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Supplementary Figures

Figure S1: Schematic of the MIRO framework. Calibration images (A) are used to remove the
sensor fixed pattern noise from the input image (B). (C) The resulting image is pre-filtered in
the Fourier space according to the system parameters. A noise map (D) is evaluated from (C),
of which is generated a shearlet decomposition (E). (F) Multiscale pixel-wise domain transform
shrinkage is performed to obtain the final image. (G) In case of low SNRs, an optional denois-
ing step can be applied using either unbiased non-local means or a multiscale patch-based
Wiener filter.
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Figure S2: Noise correction of three-color TIRFM images at different SNRs. Raw images of
a fixed BPAE cell were obtained at camera exposure times of 10 ms (A), 20 ms (B), 50 ms
(C), and 100 ms (D). (e-h) The relative images after MIRO processing. Zoomed-in images
corresponding to the dashed area for each SNR level before (I,K,M,O) and after processing
(J,L,N,P). Scale bars: 5 µm (A), 2 µm (I).
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Figure S3: 4D live cell imaging with epifluorescence using an EMCCD camera. Representative
image of the 4D data stack of peroxisomes in HEK cell at t = 0 and z = 6µm (A). The same
image after noise correction (B). (C,D) 3D tracking of peroxisomes processed in (A) and (B),
respectively. The color of each spot represents its axial position. Tracks in (D) look longer and
more connected than (C). (E) At the same time, the histogram of the SNR calculated for each
detected spot after noise correction (yellow bars) shows a more than two-fold improvement
over the histogram of the raw image (gray bars). Scale bar: 5 µm (A,C).
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Figure S4: Three-dimensional multi-color tissue imaging with laser scanning confocal mi-
croscopy (LSCM). Representative slices of a three-color 3D stack of a mouse kidney section
taken along the xy (A), yz (C), and xz (E). (B,D,F) The corresponding slices taken from the
MIRO-processed stack. The three color channels correspond to: DAPI (purple), phalloidin
(cyan), and wheat germ agglutinin (yellow). Scale bar: 10 µm.
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Figure S5: Sub-diffraction-limited confocal microscopy at low illumination power using a
GaAsP PMT. Images of fluorescently-labeled microtubules obtained using a LSCM equipped
with a GaAsP PMT detector (A, B), where the pinhole size was set to 1 and 0.2 Airy units (AU),
respectively. The laser power between images remained unchanged. In image (B), it is clear
that the detrimental effect of low SNR cancels the resolution improvement given by the the
closed pinhole. After MIRO processing, the image quality is recovered to restore the expected
sub-diffraction-limited resolution (C). (D-I) Zoomed-in images relative to the dashed (D, F, H)
and solid (E, G, I) boxed areas of (A-C) as marked in (A). Scale bars: 10 µm (A), 1 µm (D,E).
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Figure S6: Sub-diffraction-limited LSCM at low illumination power using a standard PMT.
Images of fluorescently-labeled microtubules obtained setting the pinhole size to 0.2 (A) and 1

AU (B). The laser power between images remained unchanged. (C) The same image in (A) after
MIRO processing. (D) Comparison of the image profile corresponding to the position marked
by the dashed line in (A). Because of the low SNR, the profile measured in the raw image
with the closed pinhole (dark gray, solid line) does not show a clear resolution improvement
compared to the diffraction-limited image acquired with the open pinhole (light gray, dashed
line). Instead, this is notably restored in the denoised image (yellow). Scale bar: 2 µm (A).
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Figure S7: Sub-diffraction-limited resolution recovery of LSCM with MIRO at different SNR
conditions. The processed images were the result of the average of an increasing number of
captures of the same fluorescently-labeled microtubules. (A-E) depiction of a raw image as
well as the result of the average of 4, 8, 12, and 16 frames. All raw images were obtained using
LSCM equipped with a standard PMT detector and the pinhole closed at 0.25 AU. (F-J) The
same images shown in (A-E) after MIRO processing. (K) Image resolution in the processed
images estimated by the average thickness of the microtubule in the boxed area. In all cases,
the resolution is consistently lower than the diffraction limit (dashed line) and in agreement
with the expected

√
2× resolution improvement (solid line). (L) Image quality of the processed

images before (gray) and after denoising (yellow). Scale bar: 5 µm.
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Figure S8: Restoration of 3D SIM reconstructions. (A-C) Representative slices of the SIM
reconstruction of fluorescently-labeled microtubules (cyan) and nucleus (yellow) in a BPAE cell.
The raw images were recorded at low illumination intensity, which resulted in the presence
of noise artifacts in the subsequent reconstruction and were greatly reduced in the MIRO-
processed images (D-F). Scale bar: 10 µm.
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Figure S9: Noise-controlled SIM reconstructions. Cross-sections of 3D-reconstructions (xy and
yz) of fluorescently-labeled tubulin filaments: widefield (WF; A,B), SIM reconstruction with
regularization parameter fixed to w = 5× 10−4 (Wiener; C,D), noise-controlled true-Wiener
(TW; E,F), flat-noise (FN; G,H), and notch-filtered flat-noise SIM reconstruction (NF; I,J), and
MIRO-processed Wiener reconstruction (MIRO; K,L). SIM reconstructions of GFP-zyxin in fo-
cal adhesions: WF (M), TW (M), FN (O), and MIRO (P). (Q) Measurement of Fourier ring
correlation (FRC) of (M-P) as described in [42]. We see that TW and FN have nearly identical
curves with a slightly better performance of the former (158 and 162 nm, respectively). Instead,
the MIRO-processed image shows higher correlation in the middle frequency range and higher
resolution overall (142 nm). Similarly, from the reconstructions of chirped nanopatterned struc-
tures (R-U) we can see that the FN reconstruction shows less noise than TW at the expenses of
contrast (V,W). Instead, MIRO shows higher contrast than both methods (X), especially in the
middle frequencies as observed also in (Q), with low noise comparable to FN (Y). The plots in
(V-X) show the mean and standard deviation of the line pattern along the boxed area. All data
are reproduced from the datasets in [42]. Scale bars: 4 µm (A), 0.8 µm (A, inset), 2 µm (M), 1

µm (R).
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Figure S10: Correction of reconstruction artifacts in simulated SIM images. (A) SIM recon-
struction from a representative frame of a simulated SIM dataset from [43]. (B) A frame from
the same dataset as (A) reconstructed using running average (i.e. rolling reconstruction). (C,D)
The SIM reconstruction in (A,B) after Hessian artifact minimization. This method is based on
the computation of Hessian penalty across sequential frames assuming a structural continuity
along the x, y, and t axes as a-priori knowledge. Here, rolling reconstruction is usually applied
in pre-processing to further mitigate temporal noise fluctuations (D). (E,F) The images in (A,B)
after MIRO processing. In this case, each frame is first processed individually (microlocal noise
correction). Then, non-local similarities across the sample are evaluated in both space and time
in order to apply a Wiener filter to groups of similar patches. The goal of this grouping is to
allow the use of a higher-dimensionality transform to maximize the input sparsity during the
Wiener filtering. Importantly, patches are grouped only if they have a minimum similarity
score and no assumption about temporal continuity or sample dynamics is necessary. (G-L)
Zoomed-in images of (A-F) corresponding to the area marked by the dashed box in (A). Scale
bars: 4 µm (A), 1 µm (G).
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Figure S11: Correction of reconstruction artifacts in experimental SIM images. (A) SIM recon-
struction from a dataset of cellular actin structures from [43]. (B) The second frame from the
same dataset as (A) reconstructed using running average (i.e. rolling reconstruction). (C,D)
The SIM reconstruction in (A,B) after Hessian artifact minimization. From the inset in (D), it is
possible to observe the beneficial effect of running reconstruction to resolve features that may
be lost under the noise floor, see inset in (C). Nonetheless, with MIRO processing (E,F) the
same structure appears visible even without rolling reconstruction (E). Scale bars: 2 µm.
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Figure S12: Noise correction of Fourier light-field microscopy (FLFM) images. (A) Simultane-
ous angular views of a live cardiomyocyte spheroid were obtained at 100 Hz camera frame-rate,
resulting in low SNR images. (B) the same image in (A) after MIRO noise correction. (C,D,G,H)
Zoomed-in images corresponding to different angular projections marked by the boxed areas
in (A) and (B). (E,F,I,J) Zoomed-in images showing further details into the dashed areas in
(C,D,G,H), respectively. Scale bars: 500 µm (A), 100 µm (C), 50 µm (E).
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Figure S13: Ca2+ transients of the cardiomyocyte indicated by the white arrows in Figs.3M,N
of the main text. Comparing the curves measured obtained from the sequence with (yellow)
and without (gray) MIRO processing, a deviation in the signal can be noticed especially as
soon as the fluorescence starts to drop, resulting in an enhanced peak to baseline contrast
for functional characterization. This is due to the decreasing SNR hindering both intensity
estimation and tracking of cell location during the spheroid’s contractions associated with
signaling. Both curves were smoothed using a moving average with a span of 25 time points.
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Figure S14: MIRO noise correction improves computational reconstruction of FLFM acquisi-
tions of a tadpole heartbeat. A living tadpole was imaged using a custom FLFM setup for
mesoscopic imaging. The laser illumination was kept low while the camera frame-rate was set
to 100 Hz to better follow the heart contraction. (A,C) Representative slices (z = 104 µm and z
= 196 µm, respectively) of a volumetric stack obtained by numerical reconstruction of a FLFM
2D image. (B,D) The same slices shown in (A) and (C) taken from a volumetric stack obtained
by reconstructing the same FLFM image after MIRO denoising. MIRO preprocessing removes
spurious signal due to electrical noise while preserving the fluorescence-related sample details.
Scale bars: 100 µm (A), 20 µm (A inset).
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Figure S15: Optimally-sparse image representation facilitates learning-based restoration. (A)
Hybrid network architecture. In brief, input images are preprocessed with system-aware pa-
rameters and decomposed in the shearlet domain. Than, they are passed through a custom
convolutional layer, which performs a learning-based microlocal soft shrinkage (SH). The out-
put of this layer is then fed to a U-Net architecture that filters the sample’s relevant features
learned across different spa-tial and shearlet scales. (B-D) Example input image (B) shows a
zoomed-in slice of volumetric VAPB (orange) and keratins (blue) in fixed epithelial cells im-
aged by dual-color Lattice Light-Sheet Microscopy. (C, D) show the corresponding predicted
output (C) and ground truth (GT) (D). (E-G) Corresponding maximum intensity projection
(MIP) images of the whole volumetric dataset as shown in b-d, respectively. Scale bars: 5 µm
µm (B), 10 µm (E).
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Figure S16: Restoration of MCF10A mammary 3D organoid’s LSCM data via MIRO-based
hybrid neural network. (A) Representative slice of the low SNR data (z = 12.7 µm) with the
relative prediction (B) and ground truth (C) images. (D) Slice of the low SNR data at z = 5.7
µm and the relative prediction (E) and ground truth (F) images. The two channels correspond
to F-actin (green) and nuclei (purple). Scale bars: 50 µm (A), 10 µm (A inset).
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Supplementary Tables

Exp. time
SSIM PSNR (dB)

Raw MIRO Raw MIRO

10 ms
ch. 1 0.22 0.78 12.65 29.39
ch. 2 0.50 0.95 20.49 36.39
ch. 3 0.34 0.87 12.70 29.93

20 ms
ch. 1 0.28 0.86 12.77 31.36
ch. 2 0.65 0.97 26.07 39.14
ch. 3 0.39 0.90 15.25 32.14

50 ms
ch. 1 0.33 0.90 19.01 33.68
ch. 2 0.82 0.98 32.33 40.60
ch. 3 0.55 0.94 22.97 34.12

100 ms
ch. 1 0.49 0.92 23.15 34.47
ch. 2 0.90 0.99 35.44 42.99
ch. 3 0.66 0.95 28.56 35.16

Table S1: Values of SSIM and PSNR before (Raw) and after denoising (MIRO) relative to
the datasets shown in Figure S2. Channels 1, 2, and 3 represent the blue (nucleus), yellow
(mitochondria), and purple (actin) channels, respectively.
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F/F0 4.33
τ1/2 (s) 0.16
d1/2 (s) 0.62
Period (s) 4.09

Table S2: Functional characterization of cardiomyocyte beating and Ca2+ transients calcu-
lated from MIRO-processed FLFM data shown in Supplementary Video 7. F/F0: peak/base-
line; τ1/2: half rise to peak time; d1/2: peak to half decay time.

Heart rate (s−1) 1.67± 0.03
Diastolic vol. (mm3) 0.0739
Systolic vol. (mm3) 0.0413
Ejection fraction (mm3/min) 2.35

Table S3: Quantification of the embryonic heart function in a embryonic frog in vivo observed
via FLFM (see Supplementary Video 8). The raw frames of the video used for the measure-
ments were processed with MIRO before image reconstruction.
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Dataset Technique Detector
Optical parameters MIRO

Notes
λ (nm) px (nm) NA Mode OF

Beads Epi sCMOS 680 65 1.45 soft - Fig.1
Siemens Star Simul. sCMOS 680 65 1.45 hard - Figs.1,S1

BPAE cells TIRFM sCMOS 461 65 1.45 soft - Fig.S2

BPAE cells TIRFM sCMOS 512 65 1.45 soft - Fig.S2

BPAE cells TIRFM sCMOS 599 65 1.45 soft - Fig.S2

Peroxisomes Epi EMCCD 513 50 1.46 soft - Fig.1,S3

Mitochondria Epi sCMOS 515 65 1.45 hard - Fig.2
Mouse Kidney LSCM PMT 461 120 1.4 soft - Figs.2,S4

Mouse Kidney LSCM PMT 519 120 1.4 soft - Figs.2,S4

Mouse Kidney LSCM PMT 600 120 1.4 soft - Figs.2,S4

Microtubules LSCM GaAsP 513 45 1.46 soft - Figs.2,S5

Microtubules LSCM PMT 513 40 1.4 soft - Figs.S6,S7

BPAE cell SIM EMCCD 461 80 1.4 hard NLM Figs.2,S8

BPAE cell SIM EMCCD 513 80 1.4 hard NLM Figs.2,S8

Microtubules SIM sCMOS 525 82 1.4 soft NLM Fig.S9, [42]
Focal adhesions SIM EMCCD 535 80 1.4 soft - Fig.S9, [42]
Nanopattern SIM EMCCD 535 80 1.4 hard - Fig.S9, [42]
Target Simul. - 515 32 0.9 hard WF Fig.S10, [43]
Actin SIM sCMOS 515 32 1.47 soft WF Fig.S11, [43]
Cardiomyocytes FLFM sCMOS 525 1.8 0.078 hard NLM Fig.S12

Tadpole FLFM sCMOS 525 1.8 0.078 hard WF Fig.S14

Epithelial cells LLSM sCMOS 515 65 1.4 MIROnet - Fig.S15

MFC10A LSCM GaAsP 416 65 1.4 MIROnet - Fig.S16

MFC10A LSCM GaAsP 515 65 1.4 MIROnet - Fig.S16

Table S4: List of all datasets presented along the manuscript with relative reconstruction pa-
rameters. OF: optional filter. SF: Supplementary Figure. Simul.: simulation. hard: microlocal
hard thresholding. soft: microlocal soft thresholding. MIROnet: MIRO-based hybrid neural
network. NLM: unbiased non-local means. WF: Wiener filter.
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Supplementary Movies

Movie S1. 4D live-cell imaging of peroxisomes in HEK cell. The video was acquired

using a microscope equipped with an EMCCD camera. The axial position of each

element has been color-coded.

Movie S2. Three-dimensional tracking of peroxisomes in HEK cell. The video depicts

the results of single-particle tracking performed on the dataset shown in Supplemen-

tary Video 1. Here, the color code represents the signal-to-noise ratio of the tracked

point. The MIRO-processed tracks display a clear improvement in SNR.

Movie S3. Live-cell imaging of mitochondria moving in a human embryonic kidney

(HEK) cell. Video sequence before (left) and after (right) MIRO noise correction. Expo-

sure time: 20 ms. Scale bar: 5 µm.

Movie S4. Multi-color three-dimensional stack of a mouse kidney section acquired

with laser scanning confocal microscopy (LSCM). The sequence shows the data before

(left) and after (right) MIRO noise correction. The three color channels correspond to:

DAPI (purple), phalloidin (cyan), and wheat germ agglutinin (yellow). Scale bar: 10

µm.

Movie S5. Three-dimensional renderings of LCSM stacks of fluorescently-labeled mi-

crotubules in a BPAE cell. The first sequence shows a 3D rendering of the volumetric

scan acquired with the open pinhole (RAW, 1 AU). The second and the third ones

show the same area but acquired with the pinhole almost closed and rendered before

(RAW, 0.2 AU) and after MIRO processing (MIRO, 0.2 AU).

Movie S6. Artifact minimization in multi-color three-dimensional SIM reconstruc-

tions. The sequence shows the reconstructed volumetric dataset before (left) and after

(right) MIRO processing. The two channels correspond to the fluorescently-labeled

microtubules (cyan) and nucleus (yellow) in a BPAE cell. Scale bar: 10 µm.

Movie S7. Fourier light-field imaging of a live cardiomyocytes spheroid. Maximum

intensity projection of a three-dimensional stack computationally reconstructed from

2D light-field images without (left) and with MIRO preprocessing (right). The video

was recorded at 100 Hz. Scale bars: 100 µm.
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Movie S8. Fourier light-field imaging of the heartbeat of a fluorescently-labeled tad-

pole. Comparing the two sequences obtained reconstructing raw data (left) and noise-

corrected data (right), it is noticeable that MIRO preprocessing improves the robust-

ness of Fourier light-field reconstruction. The video was recorded at 100 Hz. Scale

bars: 100 µm.

Movie S9. Restoration of 3D LSCM data of a MCF10A mammary organoid via MIRO-

based hybrid neural network. The sequence shows the raw data (left), the predicted

results (center) and the ground trouth dataset (right). The two channels correspond to

F-actin (green) and nuclei (purple). Scale bar: 50 µm.

Supplementary Software

Supplementary Software. Matlab package for MIRO (Multiscale Image Restoration

through Optimally-sparse representation). This is a software for microlocal noise cor-

rection designed for fluorescence microscopy. It uses the optimal sparsity of the shear-

let domain and a physics-based noise estimation to improve the quality of microscopy

images acquired using any of the most common camera sensors. This yields a stable

and effective noise correction improving the reliability of image analysis and recon-

struction. The software requires a standard computer with enough RAM to support

MATLAB 2021b. For minimum performance, this will be a computer with about 4

GB of RAM. For optimal performance, we recomend 16+ GB of RAM, a CPU with 6+

cores and 3.2+ GHz/core. To work properly, the software requires MATLAB 2021b+

with the Image Processing Toolbox installed.
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1 multiscale image restoration

In this section, we summarize the principal noise sources in the most common sci-

entific sensors and delineate the theoretical model underlying our image restoration

strategy. Then, we analyze in detail all the elements of the MIRO framework and

discuss their role in the restoration process.

1.1 Photon transfer noise sources in digital cameras

The quality of a camera image can be degraded by interactions that produce a signal

variance or noise from pixel-to-pixel. These interactions can have several sources so

that the total effective noise per pixel is the quadrature sum of different noise compo-

nents[76]. The photon-detector interaction is related to the presence of shot noise and

Fano noise. However, the latter is usually negligible compared to shot noise and only

significant when the average number of electrons generated per pixel is less than 1.

Instead, the lack of uniformity in the pixel sensitivity is associated to fixed pattern noise.

Finally, read noise encompasses all other noise sources that are not dependent on signal

strength.

signal shot noise. Signal shot noise is connected to the statistics describing the

way photons spatially arrive on the detector. This is generally a spatially and tempo-

rally random phenomenon that obeys the Bose-Einstein statistics. However, for semi-

conductors at room temperature and wavelengths in the visible spectrum, the signal

deviation due to shot noise (σSHOT ) reduces to:

σSHOT (p, t) =
√
S(p, t) , (1)

where S is the average number of electrons generated in the pixel p at time t as a

function of interacting photons. Shot noise is described by the Poisson probability

distribution,

Pi(p, t) =
Si(p, t)
i!

e−Si(p,t) , (2)
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where Pi is the probability that there are i interactions at the pixel p at time t. Impor-

tantly, a Poisson distribution can be approximated by a Gaussian distribution when

S > 3 with an error less than 5%.

dark shot noise. Dark current, ID, is a thermal phenomenon resulting from elec-

trons spontaneously generated within the silicon chip (valence electrons are thermally

excited into the conduction band) even when no photons are incident on the camera.

The number of dark electrons collected in one frame is termed dark shot noise and it

does not depend on the signal level but on the exposure time:

σD(p) =
√
ID(p) · τ . (3)

For scientific-grade cameras, the contribution of dark current can be neglected in many

practical cases, e.g. exposure times below 1 s. However, dark noise is still relevant in

situations that require low-cost sensors or long exposure times.

fixed pattern noise. Once the photoelectrons are generated, they are collected

in the detector’s pixels. This process is not perfect so that the collection efficiency

changes from pixel to pixel, resulting in a sensitivity non-uniformity. Since this non-

uniformity remains constant in time, it forms the same spatial pattern from image to

image and is termed fixed pattern noise (FPN). Thus, FPN presents a high temporal

correlation that cannot be reduced by frame averaging. Instead, it becomes more sig-

nificant after some common operations like temporal averaging or maximum intensity

projection. This is especially noticeable in CMOS sensors where column amplifiers

are responsible for the appearance of the typical vertical stripes. The effect of FPN

depends on the electronics of the camera and can be divided in two components: one

proportional to the photocurrent, termed photoresponse non-uniformity (PRNU), and

one independent from the signal and due to offset voltages due to the amplifiers used,

termed dark signal non-uniformity (DSNU). Thus, FPN results from the assumption

that signal gain, g, and offset, o, are uniform across the sensor area:

g(p) = g , (4)

o(p) = o . (5)
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This generates an error in the signal estimation that is modeled as Gaussian distributed

noise whose standard deviation varies linearly with the signal:

σFPN(p, t) = αS(p, t) +β . (6)

Here, it is important to notice that the parameters α and β correspond to the PSNU and

DSNU components of the sensor respectively, and must not be confused with g and o.

Unlike shot noise, which varies with the square root signal, FPN is proportional to the

signal. So, it will dominate signal shot noise over most of a sensor’s dynamic range

for visible application unless the pixel-to-pixel non-uniformity is properly calibrated.

read noise. Read noise represents any noise source that is not a function of the

signal. It is generated in producing the electronic signal, which results from the sensor

design but also by the design of the camera electronics. For example, CMOS pixels

perform charge-to-voltage conversion at each location using additional circuitry that

increases readout noise and generates extra fixed-pattern noise sources compared to

CCDs. Read noise is Gaussian distributed and independent from the illumination

level but for some detectors, e.g. CMOS, it can depend on the pixel position:

σR ≡ σR(p) . (7)

1.2 Theoretical model

A camera system is composed by different elements that convert the photon input into

the digital signal such as the semiconductor, pixel detector, and the electronics that

process the signal[77]. Thus, given a certain number P(p, t) of photons impinging on

a pixel p at time t, the final output of that pixel will be:

DN(p, t) = K(P(p, t)) , (8)
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where DN is the output in digital numbers and K the camera transfer function. For

the sake of simplicity, we will consider the input signal in photoelectrons, which are

related to the incident photons by the relation:

S(p, t) = Q · η · P(p, t) , (9)

where Q and η are the quantum efficiency and the quantum yield gain of the detector,

respectively. Thus, equation (8) becomes:

DN(p, t) = K ′(S(p, t)) , (10)

where

K ′(·) = K(·) ·Q · η . (11)

At this point, we can separate the signal-dependent component of K ′ from the signal-

independent component:

DN(p, t) = g(p) · S ′(p, t) + o(p) , (12)

where g is the gain in DN/e− units, o the offset in DN, and S ′ the total number of

electrons generated in the pixel p at time t. The number of electrons S ′ read at a

certain pixel is the result of a statistical process modeled by the relation:

S ′(p, t) = P{S;p, t}+P{IDτ;p}+ G{0,σ2R;p}+ G{0,σ2FPN;p, t} . (13)

If we approximate the Poisson distributions, P{·}, of signal and dark shot noise with

heteroskedastic Gaussian distributions[78], G{·;p}, we obtain:

S ′(p, t) = G{S,S;p, t}+ G{IDτ, IDτ;p}+ G{0,σ2R;p}+ G{0,σ2FPN;p, t} . (14)

Reminding that the sum of independent Gaussian-distributed random variables is by

theory, still a Gaussian-distributed random variable:

S ′(p, t) = G{S+ IDτ,σ2T ;p, t} , (15)
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where:

σ2T (p, t) = S(p, t) + ID(p)τ+ σ2R(p) + σ
2
FPN(p, t) , (16)

As discussed in Sec. 1.1, the contribution of FPN can be canceled by calibrating the

camera sensor to determine the gain and offset values across the sensor. This way, we

can use the true gain and offset values in each pixel, which implies:

σFPN(p, t) = 0 . (17)

Substituting equations (15-17) into equation (12), we obtain:

DN(p, t) = g(p) · G{S+ IDτ,S+ IDτ+ σ2R;p, t}+ o(p) , (18)

We can see from equation (18) that DN is a biased estimator of S:

DN(p, t) → g(p) · S(p, t) + g(p) · ID(p)τ+ o(p) . (19)

This can be fixed by removing the last two terms of equations (19) that do not depen-

dent on the signal and considering the measured intensity in terms of e−:

I(p, t) =
DN(p, t) − o ′(p, τ)

g(p)
, (20)

where

o ′(p, τ) = o(p) + g(p) · ID(p)τ . (21)

This way, we have that:E[I(p, t)] = S(p, t)

V[I(p, t)] = E[I(p, t)] + σ2R(p) + σ
2
D(p)

(22)

where E[·] and V[·] are the expected value and the variance of the random variable

I(p, t), respectively. Equation (22) shows that I is indeed an unbiased estimator of

the number of photoelectrons generated in each pixel, S. However, to obtain E[I] it is
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necessary to know the noise variance, which, in turn, depends on the knowledge of

E[I]. This must be substituted, then, with an approximated estimation Ẽ[·]:

V[I(p, t)] = Ẽ[I(p, t)] + σ2R(p) + σ
2
D(p) (23)

Starting from the noise model summarized in equation (23), we devised a strategy

to improve the estimation accuracy of the signal generated by the incident photons

based on three main elements:

• the knowledge of relevant acquisition parameters, e.g. τ;

• an accurate calibration of the camera parameters, i.e. σR(p), g(p), o(p) and

ID(p);

• a sensible approximation Ẽ[I(p, t)] based on mathematical parameters related to

sample morphology (similarity) and image representation (sparsity).

1.2.1 The heteroskedastic Gaussian approximation

We modeled camera-related noise as the contribution of different noise components

and, throughout the previous section, we derived a series of relations which depend

not only on the mean and variance, but also on the particular distribution of the pro-

cessed samples. In particular, the main contributions come from two different statis-

tics, namely the Gaussian and the Poisson distribution. For the sake of simplicity, we

exploit the fact that the Poisson distribution of shot noise is well approximated by a

heteroskedastic Gaussian distribution, i.e., with a spatially-varying noise variance. The

accuracy of this assumption is increases with the number of photons and already with

only 10 photons per pixel it can be seen that there is virtually no difference between

the estimation accuracy of a truly Poissonian variable and that of its Gaussian approxi-

mation[78]. In general, the minimum required photon flux depends on the considered

application and desired accuracy. As a rule of thumb, this can be considered a good

approximation already when the photon flux is 3-5 photons per pixel given that the er-

ror committed by approximating the variance of Poisson distribution with a Gaussian

standard deviation is still small[76, 19]. Furthermore, we tested the robustness of our

algorithm at low light levels with both simulations and experimental images seeking

for deviations in accuracy due to the heteroskedastic Gaussian approximation. Re-
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markably, we did not observe any relevant worsening of the MIRO performance down

to 1 photon/pixel, neither in terms of mean square error nor structural similarity (see

section 2.1).

1.3 Pixel response calibration

As discussed in the previous section, camera noise is related to a few pixel-dependent

parameters: σ2R(p), g(p), o(p) and ID(p). So, a pixel-wise calibration of these param-

eters has to be performed to optimize noise correction, especially when using sensors

with high pixel-to-pixel non-uniformity as CMOS-based camera[19, 79]. The offset

o(p), expressed in DN, can be estimated by recording a series of dark images, DN0,

and calculating the temporal mean for each pixel:

o(p) = E[DN0(p)] . (24)

The amplification gain g(p), expressed in DN/e−, can be obtained from multiple

sets of images recorded at different illumination intensities and calculated using the

relation[16]:

g(p) = arg min
K∑

k=1

((
vk(p) − v(p)

)
− g(p)

(
Dk(p) − o(p)

))2
, (25)

where K is the total number of illumination levels acquired, k is the k-th illumina-

tion sequence, Dk(p) ≡ E[DNk(p)] is the mean DN count obtained from temporal

averaging of all frames that are acquired during illumination sequence k at pixel

p, o(p) and v(p) ≡ V[DN0(p)] are the offset and variance values for pixel p, and

vk(p) ≡ V[DNk(p)] stands for the temporal variance of the DN counts for illumina-

tion sequence k in pixel p.

Importantly, some detectors can have multiple amplifiers for different illumination

conditions, usually high-gain and low-gain amplifiers for low-light and high-light con-

ditions, respectively. In this case, users must perform multiple gain calibrations within

each light range.
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Once obtained o(p) and g(p), the read noise variance in e− units, σ2R(p) can be

calculated from the variance of the dark frames:

σ2R(p) =
V[DN0(p)]

g(p)
, (26)

where V[DN0(p)] is the variance calculated at pixel p from the dark image dataset.

Finally, the dark current ID(p), expressed in e−/s can be calculated by multiple sets

of dark images recorded at different exposure time using linear regression:

DN0(p, τ) = g(p) · ID(p)τ+ o(p) . (27)

In cooled cameras, ID(p) can be very low[80], e.g. ⟨ID⟩p = 0.06 e−/s, except for a few

"hot" pixels. In these cases we just assumed ID(p) = ⟨ID⟩p and corrected the "hot"

pixels by interpolation. Usually, this is not possible with low-cost chips, in which case

equation (27) must be used.

1.4 Sparsity-based image restoration

The resolution of an optical system is physically governed by the laws of diffraction,

which limit the level of detail that such system can convey. In terms of frequency anal-

ysis, this means that the optical transfer function (OTF) will always present a charac-

teristic cutoff frequency, fc,o [81]. At the same time, an analog-to-digital converter, like

a digital camera, also presents a cutoff frequency, termed Nyquist frequency fN, over

which any signal is considered under-sampled[82]. Thus a digital imaging system can

be considered as a low-pass filter whose effective cutoff frequency is fc = min{fc,o, fN}.

For the sake of simplicity, we consider a system where fc = fc,o and we will discuss

the case of under-sampling separately in section 2.3.

We can say, then, that all the useful signal collected by a digital image is contained

within a small region of the Fourier space delimited by fc. Instead, the components

of electric noise present in a digital camera have a constant power spectrum[19, 83],

i.e. noise is equally present at all frequencies. The sparsity of the signal in the Fourier

space allows to easily reduce noise by removing only the frequencies f > fc, while

leaving signal unaltered. Most importantly, the same reasoning can be extended to

other transforms that provide a sparser representation of the signal and, in turn, a
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more efficient image restoration. In the last years, the shearlet transform has been

proposed as an extension of the Wavelet transform to address curved singularities[84].

In particular, shearlets provide a directional, multiscale representation of images and

an optimally sparse approximations of anisotropic features[25].

The shearlets have been used to solve different image restoration tasks[85, 86, 87,

24], including denoising[26, 24, 27]. However, these approaches assume the presence

of only spatially-uniform Gaussian white noise. Here, we propose a novel microlocal

domain thresholding approach based on the comprehensive noise model summarized

in equation (23).

1.4.1 The shearlet transform

Wavelets provide optimally sparse representations for 1-D functions that are smooth

away from point singularities. However, this does not hold true in higher dimen-

sions[88]. Indeed, wavelets, due to their isotropic nature, are not ideally suited for

covering anisotropic features such as curve-like singularities in the class of cartoon-

like images. This class of images is a subset of L2(R2) functions introduced to provide

a simplified model of natural images, which emphasizes anisotropic features and is

consistent with many models of the human visual system and fluorescence images[24].

These functions have by now become a standard model for measuring sparse (nonlin-

ear) approximation properties of directional representation systems.

Shearlets have been constructed with the aim of improving on this shortcoming by

applying anisotropic scaling to the generating function, i.e. different dimensions can

have different scaling factors.

Introducing directional selectivity to a system of representing functions requires the

capability to vary the direction. In the theory of shearlets, this is achieved by apply-

ing a shearing operator along with the anisotropic scaling operator. Thus, shearlets

are very similar to wavelets in the sense that both are constructed from generating

functions that can be modified with a certain operator. However, while for wavelets

only isotropic scaling is possible, shearlets are subject to both anisotropic scaling and

shearing.

A significant problem of the shearlet system is that to capture horizontally aligned

anisotropic structures one would have to apply the shearlet matrix a great number of

times. To avoid this issue, which would be very difficult to handle in any digital imple-
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mentation, the so-called cone-adapted continuous shearlet system was introduced[22,

89]. Here, the Fourier-domain is partitioned into four cones (two horizontal, two ver-

tical) and a square-shaped low-pass region (Figure S17). The horizontal and vertical

ones are now associated with their own generating functions ψ, ψ̃ while a scaling

function ϕ covers the low-pass region.

Let

Ãa =

(
a1/2 0

0 a

)
. (28)

be another scaling matrix, shearlet generators ψ , ψ̃ ∈ L2(R) and scaling function

ϕ ∈ L2(R) be given. The cone-adapted continuous shearlet system SHcont(ϕ,ψ, ψ̃) is

given by the union of the following sets:

Φ = {ϕt = ϕ(·− t) : t ∈ R2} (29)

Ψ = {ψa,s,t = a
− 3

4ψ(A−1
a S−1

s (·− t)) : a ∈ (0.1] , |s| ⩽ 1+ a1/2 , t ∈ R2} (30)

Ψ̃ = {ψ̃a,s,t = a
− 3

4 ψ̃(A−1
a S−T

s (·− t)) : a ∈ (0.1] , |s| ⩽ 1+ a1/2 , t ∈ R2} (31)

Interestingly, there exist compactly supported shearlet generators ψ,ψ̃ and a shearlet

scaling function ϕ such that the best n-term approximation of functions f in the class

of cartoon-like images obeys the relation:

∥f− fn∥2 = O(n−2(logn)3)) , (32)

which is the optimal decay rate achievable, besides the negligible log factor[25, 89].

This also gives a mathematical justification of the superiority of shearlet systems over

wavelet or Fourier bases which cannot guarantee optimal decay rates. Noticeably,

shearlets decompose an image in a joint space/orientation representation where points

and curves are very different objects. So, even if points and curves may happen to

overlap spatially, they are distinct microlocally, i.e., in the orientation direction (Fig-

ure S17c,d).
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Figure S17: The shearlet transform and its microlocal properties. (A) In the cone-adapted
continuous shearlet system the Fourier-domain is partitioned into four cones (two horizontal,
Ch, and two vertical, Cv) and a square-shaped low-pass region (LP). (B) Frequency tiling of
the cone-adapted shearlet system. This decomposes an image separating spatial features at
different scales and orientations. Thus, different features such as lines and points that may
appear to overlap spatially (C) happen to be microlocally distinct (D).
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1.4.2 Microlocal shearlet thresholding

Once the pixel-to-pixel non-uniformity from the camera output has been removed

according to equation (20), we want to find Ẽ[I(p, t)] ≈ S(p.t). To do this, we propose

a shearlet-based domain shrinkage method for microlocal hard thresholding:

Ẽhard

S [I(p, t)] = SH−1
{
Ǐ(p, t) · 1(|Ǐ(p,t)|>T(p,t))

}
, (33)

and soft thresholding:

Ẽsoft

S [I(p, t)] = SH−1
{

sign(Ǐ(p, t)) · (Ǐ(p, t) − T(p, t)) · {I;p, t} · 1(|Ǐ(p,t)|>T(p,t))

}
, (34)

where the symbol SH{·} represents the discrete shearlet transform operation, Ǐ(p, t) =

SH{I;p, t} and:

1(|Ǐ(p,t)|>T(p,t)) =

1 if |Ǐ(p, t)| > T(p, t)

0 otherwise
. (35)

In both cases, the microlocal thresholding factor T(p, t), according to equation (23), is:

T(p, t) = h ·
√

Ẽ0[I(p, t)] + σ2D + σ2R , (36)

where h is a user-adjustable multiplicative factor that depends on the image SNR and

the shearlet system while the estimate Ẽ0[I(p, t)] is the interpolated median value

calculated among the neighboring pixels within half Airy unit. The size of the Airy

disk in pixel for the input images are calculated using the user-inserted values of

wavelength of the incoming photons, λ, effective numerical aperture of the optical

system, NA, and pixel size in the image plane, dp.

The multiplicative factor h is proportional to the image SNR, which is automatically

estimated via phase decorrelation[90]. In brief, this method measures the decorrelation

of the phase of the Fourier transform in the input image to estimate its SNR and

resolution. Unlike Fourier ring correlation, this method does not need image pairs

so it can work also with single images and shows better accuracy. When processing

multidimensional data, the estimate is usually generalizable to the whole dataset and

by default the MIRO software estimates resolution and SNR only on an individual

image. To account for possible SNR changes due, for example, to photobleaching,
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this behavior can be changed in the options. Moreover, the regularizing parameter

h can also be adjusted manually in case of an occasional miscalculation of the SNR.

Generally, this manual adjustment requires only a few iterations to reach the optimal

value and, also in this case, the parameter can be adjusted simply on one image then

used with the whole dataset.

The microlocal thresholding strategy alone already out-performs standard shearlet-

thresholding denoising (Figure S18). However, when the SNR is very low, noise can

generate patterns that are not completely removed by the thresholding operation. To

avoid this issue, we pre-filter the input image I(p, t) in the Fourier space to remove

unwanted frequencies:

I ′(p, t) = I(p, t)⊗F{Γ }+K(p, t) ·H(p, t) , (37)

where:

Γ(f) =
1

1+ e
6
(

f−f∗c
fc−f∗c

−1
) , (38)

H : F{H} =

F{I} · Γ(f) if f > f∗c

0 otherwise
, (39)

K(p, t) =

k if H(p, t) > 0

0 otherwise
, (40)

F{·} is the Fourier transform, fc is the normalized theoretical cutoff frequency of the

system as calculated from the system parameters, and f∗c is the normalized effective

cutoff frequency measured by phase decorrelation[90].

As mentioned at the beginning of this section, MIRO offers the option to operate

either soft or hard shearlet thresholding. As shown in Figure S18, we did not observe

major differences between the two implementations during the characterization mea-

surements and, as a rule of thumb, we suggest using the soft thresholding method by

default and switching to the hard thresholding only in case of low SNR.

The typical MIRO run time depends on the image size and the number of shearlet

scales used, so the user can also indicate the maximum number of shearlet scales

used in the decomposition and the algorithm will calculate the closer value given the

image size. We generally opt for using the maximum available number of shearlet
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Figure S18: Comparison of shearlet-based thresholding strategies. Image of fluorescently-
labeled microtubules in a HeLa cell acquired setting the exposure time to 100 ms (A) and
10 ms (B). Noise-corrected images of (B) using uniform Shearlet Hard-thresholding (C), uni-
form Shearlet Soft-thresholding (D), microlocal Shearlet Hard-thresholding (E), and microlocal
Shearlet Soft-thresholding (F). (G,H) Box plots of the PSNR and SSIM of the images in (B-F)
using the image in (A) as ground truth. In both cases, we see that microlocal thresholding out-
performs the standard methods with similar performance between hard and soft thresholding
versions. Scale bar: 5 µm.

components. Nonetheless, reducing the number of shearlet components considerably

improves the processing speed so that using a smaller shearlet scale can be worth

testing when processing big datasets.

Finally, it is possible to save runtime by feeding MIRO with a precalculated shear-

let system (which can be reused with different datasets bacause depends only on the

image size in x and y) so that this is not recalculated every time (Table S5). For an ex-

ample on how to use this feature, see the demo code provided with the Supplementary

Software.
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Image size (px)
Shearlet
scales

Runtime
Runtime
(w/ precalculated shearlet base)

64x64 3 0.07s 0.04s
128x128 4 0.17s 0.10s
256x256 5 1.17s 0.36s

Table S5: MIRO runtime for different image sizes and Shearlet scales. The runtimes are
provided both with and without the use of a precalculated shearlet base.
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1.5 Additional image processing

As an optional final step, we implemented the possibility to leverage the image non-

local similarities to enhance noise correction in case of very low SNR or non-optimal

microlocal noise estimation. Real-world objects seldom present a random structure

but usually exhibit repeated patterns or a certain degree of non-local similarities. This

has been often exploited by image restoration algorithms with notable results also in

the field of scientific imaging[19, 91, 92, 93]. In fluorescence microscopy, for example,

only one type of structure is imaged at a time so that in principle a good degree

of similarity is expected all across the image. Thus, we offer three possible options:

unbiased non-local means processing, multiscale collaborative Wiener filtering, and

time-based collaborative Wiener filtering.

1.5.1 Unbiased non-local means

The unbiased non-local means (NLM) option provides a fast and effective solution

to lingering low intensity noise. NLM denoising of a given image patch is obtained

as a weighted average of the surrounding patches, with weights proportional to the

their similarity[94]. However, in the classic implementation of NLM, the estimate of

the noise-free patch from a set of nearest neighbors is biased by a factor of 2σ2[95].

This can produce artifacts especially when using a reduced number of neighbors. To

avoid this issue we use an unbiased estimate of the patch weights w[96]. Given a noisy

reference patch µr with N elements, the squared distance from a noisy neighbor γk
patch is:

δ2(µr,γk) =
1

N

N−1∑
i=0

(µir − γ
i
k)

2 , (41)

and the noise-free patch is calculated as:

µ̂r(µr) =

∑
kwµr,γk

· γk∑
kwµr,γk

(42)

where

wµr,γk
=
1

h2
exp max[0, δ2(µr,γk) − 2σ2] . (43)
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1.5.2 Multiscale collaborative Wiener filter

A significant advantage of image self-similarity is the possibility to stack small im-

age patches in different groups according to their mutual similarity. This way, a

two-dimensional image can be "folded" in a three-dimensional one, with the third

dimension being represented by similarity. This higher dimensionality allows to use

transforms that provide image representations with higher sparsity, which results in a

more efficient image restoration[91].

Here, we calculated the image self-similarity at different scales to obtain a better

similarity estimate and also to provide a pixel-wise estimation of the total noise vari-

ance according to the noise model in equation (23). Then, a collaborative Wiener filter

is used to obtain the noise-free patches that are finally put together to form the re-

stored image (Figure S19). Therefore, the process can be divided into three main parts:

multiscale grouping, collaborative filtering and weighted aggregation.

Multiscale grouping. In collaborative filtering, the similarity between different

patches is evaluated using Frobenius norm. However, this method becomes less re-

liable in presence of noise. Here, we use a more robust evaluation by measuring

similarity at different scales[97]. We generate for each patch multiple scaled-down ver-

sions by Gaussian pyramid reduction and use these scaled-down patches to compute

the similarity. Then, the original patches are grouped accordingly in three-dimensional

stacks. Specifically, the algorithm scans the input image selecting k×k patches (P) and

searching an m×m area for other similar patches (Q). Each patch is scaled down two

or three times (depending on the patch size) using Gaussian average. These scaled-

down patches re used to assess similarity by the normalized square distance in L2

d(P,Q) =

3∑
j=1

∥Pj −Qj∥22
k2j

, (44)

where j is the order of the scaled-down patch. This evaluation is then used to stack the

original (not scaled-down) patches in a 3D group, P[P], up to a maximum of 8. This is

repeated with different reference patches until all the input images are stacked in 3D

groups.
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Figure S19: Schematic depiction of the application of multiscale Wiener filter to MIRO. We
have implemented a multiscale patch-based Wiener filter to further improve the accuracy of
MIRO noise correction in case of images with very low SNR. Firstly, both the intermediate
image (Int. image) produced after FPN correction and the image resulting from pixel-wise
shearlet thresholding (pST) are divided into patches. For each patch two of more sub-sampled
copies are produced according to a Gaussian pyramid representation. Then, the sub-sampled
(less noisy) copies are used to evaluate the similarity between patches in order to form groups
of similar patches. Finally, these groups are fed into a Wiener filter and the outputs re-
aggregated to form the final noise-free image (mWF).
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Collaborative Wiener filter. At this point, collaborative filtering employs a 3D trans-

form, τh3D, to filter the coefficients of each group all at once. Due to the similarity

between the patches, the 3D transform results in even sparser representation of the

original patches than the 2D transforms whereas the noise still has a constant power

spectrum[98]. Collaborative filtering can be expressed by the formula:

Pw(P) = τw
−1

3D (cP(τ
w
3D(P[P]))) , (45)

where the Wiener coefficient is:

cP =
|τw3D(P[P])|2

|τw3D(P[P])|2 + σ2N
. (46)

The noise variance σ2N is the sum the the calibrated component σ2R and the estimated

shot-noise variance σ2S. The shot-noise variance is determined using a weighted non-

local means (Kullback–Leibler divergence) calculated across the patch group:

dKL(P,Q) =
1

2
(P−Q) ln

P

Q
. (47)

Weighted aggregation. Once the collaborative filtering produces all the patch es-

timates, the aggregation procedure returns the denoised patches to their original lo-

cations. Notably, during the grouping part, one patch can be assigned to more than

one group. This implies that pixels can have more than one estimation. Thus, the

final estimate is computed as a weighted average of all overlapping pixels where the

weights are defined to prioritize homogeneous patches over the ones containing edges

and corners:

wP =

N
−1
P NP ⩾ 1

1 otherwise
(48)

where NP is the number of non-zero coefficients in the 3D block after filtering.

1.5.3 Time-based collaborative Wiener filter

When the input images are a video sequence, if the fast Wiener filter option is selected,

the algorithm performs a time-based collaborative Wiener filter[99]. This is similar to

the sparse filtering operation detailed in the previous paragraph with the difference
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being that during the grouping task the algorithm performs the patch search also in

the neighboring frames. This means that the search area for similar patches this time

is an m ×m × t spatio-temporal volume. This way, lingering noise can be further

reduced taking advantage of the sample self-similarity, not only in space, but also in

time.

To maximize the temporal correlation, during video filtering the search window

is shifted according to a motion estimation of the reference patch in time. This is

performed using a motion estimator with the sequence down-sampled by a factor of

two and computing the motion trajectories using a fast diamond search[100]. Here,

the trajectory of a block is defined by the sequence of the most similar blocks in the

neighboring frames.

It is important to notice that this video filtering involves only an extension of the

search window during the grouping phase and does not involve any time averaging,

so that the temporal resolution is preserved.
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2 characterization

Before testing the performance of MIRO with the different sensor types and applica-

tions, we characterize the expected performance on both simulations and experimen-

tal caliber datasets. In particular, we review the expected accuracy and resolution

improvement with the SNR, and the effect of digital sampling on noise removal. Also,

we compare our results with the most common denoising algorithms in scientific imag-

ing.

2.1 Accuracy

In fluorescence imaging, the performance of noise correction is intrinsically related to

the photon flux of the input image. Indeed, sample details at low photon count start to

be comparable to noise-generated random patterns directly affecting the image accu-

racy. Here, we assess the dependence of the denoising performance on the intensity of

the emission light and the corresponding improvement of the image quality. We esti-

mate the effect of MIRO denoising on image accuracy by measuring its mean squared

error:

MSE(I, Iideal) =
1

Np

Np∑
p=1

|I(p) − Iideal(p)|
2 , (49)

the related peak signal-to-noise ratio:

PSNR(I, Iideal) = 10 log10

(
I2max

MSE(I, Iideal)

)
, (50)

where Np is the total number of pixels while I and Iideal are the test and ideal image

intensity in e−, respectively. To assess image fidelity respect to image distortion, we

used the structural similarity metric (SSIM):

SSIM(X, Y) =
(2µXµY) (2σXY)(
µ2X + µ2Y

) (
σ2X + σ2Y

) (51)



2 characterization 22

where µX, µy, σX, σY , and σXY are the local means, standard deviations, and cross-

covariance for images X and Y. To avoid errors given by the different dynamic range

of low and high SNR images (used as ground truth), all images were normalized first:

N(I) =
I− Imin

Imax − Imin
. (52)

To begin with, we assessed the performance of MIRO image restoration using simu-

lations which we generated using the ideal image of a Siemens star (Figure S20). We

scaled the intensity of the ideal image to simulate different illumination conditions.

Then, we added shot, read and fixed-pattern noise (FPN) according to equations (12)

and (13). In addition, to show the effect of FPN, we used the mean gain and offset

values instead of the pixel-wise calibrated values when converting the raw images in

photoelectrons.
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Figure S20: Characterization of MIRO noise correction using simulated data. We generated
several simulated images of a Siemens star at different signal-to-noise ratios (SNRs) to estimate
the efficiency of MIRO processing. For each SNR condition, we simulated a star generating
a certain number of photo-electrons on a camera sensor affected by FPN, signal shot noise,
dark shot noise, and readout noise (A-D). (E-H) MIRO-processed images relative to (A-D). (I)
Plot of the simulated camera response in terms of SNR with the generated photo-electrons
(gray) compared to an ideal camera response (dashed line). After MIRO noise correction,
the SNR remains consistently above the ideal-camera scenario (yellow). Measuring the image
mean-square error (MSE) at different light conditions, it is possible to estimate the image
accuracy and separate the effect of Poisson and Gaussian noise components (J). (K,L) Plots of
the peak SNR (PSNR) and structural similarity index measure (SSIM) calculated between ideal
and noisy simulations before (gray) and after (yellow) noise correction. (M,N) Plots of the
reduction of temporal variance and bias between noisy and denoised simulations calculated in
the pixels corresponding to the star. Scale bar: 4 µm.
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In all conditions, we observed a super-ideal noise correction with an average im-

provement of 90% compared to a camera working in the (ideal) Poisson regime. The

average quality of the denoised images remains essentially stable also for images with

less than 10 photons per pixel, with super-ideal results even when the photon flux is

less than 3 photons per pixel. We have obtained similar results with experimental data

using standard fluorescent beads imaged in different SNR conditions (Figure S21). The

image recovery trend and the average improvement (94%) are in agreement with the

simulations, suggesting that MIRO can offer a robust noise correction down to a few

photons per pixel in both simulations and experimental data.

However, when the photon budget is very low, it is challenging to generate a rep-

resentation where the signal is sparser than noisy pixels. Therefore, since a realistic

sample is not uniform and the emission photon flux in fluorescence microscopy can

vary depending on both the power of the excitation light and the specific fluorophores

observed, we further tested MIRO performance in different practical cases of general

interest.
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Figure S21: Characterization of MIRO noise correction using experimental data. We recorded
several images of fluorescent beads at different illumination conditions (A-C) to validate the
efficiency of MIRO processing. (D-F) MIRO-processed images relative to (A-C). (G) Plot of the
image MSE compared to a ground-truth image generated by averaging 100 frames acquired at
a high SNR. Both the correction of Poisson and Gaussian noise components are in agreement
with the simulated data. (H) Plot of the SSIM calculated between the ground truth and the
individual frames before (gray) and after (yellow) noise correction. (I,J) Plots showing the
reduction of temporal variance and bias between noisy and denoised data calculated in the
pixels corresponding to the fluorescent beads. Scale bar: 5 µm.
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2.2 Resolution

Noise removal can enhance resolution by improving image accuracy and sharpness.

On the flip side, inaccurate image denoising could potentially cancel the fine details

of the sample. For instance, low-pass filtering represents a classic example where

thorough noise correction can come at the expenses of resolution. We have tested

MIRO by measuring the image resolution before and after noise correction in both

simulated (Figure S22) and experimental single-molecule data (Figure S23).

To measure resolution in simulated and experimental data, we used Gaussian fitting

to evaluate the width of the point-spread function (PSF) and detected no additional

blurring after the denoising process. For fair comparison between noisy and corrected

data, the intensity profiles were generated by averaging over the vertical dimension

of each single molecule. Finally, we further tested the effect of MIRO processing on

noisy images recorded from fluorescently-labeled microtubules (Figure S24). The re-

sults confirmed that the algorithm does not induce any loss of resolution compared

to the original image. On the contrary, we observed the recovery of the system’s ideal

resolution even in low SNR conditions.
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Figure S22: Characterization of the effect of MIRO processing on image resolution using sim-
ulated data. We simulated noisy images of fluorescent beads at different SNR (A-C) and
processed them with MIRO (D-F). (G) Using two-dimensional Gaussian fitting, we estimated
the image resolution as the average full-width half-maximum (FWHM) of the simulated beads
before (gray) and after denoising (yellow). We observed an overall agreement with the ex-
pected resolution (dashed line). (H-J) The distribution of the measured FWHM of the three
representative datasets in (A-C, gray) and (D-F, red). It is noticeable a greatly reduced number
of outliers in the processed images. Scale bar: 4 µm.
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Figure S23: Image resolution after MIRO noise correction on diffraction-limited spots. We
imaged fluorescent dyes using a microscope equipped with an EMCCD camera (A) and pro-
cessed the resulting image with MIRO (B). (C-E) Comparing the profile of three representative
diffraction-limited spots, we did not see smoothing related to noise correction. All profiles
were calculated by Gaussian fitting of raw data (gray, dashed lines) and MIRO processed im-
ages (yellow, solid lines). To minimize the effect of noise in raw data, we calculated each profile
as the average along the vertical direction of the boxed areas in (A) and (B). Scale bar: 2 µm.
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Figure S24: Image resolution after MIRO noise correction on diffraction-limited microtubules
imaged at low illumination power. We recorded fluorescently-labeled microtubules in a BPAE
cell using a microscope equipped with sCMOS camera. We imaged the sample setting the
integration time at 10 ms (A) first and then at 100 ms (C). We processed the resulting images
with MIRO (B) and (D), respectively. (E) The cross-sectional profiles corresponding to the
dashed lines in (A, gray bars) and (B, red bars). Both data were fitted assuming the presence
of two Gaussian profiles. However, only the fit on the MIRO data (red solid line) shows two
resolved Gaussians. (F) The cross-sectional profiles corresponding to the dashed line in (C,
gray bars) and (D, red bars). Despite the higher SNR of the raw image, the two microtubules
are not yet well resolved in the raw data (dashed gray line). Scale bar: 1 µm.
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2.3 Sampling

The sampling frequency of the camera pixels should be strictly higher than the Nyquist

frequency in order to have a diffraction-limited optical system[101]. Thus, the pixel

size calculated in the image plane should be preferably no bigger than half of the

diffraction limit. However, this is not necessarily the case for practical imaging sys-

tems, so we investigated the performance of our algorithm under various sampling

conditions (Figure S25). We define the sampling rate as the ratio between the system

resolution, given by the Rayleigh criterion (0.61λ/NA) and the effective pixel size of

the image (physical sensor pixel size divided by the magnification), so that the mini-

mum sampling rate according to the Nyquist criterion should be greater than 2. Low

sampling can affect noise correction by reducing the sparsity of the acquired image.

Digital under-sampling, i.e., pixel binning, is sometimes used when retaining tempo-

ral resolution may be more important than spatial resolution. Usually, pixel binning

yields an improvement of the SNR that counterbalance the loss of sparsity. However,

this is not true when using a low magnification objective and the spatial information

is traded in favor of field-of-view. In this case, the under-sampling does not necessar-

ily involve a gain in SNR because the readout noise is not reduced by pixel binning

and low-magnification objectives usually have lower light collection capability. So,

we tested MIRO performance with differently sampled images while maintaining a

comparable SNR to evaluate the effect of the sampling alone and we did not observe

any significant correlation between noise correction and image sampling (Figure S26).

In summary, experimental data together with the results obtained by the simulations

support the viability of MIRO denoising at the sampling rates normally adopted for

most fluorescence microscopy. A sampling rate as close as possible to the Nyquist

limit is generally recommended as a good trade-off between SNR and detail preserva-

tion. Nonetheless, MIRO noise correction works consistently even on undersampled

images (Figure S27). Thus, the upper limit for the range of acceptable sampling rates

is mainly related to the photon flux necessary to maintain a feasible SNR of the input

data while the lower limit is determined by the cost in terms of loss of details.
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Figure S25: Simulation of the effect of sampling on MIRO processing. We simulated noisy
images of fluorescent beads at different sampling rates (A-C) and processed them with MIRO
(D-F). (G) Plotting the image MSE for the different sampling rates before (gray) and after
denoising (yellow), we did not observe any significant change in the efficiency of MIRO pro-
cessing. At higher sampling rates, the improvement in image quality is slightly higher (H) due
to the fact that at low sampling rates the SNR increases. Scale bars: 4 µm.



2 characterization 32

Figure S26: Experimental characterization of the effect of sampling rate on MIRO processing.
We imaged fluorescent beads using objectives with different magnification and numerical aper-
ture, namely: 10x/0.3 (A, sampling rate 1.7) 20x/0.5 (B, sampling rate 2.1), and 40x/0.75 (C,
sampling rate 2.5). To measure the effect of sampling rate on image restoration in the same
SNR conditions, each time we adjusted the illumination to keep a comparable number of im-
pinging photons per pixel. (D-F) MIRO processed images of the frames in (A-C), respectively.
Also in this case, we do not observe any significant effect of sampling on noise correction. For
each sampling rate, PSNR and SSIM values were measured using as ground truth the average
of 100 raw frames. (G-I) cross-sectional profiles corresponding to the line in (A) and measured
in (A-C, gray lines) and (D-F, yellow lines). Scale bars: 10 µm.
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Figure S27: Noise correction of sub-sampled images. As a further test, we imaged
fluorescently-labeled mitochondria in BPAE cells at a sub-Nyquist sampling rate (A) and pro-
cessed it with MIRO (B). The PSNR and SSIM values were measured using as ground truth
the average of 100 raw frames. Scale bar: 50 µm.
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2.4 Comparison with state-of-the-art

Biomedical images have a significant amount of variability because of the variety of

specimens and imaging conditions available. Thus, it is important to establish if the

intensity variance seen in measurements is the result of biological variability or mea-

surement error. Therefore, it is necessary to individuate algorithms that can reduce

the inaccuracy and imprecision of the acquisition process with minimal assumptions

about the sample itself. Here, we compare our denoising approach based on the con-

nections between physical and mathematical properties of image formation with the

most commonly-used alternatives.

2.4.1 General-purpose denoising methods

We compared MIRO with the most common general-purpose denoising algorithms

used in scientific imaging. We used TetraSpeckTM microspheres as caliber data (Fig-

ure S28) and fluorescently labeled microtubules as biological sample (Figure S29). The

Gaussian filter is likely the easiest and most used denoising method in imaging. This

is likely due to the fact that as long as the standard deviation of the smoothing kernel

is comparable to the PSF radius, it is possible to obtain a good improvement with little

or no resolution loss. A very common alternative is the non-local means algorithm[94],

which tries to take advantage of the high degree of redundancy of natural images. This

is essentially a regularity assumption actually more general than most local filters. It

also generalizes a periodicity assumption of the image. Similarly, block matching and

3d filtering (BM3D) extends this concept to entire pixel blocks and combines it with

Wiener filtering[91]. While the original algorithm have been extensively adopted in

the processing of natural images, it assumes the presence of only spatially-uniform

noise and the knowledge of noise variance. Thus, here we compared our algorithm

with Poisson BM3D (pBM3D), a generalized version of BM3D implemented to cor-

rect mixed Gaussian-Poisson noise and capable to automatically estimate noise vari-

ance[102]. It is interesting to notice how the performance of each algorithm vary with

noise fingerprint. For instance, non-local filtering methods such as NLM or pBM3D

sometimes fail to correct high-frequency noise while Gaussian filtering tends to leave

a low-frequency noise mark. MIRO, instead, displayed an overall stable performance

at all frequencies and generally better noise correction.
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Figure S28: Comparison of noise correction algorithms using a sparse sample. We used an
acquisition of sub-diffraction limited beads taken at high (A) and low (B) SNRs to compare
the performance of common denoising strategies. We observed that MIRO noise correction
(C) delivers the best performance overall both in terms of SSIM and PSNR. Instead, non-local
means (NLM) correction fails to remove high-frequency noise (D) while Gaussian filtering
(Gauss, σ = 1 pixel) delivers the worst performance due to the lingering low-frequency noise
(E). Poisson-BM3D (pBM3D), while performing better than NLM and Gauss, still features
artifacts apparently related to FPN and lingering high-frequency noise in general (F). Scale
bar: 2 µm.
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Figure S29: Comparison of noise correction algorithms using a dense biological sample. We
used an acquisition of fluorescently-labeled microtubules taken at high (A) and low (B) SNRs
to compare the performance of common denoising strategies. MIRO noise correction (C) de-
livers the best performance overall both in terms of SSIM and PSNR while the other methods’
performances are mainly hindered by the presence of their method noise fingerprints. This
consists in the presence of lingering high-frequency noise for NLM (D), low-frequency noise
for Gauss (E), and structured and high-frequency noise for pBM3D (F). Such issues can be
clearly noticed in the zoomed-in images of the boxed area shown in (G-L). Scale bars: 2 µm

(A), 500 nm (G).
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2.4.2 sCMOS-based noise correction

Recently, scientific CMOS camera have gained enormous popularity in optical mi-

croscopy. This prompted the development of specific noise correction algorithms for

this specific detector architecture[18, 19]. The main common feature of these differ-

ent algorithms is the combination of physical information about the imaging system

within the mathematical processing. A first algorithm proposed by Liu et al.[18] ad-

dressed the noise problem in sCMOS cameras using a method composed of two main

steps: low-pass filtering followed by the correction of pixel fluctuation via the itera-

tive minimization of a negative log-likelihood function. Both low-pass filtering and

iterative minimization are based on the knowledge of pre-recorded calibration data.

Later, Mandracchia et al.[19] proposed an alternative non-iterative approach leverag-

ing both spatial and temporal self-similarity of biological structures to recover the

underlying clean signal. This marked a noticeable improvement in both accuracy and

runtime. Overall, both methods showed a good tolerance for spatially-distributed

noise. Nonetheless, they become more unreliable when the imaging conditions de-

part from the assumption that the camera is working in Gaussian-regime, i.e. noise

distribution is mostly uniform.

This limitation results in a less-than-optimal noise correction in many practical cases.

We evaluated this using both sCMOS-based simulations and experimental data (Fig-

ure S30). Furthermore, given that ACsN can use temporal information in video/time-

lapse to improve the image restoration, we tested it also using video correction (Fig-

ure S31).

In all cases, NCS performed relatively poorly compared to both MIRO and ACsN.

Probably, this is due to the fact that the algorithm focuses more on the correction of

pixel-level temporal fluctuations than spatial features. ACsN showed superior perfor-

mances especially in the video mode (which we indicated as ACsN.v). Nonetheless,

MIRO performed better than all the other methods. Notably, MIRO performed bet-

ter than ACsN.v even without the need for any temporal information (Figure S31).

This highlights the important improvement given by optimal sparsity and local noise

estimation in image restoration even when using predetermined system information,

e.g. calibration data, which is even more clear when processing images acquired with

detectors such as EMCCDs (Figure S32) or PMTs (Figure S33).
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Figure S30: Comparison of sCMOS-specific noise correction methods. For this comparison,
we used both simulated (A, B) and experimental images (G, H) of microtubule filaments. We
compared the performance of the most recent denoising methods implemented specifically for
sCMOS cameras and thoroughly validated for bioimaging, namely: NCS (C,H) and ACsN in
single-frame (D, I) mode. We observed that MIRO noise correction (F, J) appears to perform
overall better. (K-O) Zoomed regions corresponding to the boxed area in (F) relative to (F-J),
respectively. Here, it possible to notice the higher improvement of MIRO in terms of resolution
recovery when compared to the other techniques. Scale bars: 2 µm (A), 5 µm (G), 1 µm (K).
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Figure S31: Comparison of sCMOS-specific noise correction methods using 3D similarity.
(A,B) fluorescently-labeled microtubules acquired with a sCMOS-equipped widefield micro-
scope. Here, the image in (B) is representative of a temporal stack of 100 frames that has been
processed either with ACsN using 3D similarity (C), MIRO using no similarity (D), and MIRO
with 3D similarity (E). Clearly, MIRO achieves a better performance than ACsN.v when using
3D similarity. Nonetheless, MIRO denoising with no similarity still achieves comparable SSIM
and PSNR values and definitely better results in terms of resolution recovery (F). The effective
resolution was calculated using phase decorrelation[90] Scale bar: 5 µm (A).
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Figure S32: Comparison of ACsN and MIRO noise correction of EMCCD images. (A) Image
of fluorescently-labeled peroxisomes in HEK cells acquired using an EMCCD camera. (B,C)
ACsN-processed image using 2D (single frame) and 3D (18 frames) similarity. It is clear from
the images how ACsN restoration does not estimate noise correctly even when using 3D sim-
ilarity because its model does not consider the spatial variations of noise. (D) MIRO, on the
other hand, estimates noise pixel by pixel delivering optimal results already from single-frame
reconstructions. The effective resolution was calculated using phase decorrelation[90]. Scale
bar: 5 µm (A).

Figure S33: Comparison of ACsN and MIRO noise correction for PMT-based imaging. (A)
Microtubules in BPAE cells acquired using a confocal microscope equipped with a PMT and
the pinhole set at 0.25 AU. (B,C) noise correction of (A) using ACsN and MIRO, respectively.
Image self-similarity used in ACsN does not compensate for the incompatibility of its noise
estimation with PMTs. The effective resolution was calculated using phase decorrelation[90].
Scale bar: 2 µm (A).
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3 hybrid image restoration

3.1 Image restoration using Deep Neural Networks

The aim of image restoration is finding the best possible estimation of the clean image

f(x,y) from the degraded observation

g(x,y) = f(x,y) +∆(x,y) , (53)

where ∆(x,y) represents the image degradation. This is generally an ill-posed inverse

problem since there can be several potential clean images f for each g.

Residual learning attempts to solve this problem by directly learning the degrada-

tion function ∆(x,y) using deep convolutional networks with skip connections[103].

In presence of a sufficiently large set of pairs (f,g) of noise-free and corrupted ver-

sions of the same image, this approach is generally easier to optimize than identity

mapping and often allows deeper networks to be used[104].

Convolutional neural networks (CNNs) have gained a significant role in image pro-

cessing thanks to the impressive results obtained for image classification[105, 106],

segmentation[107] and restoration problems[57, 58]. CNNs are built by stacking dif-

ferent layers that interleave convolutions with non-linear activation functions. Usually,

the convolutions have small filters (e.g., 3× 3× c) that are learned during the train-

ing phase. The activation functions, instead, are applied per-pixel and are often fixed.

Using this structure, CNNs are able to capture within their inner layers, also called

feature layers, relevant structural features that are then used to recover the local image

content (Figure S34a).

To increase the efficiency of CNNs, these are often implemented employing an

encoder-decoder architecture with skip connections such as U-Net. In this architec-

ture, the network is divided in two parts. In the first part, the encoder, the internal

feature layers are compressed by reducing their spatial resolution with pooling layers.

These pooling layers perform downsampling by dividing the input into rectangular

pooling regions, then computing typically the maximum or the average of each region.

Changing the scale enables the network to study features of different sizes permitting

to learn more high-level (non-local) features of the image and detect persistent proper-

ties across scales. To avoid a possible loss of resolution due to the downsampling, the
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maps generated by the high-resolution feature layers are retained using skip connec-

tions that join them to the subsequent decoder part. Here, upsampling layers are used

to concatenate the feature maps generated at the different scales and eventually yield

an output with the same resolution as the input (Figure S34b).
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Figure S34: Schematic representation of a U-Net network. (A) A convolutional layer generally
performs one or more convolutions on an input image (yellow). Each convolution is performed
using a different filter, which is learned during the training phase. The resulting image of
each convolution (green) is then processed on a pixel basis by an activation function. All the
resulting images, known as feature maps, are finally concatenated and sent to the next layer.
(B) A U-Net is formed mostly by convolutional layers (yellow) arranged in an encoder and a
decoder part. The encoder part is divided in stages where the input image is progressively
shrunk in order to individuate features at different scales. To do so, each stage but the last
ends with a pooling layer (blue) that reduces the size of the feature maps of a fixed amount. In
the decoder part instead, feature maps are progressively enlarged in order to return output of
the same size as the input. For this reason, transposed convolution layers (orange) are placed
before each stage but the first. In residual networks, skip connections (black arrows) are used
to force the network learn the degradation function instead of the clean image.
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3.2 Shearlet decomposition improves learning-based restoration

A CNN can compute complicated functions of the local image content by simply in-

terleaving convolutional layers and activation functions. However, its capability to

achieve satisfying results depends on both its architecture and the training dataset.

The more complicated the function to compute, the more complicated (deeper) will be

the architecture and bigger the training dataset.

A CNN is defined via the parameters θ of all its layers, which are typically chosen

by minimizing a loss function L(θ). The function L(θ) assigns a cost to each prediction

gθ(f
t) performed on the couple (ft,gt) of the training dataset.

The whole training process is divided in epochs. During each epoch the training

data are partitioned into random subsets, also called batches, and computed one by

one. Each time a batch is computed, the parameters are updated based on a stochastic

gradient descent guided by a predefined step size or learning rate.

CNNs have generally a reduced number of parameters in comparison with networks

with fully connected layers. Nonetheless, a deep CNN with many layers will still re-

quire the optimization of many parameters, which can greatly increase the complexity

of the training process. Indeed, the presence of a great number of parameters makes

it more complicated for the gradient descent to reach the global minimum. Usually,

the training process is fully data-driven because the CNN learns end-to-end a suitable

representation of the data for a specific the task. Thus, a more complex CNN also

requires a much bigger dataset to improve the overall performance of the training.

Lately, hybrid methods have been proposed in order to achieve more complicated

tasks without increasing the complexity of the network. The idea of hybrid methods is

to incorporate a-priori information from the task to perform in order to ease the learn-

ing task and, at the same time, ensure solutions that fit with the desired model[68].

This can be generally achieved by preprocessing the input images using an appropri-

ate representation system. Importantly, when processing images, the representation

system needs to encode not only the position but also the orientation. Thus, the in-

corporation of a transformation that changes the orientation becomes necessary. The

system of shearlets is presumably to date the most widely used system of this type.

Shearlets can optimally represent images governed by curvilinear singularities as key

features so they can be used as a preprocessing step for CNNs. This type of approach
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has already been used for various tasks[108, 109, 110], showing a significant advantage

over other methods that solve the problem using a pure data-driven approach.

Here, we validate that by just the addition of a shearlet transformation, we can ob-

tain an improvement of the parameters’ optimization, reflected by lower values of the

validation loss, and a faster convergence. For this test, we have used a probabilistic U-

Net architecture that we trained both with and without shearlet preprocessing. Here,

the preprocessing consisted simply in a shearlet decomposition of the input images so

that the different shearlet components were fed to the network as different channels.

As training and test datasets, we used demo data that were already tested to work

well with the U-Net[57] and both networks were trained using the same images.

3.3 Integration of Deep Learning within the MIRO framework

Since shearlet decomposition can clearly improve learning-based image restoration,

we reasoned that the implementation of hybrid method based on the MIRO frame-

work would be even more effective. To this end, we preprocess the input images by

removing FPN and applying a shearlet transformation. This way, we use system-based

preprocessing and shearlets to encode sample information in the input dataset for the

neural network.

To further integrate the U-Net architecture within the MIRO framework, we have

built an alternative architecture that we termed MIROnet. Here, we added an ad-

ditional convolutional layer paired with an activation function that thresholds each

element of the convolution. Overall, we have implemented these layers in such a way

as to mimic the pixel-wise soft thresholding step in MIRO algorithm. Indeed, the

convolutional layer scans the image with 3× 3× s filters, where s is the number of

shearlets components, learning to estimate the appropriate threshold value that will

be used then in the pixel-wise activation function. The resulting image is then passed

to the U-Net, which in turn replaces the function of the non-local similarity-based

denoising step.

As expected, we observed a further improvement of the parameters’ optimization

(∼ 7%) and a faster convergence (∼ 45%), see Table S6. To compare the U-Net and

MIROnet test datasets, we used the SSIM and PSNR metrics. In particular, we have cal-

culated these metrics using both standard normalization (SSIM, PSNR), see (52), and
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Network Min. Loss Epoch

U-Net 0.0368 22

Shearlet + U-Net 0.0354 17

MIROnet 0.0343 12

Table S6: Training performance of the standard U-Net architecture, U-Net with shearlet pre-
processing (Shearlet + U-Net), and the MIRO-modified hybrid U-Net (MIROnet). The shearlet-
preprocessed U-Net has the same architecture of the standard U-Net, the difference being that
images are fed to the network after shearlet decomposition. The different components given
by the shearlet transform are passed to the network as different channels of the same image.
Instead, MIROnet features an additional convolutional layer that mimics microlocal threshold-
ing.

percentile normalization (SSIM’, PSNR’), as described in [57]. In both cases, MIROnet

outperforms U-Net scores. More importantly, a closer look at the test dataset reveals

the correction of recurring artifacts that appear in the reconstruction obtained with

U-Net. These artifacts could be related to the presence of structured noise and the fact

that the CNN may see this as a feature of the image. In our network, instead, the FPN

preprocessing removes this recurring correlated noise facilitating the learning process

(Figure S35).
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Figure S35: Comparison of MIRO-modified hybrid U-Net (MIROnet) with standard U-Net.
Representative slice of the raw stack provided by Weigert et al. [57] and used as input to the
networks (A). The relative output of U-Net and MIROnet are shown in (B) and (C), respectively.
The ground truth is shown in (D). The image stack restored using MIROnet outperformed U-
Net in both SSIM and PSNR scores. (E-H) Zoom-ins corresponding to the boxed area in (D)
taken from the slices shown in (A-D), respectively. Scale bars: 50 µm (A), 5 µm (E).
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Metric Raw U-Net MIROnet

SSIM 0.23 0.17 0.79
PSNR (dB) 20.9 18.1 27

SSIM’ 0.05 0.37 0.84
PSNR’ (dB) 18.2 25.8 26.1

Table S7: Performance comparison of U-Net and MIROnet architectures using the test dataset.
SSIM’ and PSNR’ denote the metrics evaluated using percentile normalization.
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