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The analysis of three-dimensional structures of tissues and cellular constituents is a fundamental task in Biology and Medicine. Although three-dimensional images, acquired by
light microscopes, play an important role in such knowledge domains, their analysis has
not been much exploited compared to other imaging technologies, such as X-ray radiography, computerized tomography or magnetic resonance. In light microscopy, the majority
of the activities involved in the image analysis (for instance, detection, counting, quantiﬁcation) is still performed manually. The main diﬃculties among the others include the
fact that the objects under investigation usually have complex structures, large number
of cellular elements, shape variations and presence of noise in the acquired images. This
paper describes a method for processing and visualization of images obtained with light
microscopes. An eﬀective transfer function based on the optical density of the cellular
constituents is employed to generate the volumetric visualization. Several real data sets
are used to demonstrate the eﬀectiveness of the proposed method.
Keywords: Volumetric visualization; light microscope; cross-sectional data.

1. Introduction
Biological structures are three-dimensional (3D) objects with a complex organization. The comprehension of such structures, as well as their functions and relations,
still constitutes a great challenge for biologists.
Although the macroscopic study of tissues can be achieved even by naked eye,
the microscopic study requires the use of special equipments. The invention of
the electron and confocal microscopes, even though has contributed enormously
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for the understanding of cellular structures, has not become obsolete in the light
microscope, which is the standard tool for the analysis of specimen.1 Furthermore,
with the development of high-resolution and low-noise CCD (charge-coupled device)
cameras, a light microscope can be converted into a 3D microscope.
Since the samples are observed by the light microscope using transparency, the
material under investigation needs to be suﬃciently thin such that light passes
through the tissue and luminous rays reach the observer’s eyes.
This work describes a method for processing and visualizing a sequence of crosssectional images acquired by a light microscope, allowing a more detailed comprehension of various structures of biological materials. The main stages of the
proposed method include preprocessing, segmentation, registration, and volumetric
visualization. Several real data sets are used to demonstrate the eﬀectiveness of the
method, providing a cost-eﬀective 3D microscopy imaging.
The paper is organized as follows. Section 2 gives a brief review of some relevant
related methods found in the literature. In Sec. 3, the proposed method is presented
in details. Experimental results are given in Sec. 4. Finally, some discussions and
conclusions are summarized in Sec. 5.
2. Related Techniques
Unfortunately, current light microscopes are not able to generate data that can be
directly used to reconstruct and visualize biological images. Therefore, a sequence
of steps must be performed to produce the ﬁnal results, including: acquisition,
preprocessing, segmentation, registration and visualization. The following sections
brieﬂy describe each one of these stages.
2.1. Acquisition
Traditionally, photographs taken with light microscopes were made with regular
photographic ﬁlms. The current process of obtaining these images is to place a
digital camera on the top of a microscope. It allows real-time visualization of the
plate being examined in a computer monitor or in a television set.
Unlike image medical exams, such as magnetic resonance imaging, computerized
tomography, ultrasonography, positron emission tomography, among others, images
acquired by light microscopes cannot be directly used by a reconstruction algorithm.
The consistency of the majority of animal tissues is soft, such as a gelatin. If
a cut is performed without any preparation, the tissue structure will not be kept
until being analyzed in the microscope. The technique employed to cut soft tissue
involves tissue excision, ﬁxation, that interrupts degeneration of cells, dehydration,
that substitutes water by a product in which wax can be diluted, commonly xylol,
diafanization, when xylol is substituted by ethanol, inclusion, when the ethanol is
substituted by wax, and microtomy, in which the tissue is ﬁnally cut.
Before the tissue can be examined in the microscope, however, it must be
stained, because many of its constituents have the same optical density. This
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(d)

Most common artifacts found in plates prepared for light microscopy.

characteristic increases the complexity of the analysis of microscopic images due
to the lack of contrast between existing components in a plate. Coloring the diﬀerent parts of tissue, the understanding of cell structures becomes easier.2
A challenging problem to three-dimensionally reconstruct a serial cut of biological material is the presence of artifacts. Artifact is a defect caused during the
preparation of the plate that alters or distorts the natural appearance of the cells.
There are four typical artifacts found in light microscopy: tissue folding, that occurs
when some regions of the tissue folds like a regular fabric; out of focus areas; artifacts caused by microtome blades, that marks some tissue areas and expansion and
contraction, that results in some empty regions, without any cells, mainly where
two diﬀerent tissues meet.
Figure 1 presents the four diﬀerent artifacts described earlier, indicated by red
arrows. Item (a) shows an image where the upper part of the tissue is folded.
Item (b) presents an image where a great part of the cut is out of focus. Item (c) is
an example of artifacts introduced by the blades of the microtome during wax-block
sectioning. The line goes from the upper part to the lower part of the image. The
arrow indicates the most visible section of the line. The expansion is clearly visible
in item (d). The arrows show areas where the tissue has expanded, creating regions
without cells.
Artifacts can make the registration process of such images even harder, since
reference points can be completely lost. Furthermore, artifacts can alter the shape
and position of a given cut. Figure 2 shows two adjacent images of a sequence. Due
to the thickness of the slices, there are few reference points between them. Slice (b)
has suﬀered an expansion of the tissue during plate preparation, what increases the
complexity of the registration process.

(a)
Fig. 2.

(b)

Two adjacent slices of a series.
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2.2. Preprocessing
The images acquired with electronic sensors usually are not free of distortions or
defects.3 Preprocessing involves the correction of distortion, degradation, and noise
introduced during the image acquisition process and the enhancement of certain
image features important for further processing.
Contrast enhancement techniques4 expand the dynamic range of an image to
improve visual eﬀects between regions initially having small diﬀerences in intensity
values, such that the image can be eﬃciently displayed in a manner desired by
the analyst. Contrast enhancement techniques based on histogram modiﬁcation
may employ linear or non-linear transfer functions to map between pixel intensity
values in the input and output images.
Filtering techniques have several applications in biomedical imaging. Filters are
designed to attenuate or amplify certain frequency ranges. Although there are many
diﬀerent classes of ﬁlters, the most common image ﬁlters are categorized into lowpass and high-pass ﬁlters. Low-pass ﬁlters are used to attenuate the high frequencies
in the image, reducing noise eﬀects or smoothing details in the image. On the other
hand, the high-pass ﬁlters are used to enhance or detect edges in the image.
2.3. Segmentation
The primary purpose of an image segmentation system is to extract information
from the images to allow the discrimination among diﬀerent objects of interest.5
The segmentation process is usually based on gray level intensity, color, shape or
texture. There are many algorithms for gray-level image segmentation,4,6 most of
them are based on discontinuity or similarity of gray-level values.
The approaches based on discontinuity partition the image according to abrupt
changes in intensity values, detecting isolated points, lines and edges. Edge detection techniques usually involves the computation of a local derivative operator. The
operator is computed by convolving the image with horizontal and vertical masks,
which gives the horizontal and vertical gradient values of the image. Thresholding4
is a powerful method for segmenting images containing objects which are distinguishable from the background or other objects in terms of pixel intensity values.
Global methods use a single threshold value for the entire image, whereas local
methods allow diﬀerent threshold values to be applied at each pixel. Local thresholding methods are particularly suitable when the background intensity level varies
due to uneven illumination.
The approaches based on similarity partition the image into homogeneous
regions according to predeﬁned criteria, such as intensity, color or texture. A simple
approach, called region growing, starts from some pixels (seeds) representing distinct image regions and grows them until they cover the entire image. A predicate
or rule is used to guarantee the homogeneity of the regions after each growth step.
An opposite approach, called region splitting, starts with the assumption that the
entire image is homogeneous. If this is not true, a splitting procedure is recursively
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repeated until the image is partitioned into homogeneous regions. Splitting and
merging approaches combine the two previous techniques, such that the algorithm
stops when no further splitting or merging is possible.
2.4. Registration
Image registration7–14 is the process of transforming data sets, acquired by sampling
the same scene from diﬀerent sensors, at diﬀerent times or under diﬀerent perspectives, into a common coordinate system. Registration is necessary in order to be able
to integrate or compare data obtained from diﬀerent measurements. The original
image is often referred to as the reference image, whereas the image to be mapped
onto the reference image is referred to as the target image. Image similarity-based
methods consist of three main steps: feature selection, feature correspondence, and
resampling.
Feature selection consists of extracting points, lines, regions or surfaces in 2D
or 3D images. In the feature correspondence, a transformation model is applied
to reference image coordinates to locate their corresponding coordinates in the
target image. An image similarity metric quantiﬁes the degree of correspondence
between features in both images achieved by a given transformation. The choice of
an image similarity measure depends on the nature of the images to be registered.
Common examples of image similarity measures include cross-correlation, mutual
information, invariant moments, mean-square diﬀerence and ratio image uniformity.
Finally, a resampling function is used to extract and interpolate the intensity values
from pixel locations in the reference image to the locations in the target image.
2.5. Visualization
Volumetric visualization consists of techniques for exhibition of information from
complex data sets, providing an important tool for researchers to understand such
data.15–17 Volumetric visualization techniques can be categorized into two main
groups: surface rendering and volume rendering. Although both approaches allow
the visualization of structures in the 3D volume image, the essence of the techniques
is diﬀerent. The choice between these approaches usually depends on the speciﬁc
nature of the image data and the desired result of the visualization.
Surface rendering techniques18–20 require the extraction of contours or edges
that deﬁne the surface of the structure to be visualized. The surface is represented
by a set of nonoverlapping polygons, forming connected surface patches. These
techniques result in fast rendering speeds and consume relatively small amount of
memory. Traditional computer graphics, such as shading models or texture mapping, can be applied to rendering process. A disadvantage of these techniques is
its inherent need to extract the contours of the structure to be exhibited. Example
of surface rendering techniques include marching cubes,20 dividing cubes,21 and
marching tetrahedrons,22 which ﬁt geometric primitives to the reconstructed surfaces prior to surface rendering.
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Volume rendering techniques23–26 operate directly on voxels without the need for
prior surface extraction, such that the entire volume image is used in the rendering
process. These techniques use a light absorption-transmission model and a transfer
function,27–29 to assign colors and opacity to voxels, which are then composited
along the projection process. Examples of volume rendering techniques include raycasting, ray-tracing, splatting, cell projection, and shear-warp.30
3. Proposed Method
Several steps are necessary for a successful achievement of three-dimensional reconstruction of volumetric data. Unfortunately, there is no light microscope able to
provide data that can be used directly as the input for the volumetric algorithm.
Thus, 2D images obtained from light microscopes need to be processed such that
the data set can be used in the ﬁnal reconstruction process.
3.1. Data preparation
The main steps of the proposed method are described in the following sections. The
preprocessing techniques are aimed at preparing the images, increasing the chances
of success in later stages of processing.4 In this work, the bidimensional slices are
processed by a median ﬁlter with neighborhood 3 × 3 pixels. This step is employed
to attenuate noise eventually introduced by the digital camera.
Microscopic images, or interest areas of a plate, frequently contain more than
a tissue. It is interesting that the expert can easily distinguish all tissues present
in the sample during the three-dimensional visualization. To create this eﬀect, the
following methodology is proposed: (1) the expert outlines with manual tools every
diﬀerent region present in bidimensional slices; (2) every region is compressed in a
zone of gray level values, as many as there are interesting regions. The expert should
then separate zones according to the opacity designated for that zone. Figure 3
shows an example of image with four types of tissues, each one numbered from 1 to 4.
The image in Fig. 3 has 256 gray levels, with black being represented by 0 and
white by 255. There are four diﬀerent tissues in this sample, what makes the full

1

2
3

4

(a)

(b)

Fig. 3. (a) Microscopic image with regions outlined by the expert and (b) regions of item (a)
transformed according to values of Table 1.
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Table 1. Relation of zone-opacity from Fig. 3. The
zones are ordered by opacity.
Zone
2
1
4
3

Relative opacity

Gray level zone

Most opaque tissue
Relatively opaque tissue
Relatively transparent tissue
Most transparent tissue

0–63
64–127
128–191
192–255

range of gray levels to be divided into four zones, each one containing 64 gray
levels. Table 1 shows the relation region-opacity deﬁned by the expert. Therefore,
gray levels are linearly mapped according to values presented in Table 1. The result
of the transformation of the gray levels in Fig. 3(a) is presented in Fig. 3(b).
Microscopic images used in Histology are quite varied. The combination of different magniﬁcations, tissues and staining techniques are enormous, allowing several
types of images. The study of a single type of tissue, or one single plate, can rely on
very diﬀerent types of images and, in most cases, a small number of characteristics
used with a generic segmentation technique, which provides good results with all
types of images.
3.2. Microscopic image segmentation
Several techniques have been developed aiming at the segmentation of microscopic
images.31–37 Such techniques, however, are speciﬁc and depend on the tissue, magniﬁcation, staining technique and acquisition equipments. The development of a
generic and optimal method is a diﬃcult task. Considering these aspects, this work
employs a simple but eﬀective segmentation technique.
The thresholding is one of the segmentation techniques that relies basically on
the mentioned characteristics and it is employed in an interactive manner. Before
automatically applying the calculated threshold to all images of a sequence, the
expert can modify the parameters that segment the image. Figure 4 shows the result
after thresholding a microscopic image. Figure 4(a) shows a thin cut from the tongue
of a dog. Figure 4(b) shows the result after applying a global thresholding with
threshold of 160. Although there are small areas that have not been completely ﬁlled
or elements with open boundaries, this segmentation facilitates the discrimination
between nuclei and other regions.
A global thresholding technique is then employed for the segmentation of cell
nuclei. Consequently, some regions are still segmented as if they were part of the
nuclei, but they are actually areas with high optical density. To remove such regions
and to emphasize shadowed areas by real nuclei, operations of morphological opening and closing4 are used in the sequence, removing irrelevant details of the image.
Such morphological ﬁlters remove most of the undesirable elements, such as spikes
and thin connections between nuclei. Nonetheless, small objects must be removed
to facilitate the comprehension of the ﬁnal image. Components with less than n
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(a)

(d)

(b)

(e)

(c)

(f)

Fig. 4. Image segmentation. (a) Original image; (b) segmented image with a threshold of 160; (c)
detail of image (b); (d) result of applying morphological opening and closing ﬁlters on image (b);
(e) detail of image (b); (f) result of image (d) merged with original image.

pixels are removed, since they do not signiﬁcantly contribute to the rendered scene.
The value of n must be determined empirically by the expert.
The result of the segmentation is then applied to the original images acquired
with the microscope. For gray level images, the segmented nuclei are ﬁlled with
level 0, that is, black. For colored images, the nuclei are marked with red or yellow,
depending on the sequence number of the image. Those images are colored interchangeably to facilitate their registration. Figure 4(c) shows details of Fig. 4(b).
Figure 4(d) shows the result after applying opening and closing operators using
a disk-shaped structuring element with diameter of two pixels on the image in
Fig. 4(b). Figure 4(e) shows details of Fig. 4(d). Figure 4(f) shows the combination
of original image (a) with image (d).
3.3. Image registration
The registration of images obtained with the light microscope is an extremely complex and time-consuming task and highly dependent on the expert’s knowledge.
Tissues suﬀer distortions that can introduce artifacts in the plate being examined
and, consequently, aﬀect control points used as reference to image alignment. There
is also a continuity problem caused by the thickness of the slices. Since cell nuclei
do not appear in adjacent images, there is no feasible characteristic that guarantees
a correct alignment between two slices.
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Registration of a sequence of images.

Due to this diﬃculty, registration must be conducted by the expert with semiautomated techniques, such as the Blink Comparator.38 A very similar technique
is employed in this work. Two adjacent slices are compared together. One of them
is made semi-transparent and it can be transformed by the expert with scaling,
rotation, skew and translation operations. As soon as the semi-transparent image
is aligned with the other, its opacity is increased and it is marked as the reference
image. The process is repeated until all images in the sequence are aligned. Figure 5
illustrates the registration of a sequence of images.
3.4. Volume rendering
Microscopic images are very susceptible to noise, mainly because of the acquisition
sensors. If preprocessing techniques are employed on these noisy images, parts of the
cell nuclei are usually detected in the visualization stage, which causes the appearance of several small objects in the ﬁnal scene. A volume rendering technique is then
employed to generate the three-dimensional visualization of microscopic images.
Segmentation is a preprocessing stage, if considered in the volumetric visualization context, and it is commonly applied prior to any volumetric processing. The
objective of this stage is to detect diﬀerent materials in the volume and correctly
label the samples. However, the proper characterization of each sample is obtained
through the classiﬁcation stage, that assigns properties to voxels, such as color,
opacity and density. In some cases, this stage is employed in diﬀerent parts of the
volumetric visualization pipeline.
During the process of visualization, a sampled point in the projection space does
not always coincide with another voxel in the volume space. This point, which is
the result of a original voxel transformed by scaling, rotation and translation operations, is computed by resampling surrounding data. The most common resampling
technique considers eight adjacent voxels and computes the data along axes x, y
and z, known as trilinear interpolation.
As described previously, the classiﬁcation is responsible for assigning the correct attributes to each voxel. In the subsequent stages, such information is extensively used to provide more realism to the generated scene. Although cell constituents are not exactly the same of those registered by medical examinations, this
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work considers that four main materials are present in microscopic images: air, cell
membrane or wall, cytoplasm and nucleus. The classiﬁcation scheme estimates the
amount of occurrence of a given material in a particular sample, in other words,
how much of the material exists in the voxel.
Three diﬀerent techniques were employed in the classiﬁcation stage. The ﬁrst
technique, developed by Drebin,23 consists of probabilistically determining the presence of materials in a voxel based on a trapezoidal function. This classiﬁcation
adopts the principle that a voxel represents a single material or, at most, two different materials, since in medical examinations using computed tomography (for
which the technique was originally developed), a voxel often represents only one
material or a percentage of two adjacent materials, such as bone and tissue.
In the second technique, Levoy25 developed two transfer functions to characterize the transition between materials, which are based on gradient and gray level of
the voxel.
The third technique, proposed in this work, is based exclusively on the voxel
density of the slices constituting the volume to calculate the density and opacity of
each material. The gray levels of the image voxels acquired with the CCD coupled to
the microscope basically represent the optical density of the material under study.
Less dense materials tend to have gray levels near the superior limit, whereas more
dense materials tend to have gray levels near the inferior limit of the possible values
assigned to each voxel.
The density function is expressed by


if fi < Linf
1


(Lsup − fi )
if Linf ≤ fi < Lsup ,
(1)
di = fi

|Lsup − Linf |


0
if fi ≥ Lsup
where di is the density of voxel i, fi is the gray level of voxel i, Linf is the inferior
limit, and Lsup is the superior limit. Therefore, the density is 1 under a certain
threshold, referred to as inferior limit. From this threshold, the density linearly
decreases with respect to the gray level until the superior limit. After this limit,
the density becomes zero.
The voxel opacity is also calculated on the basis of the sampled gray level.
Similarly as deﬁned in the density function, the opacity for segmented objects is
assigned as 1, that is, the objects are completely opaque. Above that value, the
opacity decreases according to an exponential function, starting with opacity value
equals 0.5. The opacity function is deﬁned as


if fi ≤ 1
1 „
«
−fi2
,
(2)
αi =

 e L/2
if fi > 1
10
where αi is the opacity of voxel i, fi is the gray level of voxel i, and L is a threshold.

Processing and Visualization of Light Microscope Images

density

379

opacity

1

1

0
Linf
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gray level

0

(a)
Fig. 6.

gray level
(b)

Density and opacity transfer functions with respect to the voxel gray levels.

Figure 6 shows the proposed density and opacity transfer function with respect
to the voxel gray levels. The use of colors in segmented regions eases comprehension
of three-dimensional structures. From the gray level scaling proposed in Table 1,
dense regions will have high opacity and will be more evident in the visualization.
The gradient measures the transition between two materials, as well as the
direction of this change. Since gradient uses the voxels densities, this stage must be
carried out after the classiﬁcation. The gradient computation used in this work is
known as central diﬀerence,39 and it is given by
D = [Dx , Dy , Dz ],

(3)

where
Dx = f (x − 1, y, z) − f (x + 1, y, z)
Dy = f (x, y − 1, z) − f (x, y + 1, z),

(4)

Dz = f (x, y, z − 1) − f (x, y, z + 1)
where f (x, y, z) is the function that speciﬁes the voxel density in the coordinates
(x, y, z).
The illumination stage is necessary to increase realism to the visualization,
employing an illumination model to create shining or shadow eﬀects in the ﬁnal
rendered scene. The illumination model is the main component of this stage, and
the most commonly used method was proposed by Phong.40 The illumination in a
voxel is determined by the equation
Ir = Ig + Id + Is ,

(5)

where Ig is the ambient component, Id is the diﬀuse component and Is is the
specular component of the illumination. Expanding Eq. (5), we obtain
Ir = (Ia Ka ) + (Ii Kd (L · N )) + [Ii Ks (R · V )n ],

(6)

where Ia is the ambient illumination coeﬃcient, Ka is the ambient light attenuation,
Ii is the diﬀuse reﬂection coeﬃcient, Kd is the diﬀuse reﬂection attenuation, L is the
light incidence vector, N is the surface normal vector, Ks is the specular reﬂection
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attenuation, R is the reﬂection vector of the incident light rays, and V is the observer
direction vector.
It is possible to use an attenuation factor for the incident light in each voxel. The
computation of this value can be done in many ways. The most common technique
is to attenuate the light in function of the distance d of the object, in this case, the
distance of a voxel to the observer. The attenuation equation of the incident light
used to produce the ﬁnal visualization is given by
Iia

2
e−(d )
,
= Ii
10, 000

(7)

where Iia is the attenuated incident light used in the computation of Eq. (6). The
value 10,000 is empirically obtained.
Finally, each pixel of the generated image represents several aligned voxels,
computed along a ray. The stage of composition is responsible for compositing the
values of color and opacity of these voxels and calculating the ﬁnal value, that will
be assigned to the pixel from where the ray departed.
Every voxel reached by a ray with intensity I contributes to the value of the
pixel that emitted that ray according to the values of opacity and color of both of
them (voxel and ray), varying the intensity of the ray to I  when it leaves the voxel.
Let n be the number of samples reached by the ray (sampled voxels along the ray),
Ii the total intensity of light in a position i of the ray, αj the opacity of the voxel
in the position j, a the ﬁrst intersection and b the last intersection points between
the ray and the volume. The accumulation of the computed values is obtained by
I(a, b) =

n

i=0

Ii

i−1


(1 − αj ).

(8)

j=0

4. Experimental Results
Three series obtained from cross-sectional slices were used to demonstrate the eﬀectiveness of the proposed three-dimensional reconstruction method. The main characteristics of these series are described in Table 2.
The series used in the experiments were acquired by a 640 × 480 pixel Oly-220
CCD color video camera coupled to a BX51 Olympus light microscope and by
SpectralViewT M Applied Spectral Imaging41 with a 1280 × 1024 pixel CCD gray
scale video camera coupled to a Carl Zeiss Axiophot light microscope. The images,
stored as TIFF (Tagged Image File Format) ﬁles, were acquired as 2D sequences,
each one labeled by a unique identiﬁcation. The slice thickness were recorded for
further use in the reconstruction process.
Initially, the images were preprocessed by a 3 × 3 median ﬁlter. For Series 1, the
cell nuclei presented in the images are well visible because the used stain enhances
all genetic material of cells. A single image of the sequence is then randomly selected
and interactively segmented by the expert. The threshold deﬁned for this ﬁrst series
was 100 and it was applied to all images, followed by morphological opening and

Processing and Visualization of Light Microscope Images
Table 2.
Properties
Material
Dye
Magniﬁcation
Microscope
CCD camera
Slices dimensions
Image format
Bits/pixel
Slice number
Slice thickness
Thickness × pixels

(a)
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Characteristics of three test series.

Series 1

Series 2

Series 3

Onion Root
Fast Green
400×
Olympus BX51
Color
640 × 480
TIFF
24 bits
44
3 µm
15 ×

Rat Uterus
H&E
100×
Zeiss Axiophot
Gray scale
1280 × 1024
TIFF
16 bits
11
5 µm
25 ×

Adesmia latifolia seed
H&E
200×
Zeiss Axiophot
Gray scale
1280 × 1024
TIFF
16 bits
5
8 µm
26 ×

(b)

Fig. 7. Three-dimensional reconstruction of Series 1. (a) Cell nuclei colored in dark gray and
visualized with a semi-transparent material; (b) the image presents cell nuclei in light gray and
the remaining cell components and air in gray.

closing of the segmented images using a disk-shaped structuring element with diameter of two pixels. The result of this process is merged with the original colored
image. Odd images have its nuclei marked in dark gray, whereas even images have
its nuclei marked in light gray.
Figure 7 shows the visualization of two images from Series 1, which is an excerpt
of an onion root. Image (a) shows only cell nuclei tainted in dark gray. In image (b),
the cell nuclei are colored in light gray with a gray-colored cytoplasm.
Image shown in Fig. 8 is the visualization of Series 1 with the volume rotated
along two axes, with three distinguished materials. One of them is cell nucleus,
colored with dark gray covering gray levels from 0 to 20. Gray levels from 21 to 120
were colored with low opacity gray. The mixture of these two materials are shown
in light gray, where there is more presence of extra-nuclear material (cytoplasm and
cell wall), and in gray, where the presence of cell nucleus is greater than that of
extra-nuclear material. The white dots are the specular reﬂection component on the
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(a)

(b)

Fig. 8. Three-dimensional visualization of Series 1 with cell nuclei colored in dark gray, cytoplasm
colored in light gray and the remaining gray levels colored in dark gray. (a) Image generated with
constant incident light; (b) image generated with attenuation of the incident light.

surface originated from the extra-nuclear material. Image (b) was generated with
attenuation of the incident light.
Series 2 is a serial cut from the uterus of a rat in the sixth week of pregnancy,
stained with Hematoxilin and Eosin. The main characteristics of this series are
shown in Table 2, column three. The images acquired with the microscope were
also preprocessed by a median ﬁlter with size 3 × 3 pixels and followed by the semiautomatic thresholding. The low contrast of the images, caused by the combination
of condenser ﬁlters and monochromatic acquisition, aﬀected the segmentation of
the cell nuclei.
Considering that segmentation is employed with the purpose of aiding the comprehension of three-dimensional structures and not to create a photorealistic representation, the selected threshold by the expert was 203. This threshold is applied
to all images of the series. The segmentation is then followed by morphological
opening and closing operators with a disk-shaped structuring element with radius
of one pixel. The segmentation result is merged with the original image, where the
segmented regions were marked with value 1.
The images of Series 2 contain two types of tissues, uterus mucous membrane
(endometrium) and the uterus muscular wall (myometrium). Two images from
Series 2, without the delineation of the two tissues, are shown in Fig. 9. In image (a),
the segmented nuclei are colored in dark gray, whereas the gray levels within the
interval [25, 200] are colored in gray. In these images, the gradient magnitude is
0.5, avoiding that the image noise forms small surfaces and aﬀects the visualization results. Image (b) was generated with incident light attenuation, however, with
same parameters used in image (a).
Images shown in Fig. 10 illustrate the visualization of Series 2. The tissues in this
sequence were outlined by the expert. The light gray region is the endometrium,
whereas the myometrium was colored in gray. The white dots are the specular
reﬂection component. Image (a) was generated with probabilistic classiﬁcation by
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(b)

Fig. 9. Three-dimensional visualization of Series 2. The cell nuclei are colored in dark gray, where
the remaining cell components are colored in gray. (a) Without incident light attenuation; (b) with
incident light attenuation.

Drebin et al.42 Image (b) was generated by this same method, but with attenuation
of the incident light. In this case, the specular reﬂection eﬀect has been greatly
reduced. Image (c) was generated with classiﬁcation proposed by Levoy.43 Image (d)
was generated by the method proposed in this work, where more dense materials in
the embryo interior are more visible, as well as the uterus formation in the posterior
part of the volume. Additionally, the bordering region between the endometrium
and myometrium is enhanced, especially in the portions overlapped by the slices
next to the observer.
Series 3 is part of the research on embriogenesis of the species Adesmia latifolia.
The characteristics of this series are presented in Table 2, column four. Due to the
staining techniques employed and the material nature, which is vegetable, the cell
nuclei are not evident enough to be segmented. The registration of the images was
similar to that employed in the previous series.
This sample has four diﬀerent tissues that can be visually enhanced. Thus, these
four tissues have been manually outlined and have their gray levels scaled according
to values in Table 3.
Figure 11 presents images from Series 3. The three-dimensional structure of
the embryo, in dark gray, is easily perceived by the observer in the images. The
blurred aspect of the images is due to the composition of the sampled voxels during
the image generation and to the gradient magnitude threshold, that enhances the
transition between materials. Image (a) was generated with method proposed by
Drebin et al. using light attenuation. Image (b) was generated with Levoy’s method.
Images (c) and (d) were generated with the proposed method, where details of cell
walls shown as gray tissue are quite enhanced in the upper portion and in the
lower right portion of the image. These structures are visible because only one slice
has contributed signiﬁcantly for the visualization of these details. This contribution
occurred because there is a diﬀerence in the pixel intensities between slices acquired
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(a)

(b)

(c)

(d)

Fig. 10. Three-dimensional visualization of Series 2 with tissue segmentation. Uterus wall is
colored in light gray. (a) Image generated with probabilistic classiﬁcation developed by Drebin
et al; (b) image corresponds to the same visualization parameters as item (a), but with light
attenuation; (c) image generated with classiﬁcation developed by Levoy; (d) image generated
with method proposed in this work.

Table 3.

Gray level compression of detected regions of Series 3.

Region
Minimum and
maximum limits

1

2

3

4

0–50

51–100

101–150

151–200
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(a)

(b)

(c)

(d)
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Fig. 11. Three-dimensional visualization of Series 3. Tissues were colored, from most opaque to
most transparent. (a) Image generated with probabilistic classiﬁcation developed by Drebin et al;
(b) image generated with classiﬁcation developed by Levoy; (c)–(d) images generated with method
proposed in this work.

by the microscope. The outer-tissue structure is quite distinguished in the lower left
portion of the image, with transparent aspect.
5. Conclusions and Future Work
The main purpose of this work was to process and visualize a sequence of images
obtained with light microscopes. Although the solution proposed to solve the problem is simple, it is quite eﬀective compared to other few works dedicated to this
task.
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The process of rendering confocal microscopes,44 though is a valuable tool for
the analysis of microscopic structures, provides only the visualization of certain cell
components that react to a ﬂuorescent dye. On the other hand, light microscopes
are widely used in biological laboratories, they are an inexpensive tool compared
to electron or confocal microscopy, and oﬀer an excellent instrument for the study
and teaching of microscopic biological specimen.
Further work includes the reduction in the number of parameters dependent
on the expert’s knowledge and the development of a fully automatic registration
process.
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