
01

02 03

Evaluation Metrics
Peak SNR (PSNR)

The ratio between the maximum value and the mean squared error
between the denoised image and the ground truth.

Measure spatial fidelity, requires ground truth
Higher means better spatial fidelity

Structural similarity (SSIM) [6]
Evaluates image similarity based on structural information
Measure spatial fidelity; Does not require ground truth, used on the
real dataset. 
Ranged 0 to 1. Too close to 1 indicates no noise removed. Too close to
0 indicates overly smoothed. Ideally 0.8 ~ 0.9, indicating good spatial
fideliy.

Temporal SNR (tSNR)
The ratio of the temporal mean to the temporal standard deviation
Measure temporal performance
Higher means better temporal stability

Computational efficiency
Training cost (for SUPPORT and DeepCAD-RT)
Inference time

Datasets
Synthetic dataset

Generated by Optosynth [4]
Four SNR levels

Real dataset
Publicly available [5]
No ground truth 
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SUPPORT denoised image DeepCAD-RT denoised image PMD denoised image

Synthetic dataset

 SUPPORT is robust to varying noise conditions, while
PMD shows better results than DeepCAD-RT, especially

when denoising data with high SNR.

 PMD is most effective across all SNR levels, particularly
at lower SNR, whereas the advantage decreases as the

data becomes less noisy.
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All three methods yield comparable tSNR gains on the real
dataset, with PMD showing the highest tSNR and

DeepCAD-RT achieving the best structural similarity. Gap
is too small to draw any strong conclusion.

Voltage imaging enables fast, population-scale recording of neural activity, but suffers from low signal-to-noise ratio
(SNR) due to limited light level and high frame rates. Traditional denoising methods often blur spatial details or distort
temporal dynamics, motivating the development of specialized techniques like SUPPORT, DeepCAD-RT, and PMD. While
these methods improve reconstruction, comprehensive evaluations across noise levels, datasets, and computational
costs remain limited. This work aims to systematically assess their performance to guide method selection in voltage
imaging applications.

Background

How do three state-of-the-art denoising
methods, SUPPORT, DeepCAD-RT, and PMD,
compare in terms of spatial performance,

temporal stability, and computational
efficiency when applied to voltage imaging

data with varying levels of noise?
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Clean ImageNoisy Image of SNR level 1

Denoising Methods
SUPPORT [1]

Spatiotemporal patch-based deep
learning, self-supervised
Strong noise suppression with high
spatial fidelity

DeepCAD-RT [2]
Deep CNN-based real-time denoising
model, self-supervised
Optimized for temporal continuity

PMD [3]
Non-learning, model-based method,
sparse decomposition 
Interpretable and efficient

Noisy image of SNR level 4 in the
synthetic dataset

Results

Noisy image in the real dataset

Real dataset

Computational Efficiency

DeepCAD-RT not only trains faster and with lower memory usage than SUPPORT, but also
achieves a higher inference speed. PMD outperforms both methods, offering the fastest

inference among the three.

Conclusion
SUPPORT

Strong in spatial fidelity
High training cost and inference time

DeepCAD-RT
Low training cost and inference time
Not as robust in temporal and spatial performance

PMD
Strong in temporal performance and speed
Less robust in spatial fidelity

Future Work
Refining evaluation metrics

Include task-specific or biologically grounded
criteria (e.g. spike detection)

Exploring datasets with annotated regions of interest
Focus on the part of the image more meaningful
biologically  

Expanding the scope of datasets
Consider recordings from different ainimal/regions,
imaging modalities (e.g., two-photon vs. widefield)
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