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Highlights
What are the main findings?

e A dual-domain framework jointly models region membership and boundary
separation for weakly supervised remote sensing image segmentation.

e A2-additive fuzzy-measure capacity captures individual evidence contributions and
pairwise interactions for boundary discrimination.

e DC2CNet improves segmentation performance on Potsdam, LoveDA, and
DeepGlobe, particularly for small objects, elongated structures, and complex
boundaries.

What are the implications of the main findings?

¢  Dual-domain coupling provides explicit structural constraints between region
continuity and boundary separation under sparse annotations.

¢ Non-additive evidence fusion strengthens local structural discrimination beyond
conventional concatenation or weighted feature fusion.

e The proposed framework improves segmentation accuracy in complex high-
resolution remote sensing scenes.

Abstract

High-resolution remote sensing images exhibit large variations in object scale, ambiguous
boundary transitions, and complex interactions among adjacent land-cover regions.
Under sparse pixel supervision, these factors may cause object fragmentation, erroneous
merging, and boundary displacement. To address these issues, a Dual-Domain Coupled
2-Additive Fuzzy Measure Network (DC2CNet) is proposed for sparse pixel-supervised
remote sensing image segmentation. The proposed method extends pixel-level class
prediction by jointly modeling regional consistency and boundary discrimination. A
region-domain branch and a boundary-domain branch are constructed to characterize
intra-region coherence and class-transition information, respectively. A dual-domain
coupling mechanism is further introduced to integrate regional and boundary evidence.
In addition, a 2-additive fuzzy measure decoding strategy is developed to model
individual evidence contributions and pairwise evidence interactions through Mobius
representation. During training, sparse pixel annotations are used to generate boundary
discrimination probabilities, and neighborhood consistency constraints are introduced to
optimize the boundary branch. Experimental results demonstrate that DC2CNet
effectively reduces boundary ambiguity and region confusion, while maintaining
accurate segmentation of small objects, elongated structures, and complex interface
regions.
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1. Introduction

Remote sensing image segmentation is a fundamental task in fine-grained land-cover
recognition, supporting urban spatial analysis, land-cover mapping, and ecological
environment monitoring [1-3]. Compared with natural images, high-resolution remote
sensing images contain more small-scale objects, elongated structures, and complex
interface regions. Considerable variations in texture, appearance, and scale may occur
within the same class, while different land-cover categories may exhibit similar spectral
responses. Therefore, accurate segmentation requires not only pixel-level semantic
discrimination but also the preservation of spatial connectivity and precise boundary
locations.

Early remote sensing image segmentation methods mainly relied on handcrafted
spectral, texture, and shape features combined with shallow classifiers for region
partitioning. However, their performance was strongly dependent on feature design and
was limited in complex land-cover scenes. With the development of deep learning,
convolutional neural networks have formulated segmentation as pixel-level prediction
and achieved improved feature representation through encoder-decoder architectures,
skip connections, and multiscale context modeling [4-6]. Nevertheless, repeated
downsampling may weaken local spatial details, resulting in inaccurate boundaries and
fragmented predictions. Recently, Transformer-based architectures and hierarchical
attention mechanisms have been introduced to capture long-range semantic relationships
[7]. Although these methods improve global context modeling, subtle texture variations,
narrow structures, and local transitions at class interfaces remain challenging in high-
resolution remote sensing images.

Existing methods mainly improve segmentation performance through scale
modeling or boundary enhancement. Multiscale feature pyramids, attention mechanisms,
and feature interaction strategies have been developed to alleviate object-scale variations
[8-10]. Boundary-aware methods introduce additional contour constraints through
boundary branches or boundary losses [11,12]. However, scale-based methods mainly
focus on semantic representation, while boundary information is often treated as auxiliary
supervision rather than being integrated into feature learning or decoding. Consequently,
the structural relationship between regional consistency and boundary transitions
remains insufficiently explored, which may lead to region confusion, boundary
displacement, and fragmented predictions in complex scenes [13,14].

These challenges become more severe under sparse pixel supervision. Pixel-level
annotation of high-resolution remote sensing images is expensive, and only a limited
number of labeled pixels may be available during training. Such sparse annotations
provide insufficient constraints for intra-region consistency and class-transition
boundaries, making it difficult to preserve complete objects and accurate interfaces.
Therefore, effectively exploiting structural information beyond labeled pixels is important
for improving segmentation reliability under limited annotation conditions.

Based on the above observations, a Dual-Domain Coupled 2-Additive Fuzzy
Measure Network (DC2CNet) is proposed for sparse pixel-supervised remote sensing
image segmentation. The proposed framework introduces a dual-domain representation
to jointly model regional consistency and boundary discrimination. A dual-domain
coupling mechanism is further designed to integrate complementary structural
information between the two domains. In addition, a 2-additive fuzzy-measure decoding
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strategy is introduced to model individual evidence contributions and pairwise
interactions among local evidence, providing non-additive structural information for
segmentation prediction. A sparse annotation-driven boundary optimization strategy is
also developed to enhance structural consistency under limited pixel annotations. The
main contributions of this study are as follows:

(1) A dual-domain coupled segmentation framework is proposed for sparse pixel-
supervised remote sensing image segmentation. The framework models regional
consistency and boundary transitions simultaneously and establishes interactions
between them to improve structural representation under limited annotations.

(2) A 2-additive fuzzy measure decoding strategy is developed to model individual
evidence contributions and pairwise evidence interactions through Mobius
representation, enabling adaptive integration of local discriminative information.

(3) A sparse annotation-driven boundary optimization strategy is introduced, where
limited pixel annotations are used to generate boundary supervision and improve
structural consistency during segmentation.

2. Related Work

Remote sensing image segmentation research mainly focuses on semantic
representation, spatial detail preservation, and structural modeling. Existing methods can
be generally categorized into convolutional networks, Transformers, boundary-aware
methods, multiscale fusion approaches, and fuzzy evidence fusion strategies. These
methods improve segmentation performance from different perspectives, including local
feature extraction, global dependency modeling, scale adaptation, and structural
constraint learning.

2.1. Convolutional Network-Based Segmentation Methods

Convolutional neural networks extract local textures and neighborhood patterns
through convolution operations and have been widely applied to remote sensing image
segmentation [15]. FCN transforms classification networks into dense prediction
frameworks to generate pixel-level outputs [16]. U-Net introduces an encoder—decoder
architecture with skip connections to combine semantic features and spatial details
[17,18]. The DeepLab series enlarges the receptive field through dilated convolutions and
spatial pyramid pooling, improving multiscale contextual representation [19,20].

Although convolutional networks provide effective local feature extraction, their
representation capability is constrained by limited receptive fields and repeated
downsampling. Fine spatial details may be weakened during feature extraction, resulting
in inaccurate boundaries and fragmented predictions for small objects and narrow
structures. These limitations motivate the development of methods with stronger global
context modeling and structural representation capabilities.

2.2. Transformer-Based Segmentation Methods

Transformers model long-range dependencies through self-attention mechanisms
and provide a different feature representation paradigm from convolutional networks in
remote sensing image segmentation [21-23]. Vision Transformer divides images into
patches and represents them as tokens, enabling global interaction among different
regions [24]. Hierarchical Transformers, such as PVT, introduce pyramid structures to
progressively aggregate multiscale semantic information and improve dense prediction
performance [25-28].

Despite their advantages in global semantic modeling, Transformer-based methods
may weaken local boundary details due to patch-based representation and global feature
aggregation. Small objects, narrow structures, and regions with subtle spectral variations
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may remain challenging, especially when fine spatial information is required for accurate
delineation.

2.3. Boundary-Aware and Structure-Constrained Methods

Boundary-aware methods improve segmentation accuracy by introducing contour
supervision, boundary detection branches, or structural constraints. Some approaches
adopt multitask learning strategies to jointly optimize semantic segmentation and
boundary prediction [29-31]. Other methods incorporate boundary information into
decoders through boundary attention or boundary-guided feature fusion to refine
interface regions [32,33].

Although these methods improve boundary localization, boundary information is
commonly introduced as an auxiliary constraint or additional prediction target. The
interaction between boundary features and semantic representations still depends on the
specific network design. Moreover, boundary prediction can be affected by texture
variations and complex local patterns in high-resolution remote sensing images.

2.4. Multiscale Feature Fusion and Alignment Methods

Multiscale feature fusion methods aim to address object-scale variations in remote
sensing images. FPN combines high-level semantic information with low-level spatial
details through a top-down pathway and has been widely used for segmentation of roads,
buildings, vehicles, and land-cover categories [34]. To improve cross-scale consistency,
deformable convolution, attention-based alignment, and dynamic fusion strategies have
been explored [35-37]. ASFF adaptively selects features from different scales through
pixel-level weighting mechanisms [38—40].

However, feature fusion across different scales remains affected by differences in
resolution, receptive fields, and semantic levels. Existing alignment strategies mainly
focus on scale adaptation and feature selection, while the structural relationships between
local regions and class transitions are less explicitly considered.

2.5. Fuzzy Measures and Non-Additive Evidence Fusion Methods

Fuzzy measures have been widely used in multisource information fusion and
uncertainty modeling to represent the contributions of different evidence subsets. Unlike
linear weighting strategies, fuzzy measures can model non-additive relationships among
evidence elements. The Choquet integral further enables aggregation of ordered evidence
according to fuzzy measure values, allowing both individual contributions and
interactions among multiple evidence sources to be represented.

A 2-additive fuzzy measure retains first-order and second-order Mobius terms,
which reduces model complexity while preserving pairwise interactions among evidence
elements [41]. Such characteristics make it suitable for modeling situations where multiple
types of evidence jointly influence the decision process.

Existing segmentation methods mainly rely on feature concatenation, weighted
summation, or attention-based recalibration for information fusion. These strategies
adjust feature responses but have limited capability in explicitly describing nonlinear
interactions among different evidence sources. Therefore, this study introduces a 2-
additive fuzzy measure into the decoding process to model local evidence interactions for
sparse pixel-supervised remote sensing image segmentation.

2.6. Foundation Model-Based Segmentation Methods

Large-scale pretrained foundation models have recently attracted attention due to
their transferable visual representations [42,43]. DINOv2 learns general visual features
through large-scale self-supervised pretraining and has been applied to downstream
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dense prediction tasks [44]. Segment Anything Model (SAM) introduces a prompt-driven
segmentation paradigm and provides a general segmentation framework with strong
transferability [45].

Despite their powerful representation capability, foundation models are mainly
developed for general visual understanding and may encounter domain gaps when
applied to remote sensing images. The diverse object scales, complex land-cover patterns,
and fine spatial structures in remote sensing scenes still require task-specific adaptation.

2.7. Sparse Annotation-Based Segmentation Methods

Dense pixel-level annotation is expensive for high-resolution remote sensing images,
motivating the development of sparse annotation-based segmentation methods [46,47].
SparseFormer utilizes limited labeled pixels for semantic segmentation and demonstrates
the feasibility of reducing annotation requirements [48].

However, sparse annotations provide incomplete spatial supervision, especially for
unlabeled regions and object boundaries. Effectively exploiting limited annotations while
maintaining accurate segmentation remains a key challenge for sparse pixel-supervised
remote sensing image segmentation.

3. Method

Image segmentation methods usually map an input image I to a pixel-level class
probability map P, which can be expressed as: P = f(I;6), where 6 denotes the network
parameters. Under the sparse pixel supervision setting, the commonly used segmentation
loss is defined on the retained labeled pixels 2;:

seg Z lOg Py(p)(P) (1)
PEQ
where p denotes a pixel or feature-map position, and ¥(p) represents the annotation of
the retained labeled pixel. This loss constrains class prediction at labeled positions but
does not explicitly model the structural relationships among neighboring pixels, such as
regional consistency and class-transition boundaries.

To address this limitation, DC2CNet introduces dual-domain representation and
non-additive evidence modeling. Region membership and boundary separation are
characterized within local neighborhoods, and a 2-additive fuzzy measure is employed to
model interactions among local evidence. The overall framework is illustrated in Figure

Evidence X,

Méobius M,

Output

Figure 1. Overall architecture of DC2CNet. The red boxes highlight the corresponding local regions,

while the yellow stars indicate the target pixels used to illustrate region and boundary modeling.

As shown in Figure 1, the input image I € R**">3 s first processed by a shared
encoder f,(-) to obtain the encoder feature:
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A=f,(D,A={ay|p €} )

Here, 2 is the set of spatial positions on the feature map, a, € R? is the feature vector at
position p, and d is the feature dimension. The encoder feature A contains color,
texture, and semantic information, but it still uses an individual position as the
representation unit. It cannot directly determine whether the position should remain
connected to the neighborhood or form a boundary in the local structure. Therefore, a
local neighborhood centered at position p is constructed as:

N, ={qlqg € 2, llq —pll <7} (3)

where q is a neighboring position and r is the neighborhood radius. To reduce the
interference of irrelevant neighboring positions on local discrimination, normalized
weights are calculated according to the similarity between the center feature and the
neighboring features:

o exp(n(a,,,aq))
) ZN exp (n(ap,a)) (4)

Here, 1n(-) is a learnable similarity function, t is the neighborhood summation index,

and w,, represents the influence weight of neighboring position g on center position p.

After the neighborhood structure is determined, DC2CNet describes local
relationships through the region membership domain and the boundary separation
domain. The region membership domain models semantic consistency between the center
position and neighboring positions. Its relation value is defined as:

Tog =0 (fr([ap'aq'ap - aq])) ©)

where 7,,, represents the region membership relationship between positions p and g,
£ () is the region relation mapping function implemented by a two-layer multilayer
perceptron (MLP) with nonlinear activation, which maps the concatenated local features
into the region membership relationship, and o(-) is the sigmoid function. The signed
difference a, — a, is retained in the region membership domain because the directional
feature variation between neighboring positions provides additional information for
modeling semantic connectivity. The boundary separation domain describes whether a
structural boundary exists between the center position and the neighboring position. Its
relation value is defined as:

Cpg =0 (fC([ap'aq' |a, - aq”)) (6)

where ¢, represents the boundary separation relationship between positions p and g,
and f.(-) is the boundary relation mapping function implemented by a two-layer MLP
with nonlinear activation. f.(-) adopts an independent parameter set from f.(-) to
model boundary separation relationships. Different from the region membership domain,
the boundary separation domain focuses on the magnitude of local feature discontinuity
rather than its direction. Therefore, the absolute difference |ap - aq| is adopted to
measure structural variation between neighboring positions. Based on the two
relationships, neighborhood information is aggregated to obtain the region membership
feature R, and the boundary separation feature C,:

Ry = Z Wpq Tpafr(aq) )

qENp
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Cp= D g cpafellay = aq) (8)

qENp

where fp(-) and f;(-) are feature transformation functions implemented by linear
projection layers, which transform neighborhood features into the region membership
feature and boundary separation feature, respectively. R, describes the semantic
connectivity tendency within the neighborhood, while C, describes the local structural
variation tendency. Directly combining the two features may cause insufficient interaction
between regional continuity and boundary discrimination. To handle the conflict between
region connectivity and boundary separation, DC2CNet constructs a dual-domain
coupling process. The boundary separation feature C, produces a region suppression
gate to restrict the propagation of region responses across boundaries. The region
membership feature R, produces a boundary modulation gate to adaptively modulate
the boundary response according to regional semantic information:

g5 = o(WgCp), g5 = a(WcR,) 9)

Here, W, and W, are learnable transformations, g{f is the region propagation
suppression weight, and g5 is the boundary response modulation weight. The gated
dual-domain features are:

R, =R, O (1-¢§).C, = O (1+9f) (10)

where O denotes element-wise multiplication. When the local boundary response is
strong, region propagation is restricted. When local differences lack regional semantic
support, the boundary response is suppressed. The center feature, region membership
feature, boundary separation feature, and their interaction terms are then jointly mapped
into the dual-domain coupled feature D,:

D, = f5([ap, Ry, Cp Ry — Cpu R, © C,)) (11)

where f5(-) is the coupling mapping function implemented by a two-layer MLP with
nonlinear activation, which integrates the center feature, region membership feature,
boundary separation feature, and their interaction terms. D,, contains center semantics,
region consistency, boundary separability, and the differences between the two domains
and is used as the input representation for subsequent capacity decoding. The dual-
domain coupled feature D,, is further mapped into n local discriminative evidence
components:

Xp=0 (fX(Dp)) = [xp_l,xp‘z, ...,xpyn] (12)

where fyx(-) is an evidence mapping layer implemented by a fully connected layer with
sigmoid activation to generate n evidence components, x,; € [0,1] represents the i-th
evidence component, and n is the number of evidence components. These evidence
components correspond to local discriminative factors, including regional inconsistency,
neighborhood inconsistency, directional variation, and boundary variation. Since
individual evidence components may be affected by texture noise or local variations,
DC2CNet introduces a 2-additive fuzzy measure to model interactions among evidence
components. Position-dependent Mdbius parameters are learned from D,,:

My, = fu(Dp) = {mp,my,5} (13)

where fy,(-) is a capacity parameter mapping layer implemented by a fully connected
layer to predict the first-order and second-order Mobius parameters, and m,,; represents
the first-order contribution of the i-th evidence component, and m,;; represents the
second-order interaction between the i-th and j-th evidence components. Let N =
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{1,2,...,n} be the evidence index set, and let S S N be any evidence subset. The 2-
additive capacity at position p is defined as:

1yp(S) = Z my; + Z Mp,ij (14)

i€s iJEs
i<j
where u,(S) represents the degree to which the evidence subset S supports boundary
discrimination. In DC2CNet, only first-order and second-order interaction terms are
retained. This avoids modeling all higher-order evidence combinations while retaining
the most direct synergistic or inhibitory relationships among evidence components:

m,(S) = 0,1S| > 2 (15)

where m,(S) is the Mobius term corresponding to evidence subset S. To reduce
unnecessary complexity from higher-order interactions, while maintaining nonnegative
first-order contributions and allowing second-order terms to represent positive or
negative interactions, constrained parameterizations are applied to the first-order and
second-order terms:

my,; = softplus(ay,;), my,; = Atanh(By,;;) (16)

where a,; and f,;; areoutputby fy (Dp), and 4 controls the value range of the second-
order Mobius terms. After nonnegative mapping, m,,; represents the basic contribution
of an individual evidence component. m,,;; may take a positive or negative value. A
positive value indicates that evidence components i and j jointly support boundary
discrimination, whereas a negative value indicates that their combination represents
suppressive interactions or redundant information. Negative second-order terms remain
valid under the capacity constraint and indicate non-additive relationships among
evidence components. After the evidence X, and regularized capacity parameters M,
are determined, the 2-additive aggregation response corresponding to the Choquet
formulation is calculated as:

n
Sp = Z Mp,i Xp,i + Z M5y Min(xp,i, Xp, ;) 17)
i=1 i<j
Here, min(xp_i, Xp, ]-) represents the degree of joint occurrence of evidence components i
and j. Unlike concatenation, weighted summation, or attention recalibration, the fuzzy
measure response in Equation (17) is determined by both individual evidence
contributions and pairwise evidence interactions:

Hp = Dy + a(sp)fu(Dp) (18)

where H, is the boundary-enhanced feature, and fy(-) is the boundary mapping
function. H,, retains the original representation of D, and adds a boundary response
term modulated by s, to change the local feature distribution. Based on H,, the
boundary discrimination probability is defined as:

Py(p) = o(W,H,) (19)

where W, denotes the parameters of the boundary discrimination head. P,(p) € [0,1]
represents the probability that position p belongs to a boundary. This boundary
discrimination probability is used only as an auxiliary constraint signal during training
and is not output as an independent segmentation result during inference. After capacity
decoding, the segmentation decoder jointly receives the semantic feature, dual-domain
coupled feature, and fuzzy measure-guided boundary discrimination feature:
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Zy = fs([ap, Dy, Hp)) (20)

where Z, is the segmentation decoding feature, and f(-) is a lightweight convolutional
decoding block that integrates the decoded features and generates pixel-level class
predictions. This process places the basic semantic response a,, dual-domain structural
relationship D, and boundary-enhanced response H, in the same decoding space and
generates the feature representation for pixel-level classification through a unified
mapping. The class probability is obtained through a linear mapping and softmax:

P(p) = softmax(WsZp) (21)

where W; denotes the parameters of the classification head, and P,(p) represents the
probability that position p belongs to class k. The final predicted class is:

Y(p) = argmax P (p) (22)
k

where Y(p) is the pixel-level class label. Because Z, contains both D, and H,, the
decision process is constrained by both regional structure and boundary variation.

During weakly supervised training, reliably labeled positions provide only sparse
class information and cannot directly provide complete boundary annotations. To obtain
an auxiliary boundary signal, a computable boundary candidate set is defined as: 2, =
{plp €0,3 €N, NNy, q # p}. For p € 2;, the weak boundary candidate label B(p) is
defined as:

B(p) = max pl[Y(p)¢V(q)] (23)

where 1[-] is the indicator function. If a reliably labeled point with a different class exists
in the neighborhood, position p is regarded as a potential boundary candidate rather
than an exact boundary pixel. These candidates are only used as weak structural
constraints to guide boundary response learning instead of pixel-level boundary
supervision. Otherwise, the position is treated as an intra-region candidate. Because
sparse annotations cannot provide continuous boundaries, B(p) is used only to constrain
the variation direction of the boundary response and is not required to align with the true
boundary pixel by pixel. The boundary discrimination loss is:

1 _ -
L, = _m [B(p)log P,(p) + (1 — B(p)) log(l - Pb(P))] (24)

PEN)

If 2, is empty for a training sample, L, is not calculated for that sample. To
constrain prediction consistency within a region, a neighborhood consistency loss is
further introduced. For center position p and neighboring position g, the region
consistency weight is defined as:

kpq = 5g[wpq Toq (1= Po@)) (1 — Po())] (25)

where sg(-) denotes the stop-gradient operation. When two positions have a high region
membership relationship and neither is located in a boundary region, k,, takes a larger
value. When the two positions are close to a boundary or their region relationship is weak,
the constraint is weakened. The stop-gradient operation prevents the network from
weakening the neighborhood consistency constraint by reducing the region relation
weight or increasing the boundary probability. The neighborhood consistency loss is
defined as:

1 1
L, =m2m Z kg lIP(2) — P(q)II2 (26)

PEN qENp
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This loss constrains prediction distributions within the same region to remain
consistent while avoiding forced smoothing across boundaries. Because the capacity
parameters are generated by the network, normalization and monotonicity are
encouraged through soft regularization rather than strictly enforced during optimization.
The full-set capacity u,(N) is regularized to approach 1, and monotonicity is promoted
through the constraint term in Equation (30):

1p(S U (i) = 1, (8) = 0 (27)

According to Equation (14), this difference can be written as:

(S UL = 1y (S) = i + ) 28)

jes

To avoid enumerating all subsets, the following sufficient constraint is adopted:

Ap,i = mp,i + Z min(O, mp‘ij) (29)
Jj#i
b= |mz|“p("’) 11+ o ;ﬂ;max(” i) (30)

Equation (29) considers all negative second-order interactions associated with
evidence component i. If 4,; >0, adding evidence component i to any combination
does not decrease the capacity. This constraint is stricter than checking only evidence pairs
and avoids enumerating higher-order subsets. In practice, the constraint is optimized as a
regularization term, and the degree of capacity-property violation is evaluated after
convergence. The final training objective is:

L=Lggy+ply+7tly +vL, (31)

where p, 7, and y are the weight coefficients of the boundary discrimination loss,
neighborhood consistency loss, and capacity constraint loss, respectively. The satisfaction
of normalization and monotonicity properties is further analyzed after model
convergence in Section 4.7.1 to evaluate whether the learned parameters preserve the
required fuzzy-measure characteristics.

During inference, forward computation is performed according to Equations (2)-
(22), and the pixel-level class prediction Y(p) is output. The boundary discrimination
probability P,(p) is not output as an independent result but participates in the
segmentation decoding process through the capacity-guided boundary discrimination
feature H,.

4. Experiments
4.1. Experimental Settings
4.1.1. Datasets

Experiments were conducted on three high-resolution remote sensing image
segmentation datasets, including Potsdam, LoveDA, and DeepGlobe.

The Potsdam dataset released by ISPRS contains 38 aerial image tiles with a spatial
size of 6000 X 6000 pixels. It includes six land-cover classes: impervious surfaces,
buildings, low vegetation, trees, cars, and clutter. Following the commonly used ISPRS
Potsdam protocol, 24 tiles were used for training, and 14 tiles were reserved for testing. A
subset of the training tiles was randomly selected as the validation set. The original full-
resolution ground-truth annotations without boundary erosion were adopted, and the
clutter class was included in the mIoU calculation.
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The LoveDA dataset contains 5987 remote sensing images collected from urban and
rural regions, including 2522 training images, 1669 validation images, and 1796 test
images. It contains seven land-cover classes: buildings, roads, water, barren land, forests,
agricultural land, and background. Since the test labels are not publicly available, the
official validation split was used for evaluation. Ignored pixels were excluded during
metric computation.

The DeepGlobe Land Cover Classification dataset contains 1146 high-resolution
satellite images with pixel-level land-cover annotations, including 803 training images,
171 validation images, and 172 test images. It includes seven land-cover categories: urban
areas, agriculture, rangeland, forest, water, barren land, and unknown regions. The
official training split was used for model optimization, and the official validation split was
adopted for evaluation.

For all datasets, a sparse pixel-supervision setting was adopted. Specifically, 10% of
pixels in each training image were randomly sampled from the complete annotations and
retained as labeled pixels, while the remaining annotations were unavailable during
training. For reproducible experiments, the same sparse pixel-supervision setting was
adopted for model evaluation.

4.1.2. Comparison Methods

To comprehensively evaluate the effectiveness of DC2CNet, representative
segmentation methods were selected for comparison based on their feature representation
strategies and segmentation characteristics. The selected methods cover CNN-based,
transformer-based, boundary-aware, multiscale fusion and alignment, Mamba-based,
foundation model-based, and sparse annotation segmentation frameworks. These
methods cover representative segmentation frameworks and enable comprehensive
evaluation of DC2CNet under sparse pixel supervision. The detailed comparison methods
are summarized in Table 1.

Since DC2CNet is designed for sparse pixel-supervised segmentation, comparison
methods were evaluated using the same dataset splits and evaluation metrics. For
reproducible methods, the sparse pixel-supervision setting described in Section 4.1.1 was
adopted whenever applicable. For methods whose official implementations or pretrained
models were unavailable, the reported results from the original publications were used as
references.

Table 1. Comparison methods used in this study.

Category Method
CNN-based methods PSPNet [15], FCN [16], DeepLabV3+ [20]
Transformer-based methods RSSFormer [18], SegFormer [25]
Boundary-aware methods BoundaryFormer [32], Gated-SCNN [31]
Multiscale fusion and alignment methods CATNet [34], UNetFormer [37], FaPN [39]
Mamba-based methods VMamba [24]

DINOv2-based Segmentation(DINOv2) [44], SAM-
based Segmentation(SAM) [45]
Sparse annotation-based methods SparseFormer [48]

Foundation model-based methods

4.1.3. Evaluation Metrics

Model performance was evaluated using Intersection over Union (IoU), mean
Intersection over Union (mloU), Pixel Accuracy (PA), mean Pixel Accuracy (mPA), and
Boundary Intersection over Union (BloU). Let the confusion matrix be P, where P;;
represents the number of pixels whose ground-truth class is i and predicted class is j,
and the total number of classes is K + 1. The IoU of class i is defined as:
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P;

loU; =
b X Py + X P — Py

(32)

Here, P; represents the number of pixels of class i that are correctly predicted, and the
denominator represents the union of the ground-truth and predicted regions of class i.
The mean IoU over all classes is:
1 < P,

mloU = (33)
K+1 o Z;(:o P + 25-(:0 Py — Py

PA represents the proportion of correctly classified pixels among all pixels and is
defined as:

o Pu
PA= e 34
f:o Zf:o P, ij 69
mPA represents the mean pixel accuracy over all classes and is defined as:
K
1 P;
mPA = (35)

K
K+1435,P;

BloU evaluates the agreement between predicted and ground-truth boundaries. For
class i, let B4(G;) and B,4(S;) denote the boundary regions derived from the ground-
truth mask G; and predicted mask S, respectively. BloU is defined as:

_ |B4(G;) N By (S|
|B4(G;) U B4(S)I

BloU; (36)

Here, d = max (1,r0und(0.02\/ H? + Wz)), where H and W correspond to the inference

crop size specified in Table 2. The ratio of 0.02 follows the original Boundary IoU setting
[49] and is fixed for all methods without dataset-specific tuning. For multiclass
segmentation, BloU is averaged over all valid classes.

Table 2. Hyperparameter settings of DC2CNet.

Parameter Value
Encoder backbone ResNet-50
Pretraining ImageNet
Neighborhood radius r 3
Evidence components n 4
Second-order interaction coefficient A 0.5
Boundary loss weight p 0.5
Coupling loss weight t 0.7
Capacity regularization weight y 0.1
Training crop size 512 x 512
Inference crop size 512 x 512
Inference stride 256

4.2, Implementation Details
4.2.1. Experimental Environment and Evaluation Setup

All experiments were implemented using PyTorch 2.1.0 with CUDA 12.1 on Ubuntu
22.04. The experiments were conducted on a workstation equipped with an Intel Xeon
Gold 6338 CPU, 128 GB RAM, and an NVIDIA RTX 4090 GPU with 24 GB memory.

The shared encoder of DC2CNet is based on ImageNet-pretrained ResNet-50. The
remaining modules, including the region membership domain, boundary separation
domain, dual-domain coupling module, and 2-additive fuzzy-measure fusion module,
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were trained jointly with the encoder. All compared methods were implemented under
the same experimental environment for fair comparison. The proposed framework is
implemented using standard neural network operations without GPU-specific operators,
enabling potential deployment on different hardware platforms through framework-level
optimization.

For segmentation performance evaluation, all experiments were repeated three times
with different random seeds, and the mean values with standard deviations were
reported.

4.2.2. Hyperparameter Settings and Sensitivity Analysis

DC2CNet is designed for weakly supervised remote sensing segmentation, where
only sparse pixel annotations are available during training. Following the experimental
protocol, 10% of pixels in each training image were randomly selected as labeled pixels,
while the remaining pixels were treated as unlabeled regions. The same sparse annotation
strategy was applied to all datasets. During training, input images were cropped into
512 x 512 patches. For inference, overlapping sliding-window prediction was adopted
with a crop size of 512 x 512 and a stride of 256 pixels.

The main hyperparameter settings of DC2CNet are summarized in Table 2. The
valuesof 7, n, 4, p, 7,and y were determined through sensitivity analysis. Considering
the large number of parameter combinations, the sensitivity analysis was conducted only
on the Potsdam dataset. Potsdam was selected because it contains diverse land-cover
categories and complex spatial structures, which are suitable for evaluating local
neighborhood modeling, boundary-aware representation, and evidence interaction. After
determining the optimal parameters, all experiments were conducted with the fixed
configuration. The sensitivity analysis results are presented in Table 3.

Table 3. Sensitivity analysis of key hyperparameters on the Potsdam dataset. Bold values indicate

the best results.

Parameter Value mloU (%) mPA (%) Best Value
r 1/2/3/4/5 82.91/83.54/83.96/83.72/83.18 91.96/92.54/92.86/92.71/92.32 3
n 2/3/4/5 83.21/83.67/84.02/83.74 92.28/92.67/92.93/92.72 4
y 0/0.1/0.3/0.5/1.0 82.84/83.46/83.81/84.06/83.62 91.89/92.41/92.74/92.97/92.53 0.5
p 0.1/0.3/0.5/0.7/1.0 83.48/83.82/83.93/83.71/83.36 92.39/92.70/92.84/92.65/92.27 0.5
T 0.3/0.5/0.7/0.9/1.0 83.52/83.79/83.98/83.75/83.44 92.43/92.69/92.89/92.73/92.35 0.7
y 0.01/0.05/0.1/0.2/0.5 83.41/83.76/84.00/83.68/83.22 92.31/92.66/92.91/92.59/92.18 0.1

As shown in Table 3, the selected parameters achieve stable segmentation
performance under different settings. Therefore, r =3, n=4, A=0.5, p=0.5, 1 =0.7,
and y = 0.1 were adopted in subsequent experiments.

4.2.3. Model Training

The model was optimized using the AdamW optimizer with an initial learning rate
of 1 x107* and a weight decay of 1 x 10~*. The network was trained for 200 epochs with
a batch size of 8, and the learning rate was adjusted using a cosine decay schedule.

During training, random cropping, horizontal flipping, and vertical flipping were
applied for data augmentation. All input images were normalized using ImageNet
statistics. The loss weights were set as p = 0.5, T = 0.7, and y = 0.1, and the objective
function defined in Section 3 was optimized during training. The training convergence
behavior of DC2CNet is illustrated in Figure 2.
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Figure 2. Training convergence analysis of DC2CNet: (a) training loss and (b) validation mIoU

curves.

The training loss gradually decreases with increasing epochs, while the validation
mloU improves and converges after sufficient optimization epochs, indicating effective
model convergence.

4.3. Performance Comparison

To quantitatively evaluate the effectiveness of DC2CNet, experiments were
conducted on the three datasets introduced in Section 4.1.1, where DC2CNet was
compared with the methods described in Section 4.1.2 under the same experimental
settings. All methods adopted identical data splits, annotation ratios, and training
configurations. The quantitative results on the Potsdam, LoveDA, and DeepGlobe
datasets are reported in Tables 4-6, respectively. Bold values denote the best performance
for each metric.

Table 4. Experimental results of different methods on the Potsdam dataset (%). Bold values indicate

the best results.

IoU per Category
Category Method — mloU PA mPA BloU
Imp. Surf. Building Low Veg. Tree Car Clutter
88.36 + 82.40 + 68.42 +
FCN 82.4 86.1 72.5 73.6 773 53.2 74.18+0.35
0.28 0.31 0.36
CNN-based PSPNet 82 900 777 787 810 598 7890+032 o2t 8308x 7460
methods € ' ' ' ok O IOTETOS 005 0.29 0.33
91.44 + 86.60 + 79.48 +
DeepL. . 1. 2 . 4, 2. 1.32+0.2
eepLabv3+ 88.3 91.6 80 809 84.6 623 81.32+0.26 0.22 0.4 0.29
92.40 + 87.60 + 82.16
RSSFormer 89.1 92.5 81.0 824 857 65.8 82.75+0.23
Transformer- 0.19 0.22 0.26
based methods 92.24 + 87.35 + 81.72 +
F 2 2. 1.2 2.2 . . 2.57 +0.2
SegFormer 89 92.3 8 8 85.5 65.0 8257x0.25 021 0.4 027
92.02 + 87.10 + 86.34 +
Gated-SCNN 88.7 91.9 80.6 815 852 66.2 82.35+0.27
Boundary-aware 0.23 0.25 0.23
methods 93.10 + 88.60 + 88.47 +
BoundaryFormer 89.8 93.1 81.4 825 878 69.5 84.02+0.21
0.18 0.20 0.20
92.55 + 87.85 + 77.82
CATNet 83.5 95.9 78.0 709 850 52.8 82.67+0.24
. . 0.20 0.23 0.30
Multiscale fusion
. 92.70 + 88.10 + 80.36 +
and alignment FaPN 83.9 96.5 78.7 715 83.7 53.1 83.05+0.22
0.19 0.21 0.27
methods
92.90 + 88.40 + 82.73 +
UNetFormer 84.1 96.9 79.9 72.3 86.5 b53.6 83.67+0.20
0.17 0.19 0.24
Mamba-based 93.00+ 8850+ 8386+
ambabase VMamba 88.8 92.8 821 831 869 683 84.00=0.19
methods 0.16 0.18 0.22
DINOv2-based 93.15 + 88.70 + 85.74 +
. 89.9 92.8 82.0 834 870 68.6 84.12+0.22
Segmentation 0.17 0.20 0.21
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Foundation ¢\ 11 2ced 9270+ 8800+ 8516+
-base 70 + .00 + 16+
model-based . 89.2 92.6 816 827 862 674 8328+0.24
Segmentation 0.20 0.22 0.24
methods
Sparse
) 93.00+ 88.60+ 86.62+
annotation-based SparseFormer 90.0 92.7 82.4 83.2 87.1 68.8 84.03+0.18
0.15 0.18 0.19
methods
93.05+ 8890+ 91.28+
Proposed method =~ DC2CNet 90.1 92.9 82.5 83.4 87.6 69.2 84.28+0.14
0.16 0.15 0.16
Table 5. Experimental results of different methods on the LoveDA dataset (%). Bold values indicate
the best results.
IoU per Category
Cat Method Back Agricult IoU PA PA BloU
atesory oo acksro Building Road Water Barren Forest gricuit  mio m 0
und ure
4397+ 6570+ 5580+ 6237
FCN 360 474 392 631 316 451 454 * * * *
0.41 0.35 0.38 0.42
CNN-based 4827+ 68.60+ 5880+ 66.84+
PSPNet 40.5 52.3 440 673 365 49.1 @ 482
methods 0.36 0.31 0.34 0.38
50.83+ 7020+ 6030+ 71.63+
DeepLabv3+ 42.7 4.7 46.4 . . 1. 2.2
cepLabv3 > 64 695 388 515 5 0.33 0.28 0.30 0.34
4947+ 6930+ 59.30+ 7482+
RSSFormer  41.8 53.5 45 687 375 505 493
Transformer- 0.30 0.27 0.29 0.31
based methods 5267+ 7130+ 61.60+ 7546+
SegFormer  43.7 56.2 484 713 401 530 56.0
0.28 0.24 0.27 0.30
5213+ 7080+ 6090+ 81.35%
Gated-SCNN  43.0 55.8 48.0 708 405 523 545
Boundary- 0.31 0.26 0.28 0.27
aware methods 5239+ 71.00+ 6120+ 8516+
CSBNet 43.2 56.0 482 71.0 407 526 550
0.29 0.25 0.27 0.24
5239+ 7110+ 6130+ 7294+
CATNet 43.5 55.9 480 709 398 528 558
Multiscale ¢ 0.32 0.28 0.30 0.34
fusi d 53.09+ 7170+ 6190+ 76.83%
usion am FaPN 439 565 487 715 407 531 572 * * * *
alignment 0.27 0.23 0.25 0.30
methods 5359+ 7200+ 6230+ 7942+
UNetFormer 44.1 56.9 490 723 410 536 582
0.24 0.21 0.23 0.28
Mamba-based 5411+ 7190+ 6240+ 80.76
VMamb 44.0 57.1 493 715 415 535 59.8
methods e 023 020 022 026
DINOv2-
: 53.09+ 7120+ 6280+ 83.68+
Foundation based 43.1 56.4 481 718 418 528  59.2
) 0.26 0.22 0.25 0.25
model-based Segmentation
methods SAM-based 5341+ 7060+ 6110+ 8291
43.5 56.2 496 713 402 521 585
Segmentation 0.28 0.24 0.26 0.28
Sparse
i 5293+ 7010+ 61.60+ 8437+
annotation- SparseFormer 43.0 56.8 497 716 416 537 579
0.25 0.23 0.24 0.23
based methods
Proposed 5430+ 7250+ 63.00+ 88.24+
DC2CNet 44. 7.4 2 721 42, 4. .1
method CaCNe >0 >0 0 %0 %0 018 020 017 019
Table 6. Experimental results of different methods on the DeepGlobe dataset (%). Bold values
indicate the best results.
IoU per Categor
Category Method , P BOTY mloU  PA mPA  BloU
Urban Agriculture Rangeland Forest Water Barren
CNN-based 5855+ 79.60+  58.60 +
FCN 62.5 55.8 42.6 654 783 467 66.85 + 0.40
methods 0.38 0.34 0.36
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6178+ 8210+ 61.80+
PSPNet . : 45.1 7 812 50. 70.62 + 0.
SPNe 658 596 5 687 812 503 030 ogp 7062036
64.83 + 84.50 + 64.80 +
DeepLabv3+ 689 627 485 716 835 538 75.48 +0.32
0.30 0.27 0.29
6633+ 8580+ 6630+
RSSF 70.2 4. 4 731 84 2 78.36 +0.2
Transformer- SSFormer 70 64.5 >0 31 846 3 0.28 0.24 027 /836029
based method 6778+ 8690+ 67.80+
WCAMENOE  gooFormer 715 66.2 518 748 853 571 79.14+0.28
0.26 0.22 0.25
6797+ 8700+ 68.00+
Gated-SCNN 718 66.0 521 745 856 57.8 83.67 +0.26
Boundary- 0.29 0.24 0.27
aware methods 68.40 + 87.30 + 68.40 +
BoundaryF 721 : 27 75 . 2 7.05 +0.22
oundaryFormer 66.5 5 50 859 58 004 021 023 87.05+0
6775+ 8680+ 67.80+
_ CATNet 716 658 519 746 851 575 * * 76524032
Multiscale 0.27 0.23 0.26
fusion and 68.23 + 87.10 + 68.20 +
: FaPN 720 663 524 752 855 580 79.63 +0.29
alignment 0.25 0.22 0.24
methods 6887+ 8770+ 6890+
F 72. 7. 1 7 . 7 136 +0.2
UNetFormer 6 670 53 58 860 58 022 110 0y 8136026
Mamba-based 6950+ 8820+ 6950+
amba-base VMamba 731  67.8 538 765 864 594 82.47 +0.25
methods 0.21 0.18 0.20
DINOv2-based 70.07 + 80+ 7010+
Foundation ~iNoOvzbased o, o oo 502 771 868 5o (o07x 8880x  70A0x o0 603
model-based Segmentation 0.23 0.20 0.22
O -
SAM-based 6977+ 8850+ 69.80+
methods s 734 680 537 768 872 595 84.73+0.26
Segmentation 0.25 0.21 0.24
Sparse
! 69.87+ 8860+ 69.90+
annotation- SparseFormer  73.6 68.2 54.0 76.7 86.6 60.1 86.32 +0.21
0.22 0.19 0.21
based methods
P d 7030+ 8940+ 7030+
ropose DC2CNet 742 686 543 772 873 602 89.76 +0.17
method 0.16 0.15 0.17

As shown in Tables 4-6, different segmentation architectures exhibit distinct
performance characteristics under the sparse pixel supervision setting. CNN-based
methods achieve relatively competitive results due to their effective local feature
extraction capability, but their performance is limited when modeling long-range
dependencies and complex structural transitions. Transformer-based and Mamba-based
methods generally obtain improved segmentation performance by introducing global
context modeling or more flexible feature interaction mechanisms. However, these
methods are mainly designed for fully supervised segmentation and may suffer from
insufficient structural constraints when only sparse pixel annotations are available.
such as DINOv2-based and SAM-based
segmentation frameworks, provide strong representation capability from large-scale

Foundation model-based methods,

pretraining. Nevertheless, their performance gains are relatively limited under the current
sparse supervision protocol, indicating that powerful feature extraction alone cannot fully
compensate for the lack of pixel-level structural constraints. In comparison, DC2CNet
achieves consistent improvements on all three datasets, with mloU values of 84.28 +
0.14%, 54.30 + 0.18%, and 70.30 + 0.16% on Potsdam, LoveDA, and DeepGlobe,
respectively. The BloU results further show a clearer advantage in boundary delineation.
DC2CNet achieves BloU values of 91.28%, 88.24%, and 89.76% on the three datasets,
exceeding the strongest corresponding baselines by 2.81, 3.08, and 2.71 percentage points,
respectively. Compared with the relatively small differences in mloU, these larger BloU
gains indicate that the improvement of DC2CNet is more pronounced at object
boundaries, consistent with the intended roles of the boundary separation and dual-
domain coupling mechanisms. It should be noted that the performance of some compared
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methods differs from their originally reported results. This difference mainly results from
the unified sparse pixel supervision protocol adopted in this study, whereas many
existing methods were originally evaluated with dense pixel annotations. Therefore, the
results in Tables 4-6 reflect the capability of different segmentation methods under limited
annotation conditions rather than their original fully supervised performance. The small
standard deviations across repeated experiments further indicate the stable optimization
behavior of the proposed DC2CNet.

4.4. Visual Analysis

To qualitatively analyze the segmentation characteristics of DC2CNet, visual
comparisons were conducted on representative samples from the Potsdam, LoveDA, and
DeepGlobe datasets introduced in Section 4.1.1. The compared methods followed the
settings described in Section 4.1.2, and all visualization results were generated under
identical experimental configurations. The qualitative results are presented in Figures 3—

5. The black solid boxes mark the regions selected for detailed comparison.
Input Label SegFormer UNetFor VMamba SparseFormer DC2CNe

Sample 3 Sample 2 Sample 1

Sample 4

Impervious Building Vegetation Tree Car Clutter

Figure 3. Visual comparison of segmentation results on the Potsdam dataset.
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Input Label DeepLabv3+ SegFormer UNetFormer VMamba DINOv2 SparseFormer DC2CNet

Sample 3 Sample 2 Sample 1

Sample 4

Background Building Road Water Barren Forest Agriculture
Figure 4. Visual comparison of segmentation results on the LoveDA dataset.

Input Label DeepLabv3+ SegFormer UNetFormer VMamba DINOv2 SparseFormer DC2CNet

Sample 2

Sample 3

Sample 4

¢
.

U 8% 8 & 8% S &

Urban Agriculture Forest Unknown

Figure 5. Visual comparison of segmentation results on the DeepGlobe dataset.

4.5. Ablation Study

To investigate the contribution of the proposed components and verify the
effectiveness of the non-additive evidence fusion strategy, ablation experiments were
conducted from two perspectives: component removal analysis and component
replacement analysis. All experiments were performed on the Potsdam, LoveDA, and
DeepGlobe datasets using identical training settings.

4.5.1. Component Removal Analysis

To evaluate the contribution of each proposed component, several variants were
constructed by individually removing specific components from the complete DC2CNet
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while keeping other modules unchanged. The results on different datasets are shown in
Tables 7-9. The evaluated variants are defined as follows:

(1) w/o Region Membership Domain: The region membership domain is removed
while all other components are kept unchanged. (2) w/o Boundary Separation Domain:
The boundary separation domain and its corresponding boundary constraint are removed
to evaluate whether boundary-related structural information provides complementary
benefits beyond regional semantic representation. (3) w/o Dual-Domain Coupling: The
coupling operation is removed, and the region and boundary domain features are directly
fused without explicit interaction. (4) w/o Second-order Interaction: The second-order
interaction term in the 2-additive fuzzy measure is removed by setting the coefficient of
the second-order interaction term to zero (4 = 0), while the first-order fuzzy measure
parameters and constraints remain unchanged. This variant evaluates whether pairwise
evidence interactions provide additional benefits beyond first-order evidence
aggregation. (5) Full DC2CNet: The complete DC2CNet with all proposed components is
used as the reference model.

Table 7. Component removal analysis on the Potsdam dataset (%). Bold values indicate the best

results.
_ IoU per Category mioU PA
Imp. Surf. Building Low Veg. Tree Car Clutter
1 89.54 92.31 81.73 82.61 86.54 68.47 83.53+£0.11  92.62+0.09
2 89.32 92.08 81.52 82.35 86.21 67.96 83.24+0.13  9243+0.11
©)] 89.71 92.42 81.96 82.74 86.83 68.62 83.71£0.10  92.78 +0.08
4) 89.82 92.51 82.14 82.96 87.05 68.91 83.90+£0.09  92.86 +0.07
5) 90.10 92.90 82.50 83.40 87.60 69.20 84.28+0.14  93.05+0.16
Table 8. Component removal analysis on the LoveDA dataset (%). Bold values indicate the best
results.
__ IoU per Category : mIoU PA
Building Road Water Barren Forest Agriculture
1) 56.82 49.41 71.80 41.24 53.42 58.46 5357+0.14  71.81+0.12
2 56.53 49.05 71.42 40.92 53.06 58.02 53.23+0.16  71.55+0.14
©)] 57.01 49.62 7191 41.51 53.63 58.77 53.77+£0.13  71.97+0.11
4) 57.18 49.82 72.03 41.66 53.81 59.02 53.94+0.12  72.12+0.10
(5) 57.40 50.20 72.10 42.00 54.00 60.10 54.30+0.18  72.50 +0.20
Table 9. Component removal analysis on the DeepGlobe dataset (%). Bold values indicate the best
results.
: IoU per Category mioU PA
Urban Agriculture Rangeland Forest Water Barren
1) 73.5 67.6 53.6 76.1 86.2 59.0 69.30+£0.18  88.47+0.17
2 73.2 67.9 53.5 76.4 85.5 58.7 69.20+0.19  88.20+0.18
©)] 73.8 68.0 53.9 76.7 86.4 59.5 69.72+0.17  88.75+0.16
4) 74.0 68.3 54.1 77.0 86.8 59.9 70.02+0.15  89.08 +0.15
(5) 74.2 68.6 54.3 77.2 87.3 60.2 70.30+0.16  89.40+0.15

As shown in Tables 7-9, removing any individual component results in performance
degradation across all datasets. Removing the region membership domain reduces
semantic consistency within local regions, while removing the boundary separation
domain mainly affects categories with complex structures, demonstrating the
complementary role of boundary-aware information. The degradation caused by
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removing dual-domain coupling indicates that explicit interaction between regional and
boundary representations improves feature discrimination. In addition, removing
second-order interactions consistently decreases performance, confirming the
effectiveness of pairwise evidence modeling beyond first-order aggregation.

4.5.2. Component Replacement Analysis

To further verify the effectiveness of the proposed 2-additive fuzzy-measure fusion,
the original capacity-based fusion strategy was replaced with conventional feature
aggregation methods. The input evidence components and subsequent decoding process
were kept unchanged. The results are presented in Table 10. The evaluated variants are
defined as follows:

(1) Concatenation Fusion: All evidence components are directly concatenated and
mapped to the prediction layer without explicit interaction modeling. (2) Weighted
Summation Fusion: Evidence components are aggregated through weighted summation,
where only independent contributions are considered. (3) Full DC2CNet: The complete
DC2CNet with the proposed 2-additive fuzzy-measure fusion is used as the reference
model.

Table 10. Component replacement analysis on different datasets (%). Bold values indicate the best

results.

Dataset 1) ) (3)
Potsdam 83.47 +0.11 83.69 +0.10 84.28 +0.14
LoveDA 53.58 +0.17 53.76 +0.15 54.30 £ 0.18

DeepGlobe 69.48 +0.18 69.71 +0.17 70.30 £ 0.16

As shown in Table 10, DC2CNet consistently achieves better performance than
conventional fusion strategies on all datasets. Although concatenation and weighted
summation can combine multiple evidence components, they mainly model independent
contributions and cannot explicitly represent interactions among evidence components.
In contrast, the proposed 2-additive fuzzy-measure fusion considers both individual
evidence contributions and pairwise interactions, enabling more effective evidence
integration under weak supervision.

4.6. Analysis of Domain Discrepancy

To verify whether the region membership domain and boundary separation domain
learn complementary rather than redundant representations, the correlation between
region membership responses 1,, and boundary separation responses c,, was
measured after model training. Specifically, 10,000 neighboring pixel pairs were randomly
sampled from each test dataset, and the Pearson correlation coefficient was calculated
between the two domain responses. The Pearson correlation coefficient is defined as:

_ Y (i —7) (c;—0)
\/Z?’=1(ri —7)? \/Z?]:l(ci —)?

where N denotes the number of sampled pixel pairs, r; and c; represent the region

(37)

pT,C

membership response and boundary separation response of the i-th pixel pair,
respectively. ¥ and ¢ denote the corresponding mean response values. The correlation
results are reported in Table 11.

Table 11. Correlation between Region and Boundary Responses.

Dataset Pearson Correlation
Potsdam 0.43
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LoveDA 0.39
DeepGlobe 0.46

The obtained correlation values are moderate across all datasets, indicating that the
two domains share related structural information but do not collapse into identical
representations. The region membership domain mainly captures local semantic
consistency, while the boundary separation domain focuses on structural transitions
between adjacent regions.

Furthermore, a domain mapping exchange experiment was conducted to evaluate
whether the two domain-specific mapping functions are interchangeable. Specifically, the
mapping functions of the region membership domain and boundary separation domain
were exchanged while keeping other components unchanged. The results are shown in
Table 12.

Table 12. Effect of domain mapping exchange on segmentation performance.

Variant Potsdam mIoU (%) LoveDA mloU (%) DeepGlobe mIoU (%)
DC2CNet 84.28 +0.14 54.30 +0.18 70.30£0.16
DC2CNet-Swap 83.82 +0.20 53.79 +0.21 69.74 + 0.19

The performance degradation after exchanging the two mapping functions
demonstrates that the two domains are not interchangeable. The domain-specific
transformations enable the network to preserve different types of structural information,
which contributes to the effectiveness of the proposed dual-domain representation.

4.7. Analysis of Model Properties
4.7.1. Capacity Constraint Analysis

In DC2CNet, the normalization and monotonicity properties introduced in Equations
(27) and (29) are optimized through the regularization term in Equation (30). To evaluate
whether the learned capacity parameters preserve these fuzzy-measure characteristics
after optimization, the normalization deviation and monotonicity violation rate were
analyzed on the Potsdam, LoveDA, and DeepGlobe datasets.

The normalization deviation is defined as:

1
Enorm = WZWP(N) - 1| (38)
PEN

where u,(N) denotes the full-set capacity at spatial position p, £ represents the
evaluated spatial positions, and || denotes their number. The monotonicity violation
rate is defined as:
- #{Ap.i < 0}
mono — #{ Ap_i}

where A,; represents the capacity variation after adding the i-th evidence component at

(39)

position p, and #(-) denotes the number of elements satisfying the corresponding
condition. A negative A,; indicates a monotonicity violation. The results are presented
in Table 13.

Table 13. Capacity constraint analysis on different datasets.

Dataset Enorm Rinono
Potsdam 0.0031 0.42%
LoveDA 0.0045 0.57%

DeepGlobe 0.0038 0.49%
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As shown in Table 13, the learned capacity parameters maintain small normalization
deviations and low monotonicity violation rates on all datasets. The normalization
deviation is below 0.005, and the monotonicity violation rate is lower than 0.6%, indicating
that the regularization term in Equation (30) effectively maintains the desired fuzzy-
measure characteristics.

4.7.2. Dual-Domain Coupling Analysis

The dual-domain coupling module is designed to adaptively integrate region
membership information and boundary separation information. Unlike directly applying
boundary features as a gate, the proposed coupling mechanism considers the interaction
between the two domain responses and combines them through the proposed fusion
strategy.

To analyze the activation behavior of the coupling module, the gate responses were
investigated on different spatial regions. The results are reported in Table 14. For each
pixel i, the coupling gate response is denoted as g;. The average gate activation within a
specific region (2 is defined as:

1
4,(Q) = WZ g (40)

where || represents the number of pixels in the region. The average gate activations for
boundary regions 2, and non-boundary regions (2,,, are calculated separately as:

h= LY
g — |-Qb| . gl (41)
€Ny
agp = Z gi 2
¢ 1wl L (42)

Table 14. Gate activation analysis in boundary and non-boundary regions.

Dataset A Anb
Potsdam 0.78 0.34
LoveDA 0.74 0.31
DeepGlobe 0.76 0.36

The gate responses are consistently higher in boundary regions than in homogeneous
regions, indicating that the coupling module mainly responds to local feature transitions
rather than uniformly enhancing all regions.

Furthermore, the effect of dual-domain coupling on prediction discrimination was
evaluated using pixel-level confidence. For each pixel, the prediction confidence is defined
as:

C; = max(p;) (43)

where pf denotes the predicted probability of class k for pixel i. The average confidence
within a region is calculated as:

1
c() —mz C; (44)
lEQ
The confidence values before and after applying the dual-domain coupling module
are summarized in Table 15.

Table 15. Effect of dual-domain coupling on prediction confidence.
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Boundary Boundary Non-Boundary Non-Boundary
Dataset Confidence w/o Confidence with Confidence w/o Confidence with
Coupling Coupling Coupling Coupling
Potsdam 0.71 0.78 0.91 0.93
LoveDA 0.68 0.75 0.88 0.91
DeepGlobe 0.70 0.77 0.89 0.92

The results show that the dual-domain coupling increases prediction confidence in
boundary regions while maintaining stable responses in non-boundary regions. This
indicates that the coupling module selectively enhances boundary-related information
and suppresses unnecessary feature interference in homogeneous areas.

4.7.3. Small Object and Elongated Structure Analysis

To further evaluate the capability of DC2CNet in handling structure-sensitive
categories, several representative classes related to small objects and elongated structures
were selected for quantitative analysis. Specifically, Car and Clutter from the Potsdam
dataset were used to evaluate small-object recognition and complex background
discrimination, while Road and Barren from the LoveDA dataset were selected to analyze
elongated structures and irregular regions. The experimental results are shown in Table
16, and the visualization results are shown in Figure 6. The black solid boxes mark the
regions selected for detailed comparison.

Table 16. Segmentation performance comparison on small objects and elongated structures (%).

Bold values indicate the best results.

IoU per Category
Method Potsdam PA LoveDA PA Mean IoU
Potsdam Car  Potsdam Clutter LoveDA Road LoveDA Barren
DeepLabv3+ 84.6 62.3 46.4 38.8 9144 +0.22 70.2+0.28 58.03
SegFormer 85.5 65.0 48.4 40.1 9224+021 713+0.24 59.75
CATNet 85.0 52.8 48.0 39.8 9255+020 71.1+0.28 56.40
UNetFormer 86.5 53.6 49.0 41.0 9290+0.17 72.0£0.21 57.53
VMamba 86.9 68.3 49.3 415 93.00+£0.16 71.9+0.20 61.50
Sparseformer 87.1 68.8 49.7 41.6 93.00+£0.15 70.1+0.23 61.80
DC2CNet 87.6 69.2 50.2 42.0 93.05+£0.16 72.5+0.20 62.25
As shown in Table 16, DC2CNet achieves the highest IoU on all four selected
categories. Compared with the representative baseline methods, DC2CNet consistently
improves the segmentation performance on Car, Clutter, Road, and Barren categories.
These results indicate that the proposed method maintains better recognition ability for
small-scale targets and structurally continuous regions under sparse pixel supervision.
Label
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Figure 6. Visual comparison of segmentation results for small objects and elongated structures on
Potsdam and LoveDA datasets. The color legends correspond to those in Figures 3 and 4,

respectively.

The visualization results in Figure 6 are generally consistent with the quantitative
results in Table 16. In the Potsdam scenes, the compared methods still exhibit missed
regions, fragmented boundaries, or category confusion around small objects and complex
backgrounds, whereas DC2CNet preserves more complete contours for Car and improves
Clutter discrimination. In the LoveDA scenes, existing methods tend to produce
fragmented predictions or inaccurate merging in Road and Barren regions, while
DC2CNet maintains more continuous Road structures and clearer separation of Barren
regions from surrounding classes.

4.7.4. Annotation Ratio and Training Efficiency Analysis

To analyze the performance of DC2CNet under different degrees of sparse
supervision, experiments were conducted with annotation ratios of 5%, 10%, 20%, 50%,
and full annotations. All settings adopted the same data splits, network architecture,
training epochs, and optimization strategy, while only the proportion of labeled pixels
involved in supervised loss calculation was changed. The results are reported in Table 17.

Table 17. Segmentation results of DC2CNet under different annotation ratios (%). Bold values

indicate the best results.

Annotation IoU per Category R R
. Potsdam Train Time /h LoveDA Train Time/h
Ratios Potsdam mIoU Potsdam PA LoveDA mloU LoveDA PA
1% 76.08 89.82 47.06 66.37 8.0 13.1
3% 78.79 90.84 49.32 68.41 8.0 13.2
5% 80.76 91.55 50.92 69.80 8.1 13.3
10% 84.28 93.05 54.30 72.50 8.3 13.6
20% 85.63 93.66 55.72 73.36 8.4 13.7
50% 86.52 94.12 56.84 74.18 8.5 13.8
Full 87.20 94.45 57.48 74.62 8.6 13.9

As shown in Table 17, the segmentation performance of DC2CNet on both datasets
improves as the annotation ratio increases. Even under the more challenging 1% and 3%
annotation settings, DC2CNet maintains reasonable segmentation performance, and the
performance gradually improves with additional labeled pixels. The performance
improvement from 5% to 10% annotations is relatively larger, while further increasing the
annotation ratio leads to gradually smaller gains. This indicates that DC2CNet can
effectively utilize limited pixel-level supervision and maintain stable segmentation
performance under sparse annotation settings.

The training time remains relatively stable under different annotation ratios. Since
the network architecture, input size, and optimization strategy are unchanged, the
annotation ratio mainly affects the number of labeled pixels involved in loss calculation
and has limited influence on the overall training cost.

4.7.5. Inference Crop Granularity Analysis

To further analyze the influence of inference crop granularity on small-object
recognition, experiments were conducted using different image partition strategies
during inference. The input crop size was kept consistent with the setting described in
Section 4.2.2, while only the partition granularity during inference was modified. The
training strategy and evaluation protocol remained unchanged. The third sample group
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in Figure 3 was selected for analysis. The original image was divided into 16, 9, 4, and 1
subimages, respectively, and the predicted results were reconstructed into complete
segmentation maps. The visualization results are shown in Figure 7.

Input Label 16 crops 9 crops 4 crops full

=] i i i 3 i W ; P i

: " s Ten ".'l 0 ..’ﬁ'i oL ..'gl e
Bt T 0 N et 7 500 oot T 00 ¥ e SO B oo 00

Impervious Building Vegetation Tree Car Clutter

Figure 7. Visual comparison of DC2CNet segmentation results with different inference crop sizes.

As shown in Figure 7, the inference crop size affects Car recognition. With more
subimages, small objects occupy a larger proportion of the local input region, which
improves the preservation of vehicle responses. However, reduced contextual
information may affect boundary completeness. In contrast, larger input regions provide
richer contextual information but may weaken small-object responses due to the reduced
relative object scale. These results indicate that small-object segmentation is influenced by
both model representation and inference scale. Appropriate inference strategies are
therefore important for improving the stability of small-object recognition in high-
resolution remote sensing images.

4.8. Computational Efficiency Analysis

To further analyze the computational cost of DC2CNet, the number of parameters
(Params), floating-point operations (GFLOPs), peak GPU memory usage, and inference
latency were compared with representative baseline methods. All efficiency
measurements followed the experimental environment described in Section 4.2.1. The
experiments were conducted on the Potsdam dataset with the same input size and batch
setting. The computational efficiency comparison is summarized in Table 18.

Table 18. Computational efficiency comparison of different segmentation methods. Bold values

indicate the best results.

Method Params (M) GFLOPs Memory (GB) Latency (ms)
FCN [16] 15.3 35.6 2.1 18.7
PSPNet [15] 46.7 91.2 4.3 34.5
DeepLabV3+ [20] 41.2 78.6 3.9 31.8
SegFormer [25] 27.5 62.4 3.6 29.7
RSSFormer [18] 32.8 70.5 4.0 33.2
Gated-SCNN [31] 314 84.7 45 38.6
BoundaryFormer [32] 36.2 89.3 4.7 41.5
FaPN [39] 28.9 65.8 3.8 32.1
UNetFormer [37] 30.6 72.4 4.1 35.6
VMamba [24] 35.8 76.9 43 36.8
DINOv2 [44] 86.5 145.7 8.6 65.4
SparseFormer [48] 33.7 74.2 4.2 37.9
DC2CNet 38.5 82.6 4.9 42.3

As shown in Table 18, CNN-based methods generally achieve lower computational
costs due to their efficient convolutional architectures, while Transformer-based and
Mamba-based methods provide stronger representation capabilities with additional
overhead. Boundary-aware and multiscale fusion methods introduce extra feature
interactions, leading to increased complexity. DC2CNet introduces dual-domain feature
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modeling and fuzzy-measure fusion, which increases computational complexity but
maintains comparable efficiency while improving segmentation performance.

5. Conclusions and Future Work

A Dual-Domain Coupled 2-Additive Fuzzy Measure Network (DC2CNet) was
proposed for weakly supervised remote sensing image segmentation. The proposed
framework introduces dual-domain representation and fuzzy-measure-based feature
interaction to enhance regional consistency and boundary discrimination under sparse
pixel supervision.

Experimental results on the Potsdam, LoveDA, and DeepGlobe datasets demonstrate
that DC2CNet achieves competitive segmentation performance compared with
representative segmentation methods. The ablation studies verify the effectiveness of the
proposed region membership domain, boundary separation domain, dual-domain
coupling module, and 2-additive fuzzy-measure decoding mechanism. Additional
experiments under different annotation ratios further demonstrate the effectiveness of
DC2CNet under limited supervision.

Despite these advantages, the proposed method still has some limitations. The
segmentation performance of small objects may be affected by the balance between local
details and surrounding contextual information, especially in complex high-resolution
scenes. Future work will investigate more adaptive multiscale feature interaction
strategies, computationally efficient structural modeling methods, and the robustness of
the proposed framework under degraded imaging conditions. In addition, the
applicability of DC2CNet to broader remote sensing scenarios and different annotation
settings will be further explored.
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