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Abstract — In this paper, a microscopic 3D image is
reconstructed for a micro-manipulation system. The 3D image
reconstruction is based on a binocular stereo vision system. We
propose a new method called “support value” to solve
correspond probl G tric constraints are added to
reduce the ambiguities in stereo matching. Left/right consistency
check is used to increase the confidence for matching results.
Post-processing helps remove the outliers and make original dense
disparity map smooth and reliable. The three-dimensional
characteristics can be reconstructed by perspective projection,
Finally, the 3D image reconstruction algorithm is successfully
applied to a micro manipulation system for cell image
reconstruction by a simpler and more friendly way.

1 Introduction

In recent years, due to the growth of micre-mechatronics
technology, more emphasis has been placed on the micro manipulation
techniques. In order to manipudate micro particles well, there should be
suitable sensors to get the three-dimensional range information to help
nsers perform manipulation tasks. Vision is one of the most important
sensory modalities used for sensing the operating environment. For
example, AFM (atomic force microscope) and SEM (scanning electron
microscope) are the most common used visual semser in micro
manipulation. Nevertheless, duc to the budget limitation, many
research organizations can not zfford these expensive instruments. For
such reasons, we would like to propose a practical but much cheaper
vision system for micro manipulation. The image acquisition
instrument is the most common device: optical microscope. Optical
microscope images through two CCD cameras are used to reconstruct
the micro level 3D images. The reconstraction results will be presented
ag virmal reality scene through a virtual graphic engine. The virtual
scene will assist a user to get more information and explore more of
the original scene,

Among the six steps of stereo vision [1], stereo maiching is the
most difficult problem. The goal of stereo matching is to solve
correspondence problem. The correspondence problem can be stated as
follows: for each point in the left image, find the corresponding point
in the right image. To determine a conjugate pair, it is necessary to
measure the similarity of the points. Thus, it is necessary to locate
matchable features before stereo matching. Both edge features and
region features have been used in stereo matching.

To sotve the correspondence problem, many stereo algorithms
bave been propesed for years [4,5,7,12,18,19]. Matching technigues
can be divided into area-based matching [2][9][20], feature-based
matching [16), and a combination of them [3][6]. The area-based
techniques attempt to find matches of features presented throughout
the image, such as the intensity at each pixel or the cormrelation of a
local window of intensities. The feature-based techniques attempt to
find matches of sparser and more abstract features, rather than
matching texture regions in two images.

Other types of stereo matching methods are also proposed for
years. Ishikawa and Geiger treated stereo matching problem as a
global optimization problem that modeled occlusions, discontinuities
and the epipolar line interactions [8). They mapped the optimization
problem to a maximum-flow problem on a directed graph in a novel
way and validated their idea to be practical. Zitnick and Kanade
presented a cooperative algorithm for stereo matching [21]. The tensor
voting enables us to perform complex compirtations associated with
the formulation of the stereo problem at a reasonable cost.

This paper aims to develop 2 microscopic 3D image for a
micro-manipulation system based on a binocular stereo vision system.
A new method called “support value” will be proposed to solve
comrespondence problems. The algorithm will be applied to a micro
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manipulation system for cell image reconstruction.

2 Stereo Matching Algorithm Development

The sterco matching workflow is shown schematically m Fig. 1.
At first, epipolar lines are aligned to simplify the search range from
two-dimension o one-dimension. Matching is driven from left to right,
and from right to lef}, in two scparate but identical procedurcs. The
matching candidates are selected by using a proposed criterion called
“support vatue™. During the matching process, ordering constraiat and
unigueness assumption are added to reduce the ambiguities and make
the matching results more accurate. The determination of
comrespondence is based on not only the conventional criterion

“cross-correlation” but also the proposed “support value”.
Sterec image pairs
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Fig. 1 Flowchart of stereo matching algorithin
2.1 Support Value

The original ideas of support value come from the structures
similarity of stereo image pairs. It is deeply believed that structures
like comers, features or other special structures of the lefi eye image
are simifar to those of the right eye image. The structure mainly
depends on is neighborhood pixels. There should exist close
neighborhood correlation of the struetute. In other words, while doing
stereo matching tasks, its neighborhood will contribute some “cues™
for the correct match. Therefore, we define a value called “Support
Valire™ and a complete criterion in aid of stereo matching to realize the
above idea.

Support valge calcnlation procedures are as follows:

1. Calculate local mean values of each local support.
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2. Thresheld the local support to obtain the binary structure.
¥ L pzm, §,0,7)=1 ese S =10
i fGjyem,, S0, f)=1 ese 5.(,j)=10
3. Compare the binary structure and add scores to support value.
For each 8, and S, element,
if 8,4, ))=S8,G. /) SV=8V+W{i,j)
4. Use support value for candidate selection.
Support value is used to select the possible candidates.
5. Determine corresponding point using cross-correlation and
support value.
The candidate whose support value is maximum can be



considered as a good match. However, commespondence determination
using only single crittrion may lead to emmoneous results. Here we
adopt multiple criteria to avoid this situation. The support value is used
to select the matching candidate first, and then the combination of
correlation and support value decides which one is the corresponding
point. The comrespondence determination flowchart is described in Fig.
2.

Featare points

Candidate selection
using §V

Fig. 2 Comespondence determination flowchart

The value of support value depends on the weighting matrix. The
coefficient assignment will bave a great influence on the matching
results. The common used weighting matrices are listed in Fig. 3. In
genera), equally weighted matrix treats each neighbor in a fair state.
Decreasing-order weighted matrix treats each neighbor in another way.
The window size of the support value depends on the texture of
matching areas.
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Fig. 3 a) Equally weighted matrix, b} decrease-order weighted matrix
2.2 Constraints

The comrespondence problem is ambiguous, Given a point ml in
the left image, it may correspond to any point m2 in the right image.
To solve the ambiguity, some constraints must be added to reduce the
oumber of potential matches for any given point ml.

The constraints used in the matching process of this paper are
listed below:

). Epipotar constraint

b). Dispanty range constraint [J(]

¢}. Uniquencss constraint

d). Continuity constraint [15]

). Ordering constraint

2.3 Consistency Check

After the process of left-to-right matching and right-to-left
matching, a mechanism needs to be established to validate the
matching results. The most commonly used mechanism is left/right
consistency check or bi-directional validation. In Fig. 4, it first
compares the left-to-right results with the right-to-left resuits, check
their agreements, and then consider them as the correct matches. At
first, this agreement on matched points must be exact, but it is often
relaxed to allow 2 to 4-pixel disagreement so that the disparity surface
is allowed to incline rather than perpendicular to the axis.

Although leftright consistency check takes twice computation
time, it indecd provides confidence for the disparity estimation and
three-dimensional coordinates calculation. In this paper, we adopt this
strategy with its relaxation to validate the matching results.
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Fig. 4 Bi-directional validation (lefi/right consistency check)
2.4 Occlusion Detection

Binocular half-ocelusion points are those that are visible in one of
the two views but occluded in another view. Due to their importance in
sterep matching and subsequent interpretation tasks, a number of
approaches have been developed for dealing with occlusion points, Fig,
5 shows a simple example of hinocular imaging system with occlusion
situation. In such a situation, since there exist depth discontinuities, the
disparity cstimation within these segments may lead to ermoncous
results.

0

0,
LI¥

Fig. 5 Occlusion situetion in binocular system

According to certain geometric assumptions and constraints,
occlusion detection approaches can be roughly divided into five
approaches [5]. One of these approaches is Left/Right Checking (LRC).
Those points with inconsistent left/right checking are considered the
false matches and occlusion points, They need to be excluded in the
subsequent processes of disparity estimation. The disparities of
occlusion areas are interpolated by neighboring correct matches,

2.5 Disparity Estimation 2nd 3D Recenstruction
251 Disparity Estimation

After validation, the cotresponding pairs are considered as correct
matches. In order to estimate depth, the disparity needs to be

calculated first. Given a corresponding pair (x,,»,) and(x,,».), %
must equal to y; due to the epipolar constraint. The left-based disparity
or pasallax is defined as x,—x , while the right-based disparity is

defined as x, —x,. The parallax is the reason why human can

perceive depth. Through the brain activation, parallax will be
translated into distance sense for human to tell which is far and which
is near,

After calculating all corresponding pairs, a dense disparity map
can be obfained except for the occlusion areas. A pseudo-color map
represents the disparity image. In a disparity map, there are still some
argas with unknown disparities. These areas are occlusion areas. The
disparities of occlusion areas need to be interpolated to recover the
depth. Based on the disparity gradient limit, the disparities of
occlusion areas must lie between the disparities of neighborhood areas.
Here we adopt lincar interpolation to recover the lost disparities.

252 3D Reconstruction

The geometry of binocular imaging system is shown in Fig. 6.
The setup is two identical cameras separated in the X-direction by a
baseline distance b. The image planes are coplanar in this case. For the
model shown in Fig. 6, every feature in one image will lie on the same
row in the second image. In practice, there may be a vertical disparity
due to the misregistration of the epipolar lines. Many formulations of
binocular stereo algorithms assume zero vertical disparity. This is also
adopted in this paper.
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Fig. 6 Binocular imaging system setup

In Fig. 6, the feature point P is observed at points pl and pr in the
left and right image planes, respectively. In general, we assume that
the origin of the world coordinate system coincides with the midpoint
of the left camera center and the right camera center. Therefore the
Ieft camera center is located at - L of * and the right camera
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center is located at [% 0 o
Comparing the similar triangles PMC,, p/L.C;and PMC, and p,RCr
we can obtain
b

X+ — x—=
2%, 2 _x

z r ! z ¥y
Combining the above two equations, we get
b¥f bty
(x,-x) D
Thus, the depth at various scene points may be recovered by knowing
the disparity of comespending feature points.

From the above discussion, if a conjugate pair can be determined,
the depth in world coordinate system Z can be easily derived.
Knowing the depth Z, the X, Y coordinate in world coordinate system
can be derived using perspective projection equations as
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3 Microscopic 3D Image Reconstruction

3.1 Iintroduction to Micro-manipulation Systems

The micro-manipulation system shown in Fig. 7 and Fig. 8
consists of a stereo microscope, two 3-DOF robotic manipulators, a
micro-positioning platform, a micro-injector, and a central computer. It
is desired to construct a stereo vision system suitable for micro
manipulation. Microscopic images captured by the left and right CCD
cameras are used for stereo matching task, The algorithm mentioned in
section 2 is used to estimate the depth in the three-dimensional scene.
With accurate depth estimation, the relative positions of the
manipulator and objects can be easily obtained. The depth information
will be sent to the central computer for path planning. The manipulator
needs obstacle avoidance paths to reach the dcslination in the process
of transportation. The paths of the manipul are ph d
beforehand via a fuzzy-based obstacle avoidance algorithm [13] The
central computer will send instructions to the manipulator and the
piezo-driven precision positioning stage with a micro injector. The
mechanism and controller of the precision positioning stage are
designed by Lan [11). The robotic manipulator and the micro
positioning stage are in charge of translating or assembling micro
particles, even injecting particles into cells. The emtire system is
designed for automatic bio-cell injection. The system can also be acted
as an “antomated precise micro-assembly systern.” Fig. 7 and Fig. 8
show the appearance and the architecture of the entire system,
Tespectively.

3.2 Cell Image Segmentation

The textureless background will cause difficulties while doing
stereo matching tasks. Therefore, image segmentation needs to be done
first to determine the cell positions and contouts. Instead of matching

the entire image, only those parts having cells proceed stereo matching
task. The background will be discarded in stereo matching. The cell
image segmentation flow is shown in Fig. 9. The variance images are
calculated first for later binarization. An automatic threshold selection
for image binarization is adopted for separating the backgronnd and
cells. The connected components labeling is used to group pixels into
regions or objects. Fimally, a boundary cxtraction algorithm is
developed to determine the positions and contours of cells.
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Fig. 9 Cell segmentation flow
3.21 Variance Image Calculation

Without loss of generality, there are much difference in image
intensity between cells and background areas. Therefore, the variznces
near cell contpur are always large. This property can be utilized to
detect the rough position of cells. A variance image, which calculates
gray level variance of neighborhood in a specific range, is a
normalized gray level variance map that all variance values fall
between 0 and 255. The definition of variance is

o 8 S - o
* seioM 1= M

where }ij) means the gray level intensity in image coordinate {i,j),
2Mi+1 is the range of variance window, and u(i,j) is the average gray
level intensity in variance window, which is defined as
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322 Automatic Threshold Selection

Using variance image, the rough position of cells can be
recognized, but still imprecise enough. We adopt a nonparametric and
automatic threshold selection for separating objects from background.
An optimal threshold is selected by the discriminant criterion, namely,
1o maximize the separability of the resultant classes in gray levels. The
algorithm is proposed by Ostu [17].

Once the optimal threshold is selected, objects can be separated
from background, Thus, the positions of objects can be determined
amtomatically.

323 Connected Components Labeling

After separating background from objects successfully, connected
components labeling is used to count the number of object. Connected
components labeling is an image processing technique that can make a
unit change from pixels to regions or segments. It scans an image and
groups its pixels into connected components based on pixel
counectivity. Namely, all pixels in a connected component share
similar pixel intensity values and are connected to each other in the
same way. Once all groups have been determined, each pixel is labeled
with a color according to the component it was assigned.

3.2.4 Boundary Extraction

Given each object a unique label, the initial position of the object
can be estimated by calculating its centroid, but the exact boundary is
still unknown. In order to obtain a complete contour, a boundary
extraction algorithm proposed by Lin [14] is used to extract the exact
boundary. The algorithm modifies chain cods method with specific
searching orders. The traditional chain code always search for the
same direction, while this algorithm searches the next boundary pixel
in certain directions.

Direction is defined and given by

direction[m] = (x{m], y{mD — (x{rz = 11, y{m —1])
where m is the index of the current point and m -1 1is the index of
the previous point. Fig. 10 shows the definition of the direction for
boundary extraction and the corresponding eight-neighbor pixels.
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Fig. 10 Definition of direction and corresponding eight-neighbor
pixels

In a regular chain-code method, the search direction of the next
pixe! always begins at direction 0 and follows clockwise, However, the
searching direction of the boundary following algorithm is according
to the following rules:
If direction is (i-1), then the next pointis P, 5, for 0 <i<3
"If direction is (1), then the next point is Pj_3, for3 <i<®

Once the starting point is searched again, the beurdary extraction
procedure is accomplished.

Rule i

3.3 3D Reconstruction of Microscopic Cell Images

The procedure of 3D reconstruction of cell images is shown in
Fig. 11. The sterco cell image pairs will be preprocessed for epipolar
line alignment or notse removal. After successfully segmenting the cell
part from the background, the corresponding relation of each bleb and
its boundary information will be recorded for next process. The stereo
matching scheme will continue until all cell parts are matched.
Post-processing, such as lefi/right consistency check, isolated pixel
removal, and interpolation, will be done after stereo matching scheme,
Finally, the dense disparity map and 3D cell images will be displayed
on the monitoring system.

The actual three-dimensional coordinates in world coordinate
system addressed in the previous section meeds to be modified since
the microscope / camera adapter combination is more complex than a
single camera. ;B is modified by substituting the effective

D
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focal length of the microscope / camerz adapter combination f,,  for

the focal length of a single camera, The effective focal length is
estimated in the calibration process.
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Fig. 11 Flowchart of 3D reconstruction of cell images

4  Experimental Results
4.1 Traditional Stereo Images Test

The stereo image pairs that have been rectified in advance are
obtained from CMU image database [22]. The main hardware includes
a personal computer with Intel Penttum 4.18 GHz, 256 MB DDR
RAM, and the optical system of the micro manipulation system.

“Pentagon” is still used for 3D image reconstruction. Due to the
disparity range constraint mentioned in section 2.2, a proper disparity
search range must be decided. The technique we adopt is to choose the
disparity search range that maximizes the bi-directional validation
correct ratio. As shown in Fig. 12, the disparity search range 10
obtains a maximum comect ratio (95.19%), thus we use {10, -10) for
search in the object window. In other words, if the point is P(x,y) in
the reference image, we will search from P'(x-10,) to P (x+10,¥) in
the object image to determine the best match since it is an
one-dimensional search,

B-ivctional mabdation comect ks v Disperkty s

Fig. 12 Disparity range vs. correct ratio

The stereo matching parameters are listed below: support value
window 13x13, support value equally weighted weighting matrix,
disparity search range 10~-10. The left-to-right and right-to-left
matching results will be validated by leftright consistency check. Only
the consistent ones are considered as correct matches, Fig. 13 is the
result of bi-directional validation. It shows that most matches (86.42%)
are consistent without relaxation, even the case that the error rate is
greater than one pixel is only 1.23%. It provides more confidence for
later disparity estimation.

After Dbi-directional validation, the maximum and minimum
disparity is [10, -9], and this is very close to the ground truth disparity
range [8, -8] recorded in the document [7]. The occlusion areas in the
lefl and right image are shown in Fig. 14.



Fig. 14 a). Right occlusion area, b). Left occlusion area

The dense disparity map will be sequentially processed by
isolated pixel removal, smoothing, and interpolation to make up the
disparities of the occlusion area. The final disparity map in gray level
and pseudo color representation is shown in Fig. 15. The brighter color
means the larger disparity value, while the darker color means the
smaller disparity value. Thus, we can tell the pentagon is higher than
its surroundings. Table 1 is the comparison of different stereo
matching methods, and the results show that the proposed method can
obtain better performance than other methods.

Fig. 15 (a) Disparity map after post-processing, ( b} pseade color
digparity map
Table 1 Comparison of pentagon stereo (a) Cox’s method [4], (b)
Rov's method [18], (¢). Sun’s method 02 [19], {d) Our method

(@)
© @

The three-dimensional disparity map is also shown in Fig. 16. It
reveals fine structures of pentagon, even the small details. However,
the three-dimensional scene can not be reconstructed due to lacking of
image acquisition device information, such as focal length, baseline
information.

Fig. 16 3D image reconstruction result {pentagon)

4.2 Mieroscopic Images Test

The optical system of the micro manipulation system includes a
stereo light microscope, two CCD cameras, two frame grabbers, and a
video distributed amplifier. The stereo image pairs are acquired using
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two CCD cameras aftached to the stereo light microscope with
standard optical adapters. Thus, the microscope / camera adapter
combination is more complex then the traditional binocular stereo
system. The stereo light microscope we use is Olympus $ZX 12, and
the CCD camerus are Mintron 8065CB.

The cells we use for microscopic image reconstruction are
osteoblasts and osteoclasts of mice. The osteoblasts are cells which aid
the growth and development of bones, while the osteoclasts are cells
which actively reabsorb old or fatigued bone so that new bone may be
replaced by osteoblast cells. Osteoblast cells will cluster together and
Finally produce osteoclast cells. Osteoclast cells are usually larger than
the osteoblast cells several times and have diameter from 20 ym to
100 g m. The image segmentation algorithm will be tested using
osteoblast and osteoclast microscopic images.

Osteablast cells are used to test the algorithms. Fig.17 and Fig.18
show the histograms of the left variance images and the left eye image,
respectively. The red arrow indicates the suitable threshold calculated
by the algorithm mentioned in section 3.2.2. Therefore, the boundary
extraction algorithm can be applied to the cell parts. Fig. 19 illustrates
the good performance of tracking boundaries of cells.

Fig. 18 Left eye image of osteoblast cells a). Original image b).
binanized image

Fig. 19 Boundary extraction result

Various boundary exfraction results are listed in Table 2. The

results show the robustness and fimess of boundary extraction
algorithm to different images.

Table 2 Various boundary extraction results

TR S -

Upon knowing the boundary information of each cell, the stereo
maiching procedure can be proceeded. Bi-directional validation will




validate the lefi-based and right-based matching results. After
post-processing, the pseude-color disparity map is shown in Fig, . Fig.
21 is the front view of 3D image reconstruction result. The fine
structures of cells are also shown in Fig, 22.

Fig. 22 Fine structures of cells

5§  Conclusions

In order to construct a stereo vision system for micro
manipulation, & complete and practical procedure is constructed to
reach the goal. It can be divided into two main tasks. Ome is stereo
matching methodology, the other is cell image segmentation technique.

The experiments obtain successful 3D image reconstruction
results. It validates the feasibility of combining the image
segmentation techniques with stereo matching methodology to do 3D
reconstruction of microscopic cell images. The estimated position and
contour information will help manipuletion precess a lot. More
complex manipulation processes such as transportation, assembly, or
injection can be performed with the auxiliary vision information.
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