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Abstract—Diffusion-based segmentation models have shown
strong capability in refining object boundaries through stochastic
denoising. However, they often produce fragmented or struc-
turally inconsistent predictions in anatomically constrained sce-
narios, particularly for multi-organ segmentation. In this work,
we propose StructDiffSeg, a structure-aware diffusion framework
that incorporates learnable structural priors into the diffusion
refinement process to enhance anatomical consistency.

StructDiffSeg comprises a deterministic base segmentation
branch that maintains class-wise structural priors, and a condi-
tional diffusion branch that iteratively refines noisy segmentation
masks under both image guidance and structural conditioning. A
Class-wise Structural Prior Interaction (CSPI) module captures
category-specific structural information across encoder scales,
while a Structure-Aware Affinity Fusion (SAAF) mechanism
aligns diffusion features with structural representations at the
bottleneck stage to stabilize denoising trajectories.

Unlike purely appearance-driven or boundary-focused re-
finement strategies, StructDiffSeg emphasizes global structural
coherence while preserving fine-grained segmentation accuracy.
Extensive experiments on the Synapse multi-organ and ACDC
cardiac datasets demonstrate that StructDiffSeg consistently
outperforms diffusion-based and shape-prior-based baselines in
terms of Dice score and Hausdorff distance (HD95). Qualitative
results further show that StructDiffSeg produces anatomically
plausible segmentations with reduced fragmentation and struc-
tural artifacts.

Index Terms—Diffusion models, medical image segmentation,
structural priors, structure-aware fusion, deep learning

I. INTRODUCTION

Medical image segmentation is a critical component of
computer-aided diagnosis and treatment planning, where ac-
curate delineation of anatomical structures directly impacts
clinical decision-making. Over the past decade, discriminative
deep learning models have rapidly evolved, from fully convo-
lutional architectures such as U-Net [1] to Transformer-based
models [2] and recent state-space formulations [3]. While
these architectures improve feature representation and global
context modeling, they typically formulate segmentation as a
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deterministic pixel-wise classification task. Consequently, they
lack explicit mechanisms for modeling aleatoric uncertainty
and may produce overconfident predictions in regions with
low contrast or ambiguous boundaries.

To address these limitations, denoising diffusion probabilis-
tic models [4], [5] have recently been applied to medical image
segmentation. Representative works such as MedSegDiff [6]
and Diff-UNet [7] reformulate segmentation as a conditional
generative process, where segmentation masks are progres-
sively recovered from Gaussian noise through iterative denois-
ing. This approach naturally captures pixel-wise uncertainty
and enables refinement in challenging scenarios. However,
without sufficient structural guidance, diffusion-based segmen-
tation can produce fragmented or anatomically inconsistent
predictions, a phenomenon often referred to as structural
hallucination.

Existing strategies to mitigate this issue typically rely on
implicit guidance, such as image-conditioned features, aux-
iliary boundary branches, or uncertainty-driven fusion [8].
While these methods improve local boundary accuracy, they
provide only soft constraints and are insufficient to maintain
global anatomical consistency. In contrast, prior studies on
shape priors and structural constraints—such as anatomically
constrained neural networks [9], structure-aware loss functions
[10], and prototype-based shape modeling exemplified by
SPM [11]—demonstrate that explicitly modeling anatomical
structure is essential for reliable segmentation. However, these
approaches are mostly designed for deterministic frameworks
and cannot be directly integrated into iterative diffusion-based
refinement.

Motivated by the need to reconcile stochastic refinement
with anatomical consistency, we propose StructDiffSeg, a
structure-aware diffusion framework for medical image seg-
mentation. StructDiffSeg incorporates learnable class-wise
structural priors into the conditional diffusion process, guiding
the denoising trajectory toward anatomically plausible predic-
tions. A Class-wise Structural Prior Interaction (CSPI) module
captures category-specific structural information across en-
coder scales, while a Structure-Aware Affinity Fusion (SAAF)



mechanism aligns diffusion features with structural represen-
tations at the bottleneck stage, stabilizing iterative refinement
and reducing structural artifacts.

The main contributions of this work are summarized as
follows:

• We propose a novel structure-aware diffusion framework,
StructDiffSeg, that integrates learnable anatomical priors
into diffusion-based segmentation for improved structural
consistency.

• We design the CSPI and SAAF modules to provide
multi-scale structural guidance and feature alignment,
enhancing boundary refinement while preserving global
anatomical coherence.

• Extensive experiments on cardiac and multi-organ seg-
mentation benchmarks demonstrate that StructDiffSeg
outperforms state-of-the-art discriminative and diffusion-
based methods in terms of Dice score and Hausdorff
distance (HD95), producing anatomically plausible seg-
mentations with reduced fragmentation.

II. RELATED WORK

A. Discriminative Medical Image Segmentation Networks

Deep learning-based medical image segmentation has been
predominantly driven by discriminative models formulated
as pixel-wise classification tasks. Early architectures such as
U-Net [1] and its variants established the encoder–decoder
paradigm with skip connections, achieving strong performance
by effectively capturing local texture and boundary informa-
tion. Subsequent extensions, including ResUNet [12] and nnU-
Net [13], further improved robustness through architectural
optimization and data-driven training strategies.

To address the limited receptive field of convolutional net-
works, Transformer-based models have been introduced into
medical image segmentation. Representative works such as
TransUNet [14] and Swin-UNet [15] leverage self-attention
mechanisms to capture long-range dependencies and global
contextual information. More recently, hybrid architectures
and state-space models, exemplified by UNETR++ [16] and
VM-UNet [17], aim to balance computational efficiency with
global modeling capability.

Despite these advances, discriminative segmentation models
remain inherently deterministic and are optimized with pixel-
wise supervision. Such formulations lack explicit modeling
of predictive uncertainty and often rely heavily on local
appearance cues. As a result, they may produce overconfident
predictions and exhibit structural inconsistencies in challeng-
ing regions, such as low-contrast boundaries or heterogeneous
tissues.

B. Diffusion-Based Generative Segmentation Models

Denoising diffusion probabilistic models have recently
emerged as a powerful generative framework and have been
extended to medical image segmentation to address the limita-
tions of deterministic approaches. MedSegDiff [6] pioneered
this direction by reformulating segmentation as a conditional

diffusion process, enabling iterative refinement of segmenta-
tion masks from noise and providing a natural mechanism for
uncertainty modeling. Subsequent works, such as MedSegDiff-
V2 [18], further improved stability by incorporating anchor-
based conditioning and frequency-domain constraints.

Diff-UNet [7] proposed a hybrid architecture that integrates
diffusion models with U-Net-style backbones and introduces
uncertainty-guided feature fusion, demonstrating improved
robustness in volumetric segmentation tasks. Other studies
explored alternative formulations tailored to segmentation,
including Bernoulli diffusion for binary masks [19] and hybrid
discriminative–generative frameworks such as HiDiff [20].

Although diffusion-based approaches provide a flexible
framework for uncertainty-aware refinement and improved
boundary delineation, their generative nature also introduces
new challenges. In particular, the stochastic sampling pro-
cess lacks explicit structural constraints, making it difficult
to maintain anatomically consistent predictions throughout
iterative denoising. Existing methods predominantly rely on
appearance-driven conditioning or implicit guidance, which
is insufficient to enforce global structural coherence. Conse-
quently, diffusion-based segmentation models may generate
fragmented regions or anatomically implausible structures,
limiting their reliability in clinical applications.

C. Shape Priors and Structural Constraints

Incorporating anatomical priors has long been recognized as
an effective strategy for improving the reliability of medical
image segmentation. Classical approaches, including atlas-
based methods [21] and statistical shape models [22], impose
global constraints on segmentation outcomes but are often
computationally expensive and sensitive to inter-patient vari-
ability.

With the advancement of deep learning, structural priors
have been integrated into neural networks through structure-
aware loss functions, constraint-based optimization, and auxil-
iary regularization strategies. Anatomically Constrained Neu-
ral Networks [9] introduced explicit anatomical constraints
into segmentation pipelines, improving the plausibility of pre-
dicted structures. Constraint-based formulations [23] further
enabled weakly supervised learning with structural regular-
ization. More recently, prototype-based approaches, such as
Shape Prior Modules [11], learn global anatomical represen-
tations through adaptive prototype modeling, demonstrating
strong capability in enforcing structural consistency.

Despite their effectiveness, these approaches are primarily
designed for deterministic, single-pass inference. As such, they
lack mechanisms for iterative refinement and cannot naturally
accommodate stochastic generative processes. This limitation
makes it challenging to directly integrate these structural priors
into diffusion-based segmentation frameworks.

D. Diffusion Models with Structural Guidance

Recent studies [24]–[26] have begun exploring the incor-
poration of structural cues into diffusion-based segmentation.



Fig. 1. Overview of the proposed StructDiffSeg framework. (a) Training phase: the CSPI branch produces a base segmentation and multi-scale structural
embeddings, while the diffusion branch takes noisy masks as input and performs conditional denoising under image and structural guidance. The two branches
interact in the encoder via shallow concatenation and bottleneck alignment using the Structure-Aware Affinity Fusion (SAAF) module. (b) Inference phase:
the diffusion model iteratively refines predictions through DDIM sampling, and the Logit Accumulation and Averaging (LAA) module aggregates multi-step
outputs. The final segmentation is obtained by combining the CSPI prediction and the refined diffusion output.

Existing approaches typically introduce boundary-aware con-
straints, feature conditioning, or uncertainty-guided refinement
to stabilize the denoising process. While these strategies im-
prove local accuracy and reduce noise-induced artifacts, they
predominantly rely on implicit or appearance-driven guidance.

Such designs lack explicit modeling of global anatomical
structure and do not provide a persistent structural representa-
tion throughout the diffusion trajectory. Consequently, struc-
tural information cannot be consistently propagated across
denoising steps, limiting their ability to enforce anatomically
coherent predictions.

To address these limitations, we propose StructDiffSeg,
which explicitly integrates learnable class-wise structural pri-
ors into the diffusion process. By modeling structural represen-
tations across multiple feature scales and aligning them with
diffusion features during denoising, the proposed framework
enables consistent structural guidance throughout iterative
refinement, thereby improving both segmentation accuracy and

anatomical coherence.

III. METHOD

A. Overview

As shown in Fig. 1, StructDiffSeg is a structure-aware con-
ditional diffusion framework for medical image segmentation.
The model consists of two tightly coupled branches:

(i) a base segmentation branch (CSPI branch) that generates
structurally stable multi-scale embeddings and an auxiliary
segmentation prediction; and

(ii) a conditional denoising refinement branch (diffusion
branch) that iteratively refines noisy segmentation masks under
both image guidance and structural prior conditioning.

Structural priors produced by the CSPI branch provide
class-wise anatomical information that guides the diffu-
sion refinement process, enabling anatomically consistent up-
dates throughout the iterative denoising. The two branches
interact in the encoder: shallow stages adopt lightweight



concatenation-based fusion, while the bottleneck stage aligns
features via a Structure-Aware Affinity Fusion (SAAF) module.

The final segmentation output is obtained by summing the
refined diffusion logits from the Logit Accumulation and Av-
eraging (LAA) module—which aggregates predictions across
all S DDIM reverse sampling steps—with the auxiliary CSPI
prediction. This design ensures both boundary refinement and
global structural consistency.

B. Conditional Denoising Refinement Branch

We model the diffusion refinement as a conditional iterative
denoising process in the segmentation space. Let the input
image be I ∈ RC×H×W and the ground-truth segmentation
be x0 ∈ {0, . . . , C − 1}H×W . At forward diffusion step t, a
noisy mask xt is generated as

xt =
√
ᾱtx0 +

√
1− ᾱtϵ, ϵ ∼ N (0, I), (1)

where ᾱt =
∏t

i=1(1− βi) and βi is the noise schedule [4].
The conditional denoiser fθ predicts the refined segmenta-

tion
x̂t−1 = fθ(xt, I, E , t), (2)

where E denotes the multi-scale structural embeddings from
the CSPI branch, providing class-wise anatomical guidance.
This corresponds to a structure-conditioned reverse process

pθ(xt−1|xt, I, E). (3)

To accelerate inference, we adopt DDIM-style sampling
with S reverse steps. Let {x̂(s)}Ss=1 denote the sequence of
intermediate predictions across sampling steps s. The Logit
Accumulation and Averaging (LAA) aggregates these predic-
tions:

x̂refine =
1

S

S∑
s=1

x̂(s). (4)

Finally, the refined diffusion output is fused with the CSPI
prediction via residual summation:

x̂o = x̂base + x̂refine, (5)

where x̂base is the auxiliary CSPI prediction. The final seg-
mentation map is obtained by taking argmax over classes.

C. CSPI Branch and Multi-scale Conditioning with Encoder
Interaction

The CSPI branch is a deterministic encoder-decoder seg-
mentation network that generates two key outputs: (i) an
auxiliary segmentation prediction x̂base, and (ii) a set of multi-
scale structural embeddings E = {e(i)}, which serve as class-
wise anatomical conditioning for the diffusion branch.

Its core design maintains a hierarchical class-wise structural
prior S = {S(i)} across encoder scales, refined through inter-
class interaction and spatial feature feedback, providing stable
structural guidance for iterative denoising.

At each encoder scale i, the CSPI branch performs:
1) Class-wise Structural Context. A class-specific latent

prior S(i) ∈ RC×d is maintained, where C is the number

of classes and d is a scale-invariant embedding dimen-
sion. S(i) is either a learnable parameter or initialized
from the previous scale.

2) Class-wise Interaction via Self-Attention. Multi-head
Self-Attention (MSA) operates along the class dimen-
sion:

S̃(i) = MSA(LN(S(i))) + S(i), (6)

where LN denotes Layer Normalization. This allows the
prior to adaptively exchange information across classes.

3) Spatial Injection. Encoder feature F (i) ∈ RCi×Hi×Wi

is flattened along spatial dimensions: F (i)
flat ∈ RCi×N ,

with N = HiWi. The refined prior S̃(i) is projected
and interpolated to the spatial resolution, yielding S̃(i)

up ∈
RC×Hi×Wi , then flattened to S̃(i)

flat ∈ RC×N .
Channel-to-class affinities are computed:

A(i) = Softmax
(F (i)

flat · (S̃
(i)
flat )

⊤
√
C

)
∈ RCi×C , (7)

and structural context is injected:

F̃ (i) = F (i) +A(i) · S̃(i)
up . (8)

4) Residual Prior Refinement. Spatially enhanced fea-
tures F̃ (i) are projected back to update the prior via
a lightweight residual block ψ(i)

update(·):

Ŝ(i) = ψ
(i)
update(F̃

(i)), (9)

∆S(i) = Reshape(Ŝ(i)), (10)

S(i+1) = S̃(i) +∆S(i). (11)

This bidirectional loop ensures that the prior guides spatial
features while spatial evidence refines the prior.

D. Encoder Interaction: Shallow Fusion and Bottleneck SAAF

To incorporate multi-scale structural priors into the diffusion
branch, we introduce two fusion mechanisms:

1) Shallow Fusion. At early encoder stages, the diffusion
feature x(i) is concatenated with the CSPI embedding
e(i) and projected via 1× 1 convolution:

x(i) ← ϕi(Concat(x
(i), e(i))), (12)

where ϕi(·) denotes channel projection. This provides
lightweight conditioning for shallow layers.

2) Bottleneck Fusion via Structure-Aware Affinity Fu-
sion (SAAF). At the low-resolution bottleneck, simple
concatenation may cause misalignment between the dif-
fusion feature x ∈ RC×h×w and the CSPI bottleneck
embedding e ∈ RC×h×w. To explicitly propagate struc-
tural cues, we introduce the SAAF module, which aligns
the diffusion feature with the CSPI feature through an
affinity-based mechanism.Flattening the spatial dimen-
sions (N = h · w) gives X,E ∈ RC×N . We compute
channel-wise affinities and normalize via softmax:

α = ∥E∥22 ∈ RN×1, (13)



M = E⊤X ∈ RN×N , (14)

Aff =
2M − α√

C
, (15)

A = Softmax(Aff) ∈ RN×N , (16)

X̃ = EA ∈ RC×N . (17)

Finally, X̃ is reshaped back to x̃ ∈ RC×h×w and used as
the bottleneck feature for the diffusion decoder. SAAF
explicitly propagates class-wise structural information
from CSPI to the diffusion bottleneck, stabilizing the
iterative denoising process while maintaining practical
computational cost.

E. Uncertainty-Rectified Learning

StructDiffSeg leverages diffusion stochasticity to estimate
pixel-wise uncertainty and reweight the training loss. Given
the diffusion prediction logits, we compute the pixel-wise
uncertainty map U ∈ [0, 1]H×W as the Shannon entropy of the
predicted class probabilities and apply a schedule-controlled
reweighting:

w = 1 + s(e) · U, (18)

s(e) = 1− exp
(
− 10

(
e
E

)2)
, (19)

where e and E denote the current and total training epochs,
respectively. The diffusion-branch loss is defined as:

Ldiff = λce ·E[w ⊙ ℓCE(x̂refine, xo)]+λdice · ℓDice(x̂refine, xo)
(20)

The CSPI branch is supervised by the same CE+Dice loss
without uncertainty weighting:

Lcspi = λce · ℓCE(x̂base, xo) + λdice · ℓDice(x̂base, xo) (21)

The overall objective is:

L = Ldiff + Lcspi (22)

IV. EXPERIMENTS

A. Experimental Setup

Datasets. We evaluate the proposed StructDiffSeg frame-
work on two widely used medical image segmentation bench-
marks: ACDC and Synapse.

The ACDC (Automated Cardiac Diagnosis Challenge)
dataset contains 100 cardiac MRI scans with annotations for
three anatomically important structures: the left ventricle (LV),
right ventricle (RV), and myocardium (Myo). The dataset ex-
hibits large inter-subject anatomical variability and inter-slice
inconsistency, making it suitable for evaluating robustness and
anatomical consistency.

The Synapse Multi-organ Segmentation dataset consists of
30 abdominal CT scans with pixel-wise annotations for eight
organs. Due to low soft-tissue contrast and complex spa-
tial relationships among organs, Synapse presents significant

challenges for maintaining anatomical coherence and accurate
boundary delineation.

Evaluation metrics. Following common practice, segmen-
tation performance is evaluated using the Dice similarity
coefficient (DSC) and the 95% Hausdorff Distance (HD95).
DSC measures the volumetric overlap between predictions
and ground truth, while HD95 evaluates the boundary dis-
tance between segmentation results and reference annotations.
Higher DSC and lower HD95 indicate better segmentation
performance.

Implementation details. All experiments are implemented
in PyTorch and conducted on a NVIDIA GeForce RTX4090
GPU. Input images are resized to 256× 256.

The diffusion model is trained with T = 1000 forward
diffusion steps under a standard Gaussian noise schedule.
During inference, DDIM sampling is adopted to accelerate
reverse diffusion, reducing the number of sampling steps to
10 while maintaining comparable performance.

For uncertainty-rectified learning (URL), the weighting fac-
tor is progressively increased during training, allowing the
model to focus more on uncertain and hard-to-segment regions
in later stages, thereby stabilizing the diffusion refinement
process.

B. Quantitative Results

Results on Synapse. As reported in Table I, StructDiffSeg
consistently outperforms both discriminative and diffusion-
based baselines across most organs on the Synapse dataset.
In particular, it achieves the highest average Dice score
and the lowest average HD95 among all compared methods,
demonstrating its effectiveness in improving both volumetric
accuracy and boundary precision.

Compared with diffusion-based methods such as Diff-
UNet and MedSegDiff-V2, StructDiffSeg exhibits more stable
segmentation performance, especially on anatomically chal-
lenging organs. This improvement can be attributed to the
incorporation of class-wise structural priors and structure-
aware feature alignment, which guide the denoising process
toward anatomically consistent predictions.

Notably, StructDiffSeg shows clear gains on organs with
weak boundaries and complex morphology, such as the
pancreas (PC) and spleen (SP). These results indicate that
introducing explicit structural conditioning helps suppress
fragmented regions and improves robustness in ambiguous
areas, where purely appearance-driven diffusion models often
struggle.

Results on ACDC. Quantitative comparisons on the ACDC
dataset are summarized in Table II. StructDiffSeg achieves the
highest average Dice score across the three cardiac structures
(RV, Myo, and LV), outperforming both state-of-the-art dis-
criminative models and recent diffusion-based approaches.

Compared with diffusion-based baselines such as Diff-
UNet, StructDiffSeg yields more consistent improvements,
particularly on the myocardium (Myo), which is known to
exhibit complex geometry and ambiguous boundaries. This
improvement demonstrates the effectiveness of incorporating



TABLE I
QUANTITATIVE COMPARISON ON THE SYNAPSE MULTI-ORGAN DATASET. THE BEST RESULTS ARE IN BOLD. DICE↑ IS HIGHER BETTER AND HD95↓ IS

LOWER BETTER. ABBREVIATIONS: GB, GALLBLADDER; KL/KR, LEFT/RIGHT KIDNEY; PC, PANCREAS; SP, SPLEEN; SM, STOMACH.

Method Avg. Dice↑ Avg. HD95↓ Aorta GB KL KR Liver PC SP SM

U-Net [1] 76.85 39.70 89.07 69.72 77.77 68.60 93.43 53.98 86.67 75.58
Att-UNet [27] 77.77 36.02 89.55 68.88 77.98 71.11 93.57 58.04 87.30 75.75
ViT [2] 71.29 32.87 73.73 55.13 75.80 72.20 91.51 45.99 81.99 73.95
TransUnet [14] 77.48 31.69 87.23 63.13 81.87 77.02 94.08 55.86 85.08 75.62
DiffEnsemble [8] 74.22 30.11 86.78 51.94 84.60 76.32 92.60 46.07 86.74 68.69
MedSegDiff-V2 [18] 78.16 28.06 87.35 68.80 82.3 79.21 93.93 56.31 87.87 69.55
SPMNet [11] 76.84 34.47 86.21 67.03 82.00 73.70 92.16 55.66 85.60 72.35
Diff-UNet [7] 76.96 24.57 87.45 67.08 79.55 72.01 93.55 55.09 88.32 72.63
StructDiffSeg(Ours) 79.08 23.50 89.10 68.87 83.44 76.16 94.77 60.41 90.26 69.63

Fig. 2. Qualitative comparison on the Synapse multi-organ dataset. From left to right: Raw Image, SPMNet, Diff-UNet, StructDiffSeg, and Ground Truth.
StructDiffSeg better preserves organ boundaries and reduces fragmented and spurious predictions, leading to more anatomically consistent segmentation results.

TABLE II
QUANTITATIVE COMPARISON ON THE ACDC DATASET. THE BEST

RESULTS ARE IN BOLD.

Method Avg. Dice↑ Avg. HD95↓ RV Myo LV

U-Net [1] 87.55 – 87.10 80.63 94.92
Att-UNet [27] 86.75 – 87.58 79.20 93.47
ViT [2] 87.57 – 86.07 81.88 94.75
TransUNet [14] 89.71 – 88.86 84.53 95.73
Swin-Unet [15] 90.00 – 88.55 85.62 95.83
DTBNet [28] 90.03 – 88.96 84.93 96.21
SPMNet [11] 90.71 1.91 89.61 88.92 93.61
Diff-UNet [7] 90.06 1.28 87.22 89.33 93.62
StructDiffSeg(Ours) 90.77 1.27 87.88 89.92 94.51

class-wise structural priors and structure-aware feature align-
ment in guiding the diffusion refinement process.

In terms of boundary accuracy, StructDiffSeg achieves
competitive HD95 performance, indicating that the proposed
method improves boundary smoothness without degrading

anatomical consistency. Furthermore, the results suggest that
structural conditioning effectively reduces fragmented regions
and stabilizes predictions in challenging cardiac structures.

We further evaluate statistical significance using the
Wilcoxon signed-rank test against Diff-UNet. The improve-
ments in Dice are statistically significant on both datasets
(p = 0.0269 for Synapse and p = 0.0019 for ACDC), while
the differences in HD95 are not statistically significant.

C. Computational Efficiency

We further evaluate the computational efficiency of Struct-
DiffSeg on the Synapse dataset, as summarized in Table III.

Compared with diffusion-based baseline Diff-UNet, Struct-
DiffSeg exhibits comparable training and inference time, while
maintaining a similar level of computational complexity in
terms of FLOPs. Although StructDiffSeg introduces addi-
tional parameters due to the structural prior modeling and
feature alignment modules, the overall computational overhead



Fig. 3. Qualitative comparison on the ACDC dataset. From left to right: Raw Image, SPMNet, Diff-UNet, StructDiffSeg, and Ground Truth. StructDiffSeg
produces more anatomically consistent cardiac structures with reduced fragmented regions and improved boundary delineation.

TABLE III
COMPUTATIONAL EFFICIENCY COMPARISON ON THE SYNAPSE DATASET.

THE BEST RESULTS ARE IN BOLD.

Method Training Time (h) Inference Time (s) Params (M) FLOPs (G)

Diff-UNet [7] 3.09 0.90 22.09 145.36
SPMNet [11] 2.42 0.77 17.94 51.98
StructDiffSeg (Ours) 3.22 0.83 25.00 143.03

remains moderate. Compared with SPMNet, StructDiffSeg
requires higher computational cost, which is expected since
diffusion-based refinement involves iterative denoising steps.
However, the improved segmentation accuracy and structural
consistency justify the additional computation. These results
demonstrate that StructDiffSeg achieves a favorable trade-off
between performance and efficiency, making it practical for
medical image segmentation tasks.

D. Ablation Study

Component-wise analysis. To validate the contribution
of each proposed component, we conduct a comprehensive
ablation study on both datasets, as shown in Table IV.

Starting from the diffusion baseline, introducing the Class-
wise Structural Prior Interaction module (+CSPI) leads to
consistent improvements in both Dice and HD95, indicating
that explicit structural priors help constrain the solution space
and improve anatomical consistency.

Further incorporating the Structure-Aware Affinity Fusion
module (+SAAF) yields additional performance gains, partic-
ularly in HD95. This suggests that aligning structural priors
with diffusion features at the bottleneck is crucial for stabiliz-
ing the denoising process and reducing fragmented predictions.

Finally, with uncertainty-rectified learning (+URL), the full
StructDiffSeg model achieves the best overall performance
on both Synapse and ACDC. The improvement in HD95 is

TABLE IV
ABLATION STUDY OF KEY COMPONENTS ON SYNAPSE AND ACDC. THE

BEST RESULTS ARE IN BOLD.

Model Synapse Dice↑ Synapse HD95↓ ACDC Dice↑ ACDC HD95↓

Diff-UNet (Baseline) 76.96 24.57 90.06 1.28
+CSPI 78.07 24.04 90.49 1.65
+SAAF 78.69 23.85 90.68 1.36
+URL (Ours) 79.08 23.50 90.77 1.27

especially pronounced, demonstrating that dynamically em-
phasizing high-uncertainty regions enables better refinement
of ambiguous boundaries.

E. Qualitative Results

Visual comparison. Qualitative comparisons are presented
in Fig. 2 and Fig. 3.

As observed, diffusion-based baselines (e.g., Diff-UNet)
tend to produce fragmented regions and small isolated arti-
facts, particularly in areas with low contrast or ambiguous
boundaries. In contrast, discriminative methods with shape
priors generate more globally coherent structures, but often
suffer from over-smoothed boundaries and loss of fine details.

Compared with these approaches, StructDiffSeg achieves
more stable and visually consistent segmentation results. The
predicted masks exhibit coherent anatomical structures while
preserving sharper boundaries. Fragmented regions and spuri-
ous predictions are effectively reduced, especially in challeng-
ing regions such as thin or low-contrast structures.

These improvements can be attributed to the integration of
class-wise structural priors and structure-aware feature align-
ment, which guide the diffusion process toward anatomically
consistent solutions. Overall, the qualitative results demon-
strate that StructDiffSeg provides a better balance between
global structural coherence and local boundary accuracy.



V. CONCLUSION

This paper presents StructDiffSeg, a structure-aware con-
ditional diffusion framework for medical image segmentation,
which explicitly incorporates anatomical priors into the dif-
fusion refinement process. By integrating class-wise struc-
tural prior interaction and structure-aware affinity fusion, the
proposed method effectively stabilizes stochastic denoising
and reduces fragmented and spurious predictions commonly
observed in diffusion-based segmentation models.

The proposed design introduces only moderate computa-
tional overhead, as structural alignment is performed at the
bottleneck stage without additional heavy projection modules.
Extensive experiments on the Synapse and ACDC datasets
demonstrate that StructDiffSeg consistently improves segmen-
tation accuracy and boundary delineation, achieving superior
Dice scores and competitive HD95 compared with both dis-
criminative and diffusion-based baselines.

These results suggest that incorporating explicit structural
conditioning into diffusion models is a promising direction for
achieving anatomically consistent and robust medical image
segmentation.

In future work, we plan to extend this framework to
more diverse datasets and explore more advanced conditioning
strategies for improving efficiency and generalization.
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