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Abstract

Semantic segmentation of Multiple Sclerosis (MS) lesions from longitudinal Mag-
netic Resonance Imaging (MRI) scans is crucial for the diagnosis and monitoring
of disease progression. This study aims to evaluate the generalization perfor-
mance of various deep learning segmentation models, which are commonly used
in state-of-the-art medical image segmentation, when integrated into a diffu-
sion model pipeline for segmenting MS lesions. Through an extensive set of
experiments, we assess the performance of diffusion models with different archi-
tectural configurations to identify the optimal model for MS lesion segmentation.
Additionally, we explored the robustness of diffusion model predictions by imple-
menting various inference strategies to combine the diffusion model outputs
obtained at each time step. Our results demonstrate the effectiveness of cer-
tain backbone architectures in enhancing diffusion model performance in MS
lesion segmentation. Moreover, we demonstrate that accurate selection of infer-
ence strategies can further enhance the accuracy and robustness of diffusion
model predictions. This study contributes to advancing the understanding of
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diffusion models’ applicability in clinical settings and provides insights for improv-
ing MS lesion segmentation in MRI. Our source code is freely available at
https://github.com/alessiarondinella/MSSegDiff.

Keywords: Multiple Sclerosis, Denoising Diffusion Models, Lesion segmentation,
Medical image analysis

1 Introduction

Multiple Sclerosis (MS) is an inflammatory disorder affecting the Central Nervous
System (CNS). It is a chronic and debilitating demyelinating disease, characterized
by focal areas of inflammation and subsequent myelin and axonal loss [1]. MS leads
to a broad spectrum of neurological symptoms and disabilities. Typical symptoms of
MS include fatigue, difficulty walking, numbness or tingling, muscle weakness, spastic-
ity, vision problems, dizziness, bladder and bowel dysfunction, cognitive changes, and
emotional disturbances [2]. Due to the difficulty in diagnosing multiple sclerosis, it is
often identified and treated only after the disease has progressed to an advanced stage,
causing significant neurophysiological damage. At this point, it is no longer possible
to delay or halt the progression of the disease.

Diagnosing and analyzing MS in its early stages is quite challenging even for qual-
ified and experienced radiologists due to the highly complex nature of the brain.
Imaging plays a crucial role in the early diagnosis of MS, with Magnetic Resonance
Imaging (MRI) scans assisting doctors in the diagnostic process. The longitudinal
brain MRI protocol encompasses a variety of sequences, each providing unique con-
trasts for delineating brain tissues. Notably, Fluid Attenuated Inversion Recovery
(FLAIR), T1-weighted (T1-w), T2-weighted (T2-w), and PD-weighted (PD-w) images
are essential for detecting MS lesions. Among these, FLAIR images stand out, offering
a high-contrast view of lesions and allowing for their clear demarcation from surround-
ing tissues. MS lesions appear hyperintense on FLAIR images, which are more sensitive
than T2-w images in detecting juxtacortical and periventricular plaques. T1-w images,
on the other hand, offer insights into chronic areas of atrophy or ”black holes” [3],
while T2-w images highlight regions with increased water content, making them more
sensitive to infratentorial lesions. Acute lesions often appear with surrounding edema
on T2-w images. PD-w images, in turn, are especially effective at detecting cervical
spinal cord MS lesions, particularly when T2-w images fail to demonstrate them [4].
Accurately interpreting these results remains a complex and time-consuming task for
physicians. Therefore, there is a need for a fully automated tool for diagnosing multiple
sclerosis, particularly in its early stages. Indeed, accurate detection and localization
of MS lesions are critical for clinical evaluation and treatment planning.

This study aims to evaluate the generalization capability of different recent deep
learning segmentation models when integrated into MSSegDiff [5], a diffusion model
based pipeline for segmenting MS lesions. Specifically, we vary this architecture by
incorporating different main backbone commonly used in state-of-the-art medical
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image segmentation. Through an extensive set of experiments, we evaluate the per-
formance of diffusion models under different architectural configurations to determine
the best model for MS lesion segmentation. Additionally, we examine the robustness
of diffusion model predictions by implementing various inference strategies to combine
the diffusion model outputs obtained at each time step.

Our results demonstrate the effectiveness of certain backbone architectures in
enhancing diffusion model performance in MS lesion segmentation. Furthermore, we
show that accurate selection of inference strategies can further improve the accuracy
and robustness of diffusion model predictions.

The efficacy of the architectures was evaluated on the ISBI2015 dataset, employing
a cross-validation scheme in patients with lesions in both baseline and follow-up scans.

The remainder of this paper is organized as follows. Section 2 provides an overview
of the current state-of-the-art, while Section 3 describes the main modules of the
architecture. Section 4 describes implementation details, metrics and configuration
setup, with information on the dataset and its preprocessing. Section 5 reports the
comparative study, and finally Section 6 concludes the paper.

2 Related Work

Recent advances in medical image segmentation, have leveraged a variety of deep
learning architectures to enhance accuracy and efficiency. In the last few years, sev-
eral notable approaches have emerged, each contributing to the field with unique
methodologies and improvements. One significant development is the application of
transformer-based models in medical imaging. The Vision Transformer (ViT), intro-
duced in [6] has been adapted for segmentation tasks with promising results. Following
this, the Swin Transformer, proposed in [7], has shown superior performance by utiliz-
ing hierarchical feature extraction with shifted windows, allowing for efficient global
context modeling. Following these works, numerous studies have proposed modify-
ing the backbone structures of medical image segmentation models by incorporating
transformers, such as SwinUNet [8], a hybrid model combining Swin Transformer and
U-Net that achieves robust performance in multi-organ segmentation task. Another
noteworthy approach is the use of convolutional neural networks (CNNs) with atten-
tion mechanisms [9]. Authors in [10] proposed an Attention U-Net, integrates spatial
attention gates to highlight relevant features, improving segmentation accuracy. This
model has inspired the development of various attention-based architectural adapta-
tions aiming to enhance segmentation performance, as done in [11] which propose a
Fully Convolutional DenseNet with attention blocks for MS lesion segmentation in
2D images and in [12] where authors propose an Attention u-Net for the same pur-
pose. Moreover, diffusion models have gained traction in the field of medical image
analysis. These models, originally introduced for generative tasks, have been adapted
for image segmentation by incorporating noise-injection and denoising processes to
improve robustness and accuracy of prediction results. Authors in [13], proposed a
segmentation model based on Diffusion Probabilistic Models (DDPM) [14] with a
dynamic conditional encoding, which aims to learn segmentation by conditioning with
the image prior. The same authors in [15] that integrate transformer into a diffusion
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Fig. 1 Overview of the MSSegDiff [5] architecture. The architecture consists of four key modules: (1)
the Forward Module, which implements the forward diffusion process by gradually adding Gaussian
noise to the ground-truth segmentation mask; (2) the Encoder Module, which captures discriminative
features from the channel-wise concatenated volumetric MRI sequences (’C’ in the figure represents
the channel-wise concatenation); (3) the Denoising Module, responsible for the reverse diffusion pro-
cess, progressively removing the noise to produce a clean segmentation mask; and (4) the Inference
Module, which combines predictions from each timestep to generate the final segmentation mask.

segmentation model with various conditional techniques over the denoising network
to perform multi-organ segmentation.

These advancements highlight the ongoing evolution of segmentation techniques,
with recent models focusing on integrating attention mechanisms, leveraging trans-
former architectures, and employing diffusion processes to achieve state-of-the-art
performance in medical image segmentation tasks.

3 Overview of the MSSegDi� Architecture

In this section, the general scheme of MSSegDiff will be presented. As depicted in
Figure 1 the overall pipeline comprises the following main modules: Forward Module,
Encoder Module, Denoising Module and Inference Module. The main modules added
to the architecture will be described below.

3.1 Forward Module

This module is responsible for implementing the forward diffusion process, which
involves introducing T steps of Gaussian noise to the input image x0 (Figure 2). This
process gradually corrupts the original ground-truth xGT , adding more noise until the
information from the original image is completely destroyed and becomes just noise.

To formalize this diffusion process, we consider it as a fixed Markov chain with T
steps, where the image at time step t maps to its subsequent state at timestep t + 1.
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Fig. 2 This image depicts the forward module. The MS lesion segmentation mask is gradually
perturbed with Gaussian noise, for a number of timesteps T , until it becomes completely noisy.

By modeling this as a Markov chain, it is possible to derive a formula to obtain the
corrupted image at any time step directly, without the need for iterative computation.
This streamlined approach greatly accelerates the di�usion process. Each step of the
forward di�usion process is de�ned as:

q(x t jx t � 1) = N (x t ;
p

1 � � t x t � 1; � t I ) (1)

Here, q represents the forward process,x t is the output of the forward process at
step t, with x t � 1 being the output at the previous step. N is the normal distribution
with mean

p
1 � � t x t � 1 and variance � t I .

We set T = 1000 for all experiments, based on the original DDPM paper [14],
where this value was selected for their experiments. Furthermore, the noise addition at
each step follows a predetermined pattern determined by a� t scheduler, with values
ranging from [0; 1]. In line with the approach proposed in [14], we adopted a linear
schedule for� t , ranging from 1e� 4 at timestep 0 to 0:02 at timestep T. This schedule
ensures that the amount of noise added gradually increases over the course of the
di�usion process, as described in the DDPM paper.

3.2 Encoder Module

The primary objective of the Encoder Module (EM) of MSSegDi� (Figure 3) is to
extract an embedding that captures the discriminative features from the volumetric
MRI sequences used in this study (T1-w, T2-w, and FLAIR modalities), which are
concatenated along the channel dimension. The input to the EM is a volumetric image
I of sizeM � D � W � H , where M represents the number of MRI modalities, and
D, W , and H correspond to the depth, width, and height of the volumetric image,
respectively. By concatenating multiple MRI sequences in this manner and passing
them through a 3D encoder, the module aims to leverage complementary information
from the di�erent imaging modalities to enhance the segmentation process. Each MRI
sequence provides unique insights regarding tissue characteristics and neurodegenera-
tive pathology. For instance, FLAIR sequences are sensitive to in
ammation enabling
for increased sensitivity in detecting hyperintense lesion in the periventricular areas,
T1-w images o�er anatomical details revealing any old areas of atrophy or black holes,
and T2-w images highlight areas of increased water content, particularly sensitive in
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Fig. 3 This image depicts the structure of the encoder module. It takes as input a concatenated
volumetric MRI and outputs a segmentation feature vector.

detecting infratentorial lesions. By combining these modalities, our feature extrac-
tion module aims to capture a comprehensive representation of the underlying tissue
properties, enhancing the discriminative power of the segmentation model. Moreover,
the use of volumetric images allows for the preservation of spatial information across
di�erent slices, enabling the model to consider 3D structural context of MS lesions
during feature extraction. This is crucial in medical imaging tasks where lesion size
and distribution can vary signi�cantly in di�erent anatomical regions.

In general, the extraction of segmentation features from concatenated volumetric
MRI sequences enables our model to e�ectively capture both spatial and multimodal
information, leading to improved lesion segmentation performance and enhanced
clinical utility in the diagnosis and management of multiple sclerosis.

3.3 Denoising Module

The Denoising Module (DM), shown in Figure 4, aims to generate a "clean" MS lesion
segmentation maskx0 by reversing the di�usion process. The output xT , produced
in the Forward Module (Section 3.1), undergoes an iterative denoising procedure.
At each timestep, the DM predicts the amount of noise present in the input and
subtracts a portion of it according to a prede�ned schedule. Initially, only a small
fraction of the predicted noise is subtracted, but as the process continues, progressively
larger portions are removed. This iterative approach allows for a gradual re�nement
of the segmentation, with each step producing a result that is increasingly accurate
and contains less noise. Unlike generative models such as GANs, which generate a
clean image in a single step, di�usion models reconstruct the input over multiple
timesteps, resulting in a segmentation mask that converges to the true segmentation
as the iterations proceed. This involves employing probabilities to make informed
estimations about the appearance of the data before noise introduction. This capability
is fundamental for the model to accurately reconstruct data, ensuring that the outputs
are not only devoid of noise but also closely resemble the original data.
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Fig. 4 This image shows the structure of the Denoising Module. It implements the reverse process
of the di�usion model in order to generate a clean segmentation mask.

3.4 Inference Module

At test time, the di�usion model iterates through T steps using the Denoising Di�u-
sion Implicit Models (DDIM) method [16]. The Inference Module (IM) at each step
generates an increasingly re�ned segmentation mask. Building on the understanding
that the accuracy of predictions improves and uncertainty decreases with an increas-
ing number of testing steps, the segmentation masks obtained from each iteration were
combined. Figure 8 represents an example of mask produced by the IM.

4 Overall Pipeline

In MSSegDi�, the noise has been introduced to the segmentation masks since they
represent what we aim to learn. The objective of this work is the evaluation of the
performance of the di�usion process applied to di�erent backbone for multiple sclerosis
lesion segmentation in volumetric MRI data. MSSegDi� takes multimodal MRI and the
corresponding ground-truth as input and learns to gradually remove random noise with
the aim of generating clear segmentation maps of MS lesions. MSSegDi� implements
a U-Net backbone, an encoder-decoder architecture widely used for segmentation in
the medical domain. This network takes as input: the input volume I , consisting of
three MRI modalities, with dimensions M � D � W � H , and the noisy ground-truth
xT after undergoing the forward process (3.1), concatenated channel-wise.

As discussed, DM is conditioned by the segmentation feature extracted from the
raw MRI data. In fact, the input volume is passed through the Encoder Module
that extract the latent space representation, a projection of the input data in the
latent space, representing the most signi�cant segmentation features. This features
helps to minimize the variability in the di�usion process, leading to more consistent
and accurate segmentation results. The Encoder Module has the same dimensions as
the encoder of the U-Net, allowing for the addition of conditional features extracted
from the input volume by the Encoder Module with the features extracted at each
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step of the downsampling path of the U-Net, as they have the same dimension and
number. Once this is done, the upsampling path of the U-Net, identical and opposite
to the downsampling path, will reconstruct the original image, leveraging the skip
connection to recover high-level details lost during the downsampling process. It takes
these combined features as input and returns the clean segmentation maskx0 as
output.

4.1 Implementation details

MSSegDi� was implemented and tested using the PyTorch [17] and MONAI frame-
works [18]. Training was conducted on a single NVIDIA A100 GPU, using a batch size
of 2 and the AdamW optimizer with a base learning rate of 1e� 4 and a weight decay
of 1e� 3. To dynamically adjust the learning rate (LR), a Cosine Annealing LR sched-
ule [19] was employed. Initially, the LR linearly increased and was gradually reduced
following a cosine function after an initial warmup period. To diversify the training
data, a patch size of 96� 96� 96 was randomly selected in each epoch. This approach
ensured that every batch could contain di�erent parts of the same patient, enhancing
the model's ability to generalize. During inference, a sliding windows algorithm with
overlapping patches of 0:5 was employed. This strategy ensured that no detail was
missed while providing intrinsic data augmentation. Additionally, it helped reduce the
amount of memory required while maintaining the detail of the original input image.
This model is trained with a combination of Dice (DSC) Loss, Binary Cross Entropy
(BCE) Loss and Mean Squared Error (MSE) Loss, and thus the �nally Loss of our
model is:

Loss(x0; xGT ) = LossDSC + LossBCE + LossMSE (2)

4.2 Evaluation metrics

The model evaluation process entailed a comparison between the predicted segmenta-
tion masks and the provided ground-truth data annotated by Rater 1.

The Dice Score (DSC) [20] served as a primary evaluation metric, quantifying the
spatial overlap between the predicted and ground-truth segmentation masks. This met-
ric measures the similarity between the two masks, with a higher Dice Score indicating
greater agreement between the predicted and true lesion regions.

In addition, the True Positive Rate (TPR) and the Positive Predictive Rate (PPV)
has been employed as complementary evaluation metrics. The TPR, also known as
sensitivity, measures the proportion of true positive predictions among all actual pos-
itive instances in the ground-truth data. It re
ects the model's ability to correctly
identify lesion regions. Conversely, the PPV, also referred to as precision, assesses the
accuracy of positive predictions made by the model. It represents the proportion of
true positive predictions among all positive predictions made by the model.

Furthermore, the evaluation incorporated Lesion False Positive Rate (LFPR) and
Lesion True Positive Rate (LTPR) to assess the model's performance at a lesion-
level, where LFPR quanti�es the rate of false positive lesions and LTPR measures the
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Table 1 Table displaying the �ve dataset folds chosen for all training. A
leave-one-subject-out-cross-validation approach is consistently employed,
ensuring that a di�erent patient is retained for testing in each fold during the
con�guration selection process.

Fold Training Validation Test

Fold1 1, 2, 3 4 5
Fold2 1, 2, 5 3 4
Fold3 1, 4, 5 2 3
Fold4 3, 4, 5 1 2
Fold5 2, 3, 4 5 1

rate of correctly identi�ed lesions. These lesion-wise metrics provide a more detailed
evaluation of the model's capacity to distinguish between lesion and non-lesion regions.
Additionally, the Absolute Volume Di�erence (AVD) and Average Symmetric Surface
Distance (ASSD) were used to assess the volumetric and surface di�erences between
the predicted and ground-truth masks. The AVD measures the absolute di�erence in
lesion volume between the predicted and ground-truth segmentations, while the ASSD
evaluates the average distance between corresponding surfaces of the predicted and
actual lesion masks. These metrics o�er further insights into the accuracy and clinical
relevance of the segmentation results.

4.3 Con�guration Setup

Table 1 details the distribution of patients across di�erent folds used in the cross-
validation process. Speci�cally, all con�gurations were trained using a Leave-One-
Subject-Out-Cross-Validation (LOSO-CV). In LOSO-CV a patient is reserved for the
evaluation, an other for the test and the model is trained on remaining patients. This
ensures that each validation and test set includes an entire patient (a patient with all
of its time points) and also that the network did not have seen the test patient's data
during training, nor any of its time points.

This method contrasts with some state-of-the-art approaches ([11] [12] [21]), where
con�gurations involve using the entire patient for model training, reserving only one
time point for testing. Such practices introduce a signi�cant risk of over�tting due to
the model's intrinsic knowledge of the tested patient.

5 distinct folds has been choosen, each with 3 patients in the training set, 1 patient
in the validation set and 1 in the test set. The numerical values in Table 1 represent
the speci�c patient along with all their corresponding time point. By changing the
patient used for the evaluation in each fold of the cross validation, LOSO-CV provided
a subject-wise estimate of the performance for new patients.

4.4 Dataset and preprocessing

The dataset employed is a subset of the ISBI 2015 challenge dataset, which was pub-
licly presented at the Longitudinal MS Lesion Segmentation Challenge [22], organized
in conjunction with the ISBI 2015 conference. While the full dataset comprises MRI
scans from 19 patients acquired at multiple time points on a 3.0 Tesla MR scanner,
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(a) Mask made by Rater 1 (b) Mask made by Rater 2

Fig. 5 The image shows the same FLAIR slices of a patient belonging to the ISBI 2015 dataset,
labeled by two di�erent experts, 5(a) Rater 1 and 5(b) Rater 2. It's evident that the two generated
masks (overlaid and highlighted in yellow) are di�erent in many pixels, highlighting the di�culty of
manually creating masks that reliably delineate MS lesions.

only 5 patients have corresponding segmentation masks. Each patient's MRI scans
were annotated by two expert human raters, denominated Rater 1 and Rater 2, result-
ing in two di�erent segmentation masks per patient. It's noteworthy that there are
discrepancies between these masks, indicative of the complexities even for MS experts
in accurately delineating MS lesions. As illustrated in Figure 5, the di�erences in mask
annotations can be visually observed.

Among the 5 annotated patients in the dataset, four underwent longitudinal scans
at four time points, while one patient had scans at �ve time points, totaling 21
MRI acquisitions. The time interval between consecutive acquisition time points was
approximately one year. It's important to consider the highly variable nature of mul-
tiple sclerosis progression; follow-up scans may not necessarily correspond to disease
progression, as lesions can appear at di�erent times and in di�erent brain regions.
Each acquisition includes original MR images, as well as images after rigid registration
to a 1mm isotropic MNI template, brain extraction, and non-uniformity correction.
The MRI sequences consist of T1-w, T2-w, PD-w, and FLAIR images. To assess the
stability of the model, experiments using masks labeled by Rater 1 has been con-
ducted. Moreover, only FLAIR, T1-w and T2-w images, as MS lesion are more visible
in these sequences. Each sequence has the spatial dimension of 181� 181� 217. Figure 6
illustrates an example of a patient from the ISBI dataset.

In our preprocessing phase, we employed transformations available in MONAI,
encompassing foreground cropping, padding, and intensity normalization. These trans-
formation assist the training and validation phases of the model, considering that
pixels corresponding to lesions are often small compared to the entire image. Addi-
tionally, cropping and padding transformations help reduce the number of black pixels
in the image, as they constitute the majority compared to the white pixels identifying
lesions in the ground-truth mask. Intensity normalization is an essential preprocessing
step, particularly considering that MRIs may be acquired from di�erent patients or the
same patient at di�erent times using di�erent scanners or parameters. This variability
can lead to signi�cant intensity variations among MRI modalities, and normalization
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