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0. SYMBOLS AND NOTATION

1
notation Description

Microscope imaging

PSF general term of point spread function

PSFB Airy pattern or point spread function using a Bessel distribution

PSFG point spread function using a Gaussian distribution

NA numerical aperture

λem emission wavelength of a given fluorophore

n refractive index of the medium

w pixel size

b(x) binary representation of the collected signal

em emission power of emitter m

∆t acquisition time between frames

cm total emission of emitter m in the period of time ∆t

1
MeanShift theory

K, k kernel, profile

K, k spatial-range kernel, spatial-range profile respectively

I, I image, image stack respectively

M number of frames of I

h, h bandwidth, spatial-range bandwidth respectively

B
∗

h(p0) neighborhood of radius h centered and punctured at p0

hs, hr spatial bandwidth, range bandwidth respectively

p0 central pixel of the B∗
h(p0)

pn neighboring pixel

x0, y0 coordinates and intensity of p0 respectively

xn, yn coordinates and intensity of pn respectively

qn weighted coefficients associated to yn.

f unknown probability density function

f̂ kernel density estimator function

N, n number of elements in B∗
h(y), element number in B∗

h(y) respectively

SM sample mean

MS meanshift vector

ts, tr arguments related to the spatial and range components respectively
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1
MSSR algorithm

MSSR MeanShift Super-Resolution algorithm

MSSRn MeanShift Super-Resolution of order n

s f − MSSRn single frame MeanShift Super-Resolution of order n

t − MSSRn temporal MeanShift Super-Resolution of order n

FWHM full width at half maximum

AMP image magnification

FWHM of PSF is directly related to the kernel window size hs, hs = FWHM/2

order MSSR iteration

PTF Pixel-wise Temporal Function

Mean Pixel-wise Temporal Average

Var Pixel-wise Temporal Variance

TPM Pixel-wise Temporal Product Mean

CV Pixel-wise Temporal Coefficient of Variation

SOFI2 Auto-cumulant Temporal of order 2

SOFI3 Auto-cumulant Temporal of order 3

SOFI4 Auto-cumulant Temporal of order 4

RSP Resolution Scaled Pearson

RSE Resolution Scaled Error
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1. SUPPLEMENTARY NOTE 1. MICROSCOPE IMAGING MODEL

In imaging microscopy, light emitters whose dimensions are within the order of the emission
wavelength are considered as point sources which are affected by the diffraction of light. This
effect is modeled by convolution of the fluorescence distribution of the emitter with the point
spread function (PSF) of the optical system [1]:

PSFB =

(
2J1(ν)

ν

)2
(S1)

where J1 is the Bessel function of the first kind of order 1, ν =
2πNAr

λn
is a dimensionless distance

from the optical axis in the focal plane, NA is the numerical aperture of the objective, r is the
radial distance, λ is the emission wavelength of the emitter and n is the refractive index of the
medium used in the objective of the microscope [2].

The result of convolving the PSF with a single emitter is an Airy pattern in which approximately
86% of the emitted light is harbored within the central disk. Concentric rings are arranged around
the central disk whose intensity decreases as a function of the distance from the center. The
location of the minimum of the central disk with respect to its central point is given at a distance,
this is define as the PSF parameter denoted by rmin and is calculated as:

rmin =
0.61λ

NA
(S2)

Optical considerations suggest a robust computation of the NA by the expression

NA =
nmedium

noil
NAobj (S3)

The light emanating from the image plane is captured and digitized as gray levels within pixels
represented as a regular 2-dimensional lattice I. Pixels are assumed to be squares of width w. The
radius of an emitter collected at the image plane is characterized by

rmin(w) =
0.61λ

NAw
(S4)

Pixels located within this region hold the largest amount of information of the emitter’s location.
On the other hand, pixels beyond this region commonly correspond to the background noise of
the image.

The PSFB can also be approximated by a Gaussian function of the form:

PSFG = e−
1
2

x2+y2

σ2 , (S5)

where x and y are spatial coordinates and σ is the width along the x and y-axis [3].
Let ∆t be the acquisition time between frames and M the number of emitters. The emission

from a single blinking emitter e is given by:

cm = em

∆t∫
0

b(x)dx, (S6)

where em is the emission power of the emitter m and b(x) is a binary representation of the collected
signal. Let p be a pixel with its center located at x in the image plane, the contribution at p of all
M emitters is given by:

I(p) =
M

∑
m=1

PSFB(x)cmw2 (S7)

or

I(p) =
M

∑
m=1

PSFG(x)cmw2. (S8)

Note that PSFB(x) indicates a first-order Bessel approximation of the PSF and PSFG(x) indi-
cates a Gaussian approximation of the PSF. In the following sections, we will assume that images
are affected by either of these two types of PSF representations.
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2. SUPPLEMENTARY NOTE 2. MEANSHIFT THEORY

Let Y = {yn}N
n=1 be a finite set of data points in the d-dimensional Euclidean space Rd. The

unknown density function f at a given point y0 ∈ Rd is described by a kernel density estimator f̂
based on the symmetric radial kernel K and scalar parameter h > 0 (bandwidth) by [4–6]:

f̂K,h (y0) =
cK

Nhd ∑
yn∈B∗

h (y0)

K
(

y0 − yn

h

)
, (S9)

where B∗
h(y0) is the punctured neighborhood at y0 of radius h, N is the number of points, the term

hd is an scaled factor proportional to h and the number of dimensions, and cK is a normalization
constant, so f̂ ∈ [0, 1]. According to Cheng [5], a function K : Rd → R is a kernel if there
exists a profile k : [0, ∞) → R, such that K(x) = k(∥x∥2), where ∥ · ∥ is the Euclidean norm. k
satisfies the following conditions: non-negative, non-increasing, differenciable, integrable and
piecewise-defined. By using profile notation, formula S9 is written as:

f̂k,h (y0) =
ck

Nhd ∑
yn∈B∗

h (y0)

k

(∣∣∣∣∣∣∣∣ y0 − yn

h

∣∣∣∣∣∣∣∣2
)

. (S10)

Examples of kernels and properties are described in [5, 7]. For the rest of the document we will
use the profile notation.

As the value of f̂ decreases, the heterogeneity of B∗
h(y0) increases, which means that the

difference between the elements of the analyzed region increases. If Y ∩ B∗
h(y0) = ∅ means that

there are not points in B∗
h(y0), in this case f (y0) = 0.

The estimated gradient density of f at y0 is given by:

▽̂ f
k,h
(y0) = ▽ f̂k,h (y0)

= 2ck
Nhd ∑

yn∈B∗
h (y0)

y0−yn
h2 k

′

(∣∣∣∣∣∣∣∣ y0−yn
h

∣∣∣∣∣∣∣∣2
)

= 2ck
Nhd+2 ∑

yn∈B∗
h (y0)

(y0 − yn)

[
−g

(∣∣∣∣∣∣∣∣ y0−yn
h

∣∣∣∣∣∣∣∣2
)]

= 2ck
Nhd+2 ∑

n
(yn − y0) gn,

(S11)

where k
′
(·) is the derivative of k, g(·) = −k

′
(·) and gn = g

(∣∣∣∣∣∣∣∣ y0−yn
h

∣∣∣∣∣∣∣∣2
)

.

Applying algebraic transformations, the gradient density estimator can be written as:

▽̂ f
k,h
(y0) =

2ck
Nhd+2 · ∑

n
gn ·

∑
n

gnyn

∑
n

gn
− y0

 . (S12)

Note that the first factor in equation S12 is a constant. The second factor is proportional to the
kernel density estimator by using profile g and bandwidth h:

f̂g,h (y0) =
cg

Nhd ∑
n

gn. (S13)

Finally the last term in brackets is the mean shift vector with profile g and bandwidth h:

MSg,h =
∑
n

gnyn

∑
n

gn
− y0, (S14)

it refers to the difference between the weighted mean or sample mean (SM) of all yn that belong
to B∗

h(y0) and y0.
Isolating MS in formula S12 (last term in brackets), we obtain that MS always points towards

the same direction of the gradient density using profile k as shown in equation S15.

MSg,h (y0) = h2 cg

ck

▽̂ f
k,h
(y0)

f̂g,h (y0)
. (S15)
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The profiles k and g are related by the shadow kernel definition, also given in [5]. Let K, G be
kernels with profiles k, g respectively. Then K is a shadow kernel of G if the meanshift using G is
in the gradient direction of the density estimation using K. As a direct consequence of that, k is a
shadow profile of g and they must satisfy that

k′(t) = −c · g(t), (S16)

where c is a scalar positive constant. Supplementary Table S1 shows examples of two popular
profiles and their respective shadows. Note that the Epanechnikov profile is a linear function and
its shadow is a constant, however, the Gaussian profile and its shadows are the same being both
an exponential function. See [5] for other types of profiles and shadows.

Name Kernel k(∥u∥2) Profile k(t) Derivative k
′
(t) g(t) Shadow

Epanechnikov 1 − ∥u∥2 1 − t −1 1 Uniform

Gaussian e
− 1

2 ∥u∥2

e
−at −ae

−at
e
−at

Gaussian

Table S1. Epanechnikov and Gaussian profiles, derivatives and their corresponding shadows.

MSg,h at y0 measures the homogeneity of B∗
h(y0). Points of minimum local density are assigned

to large values of MS. For this reason the Meanshift Theory was designed around the idea of
moving away from minimum local density points and converges towards higher density regions.
The process repeats until convergence or until a fixed point is reached.

In this work, the Meanshift Theory is not implemented in a classical fashion. The concept of
the shadow kernel is crucial for the understanding the MS and its derivation, however, this
concept has not been formalized rigorously for digital images. Here, we developed an extension
of the definition of the shadow kernel given by Cheng to the imaging field over the spatial-range
domain (Supplementary Note 3). Our model was then evaluated for a Gaussian distribution
(Supplementary Note 4) and finally adjusted to fit super-resolution microscopy theory, which
gives rise to MSSR (Supplementary Note 5).
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3. SUPPLEMENTARY NOTE 3. MEANSHIFT IMAGING MODEL

The characterization of MS in images is defined in terms of two pixel properties: position and
intensity. A digital image I is frequently represented as a m-dimensional lattice (coordinates
or position) of d-dimensional vectors (color or intensity). The spatial-range neighborhood is a
suitable tool to compute the kernel values simultaneously throughout the location and intensity
pixels. In this way, it is convenient to represent pixel components as p = [x, y(x)], where x
represents the coordinate component and y(x) represents the color component at x. Therefore, a
digital image is represented by I = {pn}M

n=1, where M is the number of pixels.
Let p0 = [x0, y(x0)] be a pixel, h = (hs, hr) a spatial-range bandwidth (a scalar bandwidth for

each component: a spatial hs bandwidth and an intensity range hr bandwidth). The spatial-range
neighborhood B

∗

h(p0) is determined by p0 and h, the symbol ∗ indicates that the neighborhood
excludes only the host pixel. The spatial-range profile k at p0 is given by the product of the
spatial and range profiles by using the common profile k (Supplementary Note 2). The following
equations define the spatial-range neighborhood, profile, and probability density function at p0,
respectively:

B
∗

h(p0) = {p = [x, y] : 0 < ∥x0 − x∥ ≤ hs, 0 ≤ ∥y(x0)− y∥ ≤ hr} , (S17)

kh(p0, pn) = ks · kr = k

(∣∣∣∣∣∣∣∣ x0 − xn

hs

∣∣∣∣∣∣∣∣2
)
· k

(∣∣∣∣∣∣∣∣ y(x0)− yn

hr

∣∣∣∣∣∣∣∣2
)

, pn ∈ B
∗

h(p0), (S18)

f̂ (p0) =
1

Nhd
s hm

r
∑

pn∈B∗
h(p0)

kh (p0, pn) . (S19)

From equation S18 we can deduce the profile that will be used to calculate the MS vector over a
spatial-range space. We need to define a function that lies in the gradient direction of both spaces,
circumscribed by hs and hr, simultaneously. Note that the profile k is implicitly dependent on the
spatial and range components, but profiles ks and kr are independent by argument, as in equation
S20:

k = ks(ts) · kr(tr), (S20)

where

ts =

∣∣∣∣∣∣∣∣ x0 − xn

hs

∣∣∣∣∣∣∣∣2 (S21)

and

tr =

∣∣∣∣∣∣∣∣ y0 − yn

hr

∣∣∣∣∣∣∣∣2 (S22)

are the arguments related to the spatial and range components respectively.
Note that, for a given neighborhood B

∗

h(p0), p0 and h are fixed. This means that in expressions
S21 and S22, x0, hs, y0 and hr are also fixed, but their values vary according the position xn and
yn respectively. In particular, the term ts depends on the euclidean distance between the spatial
coordinates of x0 and xn. Consequently, ks varies along the whole neighborhood according the
distance between the location of this pixel as shown in Figure S1. As the position moves away
from the central pixel, the distance increases (Figure S1a) and therefore the value of ks decreases
(Figure S1b). Similarly it happens with kr.
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Figure S1. Behavior of ks according the distance in a neighborhood. a) Normalized distance of pixels in a
neighborhood Bh(p0) related to the central pixel. The neighborhood has 5 pixels of radius and its limits are
marked by the continuous red line. As the position moves away from the central pixel, the distance increases.
Pixels beyond the red line are not considered on the neighborhood and the distance is set to zero value. b) ks
calculated from a). As the position moves away from the central pixel, values for ks the distance decreases.
Pixels beyond the neighborhood are set to zero value.

Partial derivatives of k respect to ts and tr are given by:

∂k
∂ts

= kr · k′s = −kr · gs and
∂k
∂tr

= ks · k′r = −ks · gr, (S23)

where gs = −k′s and gr = −k′r. In both equations the first factor is a negative constant with
respect to the derivative variable. Defining

g = gs · gr = k′s · k′r, (S24)

the condition given in equation S16 is satisfied by g for both components gs and gr.

Definition 1. Let gs and gr be two profiles with their respective shadow kernels ks and kr. Then k = ks · kr
is a shadow kernel of g = gs · gr.

The generalization of the previous definition to a product of n profiles is straightforward, as
long as the profiles are functions of independent arguments.

Looking back to notation used in equation S18, the equation S24 can be rewritten as:

gh(p0, pn) = gs · gr = g

(∣∣∣∣∣∣∣∣ x0 − xn

hs

∣∣∣∣∣∣∣∣2
)
· g

(∣∣∣∣∣∣∣∣ y(x0)− yn

hr

∣∣∣∣∣∣∣∣2
)

, pn ∈ B
∗

h(p0). (S25)

Now, the MS vector in a spatial-range space can be formulated as:

MSh(p0) =
∑
n

gh(p0, pn)yn

∑
n

gh(p0, pn)
− y(x0). (S26)

Note that MSh(p0) is only used to compute the intensity at p0 on the range space, which harbors
the fluorescence intensity at the coordinates of p0.

The first term in equation S26 will be denoted by SMh and it is the sample mean (weighted
local mean) in the spatial-range space:

SMh(p0) =
∑
n

gh(p0, pn)yn

∑
n

gh(p0, pn)
= ∑

n
qnyn. (S27)

where

qn =
gh(p0, pn)

∑
n

gh(p0, pn).
(S28)
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are coefficients associated to each yn. Note that, independently of how large qn is, all qn lie in
the interval (0, 1] and ∑

n
qn = 1. For this reason, SMh(p0) is a convex linear combination of all

yn ∈ B
∗

h and also SMh(p0) ∈ Bh.
If h has been predefined based on the physical properties of an optical system (Supplementary

Note 5), the subindex h is removed. The notation for applying MS on every pixel of the image I is
MS(I). Similar notation will be used for sample mean as SM(I). Now, the following expressions
are equivalent:

MS(I) = SM(I)− I = ∑
n

qnyn − I (S29)

At this point, we have presented MS from a digital image point of view. The following section
contains a theorem about the localization of a Gaussian distribution maximum using MS. Sections
5 and 6 describe the MSSR algorithm of order 0 and higher orders.
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4. SUPPLEMENTARY NOTE 4. MEANSHIFT LOCAL MINIMUM OVER A GAUSSIAN
DISTRIBUTION. THEOREM

In this section, the following theorem has been proved for a Gaussian function over a d-dimensional
space. In the context of microscopy, this space is restricted to two dimensions. The point of
maximum value represents the center of emitters and the Gaussian values simulate the intensities.
This principle applies beyond the microscopy field and is relevant in any imaging-related area that
involves the use of lenses, which impinge upon the diffractive nature of light (e.g. astronomy).

Theorem 1. Let G be a Gaussian distribution and p0 the point of maximum value, then MS(p0) is a
local minimum.

Proof. The general idea of this proof is divided into two steps. The first step consists of showing
that p0 is a stationary point by demonstrating that the gradient of MS is always a zero vector.
Second, the hessian matrix of MS at this point is demonstrated to be positive-defined.

Without loss of generality, lets assume that G has mean 0, variance σ in a d-dimensional space
and the point of maximum value is located at the origin x0 (center of the image). A digital

representation of G is given by p = [x, y(x)], where x = (x1, · · · , xd) and y = e
− 1

2

d
∑

l=1

x2
l

σ2
.

Given a neighborhood B
∗
(p0), the elements on this region are symmetrically distributed around

p0 and are represented by

pxn = [x0 + ∆xn, y(x0 + ∆xn)] = [x0 + ∆xn, yn], (S30)

and

∆yn = y(x0)− yn, (S31)

here ∆xn is the shift of the n-th elements of x.

Expressions for the Gaussian function and its value in pxn are y = e
− 1

2

d
∑

l=1

x2
l

σ2
and yn =

e
− 1

2

d
∑

l=1

(xl+∆xnl )
2

σ2
, respectively.

The gradient of MS is given by:

∇MS =

(
∂MS
∂x1

, . . . ,
∂MS
∂xl

, . . . ,
∂MS
∂xd

)
, (S32)

∂MS
∂xl

= ∑
n

qn
∂yn

∂xl
− ∂y

∂xl
= −∑

n
qne

− 1
2

d
∑

l=1

(xl+∆xnl )
2

σ2 xl + ∆xnl

σ2 + e
− 1

2

d
∑

l=1

x2
l

σ2 xl
σ2 , (S33)

where l is the index along each spatial component and d is the total number of spatial components.
Evaluation of ∇MS at p0 is equivalent to assign x = 0 on each component and due to the parity

of y and the ∆xn they are distributed symmetrically in the B
∗
(p0). Then

∂MS
∂xl

(p0) = −∑
n

qne
−

d
∑

l=1

(∆xnl )
2

σ2 ∆xnl
σ2

= −

 ∑
∆xnl

qne
− 1

2

d
∑

l=1

(∆xnl )
2

σ2 ∆xnl
σ2 + ∑

∆x′
nl

qne
− 1

2

d
∑

l=1

(∆x′nl
)2

σ2 ∆x′
n

σ2

 .
(S34)

In this way, for every xn there exists a symmetric element x′n such as

∆xn + ∆x′n = 0 and ∆yn = ∆yn′. (S35)

Also, note that qn (defined on equation S28 in previous section) only depends on ∆yn and, given
their symmetry, they satisfy

qn(∆yn) = qn(∆yn′). (S36)

Supplementary Figure S2 shows the relationship of two points xn and x′n symmetrically dis-
tributed within a neighborhood of center x0.
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Figure S2. Spatial distribution of symmetrical points around the center of a spatial neighborhood that
cancel each other out by addition. Point in red x0 is the center of the neighborhood, points in blue xn and x′n
shape a symmetric spatial distribution of two elements of the neighborhood. ∆xn and ∆x′n are the shifts of xn
and x′n from x0 respectively. Note that the sum of the shifts is zero: ∆x1 + ∆x′1 = 0, ∆x2 + ∆x′2 = 0.

∂MS
∂xl

(p0) = − ∑
∆xnl

qne
− 1

2

d
∑

l=1

(∆xnl )
2

σ2 ∆xnl
σ2 + ∑

∆x′
nl

qne
− 1

2

d
∑

l=1

(∆x′nl
)2

σ2 ∆xnl )
′

σ2

= 0

(S37)

This holds to be true for every component MSh, so ∇MS = 0. Therefore, p0 is a point of local
extreme of MS.

Now we will prove that p0 is a minimum of MSh.
The Hessian matrix of MS is given by the following expression:

H(MS) =

[
∂2 MS
∂xi∂xj

]
i,j=1,d

(S38)

The elements out of the diagonal of the Hessian matrix are given by:(
∂2 MS
∂xi∂xj

)
i ̸=j

= ∑
n

qne
− 1

2

d
∑

l=1

(xnl +∆xnl )
2

σ2
(
− xni + ∆xni

σ2

)(
−

xnj + ∆xnj

σ2

)
(S39)

Evaluating the previous equation in p0, we obtain:(
∂2 MS
∂xi∂xj

)
i ̸=j

(p0) = ∑
n

qne
− 1

2

d
∑

l=1

(∆xnl )
2

σ2 ∆xni ∆xnj

σ4 (S40)

Once again, given the symmetry of B
∗
(p0) for every ∆xni and ∆xnj there exist ∆x′ni

and ∆x′nj

such as (Supplementary Figure S3):

• ∆xni ∆xnj + ∆x′ni
∆x′nj

= 0,

•
d

∑
l=1

(∆xnl )
2 =

d

∑
l=1

(∆x′nl
)2,

• qn(∆yn) = qn(∆yn′).
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So,

(
∂2 MS
∂xi∂xj

)
i ̸=j

(p0) = ∑
∆xni ,∆xnj

qne
− 1

2

d
∑

l=1

(∆xnl )
2

σ2 ∆xni ∆xnj

σ4 + ∑
∆x′

ni
,∆x′

nj

qne
− 1

2

d
∑

l=1

(∆x′nl
)2

σ2 ∆x′
ni

∆x′
nj

σ4

= 0

(S41)

Figure S3. Spatial distribution of symmetrical points around the center of a spatial neighborhood that
cancel each other out by product and addition. The red point x0 is the center of the neighborhood, points in
blue xn and x′n represents a symmetrical spatial distribution of two elements of the neighborhood. ∆xn and
∆x′n are the shift of xn and x′n from the x0 respectively. Note that the sum of the shift product by coordinates
is zero: ∆x1∆x′2 + ∆x′1∆x2 = 0.

The elements in the diagonal of the Hessian matrix are given by:

∂2 MS
∂x2

i
= ∑

n
qne

− 1
2

d
∑

l=1

(xni +∆xnl )
2

σ2 (xni + ∆xni )
2 − σ2

σ4 − e
− 1

2

d
∑

l=1

(xnl )
2

σ2 x2
ni
− σ2

σ4 . (S42)

Evaluating p0 in equation S42, we obtain:

∂2 MSh

∂x2
i

(p0) = ∑
n

qne
− 1

2

d
∑

l=1

(∆xnl )
2

σ2 (∆xni )
2−σ2

σ4 + 1
σ2

= ∑
n

qn
σ2

e
− 1

2

d
∑

l=1

(∆xnl )
2

σ2 (∆xni )
2−σ2

σ2 + 1

 .

(S43)

Since the values of qn are always positive, the fraction qn
σ2 also is positive. On the other hand,

note that
d
∑

l=1

(∆xnl )
2

σ2 > 0 and 0 ≤ |∆xni | which imply that:

0 < e
− 1

2

d
∑

l=1

(∆xnl )
2

σ2
< 1 and − 1 ≤ (∆xni )

2 − σ2

σ2 ∀ni. (S44)

Therefore the expression

e
− 1

2

d
∑

l=1

(∆xnl )
2

σ2 (∆xni )
2 − σ2

σ2 (S45)

is always greater that −1 and the term in brackets in equation S43 is always positive:

e
− 1

2

d
∑

l=1

(∆xnl )
2

σ2 (∆xni )
2 − σ2

σ2 + 1 > 0. (S46)
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The hessian matrix then takes the form:

H(MS(p0)) =


a1 . . . 0
...

. . .
...

0 . . . ad

 , (S47)

where ai =
∂2 MS

∂x2
i
(p0). Note that only the elements in the diagonal are positive, on the other hand,

the remaining elements are 0. Leading minors of H(MS(p0)) are ml =
l

∏
s=1

as > 0 and H(MS(p0))

is positive-definite. The proof is complete.
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5. SUPPLEMENTARY NOTE 5. MEANSHIFT SUPER-RESOLUTION ALGORITHM

The MS can be conceptualized as an uphill iterative procedure to characterize data density. MS
was proposed by Fukunaga and Hostetler [4] with statistical purposes for clustering data as
the MS vector converges locally to cluster centroids by choosing an appropriate bandwidth.
A generalization of MS was given by Cheng describing concepts as “blurring process” and
”shadow kernel” [5]. The most popular application was provided by Comaniciu and co-workers
using MS for image segmentation, filtering and object tracking [6, 8, 9]. Moreover, the MS
has been employed for super-resolution microscopy algorithms as a secondary tool for single
molecule localization and cluster segmentation [10]. An interesting application of MS was used
for denoising and deblurring of images affected by Poisson noise [11] and drift correction [12].

MSSR (MeanShift Super-Resolution) is based on the MS theory and aims to reduce the loss of
spatial resolution caused by the diffraction of light. It focuses on density gradients rather than
the position of single emitters. In this sense, MSSR differs from the classical iterative conception
of MS theory for finding modes (emitters centers) by successive computation of the sample mean.
Our approach is based on the calculation of the MS value at the first iteration.

The MSSR algorithm is supported by spatial analysis which results in an extended-resolution
MSSR image and temporal analysis that integrates all the information over an extended-resolution
MSSR stack. The appropriated combination of both analyses can reveal nanoscopic details from
diffraction-limited images. Supplementary Figure S4 shows a flowchart of the MSSR algorithm
and a description of each step (further explained in the following sections of this supplementary
note).

Calculate MSSR of zero-order

Calculate MSSR of higher order

Figure S4. Flowchart of MSSR algorithm. MSSR processes a single image or an image sequence resulting
an extended- or super-resolution reconstruction respectively. Spatial analysis is a common step for both
type of data, in which, MSSR of zero-order or higher-order is calculated. Temporal analysis is an exclusive
step for image sequence data type using a given pixel-wise temporal function (PTF) for super-resolution
reconstruction.

15



5.1. Spatial analysis of MSSR

The single-frame analysis of MSSR is divided into two main stages: order 0 (MSSR0) and higher
orders (MSSRn, n > 0). Each stage contributes to the enhancement of the image resolution. A
detailed description of each stage is described next.

5.1.1. MSSR of zero order

Given an image I, we compute MS with spatial-range h = (hs, hr) bandwidth and profile g
(Supplementary Notes 2 and 3). The kernel slides throughout the hold image computing SM
and subtracting it from the image value at the center of the kernel (Supplementary Figure S5,
Supplementary Note 3). We assume that emitters are affected by a Gaussian or Bessel PSF
distribution (Supplementary Note 1).

Figure S5. Different sample mean values according to different neighborhoods of radius σ in a Gaussian
distribution. The red, blue and black lines correspond to a Gaussian distribution, the Gaussian interval and
the center of the interval, respectively. The black dot is the sample mean (SM) of the interval. In all graphs, the
black vertical line intercepts with SM and the Gaussian curve. In the top-left graph, the interval is symmetric
and centered at zero, the sample mean associated to this region is below the curve. A similar case is shown
in the top-right graph, where the center of the interval has been shifted slightly to the right and the sample
mean is closer than that of the previous graph. The bottom-left graph shows the interval centered at σ and
the sample mean match with the curve. Bottom-right graph shows the interval center at 3σ (a point located
beyond than σ), note that the sample mean is above the curve.

The MS vector points out towards the point of maximum local density (Supplementary Note
2); its magnitude is greater in local minimum density points than in local maximum density
points. For isolated emitters, the point of local maximum density matches the MS and draws
a valley for MS (Supplementary Note 4). On the other hand, the points of local minimum
density of MS slice the MS curve in three regions: the central region contains the fluorophore’s
position centered at the local maximum density point (Supplementary Figure S6). Theorem 1
demonstrates that the point of maximum value of a Gaussian function is a point of local minimum
of MS (Supplementary Note 4).

The more negative the MS value, the greater the probability of the presence of fluorophores,
while positive values of MS indicate their absence. For this reason, the negative value of MS is
subtracted to reduce the effect of the PSF, hence obtaining an image with higher spatial resolution.

The following expression is the negative of MS:
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Figure S6. Main points of Gaussian distribution and its corresponding MS result. On the top graph, the red
point is corresponds to both the maximum intensity point and maximum local density point of the Gaussian
distribution at the same time. On the bottom graph, the red point is a minimum local point for MS. On the
other hand, blue points mark where MS is equal zero at σ, which match with the Gaussian inflection points.

MSSR(I) = −MS(I) (S48)

Negative values of MSSR are set to zero and the resulting image is normalized to the maximum
value of the original image I. This step is named by MSSR of order zero and is denoted by MSSR0.

Since MSSR is the negative of MS, a direct consequence from theorem 1 is the following
corollary:

Corollary 1 (Inferred from theorem 1). Let G be a Gaussian distribution and p0 the point of maximum
value of G, then MSSR(p0) is a local maximum.

This is an important result for our purpose, since it indicates that fluorophores can be located
with high precision by MSSR.

A comparison of MSSR0 for different values of hr and hs applied to a Gaussian distribution
suggests the use of an adaptive range bandwidth (Supplementary Figure S7 a-b). Note that for
fixed hr and varying hs, there is almost no difference in the MSSR0 outcome (Supplementary
Figure S7a). On the other hand, by fixing hs and varying hr, artifacts start to appear at the tails of
the distributions (Supplementary Figure S7b). For this reason, the range bandwidth hr is adaptive
to each range neighborhood taking the maximum difference among its center and neighbors
(Supplementary Figure S7c). The use of a uniform kernel will cause the effect in S7a (see inset box),
where distributions for different hs would be practically indistinguishable. While a Gaussian
kernel is more suitable to achieve the distinction among MSSR0 results as shown in S7c.

In Fourier space, the objective lens of a microscope act as a finite aperture, the the optical
transfer function of a traditional microscope can conveniently be represented by a circle, the
diameter of which can be linked directly to the maximum observable spatial frequency K0, where

K0 ≈ 1
FWHM

, (S49)

reviewed in [13]. The PSF can be simulated as an Airy pattern or Bessel beam according to the
features of the optical system: wavelength, numerical aperture, and the refractive index of the
medium. It can also be measured experimentally from imagining diffraction limited fiducial
markers. The selection of hs was based on the fact that, the PSF contains valuable information of
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Figure S7. MSSR0 on variations of hr , hs, adaptive hr and the selection of hs. a) Comparison of a Gaussian
distribution and MSSR0 by using a fixed hr equal to the maximum intensity of the distribution and varying hs.
MSSR values are almost indistinguishable. b) Comparison of a Gaussian distribution and MSSR0 by using
a fixed hs equal to the maximum intensity of the distribution and varying hs. Lower values of hr generate
artifacts on the tail of the MSSR0 distribution. c) Comparison of a Gaussian distribution and MSSR0 by using
an adaptive hr .

the used optical system (Supplementary Note 1). hs is defined as the half of the full width at half
maximum (FWHM) of the PSF. Supplementary Figure S8 shows the relationship between the hs
and FWHM in an Airy pattern.
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Figure S8. Selection of spatial parameter hs related to FWHM. A PSF given by an Airy pattern, the hs is
chosen as the half of the FWHM.
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Comparative results of MSSR0 applied over a Gaussian and a Bessel PSFs are presented in
Supplementary Figure S9 (the relationship between the PSF and each type of distribution is
discussed in Supplementary Note 1). MSSR0 reduces the radius of a Gaussian PSF by about a
half. The Bessel PSF is affected in a similar way, MSSR0 reduces the radius of the main lobe of the
distribution. Moreover, the concentric rings of the Bessel PSF are reduced in width and intensity
and as consequence they can not be distinguished anymore. For this reason, near emitters will
not be affected by Airy disks away of the central lobe.

PSF MSSR Merge

G
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u
s
s
ia
n

B
e
s
s
e
l

Figure S9. MSSR0 applied to Gaussian and Bessel PSFs. First row: Gaussian PSF and its corresponding
MSSR0 result. Second row: Bessel PSF and its corresponding MSSR0 result. By column from left to right:
beam type, MSSR0 result and merge of the previous images. All images have been threshold by the same
level at 0.4% of the maximum intensity to show the concentric rings.

Supplementary Figure S10a shows an emitter simulated an Airy pattern using a wavelength
of 488 nm and the corresponding result of MSSR0 is shown in Supplementary Figure S10b.
In both graphs, a Gaussian distribution is fitted to obtain the respective standard distribution.
Supplementary Figure S10c shows the linear dependence of σ and each modelled distribution at
different wavelengths of the visible spectrum.
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(continuous black line) of a simulated emitter with a wavelength of 488 nm. b) Gaussian fitted (discontinuous
red line) to MSSR0 (continuous black line) of the Bessel PSF obtained in a). c) Standard deviation of the
Gaussian (σ) fitted to Bessel PSF (blue line) and the corresponding result of MSSR0 (red line).
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5.1.2. MSSR of higher orders

Higher-order MSSR (MSSRn, n > 0) encompasses a sequence of iterative operations which
increase the resolution of the image.

Since FWHM of the emitter have been reduced from the original image I to MSSR0, the
difference between I and MSSR0 is calculated, which results in a saddle point at the center of the
emitter referred as Diff. Next, the complement of Diff is calculated and normalized. Note that
intensities out of the interval [−σ, σ] are different from zero, and causes possible artifacts. For this
reason, an intensity weighting with the MSSR0 image is required to remove undesirable artifacts.
This gives MSSR its iterative nature, increasing the resolution after each step, called order and
denoted by n (Supplementary Figure S11).
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Figure S11. MSSR reduces the Full Width at Half Maximum (FWHM) of a Gaussian distribution as the
MSSR order increases. a) Steps of MSSR procedure: analytical steps required for MSSR of zero order (i-v)
and for higher orders (vi-ix). The MS is applied to the initial fluorescence distribution (i) resulting in a MS
graph (ii). The negative of MS is calculated to set MS minimum and maximum (iii). Negative values are set
to zero (iv); positive values correspond to the main lobe of the PSF (Supplementary Figure S7). MSSR of
zero order (MSSR0) reduces the FWHM by 1.4σ (v). The difference between the input image and the MSSR0

creates a valley located between two maximum points at ±σ (vi). The complement is computed (vii) and
intensity weighting of the result of MSSR0 is performed (viii). Finally, a normalization step provides the
MSSR of order 1 (MSSR1) (ix). b) Line profiles of a single emitter simulated as a Gaussian distribution before
(blue) and after MSSR0 (red) or MSSR1 (yellow). c) Analogous case as in (b) but using two emitters located
at ±σ. Note that the resulting distribution (blue stroke) is flat at the top center, indicating that emitters are
unresolved. However, applying MSSR0 forms a saddle point (valley) between emitters, hence they can be
distinguished from one another. By applying MSSR1 the height at the saddle point turns to zero and emitters
become completely resolved. hs parameter was of 1 pixel.

21



The dependence of the FWHM of a Gaussian distribution decreases as the number of iter-
ations of the MSSR increases (Supplementary Figure S12 a-c). MSSR order is commonly set
to a maximum of 2, given that part of the emitter’s information is degraded with each itera-
tion(Supplementary Figure S12).
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Figure S12. FWHM decreases with increasing MSSR order over a Gaussian distribution. a) Comparison of
Gaussian distribution and MSSR of order 0 to 4. b) FWHM for distributions presented in a).

Supplementary Figure S13 shows the procedure of thresholding and normalizing the joint
distribution shaped by two adjacent emitters located at the Rayleigh limit, note that the dip
decreases from a value of 0.8 to 0.57 (Supplementary Figure S13 a and b). Hence, it is tempting to
conclude that there is a noticeable increase in resolution as the Rayleigh limit has been surpassed.
By repeating the same procedure using a joint distribution shaped by two adjacent emitters
located at the Sparrow limit there is no further gain of resolution as the dip remains constant,
taking the value of 1 (Supplementary Figure S13 e and f). The Sparrow limit is associated to the
maximum observable spatial frequency, hence, to the diffraction barrier. Noteworthy, processing
the previous joint distributions with s f − MSSR of any order leads to a decrease of the dip value
(Supplementary Figure S13 e and f). The latter observation becomes striking when studying the
case of s f − MSSR3 processing which collapses the dip to zero for both Rayleigh and Sparrow
conditions.
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Figure S13. Thresholding and normalizing processes are not enough to overcome the Sparrow limit.
This figure shows the sequential decrease in dip height between two intensity Gaussian distributions from
simulated point emitters (a,e). Thresholding and normalizing (b,f) provides an initial reduction in dip height,
which continues to decrease as MSSR of higher order is applied (c,d,g,h). Upper and bottom rows depict
the relative distance between the peaks of both distributions when either the Rayleigh (top) or Sparrow
(bottom) criteria are met. Worth noticing is that higher-order MSSR provides a complete dip collapse to
zero, separating the distributions of both emitters completely. hs was equal to the standard deviation of the
Gaussian used.

MSSR0 reliably provides spatial resolution gains, free of image analysis artifacts, down to
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the Rayleigh limit, hence, allowing the study of nanoscopic regimes at the boundaries of the
Sparrow limit (Supplementary Figure S14). MSSR of higher orders (MSSRn: n > 0) encompass
further analytical operations (subtraction, complement, negative and intensity weighting) which
allow the observer to distinguish between single emitters separated by ∼0.66 times the Gaussian
FWHM of the PSF (1.55 times the PSF s.d. σ).

MSSR aims to revert the effect of diffraction on optical microscopy so it must be considered
as a deconvolution process. What makes s f − MSSRn unique is the fact that it restores spatial
information down below the Sparrow limit. Supplementary Figure S14 shows that Wiener
deconvolution partially deconvolves the effect of diffraction, but without a dramatic increase in
spatial resolution. Interestingly, Richardson-Lucy deconvolution provides a noticeable increase in
resolution at the boundaries of the Rayleigh limit but fails to restore spatial resolution down the
Sparrow limit (Supplementary Figure S14). With such data in hand, we conclude that s f − MSSRn

is the first deconvolution approach of optical microscopy that restores spatial information at the
nano scales.
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Figure S14. Resolution increase provided by deconvolution methods, radiality maps and s f − MSSRn. a)
All methods tested decrease the dip successfully. The horizontal line represents the Rayleigh limit in relation to
the dip height (for the sum of Gaussians, 2.5σ). This value decreases the most when using radiality maps and
MSSR, where the best result reaches Rayleigh limit = 1.55σ (1.61 times smaller), provided by MSSR of third
order (orange line). b) Bidimensional representations of the reconstructed images provided by each method
tested, for emitters separated at distances of 1.55σ, 1.9σ and 2σ. Simulated emitters were generated with the
gaussian distribution with a sigma of 121.10 nm ( 10 pixels) using the following parameters: Refractive index
of medium = 1.33, Refractive index of oil = 1.515, NA = 1.4, wavelength = 610 nm, pixel size = 11.7 nm.
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5.2. Temporal analysis of MSSR
The computation of MSSR over a temporal stack of diffraction-limited images I, with M frames
collected at a static or pseudo-static scene, generates a temporal stack of M super-resolved
replicates.

A temporal analysis can be used to take advantage of the information stored at the temporal
dynamics of the fluorophores, which allows for further resolution enhancement. This step consists
in applying a pixel-wise temporal function (PTF) across the whole MSSR stack in order to obtain
a super-resolved image with higher spatial resolution and diminished noise effects (tab. S2).

Each PTF has an advantage over the other depending on the nature of the fluorescence
dynamics of the image stack to be processed. The selection of PTF depends of the characteristic
of blinking emitters along the stack (Supplementary Table S2). For example, Var is useful to
reveal nano-scaled details if there exists high pixel-wise temporal entropy (e.g. highly fluctuating
signal due to fluorophores transiting into the triplet state). Mean is better suited for experimental
scenarios with low nanoscopic temporal dynamics, or for scenarios with low signal to noise ratio.
TPM can be used over an intermediate level of signal entropy. CV takes into account both the
blinking and the intensity of emitters (the latter not being considered with Var). Finally, SOFI
temporal functions [14] allow to shrink and refine structures with the risk of loss of continuity on
low fluorophore density samples.
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6. SUPPLEMENTARY NOTE 6. INTERPOLATION ALGORITHMS

Part of the super-resolution image reconstruction process is an interpolation step that fills the
gaps in the amplified image. Implemented in the current version of MSSR are two different
interpolation algorithms: bicubic and Fourier interpolation. The theoretical foundations of both of
these two approaches and their differences are detailed in this Supplementary Note. In addition,
a comparison of the performance between these algorithms is provided

6.1. Bicubic interpolation
The bicubic interpolation is an extension of the cubic interpolation, applied to a two-dimensional
grid, where polynomial or cubic convolution algorithms are used. For each new pixel of the
reconstruction image, the closest 16 surrounding pixels (in a 4x4 array) in the original image are
considered (Supplementary Figure S15), a weighted average of these 16 pixels is obtained; the
weights are related to each pixel’s distance to the new one, given by:

v(x
′
, y

′
) =

3

∑
i=0

3

∑
j=0

ai,j A(xi, yi), (S50)

where ai,j = cubic(δx) ∗ cubic(δy), v(x
′
, y

′
) is the pixel value as a result of the interpolation,

A(xi, yi) is the original image pixel and δx and δy are the distances between x
′
, x and y

′
, y,

respectively. The cubic interpolation function has the form:

cubic(x) =


(−c + 2)x3 + (c − 3)x2 + 1 if 0 ≤ x < 1

−cx3 + 5cx2 − 8cx + 4c if 1 ≤ x < 2

0 otherwise

. (S51)

where c is a smoothing parameter (set to c =
1
2

as an optimal working value) [15, 16].

δx

δy

0 1 2 3
0

1

2

3

v(x', y')

Image A

Pixel

Figure S15. Scheme of bicubic interpolation. The black points in the grid represent the 16 near-most pixels
in the original image to the new one in the reconstruction, located at (x

′
, y

′
) (blue point). δx and δy are the

distances between the original pixels and the new one, on the X and Y axis respectively. Interpolation is
performed using the formula S50 shown above.

6.1.1. Mesh-like pattern originated from bicubic interpolation

Occasionally, reconstructions provided by bicubic interpolation can present a mesh-like pattern.
When the interpolation process takes place, a gradient of intensities is generated between the
original pixels and the ones that are generated during the process; this is because the interpolation
function averages values which are close to the point that is being generated. For each new
pixel, the closer it is to the original one, the more it will resemble it. This means that, if a new
pixel is in an intermediate point between two pixels, its value will be affected by the information
of both sides and will most likely be an average of them both. When this process is repeated
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over a stack with very similar pixel intensities, the new pixels (in intermediate positions) in each
image will tend to retain likeness to each other (upper panel in Supplementary Figure S16c), and
thus causing the variance to be rather low. In the upper panel in Supplementary Figure S16c,
pixel values that match the dotted-blue lines have a greater dispersion; they correspond to the
generated pixels which were the closest to the original ones during the interpolation process.

Supplementary Figure S16 shows an example of the result obtained from an image sequence
processed with interpolation and how it is affected. An image sequence of EM-CCD camera
noise generated using a custom code written in R based on the theory and equations provided by
Hirsch and co-workers in [17] and amplification equal to 5 is shown in Supplementary Figure
S16a; like structures can be easily perceived as the vertical and horizontal lines distribute evenly
across the entire frame (lower panel in Supplementary Figure S16a). After careful analysis of the
line profiles in Supplementary Figure S16c, it can be concluded that:

• The distance (pixels) between the mesh maxima is equal to the amplification value.

• These lines (mesh) correspond to the local minima, and the midpoint between them to the
maxima.

• The distance between a local maximum and minimum is half the amplification value.
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a b c

Figure S16. a) Interpolated EM-CCD noise image stack and its variance projection (where the mesh is clear).
b) zoomed region of the images in a). c) Line profiles corresponding to the pixel values across the cyan dotted
lines in the zoomed ROIs. The first fifteen frames are depicted in the upper graph in c). The blue dotted lines
in c) represent the position of the maximum values of the mesh across the line profile.

6.1.2. Mesh minimization algorithm

To compensate for this ‘meshing’ effect, an information shift in two directions for each axis is
performed, resulting in four total shifts, and thus generating four extra images (Supplementary
Figure S17). The magnitude of the shift in either direction is equal to half the amplification value,
as this corresponds to the distance from a given local maximum and its minimum. These four
extra images along with the original are averaged and the result is the new compensated image.
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Figure S17. Scheme of the ‘meshing’ compensation. A total of four extra images are generated as a result of
spatially shifting the pixel information across both sides of each axis.

6.1.3. Comparison between uncompensated and compensated data

In order to compare the performance of the bicubic interpolation with and without the mesh-
minimization option and assess its effectiveness, a set of synthetic (Supplementary Figure S18-S20)
and experimental (Supplementary Figure S21 and S22) data was used.

An image sequence of EM-CCD camera noise and the synthetic dataset SynEx2 (https://sites.
google.com/site/uthkrishth/musical) with and without EM-CCD noise were used to demonstrate
the ‘meshing’ minimization effect during the (bicubic) interpolation process. A comparison of the
results before and after the compensation is presented in Supplementary Figures. S18-S20.

a b

M
e
a
n

V
a
r

Figure S18. Example of the result of bicubic interpolation and mesh compensation in a noisy image. a)
without the mesh compensation. b) with mesh compensation.
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Figure S19. Example of the result of bicubic interpolation and mesh compensation in an image without
noise. a) without the mesh compensation. b) with mesh compensation.
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Figure S20. Example of the result of bicubic interpolation and mesh compensation in a noisy image. a)
without the mesh compensation. b) with mesh compensation. c) Line profiles of the variance results from
dashed lines in a) and b). The blue line in the images correspond to the values from a) and the red line to b).

The lack of noise in the synthetic data notably reduces the generation of visible artifacts
(Supplementary Figure S19), whereas the presence of noise greatly increases their emergence
(Supplementary Figure S18 and S20). The ‘meshing’ effect will always take place when real
experimental data is analyzed, due to noise being intrinsically and inevitably introduced along
the imaging process in any optical system.

We further assessed the effectiveness of the mesh-minimization algorithm using real exper-
imental data. A comparison of the results before and after the compensation is presented in
Supplementary Figures. S21 and S22. First, the MSSR analysis was performed on a single image
(first image from stack, Supplementary Figure S21). Then, the MSSR analysis was performed on
the entire stack along with three different temporal analyses (Supplementary Figure S21).
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Figure S21. Example of the mesh compensation over a MSSR image obtained from a single noisy frame. a)
without the mesh compensation. b) with mesh compensation. c) Line profiles of the MSSR results from a)
and b), the blue line in the images correspond to the values from a), and the red line to b).

As can be seen, the use of MSSR without compensation in a single image does not generate
visible artifacts, but when the process is carried out on several images (stack) and a temporal
analysis is applied, the mesh can emerge. Supplementary Figure S22 shows that the mesh pattern
is only present in the Variance temporal analysis. However, even if the mesh pattern is not present,
the reconstruction images may contain other artifacts, such as the four-sided polygon-like shape
inside the toroids in Supplementary Figures. S21a and S22a. When the compensation is applied,
the interior of the toroids adopts a more circular (expected) shape (Supplementary Figures. S21b
and S22b).
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Figure S22. Example of the result of MSSR image and mesh compensation in a noisy image stack. a)
without the mesh compensation. b) with mesh compensation. c) Line profiles of the MSSR results from a)
and b), the blue line in the images correspond to the values from a), and the red one to b).

6.2. Fourier interpolation
Fourier interpolation on images is an extension of the Fourier interpolation for 1-dimensional
data and uses the Fast Fourier Transform.

The Fourier interpolation on images its made up by 5 basic steps.

1. apply Fast Fourier Transform (FFT) to translate an image to the frequency domain
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2. apply zero-padding by adding rows and columns with value equal to zero.

3. frequency compensation by multiplying by the image factor magnification.

4. apply inverse Fast Fourier Transform (iFFT) to go back the image in the spatial domain.

5. compute the absolute values of the the previous step.

When translating an image from the spatial domain into the frequency domain, since both
spaces share the same information and only its representation changes, no information is lost
during the process. Zero-padding serves two purposes: a) preserve the original information of
the image and b) ensure the reconstructed image has the desired amplified dimensions. The third
step involves the compensation of the frequencies by multiplying by the image amplification
factor (AMP parameter in the MSSR plugin). The reasoning behind this step is that, when the
number of frequencies increases, this causes the information contained within the spatial domain
to spread and stretch along a new period altered by the amplification factor, which is used to
compensate the information in the amplified image. Finally, the application of the inverse iFFT
and the computation of its absolute value take place in order to obtain the final amplified, Fourier-
interpolated image in the spatial domain. A diagram of the previous description is depicted on
figure S23.

padding
frequency

compensation

FFT

iFFT

abs

Figure S23. Fourier interpolation in 2D. Fourier interpolation is based on the application of direct and
inverse Fast Fourier Transform, including zero-padding, frequency compensation and the computation of the
absolute values of the image.

6.2.1. Comparison of interpolation algorithms performance

Both of the currently implemented interpolation algorithms are entitled to some advantages and
disadvantages. Bicubic interpolation is less computationally demanding and generally provides
shorter run times (a comparison of run times for both types of interpolation is provided in
Supplementary Figure S24). Though, it is more prone to mesh-like artifact generation under
certain experimental conditions. In most cases, Fourier interpolation does not require a mesh
minimization procedure, although it might help mitigate background artifacts. Since it tends to
provide better results when performing a temporal analysis, it is suggested to opt for Fourier
interpolation over bicubic in such regard. Given that the mesh-like artifact arises only when a
temporal analysis is performed (see Supplementary Note 6.1) bicubic interpolation is advised for
single-frame analysis.

31



T
im

e
 (

s
)

21

0
.5

1
1
.5

2
2
.5

3 4 5 6 7 8 9 10

AMP

Fourier

Bicubic

MSSR Order

10 2 3

0
.2
7

0
.2
8

0
.2
9

0
.3

a

b

c

T
im

e
 (

s
)

FWHM of PSF

21 3 4 5 6 7 8 9 10

1
1
.5

0
.5

T
im

e
 (

s
)

Figure S24. s f − MSSR processing times for bicubic and Fourier interpolations. For each type of interpola-
tion, the effect of the a) amplification value, the b) FWHM of PSF and the c) MSSR order over the total run
time was evaluated. All analyses were performed on a computer with an Intel Core i7-11370H CPU@3.30GHz
using 16.0 GB of RAM, running Windows 10x64, with a NVIDIA GeForce RTX 3070.

Supplementary Figure S25 below shows a comparison of both interpolation methods for
performing three different pixel-wise temporal functions over experimental laser lithography
data (see Online Methods section PSFcheck imaging) for image reconstruction by applying temporal
analysis. Future work will study the performance of both method for image reconstruction.
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Since FFT and iFFT are used for Fourier interpolation, if an AMP value different from of a
power of two (i.e AMP ̸= 2n, n integer) is applied, run times tend to be longer. In some cases,
when AMP is equal to a prime number, processing time extends further. For example, if AMP = 7
is applied, run time is 2613 ms, however, for AMP = 10 it decreases to ∼1215 ms (i.e., less than
half the time). On the other hand, MSSR parameters like AMP and FWHM of PSF seem to have
no significant differences between each other in terms of run time.

Bicubic interpolation

Comp.

M
e
a
n

V
a
r
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Fourier interpolation

No Comp. Comp.No Comp.DL

Figure S25. Comparison between Fourier and bicubic interpolation for temporal analysis on experimental
dataset. From top to bottom: results of temporal functions of Mean, Var and TPM. From left to right: first two
columns are the results of bicubic interpolation with and without grid compensation, last two columns are
are the results of Fourier interpolation with and without grid compensation. MSSR parameters: AMP = 5,
FWHM of PSF = 2, order = 0. Scale bar 500 nm.
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7. SUPPLEMENTARY NOTE 7. MSSR PROCESSING TIME COMPARISON FOR DIFFER-
ENT ANALYSIS PLATFORMS

Most of the currently available SRM algorithms (Supplementary Note 9) are implemented as
ImageJ plug-ins, and the majority of them report processing times of several minutes. Some of
them have built-in multithreading or parallel GPU capabilities, with the exception of 3B.

In order to ensure maximum diffusion of MSSR to the scientific community as a free and
accessible tool, we implemented it in three different platforms: as an ImageJ plug-in and as a
package for R and a function for MATLAB. We designed a simple GUI for ImageJ, while users
with prior programming skills and the need for more statistical tools can take advantage of the
analytical power of R and MATLAB. All implementations can analyze single images or a set
of images located in a specific user’s system. Moreover, GPU parallel processing is an available
option with ImageJ, especially for computationally demanding tasks.

We performed a comparative analysis of the MSSR of all three platforms, evaluating the MSSR
order, FWHM of PSF and AMP values over the total analysis time (Supplementary Figure S26).
The data used for this study consists of a laser lithography image stack of 100 images of size
32x32 pixels [18] (see Materials and Methods). First, we evaluated the MSSR parameters values
for a single image from the stack. The observations indicate that MATLAB implementation is the
optimal.
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Figure S26. Average MSSR processing times for different platforms. For each implementation, the effect of
the a) amplification value, the b) FWHM of PSF value and the c) MSSR order over the total run time was
evaluated, while using GPU processing or not (if available). All analyses were performed on a computer
with an Intel Core i7-7700K CPU@4.200GHz using 32.0 GB of RAM, running Windows 10x64, with a NVIDIA
GeForce GTX 1070.
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Next, a temporal analysis was performed using the previously obtained MSSR stack using
optimal parameters for MSSR (amplification = 5, PSF = 3 and order = 1). The execution
times obtained were proportional to those of the spatial analysis alone. In this case, the best
performing platform was ImageJ with GPU processing enabled, showing a 30-fold improvement
over MATLAB and a 15-fold improvement compared to CPU processing alone (Supplementary
table S3).

MSSR implementation Time (s)

R 22.69

MATLAB 2.82

I J CPU 8.51

I J GPU 1.31

Table S3. Average MSSR temporal analysis processing times for different platforms.

Even though MSSR can take several minutes to operate (compared to other SRM methods
capable of increasing resolution within seconds, with the requirement of larger sets of data), it
stands out among other approaches due to its ability to obtain an extended-resolution image with
just one frame.
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8. SUPPLEMENTARY NOTE 8. SINGLE-FRAME NANOSCOPY FREE OF NOISE-DEPENDENT
ARTIFACTS

The Resolution Scaled Pearson (RSP) coefficient and the Resolution Scaled Error (RSE) are
global quality estimators for image reconstructions [19]. RSP is an adaptation of the Pearson
correlation coefficient for images, and provides a global quality assessment scored between the
super-resolution image and the original one, with an ideal maximum value of 1 and a lower
boundary of zero. RSE is the root-mean-square-error computed between the super-resolution
image and the original one; it measures the intensity differences of both inputs, where the ideal
case is RSE = 0. We investigated the behaviour of these parameters depending on the stack size
used for a MSSR temporal analysis (Supplementary Figure S27).

Reference

Image

SR Images

sf-MSSR1

t-MSSR1

t-M
SSR

1

Average

RSP

RSE

n = 1

RSP

RSE

n = 2

RSP

RSE

n = N

frames n=1

frames n=2

frames n=N

Figure S27. Algorithm for the computation of RSP and RSE for super-resolved images. Given a temporal
stack of N frames, N super resolution images are generated by using 1, 2, 3, . . ., N images as input for
t − MSSR1 (SR images, red). Considering the stack average to be a representative reference image, it was
used to calculate the RSP and RSE for each of the N reconstructions.

MSSR operates in two stages: spatial information is first used to obtain a stack of extended-
resolution frames, which are next integrated into a temporal analysis for further reconstruction
quality enhancement through noise-related artifact minimization. Because digital noise is not
correlated in time, its contribution to the actual signal diminishes as more frames are considered
in a temporal analysis (e.g. averaging, for instance). However, data shows that when a certain
number of frames analyzed is reached, no additional image quality is gained (Figure S28). As
explained above, we generated 25 super-resolution images, each of which was obtained using 1,
2, 3, . . ., 25 sequential frames of the same field of view. The RSP and RSE were then computed
by comparing each temporally-reconstructed image with the average of the diffraction-limited
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stack. The idea behind this analysis is that, although a reconstruction obtained with a limited
amount of data might not completely reflect the true underlying nanoscopic structure, it does
recover all the true sub-pixel information contained in the said data set. The results show that a
SNR lower than 5 (eq. S52) requires up to 25 images in order to provide a stable RSP coefficient
value. However, when the SNR is high enough, an RSP coefficient value of 1 is achieved with
a single frame. Note that, for all RSP curves, the maximum value is reached at no more than 5
images when the SNR ≥ 8.2.

Figure S28. Effect of SNR and number of frames (temporal analysis) over RSP and RSE. RSP (left) and
RSE (right) stabilize at about 25 and 5 frames for low and high SNR, respectively.

Based on these observations, it is advised to perform a temporal analysis over data with a
SNR anywhere between 3 and 8, according to the equation (https://camera.hamamatsu.com/jp/en/
technical_guides/calculating_snr/index.html) [20]:

SNR =
QE ∗ S√

QE (S + Ib) + N2
r

=
Electrons√

Electrons + Read Noise2
. (S52)

In this equation:

• S is the number of photons detected in a single pixel of a sCMOS camera.

• QE is the quantum efficiency of the detector at the wavelength of the collected light; for
this study QE = 0.72.

• Ib is the background signal.

• Nr is the camera read noise, measured in electrons (reported by the manufacturer in the
specifications sheet; for our detector Nr = 1e−.

To approximate S and Ib from the data, gray scale values (raw) were converted into average
photons per pixel (https://camera.hamamatsu.com/jp/en/technical_guides/how_many_photons/index.
html) [20], considering the equation

Photonsi =
Ii − Oi

Gi
∗ 1

QE
. (S53)

where

• Ii is the greyscale value of the raw image for pixel i.

• Oi is the offset value for pixel i.

• Gi is the gain for pixel i.

The offset and gain were calculated as previously reported [20].
From these data, it is possible to calculate the approximate number of photons that are detected

per pixel. S was considered as the average number of photons in the region where the sample of
interest is located, while Ib is the average signal value of the pixels that belong to the background
of the image.
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9. SUPPLEMENTARY NOTE 9. COMPARING MSSR WITH OTHER ANALYTICAL SRM
METHODS

In the last decade, SRM development has tended towards the reduction of the needed data
size to be processed to obtain a super-resolved image. Many computational methods rely on
exploiting fluorophore blinking dynamics for the extraction of structural information through
pixel-wise temporal operator computation. The result is a super-resolution reconstruction built
from the analysis of hundreds to thousands of images collected at a static, or pseudo-static scene.
However, the mandatory need of a temporal analysis to handle high spatial frequencies due to
the detector’s noise, restricts these methods’ temporal resolution to the regime of seconds to
minutes. To compare the super-resolving power of the single-frame and temporal analysis of
MSSR with other SRM methods, it was tested and paired against three algorithms based on the
single-molecule localization principle:

• SRRF (Super-Resolution Radial Fluctuation) encompasses a two-step analytical process. A
single-frame analysis of local information stored within the fluorescence intensity domain
provides nanoscopic resolution. Its principle is based on radiality maps theory which itself
provides nanoscopic information, however, it is also sensitive to abrupt changes in local
contrast when noise burdens the signal, a common scenario when studying single molecules.
As result of that, it encompasses a temporal analysis aimed to reduce noise-related artifacts
and to further gain resolution due to a statistical processing of a short sequence of radiality
maps (about 100 images) [21]. Depending on the experimental design and the hardware
architecture used, SRRF offers 50-150 nm of axial resolution.

• ESI (Entropy-based Super-resolution Imaging) calculates the local- and cross-entropy to
estimate the likelihood of emitters throughout an image sequence [22]. It is characterized by
having effective noise-removal properties and requiring low-cost computational resources,
but requires hundreds of frames for a single reconstruction. ESI is based on reconstruct-
ing super-resolved images from conventional image sequences containing random signal
fluctuations and can achieve resolutions of up to ∼100 nm.

• MUSICAL (MUltiple SIignal Classification Algorithm) provides resolution enhancement
by singular value decomposition to an image stack resulting on eigenimages and their
respective eigenvalues [23]. Each eigenvalue describes a particular pattern on the imaged
temporal stack. Signal is considered to be associated with large eigenvalues, whereas noise
and background are associated with small eigenvalues. A predefined threshold divides the
set of eigenimages into two ranges: space and null space. The projection of the point spread
function over these spaces and their ratio is an indicator function where large values are
related to the presence of fluorescence emitters and small values are related to background
noise. It offers resolutions below 50 nm from the analysis of tens of images, which makes
MUSICAL an effective approach for live-specimen imaging [24].

Each method’s performance was evaluated at different SNR to test their ability to reliably
underscore nanoscopic information with varying noise conditions. The quality of the reconstruc-
tions was assessed by means of computing global parameters of consistency between the SRM
image and a reference image, which in this case is the corresponding diffraction-limited image.
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Figure S29. MSSR is robust against background noise and introduces fewer artifacts when compared to
other SRM methods. Comparison of SRM images of the laser lithography sample generated by either SRRF,
MUSICAL, ESI, or MSSR. The expected feature is a uniform fluorescent ring located at the center of the
image with a dark background lacking fluorescence. The widefield row (WF, i.e. diffraction-limited) displays
the temporal average of 100 frames. ring radius = 0.5, radiality magnification = 4, axes in ring = 6, rest of the
parameters were taken by default; ESI parameters: First iteration, image in output = 50, bins for entropy = 2,
order = 0, Second iteration image in output = 25, bins for entropy = 2, order = 0; MUSICAL parameters: emission
wavelength = 610 nm, numerical aperture = 1.4, pixel size = 117 nm, subpixels per pixel = 4, threshold value = -0.8
(chosen from the singular value plot calculated by the plugin), alpha = 4; s f − MSSR parameters: AMP = 5,
FWHM of PSF = 4, order = 1; t − MSSR parameters: AMP = 5, FWHM of PSF = 4, order = 1, PTF = TPM.
Scale bar = 1 µm.

Qualitatively, fewer noise-related artifacts were introduced by MSSR. MSSR and SRRF
provided SRM images with greater resemblance to the expected ‘ring-like’ structure imaged by
SIM [25]. ESI and MUSICAL also unveiled sub-diffraction rings but with unexpected irregular or
incomplete shapes. When the SNR is high enough, all tested algorithms perform relatively well.
Remarkably, with any tested SNR, s f − MSSR1 provided reliable reconstructions of comparable
quality to those approaches requiring a temporal analysis and resolved the underlying structure
while introducing visually fewer artifacts than any of the other methods.

Since our data were acquired with a sCMOS camera, we tested the ability of a recently published
sCMOS-specific noise correction algorithm [26] to improve quality of the super-resolution images,
independently of the SRM method used. The effect of this noise-reducing step over the global
quality of reconstruction was evaluated in terms of global image quality (Supplementary Figure
S30). For the case of SRRF, RSP values increased when the SNR was low, while displaying
visually fewer artifacts; the other methods showed no significant difference after denoising the
images. This suggests that SRRF is highly sensitive to noise, while MSSR, ESI and MUSICAL
are less sensitive. Nonetheless, MSSR and SRRF were able to provide a more reliable ring-like
structure than that of MUSICAL or ESI. Surprisingly, ESI displayed the highest RSE values
after denoising. Regardless of whether the input data was corrected or not, the RSP and RSE
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values for MSSR were very similar. Overall, MSSR did not perform much better after data
was noise-corrected, while the other tested methods benefited greatly, showing a significant
improvement in reconstruction quality. These observations indicate that MSSR highly resiliant to
noise and can perform very well even in low light conditions.
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Figure S30. MSSR provides no further gain in RSP and RSE after image denoising. a) Image reconstructions
for data with SNR = 5.4, 8.10 and 10.4 after noise reduction via ACsN. A representative stack of raw images
(RAW) and its noise-cleaned version after ACsN (WF − ACsN) are shown. Subsequent reconstructions
(SRRF, MSRR1, ESI or MUSICAL) were performed using 100 of these noise-cleaned images. Single Frame
MSSR row (sf-MSSR1) shows a representative image for the analysis of a single frame (only spatial analysis)
by MSSR with the cleaned data. b) RSP and c) RSE values calculated for the super-resolution reconstructions
in a) over a wider range of SNR, including the representative example of single frame MSSR. ring radius =
0.5, radiality magnification = 4, axes in ring = 6, rest of the parameters were taken by default; ESI parameters:
First iteration, image in output = 50, bins for entropy = 2, order = 0, Second iteration image in output = 25, bins for
entropy = 2, order = 0; MUSICAL parameters: emission wavelength = 610 nm, numerical aperture = 1.4, pixel size
= 117 nm, subpixels per pixel = 4, threshold value = -0.8 (chosen from the singular value plot calculated by the
plugin), alpha = 4; s f − MSSR parameters: AMP = 5, FWHM of PSF = 4, order = 1; t − MSSR parameters:
AMP = 5, FWHM of PSF = 4, order = 1, PTF = TPM. Scale bar: 1 µm.

Finally, we use as input data a version of the images where each pixel is represented as the
approximate number of photons that reached the detector at the time of acquisition (see Methods).
The result of using this input data (photon images) is similar to that of using ACsN-cleaned
data (Supplementary Figure S31). That is, calculating the average number of photons per pixel
increases the RSP values for SRRF processing. This can be explained because the formula to
obtain the photons per pixel is equivalent to the pre-correction step used by ACsN and other
noise-correction algorithms prior to the noise reduction refinement. This suggests that by knowing
the response function of the detector and thereby performing a pre-correction to the raw data,
one can improve the quality of the images.
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Figure S31. Visual examples, RSE and RSP of reconstructions using image data in photons per pixel. a)
Image reconstructions for data with SNR = 5.4, 8.10 and 10.4 after pixel intensity was converted to photons
per pixel (see Supplementary Note 8). Each image is displayed to show its full intensity range. Images
converted to photons/pixel (first row) include a pseudo-color scale indicating the range of photons/pixel of
each image. Their corresponding signal-to-noise ratio (SNR) is indicated on the upper left corner. Subsequent
reconstructions (SRRF, MSRR1, ESI or MUSICAL) were performed using 100 of these converted images.
Single Frame MSSR row (sf-MSSR1) shows a representative image for the analysis of a single frame (only
spatial analysis) by MSSR1 with the converted data. b, c) Resolution Scaled Pearson (RSP) coefficient (b)
and Resolution Scaled Error (RSE) (c), computed for the super-resolution reconstructions in a). ring radius =
0.5, radiality magnification = 4, axes in ring = 6, rest of the parameters were taken by default; ESI parameters:
First iteration, image in output = 50, bins for entropy = 2, order = 0, Second iteration image in output = 25, bins for
entropy = 2, order = 0; MUSICAL parameters: emission wavelength = 610 nm, numerical aperture = 1.4, pixel size
= 117 nm, subpixels per pixel = 4, threshold value = -0.8 (chosen from the singular value plot calculated by the
plugin), alpha = 4; s f − MSSR parameters: AMP = 5, FWHM of PSF = 4, order = 1; t − MSSR parameters:
AMP = 5, FWHM of PSF = 4, order = 1, PTF = TPM. Scale bar: 1 µm.
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10. SUPPLEMENTARY NOTE 10. EMPIRICAL DEMONSTRATION OF MSSR APPLICA-
BILITY TO A WIDE RANGE OF FLUORESCENCE BIOIMAGING MODALITIES

The widespread use of fluorescence microscopy has led up to the development of a myriad of
imaging protocols and acquisition systems. The MSSR principle stems from the analysis of
local information of a single image. It provides nanoscopic resolution by means of solving an
operator that incorporates information from both the spatial distribution of fluorescence (a spatial
range covering the PSF) and range of local intensities (also known as the level of gray values)
(Supplementary notes 3, 5 and 6). Such lower requirement for information makes MSSR suitable
for its use at a wide range of applications of fluorescence microscopy, which are not necessarily
limited to the realm of super-resolution microscopy.

To illustrate the versatility of the MSSR approach, its ability to provide nanoscopic information
on a variety of biological and experimental systems (which have been previously reported by
other SRM approaches) was tested. Common experimental scenarios of fluorescence microscopy
are discussed after post-processing with MSSR; these include but are not limited to immunoflu-
orescence imaging of fixed cells by epifluorescence microscopy (Supplementary Figure S32),
live-cell imaging using permeable dyes with total internal reflection fluorescence microscopy
(Supplementary Figure S33, S34), single particle tracking (Supplementary Figure S36), live-cell
imaging of microtubule dynamics (Supplementary Figure S37), colocalization microscopy (Supple-
mentary Figure S38), tissue live cell imaging - laser scanning confocal microscopy (Supplementary
Figure S39).
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10.1. Nanoscopic organization of viral replication machineries
Viral replication is orchestrated at nanoscopic scales within machineries which perturb cellular
architecture to ensure the production of viral progeny. The onset of rotavirus assembly occurs at
viroplasms (VPs), which are protein coacervates shaped by both viral and cellular components
that, when visualized by electron microscopy, resemble complex electrodense structures [27].

Supplementary Figure S32 shows diffraction-limited TIRF images of a rotavirus VP. Note that,
regardless of the protein distribution analyzed, the VP resembles diffraction-limited clumps of
fluorescence shaped by viral proteins. The NSP2 protein, denoted by red channel, was selected
to ensure the detection of VPs on infected cells and served as a point of reference to compare the
relative distribution of the other viral proteins within the VP.
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Figure S32. Relative distribution of viral proteins in rotavirus viroplasms (VPs) visualized by MSSR
analysis. RRV-infected MA104 cells (6 hpi) were fixed and processed for immunofluorescence microscopy.
The NSP2 protein (denoted by the red channel for all panels) was used for VP detection on infected cells and
served as point of reference in order to compare the relative distribution of the other viral proteins in the VP
(indicated by the green title of each column). Rows from top to bottom: diffraction-limited (DL) images of the
VPs; t − MSSR, reconstructions provided by a temporal analysis of 100 diffraction-limited images per VP;
s f − MSSR, single-frame analysis reconstructions. a-e) Proposed models of the viral proteins distribution in
the VP, based on the super-resolution data, as reported in [28]. MSSR parameter: AMP = 5, FWHM of PSF
= 2.79 (green channel) and FWHM of PSF = 3.31 (red channel), order = 1, PTF = Mean. Scale bar 500 nm.

In stark contrast with the observations made through visual inspection of the diffraction-limited
images of the VP (Supplementary Figure S32 – upper row), it appears that viral proteins are
layered as concentric nanoscopic rings of proteins within the rotavirus VP [28]. NSP5 and NSP2
act as core-forming scaffolding elements, which coexist at the inner layers of the VP alongside
with NSP4, followed by layers of VP1, VP2, VP6, VP4 and VP7 arranged in an inside-out fashion.
These findings were discovered by using 3B −ODE SRM by means of analyzing a temporal stack
of hundreds of diffraction-limited images with the help of using colocalization microscopy, TIRF
imaging and a dedicated cluster for parallel computing (with a mean processing time of one day
per super-resolution micrography) [28, 29].
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With MSSR, we were able to visualize the nanoscopic organization of the rotavirus VP by
virtue of analyzing single diffraction-limited images in a matter of seconds using a consumer-
grade computer. Viral proteins within the VP milieu showed a layered organization, resembling
the one observed by Garcés in [28]. Supplementary Figure S32 shows distributions of the viral
proteins NSP2, VP4, NSP5, NSP4 and VP7 in its monomeric and trimeric form. The innermost
core of the VP was found to be enriched by NSP2, NSP5 y NSP4 proteins, followed by layers of
VP4 in the middle and VP7 in its monomeric and trimeric form in the outermost side of the VP.

For the sake of comparison with the results obtained in [28] using 3B − ODE SRM, the same
VPs as in Supplementary Figure S32 were processed with both the single-frame (s f − MSSR)
and pixel-wise temporal analysis (t − MSSR) strategies. Although the same concentric pattern of
viral protein arrangement within the VP was underscored using both approaches, differences
in the layer structure were observed, such as the thickness and continuity of the layer. This is
because, in s f − MSSR, the output image accounts only for the signal corresponding to the set
of emitting fluorophores captured in the acquisition time interval of the input image analyzed,
whereas the pixel-wise temporal analysis generates an ensemble averaged reconstruction with
nanoscopic resolution.
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10.2. Live-cell extended-resolution imaging
MSSR was challenged for live cell extended and super-resolution imaging by means of studying
the acrosomal exocytosis (AE), a unique secretory event which results from fusion events between
the plasma membrane and a specialized vesicle called acrosome located in the sperm head [30].

The nanoscopic dynamics of the AE were visualized by following the spatio-temporal dy-
namics of SiR-actin, a fluorescent probe which preferentially fluoresces when bound to F-actin
(green), and FM4-64, which underlines cellular membranes (magenta) (Supplementary Figure
S33). In agreement with previous findings [31], MSSR facilitates the visualization of complex
reorganization events at the plasma membrane, at the inner and outer acrosomal membranes and
at the cortical actin cytoskeleton located underneath the acrosomal vesicle, as result of the AE (
Supplementary Figure S33).
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Figure S33. Nanoscopic, single-frame, live-cell imaging of acrosomal exocytosis in mouse sperm. F-
actin (stained with SiR-actin) is shown in green and plasma membrane (stained with FM4-64) is shown in
magenta. Capacitated mouse sperm were loaded with both dyes and immobilized on concanavalin A-coated
coverslides. a) s f − MSSR0 facilitates the visualization of the course of spontaneous acrosomal exocytosis.
b) Higher magnification of sperm membrane experiencing fenestration events. c) Schematics of acrosomal
exocytosis. At the beginning, only the plasma membrane can be seen through FM4-64 dye (left). The plasma
membrane as well as the outer acrosomal membrane are lost as the acrosomal exocytosis develops. As a result,
FM4-64 (present in the registration medium) now stains the inner acrosomal membrane (right). s f − MSSR
parameters: AMP = 5, FWHM of PSF = 5, order = 0.

Several fenestration events were observed occurring at and within the plasma and acrosome
membranes (Supplementary Figure S33a and Movies S4 and S5), showing complex millisecond
dynamics (Supplementary Movies S6 and S7). At the beginning of the AE, the FM4-64 fluores-
cence was restricted to the plasma membrane which was visible above the F-actin cytoskeleton
(Supplementary Figure S33a, Movies S5 and S6). At the end of the AE, the plasma membrane
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and the outer acrosomal membrane are lost, exposing the inner acrosomal membrane, hence
providing new binding sites for FM4-64 (Supplementary Figure S33a, Movies S5 and S7) [32]. As
a consequence, a notorious increase of FM4-64 fluorescence was recorded close to the cortical
actin cytoskeleton (Supplementary Figure S33 b and c).

If we compare the SRM images obtained from either the single-frame or temporal analysis
(of the same pseudo-static scene) approaches, as in [31], the overall observations that arise are
identical (compare Supplementary Figures. S33 and S34; compare Supplementary Movies S4 and
S5 with Supplementary Movies S8 and S9). In either case, the rise in FM4-64 fluorescence, F-actin
dynamics and membrane fenestration events can be observed. Nonetheless, an advantage of
using the single-frame approach is that it implies much less sample manipulation and causes less
phototoxicity, hence damage to the sample is reduced and the overall integrity of the experiment
is preserved. Moreover, s f − MSSR allows observation of milliseconds dynamics of an overall
process that takes minutes to occur; this information is usually lost when hundreds of images are
necessary to derive a single super-resolution micrography (Supplementary Figure S34) [31].
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Figure S34. Nanoscopic, single-frame, live-cell imaging of acrosomal exocytosis in mouse sperm. F-actin
(stained with SiR-actin) is shown in green and plasma membrane (stained with FM4-64) is shown in magenta.
Capacitated sperm were loaded with both dyes were inmobilized on convanavalin A-coverslides for imaging.
a) By using the 100 frame t − MSSR0 analysis, it is possible to visualize the course of spontaneous acrosomal
exocytosis. b) Higher magnification of sperm membrane fenestration. t − MSSR parameters: AMP = 5,
FWHM of PSF = 5, order = 0, PTF = Mean.

In summary, MSSR can unveil reliable nanoscopic information at the minimal speed require-
ments to record a single fluorescence scene.
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10.3. Single-particle tracking is enhanced by MSSR
Over recent years, single-molecule imaging together with super-resolution microscopy have
contributed to our understanding on how molecular motion at the nanoscale level occurs [33–35].
Although single-molecule techniques have enabled us to acknowledge more details about the
intricate biology of the cell such as movement of molecular motors or lipid diffusion dynamics at
the cell membrane, there is still much to contribute to the fundamental understanding on how
these different phenomena work at the cell extent.

Single Particle Tracking (SPT) has been successfully applied to a variety of different systems
ranging from tracking the 2D motion of single lipids in well-defined [36–38], synthetic lipid
bilayers up to the motion of cells in entire 3D organoids and embryos [39–41]. Despite that, SPT
is an imaging modality that requires special microscopy features that help to achieve exceptional
temporal and spatial resolution in order to provide faithful data of the biological process of
interest. Successful SPT relies on the compliances in general aspects such as detection (good signal
to noise ratio and frame ratio), localization (quantum efficiency, high-magnification, subpixel
reconstruction, single-emitter localization) and linking the trajectories throughout the frames;
the analysis of the resulting data can provide information about the motion of the set of labelled
molecules that are being studied.

In the majority of live-cell imaging applications, tracking single particles demands short expo-
sure times to capture and restore meaningful particle motion while avoiding cellular phototoxicity.
Moreover, each fluorescent molecule has limited capabilities to produce photons. When the signal
of a single fluorophore is received and digitalized by the camera, the photons arrive at random
positions given by the distribution defined by the PSF. Therefore, the precision limit is given by
the central limit theorem as σ

√
N where N is the number of photons, that is, by shot noise. Any

tested SPT algorithm performs reliably over an experimentally established SNR lower boundary
of 5 [42].

Apart from shot noise, the accuracy can worsen in the presence of background noise, delivered
by either autofluorescence or detector’s noise. Yet another problem arises from particle-to-particle
proximity, which limits the ability to resolve them as single entities. MSSR has shown denoising
properties, providing nanoscopic information at very low SNR (Figure 5 main document). To test
whether SPT can be improved by MSSR preprocessing, our SRM method was scrutinized by the
Single Particle Tracking Challenge ([42]; http://bioimageanalysis.org/track/).

Representative image datasets with exact ground truth data were used as a reference to assess
the implications of preprocessing with s f − MSSR1 before SPT, considering two main factors
affecting tracking performance, namely, the number of particles within the imaging field and their
signal relative to the noise (Supplementary Figure S35). Three classes of tracking algorithms were
tested in TrackMate v7.6.1[43]: (i) LAP: the LAP framework for Brownian motion [44], (ii) LM: a
linear motion tracker based on a Kalman filter [45, 46] and (iii)NN: a tracker based on Nearest
neighbors (Supplementary Figure S36) [47–49]. Particles were identified using the LoG detectors
considering a particle diameter of 2 pixels. For SNR = 2, LoG detection results were dominated
by noise, hence, the histogram of detection quality was used to select a threshold that yielded
the expected particle number of the dataset. For SNR > 2, the detection quality histogram was
bimodal, the threshold was select at the dip between distributions. Tracking parameters were LM
(initial search radius = 10, search radius = 7, max frame gap = 3); LAP (max linkage distance = 7, max
gap-closing distance = 10, max frame gap = 3); NN (max search distance = 10).

The tracking accuracy over raw or s f − MSSR1 -preprocessed data was assessed in Icy 2.4 [50],
as indicated in [51], following four indicators that range from 0 (worst) to 1 (best): α and β indicate
the overall degree of matching between ground truth and estimated trajectories; The Jaccard
similarity between tracks quantifies the correspondence between the ground truth tracks and
those returned by the tested tracking algorithm; Finally, the Jaccard similarity between detections
quantifies how well the ground truth detections are matched by the particles detected by each
tracking algorithm. Tracking performance was computed by pairing the ground truth tracks vs
either LM, LAP, or NN tracks, considering a maximum pairing distance between detections of
5. Supplementary Figures S35 and S36, show that, at any tested set of conditions (SNR, particle
density, SPT algorithm), s f − MSSR1 significantly improves overall tracking performance.
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Figure S35. Example images of the vesicles dataset before and after s f − MSSR1 processing. DL images
and s f − MSSR1 (AMP = 1, FWHM of PSF = 11.4, order = 1) results for of diffusing vesicles from the “Single
Particle Tracking Challenge” generated at three different SNR : 2, 4, 7 and in three density levels of sub-
diffraction particles: low, mid, high: 100, 500, 1000 particles per imaging field. No scale provided by the owner
of the dataset.

Figure S36. sf-MSSR1 improves single particle tracking performance. Tracking performance study using a
data set of diffusing vesicles from the “Single Particle Tracking Challenge” generated at three different SNR:
2, 4, 7 and in three density levels of sub-diffraction particles: low, mid, high: 50-100, 100-500, 1000 particles
per imaging field. The proficiency of three trackers LAP framework, linear motion tracker, nearest neighbor was
tested over raw or pre-processed data with s f − MSSR1 (AMP = 1, FWHM of PSF = 11.4, order = 1). Tracking
performance was assessed with the “tracking performance evaluation tool” deployed at Icy Icy 2.4 [50]. The
size of the bubble represents the normalized tracking accuracy for: the overall degree of matching between
ground truth and estimated trajectories (α and β), the Jaccard similarity between tracks (Jt), and the Jaccard
similarity between detections (Jd). ‘Big’ indicate high estimates (ideal 1), whereas ‘small’ bubbles indicate
poor estimates (worse 1).
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10.4. Live-cell imaging of microtubule dynamics
Microtubules are hollow polymer structures that comprise one of the three major components
of the cytoskeleton in eukaryotes. These structures are involved a variety of cellular processes
including organelle trafficking, cell migration, chromosome segregation and cell division, among
others [52]. Microtubules undergo constant restructuring and switch dynamically between
growing and shrinking phases, which is known as dynamic instability and is regulated by the
hydrolysis of GTP by β-tubulin [53].

Microtubule dynamics have been extensively investigated for their role in the regulation of
several biological processes, primarily during cell division and differentiation. The highly con-
served end-binding family of proteins (EBs) are master regulators of microtubule dynamics that
aggregate at the tip in mammalian cells. These proteins recognize the minus and plus ends
of microtubules, and are in charge of modulating and coordinating microtubule polymeriza-
tion/depolymerization in live cells, as well as recruiting other proteins to interact with each
other and orchestrate complex cytoskeleton-related cellular processes, such as cell and organelle
shaping, migration and neuronal development [54–56].

Microtubules are polymeric cylindrical structures of about 25 nm [57] in diameter, which
has hindered our ability to resolve them due to the diffraction limit of light. EBs are a widely
used tool to image microtubule dynamics in live cells. However, despite their high specificity
for labeling the tip of these cytoskeletal components, spatial resolution has been a limiting
factor when attempting to track these comet-like moving particles. As discussed in the previous
section, SPT approaches have contributed towards our understanding of molecular motion at the
nanoscale. However, our ability to faithfully track particles in a crowded molecular environment
is commonly hindered by the overall contrast and SNR of microscopy images. In the field of
live-cell imaging, where low exposure times are desired in order to avoid cellular phototoxicity,
MSSR represents an auxiliary tool for the enhancement of the signal of fluorescence images,
reducing the effect of background noise and increasing the contrast of moving particles.

As a proof of principle, live porcine kidney (LLC-PK1) cells stably expressing EB3 fused
to mEmerald were imaged to investigate the growth dynamics of microtubules at the plus
end. Supplementary Figure S37 shows a comparison between a diffraction-limited scene of
live LLC-PK1 cells displaying microtubule dynamics and its s f − MSSR extended-resolution
counterpart. Note the visible gain in image contrast and background noise suppression, which
greatly enhances the ability to track individual comets through time. Panel (a) shows a 2×
enlargement of a microtubule organization center (MTOC), which displays a clearer image of
how microtubule polymerization emerges from this cellular structure when compared to the
diffraction-limited counterpart. Similarly, panel (b) provides a zoomed view of microtubules
polymerizing in a left-to-right sense at the edge of a cell, showing a considerable increase in
contrast and comet resolution as the green fluorescent fusion of EB3 travels from the diffraction
limited half to the s f − MSSR extended-resolution side (see Supplementary Movies S10 and S11).
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Figure S37. Nanoscopic, single-frame, live-cell imaging of microtubule dynamics in LLC-PK1 cells. LLC-
PK1 cells stably expressing mEmerald-EB3 were cultured and imaged using a sCMOS sensor (Hamamatsu,
C15440-20UP) and a 100×/1.47 NA oil-immersion objective in a Zeiss Celldiscoverer 7 microscope with
CO2 and temperature control set at 5% and 37◦C, respectively. Fluorescence excitation was provided by a
488 nm laser at 1% laser power and emission light (λem = 510 nm) was collected using a FITC filter. The
comet-like structures depict the activity of plus-end-binding protein 3 (EB3) as it coordinates microtubule
growth dynamics. Right side contains two 2× enlargements of the areas depicted by the white squares. a) A
microtubule organizing center (MTOC), from which microtubule growth emerges. b) Microtubule dynamics
at the edge of a cell with a left-to-right growth sense (see Supplementary Movie S10). Stable cell lines were
generated and provided by Michael W. Davidson. s f − MSSR parameters: AMP = 3, FWHM of PSF = 30,
order = 0.
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10.5. Dynamic colocalization with extended resolution
When looking for molecular interactions, a challenge for SPT emerges as single molecules often
have nanoscopic dimensions. Observing colocalization implies looking at sub-pixel resolu-
tion, hence interpretations must be elaborated bearing in mind restrictions due to PSF size and
sampling. We applied MSSR to DNA curtain assays to analyze interaction of DNA-bound flu-
orescent proteins. Here, a self-assembling polypeptide (C − S10 − B, labeled in green) binds to
a DNA that has been pre-decorated with CRISPR − dCas12a (labeled in magenta) via multiple
CRISPR− RNAs (crRNAs). C − S10 − B binds and diffuses along DNA but cannot move beyond
stably bound dCas12a (Supplementary Figure S38a). MSSR increased the SNR and resolution of
kymographs showing C − S10 − B 1D diffusion on a dCas12a-delimited DNA stretch (Supple-
mentary Figure S38b). During self-assembly, large clusters of C − S10 − B form and colocalize
with dCas12a (Supplementary Figure S38c), as seen in Supplementary Figure S38d, MSSR trans-
formed blurred fluorescent areas into well-defined C − S10 − B clusters and made colocalization
of C − S10 − B and dCas12a more apparent. MSSR can help to recover meaningful information
in scenarios of SPT and nanoscopic dynamic colocalization.

a b

dc

Figure S38. MSSR denoises images and improves visualization of intermolecular dynamics on single
molecule assays. a) Linear diffusion of C − S10 − B (Alexa488-labeled, green) on the buffer-extended DNA
is constrained by stably bound dCas12a (quantum dot-labeled, magenta) on a DNA molecule (unlabeled).
b) Stalling of C − S10 − B diffusion by dCas12a causes co-localization of both molecules. c) Processing with
one and two MSSR iterations of a kymograph showing dCas12a (immobile, magenta) and C − S10 − B
(sliding, green) on the DNA (unlabeled). d) Processing with one and two MSSR iterations of a DNA molecule
(unlabeled) with bound C − S10 − B (green) and dCas12a (magenta).
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10.6. Volumetric nanoscopy of deep samples
Transgenic Arabidopsis thaliana with plasmalemma [58] and nuclear [59] fluorescent markers are
routinely used to study cell proliferation during root development in time-lapse experiments. To
demonstrate its utility for multidimensional imaging, MSSR was challenged to unveil nanoscopic
structures in an A. thaliana roots as an example of a thick multicellular specimen, imaged with a
confocal laser-scanning microscope (CLSM) and selective plane illumination microscopy (SPIM).
To untangle the denoising properties of MSSR from its spatial resolution enhancement capability,
the PSF was under-sampled (see Methods). Note that under such CLSM scenario, mitotic
structures cannot be optimally visualized (Supplementary Figure S39 a and b). However, after
being post-processed with MSSR, the images displayed a great improvement in contrast and
clarity which enabled the unveiling of hidden cellular structures (Supplementary Figure S39c).

Figure S39. s f − MSSR processing of A. thaliana root cells images. a) Image of early-stage lateral root
primordium acquired with regular CLSM. The left side corresponds to the diffraction-limited image, while
the right side is the result of s f − MSSR1 image. b) Original ROI took from the diffraction-limited image in
a), highlighted by the white dashed square. c) the same ROI as in b) after being processed by the s f − MSSR1.
d) Over-sampled and s f − MSSR1 image of lateral root meristematic cell chromosomes seen by H2B labeled
with RFP. The image comprises the top and down sides, diffraction-limited and s f − MSSR1 images. The
inset shows a zoom (3×) ROI highlighted by a pink dashed square. Scales bar in a = 20 µm, b and c = 5 µm, d
= 1 µm. s f − MSSR parameters: AMP = 5, FWHM of PSF = 10, order = 1. The final image in a), b) and c) is a
Z projection of ten slices with SUM slices mode and the FIJI´s LUT used for red and green channels were
“Cyan Hot” and “Magenta”, respectively, while the image in “d“ was made by a Z projection of 86 slices with
MAX intensity mode and the LUT used was “Royal” of FIJI, for more details see methods.

As explained above, A. thaliana root cells were imaged with an under-sampled PSF, which led
us to wonder if MSSR could enable nanoscopic structure visualization with an over-sampled
PSF. These new data were then processed with MSSR, which revealed heterogeneous chromatin
nanodomains within the mitotic region (Figure S39d). These structures resemble cluster-like
nucleosomes previously reported in mammalian cells [60, 61] and in A. thaliana leaf nuclei [62].
These images were acquired as Z-stacks, hence MSSR provided nanoscopic resolution in three
dimensions (Supplementary Figure S39d, mov. S10). Thus, MSSR allowed visualization of
nanoscopic structures in pericycle derivatives cells, located deep inside the root. Interestingly,
the resolution in this case was similar to that of an external root tissue as shown in SPIM images
of A. thaliana epidermal root cells processed with MSSR, specifically of nuclei in root-hair and
non-hair cells (Supplementary Figure S40).
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Figure S40. SPIM images of A. thaliana root cells filtered by s f − MSSR1. a) A differentiated portion of a
p35s:H2B-RFP transgenic line primary root acquired with SPIM . b) A ROI of non-root hair nucleus subtracted
from the image in the panel a) indicated by the pink dashed square. c) The same ROI as in b) after being
processed by s f − MSSR1. e) a ROI of root hair nucleus subtracted from the image in the panel a) indicated
by the right pink dashed square. f) The same ROI as in e) after being processed by s f − MSSR1. d) and g)
insets of magnified (3×) ROIs in c) and f), respectively, and indicated by the pink dashed squares. s f − MSSR
parameters: AMP = 5, a FWHM of PSF = 10, order = 1. Scales bar in a) = 50 µm, b)-c) and e)-f) = 5 µm. The
final images are Z projections of n slices with MAX intensity mode and the “Royal” LUT of FIJI. See Online
Methods for more details.
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10.7. Applicability of MSSR to 3D microscopy
Since MS theory is not limited by the number of dimensions, the extension of MSSR to three-
dimensional (3D) data can be achieved by adding a parameter hs that also includes the coordinates
on the z axis. However, this extension is not trivial. The diffraction in the axial plane is greater
than the lateral plane, so the parameter hs for the z-axis needs to be greater compared to the
hs for the xy axes. Hence, the value of hs for the z-axis will be related to the resolution limit of
this axis. On the other hand, an important feature to get a reliable reconstruction when image
magnification is performed, is that the number of pixels for each dimension must be increased
proportionally.

Supplementary Figure S41 shows a comparison of a 3D reconstruction from a stack of epi-
fluorescence images of bovine pulmonary artery endothelial (BPAE) cells. When a 2D image
is processed by s f − MSSR1, an improvement in spatial resolution and contrast is observed
(Supplementary Figure S41 a, b). On the contrary, when a stack is used for a 3D representation
(images taken at z-planes), the resolution obtained by s f − MSSR along the z-axis is not as refined
as in the xy-plane (Supplementary Figure S41 c, d). Nonetheless, a noticeable increase in contrast
is attained in the overall data set (Supplementary Figure S41 d, see Supplementary Movies 13
and 14). To further extend the resolution of DL images in 3D, it is necessary to extend the cur-
rent implementations of the MSSR algorithm to account 3D information for MSSR processing.
Therefore, it is necessary to make a detailed study for MSSR in 3D.

Figure S41. Comparison DL images of s f − MSSR reconstruction of epifluorescence BPAE cells for 2D and
3D images. From top to bottom: 2D image for a selective plane and rotated view of the 3D reconstructions.
From left to right: DL images of selective planes of the stack and s f − MSSR results. Channels: mitochondria
stained with MitoTrackerTM Red CMXRos (red), F-actin was stained with Alexa FluorTM 488 phalloidin
(green) and the DNA of the nuclei were stained with DAPI (blue). Scale bar 10 µm. s f − MSSR parameters:
AMP = 10, FWHM of PSF = 2.77, order = 1. For 3D reconstruction the program napari was used with a
modification in the voxel.

The MSSR principle can be developed for explicit volumetric imaging by means of using
an asymmetric kernel, which can be defined following the 3D lateral-axial aspect ratio of the
PSF, but also, encompassing possible deformations of axial symmetry of the PSF (due to optical
aberrations introduced by the sample or the imaging system). Handling optical aberration in 3D
light sheet microscopy is an active field of research (i.e., deconvolution or adaptive optics), where
we want to contribute through the further development of MSSR applications in 3D.
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10.8. Extended supplementary figures
In order to validate the CRISPR/Cas nanoruler system (Supplementary Figure S42a), the protein-
DNA complexes were first imaged with atomic force microscopy (AFM) in dried conditions to
corroborate the distances between DNA fluorophore-binding sites (Supplementary Figure S42b).

CRISPR/dCas12 nanoruler system Atomic force microscopy

661.5 nm0.0
- 437.7 pm

713.1 pm

100 nm
dCas12a

dsDNA5'
3' 5'

3'

100 nm 100 nm100 nm

gRNA
Atto-647N

a b

Figure S42. CRISPR/Cas nanoruler system, which consists of a 1,537 bp double strand DNA (dsDNA) with
four binding sites for dCas12a set out apart regularly at lengths of 297 bp (∼100 nm) over the dsDNA chain.
a) Graphical representation of the CRISPR − PAINT nanoruler system. b) CRISPR − PAINT nanoruler
visualized by atomic force microscopy.

A MSSR temporal analysis of 100 images provided super-resolved images of the nanorulers
with a binding-site distance range between 30 and 80 nm. This allowed to validate a lower
experimental spatial resolution boundary of 40 nm (Supplementary Figure S43).
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Figure S43. MSSR was challenged to resolve a commercially available nanoruler (GATTA-PAINT,
GATTAquant), in which three chemically bounded fluorophores are spaced by 40 nm each. a) Field of
a GATTA-PAINT nanorulers experiment resolved by MSSR. b) Four nanorulers were found in the field,
with a distance of 30 nm, 35 nm, 35 nm and 75 nm respectively.

Analyzing the temporal dynamics of fluorescence is key to achieving the highest attainable
gain in resolution by fluorescence fluctuation based super resolution microscopy (FF − SRM)
approaches (reviewed in [14, 63]). FF − SRM methods analyze higher order temporal statistics
in order to discriminate between correlated (fluorescence signal) and uncorrelated (noise) infor-
mation. t − MSSRn provides further gain in resolution by means of performing a pixel-wise
temporal analysis and thus, t − MSSRn can be considered a FF − SRM approach.

Supplementary Figure S44 shows the pixel-wise temporal dynamics of two GATTA PAINT
ranorulers imaged for 15 seconds at a 50 ms interval. In the provided examples (nanorulers 1
and 2), the properties of the fluorophores attached to the DNA binding sites can be retrieved
by analyzing the signal fluctuations at two pixels (px1 and px2). Note that, by analyzing either
px1 or px2, it is difficult to distinguish the temporal dynamics of individual PAINT binding
sites. Notably, s f − MSSR3 processing allows to untangle, in space and in time, the fluorescence
dynamics at individual PAINT binding sites, where the fluorescence signal peaks due to the
transient binding of a fluorescent labeled DNA strand to its corresponding binding site within
the nanoruler.
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Figure S44. Temporal fluctuation characteristics of two GattaPaint Nanorulers. Overlay of DL image and
SR reconstruction by t − MSSR Var (middle). Two GattaPaint ATTO 550 nanorulers have been highlighted in
white color containing three binding sites, each nanoruler is distributed in two pixels corresponding to the
equivalent image DL. Upper strokes show the temporal fluctuation of pixels that match with the nanorulers,
lower strokes show the temporal fluctuation of each binding site for the two nanorulers. The comparison of
the dark times can be seen (unbound DNA-fluorescent strand), when the diffraction-limited data is analyzed
against the data resolved by s f − MSSR3.
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11. SUPPLEMENTARY NOTE 11. MSSR USER GUIDE

Disclaimer:
The MSSR plugin is open-source and is provided "as is" and without any warranty. It is not subject to

copyright protection and is in the public domain. The authors assume no responsibility whatsoever by its
use by other parties, and make no guarantees, expressed or implied, about its quality, reliability, or any
other characteristic. Your access to and use of the MSSR plugin is at your own risk. The authors disclaim
all liability for and are not responsible for any harm to your computer system, loss or corruption of data, or
other harm that results from your access to or use of the plugin. The MSSR plugin is subject to FIJI/ImageJ
use policies and disclaimer. For more details, see https:// imagej.nih.gov/ ij/ disclaimer.html .

11.1. Introduction
In this Supplementary Note, a step-by-step guide for the use of the MSSR FIJI/ImageJ plugin is
provided.

MSSR was developed to extract nanoscopic information from digital images limited by diffrac-
tion through either a single (s f − MSSR) or multi-frame analytical approach (t − MSSR). MSSR
is an iterative algorithm that enhances image resolution and contrast per n-iteration step. We
refer to this as n-order MSSR (MSSRn, n > 0). MSSRn is compatible with both s f − MSSRn and
t − MSSRn approaches.

There is a broad range of fluorescence microscopy and bioimaging applications in which MSSR
can be used. These applications include but are not limited to:

• Immunofluorescence imaging of fixed cells by regular epifluorescence microscopy.

• Live-cell imaging using organic dyes, fluorescent proteins, quantum dots.

• Total Internal Reflection Fluorescence microscopy.

• Single-particle tracking.

• Single-molecule localization microscopy.

• Colocalization microscopy.

• Volumetric imaging at either single cell of tissues.

• Confocal laser-scanning microscopy.

• Selective Plane Illumination Microscopy.

In addition, MSSR is compatible with other super-resolution microscopy approaches, such as
Structured Illumination Microscopy (SIM), Image Scanning Microscopy (ISM), Stimulated Emis-
sion Depletion (STED) microscopy, Super-Resolution Radial Fluctuations Microscopy (SRRF),
Entropy-Based Super-Resolution Imaging (ESI), Multiple Signal Classification Algorithm for
super-resolution fluorescence microscopy (MUSICAL) and Super Resolution Optical Fluctuation
Imaging (SOFI). Usage of MSSR to process digital images not collected in the realm of fluores-
cence microscopy (e.g., phase-contrast images or electron microscopy images) must be conducted
cautiously.

The MSSR plugin is intended to operate over either single images or image stacks of three
dimensions, where the third dimension can be space or time. The MSSR algorithm operates over
each image of a stack separately (s f − MSSR), providing a resolution increase down to 1.6 σ
(when using higher orders of MSSR, i.e., when computing s f − MSSRn).

The Abbe’s diffraction limit can be found at 2.5 σ, where sigma indicates the distance between two
emitters expressed as σ-times their individual standard deviation.

A further resolution increase can be achieved through gathering information from the fluo-
rescence dynamics by means of using a Pixel-wise Temporal Function (PTF) which, depending
on the photophysical properties of the sample, can deliver nanoscopic detail down to 0.5 σ. The
use of a PTF with MSSR encompasses a temporal analysis (t − MSSRn), where each individual
image included on the temporal analysis is assumed to be collected from the same static or
pseudo-static scene.

Hyperstacks (i.e., image stacks with more than three dimensions) must be first split into
separate three-dimensional stacks before MSSR processing; doing otherwise might cause data
rearrangement, which could introduce the risk of data misinterpretation.
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11.2. Downloading MSSR from GitHub
Navigate to https://github.com/MSSRSupport/MSSR to download the MSSR plugin file:

1. Click “MSSR_2.0.0.jar” (Figure S45a). This file name is subject to change as newer versions
of this plugin are released in the future.

2. Click the download button (Figure S45b) and save the file in your system (Figure S45c).

Figure S45. GitHub download process. a) Navigate to https://github.com/MSSRSupport/MSSR and click in the
“MSSR_2.0.0.jar” file (red arrow). b) Browse for the "download" option (red arrow) and click it. c) Save the file
to a desired directory in your system.

11.3. Installation
Prior to MSSR installation, the latest version of FIJI must be running on your computer (https://fiji.
sc/). Additionally, the CLIJ, CLIJ2 and CLIJx packages (https://clij.github.io/clij2-docs/installationInFiji)
must be installed (Figure S46c).

Plugin installation of MSSR can occur in two alternative ways:

1. Through the installation option in FIJI (Plugins -> Install -> MSSR_2.0.0.jar) (Figure S46c).

2. By directly placing the MSSR_2.0.0.jar file in the specific FIJI plugins folder in your system
(Figure S46b).
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Figure S46. MSSR plugin installation procedure. Once downloaded from GitHub, install MSSR by either:
a) navigating to the plugin installation option in FIJI and selecting the MSSR_2.0.0.jar file. FIJI software must
be restarted in order to complete the installation process; b) while FIJI is closed, navigate to the “Fiji.app”
folder in your system (root directory of the FIJI software), access the "plugins" folder and paste a copy of the
MSSR jar file there. Next, open FIJI to complete the installation. c) Once installed, the MSSR plugin will be
accessible through the “plugins” menu in FIJI (red rectangle) within the currently installed plugins. The CLIJ
packages must be installed in order to use the GPU processing feature of MSSR (green rectangle).

11.4. MSSR plugin
Two options are available within the MSSR plugin (Figure S47a):

• MSSR Analysis - Encompasses the major processing steps for either s f − MSSRn or t −
MSSRn.

• Temporal Analysis - Allows the user to perform an additional temporal analysis by selecting
a desired PTF for t − MSSRn processing.

In what follows the main parameters available for MSSR analysis computation will be ex-
plained, hence, description will be centered on the use of the MSSR Analysis tab of the MSSR
plugin. A detailed explanation of the temporal analysis is provided in 5.2 of this document.

Three parameters are needed for MSSR analysis (Figure S47b.1) (refer to section 11.5 of this
document for a detailed description of each of them, as well as of each additional feature,
mentioned below):

• AMP – An upscaling factor for the resulting MSSR image size.

• FWHM – The number of pixels that cover the Full Width at Half Maximum of the Point
Spread Function (PSF) of the imaging lens.

• Order – The number of MSSR iterations for the image resolution enhancement.
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The plugin offers the option of computing s f − MSSRn, or both s f − MSSRn and t − MSSRn.
The temporal analysis is enabled when selecting the option “MSSR Temporal analysis” (Figure
S47b.3) where the user can choose one of five available PTFs: Mean, Variance (Var), Temporal
Product Mean (TPM), Coefficient Variation (CV), Auto-cumulant Function of order 2-4 (SOFI
2-4).

Additional features:

• Computation of FWHM – provides an estimation of the imaging system’s Rayleigh criterion
based on known optical parameters (Figure S47c).

• Interpolation type – allows you to select between two types of interpolation to magnify the
image. The default option for this parameter is ‘Bicubic’.

• Minimize Meshing – Enable the mesh minimization algorithm which minimizes a ‘mesh’
pattern that commonly appears during the analysis as result of using a bicubic interpolation
algorithm for digital upscaling (Figure S47b.2). The default option for this parameter is
active.

• GPU Computing – Enables GPU usage for computing for MSSR processing (Figure S47b.2).

• Intensity Normalization – Allow a pixel-wise multiplication with the MSSR image (scaled
from 0 to 1 in pixel values) with the magnified original image.

• Selecting Image– Select a desired image or image stack for MSSR processing from the
images which are already loaded in FIJI/ImageJ (Figure S47b.4).

• Batch Analysis – Allow to automatically analyze all the images within a selected folder in
the user’s computer (Figure S47b.4).
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Figure S47. Available tools and parameters within the MSSR plugin. a) Choosing between the two available
MSSR GUIs is needed instantly after opening the plugin. b) The main GUI for analysis where, first (1)
the AMP, FWHM and Order parameters need to be specified. (2) The “Interpolation Type” option let you
choose between two types of image interpolation (Bicubic or Fourier); The “Minimize Meshing” feature
will compensate for the mesh-like artifact that emerges from the analysis; GPU Computing will improve
computing speed; A Temporal Analysis can be optionally included if an open image stack is available. Once
selected, choose between the four available PTFs. The “Intensity Normalization” feature will pixel-wise
multiply the MSSR image (scaled from 0 to 1 in pixel values) with the magnified original image. (3) Next,
input image selection, either one which is already open in FIJI or a set of images within a specific path in
your computer, is done. Once selected, click the “Ok” button to start the MSSR processing. c) Automatic
calculation of the FWHM of your specific optical system can be carried out by selecting the “Compute FWHM
of PSF” option. d) Selecting the “Temporal Analysis GUI in A) will open a new window, where a PTF can be
selected and applied to a previously generated s f − MSSRn stack.

11.5. MSSR parameters and specification criteria
11.5.1. Amplification (AMP)

A magnification value that defines the digital zoom (upscaling) to be applied. This parameter
takes integer numbers equal to or greater than 1.

Selecting an AMP = 1 will allow MSSR processing with further digital magnification. This
option is recommended to be in theoretical or experimental scenarios where the PSF of the
optical system is oversampled (i.e., at a pixel size down to 50 nm). The selection of AMP > 1 is
recommended when the PSF of the optical system is sampled near or below the recommended
Nyquist spatial frequency.

As an example, if the input image (diffraction-limited) has N × M dimensions with a pixel size
of 100 nm, and an amplification value of 5 is used, the resulting extended-resolved image will
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then be of (5 ∗ N) x (5 ∗ M) dimensions with a pixel size of 20 nm (5 pixels = 100 nm) (Figure S48).

Figure S48. Scheme of the effect of the amplification value. Pixel size is defined as the physical distance
one pixel covers in the sample. When choosing AMP > 1, said distance is reduced proportionally to AMP,
i.e., the number of pixels covering the same distance in the sample is increased. In this example, after an
amplification value of 5 is applied, a pixel with a 100 nm size is reduced to 20 nm.

To choose an AMP value, simply solve the next equation based on desired pixel size you want
to achieve on the super-resolved image:

AMP =
Current Pixel Size
Desired Pixel Size

(S54)

11.5.2. FWHM of PSF

The PSF describes the intensity distribution pattern resulting from the convolution of light
traveling through an optical system. Approximately 86% of the light is harbored within the
central disk of the Airy pattern, which is defined as the best-focused spot of light that a perfect
lens with a circular aperture can make, limited by the diffraction of light. External disks are
arranged concentrically, and their intensity decreases as a function of the distance from the center
(Figure S49a). The FWHM of PSF parameter represents the number of pixels which fully cover
the distance from the maximum of the central disk to the first minimum (innermost dark circle in
Figure S49b).

Figure S49. Graphical description of the FWHM of PSF parameter for the MSSR plugin. The Airy pattern
shown describes a sectional representation of the PSF of the microscope. The FWHM of PSF parameter is
a representation of the diameter of the main lobe of the PSF at the point of half its maximum magnitude
(denoted as FWHM). This value is tightly related to the optical properties of the microscope and is an
indicative of native resolution.

FWHM can be provided from direct experimental estimates of the PSF of the optical system,
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i.e., by computing the width of diffraction-limited objects such as isolated fluorescent beads, for
instance. Alternatively, FWHM can be estimated from the following known properties of both
the optical system used to generate the images and the specific sample under study:

• Refractive index of the sample medium (ns) in which the sample is contained.

• Refractive index of the oil (no) placed between the lens and the coverslip.

• Numerical aperture (NAobj) of the microscope’s objective lens.

• Emission wavelength (λem) (in nanometers) of the fluorophore under study.

• Pixel size (p) of the input image (in nanometers).

FWHM can be computed automatically through the “Compute FWHM of PSF” option (Figure
S47b.1), where the above mentioned parameters must be introduced. The algorithm provides an
estimate of FWHM (in pixels), from the Rayleigh distance (distance to first minimum) as follows:

FWHM = 0.5746 ∗ λem

NA
. (S55)

According to the pixel size the FWHM will be:

FWHM = FWHM/p. (S56)

If there is a mismatch between the diffraction index of the sample (ns) and the immersion
oil (no), then the “Compute FWHM of PSF” algorithm performs a correction for the numerical
aperture of the objective lens (NAobj):

NA =
ns

no
∗ NAobj. (S57)

For example, if the imaging lens is a 100X oil-immersion objective with NAobj = 1.4, no =
1.515 and the sample is contained in water media (ns = 1.33), then the corrected NA value is
(1.33/1.515) ∗ 1.4 = 1.229. In another example, a sample whose membrane labeled with a red
fluorescent protein (λemem = 640nm, ns = 1.33) is imaged through an oil-immersion objective
with a NA = 1.4, no = 1.515, at a final pixel size of 117 nm. Calculation of FWHM using the
“Compute FWHM of PSF” option yields FWHM = 2.56 pixels.

Another way to estimate a value for the FWHM of PSF is to analyze the frequency space to
obtain the maximum observable spatial frequency (K0) in an image, and calculate the inverse
of this value, since K0 ≈ 1/PSFFWHM. This can be done with the Image Decorrelation plugin for
Imagej/Fiji.

11.5.3. MSSR Order

The MSSR algorithm encompasses two main processing stages:

• MSSR of zero order (MSSR0)

• MSSR of higher orders (MSSRn, n > 0)

MSSRn is an iterative process intended to grant further image resolution and contrast enhance-
ment per n-iteration step (order). The Order parameter is set to 1 by default. Higher orders
provide higher resolution gain at the cost of fluorescence intensity decimation.

11.5.4. Interpolation Type

Part of the extended-, enhanced- and super-resolution image reconstruction process is an interpo-
lation step that fills the gaps in the amplified image. Implemented in the current version of MSSR
are two different interpolation algorithms: bicubic and Fourier interpolation. The theoretical
foundations of both approaches and their differences are detailed in Supplementary Note 6 of
this work, where a comparison of the performance between these algorithms is also provided.
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11.5.5. Temporal Analysis

Prior to a temporal analysis, MSSR operates over single fluorescence images. When given a stack,
the result is a single-frame extended-resolved (s f − MSSRn) stack of images. Once this first step
is completed, a temporal analysis is optionally performed over the s f − MSSRn stack, through a
Pixel-Wise Temporal Function (PTF), which further increases the resolution, resulting in a single,
temporally super-resolved image (t − MSSRn) (Figure S50 and Figure S52).

Figure S50. Temporal analysis of MSSR. First, a single-frame MSSR analysis over a diffraction-limited
stack (left) yields a extended-resolved s f − MSSRn stack (middle). Next, when a PTF is applied through a
temporal analysis, a super-resolved t − MSSRn frame is obtained.

The blinking nature of the fluorophores can be used as a criterion for the selection of the PTF
that best fits your data (Figure S51, Table S2).

Figure S51. Blinking nature and density of fluorophores as criteria for PTF selection. Fluorescently labeled
samples with more rapid fluorophore blinking dynamics will benefit the most from a variance-based analysis
(i.e., Var, Coefficient of Variation, SOFI). On the other hand, when blinking reaches lower dynamic rates, an
average-based analysis becomes more appropriate (i.e., Mean, TPM).

11.5.6. Minimize Meshing

Occasionally, reconstructions provided by bicubic interpolation can present a mesh-like pattern.
When the interpolation process takes place, a gradient of intensities is generated between the
original pixels and the ones that are generated; this is because the interpolation function averages
values which are close to the point that is being generated. For each new pixel, the closer it is to the
original one, the more it will resemble it. This means that, if a new pixel is in an intermediate point
between two pixels, its value will be affected by the information of both sides and will most likely
be an average of them both. When this process is repeated over a stack with very similar pixel
intensities, the new pixels (in intermediate positions) in each image will tend to retain likeness to
each other, and thus causing the variance to be rather low. This effect is commonly accentuated
when SNR is relatively low. Due to noise being intrinsically and inevitably introduced during
the imaging process in any optical system, this ‘meshing’ effect will always take place when real
experimental data is analyzed. Therefore, the “Minimize Meshing” option is always enabled
(default) when the MSSR plugin is opened, and its use is highly encouraged. Please refer to
Supplementary Note 6 of this work for more details.

11.5.7. GPU Computing

Enabling this option allows the MSSR plugin to scan your system for available GPUs for MSSR
analysis. This feature speeds up data processing time (depending on the GPU and the parameters
used).
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11.5.8. Batch (Directory Analysis)

This feature allows to analyze all the images (separate files) contained in a specific, user-defined
path in your system, using a set of previously defined global parameters for all images. When
completed, this process generates a new folder inside the specified path, which contains all the
resulting s f − MSSRn images (Figure S53). Note that, when enabled, this option will ignore any
image stacks located within the specified path. Directory analysis is designed to only analyze as
many single images as possible with the same set of parameters (AMP, FWHM, Order).

11.6. MSSR usage
11.6.1. Example of MSSR Temporal Analysis

If only a s f − MSSRn analysis was previously performed over a diffraction-limited stack, one
can choose to additionally perform a temporal analysis without re-running the whole process.
For the latter, choose the Temporal Analysis GUI from the plugin menu (Figures S47d and S52).

Figure S52. Example of a MSSR temporal analysis. Processing a temporal stack of diffraction-limited images
through the “MSSR Analysis” GUI when enabling the “Temporal Analysis” option will generate two images:
(i) a s f − MSSRn stack and (ii) a temporally super-resolved t − MSSRn frame. Parameters used in this
example: AMP = 5, FWHM = 3, Order = 1, PTF = Mean, Meshing minimization = Yes, GPU computing =
Yes.

11.6.2. Example of MSSR Batch (Directory) Analysis

One can choose to perform an analysis on multiple tiff files located in the same folder on the
computer, this analysis will take the parameters defined on the plugin to process all the files in
the selected folder. The resulting images from this process will be saved in a new folder (named
“MSSR”) created in the same location of the analyzed files. This is useful for analyzing data sets
that can be processed under the same parameters (amplification, FWHM, order, etc.), and save
the trouble of analyzing them one by one.
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Figure S53. Example of a MSSR batch (directory) analysis. Selecting the “Directory Analysis” option (red
rectangle, left) will open a new window, where the path to analyze is specified (it will be then displayed
on the GUI) (middle); once specified, click “Open”. After all images are successfully analyzed, a folder
named “MSSR” will be created within the selected path and will contain all the resulting extended- or
enhanced-resolved s f − MSSRn images.
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