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Abstract—Accurate skin lesion segmentation is crucial
for early melanoma detection and reliable medical diagno-
sis. Recently, such generative diffusion-based segmentation
models have achieved state-of-the-art performance in this
task. However, their large number of parameters hinders
the deployment in real-world clinical and mobile settings.
A Kkey challenge is how to compress these models while
preserving their reliability in diagnosis. To this end, we
propose an edge-focused knowledge distillation (EFKD)
strategy for the generative diffusion-based skin lesion
segmentation, prioritizing contour information transfer
from teacher to student. Accordingly, we introduce LiteD-
ermoSegDiff, a lightweight diffusion-based lesion segmen-
tation model that integrates knowledge distillation with
boundary-aware supervision. This design ensures that the
student network maintains sharp lesion boundaries while
significantly reducing model parameters. Extensive exper-
iments on the common ISIC2018 and HAM10000 dermo-
scopic benchmarks demonstrate that our method achieves
up to 88.9% parameter reduction while maintaining com-
petitive segmentation accuracy. These results show that
diffusion-based segmentation models can be substantially
compressed without compromising boundary awareness,
paving the way for efficient and clinically deployable
solutions in resource-constrained environments. Code can
be found at |https://github.com/hoangdv05/EFKD,

Index Terms—Medical image segmentation, SKkin lesion
segmentation, Diffusion-based model, Knowledge distilla-
tion

I. INTRODUCTION

Early detection of skin lesions is crucial for improv-
ing patient outcomes, as timely treatment significantly
increases survival rates, particularly for aggressive cases
such as melanoma [1]]. However, delayed or inaccurate
diagnosis often leads to reduced effectiveness of thera-
pies. Manual examination and delineation performed by
dermatologists is labor-intensive, time-consuming, and
subject to inter-observer variability. With the prevalence
of skin conditions steadily rising worldwide, there is an
urgent demand for automated, reliable, and scalable di-
agnostic tools that can support clinical decision-making.

Automated skin lesion segmentation plays a central
role in this direction, as accurate boundary delineation is
essential for downstream diagnostic tasks, such as mea-
suring asymmetry, border irregularity, and lesion size
[2]. Traditional CNN-based architectures like U-Net [3]]

and DeepLabv3+ [4], as well as vision transformer-
based models [5]], [[6]], have demonstrated strong perfor-
mance on dermoscopic datasets [7], [[8]. Nevertheless,
these models often struggle to capture subtle lesion
boundaries, leading to reduced diagnostic reliability
[O1, [10]. Furthermore, their high computational cost
hinders deployment in resource-constrained healthcare
scenarios such as mobile or edge devices [11].

Recently, Denoising Diffusion Probabilistic Models
(DDPMs) [12] have emerged as powerful generative
models [13]], [14]. By progressively refining noisy in-
puts through iterative denoising, DDPMs can model
complex distributions and produce high-quality, diverse
outputs. In medical imaging, their uncertainty estima-
tion capability is especially valuable where ambiguous
or blurred lesion boundaries exist, even among expert
annotators [[15]. Diffusion-based segmentation methods
such as MedSegDiff [16] and its variants [17], [18]
have demonstrated impressive fidelity but remain com-
putationally heavy, making real-time clinical application
challenging [[19].

To address efficiency concerns, Knowledge Distil-
lation (KD) [20], [21] has been explored as a model
compression technique. KD enables a compact student
model to approximate the performance of a larger
teacher by transferring representational knowledge, of-
ten yielding significant reductions in parameters. In
medical imaging, KD has been applied to domains
such as brain tumor segmentation [22] and retinal
vessel analysis [23]]. However, most existing approaches
primarily optimize global accuracy metrics without
explicitly preserving boundary fidelity. This limitation
is problematic for lesion analysis, as precise edge
delineation is a cornerstone of trustworthy diagnostic
outcomes [24], [25].

Lately, DermoSegDiff [26] introduced a dual-
branch diffusion architecture for skin lesion segmen-
tation, achieving state-of-the-art results by leveraging a
boundary-aware loss. While highly effective in localiz-
ing lesion boundaries, its large parameter count (81M)
severely limits practicality in mobile and telemedicine
applications [27]], [28]. This raises the challenge of
how to compress diffusion-based models while re-
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taining their generative strengths and boundary sen-
sitivity—two factors critical for clinically deployable
solutions. Notably, DermoSegDiff [26] is not only a
segmentation network but also a generative model,
where its diffusion-based formulation enables richer
data representation and synthesis capabilities beyond
conventional discriminative segmentation frameworks.

To overcome these challenges, we make the following
contributions:

1) Edge-Focused Knowledge Distillation (EFKD):
we propose a novel distillation strategy for
diffusion-based models that prioritizes lesion
boundary pixels during teacher—student knowl-
edge transfer, allowing the student to produce
well-defined and accurate edges;

2) LiteDermoSegDiff: As a result, we introduce
LiteDermoSegDiff, a compact variant of Der-
moSegDiff. By inheriting generative strengths
from the teacher while leveraging edge-focused
distillation, the student achieves sharp lesion de-
lineation with far fewer parameters;

3) Comprehensive evaluation: experiments on
ISIC2018 [29] and HAM10000 [30] confirm that
LiteDermoSegDiff achieves comparable segmen-
tation accuracy to DermoSegDiff with up to
88.9% fewer parameters.

The rest of the paper is organized as follows. Sec-
tion [ reviews related work on diffusion models and
knowledge distillation for medical imaging. Section
presents the proposed EFKD framework and LiteDer-
moSegDiff. Section [[V] details the experimental setup
and results, followed by ablation studies in Section E
Finally, Section [V]] concludes the paper.

II. RELATED WORK

Skin Lesion Segmentation. Research in skin lesion
segmentation has made significant progress with the
introduction of U-Net [3], which became the stan-
dard for medical image segmentation owing to its
encoder—decoder design with skip connections. Subse-
quent extensions, such as U-Net++ [[31]] and Attention
U-Net [32], further enhanced feature representation and
boundary delineation. Recent advances have introduced
transformer-based approaches for skin lesion analysis.
Vision Transformers (ViTs) [5] have been adapted for
medical segmentation through architectures like Tran-
sUNet [6] and Swin-UNet [9], which leverage self-
attention mechanisms to capture global context

Diffusion Models for Medical Imaging. Denoising
Diffusion Probabilistic Models (DDPMs), introduced by
Ho et al. [[12], have revolutionized generative modeling
by learning to reverse a noise addition process. These
models achieve superior image quality compared to
GANs while providing stable training dynamics. The

adaptation of diffusion models to medical image seg-
mentation represents a recent paradigm shift, treating
segmentation as a conditional generation problem, over-
coming the problem of inductive bias in the discrimi-
native problem.

MedSegDiff [16] pioneered the application of dif-
fusion models to medical segmentation, demonstrat-
ing competitive performance with traditional CNN ap-
proaches while providing enhanced boundary quality.
MedSegDiff-V2 [17] further extends this approach by
employing a conditional U-Net, enabling better in-
teraction between noise and semantic features. Der-
moSegDiff [26]], the foundation of our work, specifi-
cally addresses skin lesion segmentation by incorporat-
ing boundary-aware training mechanisms and achiev-
ing state-of-the-art results on dermatological datasets.
Knowledge Distillation. Originally proposed by Hinton
et al. [20]], this technique enables the transfer of knowl-
edge from large teacher models to compact student
networks through soft target guidance. The original
framework was developed for classification tasks, using
temperature-scaled softmax outputs to transfer “dark
knowledge” from teacher to student.

Subsequent research has extended knowledge distil-
lation to semantic segmentation. Structured knowledge
distillation [33]] treats segmentation as a structured
prediction problem, employing feature alignment and
adversarial learning. Channel-wise distillation [34]] em-
phasizes transferring information through key feature
channels, while attention transfer [35] leverages spa-
tial attention maps. More recently, Boundary-Privileged
Knowledge Distillation (BPKD) [36] explicitly sep-
arates edge and body knowledge for more effective
transfer. In medical imaging, KD has been applied to
tasks such as brain tumor segmentation [22] and reti-
nal vessel analysis [23]]. However, these works largely
adapt general KD frameworks rather than designing
approaches tailored to the unique challenges of medical
segmentation, such as boundary ambiguity and clinical
reliability.

Despite the rapid progress of diffusion models,
knowledge distillation for diffusion-based lesion seg-
mentation remains largely unexplored. Progressive dis-
tillation [37] has been proposed to reduce sampling
steps in diffusion models, but it primarily focuses on
inference acceleration rather than model compression.
To the best of our knowledge, no prior work has
systematically investigated knowledge distillation for
diffusion-based medical image segmentation, especially
considering the region-specific importance of bound-
aries in clinical applications.
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Fig. 2: Overall architecture of DermoSegDiff [26]
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III. PROPOSED METHOD

A. Teacher-Student Framework

Our framework follows a teacher—student paradigm
where knowledge is transferred from a large, accurate
teacher to a lightweight student model (Fig. [T). Both
networks are trained to predict the added noise in the
forward diffusion process given an input dermoscopic
image ¢ and a noisy mask z;. The teacher provides
reliable prediction signals that act as learning guidance
for the student, ensuring that the compact model inherits
the structural priors of the full architecture.

B. Teacher: DermoSegDiff

We employ DermoSegDiff [26], a diffusion-based
generative lesion segmentator with a boundary-aware
design, as the teacher model. In this setup, segmentation
is posed as a conditional generation problem: starting
from a noisy mask, the model progressively denoises it
using the dermoscopic image g as conditional input.

A distinctive element of DermoSegDiff [20] is its

boundary-aware mechanism. Instead of treating all pix-
els equally, the method introduces a distance-based
attention map that places stronger constraints on pixels
near lesion contours. This boundary-aware loss is given
by Eq. [T] below:
LM
where Wg assigns weights to pixels based on their
proximity to lesion borders. This design enhances the
model in capturing fine lesion morphology and produc-
ing sharper contour predictions.

Ly =14+ aWg) He - 69($t7gat)|

C. Student Design

The student network S is obtained by simplifying the
U-Net-like architecture of the teacher. Specifically, we
reduce the number of stages and restrict the maximum
channel width to create a more compact variant. This
design is chosen to balance efficiency and representa-
tional capacity, making the student lightweight while
still capable of capturing essential lesion features.

D. Knowledge Distillation Strategies

1) General Distillation: A common approach to
knowledge distillation is to enforce a global alignment
between teacher and student predictions as in Eq. [2}

Lxp = ||és — ér]2. )

This uniform loss distributes the learning progress
equally across all pixels. While simple, it often results
in blurred contours and a lack of fine-grained detail
along lesion boundaries. To mitigate this, prior meth-
ods such as BPKD [36] introduce pre- and post-mask
filtering that emphasize edges and suppress irrelevant
signals. These techniques are effective in multi-class



segmentation, where multiple object categories and their
respective boundaries must be modeled. However, in
binary lesion segmentation the situation is different:
only a single foreground-background contour exists,
making class-wise boundary modeling less meaningful.
This limitation motivates the need for a boundary-
preserving distillation strategy tailored to the binary
mask setting.

2) Edge-Focused Distillation (EFKD): To explicitly
preserve fine lesion boundaries, we introduce Edge-
Focused Knowledge Distillation (EFKD). At each
diffusion step, both the teacher 7 and the student S
predict the noise, as shown in Eq. [3}

és = S(a1, 9,1). 3

Instead of applying the same constraint to the entire
lesion area, EFKD separates it into edge and body
regions. This separation is done using the distance-
aware weight Wg from the teacher as in Eq. [I] A
threshold r is then applied as the following Eq. i

éT = T(xtvgat)a

. 1, We >r, . .
Mc(i,5) = . Myp(i,5) =1 — M(i,5).
(,7) {O, otherwise, (i 7) (i, 7)
4

Here, M, marks the edge pixels and M; marks
the body pixels. Smaller thresholds r yield thinner
edge bands focused on sharp boundary details, while
larger r values expand the edge region to capture more
contextual information.

The corresponding objectives are then formulated
separately for each region. The edge-focused distillation
loss in Eq. [§]is given by:

1 con 1 a6) AGig
Lage = 37 2 Meliod) 1657 =67, )
e Z,]
while the body-focused objective in Eq. [f] is:
1 N | (4,7
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0,J

Formally, |M,| and |M,| denote the number of pixels
in the edge and body regions, respectively. Dividing
by these factors normalizes the loss, ensuring balanced
contributions from both regions.

Finally, the overall EFKD loss combines these two
components, as expressed in Eq.

LErkD = AeLedge + AbLoodys @)
where A\, and )\, balance the trade-off between sharp
boundary preservation and stable interior learning.

IV. EXPERIMENTAL RESULTS
A. Implementation Details

Our method is implemented in PyTorch (v1.14.0)
and trained on a single NVIDIA RTX A4000 GPU.

We adopt a diffusion process with 7" = 250 steps and
linearly increasing variances from Sy,x = 0.0004 to
Bend = 0.08. Training runs for 2,000 epochs with batch
size 16 using Adam optimizer at an initial learning rate
of 2 x 10™*, reduced by a factor of 0.5 when there is
no improvement in the last 10 epochs. The edge, body
loss weights are set as A\, = 5 and )\, = 2, following
weighting strategy from BPKD [36]]. Edge and body
regions are separated with a threshold of 7 = 0.6.
We augment data via Albumentations, including affine
transforms, flipping, coarse dropout and additional in-
tensity/geometric perturbations. At inference, nine seg-
mentation masks are sampled per test image, averaged,
and thresholded at 0 to produce the final prediction.

B. Datasets

To evaluate the proposed method, we use two
publicly available skin lesion segmentation datasets:
ISIC2018 [29] and HAM10000 [30]]. ISIC2018 con-
tains 2, 594 dermoscopic images with pixel-level anno-
tations of skin lesions. HAM10000 is a subset of the
ISIC archive with 10, 015 dermoscopic images and their
segmentation masks, split into 7,200/1,800/1,015 for
train/val/test. Each image of all datasets is resized to
128 x 128 pixels.

C. State-of-the-art Performance Comparison

Quantitative Results. Table |I| reports the perfor-
mance of LiteDermoSegDiff on the ISIC2018 [29] and
HAM10000 [30] datasets, evaluated with four standard
segmentation metrics. Across both benchmarks, Lite-
DermoSegDiff achieves competitive performance while
reducing parameters substantially from 81.6M/40.3M in
DermoSegDiff to only 9.3M/8.5M. Notably, it secures
the second-best Dice Score on both datasets, closely
approaching the top-performing teacher model.

Compared to CNN-based methods [3]], [4f], LiteD-
ermoSegDiff consistently delivers higher Dice Scores
while achieving a more balanced trade-off between sen-
sitivity and specificity. Against Transformer-based and
hybrid approaches like TransUNet [|6] and Swin-UNet
[9], our student model also shows clear advantages, with
consistent gains in Dice Score and sensitivity without
sacrificing overall accuracy. Comprehensive compar-
isons of GFLOPs, memory consumption, and inference
speed (FPS) for both the teacher and student models
are available in our GitHub repository

These results confirm that LiteDermoSegDiff suc-
cessfully transfers the generative capabilities of its
teacher while remaining lightweight, making it a prac-
tical choice for real-world skin lesion segmentation
where both accuracy and efficiency are essential.

Qualitative Results. Qualitative comparisons in
Fig. |3| validate the effectiveness of our method. Lit-
eDermoSegDiff produces sharp and coherent lesion



TABLE I: Quantitative comparison on ISIC2018 and HAM10000 datasets. Best, and second best results

are in blue, and red, respectively.

Methods \ ISIC 2018 \ HAM10000

| Params | DSCt SEt SPt ACCt | Params| DSCt SEf SPt ACC?
U-Net [3] 31.0M 08729 0.8739 09515 09303 | 31.0M 09317 0.9480 09728  0.9480
TransUNet [6] 66.8M 08610 0.8668 09447 09223 | 668M 08610 0.8668 09447 09233
Swin-UNet [9] 413M 08532 0.8148 09641 09232 | 413M 09283 09336 09723  0.9656
DeepLabv3+ [4] 41IM 08820 08560 09770 09510 | 41.IM 09268 09277 09768  0.9651
Att-UNet [32] 348M 08425 0.8524 0.9734 09395 | 348M 09285 09187 09784  0.9663
MissFormer [38] 424M 08697 08256 09725 09320 | 424M 09254 09271 09760  0.9644
DermoSegDiff [26] 8L.6M  0.8926  0.8812 09647 09419 | 403M 09487 09351 0.9887  0.9759
LiteDermoSegDiff (Ours) | 9.3M 0.8826 08715 09616 09365 | 8.5M 0.9453  0.9506  0.9810  0.9738
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Fig. 3: Qualitative comparison of segmentation results on the ISIC2018 dataset. Ground truth boundaries are

shown in green, and predicted boundaries in blue.

TABLE II: Parameter reduction of DermoSegDiff
on ISIC2018 [29] and HAM10000 [30].

Step | Remaining Depth | ISIC2018 Params | HAM10000 Params
Original 6 81.6M 40.3M
Cut Stage 6 5 39.9M 20.3M
Cut Stage 5 4 19.9M 12.6M
Cut Stage 4 3 9.3M 8.5M

boundaries, showing comparable results to its teacher.
Despite its compact size, the student model preserves
the visual quality of the teacher predictions, confirm-
ing its efficiency and practicality for real-world skin
lesion segmentation. Compared to other baseline mod-
els, LiteDermoSegDiff delineates lesion contours more
accurately, yielding clearer and more reliable boundary
representations that are essential for clinical diagnosis.

V. ABLATION STUDIES

We conduct ablation experiments to analyze the con-
tributions of parameter reduction and threshold selec-
tion in our LiteDermoSegDiff. These studies express
how our designs affect both efficiency and accuracy.

Parameter Reduction. We first investigate how cut-
ting the depth of the teacher DermoSegDiff [26] impacts
parameter size. As shown in Table [I] progressively
reducing the depth from six stages to three stages
significantly decreases the number of parameters. For
ISIC2018 [29],, the parameter count drops from 81.6M
to 9.3M, while for HAM10000 [30], the reduction
goes from 40.3M to 8.5M. The difference in teacher
parameter sizes across the two datasets arises from

0.885

0.88 |- N

Dice Score

0.875 |- N

|+Dice Score |
I I

0.6 0.7 0.8
Threshold 7

Fig. 4: Ablation study on the boundary-aware threshold
values 7 on ISIC2018

0.5

the default configuration of DermoSegDiff [26]. De-
spite this significant decrease, LiteDermoSegDiff re-
tains competitive performance compared to the full
teacher model. This demonstrates that our lightweight
design maintains essential representational ability while
eliminating redundancy, making it suitable for real-
world deployment in resource-constrained scenarios.

Threshold Sensitivity. The threshold 7 acts as a
critical factor in distinguishing edge and body regions,
ensuring effective knowledge transfer. A low threshold
may include ambiguous pixels and reduce precision,
while a high threshold can exclude valid lesion areas
and lower sensitivity. As shown in Figure [ perfor-
mance peaks at 7 = 0.6, which provides a balanced
trade-off between lesion coverage and boundary preci-



sion. This setting yields stable results across ISIC2018
[29] and HAM10000 [30].

Summary. Overall, these ablation studies confirm
that (i) reducing the network depth can significantly
decrease parameter size without sacrificing segmen-
tation quality, and (ii) careful threshold selection is
essential for maximizing Dice score, with 7 = 0.6
providing the optimal balance between lesion coverage
and contour sharpness. Together, these insights validate
the efficiency and robustness of LiteDermoSegDiff.

VI. CONCLUSION

In this work, we proposed an edge-focused knowl-
edge distillation (EFKD) framework tailored for
diffusion-based skin lesion segmentation. Building on
EFKD, we developed LiteDermoSegDiff, a lightweight
student model that preserves boundary details while
reducing parameters by up to 88.9%. Experiments on
ISIC2018 and HAMI10000 benchmarks showed that
our approach achieves competitive or even superior
results compared to larger models, while maintaining
sharp lesion boundaries. These results demonstrate that
diffusion-based generative segmentation model can be
effectively compressed without compromising diagnos-
tic quality. In future work, we plan to extend our
framework to other medical imaging tasks beyond skin
lesions and explore advanced distillation strategies to
further improve lightweight segmentation.
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