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Abstract: In this paper, we numerically analyze the factors determining localization precision and resolution in single emitter
localization-based imaging systems. While previous studies have considered a limited set of parameters, our numerical approach
incorporates additional parameters with significant reference values, yielding a more comprehensive analysis of the results. We
differentiate between the effects of additive and multiplicative noise on localization precision using numerical modeling and take
the influence of the sampling frequency into account, computing the optimal sampling frequency for varying resolution requirements.
Leveraging a suite of derived equations, we systematically simulate and quantify how variations in these parameters influence
system performance. Furthermore, we provide guidelines for optimizing signal-to-noise ratio (SNR) requirements and pixel size
selection based on point spread function (PSF) width in single emitter localization-based imaging systems. This numerically driven

research offers critical insights for the analysis of more complex imaging systems.
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1 Introduction

Resolution is a fundamental parameter in optical
imaging systems, directly determining the amount of
information a system can capture. Researchers have
long focused on methods to improve it. However, reso-
lution enhancement is constrained by the Abbe diffrac-
tion limit; when passing through the optical system,
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an ideal point object becomes a spot due to diffrac-
tion, meaning that two closely spaced points may be-
come indistinguishable. Efforts have been made to
overcome the diffraction limit barrier using various
approaches. Stimulated emission depletion microscopy
(STED) (Hell and Wichmann, 1994; Bergermann et al.,
2015) and structured illumination microscopy (SIM)
(Gustafsson, 2000, 2005) have improved the resolu-
tion through point spread function (PSF) engineering
and frequency-domain analysis. Additionally, single-
molecule localization microscopy (SMLM) (Betzig
et al., 2006; Rust et al., 2006) sidesteps the need to
resolve two points by focusing on single-point imag-
ing. In SMLM, the center position of each individual
spot can be determined with greater precision than the
spot size. The localization precision and accuracy of
single-point positioning methods have been extensively
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studied (Thompson et al., 2002; Ober et al., 2004;
Deschout et al., 2014), providing a solid theoretical
and experimental foundation for understanding the
limits of spatial resolution in fluorescence microscopy.
The relationship between the localization precision
and resolution is described by Eq. (1) (Lelek et al.,
2021), where R, represents the resolution limit of
the system and {(Ax) denotes the localization precision.
This specific mathematical relationship is derived from
the statistical derivation of the relationship between
the full width at half maximum (FWHM) and stan-
dard deviation, offering a method to circumvent the
system’s diffraction limit and enabling higher imag-
ing resolution.

Ry = 2+/2I2 = 2.35(Ax). (D

While the issue of localization precision has been
previously discussed (Thompson et al., 2002), many
details are still missing, and parameters have not been
considered comprehensively. Our study completes the
analytical process, introduces new parameters, and ad-
dresses overlooked issues. Ultimately, we draw gen-
eral conclusions and provide guidelines for selecting
parameters that are critical for optimizing optical im-
aging systems.

2 Theory
Fig. 1 presents a simplified optical imaging sys-

tem. The imaging process in such systems can be gen-
eralized to the following steps: light from an object
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Fig. 1 Diagram of a simplified optical imaging system
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(either spontaneous or illuminated) passes through an
optical system and is detected by a sensor; algorithms
then process the detected data to produce a recogniz-
able image.

In this simplified imaging framework, a point
object is represented as an Airy spot on the detector
after passing through the optical system. Typically, in
an aberration-free system, a Gaussian function is used
to model the Airy spot. Although the Gaussian func-
tion is symmetric, the presence of noise in actual sys-
tems prevents the direct determination of its exact cen-
ter for positioning. The maximum likelihood estima-
tion (MLE) method is widely used to calculate single-
point positioning (Abraham et al., 2010; Munier et al.,
2024). Starting with the fundamental shot noise, the
standard deviation of the localization estimate is cal-
culated as follows:

SZ

((ax)?) =+ @

where s refers to the standard deviation of the Gauss-
ian function, which is related to the FWHM of the
PSF, and N is the number of photons that reach the
detector. The localization precision positively corre-
lates with s and is inversely proportional to N. Thus,
the localization precision approaches infinitely high
as the number of photons approaches infinity.

However, several unavoidable challenges arise
in the actual imaging process. The limited size of de-
tector pixels introduces statistical errors, commonly
known as pixelation noise (Thompson et al., 2002).
This error results from the statistical variance of the
flat-top function, which is caused by the inability to
precisely obtain the position of the photon within a fi-
nite pixel size. Additionally, quantum efficiency and
the pixel filling factor reduce the number of photons
that can be detected by the detector, meaning that not
all photons reaching the detector are captured. Con-
sidering these points, we have (see details in the sup-
plementary materials)

52+ (pa)?/12

<(Ax)2> N Nan
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where p is the sampling interval, which is the pixel
pitch of the detector divided by the magnification of the
system, equivalent to the pixel size in the raw image.
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n is the quantum efficiency, and « is the filling factor of
the pixels on the detector. Considering the sampling
requirements, p is often chosen to be much smaller
than s. At the same time, smaller p with larger # and «
can directly improve the localization precision, which is
also consistent with the tendency of detector selection
in practice. Eq. (3) and the above deductions are valid
for both one-dimensional (1D) and two-dimensional
(2D) cases.

Besides shot and pixelation noise, there are other
types of noise the power of which cannot be accurately
described. Based on their correlation with the signal,
they can be classified as additive noise or multiplica-
tive noise. Additive noise mainly comprises thermal
noise or other sources unrelated to the signal. The ad-
ditive white Gaussian noise (AWGN) model has long
been proposed and is widely adopted for analyzing
the impact of additive noise on imaging (Jain, 1989).
Meanwhile, multiplicative noise, which is directly re-
lated to the number of photons received by the detec-
tor, is often overlooked or incorporated into the ana-
lysis of additive noise (Sanches et al., 2008; Merhav,
2021). Multiplicative noise is usually generated by the
amplifier circuit or gain element in the system. Con-
fusing the two noise types introduces errors into the
analysis. Based on this, for 1D cases, the expected
uncertainty o, of the number of photons N, at x,, in-
volving both additive noise and multiplicative noise,
can be written as

0'[2:N,-+b%+(b2NOﬂ7)2, (4)

N = Noay -

; e ¥, (5)
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where b, represents the magnitude of additive noise
and b, represents the coefficient of multiplicative noise.
The localization estimate can be calculated by

1
N’

o?

i
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where N/ is the derivative of NV, evaluated at x,. Consid-
ering the case where the signal dominates and the noise
is suppressed, Eq. (6) can be incorporated into Eq. (2);
in particular, if the additive noise is much greater than
the number of photons, it can be rewritten as
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In contrast, if multiplicative noise is dominant, it
becomes

4 n s*b?

((ar)?) = === (8)

We can reach some primary conclusions from
expressions (7) and (8) (see details in the supplemen-
tary materials). Larger noise leads to a decrease in the
localization precision. In contrast to the pixelation noise
discussed above, the larger the pixel size, the smaller
the impact of background noise, and the higher the
localization precision. Therefore, the whole localiza-
tion uncertainty is written as

_s H(pa) 12 | 47 sb? . 47 s*b?
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A similar expression can be given for 2D cases:
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From this, we derive the effects of additive noise,
multiplicative noise, pixel size, and pixel filling factor
on the localization precision of single points in both
1D and 2D cases. However, these results do not ac-
cord with the actual situation. When the pixel size is
determined, minimizing s appears to improve the lo-
calization precision without limits. Additionally, the
localization uncertainty is smaller than the pixel size
even when the FWHM of the PSF is smaller than the
pixel size (Fig. S1 in the supplementary materials),
which conflicts with how positioning works. This is
because the sampling requirements are not considered.

According to the Nyquist sampling theorem, ef-
fective sampling occurs when the sampling frequency
is more than twice the frequency of the signal (Shannon,
1949). Therefore, the system requires »>2p to function
correctly (Fig. S1 in the supplementary materials),
where r is the FWHM of the PSF. To maintain consis-
tency throughout the study, we use s as the parameter
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characterizing the PSF width in the subsequent con-
text. Eq. (12) represents the direct mathematical rela-
tionship between r and s. To assess the effect of sam-
pling more accurately, we must calculate a lower bound
for the resolution under oversampling conditions:

2
Roversampling = ﬁ? (11)
(p-f)P
r=22In2s, (12)

where D is the spatial dimension of the detection,
fis the oversampling factor, and p is the density of
localization (Legant et al., 2016). Specifically, in the
1D case, D=1 and p=1/p. The factor f'=r/(2p), and it is
meaningful only if the system’s sampling frequency is
larger than the Nyquist sampling frequency. There is no
oversampling when r<2p; the factor f'can always be 1.
The threshold condition for s is expressed at s<0.85p,
but for clarity and ease of understanding, we retain r
in the equation. We give the total resolution as

— 2 2
Rtmal - \/Rlimit + R

oversampling (13)
In the 1D case, we have Eq. (14) (at the bottom
of this page). In the 2D case, we have Eq. (15) (at the
bottom of this page).
With the sampling requirements considered, we
finally derive the complete expressions for the resolu-
tion. These expressions reveal that the resolution width
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is positively correlated with the noise factor and neg-
atively correlated with the number of photons and quan-
tum efficiency. Additionally, the effects of the PSF
width, pixel size, and pixel filling factor on the reso-
lution are non-monotonic, meaning that direct infer-
ences about these parameters cannot be drawn from
the expressions alone.

3 Results

To obtain more insightful conclusions, we conduct
a quantitative analysis by controlling the variables.
First, we analyze the influence of noise on the local-
ization precision. A deterioration in the signal-to-noise
ratio (SNR) of the system degrades the imaging qual-
ity. The SNR expression y,,, including shot noise, ad-
ditive noise, and multiplicative noise, is given below.
Although shot noise is unavoidable, there are differ-
ent proportions of additive and multiplicative noise in
different systems. Distinguishing the effects of addi-
tive noise from those of multiplicative noise provides
guidelines for addressing each differently.

Vsn (16)

_ Non
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Using Eq. (16), we rewrite Egs. (14) and (15) as
Egs. (17) and (18), respectively (at the top of the next
page).
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In the presence of only additive noise, the SNR
of the system is approximately proportional to the
square root of the number of detected photons and al-
ways increases rapidly as the number of photons in-
creases. In the case of only multiplicative noise, the
SNR remains positively correlated with the number
of detected photons. However, as the coefficient of
multiplicative noise increases, the variation in the SNR
with respect to the number of photons becomes less pro-
nounced. Thus, more multiplicative noise in the system
will cause the system’s SNR to be less sensitive to
changes in the number of detected photons.

Although the SNR effectively characterizes the
system’s noise level, it is not sufficiently straightfor-
ward for quantitative analysis in systems where both
additive noise and multiplicative noise are present. To
analyze such systems, we select specific noise coeftfi-
cients and fix all the parameters except for the num-
ber of photons, PSF width, and pixel size for quanti-
tative analysis (Fig. 2). As the proportions of addi-
tive and multiplicative noise vary with different num-
bers of photons, we set each column to represent their
different proportions when the SNR is 10 dB at 1000 de-
tected photons. The results show that when the power
of multiplicative noise exceeds 50% of the total system
noise, increasing the number of photons amplifies the
effect of multiplicative noise, whereas reducing the
number of photons enhances the effect of additive noise.
In systems dominated by additive noise, increasing the
pixel size or reducing the PSF width improves the lo-
calization precision in most instances. This trend breaks
down when the number of detected photons is large,
suggesting that an optimal sampling ratio exists at high

SNR. Conversely, systems dominated by multiplica-
tive noise are less sensitive to variations in pixel size
and PSF width.

Similarly, in the 2D case, the trend of uncertainty
variation with the number of photons under the same
coefficients of additive and multiplicative noise is con-
sistent with that in the 1D case (Fig. S3 in the supple-
mentary materials). However, the overall uncertainty
in the 2D case is greater than that in the 1D case, and
it is more sensitive to changes in the number of pho-
tons, PSF width, or pixel size.

This analysis enables us to draw conclusions re-
garding the system uncertainty with respect to noise.
The ratio of additive to multiplicative noise in the
system is variable, and increasing the number of pho-
tons may shift the dominance of multiplicative noise
over additive noise. In systems dominated by additive
noise, increasing the number of photons is the most
effective strategy for reducing noise and improving
performance. Conversely, in systems dominated by
multiplicative noise, increasing the number of photons
yields limited benefits. In such cases, reducing the
PSF width or increasing the pixel size can improve
localization precision. Since significant adjustments
to the PSF width and pixel size are often impractical,
these findings primarily serve as theoretical guidelines
for practical experiments. While many image optimi-
zation techniques have been developed to address
additive noise, multiplicative noise continues to pres-
ent significant challenges. Thus, even as efforts are
made to minimize the multiplicative noise, the influ-
ences of the PSF width and pixel size should not be
overlooked.



1726

90%/10% 50%/50%

100%/0%

107

1072

PSF width (um)

107

1072

107"

102

=

Pixel size (um)

107"

1072

102 10°  10* 10°102 10° 10*

105102 10°  10*

Wang et al. / Front Inform Technol Electron Eng 2025 26(9):1721-1732

10%/90% 0%/100%
Resolution (um)

10*

10° 102 0°

10

10%102  10° 0*

Number of detected photons

(b)

Fig. 2 Localization precision as a function of the number of detected photons and PSF width (a) or pixel size (b). Each
column characterizes the different proportions of additive and multiplicative noise when the SNR is 10 dB at 1000 detected
photons. From left to right, in each column, the proportion of additive noise is 100%, 90%, 50%, 10%, and 0%. The
fixed parameter values are set as pixel size=10 nm (a) and FWHM of PSF=1000 nm (b). All the results are obtained when
a=100% and #=100%. References to color refer to the online version of this figure

After evaluating the noise, we continue to ana-
lyze the selection of the PSF width s and pixel size p.
These two parameters have a more complex effect on
the resolution than background noise, and their ratio
has a more critical effect on the system resolution than
either alone. Based on Eq. (17), we select a range of
N and SNR values to represent different illumination
conditions (Fig. 3). Fig. 3 shows that the SNR has a
more pronounced effect on the resolution than N. As
both s and p increase, the minimum resolution distance
also increases. Additionally, for a fixed PSF width,
there exists an optimal pixel size that minimizes the
resolution distance. This optimal value, which can be
determined by differentiating Eq. (17) with respect to
p (see details in the supplementary materials), can be
calculated as

v

~ 1.276s(1 -

1
Vsn / Nar] )

5
= 0.543r 11 .
Vsn /Nar]

(19)

|

For a fixed pixel size, there is an optimal PSF
width that enables the detector to achieve the best po-
sitioning effect when SNR is sufficient. This optimal
PSF width can also be calculated as (see details in the
supplementary materials)

0.548p 20)




Wang et al. / Front Inform Technol Electron Eng 2025 26(9):1721-1732

Expressions (19) and (20) reveal that simply re-
ducing the PSF width or the pixel size alone does not
necessarily improve the system resolution. Using a pixel
size that is too small relative to the PSF width intro-
duces excessive noise, while using a pixel size that is
too large to detect a small PSF fails to achieve high res-
olution due to insufficient sampling. Optimal imaging
performance can be achieved using Eq. (17) or (18),
where neither the pixel size nor the PSF width are
wasted.

Furthermore, systems can achieve super-resolution
only under well-illuminated conditions, as shown in
the highlighted areas in Fig. 3. When the SNR is low
or the number of photons is insufficient, even if the
PSF width and pixel size satisfy expression (19) or (20),
the resulting resolution is significantly larger than the
PSF width of the system, which undermines the goal
of single-point positioning. The lower bound of SNR
required to achieve higher resolution varies with the
number of photons. To achieve a resolution beyond
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the Rayleigh criterion, the SNR must exceed 4.93 dB
when N is 1000. Additional cases with a fixed SNR,
N, or f have corresponding lower bounds to achieve
the expected resolution, as shown in Tables 1 and 2.
According to expression (19), the oversampling factor f
should be slightly greater than 1 to achieve a resolu-
tion better than the PSF width. Inequality (21) gives a
lower bound of f for higher resolution enhancement ex-
pectations, where x represents the times of resolution
improvement (see details in the supplementary materi-
als). This condition essentially requires adherence to the
Nyquist sampling law. In practice, the oversampling fac-
tor range required to meet the expected resolution de-
pends on the SNR and the number of photons. Tables S1
and S2 in the supplementary materials provide the
lower and upper bounds of this range. As the number of
photons increases and the SNR decreases, the lower
bound of the oversampling factor range increases, while
the upper bound decreases inversely. Consequently, this
range narrows and eventually disappears. This result,

SNR=6 dB SNR=4.5 dB Resolution (um)

. T

/|
102107 1 10 102

1 10

PSF width (um)

Fig. 3 Resolution as a function of PSF width and pixel size in 1D cases. Each row has a different number of detected photons,
and each column has a different SNR. The SNR in the first column is exactly the square root of /V, which means that there is
no background noise. The shaded area indicates that the resolution does not exceed the Rayleigh limit. All the results are
obtained when ¢=100% and #=100%. References to color refer to the online version of this figure
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Table 1 Lower bounds of SNR with different numbers of
detected photons and oversampling factors to achieve
resolutions beyond the Rayleigh limit in 1D cases

) Lower bound of SNR (dB)

/ N=100 200 500 1000 2000
1.05 5.82 6.28 6.76 7.02 7.23
1.32 4.11 4.44 4.76 4.93 5.05
1.50 4.03 4.35 4.66 4.83 4.95
2.00 4.23 4.58 491 5.08 5.21
3.00 4.78 5.18 5.56 5.77 5.92
5.00 5.51 5.98 6.45 6.71 6.90

Table 2 Lower bounds of SNR with different numbers
of detected photons and oversampling factors to achieve
resolutions beyond the PSF width in 2D cases

Lower bound of SNR (dB)

4 N=100 200 500 1000 2000
1.05 7.19 7.87 8.60 9.02 9.35
1.32 6.12 6.66 7.21 7.52 7.75
1.50 6.22 6.77 7.34 7.66 7.90
2.00 6.72 7.35 8.01 8.39 8.67
3.00 7.51 8.29 9.13 9.62 10.00
5.00 8.34 9.30 10.39 11.05 11.60

although seemingly paradoxical, underscores the im-
portance of carefully considering sampling conditions
to achieve optimal resolution in noisier systems. Table 1
presents the minimum SNR required for different num-
bers of photons and oversampling factors to achieve
a resolution better than the Rayleigh limit in 1D cases.
The minimum SNR can be its lowest when f is ap-
proximately 1.50. Both larger and smaller oversampling
factors require an increase in the system’s SNR. There-
fore, setting the PSF width s to be more than three times
the pixel size p can make systems that expect a resolu-
tion to meet the Rayleigh limit better tolerant to noise.
When we expect x times the resolution improvement,
the optimal f'is approximately 1.50/x (see details in
the supplementary materials). This optimum value is
more like a recommended limit when x increases.

-1 L
Bl
1

X

@2y

=z[—

The same is given for 2D cases (Fig. S4 in the
supplementary materials). The trends and values do
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not change much compared with those in 1D cases.
However, decreasing the pixel size when the PSF width
is fixed decreases the slope of the isovalue line, mean-
ing that the magnitude of the increase in uncertainty
increases.

3
p = 0.722r o1
Vsn Na;/]
o @2)
3
—1608s[ L - 1)
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0.467p )
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e

The extrema of the PSF width and the pixel size
are calculated using the same method, as shown in
expressions (22) and (23). Compared to 1D cases, the
optimal pixel size for the same PSF width is larger. The
range of alternative oversampling factors under different
SNRs and numbers of photons varies in the same way
as in 1D cases (Tables S3 and S4 in the supplementary
materials). Table 2 presents the minimum SNR required
for different numbers of photons and oversampling fac-
tors to achieve a resolution better than the PSF width
in 2D cases. The optimal oversampling factor changes

to 1.32/x (see details in the supplementary materials).
The SNR required to achieve comparable resolution is
significantly higher than that in 1D cases. Additionally,
as the number of photons increases, the required mini-
mum SNR increases more rapidly, indicating that 2D
situations are more sensitive to noise.

Here, we provide guidance for selecting the opti-
mal ratio of PSF width to pixel size based on sampling
requirements in both 1D and 2D cases: for optimal imag-
ing resolution, these two parameters must be matched to
balance the effects of noise and sampling. Once other
parameters are determined, the optimal value for the
remainder can be calculated using expressions (19)
and (20) (or expressions (22) and (23) in 2D cases).
Additionally, the lower bounds for achieving super-
resolution are presented in Tables 1 and 2 and the sup-
plementary materials. However, in a specific system,
both the PSF width and pixel size are influenced by
other optical parameters that are not addressed in this
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discussion. The PSF width depends on the system’s
wavelength and numerical aperture, while the pixel size
is determined by the detector pixel pitch divided by the
magnification of the system. These parameters cannot
be adjusted arbitrarily, and some are interrelated, such
as the numerical aperture and magnification. Further-
more, for specific imaging targets, these parameters
may be constrained by factors beyond imaging per-
formance. For instance, in fluorescence imaging sys-
tems, the wavelength must match the dye spectrum
and cannot be freely changed. Therefore, optimizing
system parameter selection by combining application
requirements with imaging conditions is essential to
achieve the best possible system performance.
Finally, we consider the detector’s quantum effi-
ciency and pixel filling factor. The influence of these
two parameters on the localization precision is rela-
tively straightforward. Quantum efficiency impacts only
the number of detected photons, making it critical to
select a detector with the highest possible quantum
efficiency. The pixel filling factor affects the effec-
tive pixel area, which accounts for the number of de-
tected photons. Although increasing the effective de-
tection area introduces more pixelation noise, this ef-
fect is negligible compared to the uncertainty caused
by a reduction in the number of detected photons.
Pixelation noise becomes significant only when the
pixel size is several times larger than the PSF width.
In such cases, a conclusion can be drawn by analyz-
ing the previously derived equations. Therefore, max-
imizing both the pixel filling factor and the quantum
efficiency is recommended to optimize performance.

4 Discussion

In this paper, we provide detailed equations for
the localization precision and resolution of single-point
positioning systems. The parameters discussed reflect
the basic performance of the optical system and de-
tector. To reach general conclusions with practical guid-
ance, we simplify several issues, and some parame-
ters are not introduced. Instead, our conclusion stems
from specific condition constraints. It may introduce
specific variables into our formulations for more tar-
geted analyses of specific cases.

First, we adopt the Gaussian function to model
the PSF distribution, but our theoretical framework is
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not constrained to this choice. In practice, the actual
PSF distribution may be Bessel or another form that
may not fit a standard function (Janssen, 2002; Legant
et al., 2016). In such cases, numerical integration in-
corporating the experimentally determined PSF can be
substituted for Eq. (5). The Gaussian function used in
this study serves as a representative model that yields
instructive theoretical insights.

Aberrations are not included in our discussions.
Many systems incorporate aberration correction, and
the results can often be interpreted as aberration-free
(Snoeyink, 2013; Virant et al., 2017). However, in sys-
tems with aberrations, multiple aberrations may be
present, making it challenging to derive general con-
clusions (Tachi et al., 2021). For example, spherical
aberration can be seen as a superposition of PSF broad-
ening and multiplicative noise (Deng and Shaevitz,
2009). Numerical integration of the actual PSF distri-
bution can reflect spherical aberration to some extent.
However, aberrations like coma lead to asymmetrical
PSF distributions, resulting in incorrect single-point
positioning. Additionally, the points at different posi-
tions on the imaging plane have different PSF distri-
butions and localization precisions due to aberrations
(Hughes et al., 2023). The analysis of the influence
of aberrations on the positioning uncertainty is of no
general application value. In practice, it is more nec-
essary to eliminate the influence of aberrations as much
as possible through the adjustment of the optical de-
sign (Deng and Shaevitz, 2009; Izeddin et al., 2012)
or the correction of the algorithm (Liu S et al., 2024).
Thus, this paper does not delve into the effects of ab-
errations on localization precision, though this could
be explored further based on our work. The effects of
certain unavoidable aberrations on localization preci-
sion can be quantitatively analyzed by incorporating
the aberration-distorted PSF into our theoretical frame-
work. System instabilities, such as sample drift and
temperature fluctuations, which affect detection accu-
racy rather than precision, are also beyond the scope
of this discussion.

We do not specify a particular type of detector
in this study. However, our conclusions are applica-
ble across a broad range of detectors for single-point
positioning. The charge-coupled device (CCD), com-
plementary metal oxide semiconductor (CMOS), and
other systems that rely on photon detection at the pixel
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level can do so. However, several important parame-
ters that we did not account for can affect detector
performance. For instance, dark counts, which are false
detections of photons in the absence of light, can in-
troduce noise and reduce the overall signal quality. Sim-
ilarly, readout noise generated during the conversion
of the detected photons into an electrical signal can
further degrade the quality of the output image. These
noise factors, if unaddressed, can cause discrepancies
between the actual number of detected photons and
the true number of photons from the optical system,
thereby skewing the results. Another potential limita-
tion arises from detectors in which the electrical sig-
nal is not linearly related to the number of photons
received (Kfizek et al., 2011). Nonlinearity in the de-
tector response can lead to distortions of the PSF dis-
tribution, complicating the accurate estimation of the
localization precision. In cases where nonlinearity is
significant, advanced calibration techniques may be
required to mitigate these effects.

The discussion is limited to the 2D case, and the
three-dimensional (3D) case has not been explored,
primarily because fully developed volumetric detec-
tors are not yet available. Most existing 3D imaging
methods rely on axial slicing (Chen et al., 2014) or
computational methods that reconstruct 3D volumes
from 2D imaging data (Yu et al., 2016; von Diezmann
et al., 2017). In both methods, the precision of 3D po-
sitioning is heavily dependent on the resolution and
precision of the underlying 2D imaging system. In
addition, 3D reconstruction algorithms introduce fur-
ther uncertainties due to the mathematical models and
assumptions used, complicating the process.

Post-processing of the electrical signal is another
critical factor that can significantly influence local-
ization precision. Once the raw data are collected by
the detector, they typically undergo post-processing
algorithms aimed at refining the signal, reducing noise,
and correcting distortions introduced during detection.
These algorithms, such as noise reduction techniques
(Wolter et al., 2010), deconvolution (Mukamel et al.,
2012), and image reconstruction (Liu X et al., 2020;
Liu S et al., 2024), can play a crucial role in enhancing
the final resolution and accuracy of the imaging system.
For example, deconvolution algorithms are frequently
used to reverse the blurring effects introduced by the
optical system, leading to sharper images and more
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precise localization. While effective post-processing
can greatly improve localization precision, it also in-
troduces additional complexities, such as the risk of
introducing artifacts or biasing the final image if im-
properly applied. Our study, however, primarily focuses
on the performance at the detector level, examining
the inherent limitations and characteristics of the de-
tector itself without delving into the complexities of
post-processing. The influence of post-processing al-
gorithms, while important, falls outside the scope of
our current analysis. Future work could expand on this
by incorporating post-processing techniques to evalu-
ate how they interact with the detector’s raw data and
contribute to the overall system’s localization preci-
sion and resolution.

Additionally, the localization precision analysis
algorithm presented in this paper is primarily a theo-
retical tool designed to assist researchers in evaluat-
ing the impact of system parameter choices on final
results before conducting experiments. To analyze spe-
cific experimental data, our algorithm is mainly ap-
plied to data reconstruction rather than as a definitive
measure of final resolution. To assess the resolution
of specific experimental outcomes, frequency-domain
methods, such as Fourier ring correlation (FRC)
(Banterle et al., 2013), provide greater convenience and
broader applicability.

In conclusion, our study provides guidelines for
assessing localization precision and resolution in most
optical systems for single-point imaging. The effects of
background noise and sampling frequency are analyzed
in detail. The proposed model is fundamental and de-
tailed, allowing for general conclusions. Further com-
plexity can be introduced by refining the calculations,
such as substituting the PSF distribution in our equa-
tions. Additionally, our discussion does not limit the
system’s operating wavelength, making these conclu-
sions relevant for imaging in other electromagnetic
wavebands with similar propagation characteristics.
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