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１ 		 INTRODUCTIONINTRODUCTION

Background　Melanoma, the most fatal type of skin 
cancer, results from the abnormal growth of melanocyte 
cells due to the activation of mutation by unusual 
Deoxyribonucleic Acid (DNA) damages. Melanocyte cells 
create melanin, which is the substance responsible for 
skin colour[1]. Melanoma cases have increased sharply 
over the last 30 years, with around 10,000 deaths 
annually in the USA[35]. It is highly curable, if detected in 
early stage[19]. In dermatology, early melanoma diagnosis 

is achieved by visual examination through methods like 
the ABCD criteria[27] (asymmetry, border irregularity, 
colour patterns, and diameter) and the seven-point 
checklist[3]. However, these methods are time consuming 
and face subjectivity issue. Automated medical image 
segmentation methods gained considerable interest 
recently for their potential to diagnose the diseases 
accurately. The effectiveness of these models in medical 
image segmentation stems from progress in deep 
learning technologies, ranging from widely used 
convolutional neural networks (CNN)[4][31][17] to the newer 
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Abstract
Effective Skin Lesion Segmentation is crucial for dermato- logical care, it enables the early identification and accurate 
diagnosis of skin cancer. Denoising Diffusion Probabilistic Models (DDPMs) have recently become a major focus in 
computer vision. Its applications in image generation, such as Stable Diffusion, Latent Diffusion Models and Imagen, 
have showcased remarkable abilities in creating high-quality generative outputs. Recent research highlights that 
DDPMs also perform exceptionally well in medical image analysis, specifically in medical image segmentation tasks. 
Even though a U-Net backbone served as the foundation for these models initially, there is a promising opportunity 
to boost their performance by incorporating other mechanisms. Recent research includes a transformer-based 
framework for diffusion models, but the advancement comes with the challenge of inherent quadratic complexity. 
Research has shown that state space models (SSMs), like Mamba efficiently capture long-range dependencies while 
maintaining linear computational complexity. Due to these benefits, it outperforms many of the mainstream 
foundational architectures. However, we found that simply merging Mamba with diffusion results in suboptimal 
performance. To truly harness the power of these two advanced technologies for medical image segmentation, a more 
effective integration is required, we formulate a novel Mamba-Based Diffusion framework, called Diff- Mamba for skin 
lesion segmentation. We access its performance on the ISIC 2018 dataset for skin lesion segmentation, and our 
method out- performs existing state-of-the-art techniques. The code is available at: https://github.com/amit-shakya-28/
DiffMamba

https://github.com/amit-shakya-28/DiffMamba
https://github.com/amit-shakya-28/DiffMamba
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vision transformer architectures (ViT)[5][39].

Denoising Dif fusion Probabilistic Models　Recently, 
the DDPM has gained significant recognition as a potent 
class of generative models. The rising acknowledgment of 
DDPMs has sparked significant interest and research, 
fueled by their remarkable ability to produce high-quality 
and diverse samples, as demonstrated by models like 
DALLE2[29], Imagen[34], and Stable Diffusion[30]. Building 
on these advancements, researchers have introduced 
innovative techniques for medical image segmentation 
utilizing diffusion models. By leveraging DDPMs, many 
approaches have achieved cutting-edge results across 
various benchmarks. The outstanding results of these 
models arise from their built-in stochastic sampling 
process[28]. DDPMs can produce varied segmentation 
predictions through repeated runs, with the diversity of 
these outputs effectively reflecting the inherent 
uncertainty in medical images. This is particularly 
valuable for segments where organs or lesions often have 
uncleared or indistinct boundaries.

Mamba Based Dif fusion Framework　However, it is 
noteworthy that all these approaches are built upon 
traditional U-Net backbone. Compared to the growing 
trend of using state space models (Mamba), traditional 
U-Net models compromised the segmentation quality, due 
to which it generates a diverse but incorrect mask during 
ensemble. Ultimately, this can introduce persistent noise 
that permanently degrades performance. Building on this 
momentum, we want to combine the Mamba-based U-Net 
model such as U-Mamba[26] with the diffusion model. 
However, we observed that a straightforward implementation 
yielded inadequate performance. One of the main reasons 
behind it is that the features produced by the Mamba are 
not compatible with those from the diffusion backbone. 
The Mamba extracts detailed semantic information 
directly from the original image, while the diffusion 
backbone handles features from a noisy and corrupted 
mask, which complicates the process of combining these 
features. To mitigate these shortcomings, we formulate a 
novel Mamba-driven Diffusion Framework for skin lesion 
segmentation, called DiffMamba.

The main concept is to combine conditional embedding 
and diffusion embedding. To effectively link these two 
embeddings, we proposed a novel Mamba-based Fusion 
module for their integration. The feature fusion module 
merges noise and semantic features using a cross-mamba 
block (CroMB) and the merged features further in 
succeeding Mamba block (see Section 3.3). To align the 
noise and conditions at each step, CroMB utilizes cross-
input features to the mamba block to enrich features, 
while integrated output of CroMB processed in further 
Mamba block are refined features through selective 
scanning and concatenation to produce the final fused 
output. The proposed work provides the following key 
aspects.

 - �We formulate a novel method that combine Mamba 
and diffusion model for skin lesion segmentation.

 - �We introduce an innovative Mamba-based fusion 
module that seamlessly merges conditional semantic 
features with diffusion noise. As far as the authors are 
aware, this is the first successful method to combine 
diffusion and condition embeddings in skin lesion 
segmentation.

 - �The proposed method is evaluated using the ISIC 2018 
dataset for comparison.

The enhancement in Intersection over Union (IoU) and 
Dice score relative to current leading medical image 
segmentation methods demonstrates the efficacy of the 
proposed approach.

2 		 RELATED WORKSRELATED WORKS
2-1. Skin Lesion Image Segmentation
Traditional Approaches　Before the advent of deep 
learning, image segmentation was predominantly driven 
by classical methods and machine learning techniques. 
These included approaches like adaptive thresholding[7], 
support vector machines[48], region growing[18], 
unsupervised clustering[48], and active contours[13]. These 
methods were heavily dependent on manually designed 
features, which were difficult to create and often lacked 
the adaptability and effectiveness required for handling 
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more complex datasets. As a result, they struggled with 
larger and more intricate data.

Deep Learning Approaches　This section offers a 
summary of deep learning methods used for skin lesion 
segmentation, with a focus on the U-Net model 
introduced by Ronneberger et al.[32], which efficiently 
leverages data augmentation to make the most of limited 
labeled samples in biomedical imaging. Bi et al.[6] created 
a multi-stage fully convolutional network for skin lesion 
segmentation, which includes stages for both coarse and 
fine boundary learning, along with a parallel integration 
method to enhance detection. Yuan et al.[45] proposed a 
fully automated skin lesion segmentation approach that 
employs a 19-layer DCNN and uses Jaccard Distance as 
the loss function. Despite extensive parameter optimization 
and testing on the ISBI 2016 and PH2 datasets, their 
approach did not perform as good as state-of-the-art 
methods, notably when handling low-contrast images. 
The 2020s saw a shift in computer vision with the rise of 
vision transformers, disrupting the dominance of CNNs 
and leading to innovations like Swin-Unet[15], which 
integrates Swin Transformer[24] blocks into U-Net models. 
Hybrid architectures like UCTransNet[38] and MCTrans[46] 
combine CNNs and transformers, while all-transformer 
models such as SMESwin-Unet[47] utilize transformers 
throughout the entire U-Net structure. Despite these 
advancements, challenges remain due to the limited 
availability of annotated segmentation data compared to 
classification data, which affects the precision and reliability 
of segmentation algorithms.

2-2. Diffusion Models for Medical Image Segmentation
Building on recent advancements, researchers have 
introduced innovative medical image segmentation 
techniques that utilize diffusion models to address this 
complex problem. For example, EnsDiff[41] uses ground 
truths for training and treats input images as priors to 
create segmentation distributions, which aids in 
generating uncertainty maps and an implicit ensemble of 
segmentation maps. Kim et al.[20] introduce an innovative 
method for self-supervised vessel segmentation. On the 
other hand, MedSegDiff[42] utilizes diffusion probabilistic 

models (DPM) for medical image segmentation, 
incorporating dynamic conditional encoding alongside the 
FF-Parser helps to mitigate the impact of high-frequency 
noise. The subsequent MedSegDiff-V2[43] improves upon 
this method by incorporating a conditional U-Net, which 
strengthens the interaction between semantic features 
and noise.

2-3. Mamba in Computer Vision
Previous methods in semantic segmentation either use 
CNNs[21], which are scalable but constrained by small 
receptive fields and weight-sharing limitations, or Vision 
Transformers (ViTs)[36], which provide better global 
context but suffer from quadratic complexity and 
efficiency issues. To overcome these challenges, Selective 
Structured State Space Models (Mamba)[9] have become 
increasingly popular for their ability to cover global 
receptive fields and use dynamic weights while 
maintaining linear complexity. Mamba has proven highly 
effective in long sequence modeling tasks, particularly in 
natural language processing[9]. Its capabilities are also 
being investigated in vision tasks like image 
classification[23], medical image segmentation[26][33], and 
3D scene comprehension[22] introduced a residual state 
space block that combines channel attention with Mamba 
and a 2-D selective scanning technique for better image 
restoration. Inspired from its success, we introduced a 
fusion module in our proposal.

3 		 METHODOLOGYMETHODOLOGY

This part provides a thorough explanation of our 
proposed Mamba-based Diffusion framework for semantic 
segmentation. We commence with an explanation of the 
foundational ideas of DDPMs and State Space Models. 
Then, we provide a summary of the architecture we 
propose, followed by a detailed examination of the fusion 
module.

3-1. Denoising Diffusion Probabilistic Models
We offer a concise summary of the diffusion models as 
described in[14]. These generative models are defined by 
a Markov chain and consist of a forward process, in 
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which the data undergoes gradual degradation by adding 
Gaussian noise, and a backward process, in which the 
degradation is progressively reversed by removing the 
noise. The forward process, denoted as q, is given by the 
following formulation:

　　 q x x q x xT
t

T

t t( ) ( ):1 0
1

1￨ ￨�
�

�� � (1)

Here, T are number of steps x1, x2, ..., xT are the latent 
variables at each step, and x0 is the initial data sample. 
For every step in the forward pass, the Gaussian noise is 
given as:

　　 q x x x xt t t t t t n n( ) ( ; , )￨ � � �� �1 11 � � I �
(2)

where βt specifies the noise schedule with a constant and 
In n×  is the identity matrix having size n×n, The forward 
pass allows for sampling at any arbitrary timestamp t, is 
described in [14], which can be reparametrised to

　　
x xt t t n n� � � �� �0 1 0ε ε N, ~ ( , )I

�
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The reverse pass, parameterized with θ, is defined as:

　　 p x x p x xT T
t
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t t� �( ) ( ).:0 1
1

1�
�

���￨ ￨ � (5)

Starting with p x xT T n n�( ) ( ; , )� � 0 I , this process transforms 
the distribution from p xTθ( ) to p xθ( )0 . The reverse pass is 
carried out by applying Gaussian steps described with:

　　
p x x x x t x tt t t t t� � ��( ) ( ; ( , ), ( , )).� ��1 1￨  �

�
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As shown in [14], we can then predict xt‒1 from xt with
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where z ~ ( , ) 0 I , and σt represents the variance scheme 
to be learned, as proposed in [14]. As seen in Equation 7, 
the sampling process includes a random component z, 
resulting in stochastic behavior. Note that θ  refers to the 
U-Net model containing a Mamba-based fusion module we 
train, with input x xt t t� � �� �0 1 . The model θ( , )x tt  

that is subtracted from xt during sampling, as described 
in Equation 7, needs to be learned by the model. This 
U-Net with Mamba is trained using the loss objectives 
specified in [14].

3-2. State Space Models
State Space Models (SSMs) [10][11] are a framework used 
for sequence-to-sequence tasks, characterized by their 
time-invariant dynamics, also referred to as linear time-
invariant (LTI) properties. Because of their linear 
complexity, SSMs are ideal for capturing the dynamics of 
systems by mapping them to latent states, described as 
follows:

　　
y t Ch t Dx t h t Ah t Bx t( ) ( ) ( ), ( ) ( ) ( )� � � �

�
(8)

Here, x t( )∈ represents the input, h t N( )∈  is hidden 
state, and y t( )∈ is the output. N denotes the state size, 
and h t( ) refers to the time derivative of h t( ). Additionally, 
A N N� �


, B N� �



1, C N� �


1 , and D∈ are the system 
matrices. Since the matrix D is considered a residual 
connection between the input and output, State Space 
Models (SSMs) are often represented by omitting D, 
leading to the following simplified forms:

　　
� � �

�
h t Ah t Bx t state equation
y t Ch t output equation

( ) ( ) ( );
( ) ( );

� (9)

This representation captures the global feature 
dependency of SSMs, as the current output depends on 
all preceding states and the input. While the above 
equations assume continuous-time inputs, deep learning 
approaches treat the input as discrete in time. To handle 
discrete sequences such as text and images, SSMs use 
zero-order hold (ZOH) discretization[10]. This approach 
maps the continuous {x1, x2, ..., xK} (input sequence) to the 
discrete {y1, y2, ..., yK} (output sequence). To achieve this, a 
time scale parameter ��D is introduced, transforming 
the matrices A to A and B to B as follows:

　　 A A

B A A I B

C C

y Ch Dx

h Ah Bx
k k k

k k

�

� �� � �
�

� �

� �

�

�
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,

�
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1 kk.
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In this context, the dimensions of all matrices remain 
consistent throughout each iteration of the process. In 
addition, as detailed in Mamba[9], a first-order Taylor 
expansion is used to approximate the matrix B:

　　
B A I A B B� � ��(exp( ) ) 1 �

where we simplify ( )( )� � �A A B�1  to ∆B. This approximation 
facilitates the analysis and implementation of the model 
by reducing the computational complexity associated 
with matr ix exponent iat ion . By s impl i fy ing 
(exp( ) )A I A B− −1  to ∆B, we make the model more 
tractable and easier to work with in practical 
applications.

3-3. Proposed Architecture
Our approach utilizes the diffusion model[42], comprising 
a forward diffusion process adding the Gaussian noise 
and the reverse process with neural network restoring 
the original data. This process is explained 
mathematically in Section 3.1. To ensure consistency with 
forward process, the noisy image is iteratively refined 
with the reverse process, progressively restoring it to 
achieve the final clear segmentation (see Figure 1). 
Similar to the standard diffusion probabilistic model 
(DPM) setup, we use an encoder-decoder network for 
training. For segmentation purpose, we enhance the 
model by conditioning the noise prediction function θ  

on information from the original image.

　　
�( , , ) , ,x I t DC F F tt I xt t

� � �� �MambaF
�

(11)

Here, FIt
 and Fxt

 (see Figure 1), signifies the feature 
embeddings of the original image (condition) and 
diffusion input at the current stage t respectively. These 
two embeddings are merge together using Mamba based 
fusion module (MambaF) and then fed into a UNet 
decoder (DC) for the reconstruction process. The 
complete process of DiffMamba is shown in Figure 1. To 
explain this, we consider the single step t in diffusion 
process. Initially, the noisy mask xT is passed through a 
UNet, which is called the Diffusion Model. The model is 
directed by semantic features of the raw images using a 
separate UNet, referred to as the condition UNet. 
Following this, the semantic condition is integrated into 

the encoder features of the Diffusion UNet, combining the 
semantic segmentation embeddings from the condition 
UNet. This integration is controlled by the Fusion Module, 
which refines the representation by connecting noise and 
semantic embeddings, utilizing the global and adaptive 
features of Mamba. The proposed approach used a 
standard noise prediction loss Ln for training, analogous 
to diffusion probabilistic models (DPMs)[14].

Features Fusion with Mamba　[37] proposed a feature 
fusion module that integrate multi-modal features using 
two blocks, Concat-Mamba Block (ConMB), and Cross-
Mamba Block (CroMB). The CroMB enhances features 
through cross-multiplication and selective scanning, while 
ConMB combines outputs from CroMB using 
concatenation and selective scanning. Inspired from this 
approach[37], we propose the Mamba Fusion block to 
merge the semantic (conditional) and noise features. The 
combined features are then forwarded to UNet decoder in 
the diffusion model for further processing. Let us 
suppose the conditional features and noisy features are 
represented by FI

o
t  and Fx

o
t
 respectively, the complete 

fusion process is formulated as:

　　
F F CroMB F F

MambaF Mamba Conv F F

I
o

x
o

I x

Output I
o

x
o

t t t t

t t

, ,

( ,

� � �
� � �)).

� (12)

where, � � � is concatenation, Conv is 1×1 Convolution, 
Mamba is a mamba block (see Mamba in Figure 1 for 
more details). Here, all the features remain in original 
dimension. The Mamba block basically works as a gating 
mechanism with the State space model. In Cross mamba 
block we utilize the cross features for generating the 
gating mechanism (see the inputs FIt

 and Fxt
 provided 

differently to the two parallel mamba blocks in Figure 1). 
The Mamba block uses the 2D-selective scanning 
mechanism (SS2D)[12] as shown in Figure 1. Furthermore, 
refer to equation 11 to see how MamabaFoutput features 
are used to condition the noise prediction function.

4 		 EXPERIMENTS AND RESULT EXPERIMENTS AND RESULT 
DISCUSSIONDISCUSSION

This section provides details about the dataset used in the 
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Fig. 1 Details of the Proposed Architecture for Skin Lesion Segmentation: We present a Mamba-based 
fusion method that integrates noise from the diffusion encoder with conditional features 

to enhance the effectiveness of image segmentation
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experiments, outlines the implementation process, 
explains the evaluation metrics, and discusses the results.

4-1. Dataset
The ISIC 2018 dataset[8], from International Skin Imaging 
Collaboration (ISIC), offers a diverse and extensive 
collection of dermoscopy images. In which, Task 1 is 
dedicated to lesion segmentation having a total of 3,694 
images, of these, 2,594 images are designated for 
training, consisting of 72% nevi, 20% melanomas, and 8% 
seborrheic keratoses. Additionally, 100 images are 
allocated for validation, and 1,000 for testing. The image 
resolutions range from 0.5 to 29 megapixels, with 
dimensions spanning from 540×576 to 4,499×6,748 
pixels. Figure 2 illustrates sample images from the 
dataset.

4-2. Training and Implementation Details
The proposed segmentation network was trained on 
images which are resized to a resolution of 256×256. 
The model was trained for 100k iterations, employing the 
AdamW[25] optimizer with a batch size = 8 and a learning 

rate = 0.0001. For inference, 100 diffusion steps were 
used, and the ensemble of 5 times model execution is 
considered, which is less than 25 runs performed in 
MedSegDiff[44]. The STAPLE algorithm[40] was applied to 
merge the samples. The experiments are implemented on 
PyTorch framework and executed on an NVIDIA A100 
GPU.

4-3. Evaluation Metrics
The proposed network’s performance was measured 
using the IoU and Dice score to compare it with leading 
medical image segmentation methods.

Dice Score The Dice coefficient is measured using the 
recall and precision from prediction, evaluating the 
similarity of the prediction and the ground truth. It also 
accounts for false positives, which is generally useful in 
datasets with significant class imbalance, such as those 
found in medical image segmentation. Mathematically it 
is defined as:

　　
Dice

True Positive
True Positive False Positive False N

�
�

� � �
2

2 eegative

� (13)

Intersection Over Union (IoU) It evaluates the overlap 
of the prediction and the ground truth by evaluating the 
ratio of their common area to the total area covered by 
both. In mathematical terms, it is defined as:

　　
IoU

True Positive
True Positive False Positive False Negati

�
� � vve

� (14)

The difference between the two metrics is that the IoU 
penalizes under-and over-segmentation more than Dice 
score.

Fig. 2 Sample Images from ISIC 2018 dataset. First and second row represent the image 
and Ground Truth respectively
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Fig. 3 Methods comparison based on qualitative results from the ISIC 2018 dataset
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Table 1 A comparison of the proposed method with 
existing state-of-the-art approaches for skin lesion 

segmentation. Note: The best is indicated with bold, 
and second best is indicated with underline

Dataset ISIC 2018
Metric Dice score IoU

UNet[32] 85.41 76.85
UCTransNet[38] 86.69 78.35
ACC-UNet[16] 86.57 78.81
Swin-UNet[15] 88.03 80.02
SegDiff[2] 87.30 79.42
EnsemDiff[41] 88.21 80.72
MedSegDiff[42] 91.30 84.14
Ours 92.72 86.73

4-4. Result and Discussion
Table 1 provides an analysis of our proposed DiffMamba 
on the ISIC 2018 dataset. We consider IoU and Dice 
score (DSC) for evaluation. According to the results, our 
method outshines both CNN and Transformer based 
strategies, emphasizing its ability to accurately capture 
boundaries on the ISIC 2018 dataset. In particular, our 
proposed approach demonstrates better performance 
compared to methods that rely on transformers such as 
Swin-Unet, CNNs such as UNet, and hybrid models such 
as UCTransNet, ACC-UNet, and diffusion-based 
methods[38][16][15][42]. Additionally, DiffMamba outperforms 
the baseline model (Medsegdiff ) with improvements of 
+1.42% in the DSC score and +2.59% in IoU on the ISIC 
2018 dataset. Moreover, Figure 3 shows that our method 
excels in visually capturing detailed structures and 
defining boundaries more accurately than other models. 
This visual analysis highlights the superior performance 
of the Mamba-based fusion module, which effectively 
captures long-range dependencies while keeping 
computational complexity linear during the learning 
process.

5 		 CONCLUSIONCONCLUSION

This study proposed the DiffMamba diffusion network for 
segmenting skin lesions. We improve the diffusion-based 
framework for medical image segmentation by 
integrating Mamba mechanism with the original UNet 

backbone. We introduced a fusion module to align noise 
and semantic features. The comparative analysis is 
carried out on ISIC 2018 dataset which shows that our 
approach outperforms the existing SOTA methods. 
Considering its effectiveness on ISIC 2018 dataset, in 
future, the approach will be evaluated on the other 
medical image segmentation datasets to verify its 
generalizability. A Mamba-based diffusion model for skin 
lesion segmentation is being introduced for the first time 
as per our knowledge, we anticipate that DiffMamba will 
set a new standard for future research in this field.
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