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Abstract. Pooling multi-site T1-weighted MRI increases power but in-
troduces scanner-driven variability that can bias analyses. We propose
a 3D patch-based conditional diffusion framework for MRI harmoniza-
tion that preserves fine anatomical details while aligning image contrast
across sites. Our method constructs site-invariant anatomical maps using
gradient and high-frequency features, which guide patch-wise diffusion
synthesis together with learnable site embeddings. Processing overlap-
ping high-resolution patches avoids latent-decoder blurring and reduces
memory requirements, enabling faithful preservation of fine anatomi-
cal detail. To further enhance anatomical fidelity, we employ manifold-
constrained classifier-free guidance, stabilizing diffusion sampling while
maintaining subject-specific structures. We evaluate our framework on
a multi-site traveling-subject dataset and a clinically acquired patholog-
ical cohort, comparing against state-of-the-art harmonization methods.
Results show that our approach effectively reduces site-related inten-
sity variability, preserves anatomical and tissue-specific information, and
maintains clinically relevant brain–cognition associations. These findings
demonstrate that patch-based, anatomy-guided diffusion harmonization
provides a robust, high-fidelity solution for multi-site MRI, with clear
practical benefits for clinical datasets and downstream analyses. Code
and model weights are available at https://github.com/barna-hache/
PatchLevelDiffusionMRIHarmonization.

Keywords: Harmonization · MRI · Diffusion Model

1 Introduction

Combining structural magnetic resonance imaging (MRI) across sites increases
statistical power but introduces non-biological scanners and site effects that bias
downstream analyses and reduce reproducibility [13,1]. Classical harmonization
methods such as ComBat [10] effectively correct site effects at the feature level
(e.g., cortical thickness) but operate on derived measurements, limiting their
suitability when image-level consistency is required.

https://github.com/barna-hache/PatchLevelDiffusionMRIHarmonization
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Image-level harmonization methods aim to mitigate scanner-related variabil-
ity using learning-based solutions. Most approaches rely on U-Net or GAN-
based domain translation frameworks, including DeepHarmony [5], HACA3 [26],
STGAN [16], and IGUANe [19]. Many incorporate structural–contrast disentan-
glement, for example via gamma perturbations to isolate anatomical represen-
tations [2]. However, insufficient structural constraints may lead to poor gener-
alization or unintended anatomical alterations [4].

Diffusion-based harmonization methods [25,15,18] leverage the high genera-
tive fidelity of diffusion models [6] to align contrast while preserving anatomy.
Most adopt latent diffusion to reduce computational cost, but compression–decoding
operations may blur fine structural details. Full-resolution volumetric diffusion
models, in contrast, remain memory-intensive and difficult to scale to clinical
datasets [25].

Importantly, harmonization methods must remain robust under real-world
clinical variability. While many approaches are validated on healthy research
cohorts, clinical datasets exhibit greater heterogeneity due to pathology and
acquisition variability, making anatomical faithfulness critical.

To address these challenges, we propose a patch-based, anatomy-guided 3D
diffusion framework for multi-site T1-weighted brain MRI harmonization. Pro-
cessing overlapping patches at native resolution preserves fine anatomical detail
while reducing memory requirements. The model disentangles site-specific con-
trast from structural information via conditioning on a site-invariant anatomical
prior and a learnable site embedding, enabling controlled target-site harmoniza-
tion without anatomical displacement. Compared to latent diffusion, this strat-
egy avoids decoder-induced blurring, and, relative to GAN-based translation,
diffusion sampling provides a more stable generative process [6,25].

Our contributions are : (i) a 3D patch-level conditional diffusion pipeline that
harmonizes MRI volumes to an arbitrary target site while preserving anatom-
ical structure; (ii) an anatomy-conditioning strategy with randomized gamma
perturbation to prevent leakage of site-specific intensity cues into the struc-
tural prior; and (iii) an extensive evaluation on the SRPBS traveling-subject
dataset, comparing our method to leading baselines using quantitative metrics
that assess image intensity distributions, anatomical segmentation consistency,
and site-related variance via mixed-effects modeling, complemented by assess-
ments on a clinically acquired pathological cohort to evaluate the preservation
of biologically relevant markers.

2 Method

Overview. We propose a 3D patch-based framework to harmonize T1-weighted
brain MRI volumes from arbitrary source sites into the contrast space of a cho-
sen target site while preserving subject-specific anatomy. The pipeline (Fig. 1)
comprises: (i) a site-invariant anatomical representation, (ii) paired 3D patch ex-
traction with coarse anatomical context, (iii) conditional diffusion-based patch
synthesis guided by anatomy and a learnable site embedding, and (iv) patch-wise
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inference with overlap and Hann-weighted fusion to reconstruct a full volume.
At test time, unseen source sites can be harmonized to a trained target site as
anatomy is provided by site-agnostic maps, whereas target appearance is sup-
plied via a learned site embedding derived from the site label.
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Fig. 1. Overview of the training pipeline. Anatomical representations are computed
and paired (80× 96× 80) patches with coarse context are used for diffusion synthesis.
Site labels are embedded and injected via cross-attention.

Anatomical representation. To obtain a site-invariant anatomical prior we
suppress contrast cues by first applying a global gamma perturbation,

Iγ = sign(I) |I|exp(γval), γ ∼ U(γmin, γmax),

with (γmin, γmax) = (−0.5, 0.5) during training and γ = 0 at inference. From Iγ

we compute gradient magnitude and high-frequency content

G = ∥∇Iγ∥2, H =
∣∣Iγ − Gσhf

(Iγ)
∣∣,

and form the anatomical map A = αG+ (1−α)H, which is 1st–99th percentile-
normalized to [−1, 1]. Noisy image patches xt patches of size 80 × 96 × 80 (i.e.
1/8 of the volume) are sampled inside a brain bounding box. The corresponding
anatomical map patch A is then extracted at identical coordinates and a coarse
context Acoarse is obtained by trilinear downsampling the whole anatomical map
to the same patch size.
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Style embedding. Each acquisition site label is associated with a learnable
embedding Sk ∈ R512 that is injected via cross-attention layers. The embedder
is trained jointly with the diffusion model. At inference, harmonization is ob-
tained by replacing the source embedding with the target embedding Starget.

Diffusion model. We adopt the denoising diffusion probabilistic model frame-
work of [11] 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(xt | xt−1) = N

(
xt;

√
1− βt xt−1, βtI

)
, with

closed-form marginal

q(xt | x0) = N
(
xt;

√
ᾱt x0, (1− ᾱt)I

)
, ᾱt =

t∏
s=1

(1− βs).

The denoiser predict the noise conditioned on anatomy and style:

ϵθ(xt, t, c), c = (A,Acoarse, S).

This design lets the model recover subject-specific structure from A while using
S to modulate site contrast during denoising. We train the network with the
noise-prediction objective LMSE = Ex0,t,ϵ

[
∥ϵ− ϵθ(xt, t, c)∥22

]
, where

xt =
√
ᾱtx0 +

√
1− ᾱt ϵ, with x0 being the brain MRI patch, and ϵ ∼ N (0, I).

Classifier-Free Guidance++. We adopt the manifold-constrained classifier-
free guidance method (CFG++) [3] during inference. As in standard CFG [12],
we compute unconditional and style-conditioned noise predictions with anatom-
ical inputs,

ϵuncond = ϵθ(xt, t;A,Acoarse, S = ∅), ϵcond = ϵθ(xt, t;A,Acoarse, S = Starget).

CFG++ forms the guided update in the usual way, ϵ̂ = ϵuncond + λ
(
ϵcond −

ϵuncond
)
, but crucially treats the unconditional prediction as a manifold anchor.

The anchored estimate ϵ̂ is used only to obtain a denoised image estimate x̂0,

x̂0 =
xt −

√
1− ᾱt ϵ̂√
ᾱt

,

while the preceding noisy state is reconstructed using the unconditional noise
term to remain on the learned noisy-data manifold:

xt−1 =
√
αt−1 x̂0 +

√
1− αt−1 ϵuncond,t.

In contrast, classic CFG effectively substitutes ϵ̂ directly into the sampling step
(i.e., uses the guided prediction in place of the unconditional noise when com-
puting xt−1), which can push samples off the model manifold, require large guid-
ance scales, and cause instability or poor invertibility. By anchoring on ϵuncond
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and applying the conditional component as a tangent perturbation, CFG++
preserves anatomical fidelity, improves stability at moderate guidance scales, re-
duces artefacts and mode collapse, and restores invertibility useful for editing
and harmonization [3]. During training, the style conditioning Starget is dropped
with probability 0.15 to enable unconditional prediction.

Inference and reconstruction. Sampling uses a deterministic DDIM sched-
uler (50 steps) [21]. Patches are generated on a dense grid with > 50% overlap;
each patch x̂i is multiplied by a separable 3D Hann window wi and fused by
weighted averaging:

X̂(v) =

∑
i wi(v) x̂i(v)∑

i wi(v)
.

This reduces edge artefacts and enforces spatial consistency. Final volumes are
z-score normalized.

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 to-
kens. The network has four encoder–decoder levels, attention at the two middle
resolutions, and skip connections. Cross-attention uses 512-dim conditioning vec-
tors with 64-dim heads. Training used Adam (learning rate 10−4), batch size 5,
for 2058 epochs on a single 48 GB GPU. On-the-fly data augmentation (random
affine, elastic, and left–right flips) was applied via TorchIO. Inputs are concate-
nated as [xt, A,Acoarse] and the model outputs a single-channel noise prediction;
the site embedding S is injected at multiple resolutions via cross-attention. Infer-
ence uses DDIM with 50 timesteps and the ’AIBL’ site label (see training data.)
as style embedding. Measured timings on our setup is 9 minutes 54 seconds per
volume (preprocessing and harmonization, averaged over 5 volumes).

3 Experiments and Results

Datasets.
Training data. We assembled a training set from seven public collections

of healthy adults: SALD [24], IXI, OASIS-3 [14], NMorphCH, AIBL [7], HCP
Young Adult, and ICBM. From each acquisition site we randomly sampled 100
T1w volumes, yielding 1,000 images across 10 sites.

Traveling-subject data. Evaluation includes the SRPBS traveling-subject
cohort [22]: 9 healthy males (age 24–32) scanned at 11 sites, comprising 97 T1w
scans acquired on 10 different scanners.

Clinical data and derived cohorts. We curated a clinical database of
all patients referred to the Memory Center of Lille (France) between 2011 and
2023. For each MRI–report pairs separated by ≤ 365 days, we collected age,
sex, Mini-Mental State Examination score (MMSE) and the clinical diagnosis.
Diagnostic labels were manually curated and binarized into Alzheimer’s disease
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(AD, NINCDS/ADRDA criteria [17]) and Alzheimer’s disease–related demen-
tias. From this pool we derived site-balanced cohort constructed by selecting
five AD patients per site matched to the cohort mean age (16 sites, 80 volumes).

Preprocessing. All T1-w images were processed to reduce trivial acquisition
variability: skull-stripping (HD-BET), bias-field correction (ANTs), affine reg-
istration to 1mm MNI space (FSL), cropping to 160 × 192 × 160 voxels, and
median-based intensity normalization. The observed native resolution ranges
motivated resampling to a common 1mm isotropic grid.
Competing methods. We compare our method to state-of-the-art harmo-
nization models with public code and pretrained weights (STGAN, HACA3,
IGUANe) and a non-harmonized baseline (T1w-preprocessed images). Post har-
monization skull stripping is applied where needed to ensure brain evaluation.

Ablation Study 1. CFG and CFG++ Across Guidance Strengths. Dur-
ing our diffusion model inference, we evaluate classical CFG (guidance strength
ω) and manifold-constrained CFG++ (λ) against competing methods on SRPBS
volumes. Structural Similarity Index (SSIM) is computed pairwise per subject
using the 1st–99th percentile intensity range; Wasserstein Distance (WD) is com-
puted between site-wise mean histograms (256 bins); Pearson Correlation Co-
efficient (PCC) is computed voxel-wise on flattened volumes. The results show
(Table. 1) that both diffusion models, CFG and CFG++, achieve strong harmo-
nization across SRPBS sites, with CFG++ consistently outperforming classical
CFG. In particular, CFG++ with λ = 0.6 achieves a low WD while maintaining
high SSIM and PCC, demonstrating accurate structural preservation, robust in-
tensity alignment, and an improved overall balance between intensity matching
and structural fidelity compared to baseline methods. Accordingly, this setting
is used in all subsequent experiments, highlighting the effectiveness of manifold-
constrained guidance for multi-site harmonization. Sample visualization in Fig.
2 (a) shows that Diffusion harmonized MRI is closer to the target.

STGANPreprocessedAnatomy
Target

STGAN
WM

STGAN
GM

HACA3 HACA3
WM

HACA3
GM

SWA

UTO

HKH

IGUANe IGUANe
WM

IGUANe
GM

Diffusion Diffusion
WM

Diffusion
GM

Fig. 2. (a) Central axial slices of the harmonized images. (b) SPM tissues segmen-
tation. White and gray matter maps were compared voxel-wise with the Anatomy
Target segmentation: white indicates agreement, blue under-segmentation, and red
over-segmentation.
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Table 1. Multi-site harmonization performance on the SRPBS dataset. The table
reports voxel-level metrics for diffusion-based models (CFG, CFG++) across guidance
strengths, and baseline harmonization methods. For each metric, the best method is
in bold while the second best is in bold italic

Methods SSIM ↑ WD ↓ PCC ↑

CFG
ω = 0.5 0.868± 0.060 0.017± 0.008 0.976± 0.014

ω = 1 0.867± 0.060 0.016± 0.008 0.976± 0.014

ω = 2 0.867± 0.060 0.018± 0.009 0.976± 0.013

CFG++
λ = 0.4 0.868± 0.059 0.012± 0.006 0.977± 0.014

λ = 0.6 0.869±0.059 0.010±0.006 0.978±0.014
λ = 0.8 0.866± 0.060 0.012± 0.007 0.976± 0.015

Baselines

Preprocessed 0.847± 0.094 0.036± 0.023 0.970± 0.032

STGAN 0.876± 0.042 0.020± 0.011 0.980± 0.008

HACA3 0.848± 0.071 0.007± 0.003 0.969± 0.020

IGUANE 0.847± 0.093 0.033± 0.018 0.971± 0.032

Ablation Study 2. Site-invariance of the anatomical conditioning map.
We assessed whether the proposed anatomical map removes site-specific informa-
tion while preserving anatomy using a quantitative ablation on our training vol-
umes. For each SRPBS site, we computed normalized intensity histograms of all
scans (100 bins, 0.5–99.5% percentile clipping), both for raw images and anatom-
ical maps. Inter-site discrepancies were measured using the squared Maximum
Mean Discrepancy (MMD) with an RBF kernel (K(x, y) = exp(−γ∥x − y∥2)),
computed for every pair of acquisition sites rather than matched subjects. Thus,
each value corresponds to a site-pair comparison, and the “per-site” summary is
obtained by averaging MMD values over all site pairs involving that site.

Pairwise MMD values were compared using a paired two-sided t-test between
raw and anatomical-map representations on identical site pairs, showing a sig-
nificant reduction for anatomical maps (t = 4.32, p = 8.68 × 10−5). Averaging
MMD per site and performing the same paired test confirmed the effect at the
site level (t = 4.56, p = 0.0014), indicating that anatomical maps reduce site
variability consistently rather than being driven by a few site pairs.

Task 1. Linear mixed-effects modeling on brain tissue. Gray matter
(GM) and white matter (WM) probability maps were obtained using SPM25 [23]
on SRPBS subjects, and tissue ratios were computed as the tissue volume divided
by total intracranial volume (i.e., GM + WM + CSF). For each harmonization
method, we fitted a linear mixed-effects model with site as a fixed effect and
subject as a random intercept:

tissue_ratio ∼ site+ (1 | subject).

Marginal R2 quantifies variance explained by site alone, whereas conditional R2

reflects variance explained by both site and subject, capturing preserved inter-
subject (biological) variability. Effective harmonization is characterized by low
marginal R2 and high conditional R2.

Across both GM and WM (Table 2), the diffusion model is the most consistent
method, jointly reducing marginal R2 while increasing conditional R2 relative
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to preprocessed data. Figure 2(b) further shows that diffusion yields fewer tissue
segmentation errors. STGAN and HACA3 achieve strong performance in one
tissue but not consistently across both, indicating less stable behavior across
tissue types.

Table 2. Marginal and conditional R2 values for gray and white matter across harmo-
nization methods. For both R², the best method is in bold while the second best is in
bold italic

Preprocessed STGAN HACA3 IGUANe Diffusion
Gray Matter

R2 marginal ↓ 0.729 0.359 0.687 0.650 0.507
R2 conditional ↑ 0.885 0.771 0.797 0.853 0.909

White Matter
R2 marginal ↓ 0.599 0.360 0.127 0.471 0.214
R2 conditional ↑ 0.909 0.734 0.965 0.916 0.942

Task 2. Preservation of brain volume and cognition associations. We
evaluated whether harmonization preserves clinically meaningful structure–cognition
links by computing partial correlations (Pearson r, controlling for age and sex)
between FreeSurfer regional volumes [9] and MMSE scores. Analysis focused on
predefined memory-related ROIs (hippocampus, entorhinal and parahippocam-
pal cortices, temporal and medial regions) [20,8]. Method-level performance is
summarized as the mean absolute partial r across ROIs.

As shown in Fig. 3, the diffusion method achieves the highest global mean
absolute r (0.135), with improved correlations relative to preprocessed data in 6
of 8 ROIs, compared to 3/8 for STGAN, 5/8 for HACA3, and 3/8 for IGUANe.
This indicates that diffusion harmonization not only preserves structure–MMSE
associations but does so consistently across memory-related regions.

Posteriorcingulate Fusiform Parahippocampal Entorhinal Isthmuscingulate Precuneus InferiortemporalMiddletemporal
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Fig. 3. Mean absolute partial correlation |r| between normalized regional brain volumes
and MMSE across harmonization methods. Bars show regional |r| for each ROI; global
mean |r| per method is indicated in the right-top corner.
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4 Conclusion

We presented a 3D patch-based conditional diffusion framework for multi-site
T1-weighted MRI harmonization, leveraging site-invariant anatomical maps to
preserve fine structural details while aligning scanner-specific contrast. The patch-
wise design reduces memory requirements and avoids decoder-induced blurring,
while anatomical conditioning ensures faithful preservation of subject-specific
anatomy. Extensive experiments on traveling-subject and clinical cohorts demon-
strate that our method provides robust harmonization, effectively reducing site-
related variability without compromising biologically relevant signals, highlight-
ing its practical utility for clinical datasets.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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