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Fast Super-Resolution Fluorescence Microscopy Imaging with
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Abstract The resolution and imaging quality of super-resolution fluorescence imaging significantly depend on the
number of fluorescent molecular photons collected during the experiment, as well as the background noise. To
obtain fast super-resolution fluorescence microscopy imaging under low photon count and high background light
conditions, the proposed convolutional neural network is employed to restore the signal with extremely low signal-
to-noise ratio (SNR) and combined with the reconstruction network to perform super-resolution imaging. The
results show that the fluorescence signal can be effectively recovered under the condition of low signal-to-noise ratio,
the peak signal-to-noise ratio can reach 27 dB, which is significantly better than the other two algorithms. The
proposed method can also cooperate with Deep-STORM reconstruction network to obtain fast super-resolution
imaging under low SNR conditions. The normalized mean square error of the reconstructed result is 7.5%, and the
resolution is significantly improved compared to the other similar algorithms. Additionally, the reconstruction
results under experimental conditions verify the ability of the proposed method and provide a feasible solution for
fast super-resolution fluorescence imaging under weak signals.
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Fig. 1 Noise model of super-resolution fluorescence microscopy
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Fig. 2 Structure of proposed convolutional neural network
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Fig. 3 Simulated noise picture and noise-free picture. (a) Simulated low signal-to-noise ratio wide-field fluorescence

signals with 500 photons of background and 400 photons of signal; (b) noise-free wide-field fluorescence signal
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Fig. 4 Comparison of noise reduction capabilities of different algorithms on simulated fluorescence images. (a) Simulated

fluorescence image with low signal-to-noise ratio; (b) fluorescence image after noise reduction by Gaussian filter

algorithm; (c) fluorescence image after noise reduction by BM3D algorithm; (d) fluorescence image after noise

reduction by proposed convolutional neural network algorithm; (e) noise-free fluorescence image
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Fig. 5 Peak signal-to-noise ratio of fluorescence images recovered by different algorithms. (a) Peak signal-to-noise ratio of

fluorescence images recovered by different algorithms when the number of signal photons gradually changes from 100

to 900 under the condition that the number of background photons is 500; (b) peak signal-to-noise ratio of

fluorescence images recovered by different algorithms when the number of background photons gradually changes

from 100 to 900 under the condition that the number of signal light photons is 500
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Fig. 6 Schematic of the reconstruction method using proposed convolutional neural network and Deep-STORM
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Fig. 7 Simulated imaging target and reconstruction image. (a) Original image obtained by simulation; (b) diffraction-

limited wide-field image; (c¢) Deep-STORM reconstructed super-resolution image under noise-free condition
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Fig. 8 Fluorescence images recovered by different noise reduction algorithms. (a) Simulated fluorescence images with low

signal-to-noise ratio; (b) simulated noise-free fluorescence image; (c) fluorescence image recovered by proposed

convolution neural network algorithm; (d) fluorescence image restored by BM3D algorithm; (e) fluorescence image

recovered by Gaussian filter algorithm
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Fig. 9 Reconstructed super-resolution images by different denoise algorithms and relative intensity distribution.

(a) Reconstructed super-resolution image after noise reduction with proposed convolutional neural network

algorithm;

(¢) reconstructed super-resolution image after noise reduction with BM3D algorithm; (d) directly

super-resolution image ;
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Fig. 10 Low signal-to-noise ratio fluorescence image and wide field image of endoplasmic reticulum

collected in experiment. (a) Fluorescence image; (b) wide-field image of endoplasmic reticulum
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Fig. 11 Fluorescence images denoised by different algorithms and reconstructed super-resolution images after noise
reduction. (a) Restoration of fluorescence image obtained by proposed convolutional neural network; (b)
restoration of fluorescence image obtained by BM3D algorithm; (c¢) restoration of fluorescence image obtained by
Gaussian filter algorithm; (d) reconstructed super-resolution image after noise reduction with proposed

convolutional neural network algorithm; (e) reconstructed super-resolution image after noise reduction with

Gaussian filter algorithm; (f) reconstructed super-resolution image after noise reduction with BM3D algorithm
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Fig. 12 Fluorescence image with low signal-to-noise and wide field images of microtubules. (a) Fluorescence image

with low signal-to-noise; (b) wide-field image of microtubules

proposed method

BM3D Gaussian filter
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Fig. 13 Fluorescence images of microtubules after noise reduction by different algorithms and their super-resolution images.

(a) Fluorescence images after noise reduction by different algorithms; (b) super-resolution images reconstructed

after noise reduction by different algorithms; (c) enlarged microtubules
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