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Geometrical compensation for protein expression
profiling in fluorescence microscopy

Sofia Esménio, Joana Figueiredo, Raquel Seruca and J. Miguel Sanches, Senior, IEEE,

Abstract—Immunofluorescence (IF), is a current technique
for the qualitative analysis of expression and distribution of
biomolecules within cells and tissues. However, IF analysis still
shows various limitations since no quantitative parameters can
be extracted from the visual inspection of stained slides.

In this paper, a new approach is proposed for the quantification
of the level of expression and the pattern of cellular distribution
of proteins using a quantitative bioimaging analysis. This new
strategy uses IF slides and characterizes the average internuclear
and radial expression profile of E-cadherin, as model protein.

To validate, in biological terms, our novel IF quantification
tool we used a set of E-cadherin germline mutations associated
to gastric cancer.

In some of these mutants the normal trafficking is impaired
leading to aberrant protein expression profiling.

Since dysfunctional E-cadherin is likely to interfere with cell
cytoskeleton it was of crucial importance to control the variability
of cell shape within our system.

A Bayesian algorithm is proposed to compensate for devia-
tions in relation to spherical ideal reference shape, needed to
compute average internuclear and nucleus-to-membrane radial
distribution profiles of the molecule. The profiles are anchored
in the geometrical centers of the cell nuclei, obtained from DAPI
plane, and no information about membrane location is used. This
is an important point because membrane segmentation may be
difficult, inaccurate and time consuming, and not essential for
intensity distribution characterization purposes.

The proposed method is tested with synthetic data and
illustrated with real IF images of in vitro cell cultures analysed
for E-cadherin with a tagged antibody.

I. INTRODUCTION

Fluorescence is the basis of several microscope image
modalities extensively used in biological and medical research,
e.g., time-lapse microscopy [1], confocal laser scanning mi-
croscopy (CLSM) [2] and spinning disk [3].

Image processing of this type of images is usually for
denoising [4], tracking [5], shape characterization and detec-
tion [6], counting [7] purposes and extraction of quantitative
measures with biological meaning [8].

The motivation of this work is to develop a methodology to
extract quantitative parameters from IF slides and verify their
association to the presence of functionally relevant mutations
that impair the normal pattern of protein expression. E-
cadherin has a pivotal role in cell-cell adhesion and is localized
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Técnico, University of Lisbon.

Joana Figueiredo and Raquel Seruca are with IPATIMUP - Institute of
Molecular Pathology and Immunology of the University of Porto, Portugal.

Corresponding author: J.Miguel Sanches, email:jmrs@ist.utl.pt,
home:http://www.isr.ist.utl.pt/˜jmrs
This work was supported by the FCT project [ PEst-OE/EEI/LA0009/2011]

mainly at the adherens junction of the cell membrane. The
quantification of its concentration at the membrane, where
it plays a key role in cell-cell attachment, is crucial to
ascertain its steady function. In the wild-type context and in
homeostatic situations, the level of E-cadherin expression at
the cytoplasm is low and uniformly distributed and this is
due to its normal recycling. To characterize the distribution
of E-cadherin expression we collected a series of IF images
and in each image two types of profiles were developed:
the Radial (RD), corresponding to radial profiles anchored at
the nucleus geometrical center of each individual cell from
different angles; and the Internuclear (IN), corresponding to
sets of parallel intensity profiles extracted between pairs of
neighboring cells.

Fig. 1. Internuclear and Radial Profile Extraction.a) Pairs of selected nuclei,
b) Final IN Map, c) Nucleus centered ROI, d) Final RD profile

The cells and pairs of cells used from each image were
selected by the operator to exclude from the analysis all
negative cells. These negative cells may represent technical
pitfalls of IF or protein degradation.

The main challenge is to compensate, in these profiles, cell
geometry and size deviations in order to obtain an accurate
definition of E-Cadherin distribution profile. In this paper a
new shape invariant method is proposed to compute average
intensity of profiles extracted from fluorescence images with
tagged molecules, e.g. E-cadherin, as illustrated in Fig.1.

Geometric compensation is a common procedure in several
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image modalities, mainly for registration purposes [9]. The
main goal is to compare and align objects with a wide range
of shapes and sizes. The general strategy in this type of
algorithms consists on the estimation of a geometric trans-
formation, rigid or non-rigid [10], by optimizing a metric of
similarity in order to make the objects under alignment as
similar as possible in terms of shape and size [11]. Geometric
compensation in images of microscopy is mainly used for
segmentation and tracking [12], [13] purposes.

This paper proposes a Bayesian method to estimate the
representative profile of the molecule. In our methodology it
is assumed that each profile is a geometrical and intensity
distorted version of an unknown ideal profile that needs to be
estimated.

The algorithm is composed of the following main steps:
i) Profile extraction from selected single cells (in case of
RD) or pair of cells (in case of IN), as illustrated in Fig.1;
ii) Image map building by putting these profiles together in
columns of the map after length normalization (see Fig.1
b)); iii) Denoising, where the Poisson noise corrupting this
type of fluorescent data is attenuated by processing the map
image with the denoising algorithm described in [4]; iv)
Geometric compensation of each 1D column profile aiming
at minimizing the overall variability of the map along the
lines (horizontal direction); v) Average and standard deviation
profile computation from the compensated map.

The geometric compensation is the key step of the proposed
algorithm. This method, that models map columns as a finite
dimension continuous field estimated from the intensities of
the profiles, is divided in three major steps: Intialization,
Similarity Interpolation, Observation’s position adjustment. In
initialization, a function y = f(x, c), depending on a set
of parameters cj, is estimated from the set of intensities,
yj and corresponding locations xj . The compensation step
is performed into two sub-steps, Similarity Interpolation and
Observation’s position adjustment, where a energy function
is minimized simultaneously with respect to the set of pa-
rameters, cj, defining the ideal profile and the compensated
locations of the points of the intensity profile,

ctj = arg min
c
E(yj ,x

t
j , cj) (1)

xt+1
j = arg min

x
E(yj ,xj , c

t
j) (2)

The compensation step aims at estimating the vector of
coefficients, cj, and simultaneously the new locations for
the observations that regularize the map of profiles, xj. The
regularization occurs through the optimization of an energy
function where the similarity of adjacent columns is imposed.
In the end of this algorithm the final image is built moving the
set of intensities, yi to the new corresponding locations xi. The
empty pixels are obtained by an interpolation process. These
two steps alternate until convergence is achieved as shown in
Fig.2.

The paper is organized as follows: in Section II is explained
the proceeding of profiles collection from the original fluores-
cence microscopy images, Section III contains the mathemat-
ical explanation of the geometrical compensation algorithm
proposed, experimental results of synthetic data and real data

Fig. 2. Iteration process of observation’s adjustment.

are displayed in section IV, and in section V, conclusions are
presented.

II. PROFILES COLLECTION

Two different profiles were collected from the IF images to
quantify E-cadherin concentration at the membrane as well as
at the cytoplasm:

• Collection of internuclear ROIs between adjacent cells
(see. Fig. 1 a,b) )

• Collection of nucleus centered ROIs and conversion to
radial profile.(see. Fig. 1 c,d) )

In both profiles a Graphical user interface (GUI) is used
for Nuclei Selection, allowing the biologist to select pairs
of representative nuclei. The selection of the nuclei prevents
errors associated to technical experimental procedures or avoid
cells that do not express the tagged protein. The GUI nuclei
selection simplifies the segmentation process [14]. The nuclei
selected are segmented using the Otsu method and Watershed
segmentation combined [15], [16], [17]. The re-centering
occurs using the Canny edge detector [18] combined with
an Matlab R©algorithm, Regionprops. The Internuclear profiles
were developed to study the existence of a well-defined,
equidistant, membrane between pairs of adjacent nuclei pos-
itively selected on Nuclei Selection. The equidistance of the
membrane together with an increase in intensity values are
traits of a healthy linkage between cells which mean presence
of WT E-cadherin. These profiles are collected concerning the
center coordinates of pairs of adjacent nuclei. These profiles
consist of a set of parallel intensity lines extracted from the
original image of the region between the selected pairs of
nuclei (see. Fig. 1 a)). Each profile created, is inserted in
an Internuclear Map (INM) created to include every profile
withdrawn from the same image (see. Fig. 1 b)).

On the other hand, Radial profiles store the radial envi-
ronment information surrounding each nucleus, to understand
E-cadherin distribution around the cell and consequently per-
ceive the existence of abnormal values of E-cadherin being
decomposed in the cytoplasm. These profiles contain a set of
intensity lines of the original image extracted from the radial
surroundings relatively to the center coordinates of each one
of the selected nucleus (see Fig. 1 c)), rearranged in regards
with the center of the cell (see Fig. 1 d)). Similarly to what is
done with the internuclear profiles a representative map is built
with all the radial profiles collected (see Fig. 4 c)). Both maps
contain geometrical abnormalities in the collected information
either due to the process of collection or to cell membrane
shape biologic diversity.
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III. PROBLEM FORMULATION

Let Y = {yi,j} be the N×M map of intensity profiles
obtained from M different N length normalized profiles
extracted from the fluorescence images as shown in Fig.1, and
X = {xi,j} the corresponding locations along the jth profile.
The initial locations, in the non-compensated map of profiles
after dimension normalization, are evenly distributed in the
interval [0, 1], meaning that x0i,j = i

(N−1) .
Let fj(xj , cj) =

∑L−1
k=0 ck,jφk,j(x) be a 1D finite con-

tinuous function (see Fig.2), depending on a column vector
of parameters, cj = [c0,j , c1,j , ..., cL−1,j ]

T , to describe the
underlying ideal jth column intensity profile of the image map
of profiles. yi,j is the ith intensity observation from the jth

profile taken at the xi,j location and φk,j(x) is the kth basis
function. These functions are evenly distributed in the interval
[0, 1], with 0 ≤ k ≤ L − 1. They are shifted versions of a
mother basis function according with

φk,j(x) = φ(
x

∆
− k) (3)

where ∆ = 1
(L−1) . The locations of the observations, xi,j , are

assumed to be geometrically distorted which means that they
are corrupted by position noise,

xi,j = x∗i,j + εi,j (4)

Let also C = {ci,j} be a L × M matrix of coefficients,
where cj are the coefficients that define each jth column
of the continuous map profile . Each ideal profile func-
tion may be written as fj(x) = ΦT (x)cj where Φ(x) =
[φ0(x)φ1(x), ..., φL−1(x)]T is a column vector containing the
values of the L basis functions computed at location x.
The optimal coefficients cj and observations position xj are
estimated solving the following optimization problem:

[cj , xj ]
∗ = arg min

cj ,xj

E(xj ,yj , cj) (5)

where the energy function minimized is:

E(xj ,yj , cj) = Ey(xj ,yj , cj) + Ep(cj) + Ec(cj)

+Ex(xj). (6)

In this equation the energy function is composed by one
data fidelity term and three prior terms. The data fidelity term,

Ey(xj ,yj , cj) =

N−1∑
i

(fj(xi,j)− yi,j)2 (7)

that pushes the solution toward the data. The first prior term,

Ep(ck) = α
∑
i

(ci,j − ci−1,j)
2 (8)

is used to stabilize the iterative process smoothing the solution
imposing similarity of the coefficients describing each jth

profile , ci,j − ci−1,j . The second prior term,

Ec(cj) =

L−1,M−1∑
i,j=0

β(ci,j − ci,j−1)2, (9)

smooths the solution imposing similarity between homologous
coefficients on neighboring columns, ci,j − ci,j−1, in order to

force the similarity of the ideal profiles, fj(x). The third prior
term,

Ex(xj) = γ

N−1,M−1∑
i,j

(xi,j − xi,j−1)2, (10)

is a prior function to keep the displacement compensation
adjustment of the intensity locations at each profile under
control and prevent degenerated solutions. The end locations,
x0,j and xN−1,j are fixed with values 0 and 1 respectively. α,
β e γ are prior hyper parameters.

Using matrix notation the equations (7) , (8), (9) and (10)
can be written as follows

Ey(xj ,yj , cj) =
∑
j

(ΦTj (xj)cj − yj)
T (ΦTj (xj)cj − yj) (11)

Ep(ck) = α(θcj)
T (θcj) (12)

Ec(cj) =
∑
j

(
β(cj − cj−1)T (cj − cj−1)

)
(13)

Ex(xj) = γ
∑
j

(θxj)
T (θxj) (14)

where Φj(xj) = [Φ(x0,j),Φ(x1,j), ...Φ(xN−1,j)] is a N × L
matrix computed for each jth column profile and θ is the
following difference operator:

θ =


1 −1 0 . . . 0
−1 1 0 . . . 0
0 −1 1 . . . 0
...

...
...

...
...

0 0 . . . −1 1

 (15)

The energy function defined in (6) is minimized in three
steps, according with:

c0j = arg min
cj

Ey(xj ,yj , cj)) + Ep(cj), 0 ≤ j ≤M − 1 (16)

ctj = arg min
cj

Ey(xt−1
j ,yj , cj) + Ec(cj), 0 ≤ j ≤M − 1 (17)

xtj = arg min
xj

Ey(xj ,yj , c
t
j) + Ex(xj), 0 ≤ j ≤M − 1 (18)

where t is the iteration index of the iterative optimization
process where (17) and (18) steps alternate until convergence
is achieved.

A. Optimization

The minimization step (16) (Initialization), is per-
formed finding the stationary point with respect to cj of
∇cj

E(xj ,yj , cj) = 0, leading to:

(Φcj − yj)
T (Φcj − yj) + α(θcj)

T (θcj) = 0, (19)

with the following solution,

c0j = (ΦTj Φj + αΘT )−1ΦTj yj (20)

where Θ = θT θ.
The minimization step (17) (Similarity Interpolation), is

performed by finding the stationary point with respect to cj ,
of ∇cj

E(xt−1
j ,yj , cj) = 0, that leads to:

Φj(Φ
T
j cj − yj) + αΘT cj + β [2cj − cj−1 − cj+1] = 0, (21)
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with the following solution,

ctj =
(
ΦjΦ

T
j + αΘT + βIL)−1(2βc̄t−1

j + Φjyj
)

(22)

where Θ = θT θ, IL is an L dimension identity matrix and
¯ct−1
j = (ct−1

j−1 + ct−1
j+1)/2 is the average of the neighboring

columns.
The minimization step (18) (Observation’s position adjust-

ment) is obtained by computing the derivative with respect to
the ith element of the jth profile of intensities xj of ∂E

∂xi,j
= 0,

resulting in:

∂E

∂xi,j
= zi,j + 2(xj(i)− x̄i,j) = 0, (23)

where zi,j = 1
β (fj(xi,j − yi,j)ḟj(xi,j) and x̄i,j =

(xi−1,j + xi+1,j) /2 is the average values of the neighboring
intensity locations. The resulting equation to compute xj is:

xi,j =
1

2
(
zi,j
γ

+ (xTj ΥT
i )) (24)

where Υi is the jth line of a shift matrix operator:

Υ =


2 0 0 0 . . . 0
1 0 1 0 . . . 0
0 1 0 1 . . . 0
...

...
...

...
...

...
0 0 0 . . . 0 2

 (25)

IV. EXPERIMENTAL RESULTS

In this section results with synthetic and real data are
presented. The algorithm was implemented and data processed
in Matlab R© software.

A. Synthetic data

The synthetic data, displayed in Fig.3.a), to illustrate the
application of the proposed method, is a 256 × 256 image
containing a non circular and non centred cell where the
blue circle represents the nucleus, stained with DAPI. Fig.3.b)
represent the synthetic radial profile map where the column
are radial profiles along increasing angles. The resulting line,
representing the membrane, is not a horizontal line because
due to the con circular and non centred original configuration
of the original synthetic cell. Fig. 3.c) represents the compen-
sated map of profiles where the horizontal line represents a
non distorted (circular and centred) version of the cell. The
membrane is wider due to the regularization that is used to
force similarity between columns

B. Real Fluorescence Microscopy Data

A real IF image with E-cadherin tagged with Green Fluo-
rescent Proteins (GFPs), displayed in Fig.4 a), is used here to
illustrate the application of the proposed method to molecule
spatial distribution analysis. This image display Chinese Ham-
ster Ovary (CHO) cells transfected with a vector encoding
the Wild Type (WT) E-cadherin, a key molecule in cell-
cell adhesion. In WT E-cadherin, most of the molecules are
concentrated at the cell membrane.

(a) Synthetic cell

(b) Without Comp. (c) With Comp.

Fig. 3. a) A complete arc of cosine (initial data), b) Geometrically
compensated data , c) Mean profile comparison before and after GC.

The Inter-nuclear (IN) and Radial (RD) profile maps, ex-
tracted from the cells and pairs of cells selected by the
biologists from the original image displayed in Fig.4 a), are
displayed in Figs.4 b) and c) respectively. The length of the
profiles, before map building, was normalized to 100 samples
mapped to the interval [0, 1] in order to make the result
invariant to the distance between cells.

The geometrically compensated version of these maps with
the proposed method are displayed in Figs.4 d) and e) respec-
tively.

Internuclear map (IN)
The columns of the IN map, as described in section II, contain
sets of intensity profiles along the axis of the several pairs of
cells. Several profiles are extracted from each pair of cells.
These profiles are different due to variability on cell shape,
size and nucleus position. To compensate for these variations,
the geometric compensation algorithm was applied and the
results are displayed in Fig. 4 d). The average column profiles,
and the corresponding standard deviation information, without
and with geometrical compensation are displayed in Fig. 5. a)
and b) respectively.

The compensation of Fig. 4 c) was performed by changing
the original locations, xi,j of the observations, yi,j in each
column, to new locations, x̂i,j and interpolating in the gaps.
Similarity constraints of neighbouring columns leads to a pro-
file map that is almost constant along the horizontal direction.
The high intensity line represents the cell membrane, where
E-cadherin preferably concentrate. Comparing the IN mean
and STD profiles before and after compensation, displayed
in Figs.5 a) and b) respectively, both membrane position and
intensity are better well defined after compensation with less
variability, which means that the method was able to capture
the main characteristics of the distribution. The sharpness of
the peak distribution near the membrane location, at x = 0.5,
is a direct result of the non rigid alignment performed by the
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(a) Original Plaque

(b) Non comp. IN profile map (c) Non comp. Radial profile map

(d) Compensated IN profile map (e) Compensated Radial profile map

Fig. 4. Real immunofluorescent images of tagged E-Cadtherin. a) Original
plaque, b) IN profiles from selected cells, c) Radial profiles from selected cells,
d) geometric compensated IN map of profiles, e) d) geometric compensated
Radial map of profiles.

compensation procedure.

Radial map (RD)
As shown in section II, radial profiles suffer from shape and
size variations due to the membrane’s biological diversity.
Because cells are not perfectly spheric and the nuclei do not
coincide with their geometrical centres its polar representation
is not a perfectly straight line, as shown in Fig. 4 c)). This
type of profile maps do not contain the same information of
the IN that described a typical cell-cell linkage profile. These
RD profiles aims at representing the overall distribution of the
E-Cadherin namely to capture aberrant E-Cadherin expression
loci not located along the cell-cell linkage axis.

The non compensated and compensated RD profile maps are
displayed in Figs. 4 c) and e) respectively. The average profiles
as well as the corresponding variability are represented in Fig.
6.

As observed in the case of the IN profile, the compen-
sated average profile presents a sharp peak that accurately
represents the E-Cadherin at the membrane. Fig. 7 represents
two different cells from the original plate, Fig. 7.a) and b)
respectively, and a virtual one obtained from the compensated
RD profile map after conversion from the polar representation
to the Cartesian one, Fig. 7.c). The membrane location in the
ideal real image is clearly visible because it is a characteristic

(a) Non comp. IN profile map)

(b) Compensated IN profile map

Fig. 5. IN horizontal mean profile combined with respective STD in each
point, a) before and b) after GC.

invariant with size and shape in the WT cells.
This virtual cell can also be obtained from the average

profile displayed in Fig. 6.b). Fig. 8 displays real compensated
cells and virtual ones, computed from the average profile, in
the left and right columns respectively for wild type (WT),
R749W and V823M mutations of the CHD1 gene that codifies
the E-Cadherin [19].

The cells displayed in the rigth column of Fig.8, called here
virtual ideal cells, are obtained from the average profile, f(ρ)
, computing an image where each pixel at location (x, y) =
ρ (cos(θ), sin(θ)) has intensity f(ρ).

V. CONCLUSION

This paper describes an algorithm to compensate shape and
size variability of cells from IF in situ images, in order to allow
the computation of an average/typical intensity distribution
profile of molecules tagged with fluorescence dyes. Doing
this, the influence of the geometric variability of the cells in
each plate is removed and the computed profile describes only
the pattern of protein expression in the intra and inter-celular
space. In the case of E-Cadherin the exclusion of cell shape
heterogeneities from the analysis is fundamental to understand
the molecular mechanism of protein regulation.

The proposed method implements a non rigid transforma-
tion of each profile that is described by a finite dimension
continuous 1D function. The coefficients of the basis functions
describing these functions are estimated by using smooth
constraints that regularizes the original intrinsically ill-posed
estimation problem. The non-rigid transformation is performed
by moving the locations of the observations under similarity
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(a) Non comp. RD profile map

(b) Compensated RD profile map

Fig. 6. RD horizontal mean profile combined with respective STD in each
point, a) before and b) after GC.

(a) Cell 1 (b) Cell 2 (c) Real compensated cell

Fig. 7. Comarison of two real cells with the ideal real cell obtained from
the compensated RD profile map.

constraints of neighbouring profiles that are stacked in the the
2D map of profiles.

The method is designed as an iterative algorithm which
optimizes an overall energy function composed by three terms;
a data fidelity term, that pushes the solution to the observa-
tions, and two prior terms corresponding to smoothenss and
similarity constraints.

Examples of synthetic and real images were used to test
the stability of the algorithm and illustrate its use in obtaining
characteristic profiles related with the trafficking process of
the molecules not depending on the specific shape and size of
the cells.
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Fig. 8. Real compensated (left) and virtual (right) cell images for WT cells
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