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Abstract—The goal of this paper is to find an optimal width
of circular region-of-interest (ROI) for the precise estimation
of 2D Gaussian profile parameters in the presence of additive
noise. The radius of circular ROI for the rotationally symmetrical profile can be represented as a product of the profile’s
STD and the factor of Mahalanobis distance k. The centre of
ROI coincides with the centre of the profile being estimated.
It was shown that in the case of a random sampling within
such circular ROI, the estimation accuracy of the leastsquares method is highly affected by the chosen factor k
for the constant number of random input samples and given
SNR. The differences in estimation accuracy are the results
of variations of profile data informativity for different ROI
widths. If sample positions are random variables uniformly
distributed within the circular ROI, it was derived that
the 2D Gaussian profile values as a function of random
variables follow the log-uniform distribution. Therefore, in
the paper we derive the differential entropy of log-uniform
distribution which is maximized with respect to the factor
of Mahalanobis distance k, thus yielding the optimal ROI
width. The theoretical results are verified using Monte-Carlo
simulation and we show that the loss of estimation accuracy
for other non-optimal widths is proportional to the reduction
of the profile’s differential entropy. Such a solution is valid
under a fixed number of samples as an estimation constraint.
However, for the case of sample density constraint, the
solution is different, as we will demonstrate in the paper.
Keywords—2D Gaussian profile fitting, differential entropy,
log-uniform distribution, circular ROI, Mahalanobis distance,
least-squares method

I. INTRODUCTION
The 2D Gaussian profile has a wide application in
many engineering fields that rely on image processing.
In microscopy, the 2D Gaussian function is used for localization [1], [2] and tracking [3] of fluorescent particles.
In astrometry, it is used for identification and tracking of
stars and localization of other motion-blurred celestial objects [4]–[6]. It has also applications in medical imaging,
e.g., in computational tomography [7].
The 2D Gaussian profile is commonly used to model
the blurring of a point source in the image plane. In
the case of a diffraction-limited optical system, it is
used to approximate the so-called Airy disk. Apart from
diffraction, the point source is blurred in the image plane
due to various sources of optical aberrations whose joint
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action corresponds to the convolution of their PSFs in the
spatial domain. This convolved PSF can be, according to
the central limit theorem [8], approximated again with the
2D Gaussian profile.
In this paper, we analyze the impact of the selected
width of region-of-interest (ROI) on the accuracy of 2D
Gaussian profile estimation. ROI defines the subset of
data points entering the estimation process where each
data point corresponds to a certain pixel position with its
corresponding intensity value. The selection of appropriate
ROI shape and width represents the critical issue for all
estimation methods.
Some approaches use a square ROI of fixed size centered at the previously coarsely estimated profile’s peak
position [5]. In this paper, we consider the rotationally
symmetric Gaussian profile and circular ROI defined as a
product of the expected profile’s standard deviation (STD)
σ and the factor of Mahalanobis distance k. Namely,
the samples placed on a circle of the same Mahalanobis
distance are the samples sharing the same profile value [9].
Such definition also includes profiles with a full covariance
matrix, that have elliptic ROIs instead of circular. Since
such a circular ROI width is determined by the profile’s
STD and the factor k, the appropriate selection of both
parameters is essential for the accurate estimation of the
profile. The importance of the precise determination of
both parameters can be described in the example of astronomical images where a 2D Gaussian function is used for
star objects identification and tracking. The underestimated
profile’s STD causes an unfair rejection of part of valid
samples and failures in actual object identification. On the
other hand, the overestimated profile’s STD causes the
retention of too many neighboring samples that are part of
the background or even profiles of different close objects,
thus leading to the identification of false objects. Nevertheless, even if the profile’s STD is precisely predicted,
the estimation accuracy depends on the chosen factor of
Mahalanobis distance k. For small values of factor k
and consequently narrower ROIs, the solution is estimated
from the central samples of Gaussian profile only; hence,
the solution is less affected by the additive background
noise or by the neighboring close objects. However, due to
the smaller number of data points used, the solution is less
accurate and would also be affected by a higher level of
Poisson noise closer it gets to the profile’s center. In order
to achieve the highest estimation accuracy of Gaussian
profile parameters from its sample values, a proper balance
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between these two opposing effects must be achieved by
selecting an optimal factor k.
We assume that the rough estimate of the profile’s STD
is known in advance and try to find the optimal factor k for
the precise LS estimate of 2D Gaussian parameters in the
case of additive Gaussian noise. Also, it is usually assumed
that the ROI consists of uniformly spaced samples, as
is the case for profile estimation from images. However,
some applications require estimation from random input
samples. Therefore, both ROI sampling types are considered. In the former case, the uniform sampling implies
uniformly spaced samples within the ROI with the same
pixel size along x and y directions. In the case of random
sampling, the number of input samples that are used for
the profile estimation process is fixed for different ROI
widths provided that a given signal-to-noise ratio (SNR)
is ensured. The input sample positions are considered as
independent continuous random variables drawn from a
two-dimensional process uniformly distributed within the
chosen ROI. Consequently, the 2D Gaussian profile values
become a deterministic function of a random variable
whose probability density function (PDF) is also derived
here.
Differences in total modeling error of LS estimate for
various ROIs can be explained as the impact of differences
in the information contained in the input data. The concept
of differential entropy is used to explain the information
loss for different ROI widths and consequently, the reduction of estimation precision [10]. Differential entropy, as
a relative measure of information content for continuous
random variables, is used to compare the informativity
of randomly picked samples from different ROI widths.
Differential entropy is maximized with regard to the
Mahalanobis distance k and optimal ROI width is found.
The differences in estimation error for different ROIs can
be directly predicted from the reduction of differential
entropy, as demonstrated in this paper. The prediction of
differential entropy reduction is also applied in the case
of uniform sampling, therefore removing the influence of
data informativity for different ROI widths, and retaining
only the linear dependence of the modeling error in the log
domain with the increase in the number of input samples,
−10 log10 (N ).
II. METHODS FOR 2D GAUSSIAN FITTING
This section gives a brief description of commonly
used methods for the estimation of 2D Gaussian parameters from noisy data. The choice of estimation method
depends on the required accuracy, computational costs,
and available prior knowledge of noise distribution and
its statistics [11]. The simplest method is the fast onestep method of moments where the first central moment
yields the expected profile’s peak position, while the
second moment yields the profile’s variances [12], [13].
The disadvantage of this method is a bias with usually
underestimated profile’s STD as well as sensitivity to noise
and the selected ROI. Nevertheless, it is used in real-
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time applications such as active single-particle tracking
due to low computational costs [14]. Iterative methods
include the methods that find the optimal solution either
in least-squares (LS) or maximum likelihood (ML) sense.
The most commonly used LS method minimizes the sum
of squared residuals [15]. It is a time-consuming method
whose accuracy strongly depends on the initial guess.
However, the LS method yields a solution without any
prior knowledge of noise statistics, but not necessarily
the optimal one. On the other hand, Maximum likelihood
estimation (MLE) iteratively searches for the most likely
parameter set that generated the observed data [16]. The
MLE yields an unbiased minimum variance solution, i.e.,
achieves the Cramer-Rao bound, but requires a large
number of input samples and a prior knowledge of noise
distribution. Both LS and MLE methods involve solving
the system of nonlinear equations using some of the optimization procedures such as quasi-Newton method [17],
simplex method [3], Levenberg–Marquardt algorithm [18],
etc. To simplify the problem of nonlinear optimization,
authors of [19] proposed estimation of the 2D Gaussian
parameters in the log domain. However, only the case of
uncorrelated 2D Gaussian profile was considered in [19]
where the problem of nonlinear optimization was simplified to polynomial fitting. Furthermore, the influence
of noise was neglected, and it was assumed that the
background was removed. In this paper, we used the LS
method for 2D Gaussian parameters estimation in the
domain of values and analyzed its accuracy concerning
different ROI widths.
III. PDF OF G AUSSIAN PROFILE ’ S VALUES
To simplify the mathematical presentation and corresponding derivations, we will describe the case of continuous rotationally symmetric 2D Gaussian profile with the
peak position µ = 0, that has a diagonal covarince matirx
and circular ROI, but the results can readily be generalized
to an arbitrary profile with full covarinace matrix. The
profile can be described in polar coordinates (r, θ) as
 −r2 
, z ∈ [A exp (−k 2 /2), A] (1)
z(r, θ) = A exp
2σ 2
where A represents the profile’s peak value, σ = σx = σy
is the profile’s STD, and r is the radius in the range
[0, kσ]. The maximal value of radius r is expressed using
the profile’s STD σ and the selected factor of Mahalanobis distance k, thus representing the maximal width
of the enclosed circular ROI. If X and Y are random
variables uniformly distributed within the circular region
D = {(x, y)|x2 + y 2 ≤ (kσ)2 }, their joint PDF fXY (x, y)
is
(
1
if (x, y) ∈ D
2 ,
(2)
fXY (x, y) = (kσ) π
0,
otherwise.
For transition to polar coordinates (R, θ), the method of
transformations is used as follows
x = r cos (θ) = h1 (r, θ),
y = r sin (θ) = h2 (r, θ), r ≥ 0, 0 ≤ θ ≤ 2π,

(3)
(4)
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fR,θ (r, θ) = fX,Y (h1 (r, θ), h2 (r, θ))|J|,
" ∂h

1

|J| = det

∂r
∂h2
∂r

∂h1
∂θ
∂h2
∂θ

#
= det

"
cos θ

−r sin θ

sin θ

r cos θ

(5)
#
= r.
(6)

Thus, the joint PDF fR,θ (r, θ) can be expressed as
(
r
if r ∈ [0, kσ], θ ∈ (0, 2π)
2 ,
fR,θ (r, θ) = (kσ) π
0,
otherwise.

(7)

Since R and θ are random variables, the value of Gaussian
profile can also be considered a random variable Z, that
is actually a deterministic function of R and θ. To derive
the PDF of Z, its CDF FZ is firstly calculated as follows
ZZ
FZ (z) = P (Z ≤ z) =
fRθ (r, θ)drdθ
(8)
D
Z 2π Z kσ
r
=
drdθ
(9)
(kσ)2 π
r
0
Z 2π Z kσ
r
drdθ
(10)
=
√
z (kσ)2 π
−2σ 2 ln A
0
2
= 1 + 2 (ln z − ln A).
(11)
k
Finally, the PDF of Z can be found by differentiating FZ
dFz (z)
2
= 2.
(12)
dz
zk
The obtained PDF follows the log-uniform distribution for
random variable Z in the range [a, b] as fZ (z) = z ln1 b ,
a
where the random variable Z is the Gaussian profile’s
value with the minimum value a = A exp(−k 2 /2) at the
ROI edge where r = kσ and the maximum value b = A
at the profile’s center. Finally, the expression for the PDF
of Z becomes
1
2
fZ (z) =
(13)
= 2.
A
zk
z ln A exp(−k2 /2)
fZ (z) =

The mean of fZ (z) can be calculated as
Z A

−k2
2A 
2
µZ = E[Z] =
,
zf
(z)dz
=
1
−
e
Z
2
−k
k2
Ae 2
while the variance of fZ (z) equals
Z A
V ar(Z) = E[(Z − µz )2 ] =
(z − µz )2 fZ (z)dz
−k2
Ae
2 −k2

=

A e

(e

k2
2

2

k2
2

− 1)(e (k 2 − 4) + k 2 + 4)
.
k4

IV. D IFFERENTIAL ENTROPY OF THE LOG - UNIFORM
DISTRIBUTION OF G AUSSIAN PROFILE ’ S VALUES
Differential entropy is based on Shanon discrete entropy,
but for continuous random variables. Although it keeps
some properties of the discrete entropy, there are some
differences (e.g., it can take on negative values). Differential entropy does not measure an absolute uncertainty but
rather measures the change in the uncertainty of random
variables concerning some parameter. High differential
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entropy implies a large dispersion of sample values within
the sample space and vice versa [10].
Let’s assume a continuous rotationally symmetric 2D
Gaussian profile with the values in the range from the
minimal value a = A exp(−k 2 /2) at the ROI edge where
r = kσ to the maximal value b = A at the ROI center
where r = 0. If X and Y are random variables uniformly
distributed inside the circular region, according to (12),
the distribution of the profile’s value Z is log-uniform and
its differential entropy is given by
Z b
 bk 2  k 2
− nats.
hZ = −
ln(fZ (z))fZ (z)dz = ln
2
4
a
(14)
The differential entropy is a relative measure of information content contained in the data. In our case, we
would like to find the optimal width for profile sampling to
obtain the maximal information of the profile parameters:
profile’s STD, peak position, and amplitude. It can be
expected that the random sampling of narrow ROIs will
yield samples similar to the profile’s peak value, but of
the small variance and thus of small informativeness. On
the other hand, the sampling at wider ROIs (e.g., r = 3σ,
where 99.7% of the profile is enclosed or even wider) will
yield mostly the samples of small values with the reduced
information about the Gaussian profile’s shape. Thus, let’s
maximize differential entropy with respect to the factor of
Mahalanobis distance k
−(k 2 − 4)
∂hZ
=
= 0.
(15)
∂k
2k
It turns out that the differential entropy is maximized for
k = 2 and it equals
hZmax = hZ (k = 2) = ln(2A) − 1.

(16)

Now, we can find the expression for the reduction of
differential entropy for Mahalanobis distances k > 2 or
k<2
 k2  k2
∆hZnats = hZ − hZmax = ln
−
+ 1, (17)
4
4
∆hZbits = ∆hZnats / ln 2,
(18)
∆hZdB = ∆hZbits · 20 log10 2.

(19)

This difference indicates how much the noise level has
to be additionally reduced compared to the optimal case
for k = 2 to preserve the same relative ratio between the
information content of the profile’s values and added noise.
Also, it can be seen that this difference depends solely on
the selected factor of Mahalanobis distance k.
In the case of additive noise with spatially uniform
distribution within ROI, we defined the nominal SNR
as the ratio of the profile’s peak amplitude b = A at
the profile center ((x, y) = µ) and the noise standard
deviation according to
b
.
(20)
σn
Since the differential entropy of the noise is constant
irrespectively of ROI width, while the profile’s differential
SN RdB = 20 log10

MIPRO 2022/CIS-AIS

entropy is width dependent, the noise level needs to be
additionally reduced if k is not equal to k = 2, according
to the formula
σnreduced = σn · 10(∆hzdB /20)

(21)

Fig. 1a shows the reduction of differential entropy for
different values of factor k compared to the maximal
entropy for k = 2. E.g., for k = 0.39, the reduction
of differential entropy equals ∆hzdB = −20.04 which
means that the magnitude of the noise must be about 10
times smaller compared to the nominal case for k = 2.
Analogously, if k = 4.42, the reduction of differential
entropy is ∆hzdB = −19.96 which again means that
the magnitude of the noise should be 10 times smaller
than for k = 2 to maintain the same difference of
differential entropies of profile and noise. A commonly

The difference between the natural logarithm of the square
root of the variance and the differential entropy is shown in
Fig. 1b. The limit of
p this difference as k approaches
√ to zero
equals limk→0 ln V ar(Z) − hZ = − ln(2 3) nats =
−10.79 dB. This difference decreases with increasing of
k and for k = 2 equals −9.66dB, while for k = 3.684
equals zero. However, with further increase of k, the
difference becomes positive and increases steeply. Finally,
for k = 4.56, the difference will be the same as for k = 0,
but of opposite sign. To sum up, for ROI widths from
k = 0 to k = kmax = 4.56, the difference between the
actual differential entropy and its prediction calculated as
the logarithm of the second root of the variance of the
profile samples will be in the range between ±10.8dB.
Consequently, instead of such simplified variance-based
information measure, the actual derived ROI-dependent
differential entropy expression must be used to avoid such
prediction error of estimation performance.
V. E XPERIMENTS AND RESULTS

(a)

(b)

Fig. 1: 1a Differential entropy reduction compared to the
nominal case for k = 2, 1b Difference between the
natural logarithm of the square root of the variance and
the differential entropy in nats for different factors k
used approximation of the information content of a noisy
signal is based on a conventional SNR ratio in dB, defined
as a logarithmic ratio between signal and noise variances.
Such a simple measure is very useful for a certain class
of signals, e.g. harmonic signals and/or Gaussian white
noise, in particular for those whose differential entropy is
primarily determined by their logarithmic variance with a
fixed constant offset term that depends only on the shape
of signal’s PDF. However, such a simplified measure is
not suitable for noisy samples of a Gaussian profile signal,
due to the strong dependence of its PDF and its differential
entropy on the ROI width. Let’s bring differential entropy
into direct relation with the profile variance and investigate
how this relation depends on the factor k. The peak
amplitude b can be expressed as a function of differential
entropy and the radius k as b = 2/k 2 exp (hZ + k 2 /4)
while the amplitude at the ROI edge equals as before
a = b exp (−k 2 /2). Using such a definition of the peak
and the edge profile’s amplitude, we can evaluate the
expression for the variance of the profile’s samples. It turns
out that the differential entropy in nats and the natural
logarithm of the square root of the variance are directly
comparable except for the offset that again depends on
chosen radius k


p
k2
k2
ln V ar(Z) = hZ + 1/2 · ln k 2 e 2 − 4e 2 + k 2 + 4
 k2

+ 1/2 · ln 4e 2 − 4 − 4 ln k − 1/4 · k 2
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To show the accuracy of the commonly used LS method
in the estimation of the 2D Gaussian profile parameters
for different ROI widths, two experiments were made.
In both experiments, the Monte Carlo simulation was
performed. In each trial, a random measurement set was
generated based on the Gaussian profile model with given
parameters which was corrupted with additive Gaussian
noise with the selected noise level. After LS estimation of
model parameters from the input set of noisy samples, the
estimated model was compared with the given model and
the total modeling error in dB was determined according
to the formula:
P
2
j∈eval (zˆj − zj )
P
[dB],
(22)
r = 10 log10
2
j∈eval zj
where ẑj represents the estimated model value, while zj
represents the actual profile value for jth sample position,
and eval represents the set of sample positions within an
arbitrary evaluation grid. In our case, the dense evaluation
grid eval was chosen as uniformly sampled circular region
of fixed-width r = 3σ determined by the specified model
and its STD, with equal x and y spacing of σ/10. In the LS
estimation process, the six parameters of the 2D Gaussian
profile were estimated from the noisy data: semiaxes
widths λ1 , λ2 , the rotation angle ρ, the profile’s peak
position µ = [x0 , y0 ] and the linear profile scale Al . The
estimated parameters were used to synthesise the 2D Gaussian profile which was compared with the given profile
specified with [λ1 , λ2 , ρ, x0 , y0 , Al ] = [1, 1, 0, 0, 0, 100].
The total modeling error was used as an aggregate measure
of the estimation accuracy of all estimated parameters
since it measures the sum of squared modeling residuals
caused by model mismatch. The mean estimation error
of the LS method was compared for SNRs from the set
SN RdB = {20, 40, 60, 80}, and Mahalanobis distances
k from the set k = {0.5, 1, 1.5, 2, 2.5, 3} with and without compensation of differential entropy reduction. Input
samples were corrupted by additive noise provided that
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given SNR within the region was ensured. Noise standard
deviation was calculated from (20) for the nominal case. In
the case of differential entropy compensation, the reduced
σnreduced was calculated from (21).
A. Random sampling of circular ROI and fixed number of
input samples
In the first experiment, the 2D Gaussian profile was
estimated under the constraint of a fixed number of random
input samples. For each (k, SN R) pair, 100 and 10000
input sample positions were randomly picked from uniformly distributed points within circular ROI determined
with factor k and specified profile’s STD. Thus, the
number of estimation input samples was fixed, but the
density of the samples was decreased with increasing ROI
width. For the case of 100 input samples, the number of
trials in Monte Carlo simulation was 5000, while for the
case of 10000 input samples, the number of trials was 50
to ensure the same total number of randomly picked input
samples and thus the same variance of estimation error for
both cases.

behave almost identically with respect to the varying
Mahalanobis radius k, with individual curves displaced by
approximately 20 dB as a result of the chosen measurement noise level that was incremented in steps of 20 dB.
The effect of the 100-fold increase of the number of data
samples can be observed by comparing plots in Fig. 2a
and Fig. 2c which are only displaced by 20 dB due to
averaging and effective
√ reduction of the noise level by an
expected factor of N . There can be also seen that for
narrower ROIs, the modeling error is larger due to reduced
information contained in these data, i.e. due to lower
differential entropy. Namely, in such narrower regions,
the input samples have large values close to the profile
peak value but their variance and thus informativity is
reduced. The same effect can be seen for wider ROIs with
a lot of small values close to zero where additive noise
is dominant and these samples do not bring any useful
information about the profile’s parameters. Fig. 2b and
Fig. 2d show the estimation error with the compensation
of differential entropy reduction for wider and narrower
ROIs compared to the ROI for k = 2. It can be seen
that analytical expression for differential entropy reduction
correctly predicts the estimation accuracy loss since the
estimation errors became independent of ROI width since
the errors are almost the same for all ROI widths. The
increase in the number of input samples from 100 to 10000
again only vertically shifts the parallel lines of estimation
errors by -20 dB.
VI. U NIFORM SAMPLING OF CIRCULAR ROI

(a) Number of random samples (b) Number of random samples
ns =100, experiments without
ns =100, experiments with
differential entropy
differential entropy
compensation
compensation

(c) Number of random samples (d) Number of random samples
ns =10000, experiments
ns =10000, experiments with
without differential entropy
differential entropy
compensation
compensation

Fig. 2: Mean modeling errors in dB for diffenent ROI
widths and nominal SNRs denoted with: red - 20 dB,
green - 40 dB, blue - 60 dB, black - 80 dB.
The results are shown in Fig. 2. Fig. 2a and Fig. 2c
represent the averaged total modeling errors for the cases
of 100 and 10000 input samples respectively for different
ROIs and SNRs when compensation of differential entropy
was not applied. In both figures, the modeling errors
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In the second experiment, the parameters of the 2D
Gaussian profile were estimated under the constraint of
fixed sample density. The circular region was uniformly
sampled along both x and y directions (dx = dy), thus
ensuring that the number of estimation input samples for
particular k quadratically depends on the ratio of the
profile’s STD and the pixel size. Namely, the number of
input samples can be directly calculated from the ratio
of the circular ROI area PROI = (kσ)2 π and the pixel
2 2
σ π
= kdxdy
= k 2 fσ2 π,
area Ppix = dx · dy as N = PPROI
pix
σ
σ
where fσ = dx = dy is the ratio of the profile’s STD
σ and the pixel size (dx = dy). In this experiment, the
given semiaxes width was set to σ = 1, while dimensions
of the squared pixel were chosen as dx = dy = 0.25 to
ensure the sufficient number of input samples required for
estimating all six 2D Gaussian parameters using the LS
method even for the narrowest ROI width of k = 1/2 (the
number of input samples has to be at least equal to the
number of unknowns). For each (k, SN R) pair the Monte
Carlo simulation with 50 trials was performed for the cases
with and without the compensations of differential entropy
reduction for different values of factor k. As discussed,
the wider ROIs ensure a quadratically larger number of
input samples as it is shown in Fig. 3. Therefore, the total
modeling error is expected to decrease proportionally to
10 log10 (N1 /N2 ) = 20 log10 (k1 /k2 ) where k1 > k2 and
N1 > N2 .
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Mahalanobis distance k yields the optimal ROI width for
k = 2. Random samples uniformly sampled within such
an ROI contain the maximal informativity and randomness
in the case of additive Gaussian noise contamination.
Smaller and larger values of factor k than k = 2, reduce
the estimation accuracy. In the case of uniformly spaced
samples with fixed ROI density, the total modeling error
in dB reduces with wider ROI with the slope of 10 dB
for each 10-fold increase in the number of samples after
the compensation of variations in data informativity and
differential entropy is applied.
Fig. 3: Number of input samples for different ROI
widths, σx = σy = 1, dx = dy = 0.25
It can be seen that with increasing the ROI width from
the minimum Mahalanobis distance k = 0.5 to the maximum for k = 3, the number of input samples increases 36
times (k12 /k22 = 32 /0.52 ), thus the expected modeling error should reduce by 10 log10 (36) = 15.5dB. However, in

(a) Without compensation of
differential entropy reduction

(b) With compensation of
differential entropy reduction

Fig. 4: Mean of total modeling errors in dB for 50 trials
Fig. 4a that shows the mean modeling errors in dB without
compensation of profile’s differential entropy reduction,
the improvement in estimation accuracy from k = 0.5 to
k = 3 is twice as large, amounting to almost 30 dB. Also,
for factor k > 2, the estimation error goes into saturation,
thus meaning that further increases in the number of input
samples (and corresponding ROI width) do not reduce the
estimation error. On the other hand, Fig. 4b shows the
results for the case when differential entropy reduction
is compensated. It can be observed that the estimation
error in dB corresponds to the descending line with the
slope −10 log10 (N1 /N2 ) as expected. We can conclude
that the derived formula for differential entropy reduction
completely compensates for the accuracy reduction caused
by the loss of profile’s informativity contained in the
uniformly sampled data with constrained density.
VII. C ONCLUSION
The total modeling error of the LS estimate of 2D
Gaussian parameters depends on the selected ROI width.
Differences in differential entropy for different ROI widths
predict the reduction of estimation accuracy very well. The
maximizing of differential entropy concerning the factor of
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