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Abstract

Pooling brain T1-weighted MRI from multiple sites increases statistical power but intro-
duces non-biological scanner effects that bias analyses. Generative diffusion models gen-
eralize well and train stably, making them attractive for MRI harmonization. However,
most prior 3D works use latent-space diffusion for efficiency, and the compression-decoding
step can introduce blurring that undermines preservation of fine anatomical detail. We
present a patch-level 3D diffusion framework that harmonizes volumes to a chosen target
site while preserving individual anatomy. The model is jointly conditioned on an explicit
anatomical prior derived from each volume and on a learnable site embedding injected
via cross-attention; inference uses manifold-constrained classifier-free guidance to steer site
style without displacing anatomy. Working on overlapping high-resolution patches avoids
decoder-related blurring and preserves fine structural detail. We train on 1,000 scans
pooled from seven public cohorts and evaluate on the SRPBS traveling-subject dataset.
Compared to preprocessed images and three published baselines, our method yields modest
improvements in image similarity (SSIM 0.864 — 0.874) and substantially reduces variance
attributable to site (gray matter: 72.9% — 50.7%; white matter: 59.9% — 21.4%), while
subject-level variability remains high, indicating preservation of biological differences. The
code and model weights will be made available.

Keywords: MRI harmonization, diffusion models, patch-based synthesis, classifier-free
guidance, anatomical representation

1. Introduction

Combining structural magnetic resonance imaging (MRI) from multiple sites increases co-
hort size and statistical power but introduces non-biological scanner/site effects that bias
downstream analyses and reduce reproducibility (Johnson et al., 2007; Abbasi et al., 2024).
Classical statistical harmonization methods such as ComBat (Fortin et al., 2017, 2018) and
its neuroimaging adaptations effectively remove many site-dependent biases for summary
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features (e.g., cortical thickness) but operate on extracted measurements, limiting their use
when image-level consistency is needed.

Image-level harmonization methods have been proposed to mitigate scanner-related vari-
ability (Shah et al., 2011). Beyond classical statistical approaches, most learning-based
solutions rely on U-Net architectures or GAN-style domain translation as DeepHarmony
(Dewey et al., 2019), HACA3 (Zuo et al., 2023), STGAN (Liu et al., 2023) or IGUANe
(Roca et al., 2025), but these models may generalize poorly or alter anatomy when con-
straints are insufficient (Cohen et al., 2018).

Recent diffusion-based harmonization methods (Wu et al., 2026; Lan et al., 2025; Pinaya
et al., 2022) leverage the strong generative fidelity of diffusion models (Dhariwal and Nichol,
2021), usually in latent space for efficiency. They condition denoising on scanner information
to align style while preserving anatomy, but latent diffusion can blur fine structural details:
an aspect we specifically address in the present work.

Two practical challenges limit direct application of diffusion models to full-volume MRI
harmonization. First, volumetric diffusion models are computationally intensive: 3D ar-
chitectures and high-resolution volumes demand large memory and compute budgets, com-
plicating training and inference at clinical resolutions (Wu et al., 2026). Second, latent
diffusion approaches that compress volumes to a lower-dimensional latent space reduce
computational cost but rely on a decoder that may not faithfully reconstruct fine anatomi-
cal details critical in neuroimaging applications (Wu et al., 2026; Pinaya et al., 2022). These
limitations motivate hybrid strategies that preserve anatomical fidelity while maintaining
computational feasibility.

In this work we therefore design a patch-based, anatomy-guided 3D diffusion framework
for multi-site T1 brain MRI harmonization. Working on overlapping high-resolution 3D
patches enables full-resolution synthesis with manageable GPU memory, while an explicit
site-style embedding and a site-invariant anatomical conditioning signal disentangle contrast
from structure during denoising. Compared to latent diffusion, our patch-wise approach pre-
serves fine-grained anatomy; compared to image-to-image GANs, diffusion sampling yields
more stable, higher-fidelity harmonized outputs (Dhariwal and Nichol, 2021; Wu et al.,
2026).

Our contributions are: (i) a 3D patch-level conditional diffusion pipeline that harmo-
nizes MRI volumes to an arbitrary target site while preserving anatomical structure; (ii) an
anatomy-extraction and conditioning strategy (including randomized gamma perturbation
during training) that prevents leakage of site-specific intensity cues into the structural prior;
and (iii) an extensive evaluation on a multi-site traveling-subject dataset (SRPBS) compar-
ing our method to leading baselines (STGAN, HACA3, IGUANe, and non-harmonized
preprocessing) using distributional, segmentation-based and mixed-effects metrics.

2. Methodology

2.1. Overview

We aim to harmonize T1-weighted brain MRI volumes from arbitrary source sites into the
contrast distribution of a chosen target site while preserving subject-specific anatomy. Our
framework operates at the 3D patch level and separates anatomical conditioning from style
(site) conditioning. The main stages are: (i) computation of a site-invariant anatomical
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representation, (ii) paired 3D patch extraction (brain MRI patch, anatomical patch, coarse
anatomical context), (iii) conditional diffusion-based patch generation guided by anatomy
and a learnable site embedding, and (iv) patch-wise inference with overlap and Hann-
weighted aggregation to reconstruct a full harmonized volume (see Fig. 1).
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Figure 1: Owverview of the training pipeline. Anatomical representations are computed from
the input volume, and paired patches (80 x 96 x 80) with coarse anatomical context
are extracted for diffusion-based synthesis. Site labels are embedded and injected
into the model through cross-attention layers.

2.2. Anatomical Representation

We construct a site-invariant anatomical map by suppressing contrast cues. Before comput-
ing anatomy, we apply a random global gamma perturbation inspired by Cackowski et al.
(2021) to the full volume to avoid leaking site information into this prior:

I" = GammaTransform(I;7), v ~ U(Ymin, Ymax),

with I the whole brain MRI image, (Ymin, Ymax) = (—0.5,0.5) during training and v = 0 at
inference. From I7 we extract gradient magnitude and high-frequency components, which
are combined to capture the global structural layout of the brain while preserving fine-
grained anatomical details:

G = HVI’YHQ7 H = ‘I’Y _gghf([y”’

where Gy, . (+) denotes 3D Gaussian smoothing with a kernel size of (2r+1)3 (r = max{1, [3op¢]}).
We combine these terms into a single anatomical map

A=aG+(1-a)H,



HacHE RocA KUCHCINSKI MANOUVRIEZ LOPES

where « is a fixed hyperparameter balancing global structure and fine details. The anatom-
ical map A is quantile-normalized to [—1,1], and a coarse version Acoarse is produced by
trilinear downsampling to provide global context, similarly to the coordinate encoder of
Bieder et al. (2023).

2.3. Patch Extraction

We extract patches of size (80 x 96 x 80), i.e. 50% of each dimension (1/8 of the volume).
During training, patches are randomly sampled inside a brain bounding box; the corre-
sponding A and Acoarse patches are extracted at the same coordinates. During inference,
patches are placed on a dense grid with > 50% overlap.

2.4. Diffusion Model

Formulation. We adopt the denoising diffusion probabilistic model framework of Ho et al.
(2020) and explicitly condition the reverse denoising on two complementary signals: an
anatomical map A that encodes subject-specific morphology, and a site-style embedding S
that encodes scanner-dependent contrast. The forward (noising) process remains standard:

q(@e | me—1) = N (25 /1 = Brae—1, Bi),

with closed-form marginal

t

q(@¢ | o) = N (z; Vo zo, (1 — an)l), o = H(1 — Bs)-

s=1

We parameterize the denoiser to predict the noise conditioned on anatomy and style:
€0 (CL‘t, t, C), C = (Aa Acoarsea S)

This design lets the model recover subject-specific structure from A while using S to modu-
late site contrast during denoising. We train the network with the noise-prediction objective

Luse = Eqgve[lle — €o(me. 2. 0) 3]

where 2y = /oo + /1 — &y €, with xg being the brain MRI patch, and € ~ N(0,I).

Model input The denoiser is a 3D U-Net with multiscale residual blocks and cross-
attention. Inputs are concatenated as [x4, A, Acoarse]- A sinusoidal embedding encodes .
The site-style embedding S is injected to the model at multiple resolutions via the cross-
attentio layer (see 3.2). The output is a single-channel noise prediction.

2.5. Anatomical and Style Conditioning

Anatomy (A, Acoarse)- The anatomical signals are always provided during training and
inference, both via input concatenation and internal cross-attention, which ensures struc-
tural fidelity across local and contextual scales.
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Style embedding (S). Each site has a learnable vector Si. During training, the true
site embedding is used with probability 0.85, while in the remaining 0.15 it is replaced by a
null embedding S = @, effectively removing style-conditioning. The embedder is optimize
jointly to the diffusion model. At inference, harmonization is produced by replacing S with
the target embedding Siarget-

2.6. Classifier-Free Guidance+-+

We use a manifold-constrained classifier-free guidance update (CFG++) (Chung et al.,
2024), adapted to patch-based medical diffusion. Both branches use identical anatomical
inputs (A, Acoarse), only style changes:

€uncond = eg(l't, t; A? Acoarsea S = @), €cond = 69(37157 t; A7 Acoarsea S = Starget)‘

CFG++ treats the unconditional prediction as a manifold anchor and the conditional one
as a tangent direction restricted to the style subspace. Sampling uses:

€= €uncond T A (Econd - Euncond)7

where anatomical consistency is guaranteed because anatomy does not differ between branches.
Compared to classical classifier-free guidance (CFG) (Ho and Salimans, 2022), CFG++
constrains the update to the style-controlled manifold rather than applying a free global
interpolation.

2.7. Inference and reconstruction

During inference, we sample patches using the DDIM scheduler (Song et al., 2020), which
provides a deterministic approximation of the stochastic diffusion process. For each patch
location ¢, the model produces &; conditioned on (A;, Acoarse,is Starget). A separable 3D
Hann window w; is applied before fusion, and the final volume is reconstructed via weighted
averaging:
(v) = 2 wiv) #i(v)
> wi(v)

This approach removes edge artifacts and ensures spatially consistent harmonized volumes.

3. Experiments
3.1. Datasets

Training dataset: Our training set was constructed from seven publicly available datasets
of healthy adults: SALD (Wei et al., 2018), IXI*, OASIS-3 (LaMontagne et al., 2019), NMor-
phCH?, AIBL (Ellis et al., 2009), HCP Young Adult?, and ICBM*. For each acquisition
site, we randomly selected 100 T1-weighted scans, yielding a total of 1,000 volumes (as

1. https://brain-development.org/ixi-dataset/

2. http://otto.fsm.northwestern.edu/

3. https://www.humanconnectome.org/study/hcp-young-adult
4. https://ida.loni.usc.edu/
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some datasets presents several sites). All images were preprocessed to reduce trivial acqui-
sition variability using: (i) skull stripping, (ii) bias-field correction, (iii) affine registration
to 1 mm MNI space, (iv) cropping to 160 x 192 x 160 voxels, and (v) median-based intensity
normalization.

To improve generalization across anatomical and scanner variability, we applied on-the-fly
data augmentation during training. Each volume underwent one or two random spatial
transformations (affine perturbation, elastic deformation, or left-right flip). We further
modulated image contrast by sampling a log-gamma intensity factor from a discrete set,
producing augmented volumes with diverse global contrast profiles and the corresponding
site label was updated accordingly.

Test dataset: For evaluation, we used the SRPBS (Tanaka et al., 2021) traveling-subject
dataset, consisting of 10 healthy individuals scanned across 10 MRI sites, for a total of 97
unique T1-weighted scans after removing duplicates. The same preprocessing steps (i)—(v)
were applied, but no augmentation was used.

3.2. Implementation Details

We implement a 3D conditional U-Net with residual blocks (GroupNorm, SiLU), sinusoidal
timestep embeddings processed through a 2-layer MLP (dim 512), and both self- and cross-
attention on flattened 3D tokens. The network has four encoder—decoder levels with 3D
convolutions for down-/upsampling, attention in the two middle resolutions, and skip con-
nections. Input patches are 80 x 96 x 80 with three channels (noisy patch, anatomical patch,
coarse context), and the network predicts a single denoised output. Cross-attention injects
the site label via 512-dim conditioning vectors with 64-dimensional heads. Training uses
Adam (learning rate 10~%), batch size 5, for 2058 epochs on a single 48 GB GPU. During
inference, we generate harmonized patches using a deterministic DDIM scheduler with 50
timesteps, which provides a fast approximation of the stochastic diffusion process.

3.3. Comparison of CFG and CFG++4 Across Guidance Strengths

We assess guidance strength for classical CFG (w) and manifold-constrained CFG++ variant
(M) using SSIM (Wang et al., 2004) which measures structural similarity between images,
and PSNR, which reflects voxel-wise reconstruction fidelity. Metrics are computed between
harmonized volumes of the same subject across sites and averaged over all subject—site
pairs.

As shown in Table 1, CFG++ achieves higher and more stable SSIM than CFG across
all guidance values, avoiding the degradation observed for CFG at larger w. This indicates
that restricting guidance to the style subspace improves robustness and preserves anatomy.

Based on these results, we adopt CFG++ with A = 0.6 for all subsequent experiments,
ensuring reliable contrast harmonization without compromising structural fidelity.

4. Metrics and Evaluation of Harmonized Brain MRI Volumes

Baselines. We compare our method against state-of-the-art harmonization models with
publicly available code and pretrained weights, namely STGAN, HACA3, and IGUANe,
none of which were trained on SRPBS. We additionally include a non-harmonized baseline
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Table 1: Comparison of CFG and CFG++ across guidance strengths (respectively w and
A). Values report mean + standard deviation of SSIM and PSNR computed over
all subject—site pairs in SRPBS. Improvements should be interpreted relative to
the preprocessed baseline (SSIM 0.864 + 0.088, PSNR 26.78 £+ 2.78).

w=20.5 w=1 w=2 w=4 w="7
e SSIM  0.871 £0.059  0.870 £ 0.060 0.870 +0.060 0.865 4+ 0.060 0.856 + 0.061
PSNR 23.50+2.227 23.51 +2.195 23.40+2.213 23.204+2.192 22.80 4+ 2.126

A=0.2 A=04 A=0.6 A=0.8 A=1
CFG+ SSIM  0.874 +£0.057 0.874+0.058 0.874+0.058 0.871 +0.059 0.870 + 0.059

PSNR 23.18+2.880 23.22+£2.997 23.25+2.949 23.10+3.122 23.04 + 3.089

consisting of standard preprocessed images. For methods operating on full-head MRI, skull
stripping is reapplied to ensure brain-only evaluation.

Tissue volume analysis. Gray matter (GM) and white matter (WM) probability maps
are extracted using SPM (Tierney et al., 2025), from which we compute tissue ratios (e.g.,
tissue/intracranialvolume). To assess residual site effects after harmonization, we select a
reference site (KPM from SRPBS) and perform paired t-tests between KPM and each other
site. p-values are corrected using the Benjamini—-Hochberg FDR procedure. Non-significant
differences (p > 0.05) indicate effective reduction of scanner-induced bias.

Linear mixed-effects modeling. Using the SPM-derived tissue ratios, we fit a separate
linear mixed model for each harmonization method with site as a fixed effect and subject as
a random effect. We report marginal R? (variance explained by site only) and conditional
R? (variance explained by site and subject). Effective harmonization is reflected by low
marginal R? ,indicating minimal remaining site influence, together with higher conditional
R? dominated by subject-level variability (i.e., preserved biological differences).

5. Results

5.1. Visual assessment of harmonization

The effects of each harmonization method are illustrated in Fig. 2. Visually, the harmonized
images exhibit varying degrees of contrast enhancement and suppression depending on the
specific deep learning approach employed, with some methods producing subtly refined
gray—white matter delineation while others introduce more pronounced intensity shifts. We
highlighted inconsistencies such as artifacts or a clear lack of detail in red on the figure.

5.2. Tissue Volume Analysis

We evaluate residual site effects after harmonization using SPM-derived tissue ratios, com-
paring gray matter and white matter across sites relative to the reference site KPM (SRPBS).
Results are summarized in Fig. 3.

Gray matter. Our diffusion-based model slightly reduces the number of sites exhibiting
significant differences in GM ratio compared to the preprocessed baseline. In contrast,
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Preprocessed STGAN HACA3 IGUANe DIFFUSION
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Figure 2: Visualization of harmonized MR images for each method. Central axial slice of
one SRPBS subject (sub-1) for two different sites (ATV and KUS) are displayed.
Inconsistencies (missing details or artifacts) are circled in red.

IGUANe and HACAS introduce additional significant differences relative to the reference
site. Only STGAN reduces the number of significantly different sites to one.

White matter. For WM ratios, our model effectively eliminates all significant site dif-
ferences, similarly to HACA3. STGAN introduces a new significant difference at site KUT,
whereas IGUANe removes one previously significant difference compared to the baseline.

5.3. Linear Mixed-Effects Analysis

We further assess residual site effects using linear mixed-effects models on SPM-derived
tissue ratios, with site as a fixed effect and subject as a random effect. Table 2 reports
marginal R? (variance explained by site) and conditional R? (variance explained by site
and subject) for gray matter and white matter.

Gray matter. For GM, our diffusion-based model reduces marginal R? relative to the
preprocessed baseline (0.507 vs. 0.729), indicating decreased site influence, while maintain-
ing high conditional R? (0.909), reflecting preserved subject-specific variability. STGAN
achieves the lowest marginal R? (0.359) but at the cost of reduced conditional R? (0.771).
HACA3 and IGUANe show intermediate reductions in marginal R2.

White matter. For WM, the diffusion model also reduces marginal R? (0.214) compared
to preprocessed images (0.599), effectively diminishing site effects while keeping conditional
R? high (0.942). HACA3 achieves the lowest marginal R? (0.127) and exhibits a very high
conditional R? (0.965), whereas STGAN and IGUANe show moderate reductions in site
variance.
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Table 2: Marginal and conditional R? values for gray and white matter across harmoniza-

tion methods.

Site

preprocessed STGAN HACA3 IGUANe DIFFUSION
Gray Matter
R? marginal 0.729 0.359 0.687 0.650 0.507
R? conditional 0.885 0.771 0.797 0.853 0.909
White Matter
R? marginal 0.599 0.360 0.127 0.471 0.214
R? conditional 0.909 0.734 0.965 0.916 0.942
0.70  ———— -
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Figure 3: GM and WM ratios for each site and methods. The asterisks indicate significant
t-test comparing the tissue ratio difference between sites among methods (*: p <
0.05; **: p < 0.01; ***: p < 0.001).
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6. Discussion and Conclusions

We presented a patch-based, anatomy-guided 3D diffusion framework for multi-site T1
MRI harmonization and evaluated it against several state-of-the-art baselines (STGAN,
HACAS3, IGUANe) and preprocessed images. Across our experiments the diffusion model
consistently reduced site-related variance while preserving subject-specific variability. In the
linear mixed-effects analysis (Table 2) the diffusion method yields markedly lower marginal
R? than the preprocessed baseline for both GM and WM, together with high conditional
R?, indicating that remaining variability is dominated by subjects rather than scanners.

Our method is not uniformly superior on every metric or tissue. For example, HACA3
attains the lowest marginal R? on WM in Table 2, showing that some alternatives can
better suppress certain site effects on specific tissues. Conversely, IGUANe and HACA3
sometimes introduce new significant differences in GM ratios (Fig. 3), while STGAN is able
to reduce the number of significantly different sites to one for GM but may produce other
trade-offs. Overall, the diffusion approach demonstrates a favorable balance: it is stable
across guidance strengths (Sec. 2.6) and preserves anatomical fidelity, as evidenced by the
high conditional R? and SSIM/PSNR trends.

A key factor in our method’s performance is the use of patch-wise processing. Oper-
ating on patches allows fine details without artifacts to be preserved more accurately than
if latent space compression had been used. This makes the patch-based strategy particu-
larly well-suited for high-resolution MRI harmonization, where preserving subtle structural
information is critical.

The method’s robustness stems from explicit anatomical conditioning (multi-scale gradi-
ent and high-frequency map), which preserves subject-specific structure, and from CFG++
guidance, which controls site-specific contrast without altering anatomy. Increasing the
guidance strength improves inter-site similarity while maintaining structural fidelity.

Limitations remain. Despite randomized gamma perturbations during training, the
anatomical representation can still carry residual site cues that the model may exploit to
infer source-related information; this leakage may partially explain remaining differences
and occasional over-corrections. Computational cost is another practical constraint: 3D
patch-wise diffusion enables full-resolution synthesis but increases inference time compared
to latent methods. Downstream clinical-task validation is also needed to confirm practical
benefits.

In conclusion, our patch-based diffusion harmonizer provides a robust, anatomically
faithful solution for multi-site MRI harmonization: it reduces scanner-driven variance, pre-
serves biologically meaningful inter-subject differences, and maintains fine structural details,
making it particularly suitable for high-resolution volumetric MRI applications.

10
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