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Abstract

Semantic ~ segmentation  of  high  resolution
remote sensing imagery plays a crucial role in land use
monitoring and wurban planning.  Although deep
learning-based methods have achieved
significant progress and can obtain satisfactory
segmentation results, they suffer from limitations in
robustness and reliability, and tend to
produce overconfident predictions that often overlook the
inherent uncertainty in the segmentation process. This
poses challenges for their deployment in safety-critical
applications such as land detection and disaster
assessment. Moreover, despite the widespread adoption of
encoder-decoder architectures, existing methods still
struggle to fully exploit the high-dimensional features
extracted by encoders. To address these issues, this study
proposes an Uncertainty Mask Feature Refinement
Module and a Multi-Path Feature Interaction structure.
Specifically, the proposed method computes total
uncertainty  through Monte Carlo sampling and
learns a binary mask by applying learnable perturbations
to the original data, thereby identifying regions
that contribute significantly to output uncertainty.
This approach quantifies the inherent uncertainty in
the data and refines feature representations
in high-uncertainty regions. After the encoder encodes the
refined features, each decoder layer not only aggregates
features from the corresponding encoder layer but also
incorporates features from deeper encoding levels,
achieving fine-grained segmentation results
through multi-path feature interaction. We conducted
comprehensive  experiments on  two  well-known
high-resolution remote sensing benchmark datasets
(ISPRS Vaihingen and ISPRS Potsdam). The results
demonstrate that the proposed method outperforms
state-of-the-art approaches in segmentation accuracy
while explicitly ~constructing uncertainty estimates,
providing new insights for developing more robust and
reliable remote sensing image segmentation models.

1. Introduction

Remote sensing technology, as a core means of
acquiring information about the Earth's surface, plays an
irreplaceable role in numerous fields such as urban
planning, land resource management, environmental
monitoring, and national defense security [1, 10]. With the
development of satellite and aerial platforms, the spatial
resolution of high-resolution (HR) remote sensing imagery
has reached the sub-meter or even centimeter level, which
has greatly propelled the demand for pixel-level,
fine-grained feature identification and scene understanding
[2, 3, 34, 35]. Remote Sensing Image Semantic
Segmentation (RSISS), as an important branch of the
computer vision field, aims to assign a predefined semantic
label (e.g., building, road, vegetation, etc.) to each pixel in
an image, serving as a key and fundamental task for
achieving intelligent interpretation of remote sensing
imagery [2, 3].

In recent years, benefiting from the immense success of
Convolutional Neural Networks (CNNs) in natural image
semantic segmentation tasks, the field of RSISS has also
achieved breakthrough progress [1, 2, 10]. Early works
such as Fully Convolutional Networks (FCN) [4], U-Net
[5], SegNet[11], and the DeepLab series [14, 6] laid the
foundation for end-to-end pixel-level classification.
Driven by the powerful feature representation capabilities
of CNNss (e.g., ResNet [15]), researchers have adapted and
improved these fundamental architectures significantly to
address the characteristics of remote sensing imagery, for
example, U-Net-based ResUNet-a [16], Pan-Net [36], and
Xu-Net [37]; SegNet-based improvements [38, 39]; and
various applications of DeepLab in remote sensing [31, 32,
33]. Concurrently, to tackle the properties of remote
sensing images, techniques such as multi-scale fusion (e.g.,
PSPNet [12], RefineNet [13]), atrous convolution [6, 14],
and attention mechanisms [3] have been introduced.
Attention mechanisms, in particular, such as the Dual
Attention Network (DANet)[7], SENet [45], CBAM [46],
and specialized attention modules for remote sensing [17,
18, 19, 47, 48], have significantly enhanced the model's
ability to discriminate complex features [2]. However,



directly applying these advanced models to HR-RS images
still presents numerous challenges.

The semantic segmentation of HR-RS images faces
unique challenges, primarily reflected in several aspects:
First, the multi-scale variance and small object problem.
There is an enormous disparity in the size of ground
objects, ranging from large-scale parcels to minuscule
vehicles or trees. Target features are easily lost during the
continuous down-sampling process, and the precise
localization of small objects is extremely demanding [2, 3,
28, 29, 30]. Second, spectral complexity of ground objects,
with severe phenomena of "intra-class variation" (same
object, different spectra) and "inter-class similarity"
(different objects, same spectrum). This makes it difficult
to effectively distinguish feature categories based on
spectral features alone; consequently, multi-modal data
fusion (e.g., DSM or LiDAR) [43, 44] has become an
important research direction. Furthermore, blurred
boundaries and imprecise localization are a core difficulty
[3, 9]. Because models lose spatial details during feature
extraction in the encoder stage, the segmentation maps
restored by the decoder are often not sharp or precise at
object boundaries. To address this, researchers have
explored techniques like Conditional Random Fields
(CRFs) post-processing [40, 41] and edge-aware loss
functions [42, 49], but these still struggle to meet the strict
requirements for fine-grained boundaries in HR-RS
applications. Although deep learning models[27] have
surpassed  traditional methods in  segmentation
performance, balancing accuracy and computational
efficiency, especially when handling boundary regions and
complex multi-scale objects, remains an urgent problem to
be solved [1,2, 9].

Beyond the structural and data-specific challenges
mentioned above, model "trustworthiness," encompassing
reliability and explainability, is becoming an increasingly
severe challenge, especially in high-stakes remote sensing
applications such as disaster response and security
monitoring[53]. Standard deep learning models tend to
produce "overconfident" predictions [53, 52] and cannot
effectively quantify their own predictive uncertainty. This
has spurred research into Uncertainty Quantification (UQ)
for semantic segmentation[54]. Existing methods include
Bayesian deep learning (e.g., Bayesian SegNet[50]), which
models network weights [55], as well as simpler, more
scalable methods like Deep Ensembles [51].
Understanding the types of uncertainty—whether aleatoric
(stemming from data noise) or epistemic (stemming from
model knowledge gaps) [55]—is crucial for building
robust systems. Furthermore, as models become
increasingly complex, Explainable Al (XAI) methods are
becoming essential for understanding the basis of model
decisions. Techniques like gradient attribution (e.g.,
Grad-CAM [56]) or perturbation-based analysis[57] are
used to generate saliency maps. However, how to attribute

uncertainty itself (Uncertainty Attribution) [58, 59], and
how to design uncertainty-aware loss functions [53] or
uncertainty-guided learning frameworks [54], remain
active areas of research. This highlights the gap between
high-performance models and deployable, trustworthy
systems.

To address the aforementioned challenges, we propose a
model based on uncertainty attribution. It constructs an
uncertainty mask, semantically aligning the uncertainty
score with the mask, and then applies perturbation and
progressive refinement specifically to the identified
high-uncertainty regions. Furthermore, we optimize the
single-path U-Net network, transforming it into a
multi-path architecture. This new design transmits the
results from each encoder layer to corresponding higher
levels in the decoder, thereby reducing the semantic gap
between high-level and low-level features.

To summarize, our main contributions are as follows:

*We propose a novel uncertainty attribution model. This
model constructs an uncertainty mask, semantically
aligning uncertainty scores with the mask to locate
high-uncertainty regions. We further design a perturbation
and progressive refinement mechanism specifically
targeting these identified regions, significantly improving
model robustness on ambiguous and difficult samples.

*To address the semantic gap between high-level
semantics and low-level details in HR-RS images, we
optimize the U-Net [5] architecture. We modify the
traditional single-path U-Net into a multi-path architecture
and design new skip connections that transmit results from
each encoder layer to corresponding higher levels in the
decoder. This design effectively reduces the semantic gap
and promotes superior feature fusion.

*We train and test our model on the benchmark datasets
ISPRS Vaihingen and ISPRS Potsdam. Our method
surpasses existing state-of-the-art (SOTA) approaches on
key metrics such as F1-Score, while maintaining high
inference efficiency.

2. Related Work

2.1 Uncertainty Attribution

In the context of model trustworthiness, Uncertainty
Attribution (UA) [60, 61, 62, 63] has emerged as a crucial
research direction that focuses on identifying and
localizing input features or regions that make significant
contributions to a model’s predictive uncertainty. This
differs from conventional explainable Al (XAI) methods,
which primarily interpret the predictions themselves rather
than the sources of uncertainty. Existing UA approaches
can be broadly categorized into two families.
Gradient-based methods [64, 65, 62] backpropagate the
output uncertainty to the input to generate attribution maps;
they are computationally efficient but often overly



sensitive to small input perturbations, which leads to noisy
or imprecise explanations [62]. Perturbation-based
methods [66, 67] systematically modify (e.g., occlude or
mask) parts of the input and observe the resulting change
in uncertainty to assess feature importance, yet classical
instantiations (such as [66]) typically require exponentially
many perturbation samples, making them extremely
expensive[68]. To overcome these challenges, recent
studies have shifted toward more advanced strategies. For
example, CLUE [60] and its variants [69, 70] use
generative models to alter uncertain inputs, producing
“ improved " images with minimal uncertainty and
attributing by contrasting the differences. However, a key
limitation is their reliance on pretrained generative models,
which are often difficult to obtain in specialized domains
such as remote sensing. Another promising avenue is to
formulate UA as an optimization problem [71, 72, 73], in
which continuous optimization is used to efficiently search
for the smallest or most informative perturbation regions
that maximally reduce uncertainty—that is, to learn a mask

—closely aligning with the methodology proposed in this
work.

2.2 U-Net

U-Net [5] is one of the most influential foundational
architectures in semantic segmentation, laying the
groundwork for end-to-end p ixel-level classification
alongside FCN [4] and SegNet [74]. Its core design is a
symmetric encoder — decoder structure containing a
contracting path that captures contextual semantics and an
expanding path that enables precise localization. U-Net's
key innovation lies in its skip connections, which
concatenate high-resolution, detail-rich feature maps from
shallow encoder layers with upsampled, semantics-rich
feature maps from deeper decoder layers. This design
allows the network to exploit both high-level semantics
and low-level details simultaneously, delivering
outstanding performance on segmentation tasks that
demand sharp boundaries — especially in biomedical
imagery and high-resolution remote sensing (HR-RS).
Consequently, U-Net has become a standard architecture
for remote-sensing segmentation and has inspired
numerous  variants  tailored to  remote-sensing
characteristics. However, the classic skip-connection
scheme introduces a central challenge: the semantic gap
caused by the substantial semantic disparity between
shallow encoder features and deep decoder features. As
UNet++ points out, directly fusing such semantically
dissimilar feature maps complicates optimization and can
reduce segmentation accuracy. To mitigate this issue,
researchers have explored multiple improvements, such as
the nested, dense skip pathways proposed by UNet++, and
hybrid architectures like UNetFormer that incorporate

Transformer-based decoders to better fuse global and local
contextual information.

3. Methodology

Our proposed methodology addresses the significant
challenges of high-resolution remote sensing (HR-RS)
image segmentation—namely, high intra-class variance,
low inter-class separability, and ambiguity at object
boundaries — by jointly optimizing both the input data
representation and the network architecture itself. We
present a two-stage framework, illustrated in Fig. X,
designed to operate in sequence.

First, we introduce an Uncertainty-Guided Data
Refinement module. This pre-processing stage actively
identifies and enhances the most ambiguous regions of an
image (e.g., blurred boundaries, shadows) before they are
fed into the main network. Second, we propose the
FTUNetformer++, a novel multi-path U-Net architecture.
This network is specifically designed to process the refined
data, utilizing dense, cross-scale feature interaction to
effectively bridge the "semantic gap" between shallow,
high-resolution details and deep, semantic-rich features.

3.1 Uncertainty-Guided Data Refinement

Deep segmentation ~ models often  exhibit
overconfidence, particularly in HR-RS imagery where
data-inherent uncertainty is high. While traditional
Uncertainty Attribution (UA) methods exist, they are often
computationally prohibitive (requiring many inferences) or
produce noisy, pixel-level attributions that lack semantic
context. To overcome this, we reformulate UA as an
efficient optimization problem. Our goal is to actively
learn a semantically-aware mask that identifies input
regions which, when subjected to a specific perturbation,
maximally reduce the model's overall predictive
uncertainty.

3.1.1 Uncertainty Mask Alignment

Our method is founded on a key hypothesis: applying a
smooth perturbation (e.g., blurring) to regions where the
model is genuinely uncertain (ambiguous boundaries,
low-contrast objects) will help the model resolve
ambiguity and thus decrease its predictive entropy.
Conversely, perturbing high-confidence, well-defined
regions will introduce noise and increase entropy.

We aim to find an optimal binary mask M that
minimizes the model's predictive uncertainty U when
applied as a perturbation selector. This uncertainty U is
quantified as the Average Predictive Entropy, estimated
from N stochastic forward passes (e.g., using Deep
Ensembles or MC-Dropout) on the perturbed input. The
optimization objective is defined as:



M* =argminU ((1 - M) ®z+ M ® Blur(z, ¢)) + A| M|
M

Here, Blur is not a fixed operation but a Gaussian blur
function with a learnable standard deviation (p, serving as

our targeted perturbation source. The term U represents the
model's predictive uncertainty. The L 1 norm M_1 is a
regularization term, controlled by $\lambda$, which
encourages the mask Mt o be sparse, focusing only on the
most critical uncertainty-inducing regions.

To make this optimization tractable and ensure the mask
is semantically meaningful, we do not optimize M in the
pixel-space. Instead, we parameterize the mask M as a
weighted combination of K semantic region proposals
M_k, which are obtained from a pre-trained segmentation
model: M = \sum_{k=1}"K w_k M k. This aligns the
attribution process with human-understandable concepts.

To optimize the binary weights w_k \in \{0, 1\}, we
model them as samples from a Bernoulli distribution, w_k
\sim Ber. We then employ the Gumbel-Sigmoid
reparameterization trick, which provides a continuous and
differentiable approximation, enabling us to learn the
optimal mask parameters p_k efficiently via standard
gradient descent.

3.1.2Uncertainty-Guided Refinement

After the alignment process converges, the resulting
mask M” highlights the regions that confuse the model the
most. We then use this mask as a guide to refine the
original image x, creating a new input x_{\text{refined}}
that is inherently easier for the network to segment.

First, we wuse a Difference-of-Gaussians (DoG)
operation, a computationally efficient and effective
method, to extract informative multi-scale boundary and

texture features: text{DoG}(x) = x - G_\@Q(x). This isolates

the high-frequency details.Next, we modulate these
boundary features using the learned uncertainty mask M

and a learnable scaling factor o. This modulated signal is
then added back to the original image:

Lrefined = T T & - M* o (Z - G@('I))

This operation functions as a targeted data augmentation.

It selectively amplifies the boundary details only in the
model's most ambiguous regions, while leaving
high-confidence areas (where $M"*=0$) unchanged. This
pre-processing step effectively reduces data-level
uncertainty and prepares the input for more robust feature
extraction by the subsequent segmentation network.

3.2 Multi-Path U-Net Architecture
(FTUNetformer++)

To fully leverage the refined input data, we must
address the primary architectural challenge in
segmentation: the "semantic gap." Standard U-Net
encoders produce shallow features with precise spatial
detail but weak semantics, and deep features with rich
semantics but poor localization. The simple, one-to-one
skip connections in a standard U-Net are often insufficient
to optimally fuse these heterogeneous representations.

To solve this, we designed FTUNetformer++, a
deep-supervision-based codec architecture that replaces
simple skip connections with a dynamic, multi-path feature
interaction mechanism.

3.2.1Encoder

The encoder employs a Swin Transformer as its
backbone. Unlike CNNs, the Swin Transformer's
windowed self-attention mechanism excels at capturing
long-range  dependencies and global contextual
information across multiple scales. This is critical for
HR-RS segmentation, where objects (e.g., large buildings,
roads) can span large portions of the image, requiring a
global understanding of context.

3.2.2Multi-Path Decoder

Our core architectural innovation lies in the decoder.
Instead of a single skip connection per level, we design a
dense, cross-scale fusion strategy where each decoder
stage integrates information from all deeper decoder layers
and its corresponding encoder layer.

As shown in Fig. X, the decoder feature $D _i$ at layer
$i$ is computed by concatenating its corresponding
encoder feature E i with the upsampled outputs of all
deeper decoder layers D_j (where j > i). This aggregated
feature set is then processed by a sophisticated fusion

module @:

D; = ¢ (Concat (E;, {Up(Dy)},..;) )

where ( is a fusion module (containing 1x1 convolution,

a Weighted-Sum (WS) module, and a GLTB block),
\text{Up}(\cdot) is the wupsampling operation, and
\text{Concat} denotes feature concatenation.

This multi-path architecture allows high-level semantic
information (like class concepts) to fully interact with
shallow spatial details (like textures and boundaries) at an
early stage of decoding. The decoder blocks themselves
use Global-Local Transformer Blocks (GLTBs) to
simultaneously model local structures and global context.



3.2.3Joint Supervision

To ensure all parts of this deep, multi-path network are
optimized effectively, we employ a joint supervision
strategy. In addition to the main loss L {\text{main}}
computed at the final segmentation output, we introduce an
auxiliary branch part-way through the decoder (e.g.,
between the middle and bottom GLTBs).

This branch, managed by an Auxiliary Head (AH),
produces an intermediate, lower-resolution segmentation
map, and a corresponding L _{\text{aux}} is computed.
The final loss for the network is a weighted sum:

Ltotal - J5111;1&11 + }6 . Laux_

This deep supervision forces the intermediate layers to
learn discriminative and semantically meaningful features,
providing a richer gradient signal that stabilizes training
and encourages the collaborative optimization of both
shallow and deep features throughout the network.

4. Experimental Results And Analysis

4.1 Datasets

ISPRS Vaihingen: This dataset consists of 33 aerial
images captured over Vaihingen, Germany, with an
average size of 2494 x 2064 pixels and a ground sampling
distance (GSD) of 9 cm. Each image contains three
spectral bands: near-infrared (NIR), red (R), and green (G).
Fine-grained annotations are provided for six classes:
impervious surface (ImSurf), building, low vegetation
(LowVeg), tree, car, and clutter/background. Following
the standard split, we use 16 images for training and the
remaining 17 for testing.

ISPRS Potsdam: This dataset comprises 38 aerial
images collected over Potsdam, Germany, each measuring
6000 x 6000 pixels with a GSD of 5 cm, offering higher
resolution than Vaihingen. The imagery covers four bands:
red (R), green (QG), blue (B), and near-infrared (NIR). The
annotation categories match those of Vaihingen. We train
on 24 images and reserve 14 for testing.

4.2 Evaluation Metrics

In our evaluation, we report Overall Accuracy (OA) to
measure global pixel-level classification accuracy, while
Mean F1 Score (mF1) and Mean Intersection over Union
(mloU) jointly characterize performance in high-resolution
remote sensing segmentation by assessing the
precision—recall balance and the overlap between predicted
and ground-truth regions.

4.3 Quantitative Analysis

Our model is implemented using the PyTorch
framework, and all experiments are conducted on an
NVIDIA RTX 4090 GPU. During training, we crop input
images into 512 x 512 patches and apply standard data
augmentation, including random flipping, rotation, and
scale jittering.

When both proposed components are combined, the
results in Tables 1 and 2 show that
FTUNetFormer++&Refine—our full model—achieves the
highest performance on both datasets (85.36% mloU on
Vaihingen and 87.66% mloU on Potsdam). These gains
validate  the  effectiveness of the  proposed
uncertainty-guided data refinement mechanism, which
strengthens the boundary features of high-uncertainty
regions before training and enables better handling of
ambiguous samples. Our FTUNetFormert++&Refine
therefore delivers the best overall performance.

Table 1. Performance Comparison(The second data group)

Params Per-Class IOU(%) mF1 OA mIOU
ImSurf Building LowVeg Tree  Car
FTUNetFormer 96M 9431 9331 7464 7725 8233 9131 9353 84.37
Wide FTUNetFormer 105SM 9448 9270 7427 8230 8158 9175 9372 85.07
FTUNetFormer++ 103M 94.43 9249 7432 8229 8248 91.84 93.68 85.21
FTUNetFormer&Refine 96M 9432 9279 7428 8236 8101 9171 9373 8495
Wide FTUNetFormer&Refine  10SM 9446 9261 7431 8241 8177 9178 9374 85.11
FTUNetFormer++&Refine 103M 9453 9281 7451 8252 8251 9192 9381 8536
Table 2. Performance Comparison.
Params Per-Class IOU(%) mF1 OA mIOU
ImSurf Building LowVeg Tree  Car
FTUNetFormer 96M  89.14 9422 7881 80.58 9237 9163  87.02
Wide FTUNetFormer 105M 8935 9416 7852 80.86 93.03 03 9180 87.19
FTUNetFormer-++ 103M 8951 9396  79.06 8091 93.78 9195 8744
FTUNetFormer&Refine 96M 8927 93590 7924 8094 93.06 9187 8722
Wide FTUNetFormer&Refine  10SM 8936 9432 79.00 8091 9332 9194 8738
FTUNetFormer++&Refine 103M 9016 9431 7950 8LI1 9322 9230  87.66

Notably, our FTUNetFormer++&Refine (103M
parameters) outperforms the wider FTUNetFormer (105M
parameters) on both datasets while using fewer parameters.
This indicates that our architectural improvements are
more effective than merely widening the baseline model.

4.4 Ablation Studies

Our approach comprises two key innovations: (A) the
optimization-based “uncertainty mask alignment” and “data
refinement” mechanism in Section 3.1, governed by the
hyperparameter o ; and (B) the * multi-level U-Net ”

(ML-UNet) architecture in Section 3.2 designed to narrow
the semantic gap. We conduct ablation studies to validate
each component individually.

Across all trials, mloU remains high, indicating that the
data refinement module is robust to the choice of a. On

Vaihingen, a smaller o« = 0.3 yields the best mloU of
85.21%, whereas on Potsdam the stronger refinement o =



0.9 performs best (87.39%), with ot = 0.5 (87.29%) staying

highly competitive. This suggests that the optimal
refinement strength can vary across datasets.

4.5 Qualitative Visualization

To illustrate the advantages of our approach, we present
visual results for challenging scenes from the Vaihingen

and Potsdam datasets in Figures 3 and 4.
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Figure 4. Vaihingen Visualization Results

As shown in Fig. 3, the baseline FTUNetFormer
exhibits noticeable “sticking” and “fragmentation” near

building edges and small objects such as cars. For example,

it misclassifies vehicle shadows as background or yields
incomplete building boundaries. In contrast, our method
markedly alleviates these issues. Thanks to the uncertainty
attribution in Section 3.1, the model strengthens features
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around these“difficult boundaries”before training, enabling

sharper and more complete building contours at inference
time. Meanwhile, the multi-level U-Net in Section 3.2
preserves richer low-level details, allowing precise
localization and segmentation of small vehicles, closely
matching the ground truth.

In Fig. 4, the baseline struggles to distinguish between
low vegetation (LowVeg) and impervious surfaces
(ImSurf), which share similar spectral characteristics. By
proactively identifying and refining these high-uncertainty
regions during training, our model demonstrates greater
robustness, reduces class confusion, and produces
semantically more consistent segmentation maps.

5. Conclusion

We address blurred boundaries, multi-scale fusion
challenges, and  overconfident predictions in
high-resolution remote sensing segmentation with a
framework centered on uncertainty attribution. By casting
uncertainty mask alignment as an optimization task, we
learn pixel-level perturbation masks and parameters that
pinpoint and refine the model’s most confounding regions,

while a multi-level U-Net with dense multi-path skip
connections mitigates the semantic gap. Experiments
demonstrate state-of-the-art mloU on ISPRS Vaihingen
and Potsdam, and visualizations further highlight gains on
fuzzy borders, small objects, and easily confused classes.
Looking ahead, we plan to embed the uncertainty-guided
refinement mechanism into end-to-end training and extend
the framework to multimodal remote sensing.
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