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Abstract—This paper proposes a solution to the problem of
estimating object dimensions from a noisy image. Image noise
can be produced by the physical processes of imaging, or can
be caused by the presence of some unwanted structures (e.g.
soft tissue captured in X-ray images of bones). We suppose that
the data are drawn from uniform distribution on the object of
interest, but contaminated by an additive error having normal or
Laplace distribution. The software for border estimation of an
object registered in such manner has been developed, and brief
description of its key functions is given. The software is able to
estimate the borders of an object on a given line that intersects
it, as well as to estimate its area. Its input data may be numerical
data, as well as images in JPEG format.

Keywords—noisy image, additive error, border estimation, area
estimation

I. INTRODUCTION

The problem of estimating borders of the data measured
with error arises in many situations, e.g. capturing the object
by a fluorescent microscope (see [10]), a ground penetrating
radar, X-ray or ultrasound machines, etc. Various edge detec-
tion techniques are developed (see [6], [9]), but they are not
always effective.

We suppose that the data resulting from recording the object
are from random variable X , such that X = U + ε, where
U is uniformly distributed over the object of interest, and ε
represents measurement error (see [1–4], [11]). Consequently,
our model takes series of data points representing the object
of interest as an input (see Fig. 1).

The model is capable to solve one-dimensional problem,
such as detecting the edges of an object on the given line
which intersects it. Furthermore, it is possible to solve two-
dimensional problems, i.e. to estimate object’s area, assuming
the object to be circular or elliptical shape. Two-phased
procedure dealing with this problem can be seen in [2], [11].

We developed the software (R package) that utilize the
algorithms (see [1–4], [11]) for border estimation of an object
captured with additive error. Another feature of the software
is area estimation of object captured on the same way.

This paper is organized as follows. In Section II we de-
scribe the problem and introduce a model implemented in the

estimation. We also give a short description of the algorithm
for a two-dimensional model. In Section III key functions of
the software for border and area estimation are described and
example of its output is given. Section IV gives concluding
remarks and presents future work in the field.

II. THE PROBLEM

A. One-dimensional problem

Let U be a uniformly distributed random variable on the
interval [−a, a] for some a > 0, which is to be estimated but
its realizations cannot be observed directly. Density function
of U is given as

fU (x; a) =

{
1
2a , x ∈ [−a, a]
0, otherwise.

(1)

Fig. 1: Data points



Further, let ε be an error with zero mean, independent of
U . Density function of ε in the case of normal distribution is:

fNε (x) =
1

σ
√
2π
e−x

2/(2σ2) (2)

and in the case of Laplace distribution:

fLε (x) =
1

2λ
e−|x|/λ (3)

Finally, we observe the variable

X = U + ε, (4)

having density function

fX(x; a) =
1

2a
(F (x+ a)− F (x− a)) (5)

where F is distribution function of an error ε.
Our goal is to estimate the parameter a > 0. A scaling

parameter σ > 0 (in the case of normal error distribution)
or λ > 0 (in the case of Laplace error distribution) is also
important as it controls the error variance in the model.

The most common assumption is that error part ε has a
normal distribution with zero mean. This case with known
variance is described in [1]. If the variance is not known,
estimators such as MME (method of moments estimator) or
MLE (maximum likelihood estimator) can be used. Mentioned
estimators are suggested and compared in [1], [12].

However, model based on normal error is not robust if
there are many outliers in the data. A possible solution to this
problem is to use Laplace error model instead of normal. This
kind of model and comparison of its estimators are analysed
in [4]. Other error distributions (e.g. student) could be used,
as well as two mentioned.

B. Two-dimensional problem

To determine a discrete approximation for the border of
the domain (i.e. object), we reduce the original problem to
several corresponding one-dimensional problems of estimating
the width of the uniform distribution if data are measured with
a normal or Laplace additive error described in the previous
subsection.

Let us denote the set of the data points with D =
{(xi, yi), i = 1, . . . , n}. Firstly, we will transform this data
set. This could be done in two different ways, through the y-
axis and through the x-axis. Below we present the algorithm
for transformation through y-axis, while the transformation
through x-axis can be done analogously.

ALGORITHM 1 (Transformation through the y-axis)

Step 1 separating through y-axis
Choose an integer m < n and real numbers η1 < η2 <
· · · < ηm such that
(i) η1 ≤ min{yi : i = 1, . . . n}, max{yi : i = 1, . . . n} ≤

ηm and
(ii) Ck := {(xi, yi) ∈ D : yi ∈ [ηk, ηk+1]} is a nonempty

set.
Step 2 centering through y-axis

Let us denote

ck :=
1

|Ck|
=

∑
(xi,yi)∈Ck

xi, dk :=
1

|Ck|
=

∑
(xi,yi)∈Ck

yi,

k = 1, . . . ,m− 1

For k = 1, . . . ,m − 1 define Ck := {xi − ck : (xi, yi) ∈
Ck}.

Using this algorithm we have transformed the data in
the way that we have sets Ck that represent centered tiny
strips. Length of these strips (in x-direction) can be estimated
using the one-dimensional model and the estimation method
mentioned in the previous subsection. Thus, at this point of the
procedure, we have created the data that are a noisy version
of points from the curve – the border of the domain.

The next task is to choose one of the well-known curve
fitting procedures for parameter estimation. Here we deal with
a nonlinear parameter estimation problem for the errors-in-
variable model (see e.g. [8])

Let us suppose that we have an elliptical domain. i.e.

D(p) =
{
(x, y) ∈ R2 :

(x− p)2

α2
+

(y − q)2

β2
≤ 1

}
,

p = (p, q, α, β)T .

On the basis of data obtained so far we have to estimate
the vector of unknown parameters p. Two possible methods
for doing so are described in [2] for the normal error, and [4]
for the Laplace error.

III. LEAREST PACKAGE

Using the model and estimation methods discussed pre-
viously, we have developed the software for border and
area estimation of data measured with additive error. Due to
recent popularity of R programming language in statistical
applications, software is designed as R package and published
in the official repository of R packages, CRAN (see [5]).
The package provides implementation of border and area
estimation algorithms, whether the observed object is defined
numerically or recorded in JPEG picture.

Below we describe the most important features of the
package.

A. Border estimation
This is the essential function of the package. It computes the

length of an interval that is the domain of uniform distribution
from data contaminated with additive error. Input data to this
function is numerical vector. One can select error distribution
of the input data between normal, Laplace and scaled Student
distribution with 5 degrees of freedom. Error variance can be
estimated using ML or MM estimator, or given explicitly to
the function. One of the features of this function is estimating
the confidence interval, so confidence level must be given.

Output of this function consists of estimated half-width
of uniform distribution (a from expression 1), error variance
(estimated or given), confidence interval for half-width and
the method for computing a confidence interval that was used
(asymptotic distribution of ML or likelihood ratio statistic).



Fig. 2: Estimated area of the numerically described object

Fig. 3: Estimated area of the object captured on picture

B. Area estimation

Purpose of this function is area estimation of the numer-
ically described object in plane. It should be used if one
has a data set of uniformly distributed points on an elliptical
domain in the plane but captured with additive errors. The
estimation algorithm takes many horizontal and vertical slices
of the object, as described in Algorithm 1. Number of slices
is input parameter to this function and can be arbitrarily set.
Further, border estimation function, described previously, is
called for each slice. By doing so, points on estimated border
of the object’s edge are obtained. Finally, ellipse is fitted to
that set of points using algebraic ellipse fit method based on
least squares criterion (see [7]).

Function outputs generated set of border points, resulting
ellipse’s semi-axes and it’s area. It optionally plots border
points and the estimated ellipse on the top of input points
(see Fig. 2).

Data for the area estimation process can be loaded from the
picture, as well as numerically. For that purpose, web interface
has been developed. Fig. 3 shows estimated border of a marble
surface inhabited by colonies of black fungi (taken from [13]).

IV. CONCLUSION

In this paper method for border and area estimation of data
measured with additive error is proposed. Computer software
for one- and two-dimensional estimation has been developed.
For its use, only the statistical distribution of an additive error
must be known.

Future work will consist of rewriting computationally inten-
sive routines in C++ programming language in order to achieve
performance enhancements. Furthermore, we are going to
develop an interface for testing if there is a change in size
of the same object captured at different times. We will also
implement more error distributions, subsequent to analysing
their applicability.
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