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Abstract

In super-resolution microscopy based on STORM (Stochastic Optical Reconstruction
Microscopy), due to the diffraction phenomenon, photons emitted by fluorescent molecules form
into diffuse spots in a raw image. The regions without diffuse spots in the raw image are referred to
as silhouettes. The diffuse spot regions are crucial for assessing the quality of a raw image and
achieving super-resolution imaging as conventional holistic evaluation methods, which fail to
distinguish between diffuse spots and silhouettes, cannot reflect the quality of the diffuse spot
regions. A mask-based image segmentation algorithm is proposed here to extract and separate the
diffuse spots and silhouette regions. Through simulation experiments, the denoising characteristics
of three-dimensional block matching filtering (BM3D) and wide spectrum denoising (WSD) in
different regions under various noise levels are compared and analyzed, and important criteria for
selecting denoising methods for raw images are provided. Experiments show that better denoising
is achieved with WSD than BM3D in the diffuse spot regions, while BM3D performs better in the
silhouette regions in low noise level.
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Introduction

The exploration of the essence of life represents one of humanity’s ultimate goals. Throughout history, humans have
continually sought ways to delve deeper into the microscopic world, and microscopes have played a pivotal role in this
endeavor. The resolution of the human eye is only 0.1 mm. In comparison, since its invention in the 16th century, the
resolution of the microscope has been continuously improving - the resolution of optical microscopes had reached 0.2
pum. by the end of the 19th century. With the aid of microscopes, people could observe cells and their internal structures.
In the 1930s, the advent of the electron microscope further increased the resolution to 50 nm., enabling the possibility of
observing even more intricate cellular structures [1].

Despite the significant improvement in resolution that electron microscopes offer compared to optical microscopes,
they also have their limitations. For example, electron microscopes are unable to image specific multicolor labeling and
live cells. Conversely, optical microscopes can precisely compensate for the disadvantages of electron microscopes. Due
to the diffraction characteristics of light and the limitations of the optical system’s aperture, the resolution of microscopes
is restricted below the Abbe limit [2]. The visible light range for naked eye is 400—750 nm. Even with visible light at a
wavelength of 400 nm, a resolution of only 200 nm can be achieved. In other words, the resolution of conventional optical
microscopes is essentially limited to the order of 200 nm, falling far short of the resolution precision required to observe
subcellular structures such as mitochondria and centrosomes. Research in fields like biomedical science demands
microscopes with even higher resolution. Therefore, super-resolution optical microscopes have emerged to meet this need
[3-5,11].

With the rapid development of biomedical science, materials science, and other fields, the demand for higher image
resolution has been increasing. Super-resolution microscopy, as a technique capable of breaking through the optical
diffraction limit, has become an important tool for studying the microscopic world. The imaging principles of super-
resolution microscopy are mainly divided into two categories. The first category is based on single-molecule localization
microscopy (SMLM) [6 — 7], including techniques such as photoactivated localization microscopy (PALM) [8]and
stochastic optical reconstruction microscopy (STORM) [9 — 10, 18]. The second category is based on the modulation of
the point spread function (PSF), which includes techniques such as stimulated emission depletion microscopy (STED)
[12] and structured illumination microscopy (SIM) [13 —14]. Although STORM can significantly enhance image
resolution, its imaging quality is compromised by the noise, as different levels of the noise lead to varying localization
errors. Therefore, if the noise can be effectively eliminated, the resolution of STORM can be greatly improved [11].

In super-resolution microscopy based on STORM, due to the diffraction phenomenon, Photons emitted by fluorescent
molecules form into diffuse spots in a raw image [15 — 16]. The spatial position of the fluorescent molecules can be
located by calculating the centroid of the diffuse spot or by fitting methods. Theoretically, the area of the diffuse spot is
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infinitely large. The center region of the diffuse spot contains the most photons, which decrease in number as one moves
outward from the center. When the radius of the diffuse spot reaches a certain critical value, the periphery of the diffuse
spot becomes almost indistinguishable from the background. Therefore, diffuse spots have finite sizes in practice. The
regions without diffuse spots in a raw image are referred to as the silhouette. Since there are no fluorescent molecules in
the silhouette region, the diffuse spot regions hold a much more significant position than the silhouette regions in super-
resolution microscopy, as the diffuse spots have a decisive impact on imaging quality and resolution.

Raw images often have various noises, which can affect our ability to read the information in the images [17 — 18,
20]. Conventional denoising method selection often employs holistic evaluation methods that do not distinguish between
the diffuse spot regions and the silhouette regions, making it difficult to accurately assess the denoising effects and the
performance differences of different denoising methods in the diffuse spot regions and the silhouette regions. However,
the diffuse spot regions are crucial for evaluating the quality of the raw image and achieving super-resolution imaging.
This paper proposes an image segmentation algorithm based on a mask. The mask generated by this algorithm can
effectively extract and separate the diffuse spots and silhouettes from the raw image. Thus, it provides a basis for
evaluating and selecting denosing algorithms for STORM.

1. Methods

In the simulation, the raw images’ point spread function (PSF) was modeled as a two-dimensional Gaussian function.
The PSF parameters were rigorously defined, with its full width at half maximum (FWHM) calibrated to 239.286 nm and
the corresponding standard deviation measured 101.615 nm. The pixel size of the raw image was 45.715 nm. To
differentiate from the raw image pixels, the super-resolution image pixels were termed grids. The grid size of the super-
resolution image was one quarter of the raw image's pixel size [18, 20].

The mask is a 13x13 0 — 1 matrix, as shown in Fig. 1. The raw image is essentially also a matrix, with its pixel values
being the elements of the matrix. The diffuse spot regions and silhouette regions in the raw image can be extracted and
separated using the mask. The diffuse spot radius is r and the unit is pixels. The method for generating the mask is shown
in Tab .1 — Algorithm 1.

In Algorithm 1, C represents the mask matrix. Cij denotes the element located at the ith row and jth column of C. If
the distance from Cij to the center element of C is greater than r, set Cij to 0; otherwise, set it to 1. The center element of
C is located at row 7 and column 7. The mask matrix C generated according to Algorithm 1 is shown in Fig. 1.

Fig. 2a is the raw image of a single diffuse spot, whose size is 13x13 pixels. The red cross at the center of the image
indicates the position of the fluorescent molecule. Fig. 256 is the grayscale image of the mask shown in Fig. 1. Fig. 2¢
represents the extracted diffuse spot region based on a diffuse spot radius of 3.5 pixels. In other words, it is the result of
element-wise multiplication of the two matrices represented by Fig. 2a and Fig. 1. Fig. 2d shows the remaining silhouette
region after the extraction of the diffuse spot region, which is the result of subtracting the matrix represented by Fig. 2¢
from the matrix represented by Fig. 2a.

Tab. 1. Algorithm 1: Mask generative approach

Algorithm 1: Mask generative approach
Input: C, a mask matrix of all ones. Its size is 13x13.

1, diffuse spot radius.
Initialization: 1 <=i, j<=13.
Iteration 1: At the ith iteration, go through the following steps.
Iteration 2: At the jth iteration, go through the following steps.

IfJli- 712+ |j- 712> r, Ci=0.

Output: The mask matrix C.
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Fig. 1. A 13 %13 mask matrix with a diffuse spot radius of 3.5 pixels.
Matrix elements within the radius value 1 and elements outside the radius value 0

0 0 0 0
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Although Fig. 2a presents a simplified case with only one diffused spot, raw experimental images generally exhibit
significantly larger dimensions and contain numerous diffused spots. The spatial distribution and topological relationships
among these diffuse spots demonstrate extreme complexity due to molecular interactions and imaging conditions.
Specifically, the topological configurations between adjacent spots may manifest as four principal categories: disjoint (no
spatial contact), adjacent (boundary connection), covers (complete overlap), and partial overlap. Through
Tab. 2 — Algorithm 2 implementation, both these diffused spots and their corresponding silhouette regions can be
effectively extracted from raw images. Notably, this algorithm demonstrates robust adaptability, being applicable not
only to standard 13x13 pixel microscopic images containing isolated single molecules, but also maintaining effectiveness
when processing larger-scale raw image data with multiple overlapping molecular clusters. This dual-scale compatibility
ensures its practical value in various experimental scenarios.

b) ¢ d)
Fig. 2. From left to right are the molecule raw image, masks, speckle image, and silhouette image and silhouette image.
a) Raw image, b) mask, c) diffuse spot, d) silhouette

Tab. 2. Algorithm 2: Extraction methods of diffuse spots and silhouettes

Algorithm 2: Extraction methods of diffuse spots and silhouettes
Input:

R, a STORM raw image.
S, the corresponding super-resolution image.
N, the number of molecules in S.
1, the radius of a diffuse spot, in pixels.
Initialization:
C, a mask matrix with a radius r.
i and j, molecule coordinates in S, in grids.
r and ¢, molecule coordinates in R, in pixels. The r and c are the rounding of 1/4 and c/4.
rc, the set of coordinates of the diffuse spot pixels in R. rc=0.
Iteration: At the kth iteration (the kth molecule, k<=N), go through the following steps.
blk, the 13x13 image block centered on the molecule coordinate (r and c).
blk = the hadamard product of blk and C.
pq, the position coordinate of the element of blk more than 0 in R.
rc=rcupq;
rc, the same data as in rc, but with no repetitions.
Processing:
Diffuse spots, set the pixel value of R whose coordinates do not belong to rc to 0.
Silhouette = R- Diffuse spots.
Output:
Diffuse spots and Silhouette.

a) b) ¢)
Fig. 3. From left to right are raw images of fluorescent molecules, diffuse spots image and silhouette image.
a) Raw image, b) diffuse spots image, c) silhouette image

The diffuse spots can be extracted molecule by molecule with Algorithm 2, which is based on fluorescent molecules
in the super-resolution image and the specified diffuse spot radius. The pixel values in non-diffuse spot regions are all 0,
as shown in Fig. 3b. Fig. 3¢ is the silhouette, which results from subtracting Fig. 3b from Fig. 3a, and the pixel values in
non-silhouette regions are all 0. To avoid the impact of 0-value regions in Figs. 45 and ¢, we only extract non-zero pixels
when computing signal to noise ratio (SNR) and structural similarity index measure (SSIM) [19 — 21].
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SNR reflects the overall quality of denoised raw images. SSIM, ranging from 0 to 1, assesses similarity between two
images. Both SNR and SSIM evaluate denoising effectiveness on raw images.

SNR = 20 x logyo (—12-) (1)
lIxr—xIl2
where X is a real signal, x € RV;||-||, is the norm of a vector; and Xy denotes the other signal corresponding x.
(2pxly+c€1)(20xy+C2)
(n3+u2+c1) (o3 +05+c;)

SSIM (x,y) =

2

where |, and o, represent the mean and the variance of image x, respectively. oy, represents the covariance of image x
and y. ¢; = (k;L)? and ¢, = (k,L)?%. L is the dynamic range of pixel values. k; = 0.01, k, = 0.03,

2. Results and discussion

We create 20 and 500 simulated super-resolution image frames with known true molecular positions and
corresponding raw image frames. The simulation involves stochastic molecular placement. The corresponding molecular
densities are 6.304 um2 (high-density) and 0.2522 um2 (low-density). Each molecule emits 3000 photons, with a uniform
background of 16 photons per pixel. We add Poisson and Gaussian noise to each raw image frame. The noise levels are
categorized into low (Poisson noise only), medium (Poisson and Gaussian noise with 0.01 variance), and high (Poisson
and Gaussian noise with 0.04 variance).

Different denoising methods have varying effects on the diffuse spots and silhouettes in raw images. To explore the
impact of diffuse spot radius and noise level on denoising, experiments were designed with these two factors as
independent variables and SNR/SSIM as dependent variables. Through these experiments, the denoising effects on raw
images with different molecular densities, diffuse spots, and silhouettes were compared and analyzed [22]. The diffuse
spot radius ranges from 1 to 7 pixels.

Fig. 4 shows mean curves of SNR and SSIM of high-density raw images, diffuse spots, and silhouettes at different
noise levels, varying with diffuse spot radius. R, Rp, and Rs denote raw images, diffuse spots and silhouettes respectively;
B, Bp, and Bs represent BM3D-denoised counterparts; W, Wp, and Ws stand for WSD-denoised ones, as in Fig. 4a.
Though the areas of diffuse spots and silhouettes change with the diffuse spot radius, the raw image remains unchanged.
Therefore, curves B, W, and R in Fig. 4 are horizontal. Since curves B and W in Figs. 4b-g are above R, both BM3D and
WSD are effective denoising methods [23 — 24].
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Fig. 4. Denoising analysis of high-density raw images in low noise, medium noise and high noise levels.
The abscissa is the diffuse spot radius

By comparing Figs. 4b, d, and £, it can be observed that when the diffuse spot radius exceeds approximately 4, curve
Rs tends to become horizontal. This indicates that beyond a diffuse spot radius of about 4, the impact of the diffuse spot
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on the silhouette region becomes almost negligible. Therefore, a 4-pixel diffuse spot radius can serve as the critical value
for distinguishing between diffuse spots and silhouette regions.

At low noise level, Fig. 45°s curve W is above B, but Fig. 4c’s curve W is below B, making it difficult to tell which
is better overall for raw image denoising between BM3D and WSD. In the diffuse spot region of Figs. 4b and ¢, curve
Wp is always above Bp and the SNR is above about 7 dB. Therefore, the denoising effect of WSD is far better than BM3D
in the diffuse spot region. When the diffuse spot radius is greater than approximately 4, curves Bs in Figs. 4b and ¢ are
above Ws. Thus, BM3D is better than WSD for denoising in the silhouette region.

At medium noise level, the curve B in Figs. 4d and e are all above W. BM3D outperforms WSD for raw image
denoising. However, when the diffuse spot radius is about less than 4, the curve Wp in the diffuse spot region in Figs. 4d
and e almost coincides with Bp. Thus, in the diffuse spot region, WSD has comparable denoising to BM3D. The curves
Bs in Figs. 4d and e are all above the Ws. Therefore, in the silhouette region, BM3D has better denoising than WSD.

At high noise level, curves W in Figs. 4fand g are above B, indicating WSD outperforms BM3D in overall raw image
denoising. In the diffuse spot region of Figs. 4/ and g, curve Wp is always above Bp, with an SNR over 5dB higher and
SSIM about 0.3 higher. Therefore, WSD is far better than BM3D for denoising in the diffuse spot region. When the
diffuse spot radius is approximately greater than 4, curve Bs in Fig. 4f'is slightly above Ws but nearly coincides with it;
in Fig. 4g, curve Bs and Ws almost overlap. Thus, in the silhouette region, WSD has comparable denoising effect to
BM3D.

In conclusion, in the diffuse spot region, both WSD and BM3D can denoise effectively. However, WSD show a better
denoising effect than BM3D. In the silhouette region, both WSD and BM3D can effectively denoise. However, BM3D
performs better than WSD. SNR and SSIM in the diffuse spot region show a monotonically decreasing trend as the diffuse
spot radius increases.

0.043, -1.980dB, 0.1374, 3.006dB 0.008, -11.045dB

g h) - - i)
Fig. 5. Denoising of high-density raw images in high noise level. a) RAW image, b) RAW diffuse spots, c) RAW silhouettes,
d) BM3D image, ¢) BM3D diffuse spots, f) BM3D silhouettes, g) WSD image, h) WSD diffuse spots, i) WSD silhouettes

Fig. 5 shows the denoising analysis results of using BM3D and WSD on a raw image frame with a diffuse spot radius
of 3.5 pixels. Fig. 5a is the raw image before denoising, while Figs. 56 and c are the extracted diffuse spots and silhouettes.
The number pairs above Figs. 5a — ¢ indicate SSIM and SNR. Figs. 5d — f'shows the denoised raw image, diffuse spots,
and silhouette using BM3D, along with SSIM and SNR. Figs. 5g —i shows the corresponding results with WSD.
Comparing Figs. 5e and /1, we can see that the WSD-denoised diffuse spot region is smoother than BM3D, with SNR and
SSIM improved from 0.31 and 7.51 dB to 0.59 and 12.518 dB. Thus, WSD outperforms BM3D in denoising the diffuse
spot region.
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Fig. 6 shows the curves of SNR and SSIM versus the diffuse spot radius for low-density raw images, diffuse spots,
and silhouettes at different noise levels. As curves B and W in Figs. 6a — g are above R, both BM3D and WSD are
effective denoising methods.

At low noise level, in Figs. 6b and ¢, curve B is above curve W. Therefore, BM3D is better than WSD in overall raw
image denoising. In Fig. 6c, in the diffuse spot region, curve Wp is always above curve Bp, with an SNR at least 5 dB
higher. In Fig. 6¢, curve Wp in the diffuse spot region is slightly higher than curve Bp. Therefore, in the diffuse spot
region, WSD shows a better denoising effect than BM3D. In Figs. 6b and ¢, curve Bs is above curve Ws. Thus, in the
silhouette region, BM3D outperforms WSD in denosing.

At medium noise level, in Figs. 6d and e, curve B is above curve W, indicating BM3D outperforms WSD in overall

raw image denoising. However, when the diffuse spot radius is less than 4, in Figs. 6d and e, curve Wp in the diffuse spot
region is higher than curve Bp. Therefore, in the diffuse spot region, WSD is better than BM3D. In Figs. 6d and e, curve
Bs is above curve Ws. Hence, in the silhouette region, BM3D surpasses WSD in denoising effect.
At high noise level, in Figs. 6/ and g, curve W is above curve B, indicating WSD is better than BM3D in overall raw
image denoising. In Figs. 6/ and g, in the diffuse spot region, curve Wp is always above curve Bp, with an SNR over 7
dB higher and an SSIM about 0.4 higher. Therefore, in the diffuse spot region, WSD sign- ificantly outperforms BM3D
in denoising. In Figs. 6/ and g, curve Bs is below curve Ws. Hence, in the silhouette region, WSD has a better
denoising effect than BM3D.
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Fig. 6. Denoising analysis of low-density raw images in low noise, medium noise and high noise levels.
The abscissa is the diffuse spot radius

By comparing Figs. 6¢, e, and g, it can be found that the diffuse spot curves (Rs, Bs, and Ws) are all parabolic in shape,
with their vertices located at a diffuse spot radius of approximately 4.

In general, both WSD and BM3D can effectively perform denoising in the diffuse spot region. However, WSD
demonstrates superior denoising performance compared to BM3D. The SSIM for the diffuse spot region peaks when the
diffuse spot radius is around 4. In the silhouette region, both WSD and BM3D are also effective. BM3D performs better
than WSD at low and medium noise levels, while WSD surpasses BM3D at high noise level[18 — 19].

Conclusiones

A mask-based image segmentation algorithm for the extraction and separation of diffuse spots and silhouette regions
in STORM raw images is proposed. The critical value of 4 pixels for the diffuse spot radius can be used to distinguish
between diffuse spots and silhouette regions. The mask-based image segmentation algorithm can effectively extract and
separate diffuse spots and silhouette regions in the raw images, providing a basis for subsequent analysis of denoising
performance and selection of denoising methods.

In the diffuse spot regions where the radius is not greater than 4 pixels, WSD outperforms BM3D in denoising effects.
Especially at high noise level, the denoising effect of WSD is significantly better than that of BM3D. In the silhouette
regions, BM3D generally outperforms WSD at low and medium noise levels. However, at high-noise level with low
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density, WSD is better than BM3D. This finding breaks through the limitations of conventional holistic denoising
evaluation and provides a basis for targeted denoising in different regions of a raw image. For instance, WSD can be
preferentially adopted in diffuse spot regions, while BM3D denoising can be appropriately applied in silhouette regions.
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