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Abstract
Image segmentation is an important task in
computer vision and plays a critical role in many
fields. Fuzzy Active Contour Model (FACM)
has been widely applied in image segmentation
because it can handle complex shape changes.
However, it is difficult for current FACMs to
obtain ideal performance when segmenting noisy
images. Therefore, this paper proposes a Total
Variation Diffusion-Guided Fuzzy Active Contour
Model (TVDGFACM), which formulates noisy
image segmentation as a hierarchical fusion
process. Specifically, this model introduces
total variation and adaptively fuses anisotropic
and isotropic diffusion mechanisms to suppress
noise interference while preserving image edges.
Moreover, TVDGFACM fuses local intensity
evidence according to regional dependencies and
noise-aware pixel reliability, which helps adjust
pixel memberships to generate a smooth and
coherent segmentation result. Furthermore, a
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balance factor is constructed based on noise density,
which is used to fuse global and local intensity
information, thereby ensuring segmentation
efficiency and stability. Experiments on synthetic,
natural, remote sensing images, and large-scale
benchmark dataset show that TVDGFACM is
rational and effective.

Keywords: image segmentation, fuzzy active contour
model, noisy images, total variation, regional dependencies.

1 Introduction
Image segmentation is a fundamental and important
task in computer vision, aiming to divide an image
into disjoint regions [1–3]. Pixels within the same
region typically exhibit similar features, whereas pixels
in different regions show significant differences [4,
5]. In recent years, image segmentation has been
widely applied in various fields, such as the scene
understanding, object tracking, and remote sensing
image analysis [6].
Among existing image segmentation methods, Fuzzy
Active Contour Model (FACM) is widely used because
it can handle complex shape changes [7]. FACM
employs a closed and smooth evolving curve to divide
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an image into object and background regions, where
the 0.5 level set of the membership function is used
to represent the evolving curve. Existing FACMs can
generally be categorized into two types. The first type
is FACMs based on global intensity information. For
example, Krinidis and Chatzis [8] proposed a fuzzy
energy-based active contour model. Wu et al. [9]
proposed a fuzzy active contour model with kernel
metric. These models make segmentation decisions
according to the intensity values of individual pixels.
However, noise causes random fluctuations in pixel
intensities, so it is difficult for FACMs based on global
intensity information to accurately segment noisy
images.

The second type is FACMs based on local intensity
information. For example, Krinidis, S. and Krinidis,
M. [10] proposed a fuzzy energy-based active contour
model exploiting local information. Mondal et al. [11]
proposed a global and local fuzzy energy based
active contour model. Fang et al. [12] proposed a
region-edge-based active contour model driven by
hybrid and local fuzzy region based energy. These
models fuse local intensity information by measuring
the different contributions (i.e., excitation weights) of
neighboring pixels to the membership of the center
pixel, thereby smoothing pixel memberships and
reducing the impact of noise. Existing excitation
weight estimation methods include methods based
on relative spatial distance and methods based on
intensity similarity. However, it is difficult for them
to accurately measure the noise distributions and the
degrees to which pixels are polluted by noise. This
easily leads to estimation bias and affects segmentation
performance.

Furthermore, as the noise density increases, the
intensity means of different regions in an image tend
to approach, and the intensity variances significantly
increase. This makes their intensity distribution
patterns become approximately identical and lack
clearly separable peaks. To suppress noise interference,
Zhang et al. [13] introduced total variation into active
contour model. Total variation is a representative
image denoising method, which can transform a noisy
image into a diffusion domain to restore its intensity
distribution characteristics [14]. The anisotropic
diffusion mechanism used in traditional total variation
can protect image edges to some extent. However, this
diffusion mechanism is prone to misinterpreting noise
in homogeneous regions as true edges [15], which
will lead to staircase artifacts and reduce segmentation
accuracy. Therefore, it is desirable to construct an

energy function that combines different diffusion
mechanisms in a data-driven manner, so that the
denoising performance and boundary preservation
capability can be jointly optimized in an information
fusion framework.

From an information fusion viewpoint, noisy
image segmentation can be regarded as a problem
of integrating complementary and uncertain
information. Global intensity statistics provide coarse
region-level discrimination, local neighborhood
information reflects spatial contextual consistency,
and diffusion-based structural information contributes
to noise suppression and boundary preservation.
However, these information sources have different
reliability under different noise densities. Therefore,
an effective segmentationmodel should not simply use
them independently, but should adaptively fuse them
within a unified energy minimization framework.

To achieve the above purposes, this paper proposes
a Total Variation Diffusion-Guided Fuzzy Active
Contour Model (TVDGFACM). This model introduces
total variation into FACM, and constructs an
energy function based on global and local intensity
information. The main contributions in this paper are
as follows:

1. A diffusion-mechanism fusion strategy is
designed within the total variational framework.
It adaptively integrates anisotropic diffusion
and isotropic diffusion according to structural
information, thereby jointly optimizing boundary
preservation and noise suppression. This helps
overcome the drawback that traditional total
variation easily produces staircase artifacts in
homogeneous regions.

2. A noise-aware local contextual information fusion
strategy is constructed. Specifically, local
structure entropy is used to characterize pixel
reliability, and the excitation weight estimation
method is reconstructed according to the regional
dependencies between noisy pixels and their
neighboring pixels. Compared with existing
estimation methods, the reconstructed method
can more reliably fuse local intensity information
by measuring noise distributions and the degrees
to which pixels are polluted by noise, thereby
helping to generate a smooth and coherent
segmentation result.

3. A global-local energy fusion strategy is developed
based on noise density. The balance factor
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adaptively adjusts the contribution of the global
energy term and local energy term, thereby
achieving a balance between computational
efficiency and segmentation stability under
different noise conditions.

Experiments on synthetic, natural, remote sensing
images, and large-scale benchmark datasets show
that TVDGFACM outperforms most existing active
contourmodels and deep learningmethods. Moreover,
TVDGFACM exhibits stronger noise resistance, spatial
smoothness, and boundary preservation capabilities.
The rest of this paper is organized as follows.
Section 2 introduces preliminaries. Section 3 presents
the TVDGFACM’s overall framework and its main
components in detail. Section 4 verifies TVDGFACM
using synthetic, natural, remote sensing images, and
large-scale benchmark dataset. Section 5 draws
conclusions.

2 Preliminaries
Image segmentation is a classic task in computer
vision. It aims to classify each pixel into a
specific region based on features such as intensity
information. Current image segmentation methods
include thresholding [16], edge detection [17],
clustering [18], and Fuzzy Active Contour Model
(FACM) [7]. Among them, FACM stands out due to its
convex energy function design and its ease in handling
complex shape changes. However, existing FACMs are
susceptible to the noise density and have difficulty in
accurately estimating the excitationweights. Therefore,
it is difficult for current FACMs to achieve satisfactory
performance when segmenting noisy images.

2.1 Basics of Image Segmentation
The basic problem of image segmentation is to
divide an image domain Ω into N disjoint regions
Ω1,Ω2, . . . ,ΩN , and satisfies the following conditions:

1)⋃N
i=1 Ωi = Ω;

2) Ωi is a connected set, i = 1, 2, . . . , N ;
3) For any i and j, i 6= j, Ωi ∩ Ωj = ∅;
4)Q(Ωi) = TRUE, i = 1, 2, . . . , N , i.e., the pixels in the
region Ωi must satisfy a predefined logical property
Q;
5) Q(Ωi ∪ Ωj) = FALSE, where Ωi and Ωj are two
adjacent regions, i.e., adjacent regions should not
satisfy the same logical property Q.

In the above conditions, ∅ represents the empty set. Q
is a composite expression. When the intensity mean
of region Ωi is less than µi and its standard deviation
is less than σi, Q(Ωi) = TRUE is satisfied.

2.2 Basics of Fuzzy Active Contour Model
FACM uses the membership function u(x) to represent
a closed and smooth evolving curve C. It guides
the curve evolution based on an energy function E.
The evolving curve always moves in the direction
that minimizes the energy function E. In other
words, the smaller the energy function, the better the
segmentation result. Let the given image be I(x) :
x → Ω, where x is a point in the bounded open
region Ω. The evolving curve can divide an image
I(x) into the inside region Ω1 = inside(C) and outside
region Ω2 = outside(C) of the evolving curve. The
correspondence between different regions and the
membership functions can be expressed as:

C = {x ∈ Ω : u(x) = 0.5}
inside(C) = {x ∈ Ω : u(x) > 0.5}
outside(C) = {x ∈ Ω : u(x) < 0.5}

(1)

2.2.1 Existing Fuzzy Active Contour Model
Fuzzy Energy-based Active Contour Model
(FEBACM) [8]: This model innovatively uses
the 0.5 level set of the membership function to
represent the evolving curve. Its energy function can
be formulated as:

EFEBACM =

∫
[u(x)]m(I(x)− c1)2dx

+

∫
[1− u(x)]m(I(x)− c2)2dx

(2)

where u(x) denotes the membership function. I(x) is
the image to be segmented. x is the pixel coordinates.
m represents the weighting exponent, which is usually
set to 2. c1 and c2 are the intensity means of inside
regions and outside region of the evolving curve,
respectively.
As can be seen from Eq. (2), FEBACM constructs
a convex energy function using global intensity
information. It can obtain the global optimal
solution and enhance the robustness to the initial
evolving curve. However, FEBACM assumes that
the given image is composed of two homogeneous
regions. However, noise will destroy this homogeneity
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assumption, so it is difficult for FEBACM to accurately
segment noisy images.
Fuzzy Energy-based Active Contour Model
Exploiting Local Information (LFEBACM) [10]:
This model introduces local intensity information into
Eq. (2) to enhance its robustness to noise, as follows:

ELFEBACM =

∫
[u(x)]m(I(x)− c1)2dx

+

∫
[1− u(x)]m(I(x)− c2)2dx

+

∫
[u(x)]m

∫
wxy[1− u(y)]m(I(y)− c1)2dydx

+

∫
[1− u(x)]m

∫
wxy[u(y)]m(I(y)− c2)2dydx

(3)
where I(y) represents the intensity value of
neighboring pixel y in the local region centered
at the pixel x. wxy is the excitation weight, which
is used to measure the different contributions of
neighboring pixel y to the membership u(x) of the
center pixel x.
The last two terms in Eq. (3) are the local energy
term. It uses the excitation weight wxy to measure
the dependencies between the center pixel x and its
neighboring pixel y. The larger the excitation weight
of neighboring pixel y, the higher the possibility that
this pixel belongs to the same class as the center
pixel x. The greater the contribution of neighboring
pixel y to the membership u(x) of the center pixel x.
When the center pixel x is polluted by noise, then
the neighboring pixel y that is not polluted by noise
will be assigned a larger excitation weight wxy. This
helps to adjust the membership u(x) of the center
pixel x to reduce the impact of noise. Therefore,
the excitation weight estimation method is a key to
constructing the local energy term. LFEBACM uses
the relative spatial distance between pixels to estimate
the excitation weight, which can be formulated as:

wxy =
1

1 + dxy
(4)

where dxy represents the spatial Euclidean distance
between pixels x and y.
Global and Local Fuzzy Energy-based Active
Contour Model (GLFEBAM) [11]: This model has
the same energy function form as LFEBACM. It
introduces the intensity similarity between pixels into
Eq. (4), as follows:

wxy =
1

1 + dxy
· exp

(
− (I(x)− I(y))2∑

y∈Nx
(I(x)− I(y))2

)
(5)

whereNx represents the neighboringwindow centered
at the pixel x.

2.2.2 Drawbacks of Existing Fuzzy Active Contour Model
The above FACMs have been applied to noisy
image segmentation. However, they rely heavily
on the intensity distribution of different regions to
construct the energy function. Noise destroys intensity
statistical characteristics. This makes it difficult for
current FACMs to achieve satisfactory segmentation
performance.

Figure 1. Test image.

This section uses Figure 1 to illustrate the impact
of noise on the intensity distribution characteristics.
When the test image is not polluted by noise, the
intensity distributions of the object and background
regions present a clear bimodal pattern, as shown
in Figure 2 (a). In this case, an energy function
constructed based on the intensity domain can
effectively guide curve evolution. However, when
the test image is polluted by noise, the random
fluctuations of noise destroy the original intensity
distributions. As a result, the intensity means of the
object and background regions become closer, and
the intensity variances increase significantly. This
causes their intensity distributions overlap, as shown
in Figure 2 (b). As the noise density further increases,
the statistical characteristics of intensity distribution
become increasingly blurred and may even degenerate
into an approximately unimodal distribution, as shown
in Figure 2 (c). Therefore, under the impact of high
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Figure 2. Impact of noise on the intensity distribution characteristics. (a) Without noise; (b) 1% mixed noise; (c) 5%
mixed noise.

noise, it is difficult for FACMs that rely on the intensity
distribution of different regions to construct the energy
functions to achieve ideal performance.
To reduce the impact of noise and enhance noise
resistance, Zhang et al. [13] introduced total variation
into the active contour model for collaborative
optimization, which helps to achieve both image
denoising and segmentation. Total variation is a classic
image denoising method, and its energy function can
be formulated as:

ETV =

∫
(I(x)− ITV (x))2dx+γ

∫
|∇ITV (x)|dx (6)

where ITV (x) represents the corrected image obtained
by total variation. γ denotes the Lagrange multiplier.
∇ is the derivative operator.
The first term in Eq. (6) is the data fidelity term, which
is primarily used to prevent image distortion. The
second term in Eq. (6) is the regularization term,
which enforces smoothness of the corrected image.
Total variation usually uses the L1 norm to penalize
the gradient magnitude. Its optimization effect can
be understood as promoting a sparse distribution of
gradients. Taking the variation for ETV yields its
Euler-Lagrange equation:

2(I(x)− ITV (x))− γ∇ ·
(
∇ITV (x)

|∇ITV (x)|

)
(7)

The corresponding gradient descent flow can be
expressed as:
∂ITV (x)

∂t
= −2(I(x)− ITV (x)) + γ∇ ·

(
∇ITV (x)

|∇ITV (x)|

)
(8)

The diffusion function ∇ · (∇ITV (x)/|∇ITV (x)|) can
be viewed as an edge-adaptive anisotropic diffusion:

• When |∇ITV (x)| is small, the normalization factor
1/|∇ITV (x)|makes the diffusion effect relatively
stronger, thereby quickly suppressing the fine
oscillations caused by noise in the homogeneous
regions.

• When |∇ITV (x)| is large, the normalization
factor 1/|∇ITV (x)| makes diffusion relatively
weaker, thereby suppressing the smoothing
effect to preserve image edges and other detail
information.

From the above description, the total variation
constructed based on theL1 normwith the anisotropic
diffusion mechanism helps to protect image edges,
which makes it widely used in image denoising.
However, it may still misinterpret some noise as
edges and retain them, thereby inducing staircase
artifacts. The root cause is that the total variational
regularization term relies solely on the gradient
magnitude |∇ITV (x)|, which makes it difficult to
effectively distinguish between structural edges and
local gradient spikes caused by random noise.
Specifically, noise may create large instantaneous
gradients in local regions, which makes data fidelity
term (I(x) − ITV (x))2 tend to retain a certain
intensity variation at these locations. Furthermore,
the regularization term constructed based on the
L1 norm tends to concentrate intensity changes in
fewer locations rather than transitioning slowly over
a wider range with smaller gradients. Therefore,
during energy minimization, if a trade-off is to be
made between maintaining consistency with I(x) and
reducing the regularization term, the total variation
usually chooses a small number of jumps to explain
the local intensity differences. This makes it easier for
the local spikes caused by noise to be solidified into
edge-like jumps, thereby triggering staircase artifacts.
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Therefore, directly introducing total variation into
FACM will affect segmentation accuracy and stability.
In addition, existing FACMs usually use relative spatial
distance or intensity similarity to estimate excitation
weights. Although these methods are simple in
structure and easy to implement, they still have some
limitations. This section analyzes these limitations
using two local regions, N1 and N2, in a noisy image
shown in Figure 3 (a).
Specifically, methods based on relative spatial distance
between pixels assign larger excitation weights to
neighboring pixels that are closer to the center pixel,
and smaller excitation weights to those that are farther
away. However, the relative spatial distance between
pixels is fixed. Thismakes it difficult formethods based
on relative spatial distance to dynamically adjust the
excitation weights according to the noise distribution.
As shown in Figure 3 (b), in the local region N1,
the center pixel and neighboring pixel A are not
polluted by noise, while neighboring pixels B and C
are polluted, with pixelB being more severely affected
than pixel C. In this case, the excitation weight of pixel
A should be larger than those of pixel B and C, and
the excitation weight of pixelB should be smaller than
that of pixel C. However, as shown in Figure 3 (d), the
excitation weights obtained according to the relative
spatial distance between pixels do not conform to the
above analysis.

Figure 3. Excitation weights obtained by existing FACM. (a)
Noisy image; (b) Local region N1; (c) Local region N2; (d)
Excitation weights of pixels in the local regions N1 and N2

calculated using Eq. (4); (e) Excitation weights of pixels in
the local region N1 calculated using Eq. (5); (f) Excitation
weights of pixels in the local region N2 calculated using Eq.

(5).

In contrast, methods based on intensity similarity

between pixels can address this problem to some
extent, as shown in Figure 3 (e). Such methods assign
larger excitation weights to neighboring pixels whose
intensity values are closer to that of the center pixel,
and smaller weights otherwise. However, since the
intensity value of an individual pixel ignores spatial
context information, it is difficult for methods based
on intensity similarity to effectively measure whether
a pixel is polluted by noise and to what degree it is
affected.
As shown in Figure 3 (c), in the local region N2, the
center pixel D and neighboring pixel E and F are
polluted by noise, whereas neighboring pixel G is not.
In this case, the excitation weight of pixel G should be
larger than those of pixels E and F , and the excitation
weights of pixel E and F should be smaller than those
of other neighboring pixels. Since pixel E is more
severely polluted by noise than pixel F , the excitation
weight of pixel E should be smaller than that of pixel
F . However, as shown in Figure 3 (f), the excitation
weights obtained according to the intensity similarity
between pixels do not conform to the above analysis.

3 Total Variation Diffusion-Guided Fuzzy
Active Contour Model

To enhance the anti-noise capability and optimize
the excitation weight estimation method, this section
proposes a Total Variation Diffusion-Guided Fuzzy
Active Contour Model (TVDGFACM), which fuses
structural diffusion information, global intensity
information, and local contextual information. As
shown in Figure 4, it consists of three stages: image
denoising, energy function construction and energy
function minimization.
1. In the image denoising stage, TVDGFACM

constructs a total variation diffusion-guided
energy term to obtain the corrected image, which
uses nonlinear structural tensors to identify
image edges and homogeneous regions, thereby
guiding total variation to execute different
diffusion mechanisms to achieve both boundary
preservation and noise suppression. This
design retains the advantage that total variation
can protect image edges while overcoming its
drawback that traditional total variation easily
causes staircase artifacts in homogeneous regions
due to misinterpreting noise for true edges.

2. In the energy function construction stage,
TVDGFACM first uses the intensity information
of the corrected image in the inside and outside
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Figure 4. TVDGFACM’s overall framework.

regions of the evolving curve to construct a global
energy term. Then, TVDGFACM designs a local
structure entropy to detect noisy pixels, and
reconstructs the excitation weight estimation
method based on the regional dependencies
between noisy pixels and their neighboring pixels.
Different from existing estimation methods, the
reconstructed method can measure the noise
distributions and the degrees to which pixels
are polluted by noise. Finally, a local energy
term is built using the reconstructed excitation
weight estimation method and local intensity
information.

3. In the energy function minimization stage,
TVDGFACM obtains the update equations
for each variable by solving the derivatives of
energy function with respect to these variables.
Furthermore, the energy function is then
minimized through iteration until convergence is
achieved.

3.1 Total Variation Diffusion-Guided Energy Term
In the first stage shown in Figure 4, to remove
intensity statistical characteristics while avoiding
staircase artifacts, this section designs a total variation
diffusion-guided energy term based on the total
variation, which can adaptively fuse anisotropic and
isotropic diffusion mechanisms. This energy term can

be formulated as:

ED =

∫
(I(x)− IC(x))2dx+

γ

θ(x)

∫
|∇IC(x)|θ(x)dx

(9)

where IC(x) is the corrected image obtained by the
total variation diffusion-guided energy term. θ(x) is
the adaptive structure detector. Its core logic and
implementation mechanism are elaborated as follows:

• When pixel x lies on an image edge, θ(x) = 1.
In this case, the total variation diffusion-guided
energy termuses theL1 normwith the anisotropic
diffusion mechanism to penalize the gradient
magnitude, thereby helping to preserve image
edge and other detail information.

• When pixel x lies in a homogeneous region,
θ(x) = 2. In this case, the total variation
diffusion-guided energy term uses the L2 norm
with the isotropic diffusionmechanism to penalize
the gradient magnitude. Compared with the
L1 norm, the L2 norm does not depend on the
gradient direction. It can uniformly smooth
high-frequency components in all directions.
Therefore, the L2 norm can effectively remove
noise in homogeneous regions without causing
staircase artifacts.
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To achieve the above purpose, this section uses the
nonlinear structure tensors to identify image edges
and homogeneous regions. The nonlinear structure
tensor for the pixel x can be expressed as:

T (x) =

[
T11(x) T12(x)
T21(x) T22(x)

]
(10)

where Tmn(x) is the balanced forward-backward
diffusion of linear structure tensor Umn(x), as follows:

Tmn(x) = div
(
g
(
‖∇Umn(x)‖2

))
· ∇Umn(x) (11)

where div(·) represents the divergence operator.
g(x) = 1/(‖x‖2 + ε2) is the diffusion function. ε
denotes a non-zerominimum to avoid the denominator
being zero.
As can be seen from Eq. (10), T (x) is a positive
semi-definite matrix. It has two non-negative
eigenvalues λ1(x) and λ2(x), which correspond to
the strength of the principal and secondary gradient
directions in a local region, respectively. When λ1(x) ≈
λ2(x) ≈ 0, the gradient near pixel x is weak and
there is no dominant gradient direction. This indicates
that pixel x lies in a homogeneous region. When
λ1(x) � λ2(x) ≈ 0, pixel x has a single dominant
gradient direction. This indicates that pixel x lies on
an image edge. According to this property, we define a
direction consistency metric D(x) = (λ1(x)− λ2(x))2.
When pixel x lies in a homogeneous region, D(x) is
close to 0. On the contrary, when the pixel x lies on
an image edge, D(x) takes a large value. Based on the
direction consistency metric, we define an adaptive
structure detector, which can be formulated as:

θ(x) = Round
(

2− exp

(
− 1−DN (x)

DN (x) + ε2

))
(12)

where Round(·) represents the rounding function.
DN (x) denotes the normalized direction consistency
metric.
Based on the above descriptions, the total variation
diffusion-guided energy term can drive different
diffusion mechanisms by identifying image edges
and homogeneous regions. It transforms noisy
images from intensity domain to a total variation
diffusion-guided domain, thereby restoring intensity
distribution characteristics while avoiding staircase

artifacts. Compared with the diffusion domain
obtained by traditional total variation, the total
variation diffusion-guided domain has more favorable
intensity distribution characteristics. As shown in
Figure 5, under the impact of 5% mixed noise, it is
difficult for the corrected image obtained by traditional
total variation to smooth homogeneous regions, and its
intensity distribution still contains substantial overlap
between regions. In contrast, the corrected image
obtained by the total variation diffusion-guided energy
term can effectively remove noise while protecting
image edges, and its intensity distributions are almost
completely separated.

Figure 5. Comparison between traditional total variation
and the total variation diffusion-guided energy term. (a)
Corrected image obtained by traditional total variation and
its intensity distribution; (b) Corrected image obtained by
the total variation diffusion-guided energy term and its

intensity distribution.

3.2 Excitation Weight Estimation Method
In the second stage shown in Figure 4, this
paper continues the energy function framework of
LFEBACM [10], and designs a global energy term
and a local energy term. To more accurately estimate
the excitation weights of neighboring pixels to the
center pixel, this section reconstructs the excitation
weight estimationmethod. It uses information entropy
to detect noisy pixels and calculates the excitation
weights based on the regional dependencies between
noisy pixel and its neighboring pixels. In this
sense, the excitation weight estimation process can be
regarded as reliability-guided local information fusion.
Information entropy can be formulated as:
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Figure 6. Visualization for different information entropy. (a) Noisy image; (b) Traditional information entropy; (c) Local
structure entropy.

Lr(x) = −
∑
y∈Nx

p(y) log p(y) (13)

where Lr(x) represents the information entropy of
pixel x. p(y) denotes the probability distribution
function of neighboring pixel y, which can be
formulated as:

p(y) =
I(y)∑

y∈Nx
I(y)

(14)

The information entropy is related to the intensity
variation within a local region. It takes larger values
in homogeneous regions and smaller values at image
edges or in regions polluted by noise. This property
helps to detect noisy pixels. As shown in Figure 6
(b), we use Eq. (13) to calculate the information
entropy of the noisy image shown in Figure 6 (a) and
visualize the result. The visualization results indicate
that traditional information entropy can identify noisy
pixels in the object region, but it is difficult to detect
noisy pixels in the background region and image edges.
The main reason is that its probability distribution
function is easily affected by noise.
To address the above problem, a local structure entropy
is designed, which can be formulated as:

Ls(x) = −
∑
y∈Nx

ps(y) log ps(y) (15)

where ps(y) represents the probability distribution
function, which can be expressed as:

ps(y) =
mod(I(y),mean(Nx))

mean(Nx)
(16)

where mean(Nx) is the intensity mean of all pixels in
the local region Nx. mod(·) is the modulus operator.

The local structure entropy uses statistical variables
(i.e., the intensity mean) and the modulus operator
to reduce the impact of noise to a certain extent and
enhance the contrast between pixels. Similarly, this
section uses Eq. (15) to calculate the local structure
entropy of the noisy image shown in Figure 6 (a) and
visualizes the result. As shown in Figure 6 (c), the local
structure entropy can accurately identify noisy pixels
and image edges. Moreover, comparedwith traditional
information entropy, the local structure entropy has
a wider values range. This enables noisy pixels and
image edges detected by the local structure entropy
more discriminative.

The local structure entropy takes larger values at image
edges or in region polluted by noise, and smaller values
in homogeneous regions. This indicates that the local
structure entropy can be used to distinguish the region
types in which the center pixel and its neighboring
pixels are located. When the center pixel and its
neighboring pixels are located at the same type of
region, such as a homogeneous region or a region
polluted by noise, the values of their local structural
entropies are very close. On the contrary, the values
of their local structural entropies are significantly
different. Compared with the relative spatial distance
and intensity similarity, the local structure entropy can
reveal the noise distribution and the degree to which
pixels are polluted by noise. Because the local structure
entropy is calculated in a neighboring window, it can
capture more context information. The reconstructed
excitationweight estimationmethod based on the local
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structure entropy can be formulated as:

hxy =


1−

exp
(
(Ls(y)− L̄s(x))2

)∑
y∈Nx

exp
(
(Ls(y)− L̄s(x))2

) , Ls(y) ≥ L̄s(x)

1 +
exp

(
(Ls(y)− L̄s(x))2

)∑
y∈Nx

exp
(
(Ls(y)− L̄s(x))2

) , Ls(y) < L̄s(x)

(17)
where Ls(y) represents the local structure entropy of
neighboring pixel y. L̄s(x) denotes the average local
structure entropy in the local region Nx.
According to Eq. (17), the reconstructed excitation
weight estimation method is designed as a piecewise
function. It takes the relationship between Ls(y) and
L̄s(x) as the judgment basis to quantify the degree
to which neighboring pixel y is polluted by noise.
The core logic and implementation mechanism are
elaborated as follows:
• When Ls(y) ≥ L̄s(x), this indicates that the

neighboring pixel y is seriously polluted by
noise, so a relatively small excitation weight is
assigned to it to reduce its interference on the
membership of the center pixel x. The greater the
difference between Ls(y) and L̄s(x), the smaller
the excitation weight.

• When Ls(y) < L̄s(x), this indicates that the
neighboring pixel y is only slightly polluted by
noise, so a relatively large excitation weight is
assigned to it to enhance its role in correcting the
membership of the center pixel x. The greater the
difference between Ls(y) and L̄s(x), the larger the
excitation weight.

To validate the effectiveness of the reconstructed
excitation weight estimation method, this section
uses Eq. (17) to calculate the excitation weights of
neighboring pixels in the two local regions shown in
Figure 3. As shown in Figure 7, in the local region N1,
the excitation weight of pixel A is larger than those
of pixels B and C, and the excitation weight of pixel
B is smaller than that of pixel C. Furthermore, in
the local region N2, the excitation weight of pixel E is
smaller than that of pixel F , and the excitation weights
of pixels E and F is smaller than that of pixel G. The
above results are consistent with the corresponding
analyses in Section 2.2.2.
However, although pixel H is not affected by noise,
its excitation weight was smaller than those of
pixels E and F . This is mainly because the
reconstructed excitation weight estimation method
explicitly accounts for spatial context information.

Figure 7. Excitation weights obtained by TVDGFACM. (a)
Local region N1; (b) Local region N2; (c) Excitation

weights of pixels in the local region N1 calculated by Eq.
(17); (d) Excitation weights of pixels in the local region N2

calculated by Eq. (17).

The excitation weights obtained by Eq. (17) is
related to the noise distribution. Specifically, the
local region centered at pixel H contains more noisy
pixels, whereas the neighboring window centered at
pixel G contains fewer noisy pixels, so the excitation
weight of pixel H is smaller than that of pixel G.
Although pixels E and F are polluted by noise, their
excitation weights are larger than that of pixel H .
This is mainly because the local regions centered at
pixels E and F contain fewer noisy pixels. Compared
with excitation weight estimation methods based on
the relative spatial distance and intensity similarity
between pixels, the reconstructed excitation weight
estimation method can adaptively calculate excitation
weight according to noise distributions and better
reveal the degrees to which pixels are polluted by
noise.

3.3 Energy Function and Its Minimization
In the third stage shown in Figure 4, TVDGFACM
obtains the update equations for each variable
by solving the derivatives of energy function
with respect to these variables. It achieves the
energy function minimization and curve evolution
through step-by-step iteration. The energy function
of TVDGFACM is composed of a total variation
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diffusion-guided energy term, a global energy term
and a local energy term, which can be formulated as:

ET =

∫
(I(x)− Ic(x))2dx+

γ

θ(x)

∫
|∇Ic(x)|θ(x)dx

+

∫
(1− β(x))[u(x)]m(Ic(x)− v1)2dx

+

∫
(1− β(x))[1− u(x)]m(Ic(x)− v2)2dx

+

∫
β(x)[u(x)]mhxy[1− u(y)]m(Ic(y)− v1)2dydx

+

∫
β(x)[1− u(x)]mhxy[u(y)]m(Ic(y)− v2)2dydx

(18)
where β(x) represents the balance factor. v1 and v2
denote the intensity means of corrected image Ic(x)
in the inside and outside regions of evolving curve
respectively.
Eq. (18) provides a unified energy-level fusion
formulation. The total variation diffusion-guided term,
global energy term, and local energy term contribute
complementary information for the segmentation
decision.
The first two terms in Eq. (18) are the total variation
diffusion-guided energy term. The third and fourth
terms are the global energy term. The last two terms
are the local energy term. When the noise density is
small, the global energy term plays a major role. This
can speed up the curve evolution. When the noise
density is large, the local energy term should dominate.
This is conducive to generating a smooth and coherent
segmentation result. Based on the above analyses, this
section defines a balance factor β(x) according to the
noise density, as follows:

β(x) = 1− exp
(
−(I(x)− Ic(x))2

) (19)

According to Eq. (19), when the noise density is low,
(I(x) − Ic(x))2 is small, β(x) takes a small value. In
this case, the global energy term plays a major role.
When the noise density is large, (I(x)−Ic(x))2 is large,
β(x) takes a large value. In this case, the local energy
term dominates. Therefore, the balance factor acts as
an adaptive fusion coefficient between global and local
intensity information.
Assume the neighboring window sizes for calculating
the local energy term and local structure entropy are
K × K and P × P , respectively. For an image of
size H × W , the computational complexity of the
proposed model in a single iteration is O(HW (K2 +

P 2)), and the computational complexity inN iterations
is O(NHW (K2 + P 2)).
Keeping u(x) and Ic(x) unchanged, minimizing Eq.
(18) can obtain the update equations for v1 and v2:

v1 =

∫
(1− β(x))[u(x)]mIc(x)dx∫

(1− β(x))[u(x)]mdx
,

v2 =

∫
(1− β(x))[1− u(x)]mIc(x)dx∫

(1− β(x))[1− u(x)]mdx

(20)

Keeping v1, v2 and Ic(x) unchanged, minimizing Eq.
(18) can obtain the update equations for u(x):

u(x) =

(
1 +

(
(1− β(x))(Ic(x)− v1)2 + β(x)b1
(1− β(x))(Ic(x)− v2)2 + β(x)b2

))−1
(21)

where

b1 =

∫
hxy[1− u(y)]m(Ic(y)− v1)2dy,

b2 =

∫
hxy[u(y)]m(Ic(y)− v1)2dy.

(22)

Keeping u(x), v1 and v2 unchanged, minimizing Eq.
(18) can obtain the update equations for Ic(x):

∂Ic(x)

∂t
=γ∇

(
∇Ic(x)

|Ic(x)|1−θ(x)

)
− 2(I(x)− Ic(x))

− 2(1− β(x))[u(x)]m(Ic(x)− v1)
− 2(1− β(x))[1− u(x)]m(Ic(x)− v2)

(23)

Traditional active contour models typically employ
gradient descent flow to minimize the energy function,
but this method is computationally inefficient.
Therefore, this paper uses a fast numerical method
invented by Song and Chan [19] and developed
by Krinidis and Chatzis [8] to minimize the
energy function. This method does not solve the
Euler-Lagrange equations, while directly calculates
whether the energy function decreases when the
membership value of any pixel changes. If the energy
function decreases, the membership function is
updated. Otherwise, it is not updated.
To illustrate the convergence of the proposed model,
we adopt an alternating minimization strategy. The
total variation diffusion-guided energy term ED is
minimized with respect to Ic(x) via gradient descent
flow (Eq. (22)), while the global and local energy
terms are convex with respect to u(x) as proved in
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Appendix A. The alternating minimization scheme
ensures that the overall energy function decreases
monotonically. Combined with the fast numerical
method, the global optimum is obtained by gradually
reducing the energy function, and thus achieving
model convergence. Moreover, the fast numerical
method does not rely on the gradient descent step,
which avoids the convergence oscillations caused by
inappropriate step settings in gradient descent flow
methods. Combined with the energy descent criterion,
the optimization process exhibits a more stable energy
decrease numerically and eventually tends to plateau.
According to the above descriptions, the optimization
process of TVDGFACM is shown in Algorithm 1.

Algorithm 1: The optimization process of
TVDGFACM.
Input :The noisy image I(x), stopping criteria η

and maximum number of iterations N .
Output :The membership function un(x).
Initialize the membership function u(x) and the
corrected image Ic(x) = I(x);
for n from 1 to N do

Calculate the balance factor β(x) using Eq.
(19);
Calculate the intensity means of different
regions vn1 and vn2 using Eq. (20);
Calculate the membership function un(x)
using Eq. (21);
Calculate the corrected image Inc (x) using Eq.
(22);
Calculate the energy function En using Eq.
(18);
if En < En−1 then

update the membership function to un(x);
end
else

do not update;
end
if maximum number of iterations or
|En − En−1| < η is satisfied then

break;
end

end
Output :The membership function un(x).

3.4 Illustrative Example
This section gives an illustrative example of
TVDGFACM. The color noisy image Ir(x) and
given initial evolving curve C are shown in Figure 8.

The row and column coordinates of upper left corner
of initial evolving curve are (15, 100). The row and
column coordinates of lower right corner of initial
evolving curve are (210, 215). The initial evolving
curve is a rectangular box formed by these two points.
In the inside region of initial evolving curve, the
membership function u(x) = 1. In the outside region
of evolving curve, the membership function u(x) = 0.

Figure 8. Color noisy image and given initial evolving
curve.

Before the iteration begins, the color noisy image Ir(x)
is converted to the grayscale image I(x). The corrected
image Ic(x) is initialized to the grayscale noisy image
I(x). Next, during the iteration, the balance factor
β(x) is first calculated using Eq. (19). Then, the
intensity means v1 and v2 in the inside and outside
regions of the evolving curve is calculated using Eq.
(20). Furthermore, the membership function u(x) is
calculated according to Eq. (21), and its corresponding
evolving curve is shown in Figure 9.
Then, the corrected image Ic(x) is obtained and
updated using Eq. (22), as shown in Figure 10. Finally,
the above steps are iterated sequentially until the
convergence condition is reached. This can obtain the
final evolving curve and corrected image. They are
shown in Figures 11 and 12, respectively.

4 Experimental Results and Analyses
To validate the advancement and effectiveness of the
proposed method, this section conducts experiments
using a synthetic image, two natural images from
the BSD500 dataset, and three remote sensing images
from the AID dataset. Among them, synthetic
images are structurally and statistically controllable,
which facilitates the systematic verification of the
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Figure 9. Evolving curve obtained in the first iteration.

Figure 10. Corrected image obtained in the first iteration.

Figure 11. Final Evolving curve.

boundary preservation and noise resistance of the
segmentation method under different noise densities.
Natural images have complex textures and unstable

Figure 12. Final corrected image.

foreground-background contrasts, which can be used
to verify the effectiveness of local information fusion
and edge localization in real-world scenarios. Remote
sensing images typically exhibit larger-scale variations
and more complex background structures, which
are primarily used to examine the stability and
applicability of the segmentation method under
high-resolution and complex texture conditions. In
addition, we further conduct comparison experiments
on large-scale benchmark datasets to strengthen the
support for generalization of the proposed model.

The experimental CPU configuration is a 13th Gen
Intel(R) Core (TM) i7-13700KF CPU at 3.40GHz.
The experimental GPU configuration is a NVIDIA
RTX3060ti 8GB. The compilation environment of
MATLAB code is MATLAB 2018b. The compilation
environment of Python code is python 3.8, PyTorch
2.4 and CUDA v11.8. Moreover, the segmentation
accuracy (SA) and mean intersection over union
(MIoU) are used to evaluate the segmentation
performance. Furthermore, we further introduce
global Moran’s I (GMI) and boundary F1 (BF1) scores
to measure segmentation quality from the spatial
smoothness and boundary preservation, respectively.
Overall, SA and MIoU focus more on pixel-level
classification accuracy and the degree of region
overlap. GMI can reflect the spatial smoothness of
the segmentation results. BF1 directly measures the
matching degree between the predicted boundary and
the true boundary within a certain tolerance.

In subsequent experiments, mixed noise with different
densities is added to the test images. Mixed noise with
density d consists of Gaussian noise with mean 0 and
variance d, salt and pepper noise with density d, and
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speckle noise with density d. For ease of description,
noise density is expressed as a percentage, i.e., (d ×
100)%.

4.1 Discussions on Parameter Setting
In the proposed model, some key parameters
significantly affect segmentation performance,
including the Lagrange multipliers, neighboring
window size, entropy window size, stopping criteria
and weighting exponentm.
The Lagrange multiplier γ is a key parameter
that affects the performance of the total variation
diffusion-guided energy term. A small Lagrange
multiplier makes it difficult for the total variation
diffusion-guided energy term to effectively remove
noise. A large Lagrange multiplier leads to an
over-smoothed corrected image and causes the loss
of image edges. To determine the optimal Lagrange
multiplier, this section selects different values from
the set [50, 500] with a step size of 50 for experiments.
A synthetic image, a natural image, and two remote
sensing images polluted by 5% mixed noise are used
to evaluate the impact of the Lagrange multiplier on
segmentation performance. The test images and their
initial evolving curves are shown in Figure 13.
As can be seen from the experimental results shown
in Figure 14, different Lagrange multipliers have
little impact on the segmentation performance of the
synthetic image. The main reason is that the intensity
distributions of different regions in the synthetic image
are relatively homogeneous. Although noise disturbs
the intensity statistical characteristic, the local energy
term alone can still achieve a better segmentation
performance. In contrast, the intensity distributions of
different regions in natural images and remote sensing
images aremore complex, and noise further aggravates
this complexity. As a result, the Lagrange multiplier
has a greater impact on the segmentation performance
for these images. According to Figure 14, the natural
image achieves the best segmentation performance
when γ = 300 and γ = 350. In addition, when γ lies in

Figure 13. Test images polluted by 5% mixed noise and
their initial evolving curves. (a), (b), (c), and (d) are the
synthetic image, natural image, remote sensing image 1,

and remote sensing image 2, respectively.

the interval [200, 350], the segmentation performance
of remote sensing Image 1 remains almost unchanged
and is better than that obtained with other values. As
γ increases, the segmentation performance of remote
sensing Image 2 gradually improves. When γ ≥
250, its segmentation performance becomes nearly
stable. Based on the above analysis, the Lagrange
multiplier γ is uniformly set to 300 in the subsequent
experiments for all test images. Although the optimal γ
varies slightly across different images, setting γ = 300
provides a balanced performance for all test scenarios,
ensuring fair comparison and avoiding image-specific
parameter tuning.

The neighboring window size is an important
parameter that affects the performance of the local
energy term. A small neighboring window makes it
difficult for the proposed model to accurately estimate
the dependencies between pixels, thereby resulting

Table 1. Impact of neighboring window size on segmentation performance. The optimal results are in bold.

Metrics SA (%) MIoU (%)
3×3 5×5 7×7 9×9 11×11 3×3 5×5 7×7 9×9 11×11

Synthetic image 99.86 99.92 98.78 99.74 99.52 99.71 99.84 99.04 97.58 99.47
Natural image 98.89 98.91 98.96 98.80 98.67 95.40 95.49 95.67 95.00 94.47
Remote sensing image 1 98.93 99.02 98.74 98.49 98.15 97.02 97.26 96.51 95.85 94.94
Remote sensing image 2 99.06 99.31 99.27 99.09 98.89 98.02 98.52 98.45 98.08 97.65

106



Chinese Journal of Information Fusion

Figure 14. Impact of Lagrange multipliers on segmentation
performance. (a) Segmentation accuracy; (b) Mean

intersection over union.

in misclassified pixels in the segmentation results. A
large neighboring window will cause image edges
and details to become blurred due to excessive fusion
of neighborhood information, thereby resulting in
segmentation boundary shifts. As shown in Table 1, to
determine the optimal neighborhoodwindow size, this
section selects different values from the set [3, 11] with
a step size of 2 for experiments. The test images and
their initial evolving curves are shown in Figure 13.
According to the experimental results, when the
neighboring window size is 5× 5, the synthetic image
and two remote sensing images reach the optimal
segmentation performance. When the neighboring
window size is 7×7, the natural image obtains the best

evaluation metrics. Considering that computational
complexity increases with the neighboring window
size, this paper sets the neighboring window size to
5× 5 in subsequent experiments.

The entropywindow size is a key parameter that affects
the performance of the excitation weight estimation
method. It is difficult for a small entropy window to
capture sufficient local statistical information, which
makes modulo operations and mean calculations
susceptible to noise, thereby hindering accurate
identification for noisy pixels and image edges.
A large entropy window will integrate irrelevant
intensity information across regions and weaken
local structural differences, which makes it difficult
to accurately measure the degree to which pixels
are polluted by noise. As shown in Figure 15, to
determine the optimal entropy window size, this
section selects different values from the set [3, 11]
with a step size of 2 for experiments. The test
images and their initial evolving curves are shown
in Figure 13. Experimental results show that as
the entropy window increases, the segmentation
performance of synthetic images gradually decreases,
while the segmentation performance of natural and
remote sensing images shows a gradual improvement.
This is because the intensity distribution of synthetic
images is usually relatively homogeneous, and an
excessively large entropy window can easily introduce
interference information from neighboring pixels
unrelated to the center pixel, thereby causing bias
in the excitation weights estimation. In contrast, the
intensity distribution of natural and remote sensing
images is more complex and spatially varied. An
excessively small entropy window cannot adequately
characterize the contextual statistical features.
Therefore, appropriately increasing the window size
helps improve the model’s representation ability for
local structures and noise patterns. Therefore, in
subsequent experiments, we set the entropy window
for synthetic images to 5× 5 and the entropy window
for natural and remote sensing images to 9× 9.

The stopping criterion is a key parameter affecting
the model’s convergence speed and segmentation
performance. A small stopping criterion often
significantly increases the number of iterations and
computational cost. Meanwhile, in the later stages
of iteration, the energy function decrease is usually
quite limited, and the segmentation performance
improvement tends to saturate. Continuing iteration
not only yields little benefit but may also introduce
unnecessary over-smoothing. A large stopping
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Figure 15. Impact of entropy window size on segmentation
performance. (a) Segmentation accuracy; (b) Mean

intersection over union.

criterion may cause the model to terminate the
iteration prematurely. This will result in the
energy function not decreasing sufficiently, and the

membership function and the correction image still
being adjusted, thereby leading to problems such as
unstable boundaries and local under-segmentation. As
shown in Table 2, to determine the optimal stopping
criterion, this section selects different values from
the set [5, 1, 0.1, 0.01, 0.001] for experiments. The
maximum number of iterations is set to 100. The
test images and their initial evolving curves are
shown in Figure 13. Experimental results show that
when the stopping criterion is 0.1, the synthetic and
remote sensing images achieve the best segmentation
performance. When the stopping criterion is 0.01,
the natural image obtains the best evaluation index.
When the stopping criterion is 0.1, the SA and MIoU
of the natural image differ from the optimal SA and
MIoU by only 0.01% and 0.02%, respectively, while
the number of iterations differs by 23. Considering
computational efficiency, this paper uniformly sets the
stopping criterion to 0.1 in subsequent experiments.

The weighting exponent m is primarily used to adjust
the model’s constraint strength on the membership
function. To analyze the impact of the weighting
exponent on segmentation performance, this section
selects different values from the set [2, 6] with a
step size of 1 for experiments. The test images
and their initial evolving curves are shown in
Figure 13. The experiment results are shown
in Figure 16. Experimental results show that as
the weighting exponent increases, the segmentation
performance continuously decreases. This is because
the increase in the weighted exponent causes the
membership values to tend towards the extreme
states of 0 or 1, thereby significantly reducing
the flexibility of the membership function. This
makes it difficult for the proposed model to adapt
to regional dependencies between pixels, and it
cannot accurately respond to the differences in noise
distribution and the degree to which pixels are
polluted by noise characterized by the local structure
entropy, thereby affecting the rationality of the
excitation weight estimation. Furthermore, excessive

Table 2. Impact of stopping criterion on convergence speed and segmentation performance. The optimal results are in
bold.

Synthetic image Natural image Remote sensing image 1 Remote sensing image 2
SA (%) MIoU (%) Iter. SA (%) MIoU (%) Iter. SA (%) MIoU (%) Iter. SA (%) MIoU (%) Iter.

5 99.92 99.85 26 98.64 94.46 27 98.96 97.12 26 98.71 97.29 28
1 99.92 99.85 32 98.70 94.69 31 99.00 97.22 31 98.76 97.40 34
0.1 99.93 99.86 34 99.04 96.02 37 99.02 97.26 33 99.46 98.86 40
0.01 99.93 99.86 100 99.05 96.04 60 99.01 97.25 44 99.44 98.81 48
0.001 99.93 99.86 100 99.04 96.00 100 98.96 97.10 100 99.42 98.77 77
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constraints will weaken the model’s capability to
capture complex edges and details, especially for the
heterogeneous boundary regions in natural images
and remote sensing images, which may result in loss
of edge information or deviation of the segmentation
boundary. Even for synthetic images with relatively
uniform intensity distribution, local misclassification
may occur due to insufficient smoothness of the
membership degree, which leads to a gradual decline
in overall segmentation performance as the weighting
index increases. Therefore, in subsequent experiments,
this paper uniformly sets the weighting exponent m
to 2.

Figure 16. Impact of weighting exponent on segmentation
performance. (a) Segmentation accuracy; (b) Mean

intersection over union.

4.2 Comparison Experiment
To comprehensively demonstrate the advantages of
TVDGFACM, this section compares the proposed
method with seven existing active contour models
(FEBACM [8], GLFEBACM [11], MSR [13], PLPF [20],
ACFDI [1], AWMAD [21], and DoGEED [22]) and
two deep learningmethods (HAUS [23] andDIP [24]),
respectively. To evaluate the robustness of different
methods to noise, we added mixed noise with
densities of 2%, 4%, 6%, 8% and 10% to the test
images, respectively. Moreover, we report the average
segmentation performance±standard deviation.

4.2.1 Comparison with Active Contour Models
The segmentation results obtained by different active
contour models on six test images polluted by 6%
mixed noise are shown in Figures 17- 22, respectively.
Moreover, SA (%), MIoU (%), GMI (%), and BF1 (%)
obtained by different active contour models are shown
in Table 3, 4, 5 and 6, respectively.

The experimental results show that FEBACM is
the worst-performing segmentation model. Its
segmentation results contain a large number of
misclassified pixels, which leads to a decrease
in spatial coherence and a shift in the predicted
boundary. Meanwhile, the segmentation performance
of FEBACM has a large standard deviation. This
indicates that it is not robust to noise interference.
The main reason is that FEBACM is a segmentation
model based on global intensity information. It
typically assumes that images are composed of
homogeneous regions. However, mixed noise destroys
this homogeneity assumption. This makes it difficult
for FEBACM to accurately segment noisy images.
In contrast, GLFEBACM introduces local intensity
information into FEBACM. This improves its noise
resistance to a certain extent. Compared with
FEBACM, GLFEBACM produces fewer misclassified
pixels, which makes its segmentation results have
better spatial coherence and boundary preservation.
Moreover, the segmentation performance of
GLFEBACM has a smaller standard deviation.
However, GLFEBACM lacks an explicit denoising
mechanism and its excitation weight estimation
method is limited. As a result, its segmentation
performance is inferior to the proposed method.
MSR is essentially an active contour model based
on global intensity information. Unlike FEBACM,
MSR introduces total variation to remove image
noise. It achieves a better segmentation performance,
spatial coherence and boundary preservation on
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Figure 17. Segmentation results obtained by different active contour models on the synthetic image polluted by 6% mixed
noise. (a) Initial evolving curve; (b) Ground truth; (c) FEBACM; (d) GLFEBACM; (e) MSR; (f) PLPF; (g) ACFDI; (h)

AWMAD; (i) DoGEED; (j) TVDGFACM.

Figure 18. Segmentation results obtained by different active contour models on the natural image 1 polluted by 6% mixed
noise. (a) Initial evolving curve; (b) Ground truth; (c) FEBACM; (d) GLFEBACM; (e) MSR; (f) PLPF; (g) ACFDI; (h)

AWMAD; (i) DoGEED; (j) TVDGFACM.

Figure 19. Segmentation results obtained by different active contour models on the natural image 2 polluted by 6% mixed
noise (a) Initial evolving curve; (b) Ground truth; (c) FEBACM; (d) GLFEBACM; (e) MSR; (f) PLPF; (g) ACFDI; (h)

AWMAD; (i) DoGEED; (j) TVDGFACM.
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Figure 20. Segmentation results obtained by different active contour models on the remote sensing image 1 polluted by
6% mixed noise. (a) Initial evolving curve; (b) Ground truth; (c) FEBACM; (d) GLFEBACM; (e) MSR; (f) PLPF; (g)

ACFDI; (h) AWMAD; (i) DoGEED; (j) TVDGFACM.

Figure 21. Segmentation results obtained by different active contour models on the remote sensing image 2 polluted by
6% mixed noise. (a) Initial evolving curve; (b) Ground truth; (c) FEBACM; (d) GLFEBACM; (e) MSR; (f) PLPF; (g)

ACFDI; (h) AWMAD; (i) DoGEED; (j) TVDGFACM.

Table 3. SA (%) obtained by different active contour models. The optimal results are in bold.
Image FEBACM GLFEBACM MSR PLPF ACFDI AWMAD DoGEED TVDGFACM
Synthetic image 83.40±8.22 99.28±0.33 99.46±0.32 99.71±0.18 99.65±0.21 99.61±0.10 99.48±0.05 99.80±0.10
Natural image 1 61.72±4.23 98.00±1.38 93.34±4.30 98.97±0.15 86.58±2.11 99.39±0.08 99.34±0.12 99.42±0.02
Natural image 2 61.76±2.83 91.28±8.16 91.55±7.89 98.34±0.16 98.33±1.16 98.84±0.23 98.75±0.29 99.02±0.21
Remote sensing image 1 76.42±6.55 98.19±1.09 98.75±0.35 98.15±1.07 95.35±0.48 98.97±0.19 97.27±0.29 99.23±0.15
Remote sensing image 2 69.72±6.31 95.83±1.29 89.84±0.68 98.94±0.07 82.04±1.82 95.56±3.79 99.06±0.06 99.47±0.11
Remote sensing image 3 81.13±6.33 96.67±1.13 92.55±0.46 97.27±0.84 93.44±2.27 97.26±0.74 95.59±1.35 98.75±0.25

synthetic images, but performs poorly on natural and
remote sensing images. The reason is that, compared

with synthetic image, the intensity distributions of
natural and remote sensing images are more complex.
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Figure 22. Segmentation results obtained by different active contour models on the remote sensing image 3 polluted by
6% mixed noise. (a) Initial evolving curve; (b) Ground truth; (c) FEBACM; (d) GLFEBACM; (e) MSR; (f) PLPF; (g)

ACFDI; (h) AWMAD; (i) DoGEED; (j) TVDGFACM.

Table 4. MIoU (%) obtained by different active contour models. The optimal results are in bold.
Image FEBACM GLFEBACM MSR PLPF ACFDI AWMAD DoGEED TVDGFACM
Synthetic image 72.24±12.6 98.57±0.64 98.92±0.63 99.43±0.36 99.31±0.42 99.22±0.20 98.97±0.09 99.59±0.21
Natural image 1 41.10±4.11 93.50±3.88 80.53±11.2 96.40±0.50 69.53±3.15 97.81±0.29 97.63±0.42 97.93±0.09
Natural image 2 39.36±2.89 78.48±15.5 78.92±15.8 93.30±0.61 93.57±4.05 95.18±0.94 95.00±1.08 95.87±0.89
Remote sensing image 1 57.65±9.01 94.98±3.01 96.59±0.94 94.85±2.96 88.56±1.05 97.17±0.49 92.92±0.69 97.87±0.42
Remote sensing image 2 53.67±7.61 91.66±2.44 81.19±1.10 97.78±0.15 69.45±2.57 91.42±7.02 98.02±0.12 98.88±0.23
Remote sensing image 3 68.56±9.10 93.46±2.13 86.05±0.79 94.56±1.64 87.66±4.01 94.57±1.42 91.47±2.50 97.46±0.50

Table 5. GMI (%) obtained by different active contour models. The optimal results are in bold.
Image FEBACM GLFEBACM MSR PLPF ACFDI AWMAD DoGEED TVDGFACM
Synthetic image 46.03±22.4 97.31±0.15 97.43±0.17 97.61±0.06 97.65±0.03 97.67±0.01 97.67±0.01 97.78±0.08
Natural image 1 13.91±7.68 98.29±0.32 65.99±22.9 99.16±0.02 94.11±1.41 99.16±0.03 99.22±0.01 99.22±0.01
Natural image 2 9.659±6.38 97.54±0.95 93.91±6.01 97.92±0.20 98.64±0.09 98.55±0.01 98.63±0.04 98.66±0.06
Remote sensing image 1 24.83±14.9 97.80±0.14 97.90±0.39 97.57±0.60 96.36±0.49 98.34±0.05 98.29±0.03 98.48±0.01
Remote sensing image 2 28.12±15.5 97.76±0.36 95.88±0.59 99.45±0.01 96.97±0.47 99.02±0.49 99.38±0.01 99.49±0.01
Remote sensing image 3 48.23±16.2 95.54±1.22 97.10±0.40 96.28±0.84 97.26±0.62 97.08±0.58 95.23±1.00 98.25±0.02

Table 6. BF1 (%) obtained by different active contour models. The optimal results are in bold.
Image FEBACM GLFEBACM MSR PLPF ACFDI AWMAD DoGEED TVDGFACM
Synthetic image 24.26±5.97 99.75±0.41 99.13±0.17 99.88±0.02 99.78±0.06 98.81±0.07 97.03±0.23 99.90±0.12
Natural image 1 4.048±0.18 53.29±15.5 17.47±8.72 68.32±4.44 14.48±4.39 82.27±6.93 86.81±1.14 86.90±3.09
Natural image 2 5.988±0.15 35.13±28.1 40.48±27.9 62.93±5.07 75.07±10.7 73.75±2.53 70.63±8.64 76.08±7.82
Remote sensing image 1 10.87±1.54 87.11±5.18 85.41±9.59 79.85±13.2 52.75±7.26 91.28±3.44 43.72±7.92 94.14±1.95
Remote sensing image 2 4.940±0.77 38.68±4.27 21.57±2.90 64.87±3.48 25.40±4.00 65.84±20.5 63.97±3.00 86.04±6.44
Remote sensing image 3 17.46±4.24 61.29±10.9 54.59±1.66 67.39±9.74 51.66±15.2 73.26±9.08 52.09±10.0 90.98±3.00

Although relying on total variation can reduce
the impact of noise, it is difficult to achieve ideal
performance using only global intensity information.
PLPF and AWMAD introduce median filtering
and mean filtering to suppress noise interference,
respectively. PLPF linearly weights the filtered image

and the noisy image to enhance its robustness to
noise. AWMAD designs a fitting function based on
adaptive mean filtering to calculate low-frequency
components, thereby reducing the impact of noise on
edge feature extraction. Although PLPF and AWMAD
achieved satisfactory segmentation performance,
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spatial coherence and boundary preservation on
multiple test images, the median filter and mean filter
are only effective against single types of noise and
exhibit poor suppression capabilities for mixed noise.
Therefore, there is still a certain gap between their
performance and that of the proposed model. ACFDI
uses Fourier transform to extract low-frequency and
high-frequency components from noisy images. The
evolving curve is initialized using the low-frequency
region position matrix to improve computational
efficiency. The high-frequency region position
matrix is used as weights to weight the intensity
information within local regions, thereby enhancing
noise resistance. However, high-frequency weights
may misinterpret strong salt and pepper noise as true
edges. This will result in false edges and impacting
segmentation performance. DoGEED introduces
anisotropic edge enhancement diffusion and the
difference of Gaussian operator for image denoising
and edge enhancement. This improves its robustness
to noise interference to some extent. However,
under mixed noise conditions, DoGEED’s edge
enhancement performance deteriorates. This makes
its segmentation performance, spatial coherence and
boundary preservation are worse than those of the
proposed model.

Unlike the comparison models, TVDGFACM designs a
total variation diffusion-guided energy term based on
total variation. It can transform the noisy image to a
total variation diffusion-guided domain to enhance the
anti-noise capability. Moreover, TVDGFACM designs
a more stable excitation weight estimation method.
It adaptively adjusts pixel membership according
to the regional dependencies between noisy pixel
and its neighboring pixels. This helps to generate a
smooth and coherent segmentation result. Therefore,
compared with the comparison model, TVDGFACM
exhibits better segmentation performance, spatial
coherence and boundary preservation.

These results demonstrate the effectiveness of the
proposed information fusion strategy. By fusing
structural diffusion information, local contextual
evidence, and global intensity statistics, TVDGFACM
can make more reliable segmentation decisions under
mixed noise conditions than methods relying on a
single type of information.

To validate the convergence of the proposed model,
we visualize its convergence curves on six test images,
as shown in Figure 23. It can be seen from the
visualization result that the energy function of the

proposed model gradually decreases with the increase
of the number of iterations. When the number of
iterations is greater than 25, the energy function of
the proposed model remains essentially unchanged
on all test images.

Figure 23. Convergence curves on six test images.

4.2.2 Comparison with Deep Learning Methods
Deep learning methods have been widely used in
image segmentation tasks. To further validate the
proposed model, we compared TVDGFACM with two
deep learning methods, including HAUS [23] and
DIP [24].
HAUS takes a pre-trained DINOv2-ViT-B14-REG as
backbone to extract features. It treats superpixels
as graph nodes and constructs a graph based on
feature similarity. HAUS partitions the graph using
recursive spectral clustering, where each connected
component can be considered a subgraph, and further
recursively partitioning on each subgraph until the
stopping condition is met. Moreover, HAUS refines
image edges using a conditional random field. Since
HAUS uses a pre-trained network, it does not require
retraining. For input preprocessing, HAUS resizes the
input image according to the backbone downsampling
ratio to extract 60×60 feature tokens.
DIP uses variational energy to initialize convolutional
neural networks andminimizes the energy function by
iteratively optimizing the network weights, rather than
relying on pre-trained models or training sets. DIP
uses a U-Net with skip connections as its core network
structure. Moreover, it introduces a total variational
regularization term to penalize boundary oscillations
and pseudo-details. For the training setting, DIP takes
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Figure 24. Segmentation results obtained by different deep learning methods. The first to last rows are the segmentation
results obtained by HAUS, DIP, and TVDGFACM, respectively. (a) Synthetic image; (b) Natural image 1; (c) Natural

image 2; (d) Remote sensing image 1; (e) Remote sensing image 2; (f) Remote sensing image 3.

an Adam as the optimizer and adds a zero-mean
Gaussian perturbation to the input in each iteration
to improve generalization. Moreover, DIP requires no
preprocessing or training data, and directly segments
a single noisy input image.

To ensure the fairness and objectivity of the
comparison experiments, this paper fine-tunes
some key hyperparameters of HAUS and DIP to
achieve their optimal segmentation performance.
HAUS’s hyperparameters include the number of
superpixels, the maximum number of subgraphs,
and the smoothing threshold. The impacts of these
hyperparameters on segmentation performance
are reported in Table B1, Table B2, and Table B3,
respectively. DIP’s hyperparameters include the
learning rate, total variation regularization parameter,
and input perturbation standard deviation. Their
impacts are reported in Table B4, Table B5, and
Table B6, respectively. Based on the fine-tuned
parameters, the segmentation results obtained by
different deep learning methods on six test images
polluted by 6% mixed noise are shown in Figure 24.
Moreover, SA (%), MIoU (%), GMI (%) and BF1
(%) obtained by different deep learning methods are
shown in Tables 7, 8, 9 and 10, respectively.

Compared with the above active contour models,
deep learning methods, relying on deep features and
global context, can obtain smoother andmore coherent

segmentation results. However, the optimization
objectives of HAUS and DIP focus more on overall
regional consistency and semantic similarity. They
lack explicit and noise-adaptive constraints on precise
edge locations and geometric shapes. As a result,
deep learning methods tend to produce locally
unstable clustering or excessive smoothing near
object boundaries, which manifests as jagged edges
and small fragmented regions. Although HAUS
uses a conditional random field to refine image
edges, it operates on the final segmentation result
and cannot compensate for edge loss during the
optimization process. In contrast, TVDGFACM can
suppress noise interference and preserves image
edges by guiding different total variational diffusion
mechanisms during model iteration. Therefore, its
segmentation performance, spatial coherence and
boundary preservation are significantly better than
those of deep learning methods.

4.2.3 Comparison on Large-Scale Benchmark Dataset
To verify TVDGFACM’s segmentation performance
on large-scale benchmark datasets, this section
compares TVDGFACM with deep learning methods
on Crack500 dataset [25]. Crack500 is a dataset
for road crack detection. We crop each image into
four non-overlapping image regions, and retain only
the regions containing more than 2000 crack pixels.
Moreover, we added 5% mixed noise to each image.
The partial experimental results obtained by different
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Table 7. SA (%) obtained by different deep learning methods. The optimal results are in bold.
Method Synthetic image Natural image 1 Natural image 2 Remote sensing image 1 Remote sensing image 2 Remote sensing image 3
HAUS 99.48±0.33 98.80±0.23 98.42±0.39 99.19±0.33 98.16±0.24 98.37±0.13
DIP 99.91±0.02 99.17±0.22 98.31±0.35 99.05±0.32 99.10±0.02 97.54±1.50
TVDGFACM 99.80±0.10 99.42±0.02 99.02±0.21 99.23±0.15 99.47±0.11 98.75±0.25

Table 8. MIoU (%) obtained by different deep learning methods. The optimal results are in bold.
Method Synthetic image Natural image 1 Natural image 2 Remote sensing image 1 Remote sensing image 2 Remote sensing image 3
HAUS 98.97±0.65 95.72±0.71 93.70±1.61 97.76±0.92 96.15±0.51 96.72±0.25
DIP 99.83±0.04 97.07±0.75 93.04±1.42 97.36±0.90 98.10±0.04 95.15±2.84
TVDGFACM 99.59±0.21 97.93±0.09 95.87±0.89 97.87±0.42 98.88±0.23 97.46±0.50

Table 9. GMI (%) obtained by different deep learning methods. The optimal results are in bold.
Method Synthetic image Natural image 1 Natural image 2 Remote sensing image 1 Remote sensing image 2 Remote sensing image 3
HAUS 97.45±0.16 99.07±0.01 97.91±0.37 97.95±0.20 99.47±0.02 97.82±0.10
DIP 97.61±0.04 98.24±0.33 97.01±0.38 97.57±0.44 99.41±0.02 97.38±0.70
TVDGFACM 97.78±0.08 99.22±0.01 98.66±0.06 98.48±0.01 99.49±0.01 98.25±0.02

Table 10. BF1 (%) obtained by different deep learning methods. The optimal results are in bold.
Method Synthetic image Natural image 1 Natural image 2 Remote sensing image 1 Remote sensing image 2 Remote sensing image 3
HAUS 99.89±0.16 61.93±8.87 68.78±11.9 93.65±4.25 62.22±7.17 87.20±1.66
DIP 100.0±0.00 77.92±9.23 65.69±9.03 93.24±4.76 73.13±0.94 81.74±12.4
TVDGFACM 99.90±0.12 86.90±3.09 76.08±7.82 94.14±1.95 86.04±6.44 90.98±3.00

methods are shown in Figure 25, and the average
segmentation performance is shown in Table 11.
It can be seen form the experiment results that
TVDGFACM obtains smoother and more continuous
object boundaries, and improves BF1 by 24.67% and
6.50% compared with HAUS and DIP, respectively.
This advantage is mainly due to the fact that deep
learningmethods usually lack precise edge localization
constraints, while TVDGFACM effectively fuses
image edge information into optimization process by
introducing a total variation diffusion-guided energy
term, which enhances the boundary characterization
capability.

Table 11. Average segmentation performance obtained by
different methods. The optimal results are in bold.

Methods SA (%) MIoU (%) GMI (%) BF1 (%)
HAUS 96.36±1.38 80.51±4.53 95.29±0.70 29.77±9.69
DIP 97.39±1.25 84.53±2.03 96.07±0.99 47.94±13.4
TVDGFACM 97.78±1.54 86.99±3.75 97.10±0.86 54.44±20.0

To further validate the convergence of the proposed
model on large-scale benchmark datasets, this section
visualizes the average convergence curve of the
proposed model on the Crack500 dataset, as shown
in Figure 26. It can be seen from the visualization
results that after approximately 30 iterations, the
energy function of the proposed model no longer
decreases, which indicated that the proposed model

has converged.

4.2.4 Computational Cost and Scalability Analysis
To analyze the computational efficiency and
applicability of the proposed model, this section
provides a quantitative discussion from three
aspects: running time in a single iteration, memory
consumption, and scalability with image size, as
shown in Table 12. It can be seen from the experimental
results that the test images have different spatial
sizes, which indicates that the proposed model is not
constrained by the input image size and can adapt
to images with any size. Moreover, the number of
iterations on different test images does not change
significantly with image size, which indicates that
the proposed model has strong convergence. It is
worth noting that the running time and memory
consumption increase with image size. Currently, the
proposed model can meet the engineering feasibility
requirements for processing standard resolution
images on ordinary CPU platforms. For larger-scale
or real-time applications, throughput and response
speed can be further improved through parallelization
and vectorization, or by employing multi-scale and
hardware acceleration strategies.

4.3 Ablation Experiment
To evaluate the effectiveness of some important
components in the proposed model, this section
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Figure 25. Segmentation results obtained by different methods. The first to last rows are the segmentation results obtained
by HAUS, DIP, and TVDGFACM, respectively. (a) Noisy images; (b) Ground truth; (c) HAUS; (d) DIP; (e) TVDGFACM.

Table 12. Quantitative discussion on running time, memory consumption and scalability with image size.

Images Image size Iterations Time (s) Memory (MB)
Synthetic image 256× 256 34 0.59 7.73
Natural image 1 321× 481 35 1.40 7.75
Natural image 2 225× 300 37 0.61 7.77
Remote sensing image 1 600× 600 33 3.37 7.83
Remote sensing image 2 600× 600 40 3.35 7.88
Remote sensing image 3 600× 600 38 3.27 7.93

conducts the ablation experiments on the local energy
term and total variation diffusion-guided energy term
respectively. This helps reveal the contributions
of different fused information sources to the final
segmentation decision.

The local energy term smooths the pixel membership
by measuring the noise distribution and the degree
to which pixels are polluted by noise. This helps
generate a smooth and coherent segmentation result.
To validate its effectiveness, this section removes the
local energy term from TVDGFACM. Mixed noise
with different densities is added to the test images.

The segmentation results obtained on six test images
polluted by 6% mixed noise after removing the local
energy term are shown in Figure 27. The segmentation
performance obtained on six test images polluted by
mixed noise with different densities after removing
the local energy term is shown in Table 13. “x”
represents that the local energy term is removed, and
“X” indicates the presence of the local energy term.

As can be seen from Figure 27, after removing the
local energy term, the segmentation result on synthetic
image is basically not affected. TVDGFACM can still
accurately capture object edges. This is because the
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Table 13. Segmentation performance obtained on six test images after removing the local energy term.

Images Metric
Noisy Density

Segmentation Accuracy (%) Mean Intersection over Union (%)
2 4 6 8 10 2 4 6 8 10

Synthetic Image 1 x 99.65 99.61 99.48 99.26 99.13 99.30 99.23 98.95 98.53 98.28
X 99.89 99.80 99.66 99.55 99.36 99.80 99.33 98.93 98.91 98.49

Natural Image 1 x 99.27 99.10 98.82 98.89 98.77 97.42 96.84 95.89 96.12 95.72
X 99.47 99.46 99.27 99.26 99.23 98.11 98.07 97.39 97.35 97.25

Natural Image 2 x 98.98 98.81 98.27 98.59 97.79 95.82 95.12 93.05 94.28 91.47
X 99.12 99.02 98.71 98.79 98.56 96.33 95.93 94.65 94.93 94.05

Remote
Sensing Image 1

x 99.27 99.06 98.75 98.43 98.31 97.97 97.40 96.55 95.71 95.39
X 99.43 99.34 99.22 99.10 99.07 98.40 98.17 97.85 97.51 97.42

Remote
Sensing Image 2

x 98.67 98.38 98.04 97.70 97.07 97.32 96.73 96.07 95.39 94.19
X 99.61 99.56 99.45 99.41 99.34 99.17 99.07 98.82 98.75 98.60

Remote
Sensing Image 3

x 97.71 96.80 96.51 95.71 95.39 95.28 93.48 92.93 91.40 90.79
X 99.05 98.94 98.71 98.54 98.48 98.08 97.86 97.38 97.06 96.93

Table 14. Segmentation performance obtained on six test images after removing the total variation diffusion-guided
energy term.

Images Metric Segmentation Accuracy (%) Mean Intersection over Union (%)
Noisy Density 2 4 6 8 10 2 4 6 8 10

Synthetic Image 1 x 99.68 99.24 98.90 98.34 97.54 99.36 98.50 97.83 96.72 95.20
X 99.89 99.80 99.66 99.55 99.36 99.80 99.33 98.93 98.91 98.49

Natural Image 1 x 97.16 96.01 94.52 92.11 90.19 90.83 87.67 84.00 78.83 75.20
X 99.47 99.46 99.27 99.26 99.23 98.11 98.07 97.39 97.35 97.25

Natural Image 2 x 96.77 96.08 94.96 93.92 93.63 88.08 85.87 82.52 79.85 78.81
X 99.12 99.02 98.71 98.79 98.56 96.33 95.93 94.65 94.93 94.05

Remote
Sensing Image 1

x 99.12 98.44 97.56 96.50 95.27 97.57 95.69 93.36 90.66 87.56
X 99.43 99.34 99.22 99.10 99.07 98.40 98.17 97.85 97.51 97.42

Remote
Sensing Image 2

x 90.06 87.91 86.65 85.16 83.35 81.54 78.10 76.16 73.90 71.24
X 99.61 99.56 99.45 99.41 99.34 99.17 99.07 98.82 98.75 98.60

Remote
Sensing Image 3

x 97.17 95.53 94.14 91.91 89.62 94.32 91.11 88.46 84.28 80.09
X 99.05 98.94 98.71 98.54 98.48 98.08 97.86 97.38 97.06 96.93

Figure 26. Average convergence curve on Crack500 dataset.

intensity distribution of different regions in synthetic
image is homogeneous. Although mixed noise
destroys its intensity statistical characteristics, the total
variation diffusion-guided energy term can transform
noisy image into a total variation diffusion-guided
domain to restore its intensity distribution. Therefore,
in synthetic images, using only the global energy
term can achieve ideal segmentation performance.
However, in the natural and remote sensing images,
removing the local energy term significantly impacts
segmentation result. This results in a large number
of misclassified pixels in the segmentation result.
As can be seen from Table 13, this impact becomes
increasingly significant as the noise density increases.
The main reason for this phenomenon lies in the
fact that the intensity distribution characteristics of
different regions in natural and remote sensing images
are rather complex. Although the total variation
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Figure 27. Segmentation results obtained on six test images after removing the local energy term. (a) Synthetic image; (b)
Natural image 1; (c) Natural image 2; (d) Remote sensing image 1; (e) Remote sensing image 2; (f) Remote sensing

image 3.

Figure 28. Segmentation results obtained on six test images
after removing the total variation diffusion-guided energy
term. (a) Synthetic image; (b) Natural image 1; (c) Natural
image 2; (d) Remote sensing image 1; (e) Remote sensing

image 2; (f) Remote sensing image 3.

diffusion-guided energy term reduces the impact of
noise on intensity distributions, it is still difficult to
accurately segment natural and remote sensing images
by using only the global energy term.

The total variation diffusion-guided energy term
transforms the noisy image from the intensity domain
to a total variation diffusion-guided domain. It

can restore intensity distribution characteristics while
preserving image details such as edges. To validate its
effectiveness, this section removes the total variation
diffusion-guided energy term from TVDGFACM.
Meanwhile, mixed noise with different densities is
added to the test images. The segmentation results
obtained on six test images polluted by 6%mixed noise
after removing the total variation diffusion-guided
energy term are shown in Figure 28. The segmentation
performance obtained on six test images polluted by
mixed noise with different densities after removing the
total variation diffusion-guided energy term is shown
in Table 14. Among them, “x” represents that the total
variation diffusion-guided energy term is removed,
and “X” indicates the presence of the total variation
diffusion-guided energy term.

According to Figure 28, after removing the total
variation diffusion-guided energy term, there will
be a large number of misclassified pixels in the
segmentation result. As can be seen from Table 14,
after removing the total variation diffusion-guided
energy term, the segmentation performance will
rapidly decline as the noise density increases. This
is because noise destroys the image structure and
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Figure 29. Intensity distributions of different regions in noisy images. (a) Synthetic image; (b) Natural image 1; (c)
Natural image 2; (d) Remote sensing image 1; (e) Remote sensing image 2; (f) Remote sensing image 3.

Figure 30. Intensity distributions of different regions in corrected images. (a) Synthetic image; (b) Natural image 1; (c)
Natural image 2; (d) Remote sensing image 1; (e) Remote sensing image 2; (f) Remote sensing image 3.

intensity distribution characteristics. Under the impact
of high noise, it is difficult to effectively distinguish

objects and background regions solely relying on the
local energy term. As can be seen from Figures 29
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and 30, the pixel intensities in noisy image are mainly
distributed around 0 and 255. In contrast, the
intensity distributions of different regions in corrected
image have two clearly separable peaks, which helps
segmentation methods to obtain the optimal decision
boundary.

5 Conclusion
To further improve the robustness of FACM to noise
and optimize the excitation weight estimation method,
this paper proposes TVDGFACM. TVDGFACM first
introduced total variation into FACM. It can restore
intensity distribution characteristics and protect image
edges while avoiding staircase artifacts by guiding
different diffusion mechanisms. Then, TVDGFACM
designs a local structure entropy to detect noisy pixels,
and reconstructs the excitation weight estimation
method based on the regional dependencies between
noisy pixel and its neighboring pixels. This helps
to generate a smooth and coherent segmentation
result. Finally, a balance factor based on noise
density is constructed to adjust the weights between
the global energy term and the local energy term,
thereby enhancing the stability during curve evolution.
Overall, TVDGFACM provides a concise information
fusion framework that integrates diffusion-based
structural information, global intensity statistics, and
local contextual dependencies for robust noisy image
segmentation. Under the impact of mixed noise
with different densities, experiments are conducted
using the synthetic, natural, remote sensing images
and large-scale benchmark dataset. Experimental
results show the advancement and effectiveness of
TVDGFACM.

In the future work, we will continue to explore
more effective segmentation model frameworks.
For example, we will comprehensively analyze
the damage to the image quality from the noise
formation mechanism. We will consider the
impact of other interference factors (such as the
intensity inhomogeneity) on the intensity distribution
characteristics. Furthermore, we will also attempt to
explore how to introduce deep learning techniques
into FACM to enhance feature representation capability
and segmentation performance.
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Appendix A
As shown in Eq. (18), the energy function E(u) of the
proposed model can be formulated as:

ET (u) = ED+EAG(u)+EBG (u)+EAL (u)+EBL (u) (A1)

where

ED =

∫
(I(x)− IC(x))2dx+

γ

θ(x)

∫
|∇IC(x)|θ(x)dx

(A2)
EAG(u) =

∫
(1− β(x))[u(x)]m(IC(x)− v1)2dx (A3)

EBG (u) =

∫
(1−β(x))[1−u(x)]m(IC(x)−v2)2dx (A4)

EAL (u) =
∫
β(x)[u(x)]m

∫
hxy[1− u(y)]m(IC(y)− v1)2dydx

(A5)
EBL (u) =

∫
β(x)[1− u(x)]m

∫
hxy[u(y)]m(IC(y)− v2)2dydx

(A6)
Since ED does not involve u, this section only needs
to prove the convexity of EAG(u), EBG (u), EAL (u) and
EBL (u) with respect to u. Among them, EAG(u) in Eq.
(A3) can be written as:

EAG(u) =

∫
eAG(u)dx (A7)

where

eAG(u) = (1− β(x))[u(x)]m(IC(x)− v1)2 (A8)
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Let x1, x2 ∈ Ω, for ∀θ ∈ [0, 1], we have

θx1 + (1− θ)x2 = θ(x1 − x2) + x2 ∈ Ω (A9)

Therefore, the domain of eAG(u) is convex with respect
to u. The second order derivative of Eq. (A8) with
respect to u can be formulated as:

∂2eAG
∂u2

=
∂

∂u

(
∂eAG
∂u

)
= (1− β(x))m(m− 1)[u(x)]m−2(IC(x)− v1)2

(A10)
Since m > 1, u(x) ∈ [0, 1], and (Ic(x) − v1)2 ≥ 0, we
have:

∂2e4A
∂u2

≥ 0 (A11)

Since the domain of e4A(u) is convex and ∂2e4A/∂u2 ≥ 0,
e4A(u) is convex. Therefore, ∀x1, x2 ∈ Ω and θ ∈ [0, 1],
we have:

e4A(θx1 + (1− θ)x2) ≤ θe4A(x1) + (1− θ)e4A(x2) (A12)

Calculating the integral of the two sides of (A10), we
have:∫

e4A(θx1 + (1− θ)x2)dx ≤ θ
∫
e4A(x1)dx

+ (1− θ)
∫
e4A(x2)dx

(A13)
With E4

A(u) =
∫
e4A(u)dx, Eq. (A11) can be rewritten

as:
E4
A(θx1 + (1− θ)x2) ≤ θE4

A(x1)

+ (1− θ)E4
A(x2)

(A14)

Hence, E4
A(u) is convex with respect to u. In the same

way, we can also prove that E4
B(u) is convex with

respect to u.
Again let:

E4
L(u) =

∫
β(x)[u(x)]mE4

L1
(u)dx (A15)

E4
L1

(u) =

∫
hxy[1− u(y)]m(Ic(y)− v1)2dy (A16)

e4L1
(u) = hxy[1− u(y)]m(Ic(y)− v1)2 (A17)

Let y1, y2 ∈ Ω, for ∀θ ∈ [0, 1], we have:

θy1 + (1− θ)y2 = θ(y1 − y2) + y2 ∈ Ω (A18)

Therefore, the domain of e4L1
(u) is convex with respect

to u. The second order derivative of Eq. (A17) with
respect to u can be formulated as:

∂2e4L1

∂u2
=

∂

∂u

(
∂e4L1

∂u

)
= hxym(m− 1)[1− u(y)]m−2(Ic(y)− v1)2

(A19)
Since hxy ≥ 0,m > 1, u(y) ∈ [0, 1], and (Ic(y)− v1)2 ≥
0, we have:

∂2e4L1

∂u2
≥ 0 (A20)

Since the domain of eAL1
(u) is convex and ∂2eAL1

/∂u2 ≥
0, eAL1

(u) is convex. Therefore, ∀y1, y2 ∈ Ω and θ ∈
[0, 1], we have:

eAL1
(θy1+(1−θ)y2) ≤ θeAL1

(y1)+(1−θ)eAL1
(y2) (A21)

Calculating the integral of the two sides of (A21), we
have:∫

eAL1
(θy1 + (1− θ)y2)dy ≤ θ

∫
eAL1

(y1)dy

+ (1− θ)
∫
eAL1

(y2)dy

(A22)
With EAL1

(u) =
∫
eAL1

(u)dx, Eq. (A22) can be rewritten
as:

EAL1
(θy1 + (1− θ)y2) ≤ θEAL1

(y1) + (1− θ)EAL1
(y2)
(A23)

Hence, EAL1
(u) is convex with respect to u. Again let

ĒAL (u) = β(x)[u(x)]mEAL1
(u) (A24)

Since EAL1
(u) is convex and β(x)[u(x)]m ≥ 0, ĒAL is

convex. Therefore, ∀x1, x2 ∈ Ω and θ ∈ [0, 1], we have:

ĒAL (θx1 + (1− θ)x2) ≤ θĒAL (x1) + (1− θ)ĒAL (x2)
(A25)

Calculating the integral of the two sides of (A25), we
have:∫

ĒAL (θx1 + (1− θ)x2)dx ≤ θ
∫
ĒAL (x1)dx

+ (1− θ)
∫
ĒAL (x2)dx

(A26)
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SinceEAL1
(u) =

∫
ĒAL (u)dx, Eq. (A26) can be rewritten

as:

EAL1
(θx1 + (1− θ)x2) ≤ θEAL1

(x1) + (1− θ)EAL1
(x2)
(A27)

Hence, EAL1
(u) is convex with respect to u. In the

same way, we can also prove thatEBL (u) is convex with
respect to u.

Based on the above description, since EAG(u), EBG (u),
EAL (u), and EBL (u) are all convex with respect to u, the
energy function ET (u) of the proposed model is also
convex with respect to u.

Appendix B
To ensure fairness and objectivity of the comparison
experiments with deep learning methods, this section
fine-tunes some key hyperparameters of HAUS and
DIP based on experimental images polluted by 6%
mixed noise to achieve their optimal segmentation
performance. HAUS’s hyperparameters include the
number of superpixels (Table B1), the maximum
number of subgraphs (Table B2), and the smoothing
threshold (Table B3). DIP’s hyperparameters
include the learning rate (Table B4), total variation
regularization parameter (Table B5), and input
perturbation standard deviation (Table B6). The
optimal values are highlighted in bold in each table.

Table B1. Impact of the number of superpixels on
segmentation performance. The optimal results are in bold.

Images Metrics 20 40 60 80 100
Synthetic image SA (%) 98.37 99.41 99.75 99.68 99.64

MIoU (%) 95.98 97.94 98.58 98.45 98.37
Natural image 1 SA (%) 98.85 98.87 98.91 98.82 98.80

MIoU (%) 95.89 95.99 96.11 95.85 95.74
Natural image 2 SA (%) 98.58 98.45 98.68 98.79 98.43

MIoU (%) 92.62 92.22 92.95 93.34 92.02
Remote

sensing image 1
SA (%) 98.88 98.98 98.08 98.75 98.44

MIoU (%) 96.69 96.73 94.88 96.31 95.06
Remote

sensing image 2
SA (%) 97.14 97.90 98.09 98.19 97.88

MIoU (%) 94.06 95.58 95.99 96.19 95.54
Remote

sensing image 3
SA (%) 96.20 94.02 97.55 96.02 97.31

MIoU (%) 93.05 89.52 95.11 92.68 94.35

Table B2. Impact of the maximum number of subgraphs on
segmentation performance. The optimal results are in bold.

Images Metrics 10 15 20 25 30
Synthetic image SA (%) 99.55 99.58 99.39 99.37 99.00

MIoU (%) 98.29 98.38 98.21 98.18 97.86
Natural image 1 SA (%) 98.73 98.99 98.92 98.85 98.67

MIoU (%) 95.53 96.43 96.14 95.89 95.23
Natural image 2 SA (%) 96.88 97.22 97.79 97.70 97.73

MIoU (%) 92.65 93.18 93.42 93.26 93.29
Remote

sensing image 1
SA (%) 97.64 98.00 98.42 98.88 98.54

MIoU (%) 95.02 95.42 96.20 96.69 96.33
Remote

sensing image 2
SA (%) 97.79 97.61 97.82 97.14 96.95

MIoU (%) 95.34 95.06 95.48 94.06 93.68
Remote

sensing image 3
SA (%) 97.08 97.58 97.40 97.89 97.83

MIoU (%) 94.96 95.38 95.21 95.81 95.32

Table B3. Impact of smoothing threshold on segmentation
performance. The optimal results are in bold.

Images Metrics 0 0.05 0.1 0.15 0.2
Synthetic image SA (%) 99.26 99.61 99.41 99.79 99.33

MIoU (%) 97.66 98.31 98.11 98.67 97.80
Natural image 1 SA (%) 98.86 98.77 98.79 98.71 98.78

MIoU (%) 95.90 95.61 95.73 95.43 95.67
Natural image 2 SA (%) 98.36 98.66 98.62 97.91 97.06

MIoU (%) 92.71 93.69 93.34 90.56 87.91
Remote

sensing image 1
SA (%) 97.19 98.53 98.65 98.14 97.75

MIoU (%) 94.96 96.19 96.64 96.23 95.64
Remote

sensing image 2
SA (%) 97.13 97.25 97.34 97.45 97.34

MIoU (%) 95.05 95.31 95.49 95.72 95.51
Remote

sensing image 3
SA (%) 97.10 97.77 97.32 97.55 97.39

MIoU (%) 95.35 95.81 95.58 95.75 95.44

Table B4. Impact of learning rate on segmentation
performance. The optimal results are in bold.

Images Metrics 0.001 0.005 0.01 0.05 0.1
Synthetic image SA (%) 99.20 99.84 99.87 99.85 99.84

MIoU (%) 98.41 99.68 99.74 99.70 99.68
Natural image 1 SA (%) 98.96 98.66 99.30 98.76 99.10

MIoU (%) 96.35 95.39 97.51 95.73 96.84
Natural image 2 SA (%) 98.41 98.66 98.64 98.80 98.73

MIoU (%) 93.52 93.75 93.68 94.15 93.85
Remote

sensing image 1
SA (%) 98.18 99.03 99.08 98.87 98.55

MIoU (%) 95.11 97.30 97.44 96.88 95.99
Remote

sensing image 2
SA (%) 98.96 98.98 98.88 98.32 97.42

MIoU (%) 97.82 97.86 97.65 96.51 94.72
Remote

sensing image 3
SA (%) 97.35 98.10 97.93 97.82 97.73

MIoU (%) 94.73 96.19 95.86 95.65 95.48

Table B6. Impact of input perturbation standard deviation
on segmentation performance. The optimal results are in

bold.
Images Metrics 0.001 0.005 0.01 0.05 0.1

Synthetic image SA (%) 99.85 99.87 99.86 99.89 99.88
MIoU (%) 99.70 99.74 99.71 99.79 99.76

Natural image 1 SA (%) 99.17 99.05 99.18 99.07 98.63
MIoU (%) 97.08 96.67 97.11 96.79 96.21

Natural image 2 SA (%) 98.65 98.77 98.71 98.58 98.33
MIoU (%) 93.75 94.03 93.84 93.22 93.17

Remote
sensing image 1

SA (%) 99.06 99.05 99.11 99.08 99.03
MIoU (%) 97.39 97.35 97.53 97.51 97.42

Remote
sensing image 2

SA (%) 98.92 98.91 98.97 98.99 98.93
MIoU (%) 97.72 97.71 97.85 97.88 97.74

Remote
sensing image 3

SA (%) 98.08 98.15 97.73 97.60 97.82
MIoU (%) 96.15 96.29 95.47 95.22 95.66
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Table B5. Impact of total variation regularization parameter
on segmentation performance. The optimal results are in

bold.
Images Metrics 0.001 0.005 0.01 0.05 0.1

Synthetic image SA (%) 99.86 99.85 99.87 99.89 99.88
MIoU (%) 99.71 99.70 99.74 99.79 99.76

Natural image 1 SA (%) 99.07 99.05 99.18 99.17 98.84
MIoU (%) 96.99 96.67 97.11 97.08 96.81

Natural image 2 SA (%) 98.57 98.77 98.38 98.68 98.33
MIoU (%) 93.65 94.03 93.22 93.82 93.17

Remote
sensing image 1

SA (%) 99.06 99.05 99.11 99.11 99.11
MIoU (%) 97.39 97.35 97.53 97.51 97.51

Remote
sensing image 2

SA (%) 98.91 98.92 98.99 98.93 98.97
MIoU (%) 97.71 97.72 97.88 97.74 97.85

Remote
sensing image 3

SA (%) 98.08 98.15 97.73 97.60 97.82
MIoU (%) 96.15 96.29 95.47 95.22 95.66
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