
good denoising effects in the structure area, but some noise remains in the background. Overall
denoising effect of TSI is excessively smooth. Conversely, DRGAN and B2Unet, employing
unsupervised learning, yield excellent denoising outcomes, yet weak speckle noise still exists
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in the background. MAP-SNR exhibits remarkable overall denoising effects, allowing for clear
observation of the retinal layer distribution. Denoising effectiveness of Self2Self is very poor, as
it fails to remove speckle noise from both the background and structure areas. In our method,
the background area not only completely suppresses speckle noise but also darkens the pixels
in that region. Meanwhile, the structural area retains its complete features. This approach
effectively reduces speckle noise, enhances contrast between the background and structure areas,
and highlights the boundary of the retinal layer.

Table 2 presents the quantitative results achieved using different denoising techniques. TSI
exhibits the highest SNR, surpassing MAP-SNR by 1.2%. Additionally, our method ranks
second in CNR, indicating a significant contrast between the background and structure regions
of denoised image, making it easier to highlight the structural content. Due to the darkened
background area in our denoised images, the obtained ENL value is relatively low. Thus, both
the comparison of denoised images in Fig. 10 and the evaluation of various metrics in Table 2
support the effectiveness of our proposed method for denoising conventional OCT images in
clinical processing.

Table 2. Quantitative results of the D2 with different methods.
The best value is indicated in bold, while the second best value is

indicated by underline.

SNR CNR ENL

BM3D 33.9544 1.2856 175.1801

NWSR 32.6035 1.3459 146.0455

TSI 40.0417 2.2217 1343.8894
B2Unet 39.5504 1.3117 686.4495

DRGAN 34.4314 1.4646 271.7027

MAP-SNR 41.8373 1.3708 1153.4238

Self2Self 23.4729 1.0848 18.2737

S2Snet 42.3406 2.0032 125.0791

4.7. Computational cost study

This section examines the computational costs of different methods to evaluate their potential for
practical applications. Although B2Unet, DRGAN, and MAP-SNR exhibit fast processing speeds
during the inference stage for using the pre-trained models, they require a substantial number of
noisy images for effective long-term training. Hence, the computational cost evaluation considers
only BM3D, NWSR, TSI, Self2Self, and S2Snet, of which the time required is for a single
image processing, and the denoised image could be obtained directly by inputting a single image.
Furthermore, since the computation time also varies depending on the computing devices used
(CPUs and GPUs), the time cost of BM3D, NWSR, TSI, Self2Self, and S2Snet are evaluated
using CPUs, while the time costs of Self2Self and S2Snet are compared with GPUs. The relevant
data is presented in Table 3.

Table 3. Computational cost of different methods with a single image (500×950), where n is the
expected training epochs.

Method BM3D NWSR TSI Self2Self(CPU) S2Snet(CPU) Self2Self(GPU) S2Snet(GPU)

Times(s) 21.842 18.231 12.844 1.116×n 1.465×n 0.040×n 0.062×n

Results Table 3 indicate that BM3D, NWSR, and TSI take approximately 10-20 seconds
for CPU processing. However, the denoising performances of these methods are comparable
with those of deep learning methods. Furthermore, for both CPU and GPU processing, since
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S2Snet method introduces additional loss functions and internal network structure changes,
its computation time are 31.3% and 55% higher than those of Self2Self for CPU and GPU,
respectively. When utilized for practical applications, however, such increasing computational
cost could be easily solved with multi-card training or higher-performance GPUs.

4.8. Segmentation study

Applying image denoising preprocessing before image segmentation has been found to generally
enhance segmentation accuracy. Therefore, we employ this approach to preprocess the OCTA
vessel segmentation dataset and train the denoised images for segmentation. Additionally, we
also utilize the Self2Self method for comparison. Ultimately, we compare and evaluate these
trained models.

In this study, the published Retina OCTA Vessel Segmentation (ROSE) dataset provided by
[36] was used for experiments. ROSE dataset consists of two subsets, ROSE-1 and ROSE-2. The
ROSE dataset provided the superficial vascular complexes (SVC), deep vascular complexes(DVC),
and SVC+DVC images for experiments. We only used SVC+DVC images for image segmentation
experiments. In SVC+DVC datasets, the training datasets includes 30 pairs of OCTA vessel
images and their ground truth images of segmentation, and the verification datasets includes 9
pairs of OCTA vessel images and their ground truth images of segmentation.

During the experiment, the U-net is chosen as the training model for image segmentation. Prior
to segmentation, we employ the Self2Self and S2Snet methods to denoise the original image.
Both types of denoised images are then utilized as input images for training and testing in the
image segmentation process. In order to comprehensively evaluate the segmentation performance,
six performance indicators, i.e., area under the ROC Curve (AUC), accuracy (ACC), g-mean
score, kappa score, dice coefficient (Dice), and Intersection-over-Union (IOU), are employed for
performance assessment in this study [37].

Fig. 11 and Fig. 12 show the results of segmentation by training models processed by different
denoising methods. It can be seen from Fig. 11. (b) that our method can effectively remove the
subtle noise of the original image, but the micro-vessels of the original image will be affected
by the denoising process, as shown in Fig. 11. (e). Because the denoising has an impact on
the micro-vessels, the segmentation result cannot effectively restore the thin vessels, but it can
restore the thick blood vessels well. As shown in Fig. 11. (c), the denoised image by Self2Self
still has some noises and artifacts, and the denoising effect is not very good, while as shown in
Fig. 11. (f), the segmented result can retain the coarse blood vessel structure and part of the fine
blood vessel structure.

In summary, our denoising method proves effective in removing noise from OCTA images.
However, it may adversely affect the segmentation of thin blood vessels, but it can effectively
extract the structure of thick blood vessels. On the other hand, the denoising effect of Self2Self
method is not particularly significant. But in segmentation results, both thick and thin blood
vessels can be segmented, although the extraction of thin blood vessels may not be complete.

To further enhance the evaluation of the segmentation effect after noise removal, we computed
the evaluation metrics for the segmentation results of the test dataset, as presented in Table 4.
The table reveals that the segmentation results are significantly improved after denoising
treatment, emphasizing the necessity of conducting denoising preprocessing before segmentation.
Additionally, in comparison to the segmentation indicators following Self2Self denoising, our
method outperforms Self2Self in all other metrics except for G-mean. Particularly, in terms of
AUC and ACC, our segmentation results are 2.34% and 1.17% higher respectively than those
obtained after Self2Self denoising.
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Fig. 11. Different model segmentation results of the first image in the validation dataset.
(a)Original image, (b)Denoised image of original image by our method, (c)denoised image
of original image by Self2Self, (d)Ground truth image, (e)Segmentation result of the model
trained with dataset denoising by our method, (f)Segmentation result of the model trained
with dataset denoising by Self2Self.

Fig. 12. Different model segmentation results of the second image in the validation dataset.
(a)Original image, (b)Denoised image of original image by our method, (c)denoised image
of original image by Self2Self, (d)Ground truth image, (e)Segmentation result of the model
trained with dataset denoising by our method, (f)Segmentation result of the model trained
with dataset denoising by Self2Self.

Table 4. Quantitative results of vessel segmentation after using different
denoising methods. The best value is represented in bold.

AUC ACC G-Mean Kappa Dice IOU

original 0.8752 0.8883 0.6733 0.5481 0.6057 0.4359

Self2Self 0.8808 0.8868 0.7917 0.6214 0.6904 0.5289

Ours 0.9014 0.8972 0.7803 0.6402 0.7015 0.5421

4.9. Ablation study

To evaluate the effectiveness of its individual components, the following ablation studies were
performed on D1 data set:

without gated convolution layer: replacing all gated convolution layer with Conv layer;
without background noise attenuation loss: Loss function has only self-prediction loss;
without dropout: disabling dropout on all layers during training and test.
Table 5 provides insights into the averaged PSNR, SSIM, SNR, CNR and ENL that are derived

from D1. Firstly, the incorporation of a gated convolution layer in the denoising process leads to
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significant improvements, indicated by a 6.9% increase in PSNR and a 3.4% increase in SSIM.
Secondly, the inclusion of background noise attenuation loss demonstrates its crucial role in
our denoising method, resulting in a remarkable enhancement of 30.7% in PSNR and 66.5% in
SSIM for the overall approach. Lastly, the utilization of dropout contributes to a 9.1% increase in
PSNR and a 4.1% increase in SSIM. While for SNR, S2Snet with all components ranks the first,
while for both CNR and ENL, S2Snet without dropout ranks the first. The reason why for such
CNR and ENL ranking is that the generated images appear too smooth by the S2Snet without
dropout, which lead to higher CNR and ENL, which could be observed in Fig. 13(e).

Fig. 13. Visual results for ablation studies. (a) Original, (b) Ground truth image, and
denoised images obtained by (c) S2Snet without gated conv, (d) S2Snet without BNA loss,
(e) S2Snet without dropout, (f) S2Snet.

Table 5. Results of ablation studies on data set. The best value is represented in bold.

With Gated Cov With BNA loss With dropout PSNR(dB) SSIM SNR CNR ENL

S2Snet ✗ ✓ ✓ 23.1990 0.5258 30.9466 3.9268 37.1831

S2Snet ✓ ✗ ✓ 18.9779 0.3267 25.2396 3.2489 26.7884

S2Snet ✓ ✓ ✗ 22.7330 0.5223 36.5994 4.0390 213.4703
S2Snet ✓ ✓ ✓ 24.8002 0.5438 36.7366 3.8679 184.1626

We also included the relevant denoised images for comparison, as depicted in Fig. 13. In
Fig. 13(c), it is known that without the inclusion of gated convolution, there is noticeable regular
noise in the background area of the denoised images, indicating that the utilization of BNA loss
and dropout for training is ineffective in the absence of gated convolution. Figure 13(d) also
demonstrates that denoising is ineffective without BNA loss. Consequently, when comparing
Fig. 13(e), it can be observed that the use of both gated convolution and BNA loss in training
can effectively eliminate most of the noises, while without dropout results in over smoothed
images. Finally, Fig. 13(f) presents the denoised result of S2Snet, highlighting the significance
of employing gated convolution, BNA loss, and loss simultaneously during training.

For hyperparameters selection, we take a for BNA loss as an example. We assigned different
values to α and measured the relevant performance indicators in experiments, as shown in Table 6.
Results indicate that when α=0.3, both PSNR and SSIM ranked first, while SNR ranks second.
When a further increases, both PSNR and SNR decreases, while SSIM remains unchanged, CNR
shows an increasing trend, yet ENL fluctuates. The reason is that by introducing the BNA loss, it
is possible to suppress the image background noise as shown in Figs. 13(d) and 13(f). While as a
increases, however, it can enhance the learning capability of the background area. Moreover,
with the application of dropout, the denoised images become smoother, resulting in decreased
PSNR and SNR, yet increased CNR. Since the focus is mainly on the relevant learning of the
background area, SSIM of the generated image stays more or less unchanged.
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Table 6. Metrics results obtained using loss functions with different values
of α. The best value is represented in bold.

PSNR(dB) SSIM SNR CNR ENL

α = 0.1 22.68 0.50 34.82 3.57 225.84

α = 0.2 23.44 0.53 36.89 3.95 386.53
α = 0.3 24.80 0.54 36.74 3.87 184.16

α = 0.4 22.48 0.53 36.58 4.30 216.01

α = 0.5 22.07 0.52 36.07 4.30 265.08

α = 0.6 21.87 0.53 35.79 4.45 181.75

α = 0.7 20.63 0.52 35.20 4.73 214.84

α = 0.8 21.29 0.53 34.93 4.68 140.82

α = 0.9 19.75 0.51 34.58 5.33 109.58

α = 1.0 19.66 0.51 34.15 4.85 85.77

4.10. Discussions

With the above experiments, it is found that our proposed S2Snet scheme outperforms those
existing self-supervised denoising methods in different cases. Despite its performance superiority,
unfortunately, there still exists a limitation. This is because, since only a single noisy image
is employed for training, a substantial amount of training time would be required to achieve
satisfactory despeckling performances, and thus, a relatively longer processing time would be
required for individual images. Such a processing time may not be an issue for those self-
supervised methods, e.g., BUnet and MAP-SNR, since after being trained using a considerable
number of noisy samples, those methods could remarkably reduce the inference time by using
the pre-trained models.

Although the processing time are relatively longer as compared with those self-supervised
methods, our S2Snet scheme still has its own merits as it achieves exceptional denoising results
with a single noisy image, which largely alleviates the requirement for its practical application as
compared with the other schemes. Furthermore, for practical applications, such a limitation can
also be overcome by employing higher-performance GPUs or the multi-card training strategies to
process multiple batch images simultaneously. Therefore, it is expected that by leveraging these
approaches, our S2Snet scheme can be optimized for faster denoising performance for real-world
applications.

5. Conclusion

To tackle the problem of single OCT image denoising without requiring clean images for training,
we propose a self-supervised deep learning method called S2Snet. Our approach involves feeding
the original OCT noisy image and its Bernoulli sampling images into the S2Snet network. In order
to address the denoising problem’s focus of reducing prediction variance, dropout is employed
during both training and testing stages. The final denoised result is obtained by averaging to
mitigate prediction variance.

In the network architecture, we incorporate gated convolution within the encoder’s block and
introduce a background noise attenuation loss to the training loss function. These enhancements
significantly contribute to overall denoising performance. Through extensive experiments, we
demonstrate that the S2Snet network outperforms other single image denoising methods in terms
of OCT image denoising. The final results show that our method is superior to the single image
denoising method and the supervised network that relies on a limited number of training datasets.
Notably, compared to the original Self2Self network, the dataset experiment results demonstrate
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improvements of 3.41% and 2.37% in PSNR and SSIM respectively. This achievement holds
significant implications for OCT single image denoising technology.
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