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High Speed Self-Adaptive Algorithms for Implementation in a 3-D

Vision Sensor
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Abstract

In this paper, we present an original stereo vision system which comprises two process' 1. An
image segmentation algorithm based on new concept called declivity and using automaticic thresholds.
2. A new stereo matching algorithm based on an optimal path search. This path is obtained by
dynamic programming method which uses the threshold values calculated during the segmentation
process. At present, a complete depth map of indoor scene only needs about 3 s on a Sun workstation
IPX, and this time will be reduced to a few tenth of second on a specialised architecture based on
several DSPs which is currently under consideration.

KEY WORD : Stereo Vision System, Self-Adaptive, Dynamic Programming

I . Introduction

3-D vision systems are essential for future

intelligent robot since a robot works in a 3-D world.

Among the different classic techniques, passive
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stereo vision is a very attractive approach especially
because of its possibility of working in a large
variety of conditions. The goal of stereo algorithms
is to determine the three-dimenional distance, or
depth, of objects from images taken from different
viewpoints.

The computational stereo paradigm consists of
feature extraction, feature

three major  steps:

matching and three-dimensiona! reconstruction.
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Many stereo vision systems have been used in the
past using different principles. However, most of
these methods are computationally expensive or use
fixed parameters. In our study, stereo vision is used
as a basic principle in the development of 3-D
vision sensor for applications in robots guidance and
These
robust and self-adaptive

the navigation of autonomous vechicles.
applications needs fast,
algorithms to respond to a large variety of
illumination.

We propose here a stereo vision system which
comprises the following:

@ an innovative fast data processing to extract

feature points in the stereo images using

self-adaptive decision parameters“],
@ 2 new fast stereo matching algorithm based on
self-adaptive

programming  using

131t4]

dynamic

parameters
Il . Feature extraction

To simplify the problem of camera calibration as
well as feature extraction and matching, we choose
a special stereo system that allows the stereo
process to be quicker and the algorithms to be
reduced to a one-dimensional problem.

In this configuration (figure 1), the cameras are
set up so that their optical axes are parallel and
their common baseline is parallel to the image
horizontal lines®.

Thus, let Pu(X,,YL) and Pa(XgYr) be the two
stereo corresponding points of an object point
P(Xp,Yr,Zr). Then, the
three-dimensional reconstruction are the following:

Xp=Xr.d/D

Ye=Yr.d/D

Zr=f.d/D (1)

relations used for the

In these relations d is the length of the baseline,
D is the
corresponding points which is equal to Xg-X, and f

horizontal disparity of the stereo

is the focal length of the two cameras.

P{Xp,Yp.Zp)

Figure 1. The stereo vision system configuration

With the stereo camera configuration presented

above, our segmentation algorithm consists in
extracting characteristic elements line by line. This
is obtained by a self-adaptive thresholding of the
declivities.

In an image line, a declivity is defined as a
bounded by two

end-points which correspond to two consecutive

cluster of contiguous pixels,

local extrema of the grey level intensity, ie. one
maximum and one minimum (see figure 2).

M

.
7

X-co-ordinate

XX X

Figure 2. An example of a declivity

According to the definition of a declivity, an
image line is equivalent to a set of declivities which
can be used as basic elements for segmentation. For
this purpose, we consider that declivities can be
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sorted by their amplitude into two classes. The first
which

correspond to noise and non-sinificant elements. The

one contains low- amplitude declivities

second class contains high-amplitude declivities.
These last ones are used as features in our stereo
vision process;, in the following they are called
characteristic declivities. It will be noticed that they
correspond to edges.
From what previous, it appears that feature
extraction will be obtained simply by thresholding
the declivities amplitudes. For this operation to be
self-adaptive, the threshold is computed from a
statistical analysis of the image line. Finally, the

threshold value d is defined by:
di=5.60 (2)

where 0 is the standard deviation of the noise
which is considered as a white Gaussian one”.

Once characteristic decclivities are detected, a
major problem is the determination of their real
the accuracy of the 3-D

positions. In effect,

component greatly depends on these positions.
Finally, this problem was solved by computing the
mean position of the declivity points weighted by

the gradients squared as follows:

xgl[1(x+1>—1(x)]2(x+0.5)
Xi=——"5gm 3)
2 [Kx+D) -1

where X; is the position of a declivity.

ill. Declivity attributes

We recall that due to the special configuration of
the two cameras, the application of the epipolar
constraint to the matching problem reduces it to one
dimension and implies that two corresponding image
lines have the same number. Then, to be matched,
declivities must satisfy geometric and photometric
similarity which depend on attributes given below.

Let (RGD) and (L(G,D) be two sets of declivities

14 AFAY dae
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ordered according to their co-ordinates in an
arbitrary 1 right and 1 left epipolar lines, with i and
j are the indexes of declivities. Each declivity is

described by the following attributes:

- its X-coordinate on the image line defined by
(3), which is used to calculate the disparity
value,

- the grey levels of its three left neighbours
pixels,

- and the grey levels of the three right neighbours

pixels,

To estimate the photometric similarity between
two declivities to be matched, we consider the left
and right photometric distances defined by:

2
Ipd= Eollk(xi_k)—IL(xj—k)! (4)

2
rpd= EolIR(xi+l+k) “IL(xj+1+k)| (5)

where Ir(xi-k), In{xi1+k) are the grey levels of the
kth left and kth right neighbours pixels of the
declivity R()) bounded by the extrema xi and X,
and IL(x;-k), Iu(x;1#k) are those of the declivity L{,1).

IV. The matching algorithm
Our matching algorithm is based on dynamic

a 2-D
established whose rows and columns are affected to

programming. In this way, graph is
characteristic declivities of two corresponding lines.
Intersections of rows and columns correspond to
hypothetical declivity matching. Among them, those
that meet the limitation of research area constraint
define nodes on the graph. This geometric constraint
is explained bellow.

The matching problem can be treated as the
problem of finding an optimal path on this graph
using the non-reversal constraint in primitives as
well as the uniqueness constraint. To select this

path, classic methods tend to minimise a cost
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B The main difficulty with this approach

function
is that the cost value can increase indefinitely which
affects the computation algorithm. In our approach,
we chose to maximise a global gain.

The matching algorithm consists in three steps.

In the first step, a 2-D graph is established as
above explained from the sets (R(,D) and (L(j,1)) of
characteristic declivities of two corresponding lines.
In this step, the

constraint is defined by:

limitation of research’s area

0 < Xgi~Xy; < disp max (6)

where X and Xi; are the X-coordinates of the
declivities R(i,1) and L(j,]) respectively , and dispmax
is the maximum value of the disparity which has to
be determined for each application environment.

In the second step, a local gain is allocated to
each node of the graph. It is a non-linear function
of the photometric distance expressed by:

gain=f(gmax)-Ipd-rpd (7
The term f(gmax) has a double object. First it

ensures the self-adaptivity of the gain by gmax
which is defined by:

gmax=0.5(dw+du.) (8)
where dr and du are the right and left
self-adaptive threshold values defined by (2)

respectively. Then, it enables to take account
partially masked objects which induces three case of
similarity: right and left, only right or only left.

Thus the following formulas are used:

@ If Ipd < gmax and rpd < gmax, then f(gmax)
is initialised to 3 gmax.

@ If Ipd < gmax or rpd < gmax, then f(gmax)
is initialised to gmax.

@ If Ipd > gmax and rpd > gmax, then the
corresponding hypotheses are rejected.

The gain of the path (global gain) is the sum of
those of its primitive paths. The gain is defined as
follows: let G(m,n) be the maximum gain of the
partial path from an initial node - not necessarily
(1,1) - to node (m,n) as shown in figure 3, and let
g{m,n,i,j) be the gain corresponding to the primitive
path from node (mn) to node (ij), with 1<=m<i and
1<=n<j, and which, in fact, only depends on the
node (ij) as defined by (7).

Finally, G(i,j) is given by:

G(1,7) = Max (p, pl G(m, n) + g (m, n, 7, /)] )

(L
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Figure 3. The matching graph elements

As a result, we obtained several paths from the
origin node to the final node in the graph (an
experimental example is given on figure (4).

In the final step, the path with the maximum
global gain is selected which gives the matching
declivities. From this, we can thus deduct a disparity
value: disp=Xri-Xuj, then, every declivity in the right
epipolar line is assigned to its disparity value. For
points which do not correspond to declivities, the
is assigned by interpolation.

disparity A simple

interpolation is done between declivities positions
where the disparity is obtained. Finally, finding the

3-D position of the object is obtained from (1).
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V. Experimental results

Some experiments were performed on an IPX
SUN workstation (running UNIX). Digitised images
have a size of 512 x 512 with an
resolution of 256, Our

intensity
algorithms have been
implemented in C language and tested on indoor
scene images as well as on outdoor ones. In this
paper, we only present results concerning an indoor
scene. '

Experimental parameters are: f=8 mm for the
local length of the two cameras, d=8 cm for the
base line length and dispmax=60.
of the by

segmentation algorithm are shown in photo 3 and 4.

Resuits declivities  detection our

The complete run-time for declivity extraction in a line

Photo 1. Left stereo image.

Photo 2. Right stereo image.

47

of the indoor scene (photos 1 and 2) is only 3.1 ms
on an IPX, and 2.3 ms on a DSP TMS 320C30 from
Texas Instruments. The positions of characteristic

declivities are known with sub-pixel accuracy.

Photo 4. Right declivities detection.

Photo 5. Depth map.
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Fig. 4. An example of an experimental matching
graph

Concerning the matching algorithm, we obtained
very satisfactory results: we only need 3.0 ms to
match two image lines with about 30 declivities or
22 ms on a DSP, and, on average, more than 98%
of declivities appear to be correctly matched.

An example of an experimental matching graph is
given -on figure 4, the vertical axis represents
indexes of declivities in the right scanline and the
horizontal ‘one represents those in the corresponding
left scanline. In this graph, the optimal path is
shown! it is constituted by double edged nodes.

Once applied the matching algorithm to the whole
image, we obtain a depth map (photo 5) which is

coded using grey level value as follows: high grey

level points are closer to the viewer.

The computation time for a complete processing
of a depth map is only about 3 s on the IPX
workstation and 2.3 s on DSP.

Using these depth maps, we deduct computed
distances (Zp) of some objeccts in the scene, The
result of computed distances is satisfactory. Indeed,
on average, the errors are of the order of 4% in Z
of around 1m and 11%6 in Z of around 4m.

Vi. Conclusion

The purpose of our study is the realisation of a
3-D vision sensor which can be used in the field of
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the navigation of robots and autonomous vehicles.
These
algorithms which can be processed by parallel

applications require fast, self-adaptive
processors. This was obtained by means of a special
configuration and a highly parallelisable stereo vision
process based on the declivity feature matched by
dynamic programming.

To get benefit of the parallelisable characteristic
of our algorithms, we are currently implementing
our method on machine vision which comprises
several DSPs thanks to which we expect a complete
depth map computation time to be reduced to few
tenths of second.

Recently, an axial motion process of dynamic
scenes have been presented[iﬂ, it 1s based on the

technique presented in this paper.
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