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Retinal vessel segmentation is essential for the diagnosis and treatment plan-
ning of retinal diseases, yet remains challenging due to weak edges, tiny
branches, and complex background textures. In this paper, we propose Frac-
SegNet, a deep segmentation network that integrates fractional-order modeling
at the preprocessing, feature extraction, and loss levels to improve the conti-
nuity and robustness of retinal vessel extraction. First, a Grünwald–Letnikov
fractional differential operator is used to generate multi-directional edge re-
sponses, which are concatenated with the original fundus image to form an
augmented multi-channel input. Second, adaptive fractional-order convolution
blocks are embedded into a U-Net–like encoder–decoder architecture, where
learnable order weights dynamically fuse integer-order and fractional-order re-
sponses, enabling simultaneous modeling of local details and long-range de-
pendencies. Third, a composite loss is designed by combining Dice loss, total
variation (TV) regularization, and a fractional gradient constraint that en-
forces consistency between the fractional-order gradients of the prediction and
the ground truth. Experiments on the DRIVE, STARE, and CHASE DB1
datasets demonstrated that FracSegNet achieved competitive or superior per-
formance compared with state-of-the-art methods, with F1 scores above 0.83
and clear improvements in edge continuity and fine-branch preservation. These
results indicate that fractional-order modeling provides an effective and gener-
alizable paradigm for segmenting weak edges and delicate vascular structures
in medical images.
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1. Introduction

Retinal vessel segmentation is fundamental for
early diagnosis, treatment planning, and progno-
sis assessment of various fundus diseases, includ-
ing diabetic retinopathy and glaucoma. Public
datasets, such as the Digital Retinal Images for
Vessel Extraction (DRIVE), the Child Heart and
Health Study in England (CHASE DB1), and the
Structured Analysis of the Retina (STARE), pro-
vide high-resolution retinal images with pixel-wise

annotations, which have greatly facilitated the de-
velopment and benchmarking of vessel segmenta-
tion algorithms. However, tiny vessel branches,
weak edges, and complex background textures
still pose significant challenges, often leading to
fragmented, discontinuous, or inaccurate segmen-
tation results.1

Traditional methods based on thresholding,
region growing, and level sets struggle to handle
low contrast and imaging noise in a fully auto-
matic and robust manner. With the rapid de-
velopment of deep learning, convolutional neu-
ral networks (CNNs),2 especially U-Net3 and its
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variants, have become the de facto standard for
medical image segmentation. U-Net leverages an
encoder–decoder architecture with skip connec-
tions to fuse multi-scale features and has achieved
remarkable performance across many tasks. Nev-
ertheless, standard convolutions are inherently lo-
cal, and their limited receptive fields restrict the
ability to model long-range dependencies, which is
critical for preserving the continuity of extremely
thin vessels and weak boundary regions.4,5

In recent years, with the rapid development
of deep learning, CNNs have become the main-
stream method for medical image segmentation,4

with U-Net and its variants being the most
representative.5 U-Net leverages an encoder–
decoder architecture with skip connections to
perform end-to-end predictions from pixel-level
to semantic-level representations, enabling multi-
resolution feature fusion and achieving remark-
able performance across various medical segmen-
tation tasks. Nevertheless, the limited receptive
field of standard convolutions restricts their abil-
ity to model long-range dependencies, making it
difficult for U-Net and its derivatives to maintain
structural continuity and completeness when han-
dling extremely thin vessels and weak boundary
regions.

To overcome the limitation of local receptive
fields, researchers have recently introduced the
global self-attention mechanism from transform-
ers into visual segmentation tasks.6 Self-attention
allows for modeling long-range dependencies be-
tween any pair of pixels in an image, address-
ing the lack of global context in purely convo-
lutional architectures. Vision Transformer (ViT),
a pioneering model that applies a transformer to
visual recognition,7 has shown superior perfor-
mance across various classification and segmen-
tation benchmarks. Subsequently, hybrid CNN–
transformer architectures, such as TransUNet8

and TransNorm,9 have been proposed, demon-
strating improved results in medical segmentation
tasks, including chest computed tomography and
brain magnetic resonance imaging.10

However, pure transformer modules often suf-
fer from high computational cost and limited
sensitivity to local details, leading to a trade-
off between accuracy and efficiency when deal-
ing with delicate structures. On the other hand,
fractional calculus has demonstrated unique ad-
vantages in image enhancement, texture analy-
sis, and edge detection due to its inherent non-
locality and memory characterization. For exam-
ple, Zhang et al.11 employed fractional differential
filters for edge enhancement, while Liu et al.12

proposed fractional gradient regularization to ef-
fectively suppress noise. Nevertheless, deep in-
tegration of fractional operators with deep neu-
ral networks remains scarce and lacks systematic
frameworks.

Recently, fractional calculus has attracted
increasing attention in combination with deep
learning and computer vision, due to its inher-
ent non-locality and memory properties. Several
studies have explored the use of fractional-order
operators for image enhancement, denoising, and
segmentation within neural network frameworks,
showing that fractional derivatives can comple-
ment standard convolutions by emphasizing long-
range dependencies and high-frequency struc-
tures. These works provide an important theoret-
ical foundation for our design of fractional differ-
ential preprocessing, adaptive fractional convolu-
tion, and fractional gradient-based regularization
in FracSegNet.13–15

Meanwhile, a variety of CNN-based and hy-
brid CNN–transformer architectures have been
proposed for retinal vessel segmentation and gen-
eral medical image segmentation. Transformer-
enhanced U-shaped models, such as Swin-UNet,
TransAttUnet, and other ViT variants, have
demonstrated strong capabilities in modeling
global context. At the same time, recent retinal
vessel networks combine multi-scale CNNs with
attention mechanisms and context-aware mod-
ules to better capture thin vessels and com-
plex backgrounds.16–19 Our work complements
these approaches: instead of focusing solely on
self-attention, we explicitly introduced fractional-
order modeling at multiple levels of the network
to improve weak-edge continuity and fine-branch
preservation.

To address these issues, we propose FracSeg-
Net, a retinal vessel segmentation network that
integrates fractional-order modeling at three lev-
els: (i) a fractional differential preprocessing step
that enhances weak edges by concatenating multi-
directional fractional gradient responses with the
original fundus image; (ii) adaptive fractional-
order convolution blocks embedded in a U-Net–
like encoder–decoder to dynamically fuse integer-
order and fractional-order features via learnable
order weights; and (iii) a composite loss that in-
corporates a fractional gradient constraint in ad-
dition to Dice loss and TV regularization, enforc-
ing structural consistency in the fractional-order
domain. This unified framework aims to simul-
taneously improve edge continuity, fine-branch
preservation, and robustness to complex textures.

The remainder of the paper is organized as
follows: Section 2 introduces the architecture of
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FracSegNet, its core modules, and the design of
the loss function. Section 3 presents the experi-
mental setup, quantitative comparisons, ablation
studies, and visualization results. Section 4 dis-
cusses the results and future research directions.
Section 5 concludes the paper.

2. Proposed method

It is important to clarify that the novelty of
this work lies not in deriving a new fractional-
derivative formula, but rather in integrating the
classical Grünwald–Letnikov operator into a mod-
ern deep segmentation framework at multiple lev-
els. Specifically, we (i) used multi-directional frac-
tional differential filtering to generate structure-
enhanced edge maps that are concatenated with
the Red–Green–Blue channels, a three-channel
color model widely used to represent color images,
(ii) embedded adaptive fractional convolution
blocks into each encoder–decoder stage so that
the network can learn to balance integer-order
and fractional-order responses through trainable
fusion coefficients, and (iii) incorporated a frac-
tional gradient-consistent loss term that enforces
structural agreement between the prediction and
the ground truth in the fractional-order domain.
To the best of our knowledge, such a unified and
deeply integrated use of fractional calculus for
retinal vessel segmentation has not been reported
previously. The overall architecture is illustrated
in Figure 1.

As shown in Figure 1, FracSegNet comprises
three main stages:
(i) Fractional-order preprocessing layer: Gener-
ates multi-channel inputs enhanced with edge in-
formation.
(ii) Encoder–decoder network: Embeds adaptive
fractional-order convolution modules.
(iii) Fractional-order constrained loss: Jointly
optimizes segmentation accuracy and boundary
smoothness.

2.1. Fractional differential enhancement

To strengthen weak vessel edges and global tex-
ture features, the original retinal image I ∈
RH×W×3 is first preprocessed using fractional-
order differentiation. The Grünwald–Letnikov
fractional derivative discrete approximation is uti-
lized, and its horizontal direction operation on the
pixel (x, y) is defined as:

GLDα
s I(x, y) ≈

N∑
k=0

(−1)k
(α
k

)
I(x− k, y) (1)

where α ∈ (0, 2) ,
(
α
k

)
= α(α−1)···(α−k+1)

k! , and typ-
ically N = 10. Similarly, calculations are per-
formed in the vertical direction. Based on the

above discrete formula, a 3 × 3 fractional-order
differentiation kernel can be constructed.

Gα =

 −w2 −w1 −w2

−w1 w0 −w1

−w2 −w1 −w2

 , w0 = 1 +
α

2
, w1

=
α

4
, w2 =

α (α− 1)

48
(2)

The fractional-order kernel Gα is convolved
channel-wise with the color image I to produce a
single-channel fractional-order edge response map
E ∈ RH×W . Subsequently, E is concatenated
with the original image I along the channel di-
mension to form a multi-channel input.

Iin = concat [I, E] ∈ RH×W×4 (3)

This module captures both local abrupt changes
and global texture correlations, providing richer
edge information for subsequent network process-
ing.

2.2. Overall network architecture

FracSegNet inherits the symmetrical encoder–
decoder structure from U-Net but replaces each
convolutional operation with an adaptive frac-
tional convolution block. Additionally, after skip
connections are concatenated with decoder fea-
tures, fractional-order operators are used again
to constrain boundaries, fully exploiting the non-
local properties of fractional calculus. The net-
work comprises the four main components:

(1) Encoder: Four-stage downsampling, each
containing two adaptive fractional convo-
lution blocks, followed by a 2×2 MaxPool
operation.

(2) Bridge layer: Two adaptive fractional
convolution blocks for deep feature extrac-
tion.

(3) Decoder: Four-stage upsampling, each
stage consisting of bilinear interpolation
(2× upsampling), concatenation with cor-
responding skip-connection features, fol-
lowed by two adaptive fractional convolu-
tion blocks.

(4) Output layer: A 1 × 1 standard convo-
lution and sigmoid activation to produce
pixel-wise segmentation probability maps.

The subsequent sections will elaborate on the
detailed implementation of the adaptive fractional
convolution block, encoder, and decoder.

2.2.1. Adaptive fractional-order convolution
block

The core idea of the Adaptive Fractional Convo-
lution Block lies in performing both integer-order
and fractional-order convolutions simultaneously
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Figure 1. FracSegNet model architecture
Abbreviation: G-L: Grünwald–Letnikov.

and dynamically fusing their responses through
a learnable weighting coefficient αt. Specifically,
given an input feature map F , the output of this
convolution block is expressed as follows:

Fout = ReLU

 Convint (F ; θint)︸ ︷︷ ︸
Integer−Order Convolution

+αt Convfrac (F ; θfrac)︸ ︷︷ ︸
Fractional−Order Convolution


(4)

where Convint denotes a standard 2D convolu-
tion with a kernel size of 3× 3, parameterized by
θint; Convfrac also uses a 3× 3 kernel but applies
Grünwald–Letnikov (G–L) fractional weighting to
the input features within the convolution window;
αt ∈ [0, 1] is a learnable scalar that is updated lin-
early or nonlinearly during training, controlling
the contribution of the fractional-order response;
ReLU refers to the standard rectified linear unit
activation function.
During backpropagation, the gradient of αt is di-
rectly propagated from the fractional branch.

∂L
∂αt

=
∑
i,j

δi,j [Convfrac (F ; θfrac)]i,j (5)

where δi,j is the error gradient backpropagated
from the upstream network (through ReLU and
subsequent layers), measuring the sensitivity of
the loss to the output at spatial location (i, j).

Convfrac (F ; θfrac) denotes the response value
of the fractional-order convolution branch at lo-
cation (i, j), representing the contribution of that
position’s fractional feature to the final output.

Regarding adaptive adjustment, by relying
directly on the contributions of fractional fea-
tures, the network can automatically learn the
optimal αt for each sample and layer, dynami-
cally balancing “memory effect” and local-detail
preservation. For a simplified update, the update

for αt requires no additional complex gradient
paths—it receives its signal directly from the frac-
tional branch, ensuring stable, and efficient learn-
ing. In terms of interpretability, after training,
examining the distribution of αt provides clear
insight into the model’s reliance on fractional fea-
tures under different conditions, guiding further
architectural refinement. All these enable the
network to adaptively adjust the importance of
fractional-order features.

2.2.2. Encoder design

In the encoder of FracSegNet, the input feature
maps are processed through a multi-scale hierar-
chical pipeline that combines progressive feature
extraction with downsampling, enabling the net-
work to simultaneously capture fine-grained de-
tails and global semantics.

Let the input feature map at the i-th
level (i = 1, . . . , 4) be denoted as Fi−1 ∈
RHi−1×Wi−1×Ci−1 The feature is first passed
through an Adaptive Fractional Convolution
Block (AFCB) to obtain an intermediate rep-
resentation:

F
(1)
i = ReLU

(
Convint

(
Fi−1; θ

i
int

)
+ αi

tConvfrac
(
Fi−1; θ

i
frac

) (6)

followed by a second convolution of the same
form:

F
(2)
i = ReLU

(
Convint

(
F

(1)
i ; θiint

)
+ αi

tConvfrac

(
F

(1)
i ; θifrac

) (7)

Here, Convint and Convfrac denote the integer-
order and fractional-order convolution operators,
respectively. The coefficient αi

t ∈ [0, 1] is a learn-
able fusion scalar that controls the balance be-
tween the two branches, while θifrac and θiint are
the corresponding kernel parameters.
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The resulting feature F
(2)
i is preserved for skip

connection to the decoder. To downsample the
spatial resolution, a 2× 2 max pooling operation
is applied:

Fi = MaxPool
(
F

(2)
i

)
∈ RHi×Wi×Ci , (Hi,Wi)

=

(
Hi−1

2
,
Wi−1

2

)
(8)

with the number of channels typically doubled,
i.e., Ci = 2Ci−1.

Constructed in this manner, the four-stage
encoder introduces long-range dependencies and
non-local features at each scale through adap-
tive fractional convolution, while preserving high-
resolution texture information via skip connec-
tions. This design enables the decoder to ef-
fectively fuse multi-scale features during spatial
resolution recovery, thereby significantly improv-
ing segmentation performance for weak edges and
thin vessel branches.

2.2.3. Bridge module design

The bridge layer in FracSegNet serves as a se-
mantic linkage between the encoder and decoder.
It is responsible for further abstracting and re-
organizing deep features, and its output directly
influences the decoder’s ability to capture global
contextual information.

FracSegNet employs two consecutive adaptive
fractional convolution blocks in the bridge layer,
similar to those used in the encoder. However, the
number of channels and the receptive field are de-
liberately increased at this stage to fully integrate
the multi-scale features aggregated from all pre-
ceding encoder levels.

Let the input to the bridge layer be the fea-
ture map output from the fourth downsampling
stage of the encoder, denoted as:

F4 ∈ RH4×W4×C4 (9)

Here, the dimensions are defined as
(H4,W4)= (32, 32) , C4= 512. The bridge layer
first applies an adaptive fractional convolution to
F4, computed as:

B(1) = ReLU
(
Convint

(
F4; θ

B
int

)
+ αBConvfrac

(
F4; θ

B
frac

) (10)

On this basis, a second convolution operation of
the same structure is performed:

B(2) = ReLU
(
Convint

(
B(1); θBint

)
+ αBConvfrac

(
B(1); θBfrac

) (11)

Here, θBint and θBfrac represent the integer-order and
fractional-order convolution kernel parameters in

the bridge layer, respectively, while αB ∈ [0, 1] is
a globally learnable fusion weight that dynami-
cally adjusts the balance between long-range de-
pendencies and local details during deep semantic
refinement.

To further enlarge the receptive field, both
convolutions in the bridge layer can adopt a di-
lated convolution version with a dilation rate
d> 1,

Conv
(d)
frac(X)i,j=

∑
p,q

Gα(p, q)Xi−dp,j−dq (12)

to better capture non-local information over a
larger spatial extent. The final output of the
bridge layer is:

B=B(2) ∈ R32×32×CB (13)

Here, CB can be set equal to C4 or further
doubled to enhance feature representation capac-
ity in the subsequent decoding stage. This de-
sign enables FracSegNet to effectively fuse global
long-range dependencies and local texture details
at the deepest level of the network, providing an
information-rich starting point for the decoder to
recover high-precision segmentation.

2.2.4. Decoder design

The decoder is symmetrical to the encoder and
also consists of four hierarchical stages. At each
stage j (j = 1, . . . , 4), spatial resolution is recov-
ered through the following process:

(1) Upsampling: The output Dj−1 from the
previous layer (with D0 being the bridge
feature B) is upsampled by a factor of 2

via bilinear interpolation to obtain D̃j

(2) Skip connection and concatenation: D̂j is
concatenated along the channel dimension
with the stored feature map S5−j from
the corresponding encoder stage, produc-
ing D̂j ;

(3) Adaptive fractional convolution: Two
consecutive adaptive fractional convolu-
tion blocks are applied to D̂j , yielding Dj .

Finally, the output D4 ∈ R256×256×C is passed
through a 1× 1 convolution to reduce it to a sin-
gle channel, followed by Sigmoid activation, re-
sulting in the pixel-wise segmentation probability
map P ∈ [0, 1]256×256.

2.3. Fractional gradient constraint

To improve segmentation accuracy while ensur-
ing geometric continuity of boundaries and sup-
pressing background noise, FracSegNet incorpo-
rates a composite loss function that combines con-
ventional region-based similarity (Dice Loss) and
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TV regularization with an additional fractional-
order gradient constraint term. The overall loss
function is defined as:

Ltotal = LDice+λ1LTV + λ2Lgrad (14)

where Ltotal denotes the overall loss, which jointly
optimizes region overlap, boundary smoothness,
and structural fidelity. LDice is the Dice loss, mea-
suring the overlap between the predicted mask P
and the ground-truth mask G. λ1 is the total
variation (TV) regularization weight—a nonneg-
ative hyperparameter that balances the influence
of the TV loss against the Dice loss. LTV is the
TV loss, which penalizes abrupt changes in the
prediction map to promote smooth boundaries
and reduce noise. λ2 is the fractional-order gra-
dient constraint weight—a nonnegative hyperpa-
rameter that balances the fractional gradient loss
against the other terms. Lgrad is the fractional-
order gradient loss, which enforces consistency be-
tween the fractional-order gradients of the predic-
tion and the ground truth, thereby enhancing the
preservation of fine structural details. Some terms
are described as follows:
(i) Dice loss:

LDice = 1−
2
∑

i,j pi,jgi,j∑
i,j pi,j+

∑
i,j gi,j

(15)

This term measures the pixel-wise overlap be-
tween the predicted probability map (p) and
the ground truth (g), effectively addressing
foreground–background class imbalance.
(ii) Total variation regularization:

LTV=
∑
ij

√
(pi+1,j−pi,j)2+(pi,j+1−pi,j)2 (16)

This term penalizes local gradient magnitudes in
the predicted map to suppress noise and irregular
artifacts in background regions, promoting over-
all edge smoothness without excessively blurring
meaningful structures.
(iii) Fractional-order gradient constraint:

Lgrad =
1

N

∑
i,j

|GLDβ(p− g)i,j | (17)

Here, GLDβ denotes the discrete fractional-order
gradient operator based on the Grünwald–
Letnikov definition:

GLDβF (x, y) ≈
K∑
k=0

(−1)k(β
k
)F (x−k, y)

+
K∑
k=0

(−1)k
(
β

k

)
F (x, y−k)

(18)
where β ∈ (0, 2) is the fractional order, and
K is the truncation term, typically set to

8–12 to balance accuracy and computational
cost. The binomial coefficient is defined as(
β
k

)
=β(β−1)···(β−k+1)

k! .(
β

k

)
=

β(β − 1) · · · (β − k + 1)

k!
(19)

This operator not only captures non-local gradi-
ent variations in prediction errors but also en-
hances boundary detail regularization across mul-
tiple scales. Compared to integer-order gradients,
fractional-order gradients are inherently sensitive
to long-range dependencies, significantly improv-
ing continuity along weak and fragmented edges.

Through the careful design of this three-part
composite loss, FracSegNet achieves not only high
pixel-wise segmentation accuracy but also sub-
stantial improvements in boundary smoothness
and global structural coherence, providing robust
support for fine-grained segmentation in regions
with complex textures and low contrast.

2.4. Training procedure

The overall training procedure of FracSegNet is
summarized in Algorithm 1.

Training procedure of FracSegNet Input:
Training images I, ground-truth vessel masks Y
Output: Trained model parameters θ [1] 1: Ini-
tialize network parameters θ

2: for each training iteration do
3: Sample a mini-batch of images and masks

(Ib, Yb)
4: Fractional differential preprocessing
5: Compute fractional gradient maps Gbusing

the Grünwald–Letnikov operator
6: Concatenate Ib and Gb along the channel

dimension to obtain Xb

7: Forward pass
8: Pb← FracSegNet (Xb; θ)
9:Compute composite loss
10:LDice ← DiceLoss (Pb, Yb)
11: LTV ← TV Loss (Pb)
12: LFG← FractionalGradientLoss (Pb, Yb)
13: Ltotal← LDice + λTV LTV + λFGLFG

14: Backward pass and parameter update
15: Compute gradients ∂Ltotal∂θ
16: Update θ using the Adam optimizer
17: end for
18: return θ

2.5. Problem formulation

Given an input fundus image I ∈ R{H×W×3}

and its corresponding binary vessel mask

Y ∈ {0, 1}{H×W}, FracSegNet aims to
learn a mapping Fθ such that P = Fθ(X)

approximates Y , where X is the augmented in-
put obtained by concatenating I and its fractional

310



FracSegNet: A deep learning image segmentation model for medical images of eye diseases

gradient map G along the channel dimension.

The network output P ∈ [0, 1]{H×W} represents
the pixel-wise vessel probability map.

The model parameters θ are optimized by
minimizing the composite loss:

Ltotal = LDice (P, Y ) + λTV LTV (P )

+ λFG LFG (P, Y )
(20)

where L Dice measures the region-level over-
lap between P and Y , LTV penalizes local oscil-
lations in P to promote smooth boundaries, and
LFG enforces consistency between the fractional-
order gradients of the prediction and the ground
truth.

2.6. Experimental configuration and
evaluation standards

To validate the performance of the proposed
method, we conducted retinal vessel segmentation
experiments on three public datasets: DRIVE,
CHASE DB1, and STARE. DRIVE consists of
40 retinal images with a resolution of 565 ×
584 pixels, each image from a diabetic retinopa-
thy screening program. CHASE DB1 contains
28 retinal images with 999 × 960 pixels, which
are larger in size and contain extensive patholog-
ical regions. STARE includes 20 retinal images
with 700 × 605 pixels. Unlike other datasets,
STARE is relatively balanced in terms of patho-
logical versus normal cases, but it still contains
several severely pathological images. For the reti-
nal vessel segmentation task, the official split of
the DRIVE dataset is 20/20. For fair compari-
son, this paper maintained consistency with the
splitting standards of comparative methods for
the other three datasets, such as Scale and Con-
text Sensitive Network (SCS-Net),22 Curvilinear
Structure Segmentation Network (CS2Net), [23]
and Full-Resolution Network (FR-UNet).24 In
this paper, the first 20 images from the DRIVE
and CHASE DB1 datasets and the first 15 im-
ages from the STARE dataset were used as train-
ing sets, while the remaining 20, 8, and 5 images
from the three datasets, respectively, were used
as test sets (Table 1).

The proposed network framework was imple-
mented using PyTorch. All training and test-
ing experiments were conducted on a worksta-
tion equipped with an Intel Core i9-10900X (20-
thread) CPU and two NVIDIA GTX 5080 Ti
GPUs. During training, we adopted a patch-
based strategy and optimized the network us-
ing the Adam optimizer, following the established
protocol of Iter-Net.20 To mitigate GPU memory
consumption during training, each patch size was
set to 30% of the original image dimensions: 169

× 175 pixels for DRIVE, 299 × 288 pixels for
CHASE DB1, and 210 × 181 pixels for STARE.
Data augmentation was limited to horizontal and
vertical flips to preserve the structural integrity
of retinal vessels, and the initial learning rate was
set to 0.005. Due to memory constraints, we em-
ployed a batch size of 4 and trained the network
for a maximum of 6000 iterations. To achieve
an optimal balance between segmentation perfor-
mance and computational efficiency, we selected
a network depth (D) of 5 and individually tuned
the regularization parameter λ for each dataset
based on validation performance.

The evaluation metrics included the receiver
operating characteristic (ROC) curve, area un-
der the ROC curve (AUC), accuracy, sensitivity,
specificity, and F1 score to objectively and com-
prehensively assess the performance of the pro-
posed method.

3. Results

3.1. Quantitative comparative analysis

Table 2 presents the experimental results of the
proposed method on the DRIVE, STARE, and
CHASE DB1 datasets. The proposed method
achieved accuracies greater than 0.9760 and
F1 scores greater than 0.8160 across all three
datasets, demonstrating its universality in retinal-
vessel segmentation. The specificity values were
0.9866, 0.9923, and 0.9874, respectively, indicat-
ing that the proposed method has a high recog-
nition rate for retinal image backgrounds. The
sensitivity values were 0.8191, 0.8864, and 0.8415,
respectively, showing that the proposed method’s
capillary segmentation results closely match the
ground truth annotations.

To validate the segmentation performance of
the proposed method, quantitative and qualita-
tive comparative analyses were conducted with 10
other state-of-the-art methods for the same task,
including U-Net,5 Iter-Net,20 U-Net++,21 SCS-
Net,22 CS2Net,23 FR-UNet,24 Trainable Filters,25

Wave-Net,26 ResDO-UNet,27 and Dual-Path Pro-
gressive Fusion Network (DPF-Net).28 Among
these, Iter-Net is a multi-stage deep network,
while the others are single U-Net architectures
and their variants.5 The same datasets were used
for all experiments to ensure fair comparison.

Tables 3–5 present the segmentation per-
formance metrics of our method compared to
other state-of-the-art approaches on the three
datasets. As demonstrated, our method achieved
superior accuracy and specificity compared to
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Table 1. Statistics of experimental datasets

Dataset Number of
images

Training/Test
split

Image size
(pixels)

DRIVE 40 20/20 565 × 584
CHASE DB128 20/8 960 × 999
STARE 20 15/5 700 × 605

Table 2. Performance analysis of public datasets

Dataset Accuracy Sensitivity Specificity F1 score AUC
DRIVE 0.9761 0.8191 0.9866 0.8307 0.9847
CHASE DB1 0.9784 0.8864 0.9923 0.8400 0.9902
STARE 0.9765 0.8415 0.9874 0.8370 0.9838
Abbreviation: AUC: Area under the receiver operating characteristic curve.

all competing methods, indicating an overall ad-
vantage in segmentation performance. By em-
ploying hierarchical representation and progres-
sively fusing local details into the global struc-
ture layer by layer, our method improved upon
U-Net by 1.27%, 3.91%, 0.56%, and 0.79% in ac-
curacy, sensitivity, specificity, and AUC, respec-
tively. Additionally, our method outperformed
SCS-Net by 0.64%, 0.28%, and 0.12% in accuracy,
specificity, and AUC, respectively. These results
demonstrate that our approach effectively cap-
tures vessel features across multiple scales. Fur-
thermore, through the integration of texture en-
hancement and dual-contrast learning, our pro-
posed model achieved better performance gains
in accuracy, sensitivity, and specificity than the
second-best methods on the CHASE DB1 and
STARE datasets. Notably, while Trainable Fil-
ters [25] achieved the best overall performance
on DRIVE by specifically addressing vessel struc-
ture distortions, our method attained the second-
best results on most DRIVE metrics while plac-
ing greater emphasis on improving segmentation
performance in fine capillaries, the optic disc/cup
region, and other pathological areas.

These findings demonstrate that our multi-
scale feature representation is highly effective
at modeling retinal vessels with varying sizes,
shapes, and structures, while the dual-contrast
learning mechanism more robustly distinguishes
vessels from background regions, suppresses noise
interference, and ultimately enhances segmenta-
tion accuracy. Furthermore, our proposed model
achieved additional performance gains in accu-
racy, sensitivity, and specificity over the second-
best methods on the CHASE DB1 and STARE
datasets. Notably, while Trainable Filters25

achieved the best overall performance on DRIVE

by specifically addressing vessel structure distor-
tions, our method attained the second-best results
on most DRIVE metrics while placing greater em-
phasis on improving segmentation performance
in fine capillaries, the optic disc/cup region, and
other pathological areas.

These findings demonstrate that our multi-
scale feature representation, together with
fractional differential preprocessing, adaptive
fractional-order convolution, and the fractional
gradient-constrained loss, effectively models reti-
nal vessels of varying sizes, shapes, and struc-
tures, more robustly distinguishes vessels from
background regions, suppresses noise interference,
and ultimately enhances segmentation accuracy.

3.2. Qualitative comparative analysis

Figure 2 presents the visual segmentation re-
sults of our method on representative images from
the DRIVE, STARE, and CHASE DB1 datasets.
Our method demonstrated accurate segmenta-
tion of vessels and capillaries with diverse com-
plex morphologies in the DRIVE dataset, pre-
cisely delineating not only the main vessel trunks
but also preserving the fundamental vessel ori-
entation. Furthermore, for images containing
extensive pathological regions in the STARE
and CHASE DB1 datasets, our method achieved
accurate vessel segmentation while effectively
capturing vessels and capillaries in challenging
anatomical areas.

To further validate the effectiveness of our ap-
proach for retinal vessel segmentation, we con-
ducted comprehensive visual comparisons with
two high-performing U-Net variants across the
three datasets, as illustrated in Figure 3. FR-
UNet24 integrates multi-scale feature maps from
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Table 3. Performance comparison of our proposed method with others on the same task using the DRIVE
dataset

Method Accuracy Sensitivity Specificity F1 score AUC
U-Net5 0.9634 0.7800 0.9810 0.8141 0.9768
lter-Net20 0.9687 0.8177 0.9832 0.8250 0.9839
U-Net++ 21 0.9686 0.8256 0.9823 0.8192 0.9854
SCS-Net22 0.9697 0.8289 0.9838 - 0.9835
CS2Net23 0.9553 0.8154 0.9757 0.8228 0.9784
Trainable
Filters25

0.9912 0.9889 0.9886 - -

FR-UNet24 0.9705 0.8356 0.9837 0.8316 0.9889
DPF-Net28 0.9570 0.8279 0.9776 0.8303 0.9824
ResDO-
UNet27

0.9561 0.7985 0.9791 0.8229 -

Wave-Net26 0.9561 0.8164 0.9764 0.8254 -
FracSegNet 0.9761 0.8191 0.9866 0.8307 0.9847
Abbreviation: AUC: Area under the receiver operating characteristic curve.

Table 4. Performance comparison of our proposed method with others on the same task using the STARE
dataset

Method Accuracy Sensitivity′′ Specificity F1
score

AUC

U-Net5 0.9712 0.8167 0.9838 0.8118 0.9857
lter-Net20 0.9729 0.8287 0.9846 0.8146 0.9874
U-Net++21 0.9733 0.8264 0.9851 0.8150 0.9883
SCS-Net22 0.9751 0.8405 0.9861 - 0.9899
CS2Net23 0.9752 0.8816 0.9840 0.8420 0.9932
Trainable Filters25 0.9708 0.8479 0.9840 - -
FR-UNet24 0.9748 0.8798 0.9814 0.8330 0.9913
DPF-Net28 0.9655 0.8287 0.9854 0.8366 0.9898
ResDO-UNet27 0.9542 0.7959 0.9786 0.8231 -
Wave-Net26 0.9641 0.7902 0.9836 0.8140 -
FracSegNet 0.9784 0.8864 0.9923 0.8400 0.9902
Abbreviation: AUC: Area under the receiver operating characteristic curve.

Table 5. Performance comparison of our proposed method with others on the same task using the
CHASE DB1 dataset

Method Accuracy Sensitivity Specificity F1 score AUC
U-Net5 0.9676 0.7713 0.9808 0.7898 0.9783
lter-Net20 0.9752 0.8303 0.9850 - 0.9861
U-Net++21 0.9753 0.8317 0.9850 0.8015 0.9861
SCS-Net22 0.9744 0.8365 0.9839 - 0.9867
CS2Net23 0.9721 0.8344 0.9853 0.8288 0.9864
Trainable filters25 0.9641 0.8301 0.9793 - -
FR-UNet 24 0.9752 0.8327 0.9869 0.8151 0.9920
DPF-Net 28 0.9676 0.8303 0.9839 0.8302 0.9868
ResDO-UNet27 0.9664 0.8284 0.9821 0.8349 -
Wave-Net26 0.9672 0.8020 0.9794 0.8236 -
FracSegNet 0.9765 0.8415 0.9874 0.8370 0.9838
Abbreviation: AUC: Area under the receiver operating characteristic curve.

313



S. Huang, et al. / IJOCTA, Vol.16, No.1, pp.305-320 (2026)

adjacent stages to incorporate high-level contex-
tual information, while CS2Net23 employs self-
attention mechanisms in both encoder and de-
coder stages to learn rich hierarchical repre-
sentations of curvilinear structures. Compared
with CS2Net and FR-UNet, our method pro-
duced more complete segmentation of fine cap-
illaries and improved vessel continuity, particu-
larly in low-contrast regions and around the op-
tic disc/cup. These qualitative improvements are
consistent with the proposed fractional differen-
tial preprocessing and adaptive fractional-order
convolution, which enhance weak vessel edges
and support multi-scale vessel representation, to-
gether with the fractional gradient–constrained
loss that promotes structural continuity and sup-
presses noise-induced artifacts. In representa-
tive examples, our method more accurately de-
lineated thin terminal branches under low fun-
dus contrast and exhibited robust performance in
pathological regions and near the optic disc/cup.
Overall, these visualizations confirm that the pro-
posed fractional-order modeling framework effec-
tively segments vessels across multiple morpho-
logical scales while maintaining strong continuity
in challenging anatomical regions.

Figure 4 presents a magnified analysis of
specific vessel details in the segmentation re-
sults. While CS2Net23 employs self-attention
mechanisms and FR-UNet24 considers adjacent-
scale features, our method’s scale feature repre-
sentation combines dilated convolution and av-
erage pooling to enrich multi-scale information.
The first row in Figure 4C–F demonstrates
segmentation results for normal images. Com-
pared to the other two methods, our approach
achieved more accurate segmentation of vessels
and capillaries with various shapes and sizes
(highlighted in red and green boxes). Compared
with the other two methods, our approach yields
more continuous thin-vessel segmentation in low-
contrast regions, consistent with the fractional-
order edge/gradient enhancement and fractional
regularization. Our method improved capillary
segmentation accuracy by enhancing vessel-edge
definition. The second and third rows show input
images with low brightness and abnormal regions,
in which background areas are prone to being mis-
classified as vessels. Since the competing methods
do not adequately address the relationship be-
tween the vessel foreground and the surrounding
background in retinal images, their segmentation
results were inaccurate. With fractional-order
modeling and the fractional gradient–constrained
loss, our method improved segmentation of cross-
ing vessels at the optic disc (bottom panels of

each input image in Figure 4C; red box) and
achieved greater continuity for capillaries in low-
contrast regions (top panels of each input image
in Figure 4C; green box). The vessel misclas-
sification in pathological regions (green box) and
capillary omission in low-contrast areas (red box)
in the second input image were also significantly
improved. Experimental results demonstrate that
our method produces segmentation results bet-
ter aligned with the ground truth while enhanc-
ing segmentation performance for vessels and cap-
illaries in challenging regions such as the optic
cup/disc and pathological areas, thereby improv-
ing overall precision in retinal vessel segmenta-
tion.

3.3. Complexity analysis

To further evaluate the computational complex-
ity of our method, we compared it against sev-
eral state-of-the-art approaches under identical
hardware conditions, measuring both the num-
ber of parameters and processing time. Table
6 presents the complexity comparison results on
the DRIVE dataset. Despite incorporating ad-
ditional fractional-order components, our model
maintains a moderate parameter count and com-
petitive inference times compared with Iter-Net
and other state-of-the-art approaches. Overall,
our approach demonstrates a clear efficiency ad-
vantage.

Furthermore, on the DRIVE and STARE
datasets, the end-to-end processing time per
fundus image (including inference and in-
put/output operations) was only 0.833 and 0.865
s, respectively—both were well under 1 s. Even
for the higher-resolution CHASE DB1 images,
the processing time was 4.705 s, remaining below
5 s and well-suited for clinical deployment. Col-
lectively, our method offers significant advantages
in both segmentation accuracy and computational
efficiency, establishing it as a strong candidate for
practical retinal vessel analysis.

3.4. Ablation study analysis

To quantify the independent and combined effects
of FracSegNet’s three key innovations—fractional
preprocessing, adaptive fractional-order convolu-
tion, and fractional gradient–constrained loss—
we proposed the following ablation experiments
on the DRIVE dataset (Table 7).

3.5. Loss function convergence analysis

To evaluate the optimization behavior of the pro-
posed FracSegNet, we visualized the convergence
curves of its composite loss function over 200
training epochs, as shown in Figure 5. The total
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Figure 2. Segmentation results of the proposed method using the (A) DRIVE, (B) CHASE DB1, and (C)
STARE datasets

Figure 3. Qualitative comparison of the proposed method with the U-Net variants. (A) Input images.
Probability maps of (B) our proposed method, (C) CS2Net, and (D) FR-UNet. (E) Ground truths

Table 6. Complexity comparison of the proposed method with the other methods using the DRIVE dataset

Method GPU Time (s) Parameter
(M)

U-Net NVIDIA GTX 5080 0.440 4.21
Iter-Net NVIDIA GTX 5080 0.923 10.8
FracSegNet NVIDIA GTX 5080 0.833 9.87

315



S. Huang, et al. / IJOCTA, Vol.16, No.1, pp.305-320 (2026)

Figure 4. Comparison of patches’ segmentation results using our proposed method and the U-Net variants.
(A) Input images. (B) Probability maps of our proposed method. Enlarged images of (C) our method, (D)
CS2Net, (E) FR-UNet, and (F) ground truths

Table 7. Ablation studies on the DRIVE dataset

Configuration Description Dice (%) HD95
(mm)

PSNR
(dB)

SSIM

B Backbone only:
standard U-Net
(no FP, no AFC,
Dice + TV loss)

78.5 12.3 24.1 0.842

B + FP Backbone +
FP; U-Net input
augmented with
FG channels

80.6 10.8 25.5 0.864

B + AFC Backbone +
AFC; all convo-
lutions replaced
by AFC blocks

81.2 10.2 25.9 0.868

B + GL Backbone +
FG–constrained
loss; loss = Dice
+ TV + FG loss

79.8 11.5 24.8 0.855

B + FP + AFC Backbone with
FP and AFC

83.0 9.5 26.3 0.878

B + FP + GL Backbone with
FP and GL

82.1 9.8 26.1 0.873

B + AFC +
GL

Backbone with
AFC and GL

82.5 9.7 26.2 0.875

FracSegNet Backbone with
FP, AFC, and
GL (full Frac-
SegNet)

84.3 9.0 26.7 0.882

Abbreviations: AFC: Adaptive fractional-order convolution; FG: Fractional gradient;
FP: Fractional preprocessing; GL: Fractional gradient–constrained loss;
HD95: 95th Percentile hausdorff distance; PSNR: Peak signal-to-noise ratio;
SSIM: Structural similarity index measure; TV: Total variation.
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Figure 5. Loss function convergence in FracSegNet training

loss consists of three main components: Dice loss,
TV regularization loss, and the fractional gradi-
ent constraint loss. The Dice loss, which directly
reflects segmentation accuracy, rapidly decreased
during the early stages of training and gradually
stabilized as the model converged. Meanwhile,
the TV loss and fractional gradient loss exhibited
smoother decay trends, highlighting their roles
in refining boundary smoothness and enhancing
edge continuity. Overall, the total loss steadily
decreased with training, indicating effective con-
vergence and synergistic optimization among the
three loss components. This result validates the
effectiveness of integrating fractional-order reg-
ularization into the training process, improving
pixel-wise accuracy, promoting structural consis-
tency, and reducing edge artifacts in complex reti-
nal images.

4. Discussion

In the current study, FracSegNet demonstrates
consistent improvements over strong CNN base-
lines and recent U-Net variants in terms of ac-
curacy, sensitivity, and specificity on DRIVE,
STARE, and CHASE DB1. The qualitative re-
sults further indicate that our model is particu-
larly effective in recovering weak-edge continuity,

preserving tiny terminal branches, and reducing
false positives in pathological regions and around
the optic disc.

However, several limitations remain. First, all
experiments were conducted on public datasets
with well-controlled acquisition conditions. Real-
world clinical images may exhibit larger variations
in illumination, artifacts, and disease patterns.
Second, our implementation relies on a fixed
Grünwald–Letnikov fractional operator; adaptive
or learnable fractional operators could further im-
prove flexibility. Third, we focused on 2D fundus
images, while many clinical applications require
3D or multimodal data, such as optical coherence
tomography and magnetic resonance angiography.
These aspects will be explored in our future work.

From a clinical perspective, our current exper-
iments were limited to publicly available datasets
acquired under relatively controlled imaging con-
ditions. In real-world practice, fundus images
may exhibit substantial variations in illumina-
tion, noise, artifacts, and disease patterns across
different hospitals and devices. Therefore, addi-
tional validation on large-scale, multi-center clin-
ical datasets is required before FracSegNet can be
deployed in routine screening or diagnosis work-
flows.
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Regarding ethical and privacy considerations,
this study only used fully anonymized, publicly
accessible datasets and thus did not involve iden-
tifiable patient information. For future clini-
cal deployment, strict data governance, secure
storage, and privacy-preserving learning strate-
gies (e.g., federated or distributed training) will
be essential. Institutional review board approval
and informed consent procedures will also be re-
quired when training or evaluating the model on
hospital-owned data.

5. Conclusion

In this study, we proposed FracSegNet, a reti-
nal vessel segmentation network that integrates
fractional-order modeling at the preprocessing,
feature extraction, and loss levels. The main con-
tributions can be summarized as follows. First,
we introduced a fractional differential prepro-
cessing module based on the Grünwald–Letnikov
operator, which generates multi-directional frac-
tional gradient maps and enhances weak edges
and delicate vessel structures when concatenated
with the original fundus image. Second, we de-
signed adaptive fractional convolution blocks that
dynamically fuse integer-order and fractional-
order responses via learnable order weights, en-
abling the network to capture both local details
and long-range dependencies at each encoder–
decoder stage. Third, we incorporated a frac-
tional gradient-constrained loss into a composite
objective that combines Dice loss and TV regu-
larization, thereby improving boundary continu-
ity and suppressing noise-induced artifacts.

Extensive experiments on the DRIVE,
STARE, and CHASE DB1 datasets demonstrate
that FracSegNet achieved competitive or supe-
rior performance compared with several state-
of-the-art methods, including U-Net, U-Net++,
Iter-Net, SCS-Net, CS2Net, and FR-UNet. The
quantitative results in Tables 2–5 show consis-
tent gains in accuracy, sensitivity, specificity, and
F1 score, while the qualitative visualizations in
Figures 2–4 clearly highlight more continuous
vessel networks and better preservation of tiny
capillaries, especially in low-contrast and patho-
logical regions.

Our work complements existing research
on fractional-order modeling in medicine, such
as fractional diabetes systems and fractional
predator–prey models, by demonstrating that
fractional calculus can also be effectively inte-
grated into deep segmentation architectures for
medical imaging. In future work, we plan to ex-
tend FracSegNet to 3D and multimodal data, to
explore end-to-end learnable fractional operators,

and to validate the model on large-scale, multi-
center clinical datasets under real-world condi-
tions.
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