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Abstract

In this paper we have explained some efficient methods to correct artefacts in confocal laser beam scanning microscope (CLSM) images.
The main aim is to enhance object features such that they become clearly visible for interactive evaluation and to reduce the overall noise so
that the automatic segmentation and feature measurement can be done easily. A simple automatic-thresholding technique, and a straightfor-
ward method to restore the light intensity along the depth of the image stack are proposed. Another problem associated with the CLSM is the
non-isotropic resolution. We have presented an interpolation technique based on XOR contouring and morphing to virtually insert the image
slices in the image stack for improving the axial resolution. This interpolation technique has the merits of both contour- and intensity-based

interpolations. Results of application of these methods on CLSM data are shown.
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1. Introduction

The advent of confocal laser scanning microscope
(CLSM) in the late 1980s has opened up a new chapter in
visualizing biological specimens. Confocal microscopes are
capable of delivering a high resolution, three-dimensional
(3D) image of biological specimens. Confocal microscopy
has prompted many developments in multi-dimensional
imaging (Pawley, 1995). Three-dimensional confocal
images are a stack of optical sections (2D images) giving
a depth view. Such a stack of optical sections is normally
contaminated with artefacts and noise due to improper
specimen preparation, imaging instruments and non-linear
optics. Redesigning the optics and instrument electronics to
obtain better-quality images is an expensive and challenging
task with limitations to achieving optimality. Application of
image-processing techniques to reduce artefacts and correct
some of the non-linearity present in the images has been
explored for quite some time now. In this paper we present
a few techniques to correct the artefacts in CLSM images
and to improve axial resolution. The technique to make the
image voxel virtually isotropic is based on interpolation by
XOR contouring and morphing. Simple but useful techni-
ques to separate background from foreground and to reduce

the light attenuation along the depth of the image stack are
also discussed.

Section 2 of the paper gives a brief idea of the material
and the type of images used in our experiments. Section 3
gives some of the pre-processing steps useful for reducing
the artefacts. Section 4 explains the process of interpolation
by XOR contouring and morphing while Section 5 gives a
brief discussion about the utility of image processing for
feature measurement and automation of decision making.

2. The source material

We have tested image-processing techniques on two
kinds of data sets obtained using a confocal microscope.
The first type consists of routinely processed, formalin-
fixed and paraffin-embedded tissue specimens from radical
prostatectomies of patients with prostate carcinoma (Aubele
et al., 1996). In the second type of data sets we have used
samples of industrial sludge showing the filamentous struc-
ture of different kinds of bacterias. The samples were taken
from industrial sludge treatment plants. The data sets were
provided by the Institute of Pathology, GSF, Munich,
Germany.

The multi-spectral volumetric image is obtained using a
confocal microscope. Fluorescence images are scanned
using a confocal laser scanning microscope Zeiss
LSM410, lens Zeiss PNF 100 X, 1.3, zoom = 2, realised
by scanning unit. A lateral pixel size of 0.25 pm is obtained.
Excitation laser lines are selected based on the
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Fig. 1. Diagrammatic representation of threshold selection.

fluorochromes used. For propidium iodide (PI) that is used
as DNA counter-stain and FITC labelled signals, both are
excited by the Argon line at 488 nm.

3. Pre-processing

One of the common problems with confocal image inter-
pretation is the presence of uneven background and bleed-
through from other colour channels. Global thresholding
fails to deliver the required separation of background from
foreground. Techniques like rank levelling, fitting a back-
ground function, etc. (Jain, 1995; Russ, 1995) may deliver
acceptable results but they are computation intensive.

For images with a distinct background, it is possible to
select the threshold from the grey level histogram using the
mode method, i.e. by choosing the grey level that corre-
sponds to a valley position in the histogram as the threshold
value. We have observed that the histograms of many confo-
cal image data sets exhibit a unimodal property. Hence the
valley may not be found explicitly in the histogram of the
images. In such cases it is often possible to define a good
threshold at the shoulder of a histogram. We have used the
empirical formula,

7= (w * ko)

where o is the standard deviation of the grey value and k is a
data-driven value determined iteratively using the following
simple algorithm. Let N, be the number of voxels in the fore-
ground when the image is thresholded at some value of k.

fori =0do

A=N, - N+
if A = (10/100)(N;) then k = i
else i = i + 1 and repeat till the above condition holds.

We use 7= (u + ko) when the mode point of the histogram
lies close to the minimum grey value in the image and 7=
(n — ko) when the mode point lies close to the maximum grey
value in the image. This is diagrammatically shown in Fig. 1.
The above formula gives reasonably good separation of fore-
ground from background. Fig. 2 shows a few image slices of a
confocal image stack after background separation. Size and
shape filters are used to remove the artefacts of abnormal sizes
and shapes.

The uneven illumination along the depth of a specimen
results in a spatial variation of light intensity in the image.
Degradation of image intensity along the depth of the speci-
men can be approximately modelled as a first-order decay
process and hence computationally corrected. In confocal
images, variation in image intensity is not just due to photo-
bleaching of the specimen. Problems with the optical
system, as well as the opacity of the specimen, also contri-
bute to the process. When we plot the average image inten-
sity of each image slice against the depth of the stack, we
have observed that the illumination degradation is not
linear. Rigaut et al. (1992) have proposed a mathematical
correction method based on the log—logistic equation: I, =
Iy/{1 + (z/Z)’f} where I, is the mean field intensity, [ is the
theoretical value of I, when z — 0, the constant Z represents
the value of z at which the detected fluorescence intensity
(1,) is half that of I, and the constant ¢ depends upon the
shape of the curve of I, against z. Parameter estimations
were made using the linear form log{(/, — L)/I,} =
&log(z) — €log(Z), Vz # 0 with log{(l, — I,)/I,} against
log(z). The parameters were estimated by computer iteration
over I, (above the highest observed value of I,), until the
highest linear-regression correlation coefficient is found.

We have implemented a simple method for restoration of
intensity of the foreground voxels by comparing them with
the highest-intensity image slice in the stack. Let /; be the
image slice having maximum average image intensity, i.e.
I, = max{[},,....1,}, where I, I,, ..., I, are the intensities
of 1, 2,..., nth image slice in the stack. We consider the
image slice i as the standard image slice and increase the
average image intensity of the remaining image slices in
the stack to be on par with the average intensity of the image
slice i.

Let the sensitivity « of a pixel with respect to its neigh-
bourhood, defined as the ratio of the sum of the differences
of voxel intensities in the neighbourhood to the maximum of
voxel intensities in the neighbourhood, i.e.

N
> a-1,)
a:pzli forallp e W

max{/,}

where Wis a 3 X 3 neighbourhood and N is the total number
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Fig. 2. Result of window slicing and size filtering: (a) original image slice; (b) after window slicing; and (c) after size filtering.

of pixels in W. Simple restoration of the image intensity by
increasing the mean intensity of the image slices results in a
decrease of . An ideal algorithm should find the maximum
light restoration with minimum loss of voxel sensitivity.
This is an optimization problem and a trade-off should be
reached depending upon the application.

The first few image slices may have one or two cell
signatures with a relatively high grey value, while the
middle and/or last image slices may have very few cell
signatures, as can be seen in Fig. 2(a). Thus increasing the
average image intensity of the whole image slice increases
the background intensity too, which is undesirable. We have
considered only those voxels that belong to a particular
region of interest where the intensity compensation is neces-
sary while avoiding the other regions such as the back-
ground. The necessary separation of foreground and
background is obtained as explained earlier.

Let the mean intensities of the image slices 1, 2,..., n, in

the image stack be I;, L...., I,. The variation in the average
image intensity of the foreground pixels is plotted in Fig. 3.
The maximum average intensity of foreground of the image
slices is considered as a reference image slice, i.e. if I; is the
average intensity of the reference image slice, such that 7; =
i for all j, then image slice i is considered as the reference
image slice and 7; as the standard image intensity value. The
difference between the average intensity of image slices
with the reference image slice is calculated. Let 8, = |i; —
7| be the difference of average intensity of the foreground in
the kth image slice and the reference image slice i. Then for
the kth image slice the grey level of each pixel of the fore-
ground is enhanced by a factor cfy, i.e. if I(x,y,k) is the
intensity of the voxel at I(x,y,k) then the enhanced intensity
is given as I(x,y, k) = I(x,y, k) + cB; where c is an experi-
mentally chosen constant. Ideally ¢ should be 1. As stated
earlier, this simple addition of the average value to the
image intensity results in the loss of voxel sensitivity. A
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Fig. 3. Graph showing the average image intensity of the foreground against depth for two specimen images: (a) before restoration; and (b) after restoration.

Fig. 4. Image slices 1, 2, 3, 11,12, 13, 18, 19, 20, 21, 22, 23, of a stack of 24 image slices: (a) before restoration; and (b) after restoration.
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Fig. 5. Directional Gaussian-weighted filter.

trade-off optimizing the requirements of light intensity and
loss of sensitivity is useful. This trade-off is also imaging-
and application-dependent. As the confocal microscopy
images do not give clear details of the intra-cellular struc-
tures and our interest is limited to measuring the quantitative
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Fig. 6. (a) Diagrammatic representation of interpolation by morphing. (b)
Interpolation by morphing when the object shape in the source images are
different or when they are laterally shifted.

features of cells and the tissue, we have ignored the voxel
sensitivity issue. Fig. 4 shows the result of intensity restora-
tion on a sequence of image slices.

3.1. Smoothing

The aim is to smooth the highly textural cell chromatin
without reducing the sharpness of the boundary features.
Simple spatial averaging blurs the cell boundary while
smoothing, an undesirable effect. Symmetrical Gaussian
smoothing blurs the edges while smoothing, though the
influence of far-off voxels on the smoothing is reduced.
To reduce the blurring effect on the edges, we have used
directional Gaussian filtering. A 5 X 5 Gaussian filter is sub-
divided into six directional windows as shown in Fig. 5. The
Gaussian-convolved values of the pixels in each directional
window are calculated as shown.

The maximum of the convolution values in all the
directional windows gives the desired result. If v(x,y;0)
are calculated in several directions as v(x,y;0) =

(1/Ng) > nmew, > ux,y)G(x — m,y — n) where G(x,y) =
exp{(x2 + yz)/20'2} is a Gaussian filter, N, is the total
number of pixels present in the directional window W, as
shown in Fig. 5.

A direction 6 is found such that |u(x,y) — v(x,y; 6°)| is a
minimum. Then the output image v(x,y) < v(x, y, 8") is the
desired result. The directional Gaussian smoothing techni-
que is applied separately to all the image slices in the image
stack.

4. Enhancement of axial resolution

One of the important enhancement steps to be carried out
is the improvement of axial resolution of the image stack.
Due to anisotropy in the voxel lattice, the direct 3D proces-
sing algorithms fail to properly make use of spatial neigh-
bourhood relations. To avoid these errors, and to enhance
the qualitative and quantitative accuracy of visualization
and analysis, a suitable interpolation process has to be
used to increase the axial resolution of the stack. Classical
interpolation techniques fall into three categories: contour-,
intensity- and shape-based interpolations.

Contour-based interpolation (Boissonat, 1988) takes a set
of binary images containing cross-sectional boundaries of
the objects and generates a new set of interpolated binary
sequence representing the surface of the objects. Since only
the contours of the selected features are used in the inter-
polation process, critical intensity information would be
lost. Intensity-based interpolation takes the original voxel
intensity values and generates a new set of interpolated
voxel intensities. If there is a shape variation in the two
source images, this method results in error. This is so
because calculation of the interpolated value only takes a
limited number of data points and produces a wrong estima-
tion when there is shape variation between two source
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Fig. 7. Result of each step of interpolation by morphing, as applied to two representative image slices. (a) Two-tone version of the source image slices subject
to XOR operation; (al) and (a2) two-tone versions of source images 1 and 2, respectively; and (a3) after XOR operation. (b) After skeletonization of the image
in Fig. 7(a3). (c) Result of XOR operation on the boundary of the source images; (c1) and (c2) boundary of source images; and (c3) result of ANDing (c1) and
(c2). (d) Result of linking the broken contours; (d1) same as Fig. 7(c1); (d2) same as Fig. 7(c3); (d3) complete contour in the interpolated image slice = (d1)
XOR (d2). (e) Two source images (el) and (e2), (e3) = Result of morphing.
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images. Shape-based interpolation (Raya and Udupa, 1990)
takes a set of binary images representing cross-sections of
objects segmented from the intensity-value data and
performs morphological interpolation between shapes and
contours. To avoid the errors due to contour- and intensity-
based interpolation, we have developed a method where the
contours of the objects in the interpolated image slice are
first obtained by logical operation over the source images
and then using these contour pixels as the control points, the
intensity of the pixels within the contour are calculated by
morphing two source images. The process is explained
below.

Consider the two-tone version of two neighbouring image
slices (source images) j and (j + 1), where the object is
represented by grey level 1 and the background by 0 as
shown in Figs. 6 and 7(a). For creating an image slice in
between j and (j + 1), we have to choose some control point
in the interpolated image slice towards which the source
images are distorted during morphing. It can be argued
that if by some means we can get the overall boundary of
the objects in the interpolated image slice, we can use these
edge pixels as control points and fill the grey level within
these boundary points using morphing or a weighted-aver-
aging technique. The overall boundary of the objects in the
interpolated image slice can be found by using simple logi-
cal operations as follows. The two-tone versions of the
neighbouring image slices j and (j + 1) are subject to
pixel-to-pixel XOR operation. The resulting image consists
of the portion of the object that is common to the objects in
both j and (j + 1) image slices. This is shown diagramma-
tically in Fig. 6. The medial axis of this image gives the
boundary of the objects in the interpolated image slice.

If the objects in j and (j + 1) image slices are laterally
shifted or there is a strong variation in shape of the objects
between two source images, then the resulting medial axis
need not be continuous. To join the disconnected boundary,
we have applied the following simple operation. The
contours of the objects in the two source images are
obtained over a two-tone version of the source images j
and (j + 1). The common portion of the boundary of the
objects in j and (j + 1) image slices are obtained by pixel-
to-pixel AND operation of the two boundary maps of the
source images. The result of the AND operation is added to
the medial axis of the interpolated image slice by the logical
OR operation. This results in linking the broken contour.
The process is shown diagrammatically in Fig. 6. Fig. 7
shows each interpolation step as applied to a pair of
CLSM image slices.

To fill the intensity information within the boundary
contour of an interpolated image slice, the window-sliced
version of source images j and (j + 1) are distorted towards
the position of the contour-based control points in the inter-
polated image slice. Then, the two deformed images are
blended with simple weighted averaging to generate the
grey value in the interpolated image slice. Let G; =

Lo, Lt I, ... I;, be the grey value of the object pixelé in

source image j and Gy = Loy i, Livis Lpyiseeos lpr1 be
the grey value of the object pixels in source image (j + 1).
Then, the grey value of corresponding object pixels in the
interpolated image slice is given as (w;G; + w,Gy)2w
where wy, w, and w are constants that are determined experi-
mentally. In our experiment we have used all the weights as
I, simplifying the method to simple averaging. For the
pixels that fall outside the boundary contour in the interpo-
lated image slice, the grey value is given as zero. Since most
conspicuous features (to human eyes) in images occur at the
places with higher gradient magnitudes, which is also where
the contour or boundary point usually lies, using contours as
control lines for morphing is very effective. Fig. 7 shows the
different intermediate steps of interpolation by morphing
between two images.

5. Discussion

The work presented here outlines some simple but effi-
cient techniques based on image processing that can be used
to correct and enhance the visual quality of the confocal
microscopy images. The algorithms were implemented in
IDL and C languages on a SGI IRIXS5.3 system. We have
developed these techniques as a part of the major project of
developing algorithms for quantitative analysis of 3D histo-
pathological images obtained using a confocal microscope
(Rodenacker et al., 1997; Umesh Adiga and Chaudhuri,
1999a,b, 2000a,b). It has been said that there is no ideal
specimen for imaging. Preparing a specimen to acquire a
stack of optical sections is a tedious and fatiguing task,
which requires scientific precision to preserve the cellularity
and architecture of the tissue from falling apart. So, it is
prudent to develop image-processing methods to reduce
noise artefacts in the image and to enhance the visual quality
rather than attempting to prepare an ideal specimen.

We have applied these image-correction techniques to
more than 200 confocal image data sets. It is our belief
that the visual quality of the image is improved by our
methods. Figs. 2, 3 and 7 give some insight into the results
we have obtained. The window-slicing method we have
proposed is an automatic-thresholding technique where
the local threshold is chosen by a data-driven process.
This has the advantage of automation and rejecting the influ-
ence of bright patches in far-off places in the image. The
directional Gaussian smoothing is an improvement over a
simple directional-averaging filter. The intensity-enhance-
ment technique we have adopted is a straightforward one. It
serves the purpose of visual enhancement of the objects
deep down in the image stack, but, as mentioned earlier,
one should find a trade-off between the loss of voxel sensi-
tivity and increase in voxel intensity.

The interpolation method we have proposed is superior to
the straightforward contour- or intensity-based methods as it
incorporates a priori information in the process of interpola-
tion. The shape of the object in the interpolated image is
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defined by the contours obtained by logical operations while
the intensity is filled by warping the grey levels of the data
points in the source images. The histo-pathological images
exhibit large local intensity variations and the intensity-fill-
ing process presented here gives more realistic results.
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