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Abstract

Harmonization of T1-weighted MR images across di!erent scanners is crucial

1
Data used in preparation of this article were obtained from the Alzheimer’s Disease

Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu). As such, the investigators

within the ADNI contributed to the design and implementation of ADNI and/or provided

data but did not participate in analysis or writing of this report.
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for ensuring consistency in neuroimaging studies. This study introduces a
novel approach to direct image harmonization, moving beyond feature stan-
dardization to ensure that extracted features remain inherently reliable for
downstream analysis. Our method enables image transfer in two ways: (1)
mapping images to a scanner-free space for uniform appearance across all
scanners, and (2) transforming images into the domain of a specific scanner
used in model training, embedding its unique characteristics. Our approach
presents strong generalization capability, even for unseen scanners not in-
cluded in the training phase. We validated our method using MR images
from diverse cohorts, including healthy controls, traveling subjects, and in-
dividuals with Alzheimer’s disease (AD). The model’s e!ectiveness is tested
in multiple applications, such as brain age prediction (R2 → 0.60 ± 0.05),
biomarker extraction, AD classification (Test Accuracy → 0.86 ± 0.03), and
diagnosis prediction (AUC → 0.95). In all cases, our harmonization tech-
nique outperforms state-of-the-art methods, showing improvements in both
reliability and predictive accuracy. Moreover, our approach eliminates the
need for extensive preprocessing steps, such as skull-stripping, which can in-
troduce errors by misclassifying brain and non-brain structures. This makes
our method particularly suitable for applications that require full-head analy-
sis, including research on head trauma and cranial deformities. Additionally,
our harmonization model does not require retraining for new datasets, allow-
ing smooth integration into various neuroimaging workflows. By ensuring
scanner-invariant image quality, our approach provides a robust and e”cient
solution for improving neuroimaging studies across diverse settings. The code
is available at this link.

Keywords: Image harmonization, I2I Translation, Magnetic Resonance
Imaging, Noise Disentanglement, Scanner-free Imaging, Downstream Tasks

1. Introduction

As brain Magnetic Resonance Imaging (MRI) datasets from various re-
search centers become increasingly accessible, there is a growing opportunity
to gain valuable insights into brain-related diseases. These insights have the
potential to enhance medical practices by providing robust statistical evi-
dence to be translated into clinical practice. However, variations in MRI
data across di!erent centers and scanners, due to unstandardized protocols,
scanner- and acquisition-specific variabilities, can lead to significant inconsis-

2

https://github.com/luca2245/DISARMpp_Harmonization.git


tencies in the extracted biomarkers, thereby a!ecting their repeatability and
reproducibility. Di!erences in hardware, software configurations, calibration
procedures, maintenance practices, and operators experience can cause MRI
scanners to produce images with varying contrast, brightness, and spatial
resolution, i.e., voxel intensity distribution. This variability, particularly in
multicenter studies, can introduce confounding e!ects that compromise the
reliability of the results [39, 36, 50]. To address this issue, it is essential to
harmonize MRI data across centers and scanners to ensure consistency and
comparability of the datasets, thus strengthening the integrity of subsequent
analyzes. By minimizing inter- and intra-scanner variability, harmonization
enables researchers to reliably combine data from multiple sites, facilitating
the development of robust machine learning and deep learning models that
depend on large, high-quality datasets.

2. Related Works

Several methodologies have been proposed to harmonize images and specif-
ically multicenter MRI data. The approaches can generally be divided into
two primary categories: feature-based and image-based approaches.

2.1. Feature-Based Approaches

Feature-based harmonization aims to align extracted features, such as cor-
tical thickness, functional connectivity, or di!usion metrics, across batches
rather than directly modifying the original images. A key method in this cat-
egory is the widely used ComBat and its extensions, which leverage empirical
Bayes frameworks to adjust for mean and variance shifts caused by batch ef-
fects [41, 30]. These methods have been extensively validated across various
datasets and data types. Typically, they rely on a linear model framework to
harmonize features while preserving biologically meaningful variance. Exten-
sions like ComBat-GAM [29] and CovBat [6] further refine these approaches
by addressing nonlinear covariate e!ects and multivariate dependencies, re-
spectively. Deep learning approaches have also been explored for feature-
based harmonization. For example, Conditional Variational Autoencoders
(CVAEs) have been applied to learn batch-invariant latent representations
of imaging features, facilitating their reconstruction in a harmonized space
[2, 24, 5].
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2.2. Image-Based Approaches

Image-based methods operate directly on raw imaging data, using ma-
chine learning techniques to adjust for batch e!ects at the voxel or pixel level,
creating visual consistency across datasets collected from multiple centers.
In the domain of image-based harmonization, several methods have been ex-
plored. These techniques can be categorized into three main frameworks:
Transformers, Image-to-Image (I2I) translation, and Style Transfer. Trans-
formers [10] are a class of models built around a self-attention mechanism,
which enables them to capture long-range dependencies within the data.
However, despite their success in many applications, transformers have been
noted for their limitations in retaining fine-grained, high-frequency details,
which could be critical for accurately identifying biology- and pathology-
related features. For instance, studies have shown that transformers may
overlook important high-frequency information, thus potentially missing cru-
cial signals relevant for medical imaging analysis [45]. Image-to-Image (I2I)
translation involves mapping an input image to an output image in a way that
preserves specific semantic properties while adjusting the image to match the
target domain. The core of this method lies in generative models that are
trained to produce images that resemble those drawn from the target distri-
bution. I2I methods can be further classified according to the type of supervi-
sion (e.g., supervised, unsupervised) or the nature of the translation process
(e.g., one-to-one, one-to-many, many-to-many) [1]. Style Transfer [20], on
the other hand, treats the harmonization process as a domain adaptation
problem, focusing on transferring the style of an image from one dataset to
another. In this fully unsupervised framework, the primary goal is to main-
tain the content of the original images while adjusting their style to align
with the desired target. Image-based harmonization methods have already
demonstrated considerable potential. Notable examples include CALAMITI
[49], MURD [21], IGUANe [32], and STGAN [7], which have advanced the
field by applying deep learning techniques to tackle the challenges of multi-
center data harmonization, thus improving the reproducibility and reliability
of medical imaging analyses.

2.3. Contribution and Di!erences from the Conference Paper

Despite significant advancements, the existing approaches face several
challenges. Feature-based methods rely on accurate feature extraction and
often assume simplistic statistical relationships, which may fail to capture
the inherent complexity of imaging datasets. Image-based methods, while
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promising, often require large training datasets and struggle to balance vi-
sual consistency with the preservation of biologically meaningful information.
Moreover, they rely on heavy pre-processing steps and do not generalize to
unseen cases.

To overcome the aforementioned issues, in this work we introduce DIS-
ARM++, a novel model for harmonizing 3D MR images by addressing inter-
scanner variability. DISARM++ disentangles anatomical structure from
scanner-specific information to generate scanner-free images. This approach
preserves the original anatomical structures and biologically informative fea-
tures, ensuring robust generalizability across di!erent scanners. Our goal
is to enable researchers to integrate MRI data from diverse sources without
concerns about inconsistencies, while enhancing the extraction of biologi-
cally meaningful information. To achieve this, we develop a model that
can harmonize images without the need for a new training phase for previ-
ously unseen data, allowing seamless integration into various neuroimaging
workflows. Unlike traditional preprocessing pipelines, our method retains
full-head information without the need for skull-stripping, providing a more
comprehensive and less intrusive preprocessing.

The present work is an extended version of the conference paper in [4],
incorporating several significant improvements: (1) we refined the network
architecture and introduced a new loss function, enhancing performance as
demonstrated in the ablation study; (2) we trained the model on a larger
dataset of MR images; (3) we evaluated the model on a broader range of MR
images, including data from healthy individuals, patients with Alzheimer’s
Disease (AD), and traveling subjects, comparing our approach to state-of-
the-art methods; and (4) we conducted several comprehensive downstream
analyses to further benchmark our proposal against existing approaches.

3. Methodology

In this section, we present the novel proposal designed to harmonize 3D
T1-weighted MRI data that extends the DISARM framework introduced in
[4]. The proposed model belongs to the category of I2I translation methods,
with its baseline architecture inspired by [18]. The model aims to mitigate
batch e!ects in clinical images acquired from di!erent sources by directly
working on the images at the voxel level. Specifically, our approach focuses on
the scanner-free generation of 3D MRI data with two key objectives: (1) en-
suring robust generalizability across a wide range of scanners, including those
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not seen during training, and (2) eliminating the need for time-consuming
preprocessing steps.

3.1. Mathematical Formulation

Consider a set of MR images X =
⋃N

i=1 Xi ↑ R1 x H x W x D, where Xi

represents the collection of images acquired from the i-th scanner domain
among N distinct domains. Since the images are grayscale 3D images, they
have dimensions of 1 (channel), H (height), W (width), and D (depth). We
assume that the images can be disentangled into two distinct latent spaces
(B,S). Here, B represents the space that encodes information related to
the anatomical structure of the brain, while S represents the scanner space,
which aims to capture information about scanner e!ects. Thus, an image x
drawn from X can be obtained as a combination of B and S. The scanner-
free harmonization involves eliminating scanner-specific e!ects by replacing
S with random Gaussian noise N (0, 1), and combining it with B into a gener-
ator. This process aims to remove scanner-dependent e!ects while preserving
only the anatomical noise-free features encoded in B. We denote the space
in which the images are transferred after scanner-free harmonization as F .

3.2. Network Architecture

The model architecture consists of five modules, as shown in Figure 1. Let
C = {c ↑ {0, 1}N : ↓c↓1 = 1} represent the space of one-hot encoded vectors
that describe scanner domains, and L = {l ↑ {0, 1}2 : ↓l↓1 = 1} represent the
space of labels distinguishing real and generated images. The brain encoder
(Figure 1a)), Eb : X ↔ B, maps an image x ↑ X to a lower-dimensional
space B, encoding information related to the anatomical structure into a la-
tent vector zb

x. The scanner encoder (Figure 1b)), Es : (X , C) ↔ S, takes as
input an image x ↑ X and its associated scanner label c ↑ C. Operating as a
variational autoencoder, it aims to capture the scanner e!ect in the image by
producing a parametric distribution that models such e!ect. Specifically, the
scanner encoder outputs the mean and variance, characterizing its distribu-
tion. For an image drawn from Xi, which is acquired using the i-th scanner,
the corresponding latent scanner e!ect vector is denoted as zs

i and is given
by:

zs
i = ωi · ε + µi, zs

i ↑ S; ε ↗ N (0, 1). (1)

The generator G : (B,S, C) ↔ X (Figure 1c)) produces an image x̂ ↑ X that
preserves a specified brain structure within the space B while incorporating a
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scanner attribute from the space S associated to its label within the space C.
The brain discriminator (Figure 1d)) Db : X ↔ C processes an image x ↑ X
and aims to predict the scanner label c ↑ C, indicating the scanner used
to acquire the image. Finally, the scanner discriminator Ds : X ↔ (L, C)
(Figure 1e)) takes an image x ↑ X or x̂ ↑ X as input and attempts to
determine whether the image is real or generated by the generator, as well
as its associated scanner label c ↑ C.

Input image

xi ∈ X i

Eb

Brain Structure

zb
xi ∈ B

Input image

xi ∈ X i

Scanner label
ci = (0, 1, . . . , 0)

Es

σiµi

Scanner effect
zs
i = σi · ϵ + µi

ϵ ∼ N (0, 1)

Brain structure

zb
xi ∈ B

Scanner effect
zs
i ∈ S i

Scanner label
ci = (0, 1, . . . , 0)

G

Generated image

x̂i ∈ X i

Brain structure

zb
i ∈ B

Db

Predicted scanner label
ĉi = (0, 1, . . . , 0)

Input image

xi ∈ X i

Ds

Real Fake
Predicted scanner label

ĉi = (0, 1, . . . , 0)

( a ) ( b ) ( c ) ( d ) ( e )

Figure 1: From left to right, we have a) the brain encoder Eb, b) the scanner encoder Es,

c) the generator G, d) the brain discriminator Db and e) the scanner discriminator Ds.

Unlike the baseline DISARM model, the proposed approach processes
thinner 3D volumes consisting of 26 slices-wide moving window rather than
full 3D image volumes of the MR images. Volumes are then merged at infer-
ence time. This modification reduces computational complexity and memory
requirements, allowing the inclusion of more sophisticated model layers that
enhance feature extraction capabilities while maintaining the ability to learn
meaningful representations from spatial contexts. A further key innovation
is the integration of channel and spatial attention layers into the modules
Eb, G, and Db. This attention mechanism is crucial for highlighting signif-
icant features, thereby enhancing the model’s ability to embed anatomical
structures. This ensures that critical structural details are better preserved
during the generation of harmonized images, leading to higher fidelity in the
final output. In addition, a novel loss function is introduced compared to the
baseline model, to improve the scanner-free space.
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3.3. Training Process

xk ∈ Xk

x̂k→k ∈ Xk

x̂h→k ∈ Xk

x̂k ∈ Xk

xh ∈ Xh

x̂h→h ∈ Xh

x̂k→h ∈ Xh

x̂h ∈ Xh

Es

Eb

G

0 1 0 0Ck

k

Es

Eb

G

0 0 1 0Ch

h

Es

Eb

G

0 1 0 0Ck

k

Es

Eb

G

0 0 1 0Ch

h

Lbadv Db Ds Lsadv DsLscls

Lrec

Lrec

Lcc

Lcc

LKL

Llat

LKL

Llat

Scanner K

Scanner H

Figure 2: A high-level functional diagram of the model training procedure. The encoders

and the generator are single modules, despite being depicted in di!erent colors. The

varying colors for the encoders highlight the specific acquisition scanner domain of the

images they process. For the generator, the di!erent colors emphasize the scanner domain

to which it is transferring the image. The images used to illustrate the procedure are

acquired with the Prisma (purple) and Gyroscan Intera (green) scanners.

In this section, we outline the training procedure referring to Figure 2 and
Figure 3. During each iteration, the training procedure involves randomly
selecting two scanner domains from the pool of N domains. For clarity, we
describe the procedure assuming that two images have been sampled: one
from the scanner domain K (represented in purple in Figure 2), denoted by
the pair (xk, ck), and another from scanner domain H (represented in green
in Figure 2), denoted by the pair (xh, ch).

In the initial step, for each image xi (where i = {h, k}), we extract the
anatomical structure embedding zb

xi
= Eb(xi) using the brain encoder Eb,

and the scanner e!ect embedding zs
i = Es(xi) using the scanner encoder

Es. Note that we denote the scanner e!ect embedding as zs
i rather than

zs
xi

because it represents the characteristics of the scanner-specific image
family as a whole, rather than the noise embedded in an individual im-
age. At this point, the anatomical embeddings zb

xk
and zb

xh
are swapped

and used as inputs to the generator. The generator then synthesizes two
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new images: x̂h→k = G(zb
xh
, zs

k, ck), which combines the anatomical struc-
ture of xh with the scanner e!ect of xk, and x̂k→h = G(zb

xk
, zs

h, ch), which
integrates the scanner e!ect of xh with the anatomical structure of xk.
Thereafter, the process of swapping anatomical structure embeddings is re-
peated—this time for the newly generated images x̂h→k and x̂k→h—resulting
in the cyclic reconstruction of the input images as x̂k = G(zb

x̂k→h
, zs

h→k, ck)
and x̂h = G(zb

x̂h→k
, zs

k→h, ch). The generator is also employed to generate
x̂i→i = G(zb

xi
, zs

i , ci) (where i = {h, k}) by combining the latent representa-
tions extracted from the same image, enabling the direct reconstruction of
the input images.

xk ∈ Xk x̂k→f ∈ F

xh ∈ Xh x̂h→f ∈ F

Eb

G

0 0 0 0C0

Eb

G

0 0 0 0C0

N (0, 1) Es

0 0 0 0C0

ẑk→f

ẑh→f

Lsf

Figure 3: Training procedure part related to the scanner-free loss. The images used to

illustrate the procedure are acquired with the Prisma (purple) and Gyroscan Intera
(green) scanners.

Moreover, as shown in Figure 3, during each iteration, the anatomical em-
beddings zb

xk
and zb

xh
for both images are fed into the generator, along with

the same random noise N (0, 1). This enables the scanner-free generation of
two new images, x̂i→f = G(zb

xi
, ε, c0) (where i = {h, k}). All these recon-

structions enable the formulation of various loss functions, each addressing
di!erent aspects of the model, which will be detailed in Section 3.4.

3.4. Loss Functions
In this section, we define the objective function of the model whose mini-

mization guides the optimization process. By minimizing this function during
each iteration of the training procedure, we can iteratively adjust and refine
the parameters of the network modules.
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Cycle Consistency Loss (Lcc)
As the proposed model follows a cycle-GAN architecture and training

process, the first loss we introduce ensures cross-cycle consistency within the
process described in Figure 2. To do this, we enforce the similarity between
the original images xk and xh and their reconstructed versions x̂k and x̂h:

Lcc = Exk,xh

[ ∥∥x̂k ↘ xk

∥∥ +
∥∥x̂h ↘ xh

∥∥
]
. (2)

Self Reconstruction Loss (Lrec)
Similar to the previous loss, we seek to ensure that the input images, xk

and xh, closely resemble their directly reconstructed counterparts, x̂k→k and
x̂h→h:

Lrec = Exk,xh

[ ∥∥x̂k→k ↘ xk

∥∥ +
∥∥x̂h→h ↘ xh

∥∥
]
. (3)

Brain Structure Adversarial Loss (Lb
adv)

In order to produce scanner-independent anatomical structure embed-
dings, we aim at mapping them into a shared space B where domain mem-
bership is indistinguishable. To achieve this, adversarial training for the brain
encoder Eb is employed. Specifically, the latent representations of the brain
structure zb

xk
and zb

xh
are input to the discriminator Db (Figure 2), which

learns to discriminate between their scanner memberships. Meanwhile, the
encoder Eb learns to produce anatomical structure embeddings that are in-
distinguishable in terms of the membership of the scanner domain by Db.
The loss function is formally defined as

L
b
adv =

1

2
Exk

[
log

[
Db(z

b
xk

)(1 ↘ Db(z
b
xk

))

]]
+

1

2
Exh

[
log

[
Db(z

b
xh

)(1 ↘ Db(z
b
xh

))

]]
. (4)

Scanner Classification Loss (Ls
cls)

To force the generator G to adopt the desired scanner-related informa-
tion, i.e., the one plugged into it, during the generation of a new image,
the discriminator Ds is trained to predict the scanner label of the generated
images x̂h→k and x̂k→h as follows

L
s
cls = Exk

[
↘ log

[
Dc(ck|x̂h→k)

]]
+ Exh

[
↘ log

[
Dc(ch|x̂k→h)

]]
. (5)
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Scanner Adversarial Loss (Ls
adv)

Similarly, with the goal of training the generator G to produce realistic
images in each specific scanner domain Xi through adversarial training as
illustrated in Figure 2, the discriminator Ds receives both real images xk and
xh and generated images x̂h→k and x̂k→h. It then attempts to discriminate
between real and generated images within their respective scanner domains
Xk and Xh, as follows

L
s
adv =

1

2
Exk

[
log

[
Ds(xk)(1 ↘ Ds(x̂h→k))

]]
+

1

2
Exh

[
log

[
Ds(xh)(1 ↘ Ds(x̂k→h))

]]

(6)

Scanner-Free Loss (Lsf)
We introduce a novel loss specifically designed to ensure that the gen-

erator consistently reproduces the same scanner e!ect when provided with
identical random noise inputs. To achieve this, x̂k→f and x̂h→f , generated as
described in Section 3.3, are fed to the scanner encoder Es along with a null
vector c0. The encoder extracts their respective latent representations of the
scanner e!ect, ẑk→f and ẑh→f , and the loss enforces these representations to
be as similar as possible (Figure 3):

Lsf = Exk,xh

[∥∥Es

(
x̂k→f

)
↘ Es

(
x̂h→f

)∥∥
]
. (7)

Total Objective Function
The overall model loss is defined as follows

Ltot = ωccLcc + ωrecLrec + ωlatLlat + ωKLLKL + ωsfLsf ↘ ω
b
advL

b
adv ↘ ω

s
clsL

s
cls ↘ ω

s
advL

s
adv

(8)

where, the Kullback–Leibler divergence loss LKL focuses on aligning the scan-
ner e!ect embeddings with a standard Gaussian prior and Llat ensures that
the mean vector µi, produced by the scanner encoder Es, remains close to a
standard Gaussian distribution.

3.5. Inference

Consider a new image, xj ↑ Xj, which may be acquired either from one
of the training scanners (j ↑ {1, . . . , N}) or from a previously unseen scan-
ner not included in the pool of training scanners (j /↑ {1, . . . , N}). During
inference, the image can be harmonized in two distinct ways. One approach
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involves transferring the new image into the space of one of the training
scanners, using it as a reference. To achieve this, we employ the brain en-
coder Eb to extract the anatomical embedding of the new image zb

xj
. This

representation is then combined, using the generator G, with the scanner
e!ect zs

i , where i ↑ {1, . . . , N}, corresponding to one of the training scan-
ners (Figure 4). By harmonizing all desired images into the same scanner
space, this method ensures a uniform scanner e!ect across the harmonized
dataset. The second approach involves transferring the new image into the
new scanner-free space. Similar to the first method, we use the brain encoder
Eb to extract the anatomical embedding zb

xj
. However, instead of plugging

a scanner e!ect, we use a random Gaussian noise N (0, 1) to be fed into the
generator G together with the brain information (Figure 5). This approach
e!ectively harmonizes all desired images into a shared, scanner-independent
space, ensuring uniformity across the dataset without introducing scanner-
specific variations. This configuration behaves like a denoising step.

xj ∈ Xj x̂j→h ∈ Xh

xh ∈ Xh

Eb G

0 0 0 0Ch

Es

0 0 0 0Ch

Figure 4: Inference to a reference scanner for a new image xj ↑ Xj. Specifically, the figure

illustrates the transfer of an image acquired with the Skyra Fit (pink) scanner to the

reference Gyroscan Intera (green).
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xj ∈ Xj x̂j→f ∈ F

Eb

G

0 0 0 0C0

N (0, 1)

Figure 5: Inference to scanner-free for a new image xj ↑ Xj. Specifically, the figure

illustrates the transfer of an image acquired with the Skyra Fit (pink) scanner to the

scanner-free space (black).

4. Datasets and Preprocessing

4.1. Datasets

We obtained T1-weighted MR images of healthy controls from five dis-
tinct datasets. Specifically, the collection includes 313 images from the
Alzheimer’s Disease Neuroimaging Initiative (ADNI3) [13] acquired using
five di!erent scanners, 60 images from the Parkinson’s Progression Markers
Initiative (PPMI) [23] obtained with three scanners, 581 images from the
IXI Brain Development Dataset (IXI) [3] acquired with three scanners, 494
images from the Southwest University Adult Lifespan Dataset (SALD) [47]
captured using a single scanner, and 117 images from a private dataset pro-
vided by the Italian Neuroimaging Network (RIN) [25], collected with six
di!erent scanners. We also considered patients with dementia exhibiting at-
rophy, including 41 MR scans from the private NeuroArtP3 [22] dataset and
61 MR scans from the public ADNI3 dataset of AD patients. In addition,
we included seven subjects from the Strategic Research Program for Brain
Science (SRPBS) traveling subjects dataset [40], with each subject having
between 8 and 11 MR scans collected at di!erent sites. Detailed descriptions
of the datasets — including scanner types, manufacturers, number of images,
field strengths, and participants’ age — are provided in Appendix A of the
Supplementary Materials.
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4.2. Preprocessing Steps
Image preprocessing was conducted using the FSL library [38, 15]. Ini-

tially, the images were standardized to a common orientation. Next, bias-field
correction was applied to address magnetic field variations in the MRI scan-
ner, which can lead to blurring, loss of detail, and altered pixel intensities.
The FAST algorithm within FSL was used for this correction, combining the
non-parametric N3 bias field correction algorithm with a parametric model-
based approach. The images were then registered to a standard space using
the FLIRT command in FSL, which employs an a”ne transformation model to
align the images through translations, rotations, and scaling, mapping them
to the Standard MNI152-T1-1mm space. After preprocessing, the resulting
images had dimensions of (1, 182, 218, 182).

5. Experiments

We validated our approach using T1-weighted MR images from healthy
controls. Specifically, we trained DISARM++ on a dataset comprising 701
images from the ADNI3 [13], PPMI [23], and IXI [3] datasets (Table 1).
These training images were acquired using N = 5 di!erent scanner models:
167 images with Prisma Fit, 69 with Prisma, 30 with Achieva dStream, 250
with Gyroscan Intera, and 185 with Intera. To improve the robustness of
the model, we used a data augmentation procedure through dense random
elastic deformation [28]. Additional details about the training procedure are
provided in Appendix B.

Scanner Model Manufacturer Dataset Img. # Total

Training

Prisma Fit SIEMENS ADNI3 167/167

701

Prisma SIEMENS ADNI3 69/69

Achieva dStream Philips ADNI3 26/26

Achieva dStream Philips PPMI 5/5

Gyroscan Intera Philips IXI 250/322

Intera Philips IXI 185/185

Table 1: Description of the healthy controls training datasets, including details on scanner

types, manufacturers, source datasets, and number of images. Values in the ”Img. #”

column represent the number of images used out of the total available for that scanner

and dataset combination.

In these sections, we first describe the evaluation procedures used in our
experiments (Section 5.1), followed by the ablation study (Section 5.2), a
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comparison with state-of-the-art methods (Section 5.3), and downstream
analyses (Section 5.4).

5.1. Evaluation Metrics and Statistical Tests

In this section, we detail the metrics used in our evaluations. For a
more in-depth explanation of these metrics and their computation within
our specific context, refer to Appendix C of the Supplementary Materials.

5.1.1. Anatomical Structure Metrics
To evaluate the preservation of anatomical structures and the quality of

generated images (see Table 2), we employed four key metrics: (1) the struc-
tural component of the Structural Similarity Index Measure (SSIM) [46],
known as Struct-SSIM, (2) the complete SSIM index [46], (3) the Learned
Perceptual Image Patch Similarity (LPIPS) metric [48], and (4) the Fréchet
Inception Distance (FID) [11]. The SSIM metrics and LPIPS are computed
between image pairs, whereas FID compares two sets of images. The com-
plete SSIM index assesses similarity based on luminance, contrast, and struc-
ture, with higher scores indicating greater overall similarity. In contrast,
Struct-SSIM focuses specifically on structural similarity by evaluating local
spatial patterns independently of luminance and contrast, thereby capturing
fine details and spatial coherence; higher Struct-SSIM values signify better
structural similarity. LPIPS measures perceptual similarity by comparing
feature activation maps from a deep neural network, which makes it sensi-
tive to semantic and textural di!erences that align with human visual per-
ception; lower LPIPS scores indicate higher similarity. Finally, FID evaluates
the distributional similarity between real and generated images by compar-
ing feature embeddings extracted from a pre-trained Inception network. It
e!ectively assesses the overall image quality and realism, with lower val-
ues reflecting closer alignment to the real data distribution. Notably, FID,
LPIPS, or complete SSIM consider not only structural di!erences but also
luminance and contrast, making them sensitive to the extent of harmoniza-
tion performed by di!erent models. As a result, using these indices would
make it di”cult to compare the preservation of anatomical structure across
di!erent models. We use FID and LPIPS in the ablation study (Section 6.1),
where the level of harmonization across di!erent DISARM++ configurations
remains comparable, and the complete SSIM in the traveling subjects eval-
uation (Section 6.2.3), where images similarity can be assessed in terms of
contrast, luminance, and structure.
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5.1.2. Harmonization Metrics
To evaluate the transfer of scanner characteristics, we assessed the sim-

ilarity of voxel intensity distributions before and after harmonization using
three metrics: Jensen-Shannon Divergence (JSD) [19], Hellinger Distance
(HD) [17, 31], and Wasserstein Distance (WD) [43] (see Table 2). Practi-
cally, given the MRI scans having dimension (1, H,W,D) — where H repre-
sents height, W represents width, and D represents depth — we computed
these metrics based on the set of 1 ≃ H ≃ W ≃ D voxel intensity distribu-
tions derived from MRI scans, considering pre- and post-harmonization data.
Specifically, we compute the empirical distribution by estimating the under-
lying probability distribution of the voxel intensities for each unfolded image,
and we average the distributions of images belonging to the same scanner.
In this way, we obtain G distributions — with G being the number of the
test scanners — from pre-harmonization images and G distributions from
post-harmonization images. In each of the two sets of G distributions, we
computed the values for the three metrics across all possible pairs to quantify
the similarity between them. Therefore, when reporting these metrics, we
present the mean and standard deviation of all pairwise comparison values,
providing a general assessment for all scanners. We perform this step for both
pre-harmonization and post-harmonization sets, enabling the comparison of
the similarity between the distributions before and after harmonization. To
statistically evaluate the e!ectiveness of harmonization, we perform a paired
t-test comparing the values of the similarity metrics before and after har-
monization. This test assesses whether the mean di!erence is significantly
di!erent from zero. If the di!erences do not follow a normal distribution,
we employ a bootstrap paired t-test, resampling the data to estimate the
distribution of di!erences. We report the 95% confidence interval (CI) for
these di!erences; if the CI does not include zero, it indicates a significant
e!ect of harmonization on voxel intensity similarity.

Besides the three aforementioned indexes, in certain analyses, we also em-
ployed the K-sample Anderson-Darling test (AD-test) [33], a non-parametric
test that evaluates whether multiple samples originate from the same dis-
tribution. This test was applied to the set of G distributions, separately
for pre- and post-harmonization images. If we accept the null hypothesis, it
suggests no significant di!erence between distributions, indicating successful
harmonization. Conversely, rejecting the null hypothesis implies that at least
one distribution di!ers, suggesting incomplete harmonization.
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Metric Description Range Interpretation Formula

FID

Measures the

distribution

distance between

real and generated

image features.

[0, ↑]
10–20 (Good)

50+ (Poor)
FID = ↓µr ↔ µg↓2 + Tr

(
!r + !g ↔ 2

√
!r!g

)

LPIPS

Measures

perceptual

similarity between

images based on

learned deep

features.

[0,1]
0.1–0.3 (Good)

0.5+ (Poor)
LPIPS(x, y) =

∑
l

1
H

l
W

l

∑
h,w

↓wl

(
fl

(x)hw ↔ fl
(y)hw

)
↓2

Struct-

SSIM

Measures the

structural

similarity between

two images.

[-1,1]

Higher values,

Higher

similarity

Struct-SSIM(x, y) =
ωxy+C3
ωxωy+C3

SSIM

Measures the

similarity

considering

luminance,

contrast, and

structure.

[-1,1]

Higher values,

Higher

similarity

SSIM(x, y) =
(2µxµy+C1)(2ωxy+C2)

(µ2
x
+µ2

y
+C1)(ω2

x
+ω2

y
+C2)

( a )

Metric Description Range Interpretation Formula

JSD

Measures the similarity

between two probability

distributions based on KL

divergence.

[0, log(2)]
Lower values,

Higher similarity
JSD(P,Q) =

1
2KL(P↓M) +

1
2KL(Q↓M)

HD

Measures the similarity

between two probability

distributions using their

square root.

[0, 1]
Lower values,

Higher similarity
HD(P,Q) =

1→
2

√
∑

x

(√
P (x) ↔

√
Q(x)

)2

WD

Measures the minimum

cost of transporting mass

to transform one

distribution into another.

[0, ↑]
Lower values,

Better match
WD(P,Q) =

∫
R
∣∣FP (x) ↔ FQ(x)

∣∣ dx

( b )

Table 2: Evaluation metrics. a) Anatomical structure metrics: For FID [11], µr and µg

represent the means, and ”r and ”g are the covariances of the real and generated image

features. For LPIPS [48], f
l
(x) and f

l
(y) are the deep features at layer l for images x

and y, wl are the learned weights, and Hl and Wl denote the height and width of the

feature map at layer l. For SSIM (Structural) [46], εxy is the covariance between x and

y, εx and εy are their standard deviations, and C3 is a stabilization constant. For SSIM

(Complete), µx and µy are the means, ε
2
x and ε

2
y are the variances, εxy is the covariance,

and C1 and C2 are constants. b) Harmonization metrics: For Jensen-Shannon Divergence

(JSD) [19], Hellinger Distance (HD) [26], and Wasserstein Distance (WD) [27], P and Q

are the probability distributions being compared, and x denotes a specific outcome in the

probability space. M =
1
2 (P +Q) is the mixed distribution, and KL(P↓M) represents the

Kullback-Leibler divergence between P and M . FP (x) and FQ(x) denote the cumulative

distribution functions of P and Q, respectively.

5.2. Ablation Study

In this section, we present the ablation study of the proposed model
by systematically removing or modifying specific components. We begin
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by evaluating the performance of the baseline DISARM model [4]. Next,
starting with the complete model, we analyze the e!ects of removing key
components: the scanner-free loss (Lsf), the KL divergence loss (LKL), the
latent loss (Llat), and the attention layers. The training for all configurations
was conducted using 701 images from six di!erent scanners, as described
in Section 5. The evaluation was conducted by harmonizing the 250 test
images from five di!erent scanners detailed in Table 3 into the scanner-
free space across all model configurations. Here we compare the di!erent
configurations in terms of preservation of anatomical structure and image
quality using Struct-SSIM, LPIPS, and FID metrics. To assess harmonization
performance, we used the JSD and the AD-test [33], considering the mean
voxel intensity distributions from the five test scanners. The results of the
ablation study are presented in Section 6.1.

Evaluation type Scanner Model Manufacturer Dataset Images No.

Ablation study

Prisma SIEMENS RIN 40/40

Triotim SIEMENS PPMI 41/41

Gyroscan Intera Philips IXI 72/322

Unknown GE IXI 74/74

Ingenia CX Philips RIN 23/23

Table 3: Description of the test images utilized in the ablation study, including details on

scanner types, manufacturers, source datasets, and number of images.

5.3. Comparison with State-of-the-Art

This section outlines the evaluation of the harmonization results produced
by the proposed model, comparing them to benchmark methods (Section
5.3.1). We detail the datasets used for each evaluation and describe the
evaluation process. The results are then provided in Section 6.2.

5.3.1. Benchmarking Methods
To benchmark our model, we compare the performance of the proposed

model with the following image-based approaches:

• STGAN [7]: We utilize the pre-trained STGAN model, which was
trained on 718 images from five di!erent dataset subsets: ADNI3 (42
images), ICBM (200 images), UKBB (200 images), PPMI (76 im-
ages), and ABCD (200 images). The preprocessing steps involved skull-
stripping the images [34] and correcting for nonuniformity using the N3

18



method [37] in Freesurfer. Additionally, the images were linearly regis-
tered to the standard MNI template (ICBM 152 Nonlinear Symmetric
atlas [9]) and resized to isotropic 1 mm

3 voxels. Following the STGAN
implementation, harmonization was performed on a sliding window of
three image slices with a stride of 1. The final T1 harmonized MRI
3D volumes were reconstructed by combining these harmonized partial
volumes. The model assumes that each image belongs to a unique do-
main and can be decomposed into its content and style. Therefore, for
comparison with other models, we harmonize the test images by using
an image from the Gyroscan Intera scanner as a reference.

• IGUANe [32]: We utilize the IGUANe model, trained on a dataset
of 4,347 T1-weighted brain MRI images from 11 distinct scanners across
eight public studies: SALD, IXI, OASIS-3, NKI-RS, NMorphCH, AIBL,
HCP, and ICBM. Preprocessing involved skull-stripping using HD-BET
[12], bias field correction with N4ITK [42], linear registration to the
MNI 1 mm³ space using FSL-FLIRT [14], cropping to 160×192×160
voxels, and standardizing intensities by dividing by the median brain
intensity. Images were then scaled so that the median brain inten-
sity matched a value of 1 while maintaining a background intensity of
0. The IGUANe model, based on a 3D extension of the CycleGAN
framework, implements a many-to-one adversarial training strategy to
harmonize MRI data from various acquisition sites into a common ref-
erence domain, represented by the SALD dataset. The authors selected
the SALD dataset as a reference because it contains a large number of
MR images and covers a wide age range.

5.3.2. Evaluation Setup
To evaluate the harmonization results obtained with the proposed model

in comparison to benchmark methods, we use the results from the set detailed
in Table 4, which included 796 healthy control MR images from the RIN, IXI,
SALD and PPMI datasets acquired from 10 di!erent scanners, along with
the SRPBS traveling subject dataset.

The first analysis focused on visualizing the harmonization results by
presenting slices from each direction (axial, coronal, and sagittal). For each
model, we display 10 original images (one from each test scanner) alongside
their harmonized counterparts. Additionally, we provide heatmaps illustrat-
ing pixel-wise di!erences between the harmonized images and their originals.
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For the proposed model, we report the visualization of the transfer of images
to the scanner-free space. The results are presented in Section 6.2.1.

In the second analysis, we evaluate the preservation of the anatomical
structure using the Struct-SSIM for each pair of original and harmonized
images. Notably, we do not employ FID, LPIPS, or complete SSIM for this
evaluation, as the degree of harmonization varies across the di!erent mod-
els, as discussed in Section 5.1.1. We analyze the transfer of scanner-specific
characteristics using the JSD, HD, and WD metrics. These metrics are cal-
culated based on mean voxel intensity distributions from the 10 test scanners
and statistical significance is determined through paired bootstrap t-tests be-
tween pre- and post-harmonization, as outlined in Section 5.1. We assess the
performance of the proposed procedure against competing models using two
distict harmonization approaches: (1) transferring images to the scanner-free
space and (2) transferring images to one of the training scanners, selecting
the Gyroscan Intera scanner as the reference due to its largest representation
in the training dataset. The results are detailed in Section 6.2.2.

For the third analysis, we compare the proposed approach against bench-
mark models using the traveling subject dataset. We compute the pairwise
SSIM for each subject across images acquired with di!erent scanners, both
before and after harmonization. To evaluate the statistical significance of
the harmonization e!ect, we conduct a bootstrap t-test and report the 95%
confidence interval (95% CI) for the di!erence in SSIM values between pre-
and post-harmonization images, focusing solely on the proposed model’s per-
formance when transferring images to the scanner-free space. The results are
reported in Section 6.2.3.
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Scanner Model Manufacturer Dataset Img. # Total

Test

Trio SIEMENS SALD 494/494

796

Achieva dStream Philips RIN 17/17

DISCOVERY MR750 GE RIN 23/23

Ingenia CX Philips RIN 23/23

Prisma SIEMENS RIN 40/40

Skyra SIEMENS RIN 12/12

Skyra Fit SIEMENS RIN 3/3

Triotim SIEMENS PPMI 41/41

Gyroscan Intera Philips IXI 72/322

Unknown GE IXI 74/74

Table 4: Description of the healthy controls test datasets, including details on scanner

types, manufacturers, source datasets, and number of images.

5.4. Downstream Analysis

This section describes the downstream analysis conducted to evaluate the
impact of harmonization on extracting biologically meaningful information
from MRI data, comparing the proposed model with benchmark methods.
We specify the datasets used for each analysis and detail the procedure. The
results are presented in Section 6.3. Specifically, we perform a series of down-
stream analyses to assess whether harmonization enhances the reliability and
predictive power of MRI-based biomarkers:

1. Age Prediction: We explore whether harmonization enhances the
accuracy of predicting personal age based on MRI-derived features.

2. Reduction of Inter-Scanner Variability: We quantify how harmo-
nization reduces variability in MRI-derived brain volumes caused by
di!erences in scanning protocols and equipment.

3. AD vs. Healthy Classification: We examine whether harmoniza-
tion improves the ability to distinguish between AD patients and healthy
controls, focusing on predictive performance.

4. Diagnosis Prediction: We investigate the impact of harmonization
on classifying mild cognitive impairment (MCI) due to AD and AD
dementia.

These analyses are designed to assess the degree to which harmonization im-
proves the consistency and robustness of MRI-based biomarkers, ultimately
enhancing their clinical and research applications. The volumetric variables
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used in these analyses were extracted using a custom pipeline implemented
in FreeSurfer [8].

5.4.1. Age Prediction Task
The objective of the analysis is to determine whether harmonization en-

hances the accuracy of personal age prediction based on MRI-derived fea-
tures. Specifically, we employed a simple linear model to predict age using
a set of volumetric variables extracted from MR images. The variables se-
lected are those most strongly associated with aging [35, 16, 44], including
total gray matter volume (TGV), subcortical gray volume (SGV), supra-
tentorial volume, cortex volume (CV), cerebral white matter volume, left
lateral ventricle volume, left hippocampus volume (LHV), left amygdala vol-
ume, and left putamen volume (LPV). We considered the test images from
healthy controls described in Table 4. The model was applied to volumes
extracted from raw MRI scans before any preprocessing or harmonization,
as well as after applying each harmonization method under evaluation. To
ensure robust comparisons, we perform 10-fold cross-validation and report
the mean and standard deviation of the coe”cient of determination (R²),
the root mean square error (RMSE), and the Bayesian Information Criterion
(BIC). The results are presented in Section 6.3.1).

5.4.2. Inter-Scanner Variability in MRI-Derived Brain Volumes
We aimed to evaluate the extent to which harmonization reduces inter-

scanner variability in MRI-derived brain volumes. Specifically, we focused
on a subset of the variables used in Section 5.4.1, consisting of five volume
variables extracted from MR images: TGV, SGV, CV, LHV, and LPV. To
quantify the reduction in inter-scanner variability, we employed linear mixed-
e!ects models (LMM) to predict these volumes based on age, treating scanner
groups as random e!ects. The LMM is defined as follows:

yij = ω0 + ω1xij + uj + εij

where yij and xij represent the age and volume, respectively, for individual i
scanned using scanner j. Here, ω0 is the fixed intercept, and ω1 is the fixed-
e!ect coe”cient for volume. The term uj represents the random e!ect for
scanner group j, assumed to be normally distributed with variance ϑ2

u. εij is
the residual error term, assumed to be normally distributed with variance ϑ2

ω .
The random e!ect uj captures between-group variance, whereas the residual
error εij captures within-group variance.

22

https://github.com/alessioc17/Pipeline-Freesurfer.git


The model was applied to both pre-harmonization and post-harmonization
data. In either case, we calculated three metrics: (1) the intraclass corre-
lation coe”cient (ICC) to measure the proportion of variability of the de-
pendent variable due to scanner group di!erences. An ICC value close to
1 suggests that most of the variability in the outcome is due to di!erences
between scanner groups, indicating a strong group-level influence on the de-
pendent variable. This implies that a substantial portion of the variance in
the predicted age is attributable to the scanner, reducing the reliability of
volume as a biomarker of age. Conversely, an ICC value near 0 implies that
variability is primarily within groups, suggesting that scanner e!ects have
minimal impact on the outcome; (2) the marginal R2 (R2

m), which reflects
how much of the total variance is explained by the fixed e!ects, excluding
the contribution of the random e!ects; and (3) the BIC for both the LMM
and the corresponding linear model (LM) that do not consider explicitly the
random e!ects. We report the di!erence in BIC between the LM and the
LMM (denoted as #BIC). A lower #BIC indicates that incorporating the
scanner variable as a random e!ect yields minimal improvement in model fit.
A higher#BIC suggests a significant contribution of the scanner variable as a
random e!ect. For this analysis, we considered the test images from healthy
controls described in Table 4, excluding scanners with fewer than 15 images.
Thus, j ↑ {Achieva dStream; DISCOVERY MR750; Ingenia CX; Prisma;
Gyroscan Intera; Unknown (IOP); Triotim (PPMI); Triotim (SALD)}. The
results are presented in Section 6.3.2.

5.4.3. Classification of Alzheimer’s Disease (AD) vs. Healthy Patients
We evaluated the e!ectiveness of harmonization in enhancing the biolog-

ical information for a classification task distinguishing between healthy and
AD patients. The variability introduced by the scanner e!ects can negatively
a!ect classifier training, leading to a less accurate model. To evaluate this,
we selected 102 MR images of healthy patients from the RIN, IXI, and PPMI
test datasets (Table 4) and 102 images of AD patients from the NeuroArtP3
and ADNI3 datasets, both before and after harmonization. We trained a
vanilla 3D CNN classifier 10 times with 10 di!erent random splits, each com-
posed of 132 MR images for training and 72 for testing. The splits were
chosen to maintain an equal number of healthy control and AD images in
both the training and test sets. For both our model and the two compet-
ing approaches, we employed the same classifier architecture and identical
training configurations in each iteration to ensure a fair and consistent com-
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parison. The results are presented in Section 6.3.3).

5.4.4. Diagnosis Prediction
We explored the e!ect of harmonization on classification performance

in distinguishing between MCI and AD dementia. The dataset used for
this analysis includes the 41 subjects from the NeuroArtP3 dataset. We as-
sessed performance by comparing volumes extracted from the 41 raw MRI
scans before harmonization with volumes processed through preprocessing
and harmonization using each of the evaluated methods. To include as much
information as we could, we considered 57 volume-related variables from the
brain regions extracted from the images. To reduce dimensionality, we ap-
plied principal component analysis (PCA) and retained the number of com-
ponents that explain 70% of the variance, which provides an optimal trade-o!
between variance explained and model complexity across all scenarios. We
then use the principal components (PCs) for logistic regression modeling of
the classification task. For performance evaluation, we report the area under
the ROC curve (AUC), which quantifies the model’s ability to di!erentiate
between MCI and AD dementia. An AUC of 0.5 corresponds to random per-
formance, while an AUC of 1.0 indicates perfect classification. Higher AUC
values reflect better performance in distinguishing the two conditions. The
results are presented in Section 6.3.4).

6. Results

6.1. Ablation Study Results

We present the results of the ablation study as provided in Table 5. Be-
fore harmonization, the mean and standard deviation of the JSD values were
0.17± 0.08 and thus we reject the AD-test null hypothesis (p-value ⇐ 0.05).
In Table 5, for each model setup, considering data after harmonization, we
indicate whether the null hypothesis of the AD-test is accepted or rejected,
with acceptance suggesting the e!ectiveness of harmonization. The results of
the ablation study show that all tested components are crucial for enhancing
the model’s performance. After harmonization, the similarity between distri-
butions across all models increases significantly in terms of JSD, resulting in
comparable means and standard deviations. For all evaluated models, except
the one without attention layers, we accept the null hypothesis of the AD
test, indicating successful harmonization. Regarding the quality of generated
images and structural preservation, the model incorporating all components

24



performs the best, as evidenced by higher SSIM scores and lower LPIPS and
FID scores. In addition, the ablation study reveals substantial improvements
over the baseline DISARM in both image quality and structural preservation.
The findings also confirm that the evaluation metrics e!ectively capture dif-
ferent aspects of the generated images. For instance, while the model without
latent loss has a lower SSIM than the one without attention layers, it achieves
a better FID score.

Setup Lsf LKL Llat Att.

Lay.

Part.

Vol.
SSIM FID LPIPS

JS-div

(Post)
AD-test

DISARM++ ✁ ✁ ✁ ✁ ✁ 0.983 ± 0.006 18.6 0.10±0.02 0.008 ± 0.002 ✁

w/o Lsf ✂ ✁ ✁ ✁ ✁ 0.964 ± 0.008 30.5 0.15±0.03 0.004 ± 0.001 ✁

w/o LKL ✁ ✂ ✁ ✁ ✁ 0.960 ± 0.007 35.5 0.14±0.03 0.003 ± 0.002 ✁

w/o Llat ✁ ✁ ✂ ✁ ✁ 0.975 ± 0.005 25.4 0.14±0.03 0.006 ± 0.002 ✁

w/o Att.Lay. ✁ ✁ ✁ ✂ ✁ 0.979 ± 0.007 35.3 0.13±0.02 0.012 ± 0.005 ✂

DISARM ✂ ✁ ✁ ✂ ✂ 0.958 ± 0.009 35.0 0.20±0.03 0.007 ± 0.002 ✁

Table 5: Summary of the ablation study results, with each row representing a di!erent

model configuration and its corresponding evaluation results.

6.2. Harmonization Results

This section presents the results of the harmonization assessments de-
scribed in Section 5.3.2.

6.2.1. Visual Assessment of Harmonization
Figures 6, 7, and 8 present the visualizations described in Section 5.3.2.

DISARM++ demonstrates a significantly stronger harmonization e!ect than
both IGUANe and STGAN, leading to a more uniform visual appearance
across all directions in the images acquired with the ten di!erent scanners.
This is further emphasized by the heatmaps, which reveal a stronger e!ect
for DISARM++, followed by STGAN, while IGUANe’s heatmaps are the
least pronounced.
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DISARM++ Healthy Montage
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Figure 6: DISARM++ harmonization visual assessment. The figure displays slices from

the axial, coronal, and sagittal dimensions for 10 original images — one per test scanner

— alongside their corresponding harmonized slices. Heatmaps illustrate the pixel-wise

di!erences between the harmonized images and their original counterparts.
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IGUANe Healthy Montage
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Figure 7: IGUANe harmonization visual assessment. The figure displays slices from the

axial, coronal, and sagittal dimensions for 10 original images — one per test scanner

— alongside their corresponding harmonized slices. Heatmaps illustrate the pixel-wise

di!erences between the harmonized images and their original counterparts.
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STGAN Healthy Montage
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Figure 8: STGAN harmonization visual assessment. The figure displays slices from the

axial, coronal, and sagittal dimensions for 10 original images — one per test scanner

— alongside their corresponding harmonized slices. Heatmaps illustrate the pixel-wise

di!erences between the harmonized images and their original counterparts.

6.2.2. Assessment of Anatomical Structure Preservation and Scanner Char-
acteristics Transfer

In this section, we evaluate the proposed model’s ability to preserve
anatomical structures and transfer scanner-specific characteristics as outlined
in Section 5.3.2, comparing it with the benchmark models.

Regarding the preservation of anatomical structure, Table 6 presents the
means and standard deviations of Struct-SSIM across all test images. Both
IGUANe and STGAN achieve slightly higher scores than DISARM++. How-
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ever, when assessing anatomical preservation, the presence of large black bor-
ders in skull-stripped images—compared to non-skull-stripped images—presents
a notable challenge. These black regions, resulting from the removal of non-
brain tissues during skull-stripping, are uniform and low-intensity, which can
inflate similarity scores. Consequently, the Struct-SSIM may yield high val-
ues as it considers the black borders structurally similar between the original
and harmonized images. This likely explains why IGUANe and STGAN
exhibit slightly higher Struct-SSIM scores compared to DISARM++, even
though the results remain visually similar, as shown in the previous section.
Moreover, we deliberately avoid skull-stripping in our method for several rea-
sons. First, since skull-stripping would need to be performed both before and
after harmonization—unlike in other models—BET might inconsistently re-
move some non-brain areas at di!erent stages, leading to discrepancies that
negatively impact the Struct-SSIM scores. Second, skull-stripping is com-
putationally expensive; for instance, HD-BET [12] takes approximately ten
minutes per image on a CPU, significantly increasing processing time. Fi-
nally, we choose to retain the skull to maintain the integrity of the original
anatomical structures, which is particularly beneficial for applications be-
yond brain tissue analysis, such as studies involving head trauma or cranial
deformities.

In terms of transferring scanner-specific characteristics, Table 6 summa-
rizes the means and standard deviations of all pairwise distribution com-
parisons after harmonization in terms of JSD, HD, and WD. Comprehen-
sive heatmaps displaying all pairwise values for each model before and after
harmonization across all three metrics can be found in Appendix D of the
Supplementary Materials. DISARM++ — including both the scanner-free
and reference scanner harmonization approaches — demonstrates the best
overall performance, yielding the lowest metric values. For both harmoniza-
tion strategies, the bootstrap t-test results in a p-value ⇐ 0.05, confirming
a significant increase in distribution similarity across all three metrics. The
negative confidence intervals (Table 6) highlight the substantial increase in
similarity. IGUANe shows higher means and standard deviations for JSD,
HD, and WD compared to DISARM++, with bootstrap t-tests indicating
a statistically significant but minor improvement in distribution similarity.
Similarly, STGAN exhibits higher means and standard deviations for JSD,
HD, and WD than DISARM++ but demonstrates statistically significant im-
provements across all three metrics — greater than IGUANe, yet still lower
than DISARM++.
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Figure 9 visually compares the mean voxel intensity distributions for each
test scanner before and after harmonization for the three models. This visual
comparison supports the previously described metric results and statistical
test outcomes, demonstrating that DISARM++ has a more substantial e!ect
between pre- and post-harmonization and leads to better alignment of the
distributions after harmonization.

The metric results and the visualizations of the voxel intensity distribu-
tions presented in this section further support the visual assessment discussed
in the previous section.

Metric
DISARM++

(Scanner-free)

DISARM++

(Gyroscan Intera)

IGUANE

(SALD)

STGAN

(Gyroscan Intera)

Struct-SSIM 0.986 ± 0.005 0.986 ± 0.005 0.996 ± 0.001 0.997 ± 0.001

JSD (Post) 0.009 ± 0.004 0.010 ± 0.004 0.1281 ± 0.1004 0.0612 ± 0.0373

JSD (95% CI) [↔0.23,↔0.16]↑ [↔0.22,↔0.16]↑ [↔0.04,↔0.01]↑ [↔0.06,↔0.02]↑

HD (Post) 0.154 ± 0.038 0.162 ± 0.037 0.6082 ± 0.2643 0.4154 ± 0.1496

HD (95% CI) [↔0.68,↔0.52]↑ [↔0.65,↔0.51]↑ [↔0.09,↔0.02]↑ [↔0.16,↔0.05]↑

WD (Post) 2.173 ± 0.962 2.059 ± 0.880 14.329 ± 7.891 13.548 ± 5.814

WD (95% CI) [↔6.71,↔4.55]↑ [↔6.66,↔4.61]↑ [↔4.05,↔1.26]↑ [↔5.38,↔1.71]↑

Table 6: Comparison of harmonization methods on healthy controls MR scans concerning

the preservation of anatomical structures and the transfer of scanner characteristics. The

asterisks denote significant values.
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Figure 9: Comparison of mean voxel intensity distributions from the 10 test scanners

before and after harmonization using DISARM++, IGUANe, and STGAN.

6.2.3. Traveling Subjects
With reference to Table 7, we evaluate the proposed model and compare

it to the benchmark models using the traveling subject dataset as described
in Section 5.3.2. The results show that DISARM++ leads to a significant im-
provement in SSIM after harmonization for all subjects in the dataset, with
the 95% CI consistently ranging from 0.13 to 0.24, indicating a robust and
significant improvement. In contrast, IGUANe shows a significant increase in
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SSIM in only three of the seven subjects and the observed gains are consid-
erably smaller than those achieved by DISARM++. For two subjects, there
is a slight but significant decrease in SSIM post-harmonization, while for the
remaining two subjects, no significant increase is observed. For STGAN, a
significant improvement in SSIM is observed in all seven subjects, with 95%
CI consistently ranging from 0.02 to 0.04. These confidence intervals contain
substantially smaller values compared to those of DISARM++, indicating a
much less pronounced improvement. Nonetheless, STGAN consistently out-
performs IGUANe, where the SSIM increase is limited to just three subjects,
and the 95% CI consistently ranges from 0.002 to 0.011.

Moreover, we provide a visual comparison of the harmonization results in
Figure 10. For subject 1, we display a sagittal slice from three MR images
acquired using di!erent scanners, showing both pre- and post-harmonization
slices, along with heatmaps of pixel-wise di!erences. For subject 6, we present
coronal slices, and for subject 9, we show axial slices. DISARM++ demon-
strates a significant improvement between pre- and post-harmonization slices,
resulting in harmonized slices with a much more similar visual appearance
with respect to IGUANe and STGAN. This visualization further confirm the
SSIM metric results.
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DISARM++

Subj.
SSIM

(pre-harm)

SSIM

(post-harm)
SSIM (95% CI)

1 0.633 ± 0.119 0.821 ± 0.05 [+0.160,+0.218]↑

2 0.659 ± 0.123 0.817 ± 0.06 [+0.130,+0.186]↑

3 0.642 ± 0.114 0.806 ± 0.05 [+0.139,+0.191]↑

6 0.602 ± 0.122 0.785 ± 0.06 [+0.150,+0.216]↑

7 0.605 ± 0.138 0.804 ± 0.05 [+0.155,+0.242]↑

8 0.609 ± 0.128 0.800 ± 0.06 [+0.159,+0.219]↑

9 0.617 ± 0.114 0.801 ± 0.05 [+0.155,+0.213]↑

IGUANe

Subj.
SSIM

(pre-harm)

SSIM

(post-harm)
SSIM (95% CI)

1 0.910 ± 0.03 0.911 ± 0.02 [↔0.002,+0.005]

2 0.916 ± 0.03 0.922 ± 0.02 [+0.003,+0.0009]↑

3 0.917 ± 0.03 0.917 ± 0.03 [↔0.001,+0.002]

6 0.922 ± 0.02 0.919 ± 0.02 [↔0.005,↔0.002]↑

7 0.916 ± 0.03 0.911 ± 0.03 [↔0.008,↔0.002]↑

8 0.916 ± 0.03 0.922 ± 0.02 [+0.002,+0.008]↑

9 0.913 ± 0.03 0.921 ± 0.02 [+0.005,+0.011]↑

STGAN

Subj.
SSIM

(pre-harm)

SSIM

(post-harm)
SSIM (95% CI)

1 0.881 ± 0.03 0.916 ± 0.03 [+0.030,+0.040]↑

2 0.898 ± 0.03 0.932 ± 0.02 [+0.028,+0.040]↑

3 0.896 ± 0.03 0.919 ± 0.03 [+0.021,+0.026]↑

6 0.886 ± 0.04 0.919 ± 0.02 [+0.028,+0.039]↑

7 0.886 ± 0.03 0.916 ± 0.03 [+0.024,+0.035]↑

8 0.900 ± 0.03 0.925 ± 0.02 [+0.021,+0.029]↑

9 0.887 ± 0.04 0.917 ± 0.03 [+0.026,+0.036]↑

Table 7: Mean SSIM values and standard deviations across all image pairs for each subject

evaluated, both before and after harmonization, comparing DISARM++, IGUANe, and

STGAN. The 95% confidence intervals indicate the di!erences in SSIM between pre- and

post-harmonization.
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Figure 10: Visual harmonization comparison for traveling subjects. For Subject 6, we

present sagittal slices of MR images acquired with three di!erent scanners, both before

and after harmonization, along with heatmaps showing pixel-wise di!erences. Similarly,

for Subject 1, we provide coronal slices, and for Subject 9, we display axial slices.

6.3. Downstream Analysis Results

This section presents the results of the downstream analysis described in
Section 5.4.

6.3.1. Age Prediction Task
We present the results of the downstream analysis described in Sec-

tion 5.4.1, i.e., the age prediction task. With reference to Table 8, the
DISARM++ model outperforms all others, achieving the highest R

2 score
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(→ 0.60 ± 0.05), the lowest RMSE (→ 0.168 ± 0.008), and the best BIC score
(→ ↘455.4 ± 7.6). These results demonstrate DISARM++’s superior pre-
dictive accuracy and model e”ciency. In contrast, the baseline raw images
exhibit significantly lower performance, while STGAN provides only marginal
improvements over the baseline and remains inferior to DISARM++. Finally,
IGUANe performs slightly worse than the baseline.

Metric Raw Images
DISARM++

(Scanner-free)

IGUANE

(SALD)

STGAN

(Gyroscan Intera)

R2
0.5209 ± 0.1126 0.6042 ± 0.0495 0.4879 ± 0.0665 0.5290 ± 0.1177

RMSE 0.1873 ± 0.0259 0.1684 ± 0.008 0.1941 ± 0.018 0.1871 ± 0.034

BIC ↔353.6 ± 12.6 →455.4 ± 7.6 ↔266.6 ± 12.9 ↔374.3 ± 10.0

Table 8: Comparison of models on age prediction task. Bold font denotes the best results.

6.3.2. Inter-Scanner Variability in MRI-Derived Brain Volumes

Var. Metrics Raw Images
DISARM++

(Scanner-free)

IGUANe

(SALD)

STGAN

(Gyroscan Intera)

TGV

ICC (%) 60.19 11.43 55.91 27.59

Rm (%) 22.37 50.36 32.65 41.81

”BIC + 287 +18 + 417 + 95

SGV

ICC (%) 54.28 7.21 58.60 15.39

Rm (%) 19.67 29.17 32.62 26.65

”BIC + 246 → 5 + 383 + 25

CV

ICC (%) 57.84 16.46 49.21 26.88

Rm (%) 22.87 51.12 27.81 40.28

”BIC + 271 +34 + 382 + 93

LHV

ICC (%) 42.61 12.80 40.52 24.89

Rm (%) 11.64 13.44 12.91 3.71

”BIC + 204 +22 + 223 + 113

LPV

ICC (%) 47.28 13.08 39.13 23.39

Rm (%) 16.30 25.99 12.85 15.79

”BIC + 203 +17 + 262 + 66.39

Table 9: Comparison of inter-scanner variability in volumes extracted from images before

preprocessing and harmonization, and after applying all harmonization models. The #BIC

represents the di!erence between the metric computed without and with random e!ects.

Bold font denotes the best results.

In this section, we present the results of the downstream analysis de-
scribed in Section 5.4.2, concerning the inter-scanner variability assessment
in MRI-derived brain volumes. The three metrics for all five variables are
presented in Table 9. DISARM++ harmonization, across all five variables,
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significantly reduces inter-scanner variability, as evidenced by a substantial
decrease in the ICC (e.g., ICC for TGV drops from → 60% to → 11%). Fur-
thermore, harmonization increases the proportion of variance explained by
fixed e!ects alone (e.g., Rm for TGV rises from → 22% to → 50%). Before
preprocessing, the BIC for the models with random e!ects are significantly
lower than that for the models without, indicating that random e!ects are
essential for a better model fit (e.g., #BIC → +287 for TGV). Following
DISARM++ harmonization, the BIC for the models without random ef-
fects become comparable to, or even lower than, that for the models with
random e!ects, suggesting that random e!ects are no longer crucial for pre-
dicting the outcome (e.g., #BIC → ↘5 for SGV). In contrast, both STGAN
and IGUANe harmonization yield a smaller reduction in inter-scanner vari-
ability, explain a lower proportion of variance via fixed e!ects (except for
SGV in the case of IGUANe), and consistently result in worse #BIC values
across all five variables compared to DISARM++. For instance, the ICC
for TGV is approximately 28% under STGAN harmonization and 56% un-
der IGUANe, compared to only 11% with DISARM++; the Rm is around
42% with STGAN and around 33% with IGUANe, versus 50% with DIS-
ARM++; and the #BIC is roughly +95 for STGAN and +419 for IGUANe,
compared to +18 for DISARM++. Moreover, Figure 11 illustrates the me-
dian volumes for each scanner across the analyzed volume variables, both
before harmonization and after applying the three competing models. Ad-
ditionally, the figures depict the median age for each test scanner, as brain
region volumes generally decline with aging. Among the scanners, IOP and
Triotim (SALD) include the youngest individuals (IQR = [30, 50] and IQR =
[25, 59], respectively), while Triotim (PPMI) has the oldest (IQR = [64, 71]).
In the TGV plot, raw image volumes (blue) reveal that the IOP and Triotim
(SALD) scanners have lower median volumes (IQR = [547, 654] and IQR =
[588, 678], respectively) compared to Achieva dStream (IQR = [668, 763]),
DISCOVERY MR750 (IQR = [691, 750]), Ingenia CX (IQR = [662, 743]),
and Prisma (IQR = [674, 758]), which correspond to scanners with higher
median ages. This observation is counterintuitive, as total brain volume
(TGV) typically decreases with age. After applying DISARM++ (green),
the IOP and Triotim (SALD) scanners exhibit the highest median volumes
(IQR = [654, 724] and IQR = [695, 766], respectively), aligning with the
expected trend of age-related volume reduction. The median values for the
other scanners remain comparable across groups, reflecting their similar age
distributions. Conversely, STGAN (red) produces uniform median values
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across all scanners, indicating that the model homogenizes volumes regard-
less of age distribution di!erences. For instance, IOP (IQR = [719, 773]) and
Triotim (PPMI) (IQR = [733, 774]) display nearly identical median volumes
despite their age disparities. Similarly, IGUANe (purple) results in compa-
rable median volumes for IOP (IQR = [692, 737]), Ingenia CX (IQR = [651,
683]), and DISCOVERY MR750 (IQR = [679, 721]), despite di!erences in
median age. Moreover, IGUANe yields the lowest median volume values for
Triotim (SALD), even though this cohort has the second youngest median
age among all scanners, following IOP.Volumes Lines Plot
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Figure 11: For each volume variable considered, we present the median volumes for each

scanner before preprocessing or harmonization (orange), along with those obtained from

the three competing models: DISARM++ (green), STGAN (red), and IGUANe (purple).

In addition, we report the median age for each test scanner (blue).
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6.3.3. Classification of Alzheimer’s Disease (AD) vs. Healthy Patients
In this section, we present the results of the downstream analysis de-

scribed in Section 5.4.3 investigating the discrimination power between patho-
logical and healthy subjects. Table 10 summarizes the classifier’s perfor-
mance in terms of accuracy, precision, recall, and F1-score. DISARM++
harmonization outperforms the other methods across all four metrics. Ad-
ditionally, Figure 12 displays boxplots showing the distributions of these
metrics after harmonization for each evaluated model. Paired bootstrap t-
tests show that DISARM++ significantly outperforms IGUANe across all
four metrics. Compared to STGAN, DISARM++ shows significantly better
precision, F1 score, and recall, although no significant di!erence in precision
is observed.

DISARM++

(Scanner-free)

IGUANe

(SALD)

STGAN

(Gyroscan Intera)

Pre Post Pre Post Pre Post

Accuracy 0.807 ± 0.05 0.858 ± 0.03 0.731 ± 0.05 0.738 ± 0.05 0.751 ± 0.06 0.757 ± 0.07

Precision 0.784 ± 0.07 0.859 ± 0.03 0.740 ± 0.08 0.744 ± 0.07 0.742 ± 0.06 0.804 ± 0.09

Recall 0.861 ± 0.09 0.861 ± 0.07 0.733±0.101 0.742 ± 0.09 0.775±0.114 0.700 ± 0.19

F1-score 0.816 ± 0.05 0.858 ± 0.03 0.730 ± 0.06 0.737 ± 0.05 0.754 ± 0.07 0.731 ± 0.11

Table 10: Comparison of the classifier quality from all models before and after harmoniza-

tion.
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Figure 12: Comparison of metrics between DISARM++ and IGUANe and between DIS-

ARM++ and STGAN, using a paired bootstrap t-test, post-harmonization harmonization

across the 10 random splits.
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6.3.4. Diagnosis Prediction
This section presents the results of the downstream analysis described in

Section 5.4.4 aiming at the prediction of diagnosis, i.e., AD or MCI. The LR
model trained on raw MRI volumes (without preprocessing or harmoniza-
tion) achieves an AUC of 0.6284. After applying DISARM++ harmoniza-
tion, the AUC significantly improves to 0.9459, highlighting a substantial
enhancement in classification performance. In comparison, STGAN harmo-
nization increases the AUC to 0.7353, reflecting a more moderate improve-
ment. IGUANe achieves an AUC of 0.8176, outperforming STGAN but not
reaching the performance of DISARM++.

7. Discussion

In this study, we introduced a novel approach to harmonizing T1-weighted
MR images acquired from di!erent scanners. Unlike existing harmonization
techniques that focus on standardizing image-derived features, our method
directly harmonizes the brain MRI. This ensures that downstream features
extracted from the harmonized images are inherently consistent, enhancing
their reliability for various analysis. Our image-based approach allows for
image transfer from di!erent scanners in two distinct ways: (1) transferring
images to a scanner-free space, ensuring consistent appearances regardless
of the original scanner source; (2) mapping images to the space of one of
the scanners used in the model’s training, embedding the unique charac-
teristics of the selected scanner into the transferred image. A key strength
of our model lies in its ability to generalize e!ectively to unseen scanners
not included in the training set. We evaluated our method using MR im-
ages from healthy controls across di!erent scanners, traveling subjects, and
patients with AD. Additionally, we tested the model’s performance across
multiple applications, including brain age prediction, biomarkers extraction,
AD classification, and diagnosis prediction. In all cases, our method demon-
strated significant improvements in reliability and predictive accuracy com-
pared to existing state-of-the-art image-based approaches, such as STGAN
and IGUANe. Furthermore, our harmonization model eliminates the need for
time-intensive preprocessing steps, such as skull-stripping, which can intro-
duce errors by either removing brain tissue or retaining non-brain structures.
This feature makes our approach particularly advantageous for applications
requiring analysis of the entire head, such as research on head trauma or cra-
nial deformities. Notably, our method provides a robust tool for harmonizing
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images without the necessity of a new training phase, allowing seamless in-
tegration into various neuroimaging workflows.

8. Conclusions

Our results demonstrate that the proposed harmonization model o!ers
superior performance over existing methods, ensuring reproducible and con-
sistent MRI-based analyses across diverse scanning environments. Impor-
tantly, our model does not require retraining when applied to new data,
making it a practical and scalable solution for large-scale neuroimaging stud-
ies. By improving the harmonization of MR images at the source level rather
than at the feature level, our method enhances the accuracy and reliability of
downstream analyses while reducing preprocessing complexity. The ability
to harmonize images without the need for a new training phase further un-
derscores its e”ciency and adaptability across di!erent applications. Future
work will focus on further optimizing the preprocessing pipeline by elimi-
nating the bias field correction step, which would further streamline image
processing. Additionally, we aim to extend our approach to other imaging
modalities and anatomical regions. To enhance the model’s robustness, fu-
ture studies should include experiments with a broader range of pathologies,
ensuring that the harmonization method remains e!ective across diverse clin-
ical and research settings.
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(NeurArtP3) but restrictions apply to the availability of these data, which
were used under license for the current study, and so they are not publicly
available. Data are however available from the authors upon reasonable re-
quest and with permission of both Italian Neuroimaging Network (RIN) and
Ospedale Policlinico San Martino.
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Appendix

Appendix A: Detailed Description of the MRI Datasets

This section presents a comprehensive overview of the MR T1-weighted
images used in the main manuscript. Tables .11 and .12 provide detailed de-
scriptions of the datasets for healthy controls and Alzheimer’s disease (AD)
patients, respectively. These tables include essential information such as
scanner types, manufacturers, the number of images, field strengths, and
participant age ranges. We obtained T1-weighted MR images of healthy
controls from five distinct datasets. Specifically, the collection comprises
313 images from the Alzheimer’s Disease Neuroimaging Initiative (ADNI3),
acquired using five di!erent scanners; 60 images from the Parkinson’s Pro-
gression Markers Initiative (PPMI), obtained with three scanners; 581 images
from the IXI Brain Development Dataset (IXI), acquired with three scanners;
494 images from the Southwest University Adult Lifespan Dataset (SALD),
captured using a single scanner; and 117 images from a private dataset pro-
vided by the Italian Neuroimaging Network (RIN), collected with six dif-
ferent scanners. For AD patients, the dataset includes 41 MR scans from
the private NeuroArtP3 dataset and 61 MR scans from the public ADNI3
dataset. Additionally, we include data from seven subjects in the SRPBS
traveling subjects dataset [40]. Table .13 provides a detailed breakdown of
this dataset, including the number of sites, scanner models, field strengths,
and demographic information (age and sex) of the subjects. The ”Number
of Sites” column represents the locations where each subject underwent MRI
scans, corresponding to the total number of images considered per subject.
In the ”Scanner Models” column, the numbers in parentheses indicate the
count of images obtained using each scanner model across di!erent sites.
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Dataset Scanner Model Manufacturer Img. # Total
Field

Strength
Age

Range

ADNI3
[13]

Achieva dStream Philips 26

313 3.0T 50-95

Prisma Fit SIEMENS 167

Prisma SIEMENS 69

Skyra SIEMENS 38

Achieva Philips 13

PPMI [23]

Achieva dStream Philips 5

60 3.0T 60-80Achieva Philips 14

Triotim SIEMENS 41

IXI [3]

Gyroscan Intera Philips 322

581

1.5T

20-86Intera Philips 185 3.0T

Unknown GE 74 1.5T

SALD [47] Trio SIEMENS 494 494 3.0T 19-80

RIN [25]

Achieva dStream Philips 17

115 3.0T 49-80

DISCOVERY MR750 GE 20

Ingenia CX Philips 23

Prisma SIEMENS 40

Skyra SIEMENS 12

Skyra Fit SIEMENS 3

Table .11: Healthy controls datasets description, including scanner types, manufacturers,

number of images, field strengths, and participant age range.
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Dataset Scanner Model Manufacturer Img. # Total
Field

Strength
Age

Range

NeuroArtP3
[22]

Achieva Philips 17

41 1.5T 63-81

Genesis Signa GE 6

Signa HDxt GE 14

Ingenia Philips 2

Intera SIEMENS 1

Magnetom Espree SIEMENS 1

ADNI3
[13]

Prisma SIEMENS 9

61 3.0T 55-89

Ingenia Philips 5

Prisma Fit SIEMENS 20

Biograph mMR SIEMENS 2

Skyra SIEMENS 11

Triotim SIEMENS 3

Ingenia Elition X Philips 1

Verio SIEMENS 5

Achieva Philips 1

Achieva dStream Philips 4

Table .12: Alzheimer’s Disease (AD) patients datasets description, including scanner types,

manufacturers, number of images, field strengths, and participant age range.
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Dataset Subject
No.
Sites

Scanner Models
Field

Strength
Age Sex

SRPBS
[40]

1 10
Triotim, Verio (2), Spectra,
Signa HDxt, Achieva (3),
DISCOVERY MR750w, Skyra

3T 25 M

2 10

Triotim (2), Verio (2),
Spectra, Signa HDxt, Skyra,
DISCOVERY MR750w,
Achieva (2)

3T 27 M

3 9
Triotim, Verio (2), Spectra,
Signa HDxt, Achieva (3),
Skyra

3T 26 M

6 10
Triotim (2), Verio (2),
Spectra, Signa HDxt, Achieva
(3), Skyra

3T 24 M

7 8
Triotim, Verio, Spectra, Signa
HDxt, Achieva (3), Skyra

3T 25 M

8 11

Triotim (2), Verio (2),
Spectra, Signa HDxt, Achieva
(3), DISCOVERY MR750w,
Skyra

3T 28 M

9 10
Triotim, Verio (2), Spectra,
Signa HDxt, Achieva (3),
DISCOVERY MR750w, Skyra

3T 30 M

Table .13: Description of the subjects from the SRPBS [40] traveling subject dataset,

including the number of sites, scanner models, field strength, age, and sex. The number

of sites column (”No. Sites”) indicates the locations where each subject underwent MRI

scans, corresponding to the total number of images considered for each subject. In the

”Scanner Models” column, numbers in parentheses represent the count of images acquired

with the specified scanner model across di!erent sites.

Appendix B: Additional Details on Training Procedure

Table .14 provides details on the loss weights used during model training, the
dimensions of the spaces B and S, and the number of training iterations.

ωcc ωrec ωlat ωKL ωsf ω
b
adv ω

s
cls ω

s
adv dim(B) dim(S) Number of

Iterations

10 10 8 0.01 7 1 3 10 (91, 109, 91) 16 69k

Table .14: Implementation details.
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Appendix C: Additional Details on the Experiments

In this section, we provide additional details regarding the experiments dis-
cussed in Section 5 of the main manuscript.

Detailed Description of the Evaluation Metrics and Statistical Tests

We outline the metrics and statistical tests used to evaluate the performance
of harmonization methods and describe how they are applied.

Anatomical Structure Metrics
For the assessment of anatomical structure preservation and the quality of
generated images, we employ four metrics: (1) the structural component of
the SSIM index [46], referred to as Struct-SSIM, the complete SSIM index
[46], the Learned Perceptual Image Patch Similarity (LPIPS) metric [48],
and the Fréchet Inception Distance (FID) [11].

Complete SSIM and Structural SSIM
The complete SSIM index [46] evaluates similarity considering luminance,
contrast, and structure. A higher SSIM score indicates greater overall sim-
ilarity. In our context, it is used to measure the similarity between harmo-
nized images in the traveling subject dataset. The structural component of
the SSIM index [46], referred to as Struct-SSIM, focuses on assessing the sim-
ilarity of structural patterns between the reference and generated images by
comparing local spatial structures independently of luminance and contrast,
evaluating the preservation of fine details and spatial coherence. A higher
Struct-SSIM score indicates greater structural similarity. In our context, it
is used to measure the structural similarity between the original images and
their harmonized versions. Since these metrics are defined for 2D images, to
assess the similarity between two 3D MR scans, we calculate the metric for
each slice in all three directions (sagittal, coronal, axial) and then average
the results to obtain the overall similarity of the two 3D MR scans. The
mathematical definitions of SSIM and Struct-SSIM are given as follows:

SSIM(x, y) =
(2µxµy + C1)(2ϑxy + C2)

(µ2
x + µ2

y + C1)(ϑ2
x + ϑ2

y + C2)
; (.1)

Struct-SSIM(x, y) =
ϑxy + C3

ϑxϑy + C3
(.2)
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where µx and µy are the means, ϑ2
x and ϑ

2
y are the variances, and ϑxy is the

covariance between images x and y. The terms C1, C2, and C3 are small
constants for numerical stability.

Learned Perceptual Image Patch Similarity (LPIPS)
The Learned Perceptual Image Patch Similarity (LPIPS) metric [48], which
measures perceptual similarity between two images by comparing feature ac-
tivations from a deep neural network, making it sensitive to semantic and tex-
tural di!erences and aligned with human visual perception. A lower LPIPS
score indicates higher similarity. As the first index, we use the LPIPS to
evaluate the perceptual similarity between pairs of original and harmonized
images. Specifically, since LPIPS is defined for RGB 2D images, the com-
parison is performed by extracting 2D slices from the MRI volumes and
converting them to RGB by replicating the single channel across the three
color channels. Finally, given the computational intensity of LPIPS, we limit
comparisons to a subset B of central slices for each of the T images consid-
ered. This process is applied across axial, sagittal, and coronal orientations,
and the final LPIPS value is the average across all 3≃B≃T slice comparisons.
The LPIPS formula is given by:

LPIPS(x, y) =
∑

l

1

HlWl

∑

h,w

↓wl

(
f
l(x)hw ↘ f

l(y)hw
)
↓2 (.3)

where f l(x) and f
l(y) are the deep features at layer l for images x and y, wl

are the learned weights, and Hl and Wl denote the height and width of the
feature map at layer l.

Fréchet Inception Distance (FID)
The Fréchet Inception Distance (FID) [11], which quantifies the distribu-
tional similarity between real and generated images by comparing their fea-
ture embeddings extracted from a pre-trained Inception network, e!ectively
assessing the overall quality and realism of the generated images, with lower
values indicating closer alignment to the real data distribution. Similar to
the LPIPS, the FID is defined for RGB 2D images, so we apply the same
conversion process. However, since FID compares sets of real and generated
images and outputs a single scalar value, we compute it by comparing the
set of original images with the set of harmonized images. Specifically, we
extract B central slices from each of the T images considered for both the
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original and harmonized sets. This results in two sets, each containing B≃T

slices. The FID is computed by comparing these sets separately for the axial,
sagittal, and coronal orientations. Finally, the overall FID score is obtained
by averaging the FID values from all three orientations. The FID formula is
given by:

FID = ↓µr ↘ µg↓2 + Tr

(
$r + $g ↘ 2

√
$r$g

)
(.4)

where µr and µg represent the means, and $r and $g are the covariances of
the real and generated image features.

Harmonization Metrics
To evaluate the transfer of scanner characteristics, we assessed the similarity
of voxel intensity distributions before and after harmonization using three
metrics: Jensen-Shannon Divergence (JSD) [19], Hellinger Distance (HD)
[17, 31], and Wasserstein Distance (WD) [43]. Practically, given the MRI
scans having dimension (1, H,W,D) — where H represents height, W repre-
sents width, and D represents depth — we computed these metrics based on
the set of 1≃H≃W≃D voxel intensity distributions derived from MRI scans,
considering pre- and post-harmonization data. Specifically, we compute the
empirical distribution by estimating the underlying probability distribution
of the voxel intensities for each unfolded image, and we average the distri-
butions of images belonging to the same scanner. In this way, we obtain G

distributions — with G being the number of the test scanners — from pre-
harmonization images and G distributions from post-harmonization images.
In each of the two sets of G distributions, we computed the values for the
three metrics across all possible pairs to quantify the similarity between them.
Therefore, when reporting these metrics, we present the mean and standard
deviation of all pairwise comparison values, providing a general assessment
for all scanners. We perform this step for both pre-harmonization and post-
harmonization sets, enabling the comparison of the similarity between the
distributions before and after harmonization. To statistically evaluate the
e!ectiveness of harmonization, we perform a paired t-test comparing the
values of the similarity metrics before and after harmonization. This test
assesses whether the mean di!erence is significantly di!erent from zero. If
the di!erences do not follow a normal distribution, we employ a bootstrap
paired t-test, resampling the data to estimate the distribution of di!erences.
We report the 95% confidence interval (CI) for these di!erences; if the CI
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does not include zero, it indicates a significant e!ect of harmonization on
voxel intensity similarity.

Besides the three aforementioned indexes, in certain analyses, we also em-
ployed the K-sample Anderson-Darling test (AD-test) [33], a non-parametric
test that evaluates whether multiple samples originate from the same dis-
tribution. This test was applied to the set of G distributions, separately
for pre- and post-harmonization images. If we accept the null hypothesis, it
suggests no significant di!erence between distributions, indicating successful
harmonization. Conversely, rejecting the null hypothesis implies that at least
one distribution di!ers, suggesting incomplete harmonization.

Jensen-Shannon Divergence (JSD)
The Jensen–Shannon Divergence (JSD) [19] is a symmetric and bounded
metric that quantifies the di!erence between two probability distributions.
Unlike the Kullback–Leibler (KL) divergence, which is asymmetric, the JSD
improves upon it by symmetrizing the measure. This is achieved by comput-
ing the KL divergence of each distribution relative to their average distribu-
tion M = 1

2(P +Q), and then taking the mean of these two values. Formally,
the JSD is defined as the average of the KL divergences from P and Q to M

as:

JSD(P,Q) =
1

2
KL(P↓M) +

1

2
KL(Q↓M) (.5)

where KL(P↓M) is the Kullback-Leibler divergence between P and M . The
JSD is bounded between 0 and log(2), where:

• JSD(P,Q) = 0 indicates that the two distributions are identical.

• JSD(P,Q) = log(2) indicates that the distributions are maximally dif-
ferent.

Because of its symmetry and bounded nature, the JSD is often preferred
for comparing distributions when assessing their similarity or dissimilarity,
especially when dealing with probability distributions that may have di!erent
supports or shapes. It has strong interpretability and guarantees a finite value
even when distributions exhibit significant di!erences.
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Hellinger Distance (HD)
The Hellinger Distance (HD) is a metric derived from the Bhattacharyya
coe”cient, quantifying the similarity between two probability distributions
by focusing on the overlap of their supports. It is particularly useful in
geometric comparisons, measuring the distance between two distributions in
terms of their density overlap. The Hellinger distance is defined as:

HD(P,Q) =
1⇒
2

√∑

x

√
P (x) ↘

√
Q(x)

2

(.6)

where
⇒
P and

⇒
Q represent the square roots of the probability densities P

and Q. The Hellinger distance ranges from 0 to 1:

• HD(P,Q) = 0 indicates that the two distributions are identical.

• HD(P,Q) = 1 indicates that the distributions are completely disjoint.

One of the strengths of the Hellinger distance is its sensitivity to di!erences in
the tails of distributions. This sensitivity can reveal subtle distinctions that
might be overlooked by other metrics. As such, the Hellinger distance is often
preferred in cases where small di!erences in tail behavior are of importance.

Wasserstein Distance (WD)
The Wasserstein Distance (WD) measures the minimal cost of transforming
one distribution into another. This cost is computed based on how much
mass needs to be moved and how far it must be transported to convert
one distribution into another. The Wasserstein distance considers both the
magnitude of di!erences between distributions and the spatial arrangement of
these di!erences. Mathematically, the Wasserstein distance is defined as the
infimum of the total transportation cost over all possible couplings between
the two distributions P and Q:

WD(P,Q) =



R
|FP (x) ↘ FQ(x)| dx (.7)

where FP (x) and FQ(x) are the cumulative distribution functions of P and
Q, respectively. The Wasserstein distance is sensitive to the geometry of
distributions, making it particularly useful when the spatial arrangement
of data is crucial. The Wasserstein distance is unbounded and can take
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arbitrarily large values, especially when the supports of the two distributions
are far apart.

Using all three metrics — Jensen-Shannon Divergence (JSD), Hellinger
Distance (HD), and Wasserstein Distance (WD) — enables a comprehensive
and nuanced assessment of probability distribution similarity. Each metric
highlights di!erent aspects of distributional di!erences:

• JSD: O!ers a symmetric, bounded measure of divergence, e!ective for
general similarity comparisons but may overlook subtle di!erences in
distribution tails.

• HD: Provides sensitivity to small discrepancies, especially in tails,
making it valuable for geometric structure comparisons.

• WD: Captures minimal transformation cost between distributions, con-
sidering both magnitude and spatial arrangement, ensuring deeper in-
terpretability.

By leveraging all three metrics, a more holistic perspective on the similarities
and dissimilarities of probability distributions can be obtained. This multi-
metric approach ensures a robust comparison, especially in complex analyses
where a single measure may not fully capture all relevant information.

Additional details on the Downstream Analysis

This section o!ers further details about the downstream analysis procedures.

Inter-Scanner Variability in MRI-Derived Brain Volumes
In the analysis, we employed Linear Mixed-e!ects Models (LMM) to predict
these volumes based on age, treating scanner groups as random e!ects. The
LMM is defined as follows:

yij = ω0 + ω1xij + uj + εij

where yij and xij represent the age and volume, respectively, for individual i
scanned using scanner j. Here, ω0 is the fixed intercept, and ω1 is the fixed-
e!ect coe”cient for volume. The term uj represents the random e!ect for
scanner group j, assumed to be normally distributed with variance ϑ2

u. εij is
the residual error term, assumed to be normally distributed with variance ϑ2

ω .
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The random e!ect uj captures between-group variance, whereas the residual
error εij captures within-group variance. The ICC and R

2
m are computed as:

ICC =
ϑ
2
u

ϑ2
u + ϑ2

ω

; R
2
m =

ϑ
2
ε

ϑ
2
ε + ϑ2

ω + ϑ2
u

where ϑ
2
ε is the variance explained by the fixed e!ects.

Appendix D: Additional Details on the Results

In this section, we present supplementary information and visualizations
related to the results discussed in Section 6 of the main manuscript.

Visual Assessment of Harmonization

In this section, we provide further details related to Section 6.2.1 of the
main manuscript. Figure .13 displays 10 original images (one from each
test scanner), showing slices from axial, coronal, and sagittal dimensions.
These slices are presented alongside their harmonized counterparts with DIS-
ARM++ to the Gyroscan Intera reference scanner space.
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DISARM++ Healthy Montage - GI

Achieva
dStream

DISCOVERY
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CX Prisma Skyra Skyra Fit Triotim Triotim IOP Gyroscan
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Figure .13: DISARM++ visual assessment of the harmonization to Gyroscan Intera ref-

erence scanner space. The figure displays slices from the axial, coronal, and sagittal

dimensions for 10 original images—one per test scanner—alongside their corresponding

harmonized slices. Heatmaps illustrate the pixel-wise di!erences between the harmonized

images and their original counterparts.

Assessment of Anatomical Structure Preservation and Scanner Characteris-
tics Transfer

In this section, we provide additional details related to Section 6.2.2 of
the main manuscript. Figures .14, .15, and .16 present heatmaps illustrating
all pairwise values for DISARM++, IGUANE, and STGAN before and after
harmonization across the three metrics. Each cell in the heatmaps represents
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the similarity between the mean voxel intensity distributions of a pair of
scanners.JSD Heatmaps
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Figure .14: Heatmaps illustrating the Jensen-Shannon Divergence (JSD) between the mean

distributions of each test scanner pair, both after preprocessing and post-harmonization

using DISARM++, IGUANe, and STGAN, where lower values indicate greater similarity.
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Figure .15: Heatmaps illustrating the Hellinger Distance (H) between the mean distri-

butions of each test scanner pair, both after preprocessing and post-harmonization using

DISARM++, IGUANe, and STGAN, where lower values indicate greater similarity.
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Figure .16: Heatmaps illustrating the Wasserstein Distance (W) between the mean distri-

butions of each test scanner pair, both after preprocessing and post-harmonization using

DISARM++, IGUANe, and STGAN, where lower values indicate greater similarity.
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[32] Roca, V., Kuchcinski, G., Pruvo, J.-P., Manouvriez, D., and Lopes, R.
(2024). Iguane: a 3d generalizable cyclegan for multicenter harmonization
of brain mr images. arXiv preprint arXiv:2402.03227.

[33] Scholz, F. W. and Stephens, M. A. (1987). K-sample anderson–darling
tests. Journal of the American Statistical Association, 82(399):918–924.

[34] Ségonne, F., Dale, A. M., Busa, E., Glessner, M., Salat, D., Hahn, H. K.,
and Fischl, B. (2004). A hybrid approach to the skull stripping problem
in mri. Neuroimage, 22(3):1060–1075.

[35] Sele, S., Liem, F., Mérillat, S., and Jäncke, L. (2020). Decline variability
of cortical and subcortical regions in aging: A longitudinal study. Frontiers
in human neuroscience, 14:363.

[36] Shinohara, R. T., Oh, J., Nair, G., Calabresi, P. A., Davatzikos, C.,
Doshi, J., Henry, R. G., Kim, G., Linn, K. A., Papinutto, N., Pelletier, D.,

61



Pham, D. L., Reich, D. S., Rooney, W., Roy, S., Stern, W., Tummala, S.,
Yousuf, F., Zhu, A., Sicotte, N. L., Bakshi, R., and Cooperative, N. (2017).
Volumetric analysis from a harmonized multisite brain mri study of a sin-
gle subject with multiple sclerosis. American Journal of Neuroradiology,
38(8):1501–1509.

[37] Sled, J. G., Zijdenbos, A. P., and Evans, A. C. (1998). A nonparametric
method for automatic correction of intensity nonuniformity in mri data.
IEEE transactions on medical imaging, 17(1):87–97.

[38] Smith, S. M., Jenkinson, M., Woolrich, M. W., Beckmann, C. F.,
Behrens, T. E., Johansen-Berg, H., Bannister, P. R., De Luca, M., Drob-
njak, I., Flitney, D. E., Niazy, R. K., Saunders, J., Vickers, J., Zhang,
Y., De Stefano, N., Brady, J. M., and Matthews, P. M. (2004). Advances
in functional and structural mr image analysis and implementation as fsl.
Neuroimage, 23:S208–S219.

[39] Takao, H., Hayashi, N., and Ohtomo, K. (2011). E!ect of scanner in lon-
gitudinal studies of brain volume changes. Journal of Magnetic Resonance
Imaging, 34(2):438–444.

[40] Tanaka, S. C., Yamashita, A., Yahata, N., Itahashi, T., Lisi, G., Ya-
mada, T., Ichikawa, N., Takamura, M., Yoshihara, Y., Kunimatsu, A.,
Okada, N., Hashimoto, R., Okada, G., Sakai, Y., Morimoto, J., Naru-
moto, J., Shimada, Y., Mano, H., Yoshida, W., Seymour, B., Shimizu, T.,
Hosomi, K., Saitoh, Y., Kasai, K., Kato, N., Takahashi, H., Okamoto, Y.,
Yamashita, O., Kawato, M., and Imamizu, H. (2021). A multi-site, multi-
disorder resting-state magnetic resonance image database. Scientific data,
8(1):227.

[41] Torbati, M. E., Minhas, D. S., Ahmad, G., O’Connor, E. E., Muschelli,
J., Laymon, C. M., Yang, Z., Cohen, A. D., Aizenstein, H. J., Klunk,
W. E., Christian, B. T., Hwang, S. J., Crainiceanu, C. M., and Tudorascu,
D. L. (2021). A multi-scanner neuroimaging data harmonization using
ravel and combat. Neuroimage, 245:118703.

[42] Tustison, N. J., Avants, B. B., Cook, P. A., Zheng, Y., Egan, A., Yushke-
vich, P. A., and Gee, J. C. (2010). N4itk: improved n3 bias correction.
IEEE transactions on medical imaging, 29(6):1310–1320.

62



[43] Villani, C. (2008). Optimal transport: old and new, volume 338.
Springer.

[44] Walhovd, K. B., Fjell, A. M., Reinvang, I., Lundervold, A., Dale, A. M.,
Eilertsen, D. E., Quinn, B. T., Salat, D., Makris, N., and Fischl, B. (2005).
E!ects of age on volumes of cortex, white matter and subcortical struc-
tures. Neurobiology of aging, 26(9):1261–1270.

[45] Wang, P., Zheng, W., Chen, T., and Wang, Z. (2022). Anti-
oversmoothing in deep vision transformers via the fourier domain analysis:
From theory to practice. arXiv preprint arXiv:2203.05962.

[46] Wang, Z., Bovik, A. C., Sheikh, H. R., and Simoncelli, E. P. (2004).
Image quality assessment: from error visibility to structural similarity.
IEEE transactions on image processing, 13(4):600–612.

[47] Wei, D., Zhuang, K., Chen, Q., Yang, W., Liu, W., Wang, K., Sun, J.,
and Qiu, J. (2017). Structural and functional mri from a cross-sectional
southwest university adult lifespan dataset (sald). bioRxiv, page 177279.

[48] Zhang, R., Isola, P., Efros, A. A., Shechtman, E., and Wang, O. (2018).
The unreasonable e!ectiveness of deep features as a perceptual metric.
In Proceedings of the IEEE conference on computer vision and pattern
recognition, pages 586–595.

[49] Zuo, L., Dewey, B. E., Liu, Y., He, Y., Newsome, S. D., Mowry, E. M.,
Resnick, S. M., Prince, J. L., and Carass, A. (2021). Unsupervised mr
harmonization by learning disentangled representations using information
bottleneck theory. NeuroImage, 243:118569.

[50] Zuo, X.-N., Xu, T., and Milham, M. P. (2019). Harnessing reliability
for neuroscience research. Nature human behaviour, 3(8):768–771.

63



MOX Technical Reports, last issues

Dipartimento di Matematica

Politecnico di Milano, Via Bonardi 9 - 20133 Milano (Italy)

17/2026 Caldera, L.; Bottacini, G.; Cavinato, L.

MAGIC-Flow: multiscale adaptive conditional flows for generation and interpretable

classification

19/2026 Caldera, L.; Cavinato, L.; Ieva, F.

Scanner-agnostic MRI harmonization via SSIM-guided disentaglement

15/2026 Zecchi, A. A.; Sanavio, C.; Cappelli, L.; Perotto, S.; Roggero, A.; Succi, S.

Block encoding of sparse matrices with a periodic diagonal structure

14/2026 Agasisti, T.; Cannistrà, M.; Paganoni, A.M.

Nudging communication for students at risk: experimental evidence from an Italian university

13/2026 Dimola, N.; Coclite, A.; Zunino, P.

Neural Preconditioning via Krylov Subspace Geometry

12/2026 Corbetta A; Logan K.M.; Ferro M; Zuccolo L; Perola M.; Ganna A.; Di Angelantionio E.;Ieva F.

Longitudinal patterns of statin adherence and factors associated with decline in over one million

individuals in Finland and Italy

11/2026 Cicalese, G.; Ciaramella, G.; Mazzieri, I.; Gander, M. J.

Optimized Schwarz Waveform Relaxation for the Damped Wave Equation

10/2026 Dimola, N.; Franco, N. R.; Zunino, P.

Numerical Solution of Mixed-Dimensional PDEs Using a Neural Preconditioner

09/2026 Manzoni, V.; Ieva, F.;Larranaga, A.C.; Vetrano, D.L.; Gregorio, C.

Hidden multistate models to study multimorbidity trajectories

08/2026 Micheletti, S.

    Newmark time marching as a preconditioned iteration for large SPD linear systems   


	Introduction
	Related Works
	Feature-Based Approaches
	Image-Based Approaches
	Contribution and Differences from the Conference Paper

	Methodology
	Mathematical Formulation
	Network Architecture
	Training Process
	Loss Functions
	Inference

	Datasets and Preprocessing
	Datasets
	Preprocessing Steps

	Experiments
	Evaluation Metrics and Statistical Tests
	Anatomical Structure Metrics
	Harmonization Metrics

	Ablation Study
	Comparison with State-of-the-Art
	Benchmarking Methods
	Evaluation Setup

	Downstream Analysis
	Age Prediction Task
	Inter-Scanner Variability in MRI-Derived Brain Volumes
	Classification of Alzheimer's Disease (AD) vs. Healthy Patients
	Diagnosis Prediction


	Results
	Ablation Study Results
	Harmonization Results
	Visual Assessment of Harmonization
	Assessment of Anatomical Structure Preservation and Scanner Characteristics Transfer
	Traveling Subjects

	Downstream Analysis Results
	Age Prediction Task
	Inter-Scanner Variability in MRI-Derived Brain Volumes
	Classification of Alzheimer's Disease (AD) vs. Healthy Patients
	Diagnosis Prediction


	Discussion
	Conclusions

