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Abstract

Magnetic Resonance Imaging (MRI) is the gold standard for neuroimaging, yet its acquisi-
tion process inherently introduces noise that degrades diagnostic quality and quantitative
analysis. Deep learning (DL) methods have achieved state-of-the-art performance, but suf-
fer from a critical limitation: they predominantly rely on supervised learning with clean
ground-truth data, which is clinically usually unavailable or unsupervised approaches, such
as Noise2Noise (N2N), requiring spatially aligned noisy image pairs. This paper presents a
new self-supervised method that eliminates the need for double scanning. We introduce a
synthetic data generation mechanism based on Non-Local Means (NLM) principles to create
training pairs from single volumes. Furthermore, we propose a Mixture of Experts (MoE)
framework in which each expert employs a 3D Residual CNN architecture, enabling the
system to handle the heterogeneous noise levels typically encountered in clinical settings.
Experiments on the Brainweb phantom and OASIS dataset demonstrate that our approach
significantly outperforms state-of-the-art methods, particularly in high-noise regimes, while
reducing inference time from minutes to seconds.

Keywords: MRI Denoising, Unsupervised Learning, Noise2Noise, Deep Learning, Mixture
of Experts, Non-Local Means.

1. Introduction

Medical imaging plays a central role in modern healthcare, with Magnetic Resonance Imag-
ing (MRI) being one of the most versatile and used image modality. However, the MRI
acquisition pipeline is susceptible to various noise sources, including thermal fluctuations in
the receiver coils and physiological motion. This noise, often modeled as Rician in magni-
tude images or Gaussian in high Signal-to-Noise Ratio (SNR) regions, obscures anatomical
details and adversely affects downstream automated tasks such as segmentation, tumor
detection, and cortical thickness measurement. Denoising is therefore a mandatory prepro-
cessing step. Early approaches relied on linear filtering, such as Gaussian, which reduce
noise by averaging neighboring pixels according to its distance. However, these methods
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act as low-pass filters, inevitably blurring edges and fine details. Non-linear methods, such
as the Bilateral Filter (Tomasi and Manduchi, 1998), attempted to preserve edges by con-
sidering intensity differences, but still struggled with texture preservation.

The Non-Local Means (NLM) algorithm (Buades et al., 2005) represented a major leap,
exploiting the self-similarity of images. Instead of local neighborhoods, NLM searches the
entire image (or large search windows) for similar patches to average. In MRI, extensions
like Rotationally Invariant NLM (RI-NLM) and Non-Local Principal Component Analysis
(NL-PCA) have set the standard for quality (Coupe et al., 2008; Manjon et al., 2012, 2015).
However, these methods are computationally expensive, often taking several minutes to
process a single 3D volume, and they struggle to deal with high levels of noise.

The advent of Deep Learning (DL) has shifted the paradigm. Convolutional Neural
Networks (CNNs) have shown a remarkable ability to map noisy inputs to clean outputs
(Manjon and Coupe, 2019). However, standard supervised DL requires paired noisy/clean
data. In MRI, a "clean” ground truth is physically impossible to acquire, as the signal is
corrupted at the moment of acquisition. Synthetic data generation is a common workaround,
but it often fails to capture the complex, non-stationary noise distributions and anatomical
variability of real scans.

On the other hand, self-supervised learning, specifically the Noise2Noise (N2N) frame-
work (Lehtinen et al., 2018), offers a theoretical breakthrough: a network can learn to
recover the clean signal by training on pairs of noisy observations (x;,z;) of the same un-
derlying scene, provided the noise is zero-mean and independent. While powerful, N2N
faces a practical barrier in clinical MRI, acquiring two perfectly aligned scans for every
patient is cost-prohibitive, time-consuming, and uncomfortable for patients.

Subsequent works attempted to relax the requirement for paired data. Noise2Void
(N2V) (Krull et al., 2018) applies a ”blind-spot” strategy, predicting a pixel’s value from
its surroundings. While this eliminates the need for pairs, it inherently limits performance:
by masking the central pixel, the network is deprived of direct high-frequency information,
often resulting in over-smoothed textures and a loss of fine anatomical detail compared
to full-target methods like N2N or NLM.(Krull et al., 2018). Noisier2Noise (Moran et al.,
2019) generates training pairs by additively corrupting the already noisy input. However, in
this method, the generated image pairs share the same noise instance in input and output
which dificults the estimation of the clean image (specialy for low noise levels).

In this work, we propose a new framework designed to solve the "missing pair” problem.
Our contributions are threefold, 1) Synthetic Pair Generation: We utilize a fast, NLM-based
algorithm to generate a second noisy realization from a single input volume using the natural
structural redundancy inherent in MRI data, enabling N2N training without repeated scans,
2) Mixture of Experts (MoE): We implement a curriculum learning strategy where distinct
models are fine-tuned for specific noise levels (1% to 9%), preventing the over-generalization
observed in single-model approaches and 3) Hybrid Inference Pipeline: We combine the
speed of 3D CNNs with the robustness of classical Rotationally Invariant NLM (RI-NLM) in
a post-processing stage, achieving superior restoration quality and computational efficiency
compared to current state-of-the-art methods.
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2. Material and Methods
2.1. N2N Pair Generation

The core innovation of our method is the generation of a synthetic ”second scan” from a
single noisy input z, eliminating the dependency on acquiring two physically distinct noisy
volumes. We leverage the principle of NLM not for direct denoising, but for searching for
the most similar voxels.

For every voxel z; in the input volume, the algorithm defines a search window 2. It
identifies the most similar 3D patch N; within Q based on Euclidean distance. Crucially,
instead of averaging multiple patches, we simply substitute the value at x; with the central
value z; of the most similar patch N; to create synthetic image .

Since MRI data possesses high spatial redundancy, the structural content of z and y
is nearly identical, but the noise realization at the substituted pixel is nearly-independent.
This satisfies the N2N condition.

This process, implemented in optimized C code, takes only a few seconds for a standard
MRI volume. Figure 1 shows an example of the results of this approach.

Figure 1: Left: 1% noisy Brainweb image, Center: Synthetic generated pair and Right:
difference image showing just noise.

2.2. 3D Network Architecture

We propose a 3D Deep Convolutional Neural Network (DCNN) with residual learning (see
Figure 2) to enhance the flow of gradients during training. The architecture details are as
follows:

1. Fixed High-Pass Filter: The first layer is a non-trainable convolutional layer that
subtracts a locally averaged version (3x3x3 mean kernel) from the input. This acts
as a high-pass filter, removing low-frequency anatomical information and highlighting
the noise map and high-frequency details (edges), thereby simplifying the task for the
subsequent layers.

2. Residual Encoder: The backbone consists of 5 residual blocks. Each block contains
two convolutional layers (3x3x3 with symmetric padding) with 16 filters, using ReL.U
activation. A skip connection adds the input block to the output.
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3. Feature Compression and Reconstruction: A final 1x1x1 convolution compresses the
16 feature maps back to a single channel. This residual noise map is added to the
original input via a global skip connection to produce the denoised volume.

The network has a total of 67,521 parameters, making it lightweight and fast, with an
inference time of 1-2 seconds.
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Figure 2: Architecture of DCNN network showing horizontal data flow through five residual
blocks with local and global skip connections.

Conv3D

Conv+ReLU
Co

I
High-Pass Filter
Conv+ReLU
3D
Conv+ReLU
Conv+ReLU
Conv3D
Conv+ReLU
Conv3D
Add
1x1x1 Conv
Output

2.3. Loss function

The core purpose of our loss function is to enforce statistical consistency and counteract the
tendency of deep learning denoisers to over-smooth. We designed a custom loss function to
balance noise suppression, structural fidelity, and statistical consistency. The loss is defined
as L.
o Lujas + Lidelity (1)
Lo + €

where € = 0.1 for numerical stability, R = x — f(z) is the residual image, and f(x) is
the network output. The components are defined as:

e Bias Suppression (Lpias): Defined as the mean of the local means of the residuals
(Lbias = |E[|piocal(R)|]|)- This term explicitly enforces the Noise2Noise zero-mean

noise assumption , preventing the network from introducing ”photometric shifts” or
low-frequency intensity artifacts.

e Structural Fidelity (Lgdelity): We employ the Mean Absolute Error (L1 norm),
Lggetity = ||y — f(2)|]1, for the primary fidelity term over L2 (MSE) as it is more
robust to outlier noise and ensures superior preservation of sharp anatomical edges.

e Texture Preservation (Lyar): Defined as the local standard deviation of the resid-

uals (Lyvar = E[olocal(R)]). By placing this term in the denominator, it acts as a
regularizer and forces to maximize noise extraction.

1. For all the local losses the patch size is 3x3x3
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2.4. Mixture of Experts (MoE) and Fine-Tuning

Initial experiments showed that a single model trained on a broad range of noise (1-9%)
tends to overfit to high-noise cases while neglecting subtle noise in cleaner images. To
address this, we employed a Mixture of Experts strategy. We trained five distinct ”expert”
models, specialized for normalized noise variance levels corresponding to 1%, 3%, 5%, 7%,
and 9%. We used a Fine-Tuning (or curriculum learning) approach. First, Train the 1%
noise model from scratch and later use the weights of the 1% model to initialize the 3%
model and so on. This strategy ensures faster convergence and better stability than training
each model from random initialization. In inference, we estimate the input noise level using
an automated NLM-based estimator to select the appropriate ”expert” model (see Section
3.1).

2.5. Postprocessing

At inference stage, we used Test-Time Data Augmentation (TTDA). We perform inference
on the input and its flipped versions (axial, coronal, sagittal), averaging the results to
improve robustness. In a similar way than the filter PRI-NLPCA filter (Manjon et al.,
2015) the filtered image with the selected expert was used as a guide for the Rotationally
Invariant NLM (RI-NLM) filter. The final image is an average of the CNN output and the
RI-NLM output, leveraging the strengths of both DL and non-local self-similarity.

2.6. Datasets

We used 3 different data sources to conduct our experiments:

1. Training: We utilized the IXI Dataset (IXI), comprising 580 T1-weighted volumes
collected from three hospitals (1.5T and 3T scanners). Since these are real clinical
images, they contain intrinsic noise (estimated at approximately 1%), which serves as
the baseline for our N2N pair generation.

2. Validation: We used the Brainweb synthetic phantom (Cocosco et al., 1997). This
provides a noise-free ground truth, allowing us to add controlled Gaussian noise (1-9%)
and accurately calculate PSNR metrics.

3. Qualitative Testing: A subset of 42 volumes from the OASIS dataset (Marcus et al.,
2007) was used to evaluate performance on real-world data distinct from the training
set.

3. Experiments and results

The framework was implemented in Python using pytorch 2.4 (Paszke et al., 2019) and
trained on a L4 GPU (24GB VRAM) with the training set. We used data Augmentation
consisting in random 3D flipping (axial, coronal, sagittal) and adds Gaussian noise on-the-
fly to simulate different noise levels during training. The Adam optimizer was used with an
adaptive learning rate of 0.001. Training was stopped early if no improvement was observed
for a set patience period (200 epochs). We named the proposed method Auto-N2N.
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3.1. Noise Estimation and Correction

To select the correct ”Expert” model during inference, we need to estimate the input noise
level.

We used our pair generation method: if we subtract the generated image y from the input
x, the standard deviation of the difference should theoretically be o - v/2 being ¢ the noise
standard deviation. Unfortunately, the most similar patch selection also affects the most
similar noise realization giving a lower standard deviation than expected. However, we found
a strong linear relationship between this estimate and the true added noise. Therefore, we
estimated and applied a linear correction factor derived from regression analysis to achieve
near-perfect noise estimation (0corrected = 3.330 — 1.89, (R? = 1.0, RMSE = 0.0462)).

3.2. Quantitative Comparison

We compared our method against two benchmarks, PRI-NLPCA: A state-of-the-art classi-
cal method using non-local Principal Component Analysis and the PRI-PBCNN: A prior

supervised deep learning approach. Table 1 summarizes the Peak Signal-to-Noise Ratio
(PSNR) results on the BrainWeb phantom.

Table 1: PSNR comparison (dB) on BrainWeb phantom across methods and noise levels.
Best results in bold.

Method 1% 3% 5% 7% 9% Mean
Noisy Input 40.67 32.37 29.33 27.40 26.10 31.17
PRI-NLPCA 45.38 39.33 36.63 34.90 33.58 37.96
PRI-PBCNN 45.09 39.34 36.70 35.00 33.67 37.96
Auto-N2N (1 model) 43.93 38.80 37.43 36.47 35.79 38.48
Auto-N2N (experts) 44.39 39.67 38.02 37.19 36.78 39.21
Auto-N2N + RI-NLM 45.30 40.62 39.03 38.25 37.83 40.20

As can be noticed, at low noise (1%), PRI-NLPCA performs slightly better (+0.08 dB),
likely due to the high self-similarity in clean images which PCA exploits well. At medium to
high noise (3% - 9%), Auto-N2N significantly outperforms classical methods. At 9% noise,
our method achieves 37.83 dB versus 33.58 dB for PRI-NLPCA, a massive improvement of
+ 4.25 dB. The combined approach (Auto-N2N + RI-NLM) yields the best overall perfor-
mance, demonstrating that deep learning and classical priors are complementary. Figure 3
shows an example of the results.

3.3. Inference Speed

Efficiency is a major advantage of our framework. While classical PRI-NLPCA takes ap-
proximately 5 minutes per volume, and PRI-PBCNN takes 50 seconds, Auto-N2N pro-
cesses a full 3D volume in 2-3 seconds. This real-time capability is transformative for
high-throughput clinical workflows.
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Figure 3: Visual comparison on BrainWeb phantom corrupted with 9% noise (left) and its
denoised version (right).

3.4. Qualitative Results

We applied the method to the OASIS dataset (real clinical data with around 2.1% noise).
Figure 4 illustrates the results. The filter successfully removes the granular noise in the
white matter and cerebrospinal fluid while preserving the sharp contrast of the grey matter
and anatomical boundaries. Unlike simple Gaussian filtering, there is no visible blurring of
the cortex edges.

4. Discussion

The results validate the hypothesis that structural redundancy in MRI can be exploited to
synthesize the ground truth alternative required by N2N. Unlike ”blind-spot” approaches
(e.g., Noise2Void) , which mask the central voxel and inevitably degrade high-frequency
spatial resolution, our Auto-N2N approach preserves full spatial context by retrieving a
homologous patch from the search window. By generating training targets that are struc-
turally identical yet statistically independent, we unlock the power of N2N for clinical data.
This approach allows the CNN to learn full texture distributions rather than merely inter-
polating from neighbors, resulting in the superior edge preservation seen in Figure (7).

The Mixture of Experts approach proved essential. A single model struggled to balance
the subtle corrections needed for 1% noise with the aggressive filtering needed for 9% noise.
Specialized experts allow for optimal performance across the dynamic range of scanner
qualities. The Post-Processing stage, combining Test-Time Data Augmentation (TTDA)
and fusion with RI-NLM, provides a final boost in quality.

Currently, the noise estimation relies on the NLM-based generation, which requires
correction factors for high noise. This underestimation is intrinsic to the NLM selection
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process: by minimizing Euclidean distance to find a partner patch, the algorithm naturally
biases selection towards noise realizations that reduce the total distance, thereby artifi-
cially dampening the measured variance. While the linear correction proved robust for this
study, end-to-end learning where the network self-estimates noise variance would be a future
solution.

Additionally, we aim to adapt the proposed method to deal with spatially varying Rician
noise (basically using a local intensity /noise dependent bias).
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Figure 4: Denoising results on real OASIS data. From Left to right: noisy image, filtered
image and the corresponding residuals. The zoom (bottom row) shows preservation of fine
subcortical structures.

5. Conclusion

We have presented Auto-N2N, a robust, self-supervised, and highly efficient 3D MRI de-
noising framework. By successfully synthesizing training pairs from single volumes and
employing a noise-specific Mixture of Experts, we achieve state-of-the-art denoising qual-
ity without requiring clean ground truth or repeated patient scans. The method reduces
processing time by orders of magnitude compared to classical methods, making it an ideal
candidate for integration into clinical MRI scanners and PACS systems.
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