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Abstract: Various aspects of image filtering affect the final image quality
in Structured Illumination Microscopy, in particular the regularization
parameter and type of regularization function, the relative height of the side
bands, and the shape of the apodization function. We propose an apodiza-
tion filter without adjustable parameters based on the application of the
Lukosz bound in order to guarantee a non-negative point spread function.
Simulations of digital resolution charts and experimental data of chromatin
structures and of actin filaments show artefact free reconstructions for a
wide range of filter parameters. In general, a trade-off is observed between
sharpness and noise suppression.
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1

Introduction

The diffraction limit to resolution is broken in optical microscopy by numerous techniques
developed in recent years [1, 2]. Localization microscopy (PALM, STORM) circumvents the
diffraction limit by localizing switchable fluorophores with nanometer precision, STED im-
proves resolution by reducing the fluorescence emission to a sub-diffraction sized region by
de-exciting fluorophores near the boundary of the excitation spot with a ring shaped depletion
spot. The technique of Structured Illumination Microscopy (SIM) extends the diffraction limit
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by afactor of two by illuminating the sample with a series of periodic patterns of closely spaced
lines of different orientations and phases. Thefinal super-resolution imageisreconstructed from
this set of recorded images.

The idea to use heterodyne detection to enhance the effective spatial resolution in micro-
scopic imaging was introduced in the 1960s by Lukosz [3]. The application of these techniques
to achieve optical sectioning rather than resolution improvement were further developed in the
mid-1990s [4, 5]. Implementations to increase the effective lateral resolution were developed
around the turn of the century [6-9]. Two-dimensional SIM was further extended by exploiting
the non-linear fluorescence response [10, 11] and by combination with solid immersion imag-
ing [12]. The principles of SIM were implemented in 3D several years ago [13]. More recently
the temporal resolution of the technology has improved in both two- [14] and three- [15] di-
mensional SIM, based on the use of Spatial Light Modulators (SLMs) [16]. A reduction of
out-of-focus light can be achieved using a combination with line scanning [17].

Image reconstruction in SIM boils down to first disentangling the different spatial frequency
bands, and subsequently stitching these bands together to extend the bandwidth of the recon-
structed image. This step is often integrated with afiltering approach for suppressing noise and
for tailoring the effective response as a function of spatial frequency. Commonly used filters
in SIM image reconstruction are borrowed from the field of image restoration, i.e. methods to
extend resolution beyond the diffraction limit by incorporating prior knowledge such as non-
negativity [18], noise models [19], background level [20], and image smoothness [21]. The
default filtering technique in SIM is (generalized) Wiener filtering [22-24], with a signal-to-
noise ratio (SNR) that is assumed constant across the entire spatial frequency range. The free
parameter in this type of filter is the so-called regularization parameter, which measures the
‘strength’ of the prior knowledge. It isnot apriori clear what value this parameter should have.
Moreover, if the parameter takes asmall value, severa artefacts appear, in particular edge ring-
ing, halos surrounding bright objects, and negative pixel values. The origin of the artefacts is
an effective transfer function which is flat up to a point close to the extended diffraction limit.
A suitable counter measure is therefore the application of a so-called apodization filter, which
suppresses the response at high spatial frequencies compared to the response at low spatial
frequencies [8, 13]. Apodization filters are applied ad-hoc and often introduce further free pa-
rameters which have optimal settings that are a priori unclear. An additional image artefact
common to SIM is the enhancement of low-frequency noise structures in the reconstructed
image. The effect of the different free parameters on this artefact have not been explored so far.

The goal of the current paper is to investigate the role of filtering and filter parameters on
the image quality of SIM. The issues of edge ringing and negative Point Spread Function (PSF)
values were treated systematically by Lukosz half a century ago [25, 26]. He derived a set of
conditions on the Optical Transfer Function (OTF) of the system that must be satisfied in order
to guarantee a non-negative PSF. This Lukosz bound to the OTF thus provides a necessary
(but not a sufficient) condition for having a non-negative PSF. Here, we propose to use the
Lukosz bound for apodization in SIM image reconstruction and filtering. We will present and
evaluate different ways to incorporate the Lukosz bound. The advantage of our proposal is that
it provides a systematic approach as opposed to ad-hoc procedures and that it explicitly rules
out free apodization parameters.

The content of the paper isasfollows. Thekey results of Lukosz are summarized in section 2,
image formation and filtering for SIM is presented in section 3. The application of the Lukosz
bound in image reconstruction is described in section 4. Simulations are presented in section 5,
experiments in section 6. The paper concludes with a discussion of the results and an outlook
to further work in section 7.7
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2. TheLukosz bound

Lukosz considered linear shift-invariant band-limited imaging systems, characterized by a PSF
H (u), or equivalently its Fourier transform, the OTF H (v). Here, and thoughout the paper we
use the designation u for the spatial coordinates, and v for the spatial frequencies. The PSF and
OTF are aFourier transform pair, for which we use the convention:

H (v) = /H () exp(—27iu-v) du. 0

We will first consider 1D band-limited imaging systems, with a cut-off spatial frequency qc.
Lukosz showed in his papers[25,26] that the Modulation Transfer Function (M TF), the absolute
value of the OTF, must be smaller than the Lukosz bound in order to have a non-negative PSF,
i.e. aPSF that is positive-definite everywhere:

5 - n U .
|H(v)| < Af¥"S(v) = Cos(l\/l—i—l) for |v| > M" withM =1,2.3,--- @

This function describes a staircase with infinite, progressively smaller, steps toward the origin,
asshowninFig. 1. Itisanecessary condition that the M TF should be below the ‘ Lukosz stairs’,
but not a sufficient condition. An additional condition is that the average of the OTF over its
support must be less than 1/2. A suitable curve in practice is the continuous curve connecting
the lower corners of the stairs:

T|V| /0

< A —
Vi /qc+1) for |v| < qcand Az (v) = 0 elsewhere, (3)

A (v/6c) = o
This practical Lukosz bound OTF is shown in Fig. 1, as well as the incoherent OTF and the
corresponding Lukosz bound PSF and incoherent PSF. It turns out that indeed a positive definite
PSF is obtained, at least for spatial frequencies up to the second diffraction minimum. The
achieved sharpnessis only marginally less than the sharpness of the incoherent PSF.

Next, consider a 2D imaging system. Now, the cut-off spatial frequency qc(¢) can de-
pend on the azimuthal angle ¢. According to Lukosz the MTF for a spatial frequency vector
(veosy, vsiny) should be below the product of the two 1D Lukosz bounds aong the orthogo-
nal axes (cos¢,sing) and (—sing, cos¢) for any value of ¢. The 2D bound for azimuthal angle
¢ isthus: o . A

AZH (v, 0) = Ag (v /de (9)) Ax (vy /0 (6 +1/2)) @
where the spatia frequencies in the rotated coordinate frame ae V =

(veos(y—¢),vsin(y—¢)). The MTF should be below this bound for any value of ¢
giving the overall 2D Lukosz bound as:

Az (V) = min{f\SZi (v,0)|¢ €0, 27r)}. (5)

The cut-off spatial frequency is constant as a function of azimuthal angle in case the OTF is
rotationally symmetric. In that case the recipe for the 2D Lukosz bound reduces to:

Az (V) = min{cos ( IVEJ:/LJ ,cos” <V|I\V/|§qc) } for |v[ <qc (6)

and 0 elsewhere, i.e. the minimum is taken between the product of the two 1D-Lukosz bounds
for coordinate frames rotated over angles O and n /4. Fig. 1 shows the 2D OTF and PSF ac-
cording to the Lukosz bound of the rotationally symmetric imaging system, as well as the
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Fig. 1. (a) Plot of the Lukosz bound OTF and incoherent OTF in 1D. (b) Plot of the Lukosz
bound PSF and incoherent PSF in 1D. (c) Plot of the Lukosz bound OTF and incoherent
OTFin 2D. (d) Plot of the Lukosz bound PSF and incoherent PSF in 2D.

conventional incoherent OTF and PSF. The Lukosz bound PSF is positive-definite up to the
second dark diffraction ring (where it drops slightly below zero to a value around -0.006) and
is a bit sharper than the incoherent PSF (full-width at half-maximum (FWHM) is around 5%
smaller). The possibly negative pixel values arising from the small negative PSF values around
the second dark diffraction ring are not expected to give rise to significant edge ringing or halo
artefacts. Also, the effects are mitigated by a background signal which is always non-zero in
practice and by blurring through the finite pixel size.

In case the OTF of an imaging system isequal to the Lukosz bound, it isintuitively clear that
this provides the most compact non-negative PSF that can be achieved. In a sense the Lukosz
bound, therefore, describesthe ‘ideal’ imaging system. It isfurther noted that the L ukosz bound
does not improve much over the standard incoherent response.

3. Imageformationin SIM

Image formation in SIM consists of two distinct steps, both of which will be discussed in this
section; 1) the actual physical image acquisition through the microscope, and 2) the post-
processing that yields the final reconstructed image. Here, the spatial coordinates in object
space are normalized with A /NAg, with NA g, the objective numerical aperture, while the co-
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ordinates in image space are normalized with A /NApe With NAye the tube lens numerical
aperture. The imaging system has unit magnification in these normalized coordinates. The spa-
tial frequencies are normalized accordingly with factors NA /A. The stop of theimaging system
thus corresponds to the unit circle, and the normalized cut-off spatial frequency of a conven-
tional widefield fluorescence microscope is then equal to two. The following functions will
be used throughout: T (u),T (v) for the object function/spectrum; W (u),W (v) for the illu-
mination function/spectrum; and H (u),H (v) for the PSF/OTF of the widefield fluorescence
microscope. The symbol @ will denote convol ution.

3.1. Image acquisition and phase shifting

The premise of SIM isthat a periodic illumination function is used that is rotated and shifted
with respect to the sample. In particular, a periodic pattern of stripesis used:

W (u) = Wy [1+4 2wcos(4rquy)], (7

with W, the average illumination intensity, w a parameter characterizing the modulation depth
(optimum value w = 1/2), and where p = 1/(2q) is the spacing of the lines. Such an illumina-
tion pattern can be made from the interference pattern of two plane waves traveling at opposite
angles with respect to the optical axis. The illumination pattern in the back focal plane of the
objective lens (assuming epi-illumination is used) then consists of two dots at positions R(q, 0)
and R(—q,0), with R the pupil radius, from which it follows that q < 1. The Fourier transform
of theillumination function consists of a set of discrete delta-peaks:

W (V) = > Wimd (V—am) . (8)

with gm = m(q,0) and with non-zero Fourier coefficients (w_2, wp, W) = Why (W, 1,w). A set
of images is recorded for rotations Ry, (I = 1,2,...N;) and trandations u, = n(p/N;,0) (n=
1,2,...N). Typically N, = 3 rotations and N; = 3 trandlations are used (for 2D-SIM). The
recorded image for rotation | and translation n is given by:

Irec.in (U) = H (U) @ W (R -u+un) T (u)]. ©)
This can be rewritten in the spatial frequency domain as:

IArec,ln (V) = H (V) Z(banmf (V=R -Om), (10)

with phase shifting matrix:

D@m= €XP(27i0m - Un) - (11)
The Fourier transform of each recorded image is a linear sum of bands in spatial frequency
space. These bands can be distilled by an inversion procedure;

IAbands,lm (V) = Z(D;mrrec,ln (V)= WinH (V) T (V=R -Om). (12)

This inversion works provided the number of translations N; > K, with K the number of in-
dependent Fourier components of the illumination function. In case the tranglations are not
equidistant, the Moore-Penrose pseudo-inverse can be used to obtain the band images.
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3.2. Weighted sum of shifted bands reconstruction

The most simple and straightforward method to obtain afinal super-resolution imageisto take
aweighted linear combination of the bands shifted in spatial frequency space [6, 7,27, 28]:

fiin (v Zsm|bandslm(V+ Ri-Om) = Z,WmSmF| (V+Ry-qm) T (v). (13)
Im

Here (s_2,%,S2) = Sw (S, 1,5) are aset of weight coefficients, which can in principle be chosen
at will. The parameter Sy, can be used to scale the overall effective OTF:

Hlln szSnH (V+Ri-am), (14)

such that I:||in(0) = 1. The parameter s can be used to tune the relative height of the side bands
compared to the central band. It is common to pick this side band height parameter a priori
- oftenass=1or s= 1/w - and not estimate it as part of a filtering process [8, 13, 24]. In-
terestingly, the band stitching process can be expressed as a convolution operation in spatial
frequency space. It followsthat thisis equivalent to point multiplication of the recorded images
with a suitable mask function in real space, and then adding all contributions:

lin (U ZS(R| U+Un) lrecin (1), (15

with mask function:
S(u) = S [1+ 2scos(4nquy)] . (16)

So, the mask function for each recorded image has the same period, orientation and phase as
the illumination pattern for the recorded image, only the modulation depth is characterized by
the parameter sinstead of w.

3.3. Filtering approaches

A next step in sophistication is to apply a noise suppression filter with kernel F (v) to the
image obtained by the weighted sum of shifted bands reconstruction method, producing a super-
resolution image a0 (V) = F (V) fjin (V). It urns out that the level of noise suppression for this
post filtering approach can be improved by integrating the filtering operation into the process of
stitching together the bands in spatial frequency space. Thisis done by making the filter kernel
dependent on the spatial frequency band. This so-called generalized filtering approach gives
riseto:

lgen (V) ZsmFlm ) Tbandm (V+ Ry - Gm) - (17)

The filter kernels can be derived from minimizing a Tikohonov-Miller (TM) type of functional
[29]:

ggm:/[lelm |gen Srnlbandlm(V‘i‘Rl Qm’ +K’A |gen(V)’2 dv. (18)

where the filtered super-resolution image Igen (V) is considered as the variable in the minimiza-
tion procedure. The first term of the TM-functional is the *data misfit term’, i.e. the summed
squared difference between the data and the forward model, and the second term isthe ‘ regular-
ization term’, representing the prior knowledge of the reconstructed object. Here the functions
Bim (v) describe the ideal or desired response of the imaging system. They are usually identi-
fied with the weighted and shifted microscope OTF SWmH (V+ R -qm), but can in principle

#193580 - $15.00 USD Received 10 Jul 2013; revised 6 Sep 2013; accepted 12 Sep 2013; published 7 Oct 2013
(C) 2013 OSA 21 October 2013 | Vol. 21, No. 21| DOI:10.1364/0OE.21.024431 | OPTICS EXPRESS 24437



be chosen differently. The parameter k is the regularization parameter and A(v) isthe regular-
ization weight function. We consider:

A(v) = v|?, (19)

with p aninteger, so for p = 0 the total signal energy is regularized, for p = 1 the total signa
gradient energy, for p = 2 the total signal Laplacian energy, etc. Minimization of the TM-
functional gives: .
A Bim (V)"
KA(V)“+ Y [Bim (V)
Im

3 (20)

and an OTF: . A
Y saWmBim (V)" H (V+R; - gm)
Im

Hgen (V) = (21)

KAV)Z+ Y |Bim (V)|
Im

The conventional choice for the functions Bj, (v) = SmWmH (V+R;-gm) givesriseto an OTF

that isflat up to the cut-off in the limit of asmall regularization parameter k. Such OTF s do not

satisfy the Lukosz bound and thus give rise to edge ringing, halo artefacts and negative pixel

values.

We point out that these TM-filters correspond to (generalized) Wiener-filters if the signal-
to-noise power spectrum is used as the regularization function [30]. In the literature on SIM
these filters with total signal energy regularization (p = 0) are, however, usualy referred to as
(generalized) Wiener-filters [13]. We will follow this nomenclature, although we believe it is
basically incorrect.

3.4. Data misfit weight function

Light originating from out-of-focus layers gives rise to a blurred background and hence are-
duced contrast in the captured images. Moreover it may lead to honeycomb artefacts in the
reconstruction because the low frequency blur istransfered to the regions close to the side band
peaks in spatial frequency space. Suppression of out-of-focus light can be done by subtracting
alow-pass filtered version of the acquired images before feeding the acquired images into the
image reconstruction procedure. An alternative is to modify the filters with a weight function
for suppressing the effect of the data misfit function on the final filter close to the side band
peaksin spatial frequency space [31]. It follows that the regularization dominates over the data
misfit term for the spatial frequencies for which the out-of-focus light has a significant influ-
ence. Here we show that this modification of the filtering step can be incorporated into the
framework of TM-reconstruction. The data misfit term in the TM-functional must be changed
in such away that the relative weight of that term compared to the regul arization term decreases
with decreasing spatial frequency. The TM-functional for generalized filtering then becomes:

fgen:/ LZQ(V-F Ri - 0m) |Bim (V) lgen (V) — Smibandim (V+ Ry 'Qm>‘2+ K |A(V) lgen (V)\z dv,
(22)

with §(v) afunction that increases with increasing spatial frequency. For example, a Gaussian
data misfit weight givesriseto:

G(v) =1—oexp (— Iv[2 /202) , (23)
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where the magnitude o and width o are in principle adjustable parameters. Minimization of
the TM-functional leads to:

|f|m(V) _ 2Q(V—|—AR| -Om) Blm(V)i
KA (V) +zg(v+R| “Qm) |Blm(V)
Im

‘2 , (29)

and an OTF: . . Lo
> sWinG (V+ Ry - 0m) Bim (V)" H (V+ Ry - Om)
Im

Hgen (V) = , (25)

KAV)?+ X.§(V+ Ry - am) [Bim (V)|
Im

A consequence of relatively large values of the Gaussian magnitude o (close to one) is that
dips in the effective OTF arise at the spatial frequencies around the center of the main band
and of the side bands. The dips can thus lead to violations of the Lukosz bound, as that is a
monotonically decreasing function. Although the resulting OTF does not lead to an imaging
system that gives rise to a non-negative output for any conceivable object structure, it may be
expected to do so for the particular case where a large out-of-focus contribution is present, i.e.
for thick samples. The Gaussian function should, therefore, be tailored to the thickness and
density of the sample in question by varying o« and/or ¢ for each case.

4. ThelLukosz bound in SIM filtering

Thefiltering approaches presented so far are clearly inappropriate and some form of apodization
isin order. According to Lukosz the undesired artefacts are eliminated if the final OTF is below
the Lukosz bound. In this section, we will describe how to incorporate the L ukosz bound in the
filtering step.

4.1. 2D SM Lukosz bound

The bound f\(v) for (2D) SIM can be derived along the lines presented in sect. 2 provided
the spatial frequency cut-off is known. For the case of SIM this corresponds to the combined
support of the central band and the side bands. For the typical case of N, = 3 rotations this
resultsin a‘flower’ -shaped support parametrized by:

0 (¢) = 2qcosey +21/1— g2sin® ¢, (26)

where g < 1 determines the pitch of the illumination pattern and where:
¢r:mod{¢+%,%}—% (27)
isthe reduced azimuth angle corresponding to each circle segment of the flower-shaped support.
Fig. 2 showsthe OTF and PSF according to the 2D-SIM Lukosz bound for avalueq = 0.9. The
support of the OTF is reduced somewhat to a hexagonal shape, the spatial frequency cut-off
in the x-direction is 2(1 + q), the spatial frequency cut-off in the y-direction is v/3(1 + q).
The PSF resulting from the Lukosz bound does not differ much from the incoherent PSF for
a spatia frequency cut-off 2(1+ q) with a FWHM of 0.28 (in units A /NA) in both the x and
y-direction. The first dark diffraction ring has a hexagonal imprint with 6 ‘pits’, where the
PSF drops slightly below zero (minimum value —1 x 10~2). This small violation of positive
definiteness is not expected to give rise to highly visible artefacts. However, the hexagonal
imprint may be reduced by using an anisotropically stretched version of the Lukosz bound:

A(v) = A (v)rmoos(60)/ (1) (28)
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Fig. 2. (a) Plot of the 2D SIM Lukosz bound OTF. (b) Plot of the 2D SIM Lukosz bound
PSF. (¢) Cross-sections of the 2D SIM Lukosz bound OTF along the x and y-direction,
and the incoherent OTF for cutoff 2+ 2q as reference. (d) Cross-sections of the 2D SIM
Lukosz bound PSF along the x and y-direction, and the incoherent PSF for cut-off 2+ 2q
as reference.

where p is a stretching parameter. The anisotropically stretched Lukosz bound OTF gives rise
to a non-negative and isotropic PSF (at least up to the second dark diffraction ring) for avalue
u = 0.0656. In the following we will use the non-stretched version of the Lukosz bound for the
sake of simplicity.

4.2.  Lukosz bound filtering

There are two ways in which the Lukosz bound can be used in apodization. The first way is
simply to apply it as a post-processing apodization filter A (v) after a super-resolution image
has been generated with the generalized filtering approach. Thisresultsin an OTF:

A(v>|2§nm|ﬁ<v+R.-qm>yz

o) R S 2w A R
Im

(29)

The second way to use the Lukosz bound is to use modified versions of the functions
that characterize the ideal or desired response of the imaging system. If we use By, (v) =
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SmWmH (V4 R - 0m) /A (v) then the OTF becomes:
AW) YW A (v+ Ry -am) |
Im

KAV)2A (V)2 + Y w2 [H (V4R - agm)|*
Im

Hgen (V) = (30)

Clearly, this alternative route of incorporating the Lukosz bound gives rise to an OTF that is
very similar to the one abtained by applying the Lukosz bound as apodization filter after the
filtering operation. The difference is that now the regularization term is effectively damped
with a factor f\(v)2 resulting in a an effectively smaller regularization effect at higher spatial
frequencies. In the limit k — O the effective OTF approaches the Lukosz bound, just as for the
generalized Wiener filtering with L ukosz apodization.

This integrated Lukosz filtering approach gives rise to an effective OTF that satisfies the
Lukosz bound for all values of the regularization parameter, with the exception of the signal
energy regularization case (p = 0). Seethe Appendix for more details about ensuring the L ukosz
bound is not violated in this case.

5. Simulation results

The reconstruction methods presented in the previous sections of this paper are demonstrated
here using simulations. We simulated a virtual resolution chart consisting of 512x512 pixels
with pixel size /16 (in normalized units of A/NA). The virtual resolution chart, shown in
Fig. 3(a) contains various structures (points, crossing lines, bar patterns, uniform blocks) that
can be used to judge image quality. Several groups of bar patterns can be identified, the number
indicates the pitch in units of 1 /16NA. Pattern “4” isthus at the cut-off for widefield imaging,
pattern “2” near the cut-off for SIM. The final images were binned 2x 2 giving a 256 x 256 im-
age with pixel size corresponding to Nyquist sampling at the maximum extended cut-off spatial
frequency of SIM (equal to 4 in normalized units of NA/A). The simulated recorded images
were corrupted by shot noise, which is taken to be the dominant source of noise. The recon-
structions were performed with an implementation of Egs. (17, 20) in which either the Lukosz
bound was used as apodization filter Eq. (29) or in which the Lukosz bound wasincorporated in
the Tikhonov-Miller functional Eg. (30). All ssmulations were performed in MATLAB (Math-
Works, Natick, USA) using the DIPimage toolbox [32].

Fig. 3(a) shows an image of the simulated resolution chart, Fig. 3(b) of the simulated wide-
field image where on average the intensity corresponded to 800 photons per (4 / 8NA)2 area.
Key SIM image reconstruction artefacts are shown in Fig. 3(c) (Media 1), which shows the ef-
fect of the side band height parameter s on the results obtained by the weighted sum of shifted
bands reconstruction, and Fig. 3(d) (Media 2), which shows the effect of the regularization
parameter x on the results obtained by the generalized Wiener filtering in the image recon-
struction without any apodization. The simple and straightforward weighted sum of shifted
bands reconstruction shows resolution improvement at the expense of noise enhancement for
increasing values of the side band height parameter. The optimum value for s seems to be in
the range 1.0-1.5. Generalized Wiener filtering without apodization resultsin grave image arte-
facts. Significant effects of negative pixel values, edge ringing and an enhanced noise structure
overlaying the genuine image can be observed, especially for low values of the regularization
parameter.

Figure 4 shows movies of simulated resolution chart images as a function of the regular-
ization parameter k for generalized Wiener filtering with Lukosz bound apodization and for
integrated L ukosz filtering with p = 0 and p = 1 regularization for a side band height param-
eter s= 1. Both Lukosz bound apodization and integrated Lukosz filtering largely solve the
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Fig. 3. (a) Digital resolution chart used in the simulations. The numbers with the bar pat-
terns indicate the pitch in pixel units, i.e. in units of A /16NA. (b) Simulated widefield
image, (c) Screenshot of a series of SIM image reconstructions with different side band
height parameters using a weighted sum of bands method (Media 1). The screenshot is the
reconstruction with high side band height parameter s = 3 showing noise amplification.
(d) Screenshot of a series of SIM image reconstructions with generalized Wiener filtering
without apodization for different regularization parameter values (Media 2). Shown is the
reconstruction at |ow regularization parameter x = 10~4, which demonstrates hal o artefacts
and low-fregquency noise structures.

aforementioned image artefacts. Notice that residual noise structures are still clearly visible in
the regime of small regularization parameter values, in particular in the non-sparse parts of the
image.

Additional simulations were performed in order to quantify the sharpness and the noise en-
hancement effect. The signal-to-noise ratio (SNR) of uniform objects, as well as the full-width
at half-maximum (FWHM) and the peak signal-to-noise ratio (PSNR) of point objects, have
been computed as a function of the regularization parameter k., for different values of the side
band height parameter (s= 1, s= 2, and s= 3) for both signal energy regularization (p = 0)
and signal gradient energy (p = 1) regularization for generalized Wiener filtering with Lukosz
bound apodization and for integrated Lukosz filtering. The SNR was measured over the large
uniform rectangle in the top left of resolution chart and the PSNR was computed over 64 re-
constructed peak signals of point sources for each case.

Figure 5 shows the resulting graphs, where the SNR and PSNR are normalized to the values
obtained for widefield imaging with the same number of collected photons. The FWHM for low
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Fig. 4. (a) Screenshot of a series of SIM image reconstructions with generalized Wiener fil-
tering with signal energy (p = 0) regularization and Lukosz bound apodization (Media 3).
Shown is the reconstruction for x = 5.62 x 10~4. (b) Screenshot of a series of SIM im-
age reconstructions with generalized Wiener filtering with signal gradient energy (p = 1)
regularization and Lukosz bound apodization (Media 4). Shown is the reconstruction for
k& = 1073, (c) Screenshot of a series of SIM image reconstructions with integrated L ukosz
filtering with signa energy (p = 0) regularization (Media 5). Shown is the reconstruction
for k = 101, (d) Screenshot of a series of SIM image reconstructions with integrated
Lukosz filtering with signal gradient energy (p = 1) regularization and Lukosz bound
apodization (Media6). Shown isthe reconstruction for k = 1.78 x 101, Theregularization
parameters for the different screenshots have been manually optimized.

values of the regularization parameter isabout 0.281 /NA, which isafactor of about 1.8 smaller
than the widefield FWHM-value 0.514 /NA. The SNR in that regime of regularization param-
eters is lower than the widefield value, implying that the resolution improvement is obtained
at the expense of noise enhancement. The PSNR starts out at a higher value than the widefield
case because the narrower spot aready impliesan increase in peak signal. The FWHM and both
the SNR and PSNR increase with increasing regul arization parameter, indicating a trade-off be-
tween resolution improvement and noise suppression. The exception is the case of integrated
Lukosz-filtering with p = O regularization, for which violations of the Lukosz bound may oc-
cur for side band height parameters larger than approximately 1.6, as discussed in teh appendix.
The same trade-off is apparent from the effect of the side band height parameter s. The FWHM
and both the SNR and PSNR increase with decreasing s. Signal gradient energy regularization
(p=1) isless sensitive to variations in the side band height parameter and shows flatter curves
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Fig. 5. Simulated image quality measures as a function of regularization parameter for
different side band heights. The columns show the FWHM, the SNR of uniform image
patches, and the peak SNR of single spots for generalized Wiener filtering with Lukosz
bound apodization with p = 0 (signal energy) regularization ((a)-(c)), for Lukosz apodiza-
tion with p= 1 (signa gradient energy) regularization ((d)-(f)), integrated L ukosz filtering
with p = 0 regularization ((g)-(i)), and for integrated Lukosz filtering with p = 1 regular-
ization ((j)-(1)). The SNR and PSNR are normalized by the values for the corresponding
widefield images.
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in the regime of low regularization parameters than signal energy regularization (p = 0), and is
therefore the more favourable regularization from the point of view of robustness. Generalized
Wiener filtering with Lukosz apodization is to be prefered over integrated Lukosz filtering for
p = O regularization due to the Lukosz bound violation for large side band height parameters
for the integrated L ukosz filtering method.

The differences between the two filtering approaches for p = 1 regularization are much
smaller. A small shift in the regime of regularization parameter values where the resolution-
noise-suppression trade-off occurs can be recognized. In addition, integrated Lukosz filtering
gives rise to a slightly lower SNR and PSNR curves, due to an effective lower regularization
at high spatial frequencies (the regularization term is effectively weighted by the square of the
Lukosz bound OTF). This drawback is compensated by a more natural noise spectrum, i.e.
the small additional amount of high frequency noise visually masks the low frequency noise
structure (see also Fig. 4).

Different apodization functions than the Lukosz bound have been in use so far. A tri-angular
apodization function [13], for example, results in a bit sharper image but also in more visible
noise artefacts, asit does not comply with the Lukosz bound close to the cut-off. An alternative
is the approach based on the distance transform aplied to the support of the OTF [31]. Here
the apodization has the form d (V)C, where d (v) is the (normalized) Euclidean distance from
the point v to the cutoff of the SIM-OTF and where { is an exponent. This approach may be
expected to give similar results as the Lukosz bound apodization provided the exponent { isa
bit higher than one.

The data misfit term of the TM-functional is often interpreted as the logarithm of the like-
lihood for the reconstructed ground truth image given the measured image data corrupted by
noise. A least squares type of data misfit term then corresponds to uniform Gaussian noise. Shot
noise, however, is governed by the Poisson distribution and should therefore give rise to a data
misfit term in the TM-functional that is different from least squares. It also raises the question
if the root cause of the observed noise structure lies in the mismatch between the nature of the
noise source and the character of the data misfit term in the TM-functional. To that end we have
performed additional simulations where uniform Gaussian noise, e.g. camera readout noise, is
added to the raw images. It turns out that the same noise structures are observed as for the
shot noise simulations, indicating that the precise nature of the noise source is not particularly
relevant for the structured noise artefact.

Finally, we note that the post-filtering technique, in which a filtering operation is applied to
the weighted sum of shifted bands reconstruction gives rise to an amount of noise enhancement
intermediate between the non-filtered weighted sum of shifted bands reconstruction and the
full-blown generalized filtering approach, both for the generalized Wiener-filtering approach
followed by Lukosz bound apodization and for the integrated L ukosz bound filtering approach.

6. Experiments

The effects of regularization and apodization have also been investigated using experimental
data. We have imaged the chromatin distribution in HDLM-2, which is a Hodgkins lymphoma
cell line [33], using a Zeiss Elyra SIM microscope. The cells were fixed on the microscope
dlide in formaldehyde and the chromatin was counterstained with DAPI (4',6-diamidino-2-
phenylindole). An excitation wavelength of 405 nm was used, the passband of the filtercube
was 420-480 nm for the emitted light. A 63X objective lens with numerical aparture of 1.40
was used with immersion oil with refractive index of 1.518. The images were captured on
an Andor EM-CCD iXon 885 camera with a pixel size of 8 um. A tube lens with additiona
zoom factor 1.6 was used giving a projected pixel size of 79 nm in the object plane and a
projected pixel size in the reconstructed SIM images of 43 nm. The projected pixel size of the
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captured images corresponds to Nyquist sampling for an emission wavelength of 444 nm. The
reciprocal pitch of the illumination pattern was calculated from the data using the methods of
refs. [31, 34] to be 0.74 times the cut-off frequency of the lens. We have performed additional
experiments on actin filaments in bovine pulmonary artery endothelia (BPAE) cells. The F-
actin in these cells was stained with Alexad88, the slide was a Molecular Probes prepared slide
(F36924). Imaging and reconstruction settings were the same as for the HDLM-2 cells, except
the excitation wavelength was 488 nm and the passband of the filtercube was 495-575 nm.

p = 0 regularization p = 1 regularization

regularization parameter = 3.16e+00 5 regularization parameter = 1.78e-01 x10°
3

Lukosz apodization

regularization parameter = 3.16e-02 regularization parameter = 5.62e-03 X 10°

integrated Lukosz

Fig. 6. Reconstructions from experimental data of the chromatin distributionin aHDLM-2
cell. (a) Screenshot of a series of reconstructions with generalized Wiener filtering with
p = 0 (signal energy) regularization and Lukosz bound apodization (Media 7). Shown is
the reconstruction for k¥ = 3.16. (b) Screenshot of a series of SIM image reconstructions
with generalized Wiener filtering with p = 1 (signal gradient energy) regularization and
L ukosz bound apodization (Media8). Shown isthe reconstruction for k = 1.78 x 10~ 2. (¢)
Screenshot of a series of SIM image reconstructions with integrated Lukosz filtering with
p = 0 (signal energy) regularization (Media 9). Shown isthe reconstruction for k = 3.16 x
102, (d) Screenshot of a SIM image reconstruction with integrated Lukosz filtering with
p =1 (signal gradient energy) regularization and Lukosz bound apodization (Media 10).
Shown is the reconstruction for k = 5.62 x 10~3. The regularization parameters for the
different screenshots have been manually optimized. The intensities are in arbitrary units,
the scale barsare 5 um.

Image reconstruction of a single 2D-slice was done by first applying the phase shift estima-
tion methods devel oped by Wicker and Heintzmann [31,34] for extracting the spatial frequency
bands and then combining and filtering the bands using the Tikhonov-Miller filtering approach
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Fig. 7. Reconstructions from experimental data of actin in BPAE cells. (a) Screenshot of
a series of reconstructions with generalized Wiener filtering with p = 0 (signal energy)
regularization and Lukosz bound apodization (Media 11). Shown is the reconstruction
for k = 1 x 101, (b) Screenshot of a series of SIM image reconstructions with general-
ized Wiener filtering with p= 1 (signal gradient energy) regularization and Lukosz bound
apodization (Media 12). Shown is the reconstruction for x = 1.78 x 10~L. (c) Screenshot
of aseries of SIM image reconstructions with integrated Lukosz filtering with p = 0 (sig-
nal energy) regularization (Media 13). Shown is the reconstruction for k = 3.16 x 1072,
(d) Screenshot of a SIM image reconstruction with integrated Lukosz filtering with p=1
(signa gradient energy) regularization and Lukosz bound apodization (Media 14). Shown
is the reconstruction for x = 5.62 x 10~1. The regularization parameters for the different
screenshots have been manually optimized. The intensities are in arbitrary units, the scale
barsare 5 um. The cutouts have been linearly stretched for easier visual inspection.

with the currently proposed Lukosz bound as apodization function. In the phase shift estima-
tion only the Oth and +2nd order bands were extracted so as to emulate a true 2D-SIM data
acquisition. Fig. 6 and Fig. 7 shows the resulting reconstructions for the two experiments as
a function of the regularization parameter for the different filtering and regularization meth-
ods also shown in Fig. 4. The other reconstruction parameters were the data misfit weighting
parameters oo = 0.95 and ¢ = 1, which is at 50% of the lateral cut-off frequency of the lens,
and side band height parameter s = 3. The filters with this Gaussian data misfit term are de-
scribed in Eq. (24). Therelatively high value for the side band height is used to compensate for
the loss of high-frequency image content due to the data misfit weighting. The experimental
data indicates that Lukosz bound apodization with p = 0 (signal energy) regularization seems
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Fig. 8. (a) Reconstructed widefield (WF) image of the 2D-slice of the chromatin distribu-
tion in a HDLM-2 cell. (b) Power spectrum (on a logarithmic scale) of the reconstructed
widefield image. (c) SIM reconstruction with the unfiltered sum of bands method, Eq. (13).
(d) Power spectrum (on alogarithmic scale) of the unfiltered sum of bands method image.
(e) One of the reconstructed SIM images of Fig. 6 (Lukosz bound apodization with p=0
signal energy regularization for side band height parameter s= 3 and regul arization param-
eter k¥ = 3.16) (f) Power spectrum (on alogarithmic scale) of the reconstructed SIM image.
The scale of the Fourier space images ((b) and (d, f)) is different due to the difference in
number of pixels, consequently the pass-band of the objective lens (the red circles) have a
different radius in these figures. The real spaceimages ((a) and (c,€)) are linearly stretched
for maximum contrast, the SIM power spectrum (d,f) has been clipped outside the support
of the OTF for visibility purposes, scale barsare 5 um.
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Fig. 9. (8) Reconstructed widefield (WF) image of the 2D-slice of actin in BPAE cells.
(b) Power spectrum (on alogarithmic scale) of the reconstructed widefield image. (c) SIM
reconstruction with the unfiltered sum of bands method, Eq. (13). (d) Power spectrum (on
a logarithmic scale) of the unfiltered sum of bands method image. (e) One of the recon-
structed SIM images of Fig. 7 (Lukosz bound apodization with p = 0 signal energy regu-
|larization for side band height parameter s = 3 and regularization parameter k¥ = 1 x 10~ 1)
(f) Power spectrum (on alogarithmic scale) of the reconstructed SIM image. The scale of
the Fourier space images ((b) and (d, f)) is different due to the difference in number of pix-
els, consequently the pass-band of the objective lens (the red circles) have adifferent radius
in these figures. The real space images ((a) and (c,e)) are linearly stretched for maximum
contrast, the cutouts are linearly contrast stretched in the insets as well. The SIM power
spectrum (d,f) has been clipped outside the support of the OTF for visibility purposes,
scalebarsare 5 um.
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to give the best results. The reconstructions appear free from serious artefacts for all values
of the regularization parameter, thus providing robust high-resolution images of the structures.
Both caseswith p = 1 (signal gradient energy) regularization give comparable results, whereas
integrated L ukosz filtering with p = O (signal energy) regularization gives rise to artefacts for
relatively high values of the regularization parameter, in agreement with the simulation results.
Fig. 8 and Fig. 9 show a comparison between a widefield image, a weighted sum of shifted
bands SIM image and afiltered SIM image. The SIM images shows better detail compared to
the widefield image. The weighted sum of bands image, however, has a relatively high level
of noise and shows signs of the honeycomb artefact. These flaws are largely suppressed in the
filtered SIM image.

7. Discussion

In summary, we have analyzed regularization and apodization in image reconstruction for 2D-
SIM based on Tikhonov-Miller filtering and using the Lukosz bound as apodization function.
The unfiltered image reconstruction method based on the weighted addition of spatial frequency
bands gives rise to both resolution improvement and higher noise levels for increasing values
of the relative side band height parameter. The optimum of this trade-off is found for relative
side band heights in the range 1-2. The noise enhancement can be largely suppressed by the
introduction of Tikhonov-Miller filters. In particular, the generalized filtering technique allows
for the best noise suppression. The Lukosz bound can be used as a post-processing apodiza-
tion filter or can be integrated into the Tikohonov-Miller framework. The latter option results
in a dight increase in the high frequency range of the residual noise structure. Practical 2D-
reconstructions of thick objects generally suffer from out-of-focus background. The honeycomb
artefacts, which result from this out-of-focus light, can be suppressed by a data misfit weight
function. Reasonable results can be obtained with these filters in combination with elevated
side band height parameters (in the range 3-6). No clipping of negative pixel valuesto zero was
needed for any of the reconstruction methods based on the Lukosz bound, a practice that is a
default setting in some commercial systems.

There are a number of ways to automatically set the regularization parameter [35]. General-
ized Cross-Validation (GCV) is often proposed as a suitable method for finding the * optimum’
regularization parameter in the field of image restoration [35, 36]. According to this method
the best value for the regularization parameter is the one that minimizs the cross-validation
(CV) function. This function is defined as the scaled version of the data misfit term in the
TM-functional. The CV-function for generalized filtering is:

/2 ’BIm(V) IAgen (V) _SmlAband,lm(V"‘ Ry -qm)}zdv
Im

[/ (%é'm(vﬂflm(w - 1) dv] 2

Note that the CV-function is dlightly different when the data misfit weight function is used.
We have noted that the regularization parameter kgcy following from the generalized cross-
validation (GCV) method does not always correspond to what intuitively would be the ‘best’
image. Thisway of automatically setting the regularization paramater must therefore be exer-
cised with care.

We envision that the current research can be extended in a number of ways. First, an ex-
tension to a full 3D reconstruction scheme seems logical to explore. A second extension war-
ranted by the results presented here is a systematic study into noise propagation in SIM image
reconstruction. Such a study should incorporate effects of shot noise, readout noise and phase

CVgen (k) =

(31)
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stepping jitter. Finally, different ways of regularization, better suited to suppressing typical SIM
artefacts, may be explored.

Appendix

Thisintegrated Lukosz filtering approach givesrise to an effective OTF that satisfiesthe Lukosz
bound for all values of the regularization parameter, with the exception of the signal energy
regularization case (p = 0). The normalization of the OTF (must be equal to one for v = Q)
impliesthat ther.h.s. of Eq. (30) must be multiplied with a normalization factor:

K
YimSaWa [H (R 'Qm)fz-

Now the effective OTF is no longer necessarily a decreasing function of the regularization
parameter k. It followsthat violations of the Lukosz bound can then occur, as the effective OTF
isequal to the Lukosz bound for x = 0. The requirement that the effective OTF must satisfy the
Lukosz bound leads to the constraint that the function:

_ SimSWa[H (VR -am)|
a A(v)? '

(32)

Nnorm = 1+

z(v) (33)

must be smaller than its value for v = 0 for all v. It may be expected that, whenever this con-
straint is not satisfied, this occurs for spatial frequencies at the side band peaks, as the function
z(v) haslocal maximathere. For these spatial frequenciesit may be deduced that the constraint
is satisfied provided the side band height parameter is sufficiently small:

1 302 H2
< _ = s s
S Smax w\/lz(sAgl)Hg’ (34

with Hg and As equal to the widefield OTF and to the Lukosz bound at the side-peak spatial
frequency, respectively. For a side band peak at 90% of the wide field cut-off (Hs = 0.037 and
As = 0.45) and amaximum modul ation depth of theillumination (w= 1/2) wefind Smax = 1.56.
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