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Abstract—Biomedical image segmentation is crucial to pre-
cisely diagnose lesions on medical images. Recently, diffusion
probabilistic models (DPMs) have proven to be effective for med-
ical segmentation tasks. However, most diffusion-based methods
apply uniform guidance across the entire image, which treats all
regions equally during optimization and neglects regional differ-
ences in prediction difficulty. To address this issue, we propose
UGD-Seg, a two-stage uncertainty-guided diffusion segmentation
framework. In the first stage, an evidential network is employed
to estimate a pixel-level uncertainty map while extracting multi-
scale features from the input image. In the second stage, the
multi-scale features are integrated and decoupled into certain
and uncertain components under uncertainty guidance, which are
then used to guide a latent diffusion model (LDM) for progres-
sive segmentation. Extensive experiments on the ISIC2016 and
CVC-ClinicDB datasets demonstrate that UGD-Seg consistently
outperforms state-of-the-art methods, achieving more accurate
boundary delineation and more stable segmentation predictions.

Index Terms—Medical image segmentation, Diffusion model,
Uncertainty estimation

I. INTRODUCTION

Biomedical image segmentation provides essential support
for disease diagnosis by enabling precise localization of lesion
regions. Recent advances in deep learning have led to substan-
tial improvements in the performance of medical segmentation.
It is well-known that Convolutional Neural Networks (CNNs)
[1]–[3] and Vision Transformer (ViT) models [4]–[6] have
been successfully applied to medical image analysis, benefiting
from their strong capability to learn discriminative features
from medical images.

Beyond CNN-based and ViT-based methods, Diffusion
Probabilistic Models (DPMs) have emerged as a novel
paradigm for medical image segmentation tasks, owing to
their effectiveness in modeling data distribution. Diffusion-
based medical segmentation models can be formulated as a
conditional image generation task, where image features are
incorporated as conditioning signals to guide the diffusion
process toward predicting segmentation masks. Recently, a
growing number of studies have focused on designing di-
verse feature extractors to provide conditional guidance for
Denoising Diffusion Probabilistic Model (DDPM) [7] in seg-
mentation tasks [8]–[10]. However, DDPM operating in pixel
space requires many denoising steps, which leads to slow and
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computationally expensive inference. To address this problem,
Latent Diffusion Model (LDM) [11] has been introduced to
perform diffusion in a low-dimensional latent space, signif-
icantly accelerating inference. In LDM-based segmentation,
feature extraction and conditional guidance remain essential
components [12]–[14]. Nevertheless, despite the differences
in model formulation, most diffusion-based segmentation ap-
proaches rely on a uniform guidance strategy. This design
ignores the fact that different regions exhibit varying levels of
segmentation difficulty, which can be revealed by uncertainty
estimation models [15]. Notably, uncertain regions often need
additional focused refinement, whereas certain regions offer
stable semantic cues and should remain consistent to preserve
structural integrity. Applying a uniform treatment to these two
conflicting regions may result in suboptimal optimization.

To account for regional differences in prediction confidence
within the guidance signal, we propose UGD-Seg, a two-
stage uncertainty-guided diffusion framework for biomedical
image segmentation built upon an LDM. In the first stage,
an evidential network is introduced to estimate uncertainty,
explicitly characterizing region-wise segmentation difficulty
through a pixel-level uncertainty map. In the second stage,
an Uncertainty-gated Feature Decoupling Module (UFDM) is
proposed to decouple uncertain and certain representations
from a unified feature space by leveraging the estimated
uncertainty map. The resulting uncertain and certain features
are then integrated into the segmentation prediction at each
diffusion step, serving as region-specific guidance for the
diffusion model. In this way, the UFDM enables the diffu-
sion model to focus refinement on ambiguous regions while
preserving stable structures in confident regions, leading to
more accurate and stable segmentation results. We validate
UGD-Seg on ISIC2016 [16] and CVC-ClinicDB [17] datasets.
UGD-Seg surpasses previous state-of-the-art (SOTA) methods,
demonstrating its effectiveness and generalization ability.

In conclusion, our contributions are:
1) We propose UGD-Seg, a two-stage uncertainty-guided

diffusion framework built upon an LDM for medical
image segmentation, which overcomes the limitation of
uniform guidance that ignores spatial differences in seg-
mentation uncertainty.

2) We design an Uncertainty-gated Feature Decoupling
Module (UFDM) that decouples uncertain and certain
features and offers region-specific guidance for the diffu-



sion model.
3) Experimental results on two datasets demonstrate that

UGD-Seg achieves mIoU improvement of 3.28% and
15.52% over the average of competing methods on
ISIC2016 and CVC-ClinicDB, respectively.

II. RELATED WORK

A. Diffusion-based methods for medical image segmentation

Denoising Diffusion Probabilistic Model (DDPM) is a
generative model built on a Markov chain, which learns a
reverse denoising process to progressively transform Gaussian
noise into high-quality realistic data samples. Recently, DDPM
has been explored for medical image segmentation. As a
pioneering work in this study, MedSegDiff [9] was the first to
apply DDPM to medical segmentation by proposing dynamic
condition encoding and a feature frequency parser to reduce
the impact of high-frequency noise. However, MedSegDiff
relies on CNN-based encoders, and the potential of ViT for
conditional feature extraction remains unexplored. Therefore,
based on MedSegDiff, MedSegDiffv2 [10] further incorporates
a transformer into the diffusion-based framework, proposing a
spectrum-space transformer to bridge the gap between seman-
tic conditions and anchor conditions. Nevertheless, due to the
slow inference speed and high computational cost of DDPMs,
LDM has been considered as a more efficient alternative [11].
LSegDiff is the first attempt to employ LDM for medical
segmentation. To further improve inference efficiency, SD-
Seg [13] employs a single-step reverse process together with
a concatenated latent fusion technique to reduce the number
of sampling steps. Nevertheless, these works primarily assume
spatially uniform guidance for the diffusion model, neglecting
that decision difficulty varies across different regions. In
contrast, UGD-Seg introduces a pixel-level uncertainty map
that indicates the prediction difficulty, guiding the diffusion
model to pay more attention to challenging regions.

B. Uncertainty Estimation and Boundary Refinement

Uncertainty estimation provides a way to characterize the
reliability of model predictions. Recently, there has been an
increasing interest in uncertainty estimation for deep neural
network. Common uncertainty estimation methods include
evidential deep learning (EDL), Bayesian neural network
(BNN), ensemble method, and test-time data augmentation
(TTA) [18]. Among them, Bayesian learning with Monte Carlo
Dropout [19] is widely adopted for uncertainty estimation.
However, it requires multiple stochastic forward passes at
test time, causing the high computational cost. In addition,
ensemble-based uncertainty estimation [20] combines the out-
puts of multiple independently trained models, which fur-
ther increases memory and computation overhead. Similarly,
TTA [21] relies on repeated inference under different input
perturbations, thus also leading to extra cost. Consequently,
the above methods cannot estimate uncertainty with a single
forward pass. This limitation motivates the exploration of
EDL, which enables efficient uncertainty quantification with-
out costly multiple forward passes. As stated by Zou et al. [22],

they propose an end-to-end model that assumes the class
probabilities of the segmentation follow a Dirichlet distribution
and learns its distributional parameters directly from data.
For better interpretability and robustness to noise in medical
images, Li et al. [15] introduced a self-supervised uncertainty
estimation framework with gradient-based and noise-based
uncertainty supervision. Motivated by this work, we follow
their design to estimate uncertainty more robustly under the
ambiguous boundary and diverse noisy pattern in medical
image.

III. METHODOLOGY

In this paper, we present a two-stage framework called
UGD-Seg for precise segmentation of medical lesions, as
illustrated in Fig. 1. In the first stage, we adopt the evidential
network proposed by Li et al. [15] to quantify the uncertainty
of the input images. It produces an uncertainty map Auc that
captures regional uncertainties caused by ambiguous and noisy
regions. In the second stage, we extract the uncertainty map
Auc and multi-scale encoder features (f1 to f5) from the
evidential network. The multi-scale features are first integrated
through a Multi-scale Feature Fusion Module (MFFM) to
obtain a unified representation ffu. Subsequently, ffu and the
uncertainty map Auc are sent into UFDM, which separates the
feature space into an uncertain feature f ′

uc and certain feature
f ′
ce. The decoupled features {f ′

ce, f
′
uc} are then concatenated

to construct the conditional guidance signal for the LDM.

A. Uncertainty Estimation for Biomedical Images

Biomedical images often contain ambiguous regions, which
introduce high uncertainty and hinder segmentation models
from producing confident and stable predictions in these areas.
To address this issue, one of the key components in our
framework is to estimate the uncertainty for each pixel. Fol-
lowing the work of [15], we adopt EDL to quantify predictive
uncertainty. We adopt an evidential network fθ to parameterize
the evidence for each pixel. For the i-th pixel, its categorical
probability vector pi is modeled as a Dirichlet distribution:

Dir(pi|αi) =
1

B(αi)

K∏
k=1

pαik−1
ik (1)

where αi = ei +1 represents the Dirichlet parameters, B(αi)
denotes the multivariate Beta function that normalizes the
Dirichlet distribution, ei = fθ(X) is the predicted evidence
for the input image X and K is the number of classes.

Consequently, the predictive uncertainty for each pixel ui

can be obtained by ui = K∑K
k=1 αik

, yielding an uncertainty

map Auc = {ui}H×W
i=1 . Under this formulation, pixels with

low evidence naturally correspond to higher uncertainty val-
ues, which aligns well with the ambiguous and noisy regions
commonly observed in biomedical images.

B. Multi-scale Feature Fusion Module

The evidential network not only outputs the uncertainty
map Auc, but also offers a hierarchy of multi-scale features



Fig. 1. Overall framework of the proposed UGD-Seg.

(f1, f2, . . . f5) that encode abundant contextual information at
different spatial resolutions. As shown in Fig 1, we introduce
MFFM to integrate multi-scale encoder features from the
evidential network into a unified feature space.

In the proposed MFFM, each feature map fi is first pro-
cessed by a 1× 1 CBR block to align channel dimension and
refine the feature representations. Specifically, a k × k CBR
block consists of a k×k convolution followed by batch normal-
ization and ReLU activation function. Subsequently, beginning
with the deepest level feature f5, the refined feature applies
a 2 × 2 bilinear upsampling operation and an element-wise
addition with the next shallower refined feature, repeatedly.
The operation can be formulated as:

f̃i = CBR1×1(fi), i = 1, 2, . . . , 5 (2)

gi =

{
f̃i, i = 5

f̃i ⊕Up2×2(gi+1), i = 1, 2, 3, 4
(3)

where ⊕ denotes element-wise addition. Finally, a 3× 3 CBR
block is applied to obtain the fused features ffu.

C. Uncertainty-Gated Feature Decoupling Module

In medical image segmentation, uncertain regions often have
a serious impact on segmentation accuracy. Meanwhile, certain
regions provide reliable contextual cues. When modeled within
a unified feature space, demands for semantic consistency
and boundary sharpness impose conflicting constraints. This
internal competition often results in over-smoothed predictions
and unstable boundary localization. Therefore, we design the
UFDM to decouple uncertain and certain features, which is
illustrated in Fig. 2.

Building upon the uncertainty map Auc derived from the
evidential network, we design an uncertainty-gated mechanism
that employs Auc as a soft gate. By applying Auc to the fused
feature ffu from MFFM, we first formulate the uncertainty
gate Gu as:

Gu = σ
(
Conv1×1(Auc)

)
, (4)

where σ(·) is the sigmoid function. The 1 × 1 convolution
layer is used to adaptively project the raw uncertainty signal
into a latent gating representation.

Next, the uncertainty gate Gu is utilized to separate ffu
into two distinct components: the uncertainty-aware feature



Fig. 2. The overview architecture of UFDM.

fuc and certainty-preserving feature fce. This operation can
be defined as:

fuc = Gu ⊙ ffu (5)

fce = (1−Gu)⊙ ffu (6)

where ⊙ denotes element-wise multiplication.
Both fuc and fce are further processed by a series of

3 × 3 CBR blocks and a 1 × 1 CBR block to refine their
representation, respectively. Through the proposed UFDM, the
uncertain feature f ′

uc is encouraged to emphasize ambiguous
and noisy regions. And certain feature f ′

ce focuses on stable
and semantically confident regions. This separation allows the
LDM to use f ′

ce and f ′
uc adaptively to balance robustness

and boundary precision, leading to more accurate and stable
segmentation results.

D. Uncertainty-guided Latent Diffusion Model

The diffusion model adopted in our method is LDM, which
is computationally efficient by operating in a low-dimensional
latent space. With the uncertain feature f ′

uc and certain feature
f ′
ce obtained from UFDM, the LDM performs segmentation

through an iterative denoising process under the joint guidance
of both features. Specifically, certain feature provides stable
global guidance. In addition, the uncertain feature is exploited
to make a progressive boundary refinement in high-uncertainty
regions.

As illustrated in Fig. 1, given a segmentation mask y,
the LDM uses an encoder Enc(·) to map it into a latent
representation z0 = Enc(y). A forward diffusion process then
gradually adds Gaussian noise to z0 via a Markov chain:

q(zt | zt−1) = N
(
zt;

√
1− βt zt−1, βt I

)
, (7)

where βt ∈ (0, 1) is a predefined noise schedule and I is the
identity matrix. By composing the transitions, the noised latent
representation at timestep t can be formulated as:

zt =
√
ᾱt z0 +

√
1− ᾱt ϵ, ϵ ∼ N (0, I) (8)

where ᾱt =
∏t

s=1(1− βs). During the reverse diffusion pro-
cess, the LDM iteratively denoises the latent variable from zt
to zt−1. To inject uncertainty-guided conditional information,

the uncertain and certain features are concatenated to form a
conditional representation:

zc = concat(f ′
uc, f

′
ce). (9)

At each denoising step, zc is concatenated with the latent
representation and fed into the denoising U-Net ϵθ, which
predicts the noise:

ϵ̂ = ϵθ(zt, t | zc). (10)

The reverse transition from zt to zt−1 is modeled as:

pθ(zt−1 | zt, zc) = N
(
zt−1; µθ(zt, t, zc), σ

2
t I
)
, (11)

where σ2
t is fixed by the noise schedule, and the mean µθ(·)

is computed from the predicted noise as:

µθ(zt, t, zc) =
1√

1− βt

(
zt −

βt√
1− ᾱt

ϵ̂

)
, (12)

which allows sampling zt−1 from pθ(zt−1 | zt, zc).
After T reverse steps, the final denoised latent ẑ0 is mapped

back to pixel space by the decoder Dec(·) to obtain the
predicted segmentation:

ypred = Dec(ẑ0). (13)

For the segmentation task, our proposed UGD-Seg is pri-
marily trained using the standard denoising objective of diffu-
sion models, denoted as the noise prediction loss Lnoise. In ad-
dition, we introduce a reconstruction loss Lseg to minimize the
discrepancy between the predicted latent ẑ0 and the ground-
truth latent z0, which further stabilizes the latent recovery
during training. The Lseg can be formulated as:

Lseg =
1

N
∥z0 − ẑ0∥22 (14)

where ∥ · ∥ denotes the ℓ2 norm.
Besides, a cosine similarity loss Lorth is used to enforce or-

thogonality between the uncertain and certain features, thereby
reducing feature interference and improving their functional
separation during uncertainty-guided diffusion. The loss is
defined as follows:

Lorth =
1

N

N∑
i=1

(
f

′(i)
uc · f

′(i)
ce

∥f
′(i)
uc ∥2 ∥f

′(i)
ce ∥2

)2

(15)

where i indexes spatial locations (or feature vectors) and N
denotes the total number of feature elements.

Therefore, the total loss is:

Ltotal = Lnoise + Lseg + Lorth (16)

IV. EXPERIMENTS

A. Datasets and metrics

The proposed UGD-Seg is evaluated by two public datasets,
consisting of ISIC2016 [16] and CVC-ClinicDB [17]. The
ISIC2016 dataset comprises 1279 dermoscopic pathology im-
ages of skin lesions. The CVC-ClinicDB colonoscopy dataset
includes 612 images for polyp segmentation tasks. To validate



TABLE I
PERFORMANCE COMPARISON WITH OTHER SOTA METHODS ON ISIC2016 AND CVC-CLINICDB.

Methods ISIC2016 CVC-ClinicDB
mIoU ↑ mDSC ↑ HD95 ↓ Prec. ↑ Recall ↑ F1 ↑ mIoU ↑ mDSC ↑ HD95 ↓ Prec. ↑ Recall ↑ F1 ↑

U-Net [1] 78.49 86.58 26.71 88.98 88.10 88.53 59.97 69.75 49.16 71.03 75.48 73.19
UNeXt [3] 81.67 88.84 17.61 90.34 90.39 90.36 62.44 69.66 36.04 71.42 73.08 72.24
Rolling-UNet [23] 82.65 89.43 15.43 90.37 91.15 90.75 69.88 77.25 31.91 76.75 83.91 80.17
TransFuse [4] 84.10 90.42 14.46 93.20 90.57 91.86 69.62 78.45 36.45 76.11 92.53 83.52
TransUNet [6] 82.28 89.73 15.05 90.74 90.86 90.80 84.30 89.36 16.98 88.43 95.39 91.77
MedSegDiffV2 [10] 78.28 86.25 21.35 90.60 87.44 88.99 82.52 89.31 11.23 92.43 89.06 90.71
Ours 84.53 91.15 14.51 92.96 90.09 91.50 86.98 91.91 17.60 89.80 93.51 91.61

the performance of our framework, we use standard med-
ical image segmentation metrics such as mean Intersection
over Union (mIoU) [24], mean Dice Score (mDSC) [25],
HD95 [26], Precision (Prec.), Recall, and F1 Score (F1).

B. Implementation Details

All experiments were conducted on NVIDIA GeForce
RTX4090D GPU. During training, all input images were
resized to 256 × 256 pixels. Data augmentation strategies
including random horizontal flipping and vertical flipping were
applied in our method. The batch size was set to 16, and
the Adam optimizer was used for model optimization with an
initial learning rate of 1×10−4. During inference, a DDIM [27]
sampler was adopted to accelerate the sampling process, with
the number of diffusion timesteps set to 50.

C. Comparison with other State-of-the-Art Methods

To comprehensively evaluate the effectiveness of the pro-
posed UGD-Seg, we compare it with several state-of-the-art
deep learning segmentation methods, including U-Net [1],
UNext [3], Rolling-UNet [23], TransUNet [6], TransFuse [4]
and MedSegDiff V2 [10].

1) Results on ISIC2016 dataset: Table I presents the quan-
titative comparison of the different methods on ISIC2016.
Benefiting from the proposed uncertainty-guided diffusion
framework, our method achieves the superior overall per-
formance, increasing the average mIoU by 3.28% and the
mDSC by 2.61% compared to the competing approaches.
In particular, UGD-Seg attains better boundary accuracy, as
reflected by its competitive HD95 score. The visual segmen-
tation result of our model is shown in Fig. 3. As illustrated,
the segmentation results produced by UGD-Seg exhibit fine-
grained boundary prediction, especially in regions with high-
uncertainty contours.

2) Results on CVC-ClinicDB: Table I shows the quantita-
tive comparison of the different methods on CVC-ClinicDB.
As shown, our method achieves the improved overall perfor-
mance in terms of mIoU and mDSC, demonstrating its gen-
eralizability across different datasets. Although some methods
perform better on specific metrics, UGD-Seg maintains a more
balanced performance across all evaluation metrics.

D. Ablation Study

We conducted extensive ablation experiments on the
ISIC2016 dataset to validate the contribution of UFDM, and

Fig. 3. Visual segmentation results on ISIC2016 of our UGD-Seg.

TABLE II
OUR ABLATION STUDY OF UGD-SEG ON THE ISIC2016. THE RESULTS
EVALUATE THE CONTRIBUTIONS OF THE UNCERTAINTY MAP AND THE

DECOUPLED CERTAIN/UNCERTAIN FEATURES.

Index Model mIoU ↑ mDSC ↑ HD95 ↓
(a) UGD-Seg 84.53 91.15 14.51
(b) w/o uncertainty map 83.93 90.65 18.2
(c) w/o uncertainty feature 17.34 27.89 83.41
(d) w/o certain feature 84.09 90.77 17.08

the results are summarized in Table II. As shown in Table II(a),
the complete UGD-Seg achieves the best overall performance.
When the uncertainty map is removed (Table II(b)), per-
formance consistently drops across all metrics, indicating
that using only a uniform feature without decoupling certain
and uncertain information is insufficient. When removing the
uncertain feature branch (Table II(c)) leads to a pronounced
degradation, since uncertain feature encodes information from
ambiguous boundary regions. Without uncertain feature, the
diffusion model lacks effective boundary guidance and tends
to produce distorted contours. In contrast, removing the certain
feature branch (Table II(d)) results in a milder performance de-
cline, suggesting that uncertain feature mainly drives boundary
refinement, whereas certain feature provides stable contextual
cues. Overall, these ablation experiments confirm that decou-



pling and jointly leveraging certain and uncertain features yield
more accurate and stable segmentation than either using a
single branch or mixing them in a unified feature space.

V. CONCLUSION

In this paper, we proposed a novel uncertainty-guided
diffusion model for biomedical image segmentation (UGD-
Seg). We adopt an evidential network to estimate uncertainty
maps of medical images, which serves as a gate to distin-
guish uncertain and certain regions. Besides, we introduce
a Multi-scale Feature Fusion Module (MFFM) which effec-
tively fuses features from different scales. In addition, by
designing an Uncertainty-gated Feature Decoupling Module
(UFDM), we can separate the fused feature into uncertain and
certain features, enabling the LDM to achieve region-aware
refinement for different regions. Experimental results on two
publicly available biomedical datasets demonstrate that UGD-
Seg consistently improves segmentation performance across
standard metrics. In particular, it achieves mIoU improvements
of 3.28% and 15.52% and mDSC improvements of 2.61% and
12.95% over the average of competing methods on ISIC2016
and CVC-ClinicDB, respectively.

In future work, we plan to investigate advanced feature
decoupling strategies to better separate uncertain and certain
representations. We also aim to jointly optimize the uncer-
tainty estimation network and the LDM, potentially improv-
ing consistency between uncertainty prediction and diffusion
guidance. Finally, we will explore more efficient diffusion
sampling strategies to achieve faster yet accurate segmentation.
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