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Problem Statement

High-resolution histological brain imaging is crucial for
modeling neuronal morphology and cytoarchitecture,
enabling applications such as large-scale scaffold models
of brain circuits.

However, acquiring whole-brain data at micrometer
resolution is technically and economically infeasible, with
most datasets available only at much lower resolution.

Super-resolution enables reconstruction of fine cellular
detail from low-resolution data.

Dataset

We use the BigBrain dataset [1], leveraging 145 sections re-
scanned at 1 µm as high-resolution (HR) references, paired with
their original low-resolution (LR) sections.
To reduce the spectral gap, HR images are smoothed and
downsampled to 5 µm, consistent with a 4x scale factor.

o LR: 20 µm sections → 128×128 patches
o HR: 1 µm (→ 5 µm) → 512×512 patches

Results
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Proposed Architecture
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Brain-SR builds on the InvSR [2] paradigm, where a
frozen pretrained latent diffusion model is steered by
a lightweight Noise Predictor network.

Given a Low-Resolution patch:

o LR (𝑥!" ) is bicubically upsampled and encoded
into the VAE latent space (𝑧!");

o The Noise Predictor (NP) estimates a latent residual
encoding the missing high-frequency content;

o This residual is scaled and added to the LR latent
to initialize the diffusion process:

𝑧# = 𝑧!" + 𝜎# ⋅ 𝑆 𝑁𝑃 𝑥!" ;

o A single-step denoising (SD-Turbo) refines the
latent image into a clean latent representation;

o The latent is decoded by the VAE to obtain the
final high-resolution image.

The training objective combines perceptual and
adversarial terms with a new patch-wise FFT loss.

This matches local Fourier magnitude spectra,
enforcing the distribution of correct frequency
content while avoiding phase sensitivity.
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Table 1: Training configurations and corresponding quantitative results for the different Brain-SR model variants. Each setup
combines pixel-wise, perceptual, adversarial, and frequency-domain losses with different weights ω, showing the progressive
transition from spatial to frequency-guided supervision. The column FFTconf indicates the patch sizes p (in latent space) used
for computing the FFT loss. Best results are highlighted in bold. * refers to metrics computed with respect to the latent-
reconstructed HR images instead of the original HR reference.

Model ωL2 ωADV ωLPIPS ωFFT FFTconf L2 → PSNR ↑ SSIM ↑ LPIPS → FID →
Brain-SR-b1 1.0 0.05 1.5 – – 0.015 19.98 0.303 0.550 139.4
Brain-SR-b2 1.0 0.10 2.0 – – 0.017 19.40 0.322 0.412 98.7
Brain-SR-fft 0.3 0.08 0.7 0.2 {16,8} 0.019 18.90 0.319 0.401 83.2
Brain-SR-p16 – 0.08 0.7 0.4 {16,8} 0.024 17.86 0.280 0.412 63.7
Brain-SR-p8 – 0.08 0.7 0.4 {8,4} 0.023 18.06 0.282 0.412 62.0
Brain-SR – 0.08 0.7 0.4 {4,2} 0.021 18.32 0.296 0.398 57.5
Brain-SR* – 0.08 0.7 0.4 {4,2} 0.020 18.67 0.317 0.386 33.4

spatially aware constraint: it enforces the correct frequency
energy distribution within each region, while the complemen-
tary pixel-wise, perceptual, and adversarial losses implicitly
promote phase alignment and structural coherence.

As supported by the experimental results presented in
Sec. 3, this combination achieves both spectral consistency
and visual fidelity in the reconstructed images.
Training Setup. Brain-SR models were trained for 105 it-
erations on three NVIDIA RTX A5000 GPUs, taking about
three days per run. Optimization used Adam with a cosine
learning-rate schedule from 2↓10→5, batch size 24, and EMA
rate 0.99. Early variants (Brain-SR-b1,b2) employed slightly
different hyperparameters during an initial tuning phase to
ensure stable convergence, while all later models used the
finalized setup for fair comparison. Loss weights and FFT
patch configurations are listed in Tab. 1. The diffusion back-
bone and the latent VAE were initialized from pretrained SD-
Turbo [17] weights and kept frozen throughout training.

3. EXPERIMENTAL RESULTS

To evaluate the contribution of each component, multiple
models were trained with different combinations and weights
of these losses, as summarized in Tab. 1.
Quantitative Results. To assess the effect of the proposed
frequency-guided training, we compared a series of models
trained with different loss configurations, progressively re-
placing the pixel-wise L2 term with the FFT loss. Tab. 1
summarizes the results on the held-out test set. Models
trained predominantly with L2 (Brain-SR-b1 and Brain-SR-

b2) achieved the best numerical values for L2 and PSNR,
while those optimized with the FFT loss (Brain-SR-fft and
below) obtained superior perceptual scores (LPIPS and FID).
This confirms that pixel-based metrics are poorly correlated
with visual quality in histological data, where small spa-
tial misalignments strongly penalize L2 despite perceptually
equivalent results. The final Brain-SR model, trained without
L2 terms, reached the lowest LPIPS and FID, indicating a

closer alignment to the HR distribution and improved percep-
tual realism. The proposed model Brain-SR reduces LPIPS
by 27% and FID by 58% compared to the baseline model
Brain-SR-b1 that obtains the best L2 and PSNR values.

As shown in Fig. 1, the proposed method successfully re-
constructs cell boundaries and fiber-like textures that are com-
pletely absent in the LR input, resulting in a substantial visual
improvement and anatomically coherent structures. Never-
theless, when compared to the HR reference, minor discrep-
ancies and residual patterns can still be observed, indicating
that further refinement is required to achieve fully consistent
reconstructions. This result represents an important step to-
ward the generation of high-resolution histological data suit-
able for detailed structural brain analysis.

Frequency-Domain Analysis. To assess the impact of the
FFT supervision, we also computed the Radial Power Spec-
trum (RPS) of HR, LR, and SR images. The RPS quantifies
the energy associated with each spatial frequency by aver-
aging the power of all Fourier components having the same
frequency magnitude, regardless of their orientation [21, 22].
This provides an intuitive view of how different frequency
components contribute to the overall final images, enabling a
direct and quantitative comparison across image sets.

As shown in Fig. 2, the LR spectrum exhibits a marked
loss of high-frequency energy compared to HR data, re-
flecting the absence of fine details. When the HR images are
reconstructed through the VAE, the resulting HR-Latent spec-
trum shows a slight attenuation of the highest frequencies, a
consequence of latent compression. Since all training losses
are computed in the latent space, this HR-Latent curve effec-
tively becomes the spectral reference. Across progressively
refined configurations, the reconstructed spectra of the Brain-

SR variants gradually approach this reference distribution,
with the final model almost perfectly matching the HR-Latent

curve, confirming that it faithfully reproduces the frequency
distribution in the latent space. Residual differences in phase
and frequency orientation account for the minor perceptual
variations visible in Fig. 1 between Brain-SR and HR-Latent.


