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Optical coherence tomography has become the gold standard for diagnosing ophthalmic diseases. It obtains the
retinal structure of the eye through noninvasive measurements. However, the absorption of incident light by
blood flow in blood vessels makes shadow areas appear in B-Scan images at the vessel locations, which seriously
affects the accuracy of retinal layer segmentation and the observation of small lesions. In this research, a two-
stage neural network is proposed, which is established by auxiliary training head and a global attention
mechanism between shadowed and non-shadowed areas. In the task of segmenting shadow areas, this work
achieves that the segmentation mIoU of retinal B-Scan images is 79.07%. Based on the segmentation mask, the
shadow area is accurately recovered. The SSIM of the Sobel edge image is used to evaluate the effect of the
recovered area. The proposed method achieves an SSIM;., of 98.2% between the shadow areas after and before
recovery, and the average pixel brightness is improved by 36.7 Compared to all existing methods, this work
introduces model constraints to ensure the structural invariance of the original image for the first time, resulting
in an improvement of SIMMgta1 from 47% to 99.9%. Finally, the proposed method is an improvement of clinical
retinal layer segmentation accuracy by comparing the effect of RPE-Choroid layer segmentation of four types of

retinal B-Scan images.

1. Introduction

Optical coherence tomography (OCT) is a non-invasive measurement
method that allows the non-destructive detection of tissues below the
surface of an object [1]. OCT is widely used in the diagnosis of
ophthalmic diseases because of retinal structures cannot be directly
measured [2]. Lots of research has demonstrated that glaucoma [3],
choroidal neovascularization [4] and age-related macular degeneration
[5] are among the diseases that have a direct link both retinal nerve fiber
layer thickness and changes of the retinal layers structure. So that, both
retinal layer thickness and retinal B-Scan structure are recognized as the
gold standard for the diagnosis of ocular diseases [6,7].

Retinal layer thickness measurement and retinal structure changes
only can be characterized by B-Scan images of OCT. Thus, how to obtain
high-quality, more information, and low-noise B-Scan images is the key
to finding ocular diseases. The incident light is absorbed by the blood
flow in the blood vessels, which creates shadow areas in the retinal B-
Scan image and even loss of structural information [8,9]. The presence
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of vascular shadows makes it more difficult to observe small lesions at
the bottom of blood vessels and miss the opportunity for early detection.

Due to the difficulty in obtaining shadow-free retinal images for la-
beling, and since existing recovery methods generally employ genera-
tive redrawing methods for shadow image recovery, the recovery results
lack credibility in clinical applications. Thus this, we propose a two-
stage neural network method for recovering B-Scan images: The first
stage involves developing the OSSNet model for segmentation of shad-
owed areas in B-Scan images, which utilizes a feature map skip-
connection method similar to U-Net and auxiliary training head. Both
can provide the backbone network with more structural information to
enhance the accuracy of shadow segmentation. The second stage in-
volves developing the OSRNet model for recovering shadowed areas in
B-Scan images based on a binary mask mechanism, which achieves
precise recovery of shadowed areas through the integration of a global
receptive field based on the SW-Transform architecture and auxiliary
training head. We propose a transfer learning strategy for recovering
shadowed areas by learning the distribution patterns of shadows in

Received 10 November 2025; Received in revised form 9 July 2026; Accepted 11 August 2026

Available online 17 August 2026
1746-8094/© 2026 Published by Elsevier Ltd.


https://orcid.org/0009-0009-4983-7569
https://orcid.org/0009-0009-4983-7569
mailto:songweiye@sdu.edu.cn
www.sciencedirect.com/science/journal/17468094
https://www.elsevier.com/locate/bspc
https://doi.org/10.1016/j.bspc.2026.111302
https://doi.org/10.1016/j.bspc.2026.111302

Y. Wang et al.

natural images. The model can incorporate prior knowledge into B-Scan
image analysis, and it can achieve the aim of recovering the shadowed
areas without altering the original structural information in the images
(as shown in Fig. 1).

The main contributions of this research are summarized as follows:

1. A shadow segmentation detection dataset is established based on the
OCT2017 dataset, containing 1440 B-scan images across four types
of retina images.

2. A shadow segmentation model, OSSNet, is proposed based on
auxiliary training heads, which improves segmentation accuracy
while minimizing interference with non-shadowed areas.

3. A method for generating artificial shadows in B-scan images is pro-
posed, simulating the shape characteristics of shadowed areas. And
then, we establish an artificial B-Scan shadow dataset with varying
degrees of shadow coverage.

4. This work proposes a shadow recovery model, OSRNet, for B-scan
images based on a mask mechanism. It captures shadow distribution
patterns through transfer learning, and preserves image structural
consistency.

5. We verifies the improvement in segmentation accuracy of the RPE-
Choroid layer of the retina before and after shadow recovery.

2. Related work

At present, there are two ways to recover medical image artifact for
improving image quality: The first way is to optimize the hardware
optical path for recovering the shadow area. For example [10], designs
an optical system, that changes the second channel to incorporate into a
typical ICI system, to remove the self-coherent image in coherent im-
aging and enhance the image quality. Another way involves recon-
structing the B-Scan image through image processing, using statistical
features of image pixels or a deep learning neural network for direct
image handling. Numerous researchers have employed mathematical
analysis methods to recover artifacts in medical images, such as math-
ematical interpolation compensation for image [11,12], constructing
rank-1 auxiliary matrices [13], and canonical correlation analysis [14],
process every pixel in the image when dealing with artifacts. It leads to
increasing noise while reducing artifacts, and lacking precision and
robustness. Consequently, deep learning methods have been widely
applied in medical image artifact recovery. Many researchers have used
generative network models for image recover, just like studies based on
GAN(Generative Adversarial Networks) have shown that generators
exhibit strong generalization in artifact recovery tasks, continuously
improving image quality through the training of generators and dis-
criminators [15,16]. Another approach involves designing network
structures to encode medical images and extract deeper feature re-
lationships, which can generate the large missing artifact areas in the
images [17]. For example [18], developed a B-Scan shadow image
detection model to remove images containing shadows from the data-
base, thus enhancing overall image quality. Ref. [19] denoised and
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recovered the shadowed areas of B-Scan images using a GAN(Generative
Adversarial Network) model. The above methods have explored ways to
enhance the quality of B-Scan images.

Then, some researchers have achieved shadow area recovery
through variations of the GAN model, where the discriminator cannot
distinguish the recovery of shadows generated by generator in the image
[20,21]. The common issue with GAN-based recovery methods is that all
pixels in the entire image are processed, which cannot guarantee image
structure invariance, a crucial aspect of medical images. To address this
issue, researchers have established binary masks during input to pre-
cisely control the attention area of the recovery model, which can ensure
image structure invariance during the recovery process [22]. In the field
of medical image artifact recovery, inspired by natural image models,
researchers have utilized GAN networks to achieve artifact recovery.
However, these models also process all pixels in the entire image,
sometimes altering the image structure and generating incorrect
information.

To avoid generating error structural information and enhance the
smoothness of pixel gradients between shaded and non-shaded regions.
The binary mask mechanism is established for the first time to achieve
precise control over the recovery area in B-Scan images. It leverages the
transformer mechanism and auxiliary training heads to efficiently
transmit information between shaded and non-shaded areas. The binary
mask is output through a high-precision segmentation model.

2.1. Proposed method

This section will detail the proposed two-stage recovery model,
which is designed to identify shadow pixels and recover the brightness of
the shadow areas. The model framework consists of three components,
as illustrated in Fig. 2:

e OSSNet(Image Segmentation Model): It achieves pixel-level classi-
fication through supervised training to ensure the accuracy of the
recovery area.

OSRNet(Image Recovery Model): It enhances regional constraints by
introducing binary masks and combines a global attention mecha-
nism to ensure the accuracy of the recovery process.

Transfer Training Strategy: Shadow distribution patterns from nat-
ural images are used in secondary training on B-Scan images, and the
model's ability to perceive shadows is significantly enhanced.

Through the collaboration of these five components, the model can
identify shadow areas, perceives the relationship between shadow and
non-shadow areas, constrains the recovery area, leverages auxiliary
multi-head information to improve accuracy, and recover the shadow
areas.

2.2. Shadow segmentation model

Numerous researchers in the field of medical image segmentation
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Fig. 1. Comparison of retina B-scan images recovery results. The red rectangular boxes in the “Before” rows indicate areas before recovery, and the white rectangular

boxes in the “After” rows indicate areas after recovery.



Y. Wang et al.

Biomedical Signal Processing and Control 128 (2026) 111302
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Fig. 2. Flowchart of the Two-Stage Recovery Model. In the figure, Stage One represents the OSSNet, which is the B-Scan shadow segmentation model. Stage Two

represents the OSRNet, which is the B-Scan shadow area recovery model.

have demonstrated that full-size feature map fusion methods similar to
the U-Net structure are highly effective [23-27]. Based on the U-Net
concept, this work constructs the OSSNet segmentation model (as shown
in Fig. 3) using Resnet50 as the backbone network combining features at
various levels. During the forward propagation of the model, the original
image X € R®*W*3 (where H and W represent the height and width of the
image) undergoes downsampling and channel expansion, and the
resulting feature maps are passed into the Res-Blocks. Each Block con-
tains BatchNorm normalization, Convs,3 feature extraction, Convi;
data dimensionality reduction, residual connections, and ReLU activa-
tion. The backbone network undergoes four downsampling operations
during forward propagation, and generate five feature maps of different
scales. During each downsampling, the width and height of the feature
map become half of the previous layer's feature map, and the number of
channels is doubled along the depth direction of the feature map. As the

size of the feature maps decreases, the receptive field increases, which
allows the observation of more feature information between pixels.

The five feature maps are concatenated with the feature maps on the
prediction branches through upsampling, in order to enhance the
feature fusion capability of the prediction branches. Lots of researchers
have found that the fusion of features at different scales can improve
model performance. So, the segmentation accuracy can be enhanced by
combining multi-scale features [28-30]. In this research, the model
utilizes Silence layers to preserve the initial feature map information,
CBLinear layers to split multi-scale feature map information, and CBFuse
layers to fuse multi-scale feature map information through program-
mable gradients [31].

Specifically, the Silence module is instantiated as a non-linear
transformation layer designed to execute localized feature extraction.
By performing high-level manifold mapping on the current feature
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representation, it effectively enhances the model's selective activation,
thereby precisely preserving the structurally salient features within the
target regions of interest. The mathematical formulation is defined as
follows:

Xsitence = Silu(BatchNorm(Conv(X))) 1)

To address spatially confined retinal vessel shadows and fortify
feature representation in highly attenuated, low-signal zones, we pro-
pose the multi-scale splitting CBLinear module. By factorizing inter-
mediate features across substantial architectural spans, this module
enables shallow layers to adaptively perceive multi-level contextual
variations, thereby synergistically bolstering hierarchical semantic and
structural encoding. It is formalized as follows:

Xfused = COHV(X) +AO (COHV(X)) (2)

where A represents the 1 x 1 convolution with SiLU activation, tasked
with performing non-linear manifold mapping on the feature maps
generated by the 3 x 3 convolution. Thereafter, the fused feature map is
factorized along the channel dimension, and the resulting sub-features
are progressively cascaded into the antecedent feature layers, as
expressed below:

{X07X17 "'7Xn} = Split(Xfused) (3)

S Ci=CotCitt+Ci=C 4

Upon obtaining the activated feature maps, to eliminate the spatial
misalignment across heterogeneous feature hierarchies, the CBFuse
module first employs an interpolation algorithm to adaptively rescale all
auxiliary feature maps to the target canonical resolution:

X; = Interp(X;, size = (H;, W;)), fori=0,1,--,n (5)
where H; and W; denote the canonical spatial resolution of the current
feature hierarchy. To eliminate scale discrepancies, all aligned auxiliary
features are aggregated with the baseline feature via channel-wise
concatenation. This architecture establishes a cross-scale contextual
synergy mechanism, enhancing the model's capacity to characterize
both macro-scale geometric topologies and micro-scale boundary
details.

Y = Sum(Stack(Xo, X1, -+, X0, X)) (6)

Ultimately, the multi-scale auxiliary detection heads are to achieve
efficient gradient backpropagation during the training process. During
the prediction stage, the model can achieve high-precision and high-
speed predictions by removing the auxiliary training branches and
redundant detection heads.

During the model training process, the label image is a multi-channel
image with the same width and height as the input image Xj, € RF*W*3,
and the number of channels corresponds to the number of classes. In this
research, the number of classes is 2, with one class representing the
background and the other representing the shadow area. Therefore, the
model output and label (Xou, Xiapel) € R*W*2 | and the loss between
them is calculated as follows:

exp(say,) 2

I, = —wy log
! Zle €xp (XH-C)

where x is the input value, y is the label value, w represents the weight, C
represents the number of classes, and N represents the total number of
batches per iteration. OSSNet uses cross-entropy loss as the classification
loss for binary classification. Due to the small area occupied by the
shadow area, which is generally less than 5% of the total image, we
establish Focal-Loss and Dice-loss on binary classification to balance the
pixel difference between positive and negative samples. The calculation
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formular are as follows:

Fl=—[(1 —pt)’ Jlog(pt)
2Nyl +¢ ®)
x|+ lyl +¢

where pt is exp~’*, and ¢ is a constant of 1e-5 to prevent the denominator
from being zero. Two auxiliary training heads were added in the model.
Therefore, the total loss of the model can be expressed as follows:

Coss = o (Fli+Aux_Fl;) + (Dl +Auwx_Dl;) )

where Aux_Fl; represents the Focal-Loss for the auxiliary training head,
and Aux_DI; represents the Dice-loss for the auxiliary training head. By
integrating multi-level features through multiple auxiliary training
heads and programmable gradient branches, it can enhance the training
stability with severely imbalanced positive and negative sample ratios,
and improve the model's overall perception capabilities. By adding Dice-
loss to the final output layer, the model can be controlled to reduce the
probability of false detections around the pixels in the shadow area,
which can improve segmentation precision.

2.3. Shadow recovery model

The shadow recovery model requires a larger receptive field, even a
global receptive field. The recovery process not only aims to increase the
average brightness of the shadow area but also enhances the smoothness
of pixel gradients by utilizing external features from other regions in the
image. Early retinal diseases often manifest as small hole regions in
images, which can easily be confused with shadow parts, thereby
affecting diagnosis [32]. Therefore, the model needs to possess the
ability to perceive global structures, communicate with surrounding
pixel information, and interact with information at different scales.
Research based on the Vision Transformer (ViT) model architecture has
demonstrated that Q (query vectors), K (key vectors), and V (value
vectors) in image encoding can effectively acquire global perception
capabilities [33,34]. Due to the high computational complexity of ViT
and its lack of multi-scale interactive information, this work proposes
the OSRNet model by utilizing window multi-head self-attention (W-
MSA) and shifted window multi-head self-attention (SW-MSA), to ach-
ieve feature interaction at different scales (as shown in Fig. 4). Then, the
model utilizes auxiliary training heads achieving efficient reverse
gradient propagation through the splitting and recombination of infor-
mation across different dimensions of image encoding vectors. During
model training, auxiliary training heads are once again introduced to
continuously correct the gradient descent direction of the prediction
head.

Based on the concept of ShadowFormer [22], the model framework
adopts an encoder-decoder structure. The input image to the encoder
part is a combination of the original image and a binary mask aiming to
constrain the model. The input image undergoes dimensionality trans-
formation in the first layer, encoding the image into feature vectors. The
second and third layers consist of a attention module for more infor-
mation interaction, followed by downsample to increase the model's
receptive field. The channel attention module incorporates channel
normalization, channel attention mechanisms, dropout strategies, and
residual connections. These elements help prevent overfitting while
ensuring that information is not lost. The fourth, fifth and sixth layers
consist of interaction modules based on W-MSA and SW-MSA for shadow
and non-shadow area. These layers further enhance the model's ability
to extract features from different scale feature maps and global infor-
mation by intra-window self-attention and inter-window cross-atten-
tion. The decoder is the reverse upsample process of the encoder, with
information transfer achieved through feature map matching. Finally,
the output encoding layer converts the image feature vectors back into a
two-dimensional image. The encoder-decoder structure also involves a
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Fig. 4. Shadow recovery model. The CBLiner, CBFuse, and Silence layers are maintaining the same structure as the shadow segmentation model.

process of forward and backward propagation of feature maps. There-
fore, we use the auxiliary training heads to achieve multi-level feature
interconnection. This mechanism fully leverages the encoder and de-
coder's ability to understand global information in the image during the
training phase. By utilizing auxiliary training heads and branches, the
model can learn global and local information efficiently, and enhance
generalization capabilities.

During the model training process, the label image is a multi-channel
image with the same width and height as the input image. Therefore, the
model output and label (Xout, Xiapel) € RF*W*3, and the loss between
them is calculated as follows:

(X0 —Yn)? + &
N

N (10)

/S (xr.y) = Z
where N represents the total number of batches per iteration, where x;,
and y, denote the model's output and label values for the Nth batch. Due
to the inclusion of an auxiliary training head, the total loss calculation
formula for the model is as follows:

n=1

K
Cos(x,y) =D, [/s(x,y) +Aux/s(x,y)] an
where K represents the number of auxiliary training heads, here K = 1.
Aux_/s(x,y) denotes the model loss corresponding to the auxiliary
training head.

2.4. Train strategy

2.4.1. Segmentation model train strategy

This research trains a blood vessel shadow segmentation model on
1440 ocular images across four categories to enhance its robustness for
B-scan images. The dataset is partitioned into a training set and a vali-
dation set at an approximate ratio of 7:3. Additionally, negative back-
ground images containing no shadow areas are explicitly incorporated

into the dataset to improve the model's generalization capability and
mitigate false positives. Once trained, this model is deployed to predict
and provide precise shadow masks for the downstream shadow recovery
task on B-scan images.

2.4.2. Shadow recovery model train strategy

The recovery of B-scan shadow areas is accomplished using a shadow
recovery model optimized via a two-step training strategy: generic
pretraining and domain-specific finetuning. Both stages require shadow
masks to guide the illumination restoration process.

Step 1 (Generic Shadow Recovery Pretraining): The recovery model
is pretrained from scratch on 1870 real-world natural image pairs from
the public ISTD dataset. This stage utilizes the paired shadow masks
provided by the dataset, enabling the network to learn fundamental
pixel interactions and illumination compensation mechanisms between
shadow and non-shadow regions in the real world. Step 2 (Domain-
Specific Finetuning on Simulated Shadows): Based on the observation of
actual B-scan images, shadow regions typically manifest as thin, vertical
stripes with irregular, curved boundaries rather than straight rectan-
gular shapes due to the interference of adjacent tissue structures.
Therefore, an artificial shadow simulation method is proposed to
construct thin stripes with irregular curved boundaries according to the
following formula. The model inherits the pretrained weights from Step
1 and is finetuned on this synthesized paired B-scan dataset using the
generated simulation masks, thereby successfully transferring the
generalized restoration capability from natural scenes to achieve precise
shadow removal in medical B-scan images.

Scontur = {(xlv.yl))
X; = cx + [rx + Asin(f0;)]sin(6;)

¥i = ¢y + [ry + Acos(f6;)]cos(6;) 12
0 = %,i €O0,N+1)
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where Sconur is the set of generated contour points, (xl-, yl-) is a specific
generated contour point, A is a random number controlling the ampli-
tude of the contour, fis a random number controlling the rate of contour
variation, (cx,xy) is the randomly initialized center point, (rx,ry) is the
fluctuation radius. The comparison of the generated region contours is
shown in Fig. 5. Then, different brightness values are assigned to the
generated regions. Gaussian blur is applied to the filled regions to
simulate the unevenness of brightness, as shown in the following
formula:

{ Sarea = Grernd © Xmask

13
Xin = (O 1)Sarea'XOrignal ( )

where Sy, denotes the unevenly shaded filled area, G denotes the
Gaussian kernel, X denotes the uniformly shaded area, Xoigna de-
notes the original image data. We train the model to recover the struc-
ture of B-Scan images with the artificial shadow.

2.5. Train setup

The experiments presented in this study were conducted using a
server equipped with two A100 (40G) GPUs, running a Linux operating
system. The implementation was performed in Python(3.8.16), utilizing
the PyTorch(1.10.1) deep learning framework. Details regarding the
training hyperparameters for the two-stage model can be found in
Table 1. To minimize the impact of random initialization on the model's
performance, each experiment was repeated multiple times with a fixed
random seed of 1234, and the results were averaged to provide a more
robust evaluation. In this research, OSSNet is trained for 200 epochs
with input images of size 512 x 512 and each epoch involves a batch size
of 16. The initial learning rate (Init_Ir) is set to 1e-4, and the minimum
learning rate (Min_Ir) is calculated as the Init_Ir multiplied by 0.01.
During the training process, Adam is selected as the model optimizer,
with a momentum of 0.9 and a weight decay of 0.01. The learning rate
decay schedule employed is cosine annealing. The training duration for
OSRNet is 400 epochs, with input images sized at 512 x 512 and each
epoch processes a batch size of 16. During the training process, Adamw
is chosen as the model optimizer, with a weight decay of 0.02 and the
initial learning rate is set to 2e — 4.

2.6. Dataset

The ocular shadow area segmentation dataset constructed in this
research is based on the OCT2017 dataset. We selected 1440 high-
quality images as shadow segmentation training and testing samples.
Then, we employed the natural shadow images from the ISTD dataset for
transfer learning. Meanwhile, we collected 400 phantom eye images to
construct a novel shadow dataset incorporating realistic light intensity

! Artificial

Fig. 5. Comparison of artificially generated shadow regions with actual
shadow regions. The first row of images in the figure shows the actual shadow
regions in B-Scan images, and the second row of images shows the artificial
shadow regions.
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Table 1
Hyperparameter settings for model training.
Model Name Hyperparameter Value
OSSNet Epoch 200
Batch_size 16
Init_Ir le-4
Min_Ir Init_Ir * 0.01
Optimizer Adam
Momentum 0.9
Weight_decay 0.01
Lr_decay_type cos
OSRNet Epoch 400
Batch_size 16
Init_Ir 2e-4
Weight_decay 0.02
Optimizer Adamw

attenuation along with corresponding ground-truth labels. Finally, we
evaluated and analyzed the shadow recovery performance of the model
across three datasets, the details of which are presented in Table 2.

2.7. Compared method

In the task of B-Scan shadow detection, there is no research about
establishing the model for shadow segmentation. Therefore, this
research selects the most common and latest models in the medical field
for comparison:Resnet-50,U-Net [35] (Baseline model), DeeplabV3+
[36], U-Net++ [37], LightReSeg [38], DA_Transunet [39], RelayNet
[40], EMVNet [41], OSMGUnet [42], MK_Unet [43].

For the task of shadow recovery in B-Scan images, the publicly
available method currently is the adaptive compensation algorithm
based on pixel statistics. Therefore, this paper selects methods based on
advanced generative models and pixel statistics for comparison:
Compensation [44], OCT-GAN [16], MISF [45], Shadowformer [22]
(Baseline model).

3. Results and discussion

This section presents the experimental results of the two-stage model
for segmentation and recovery tasks. We further elaborates on the fac-
tors that affect model performance, as well as a general approach for
shadow recovery tasks in B-Scan images.

3.1. Shadow area segmentation

This research trains a segmentation model based on the backbone
feature extraction network ResNet50 and compares it with commonly
used models in the medical field. And then, we reveal the factors that
influence the segmentation accuracy of ocular B-Scan images. The per-
formance parameters of the various models are compared in Table 3.

In Table 3, the model with the best performance is indicated in bold
font. mloU (Mean Intersection over Union) can comprehensively
consider the pixel-level prediction accuracy of the model. It provides a
fair evaluation of the model's performance in handling targets of
different categories and sizes. Its calculation formula is as follows:

TP
mloU = —————— (14
TP + FP + FN

Table 2

Details of the datasets.
Name Number
0OCT2017 1440
EYE FOUNDS 1113
OCT DL 2064
ISTD 1870
Phantom 400
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Table 3

Comparison of shadow segmentation models.
Model mloU?t MP? MR1T mDicet
ResNet-50 78.04 86.67 85.49 85.42
U-Net 77.91 86.54 85.18 85.85
DeeplabV3+ 77.03 87.13 83.32 85.12
U-Net++ 78.16 86.00 86.11 86.05
DA _Transunet 77.75 86.23 85.22 85.72
RelayNet 78.12 86.31 85.73 86.02
EMVNet 67.42 68.87 91.80 75.95
OSMGUnet 77.69 86.03 85.31 85.67
LightReSeg 77.76 85.28 86.19 85.73
MK _Unet 77.69 85.68 85.64 85.66
OSSNet 79.07 87.56 86.23 86.69

where TP represents True Positives, FP represents False Positives, and FN
represents False Negatives. The model is evaluated by calculating the
comprehensive recognition ability of positive and negative samples. MP
(Mean Precision) reflects the model's ability to recognize positive sam-
ples. MR (Mean Recall) reflects the model's coverage of positive samples.
mDice (Mean Dice coefficient) measures the overlap between the pre-
dicted results and the ground truth labels.

According to the data in Table 3, the proposed method achieves the
highest mIoU of 79.07% and the highest mDice of 86.69%. Compared
with the baseline ResNet-50 model, which yields an mIoU of 78.04%, an
MP of 86.67%, an MR of 85.49%, and an mDice of 85.42%, the proposed
framework exhibits a consistent performance improvement across these
evaluated metrics. Furthermore, the integration of the multi-scale
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training strategy allows the network to learn feature representations
across varying receptive fields. This explicit scale-invariant learning
alleviates the performance degradation caused by the substantial size
variations of retinal vascular shadows, thereby adapting to both large
localized trunk shadows and fine-grained peripheral shadow zones. This
comparison indicates that the model has a higher recognition accuracy
for positive samples. Through comparisons between the other models, it
is observed that the model possesses reliable shadow tracking capabil-
ities. This model demonstrates accurate recognition in shadow seg-
mentation tasks for different types of ocular B-Scan images (as shown in
Fig. 6).

By comparing the segmentation results depicted in Fig. 6, it is
evident that the method proposed achieves a high accuracy in delin-
eating shadow areas. This observation aligns with the performance in-
dicators presented in Table 3. During the segmentation process, our
proposed method demonstrates improved accuracy in classifying pixels
located at edges and exhibits enhanced discriminative capability when
distinguishing structural areas that resemble shadows. However, a
qualitative analysis reveals that all models encounter errors in
misidentification and non-identification during the segmentation task.
The causes of these errors can be attributed to the following three fac-
tors: Small proportion of shadow areas: For B-Scan images, the pixel
occupied by shadow areas constitutes approximately 1% of the total
image. When averaged across individual shadow areas, the pixel pro-
portion becomes even smaller. This presents a challenge for small object
recognition, as models can readily fall into local minima during the
recognition process. Notably, when focal loss and Dice loss strategies

Unet++
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Fig. 6. OSSNet segments shadow areas of different B-Scan images. The green regions in the figure represent the intersection of the label areas and the model's
predicted results. The red areas indicate the label areas not successfully predicted by the model. The yellow regions represent pixels that are not present in the label

areas but are predicted by the model.
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were not incorporated into our training process, the model resorted to
predicting the entire image as background to maintain accuracy. It leads
to erroneous convergence and model failure due to the inability of the
gradient descent strategy to constrain the model effectively. Confusion
between retinal structure and shadows: Retinal B-Scan images are
grayscale representations that solely depict the reflection intensity of
tissue layers after Fourier transform of interference spectra. Conse-
quently, areas with weak reflection intensity, such as retinal fluid
accumulation, exhibit features akin to vessel shadows, thereby inducing
segmentation errors in the model. Light intensity attenuation: The
principle of OCT imaging involves the reconstruction of images through
mathematical operations based on the reflection of incident light.
However, the intensity of the incident light diminishes due to absorption
by tissues. This results in the obscuring of features at the boundaries of
shadow regions, rendering them difficult to segment accurately.

In order to address the aforementioned issues, we propose the stra-
tegies of Focal Loss and Dice Loss to mitigate the challenges posed by the
small pixel proportion of shadow areas. By incorporating auxiliary
branch, we achieve skip connections for full-size feature maps, as
illustrated in Fig. 3. This can take the useful information from different
scale feature maps to the detection head. Finally, we enhance the seg-
mentation performance by establishing three-level auxiliary detection
heads. These auxiliary detection heads leverage combined multi-scale
feature maps to enable gradient mining across different scales, thereby
improving the distinction between tissue structures and shadow areas
and enhancing the ability to extract boundary features.

Lastly, through the analysis of segmentation results from 1440 ocular
B-Scan images, this research demonstrates that the auxiliary training
strategy constructed based on auxiliary detection heads can enhance the
efficiency of gradient backpropagation and improve the robustness of
the model.

3.2. Shadow area recovery

In this research, we train a recovery model based on the Encode-
Decode architecture and compare it with existing methods. This com-
parison aims to reveal the core challenges in the task of B-Scan image
recovery. The performance parameters are compared in Table 4.

In Table 4, MBDgrey (Mean Brightness Difference within the Mini-
mum Bounding Box) represents the average brightness deviation
calculated only within the shadow recovery area (as shown in Fig. 7),
which is a direct expression of the brightness improvement in the area.
SSIMotal (Structure Similarity Index Measure for the Total Image) in-
dicates the structural similarity between the output image of the model
and the original image, reflecting the model's ability to preserve the
original image's structure and brightness invariance. SSIMe, represents
the Sobel edge structural similarity calculated exclusively within the
localized minimum bounding boxes. Crucially, the spatial position and
boundaries of each bounding box are dynamically determined by the
shadow masks predicted in Stage 1, which strictly constrains the eval-
uation to the affected regions and maximizes the suppression of back-
ground pixel dilution. Sobel edges are extracted because they are
invariant to localized image brightness variations induced by illumina-
tion compensation, thereby capturing the intrinsic structural edge fea-
tures. Consequently, this target-specific metric eliminates non-shadow
background interference and provides the most direct assessment of the

Table 4

Comparison of Shadow Recovery Models.
Model MBDarea® SSIMotar SSIMareal RMSEqreal
Compensation — 0.620 — —
OCT-GAN — 0.470 — —
MISF — 0.852 0.821 —
Shadowformer — 0.875 0.877 —
OSRNet 21.13 0.999 0.953 27.06
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Fig. 7. Minimum Bounding Box of the Shadow Area. (a) Shows the Sobel edge
image of the shadow area. The Sobel edge structural similarity within the red
rectangular box in (b) is calculated as SSIM,ye,, (c) is the original image of B-
Scan, and the RMSE,,, of pixel brightness is obtained by comparing it with the
bounding box area (d) is the original image of (b).

morphological fidelity and continuity of anatomical layer structures
between the recovered regions and the original tissue matrix. RMSEarea
represents the brightness error between each pixel in the recovery
shadow area within the minimum bounding box and the corresponding
pixel in the original image, directly reflecting the model's shadow re-
covery capability. In Table 4, “—” indicates that the value is unavailable
or meaningless. Among the aforementioned metrics, SSIM is the
parameter that comprehensively assesses the model's recovery perfor-
mance, and its calculation formula is as follows:

<2ﬂxﬂy + C1> (205 +C2)

P e o) (@t g ra)

(15)

where y, and p,, denote the mean values of images x and y, which reflect
the brightness information of the images. ¢2 and oﬁ represent the vari-
ances of images x and y, which indicate the contrast information. oy,
denotes the covariance between images x and y, which reflects the de-
gree of structural similarity between the two images.

Based on the quantitative analysis presented in Table 4, several key
insights can be observed regarding the trade-off between targeted
enhancement and structural distortion. Our method achieves competi-
tive values on both structural and brightness restoration metrics, vali-
dating its design. A further comparison with traditional compensation
methods shows that by leveraging the segmentation mask from our
model, we can precisely localize shadow regions. This strategy effec-
tively minimizes the unintended alterations in non-shadow areas,
thereby preserving a high degree of structural similarity. This localized
advantage is particularly evident when compared against GAN-based
generative approaches, such as OCTGAN. Because GAN-based methods
typically apply global reconstructions, they tend to yield a lower level of
structural similarity, indicating that they frequently introduce struc-
turally inconsistent features in non-shadow regions and fail to preserve
critical anatomical edges. Moreover, in comparisons with other mask-
based methods such as MISF and ShadowFormer, our approach ex-
hibits more localized and structurally constrained capabilities for
shadow restoration. While ShadowFormer leverages the global context
of a Transformer mechanism to maintain a relatively high structural
similarity (an SSIMoa1 Of 0.875), its performance remains constrained;
without multi-scale loss constraints and effective domain adaptation
strategies, Transformer-based restorations are highly susceptible to the
interference of surrounding high-intensity vascular pixels and inherent
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speckle noise, which degrades their restoration fidelity. In contrast, our
framework maintains strict structural integrity across both the original
image and the restored regions, effectively suppressing ungrounded
feature hallucination. This is rigorously evidenced by the baseline
SSIMotal Of 0.953.

As evidenced by the comparative results in Fig. 8, the proposed
method excels in preserving the global structural fidelity of the image,
thereby achieving a SSIMqtq of 0.99. Furthermore, within the restored
shadow regions, our approach effectively maintains the natural intensity
contrast between retinal layers, moving beyond a simple uniform in-
crease in pixel values. Notably, it demonstrates superior capability in
handling structural edges, successfully restoring the shaded areas while
preserving edge sharpness. This results in significantly improved visi-
bility of the underlying layer structures beneath the blood vessels. This
finding underscores the critical importance of precise vessel region
localization for successful shadow restoration in retinal images. To
further address the critical distinction between physical enhancement
and generative hallucination—a paramount concern in medical imaging
safety—we conduct a granular comparative analysis against existing
GAN and Transformer architectures. Specifically, while OCTGAN can
effectively recover pixel intensity within vessel shadows, its visualized
Sobel edge profiles exhibit a pronounced discrepancy compared to the
authentic ground-truth structures, indicating a tendency toward gener-
ating visually plausible yet anatomically incorrect hallucinations.
Meanwhile, the Transformer-based ShadowFormer tends to introduce
chromatic-like boundary artifacts at shadow edges, and as highlighted
by the heatmap in the red dashed box, its internal layer attention is
overly concentrated on isolated high-brightness edges. In contrast, by
introducing a multi-scale auxiliary gradient framework, our method
adaptively balances the contributions of high-contrast boundaries and
their surrounding contextual pixels, effectively eliminating non-existent
artifacts and structural hallucinations to deliver superior, anatomically
faithful restoration.
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3.3. Effectiveness verification of phantom eye

To validate the efficacy of the proposed method in preserving
structural consistency within shadow regions, a labeled paired dataset
was constructed under measured optical attenuation using a phantom
eye. To mitigate the confounding effects of optical dispersion and optical
path length on the structural integrity of the pairs, a 5um thick atten-
uation film was employed to locally attenuate the B-scan measurement
beam, thereby simulating the localized light intensity attenuation
induced by retinal blood vessels. On this dataset, a comprehensive
quantitative and qualitative evaluation of existing methods was con-
ducted. The quantitative comparison results are summarized in Table 5,
where MBDy;, RMSEg, and SSIMota) g: denote the MBD, RMSE, and SSIM
calculated over the entire image relative to the ground truth (GT), while
SSIMarea g represents the SSIM specifically computed within the shad-
owed area.

As indicated by the data in Table 5, due to the temporal interval
between the acquisition of the ground truth and the shadowed images,
the variations in speckle distribution (speckle decorrelation) inevitably
affected the calculation of structural similarity, leading to an overall
decrease in the metric values. Nevertheless, the quantitative results in
Table 5 demonstrate that our method achieves the state-of-the-art per-
formance among all competing methods. It effectively recovers shad-
owed regions while superiorly preserving the structural consistency of
non-shadowed areas; furthermore, the structures within the restored

Table 5

Comparison of Shadow Recovery Models on Phantom Eye.
Model MBDyg,| SSIMiotal_giT SSIMarea gt RMSEg|
Compensation 16.55 0.611 0.348 40.07
OCT-GAN 13.20 0.499 0.318 43.58
MISF 10.08 0.817 0.476 37.74
Shadowformer 9.830 0.821 0.694 31.13
OSRNet 8.596 0.932 0.818 28.69
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Fig. 8. Comparison of the shadow restoration results. The green and red dashed boxes highlight the Sobel edge map of the shadow region and the difference map
between the restored and original shadow areas, respectively. In the difference map, higher intensity signifies a larger error.
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regions closely approximate the ground-truth images. Consequently, our
method yields the optimal SSIMota) g¢ Of 0.932 and SSIMea gt Of 0.818.
This outcome aligns consistently with the performance trends observed
in real human eye shadow recovery, further substantiating the efficacy
of the proposed method.

From a qualitative perspective, as illustrated in Fig. 9, the images
restored by the proposed method are visually closer to the ground truth.
Furthermore, the Sobel edge maps reveal that our method successfully
preserves the edge sharpness and structural integrity of the scattering
particles inside the phantom eye during the restoration process. In
contrast, GAN-based methods exhibit poor preservation of edge struc-
tures within the shadow regions, introducing structural artifacts (false
information). Both Shadowformer and MISF suffer from speckle-induced
edge artifacts, as indicated by the green arrows. Although the
Compensation method enhances the brightness in shadowed areas, it
amplifies the contrast of high-intensity pixels and compresses the dy-
namic range of the image, ultimately leading to localized pixel over-
exposure. Therefore, by constructing paired shadow and shadow-free
images featuring realistic light intensity attenuation, we further validate
the efficacy of the proposed method from both quantitative and quali-
tative perspectives.

3.4. Ablation study

To validate the individual contributions of the transfer learning
strategy and the auxiliary training branch to the shadow restoration
results, we conducted ablation studies by incrementally adding each
component to the baseline model. The experimental results are pre-
sented in Table 6, where “Baseline” denotes the model trained solely on
synthetic shadow data, “T” indicates the model incorporating the
transfer learning strategy, and “Aux.” refers to the model enhanced with
the auxiliary training head.

A comparison of the data in Table 6 indicates that training exclu-
sively on a dataset with artificial shadows is insufficient to perfectly
simulate the pixel distribution of vascular shadows, consequently lead-
ing to low global and regional structural similarity. After transfer
training, the model gains a better understanding of the pixel distribution
in shadow regions, thus achieving higher structural similarity. Finally,
with the addition of the auxiliary training head, gradients are propa-
gated more effectively during the training process, which further im-
proves the accuracy of shadow restoration. The model utilizing transfer
learning and the auxiliary training head showed the best performance on
all three datasets. It achieved the best restoration of pixel values in the
retinal shadow areas, with the greatest improvement in terms of both
MBD and RMSE.

A qualitative analysis from the comparative results in Fig. 10 shows
that the original baseline method processes the overall image pixels,
which increases the pixel values in noisy areas and leads to a reduced
signal-to-noise ratio. It also lacks processing of the contrast relationships
between layers in the restored structural areas. After introducing
transfer training, the model's performance improved significantly. It
could capture the characteristics of shadow areas and effectively restore

Raw GT Ours

Shadowformer
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Table 6
Ablation study results.
Dataset Model MBDgrea?  SSIMiotait  SSIMarea?  RMSEgpeal
0OCT2017 Baseline — 0.875 0.877 —
Baseline + T 19.93 0.996 0.947 25.52
Baseline + T 21.13 0.999 0.953 27.06
+ Aux
EYE Baseline — 0.837 0.920 —
FOUND Baseline + T 34.16 0.995 0.941 37.89
Baseline + T 36.73 0.997 0.944 40.03
+ Aux
OCT DL Baseline — 0.954 0.961 —
Baseline + T 26.43 0.991 0.974 33.37
Baseline + T 28.74 0.997 0.982 36.15

+ Aux

them when processing global pixels. However, due to the single detec-
tion head, the model gradients were not fully utilized, resulting in
weaker capabilities for restoring inter-layer structures and minute intra-
layer structures. When the auxiliary training head was added, the
restoration of these structures improved. This enhancement allows the
model to restore obvious structural locations while simultaneously
maintaining an increase in contrast within the layers, thus strengthening
the comparative ability of the results.

3.5. Recovery area segmentation

To verify the impact of shadow recovery on the accuracy of retinal
layer segmentation measurements, this research validates the experi-
mental results using a graph-theory-based segmentation method [46]
commonly employed in the medical field. By comparing the RPE-
Choroid layer segmentation fitting curves before and after recovery in
Fig. 11, we observe that the segmentation algorithm is prone to de-
viations from the layer boundaries due to the influence of shadows when
the shadow area spans a large area. When the brightness in the shadow
area is very low, the image segmentation effect is also significantly
affected. Notably, the impact is more pronounced when the shadow area
is located at the edge of the image on both sides. These issues are caused
by the segmentation algorithm, which identifies pixels belonging to the
same boundary edge and detects grayscale changes between adjacent
pixels in the image to achieve segmentation. This confirms that the
recovered shadow area contains more usable information, enabling
more precise measurement indicators.

4. Conclusion

In summary, through a comparison of various methods, it can be
concluded that traditional approaches lack robustness in handling
shadow regions, failing to maintain the consistency of the overall
structure and content of the image. This limitation affects the accuracy
of subsequent B-Scan image detection metrics. On the other hand,
methods based on deep learning neural networks exhibit stronger
robustness and generalization capabilities, minimizing the impact on the

MISF OCTGAN
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. Comparison of shadow recovery performance on phantom eye images. The green and red dashed boxes share the same meaning as in Fig. 8.
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Fig. 11. Comparison of RPE-choroid layer segmentation before and after recovery.

original image to the greatest extent. However, to date, methods for
shadow area recovery in OCT B-Scan images remain in the exploratory
stage. Previous studies have generally employed generative techniques
to directly redraw the shadowed areas, just like GAN. While this
approach makes the image appear more natural, it results in the loss of
structural pixel information behind the vascular shadows, rendering it
ineffective for the recovery of subtle lesions that may exist within the
shadowed areas.

Therefore, this paper proposes a two-stage model comprising seg-
mentation and recovery processes to accurately locate shadow areas.
Building upon this, the model leverages the global receptive field ca-
pabilities of the transformer mechanism to enable information exchange
between shadow pixels and surrounding pixels. The segmentation phase
enhances a binarized mask, which is then used for precise recovery of
the shadow regions, ensuring minimal alteration to the original image
structure while enhancing the pixel brightness of the shadowed areas.

11

Notably, the auxiliary training strategy proposed in this study improves
the model's accuracy by providing multi-head gradient information
during the training phase, enabling highly competitive segmentation
accuracy and structural similarity across the evaluations in Tables 3 and
4. During the inference phase, a pruning strategy is employed to elimi-
nate the auxiliary branches, maintaining the same number of parameters
as the baseline model while improving inference speed. Our work pro-
vides a novel approach for future research on B-Scan shadow recovery,
focusing on recovering the image by leveraging the pixel structure of the
shadowed areas rather than simply redrawing them.

In future work, we will explore models with higher accuracy and
methods to simulate vascular shadows better, aiming to achieve
improved restoration results. Admittedly, our current shadow simula-
tion approach has certain limitations in capturing the full complexity of
true OCT attenuation. To address this, we will incorporate the attenu-
ation design of the ocular and optical systems and simulate the
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absorption effects of blood vessels, thereby further exploring shadow
simulation methods that better align with fundus vasculature. This will
enhance the quality of B-Scan images and provide greater convenience
for clinical applications.
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