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IMPROVED APPROACH FOR MOBILE
ROBOTICS IN PATTERN RECOGNITION 3D
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In this paper, a new approach of mobile robotics in pattern recognition is introduced. Its originality lies in the fact
that it is based on a hybrid parametric technique which uses the neural network and the Generalized Incremental Hough
Transform (GIHT) for recognition of objects. The problem is first formulated as an optimization task where a cost function,
representing the constraints on the solution, is to be minimized. The optimization problem is then performed by Hopfield
neural network. We solve the correspondence problem for a set of segments extracted from a pair of stereo images. The
segments are extracted from binary image edges using the Hough transform (HT). Its advantage is its ability to detect
discontinuous patterns in noisy images but it requires a large amount of computing power. For field programmable gate
arrays (FPGA) implementation our algorithm does not require any Look up Table or trigonometric calculations at run
time. This algorithm leads to a significant reduction of the HT computation time and can be therefore used in real-time
applications.

K e y w o r d s: robotic vision system, Hopfield network, Hough transform, segments matching, signal processing, pattern

recognition

1 INTRODUCTION

Stereo vision is a passive technique used to determine
the depth of an object in a scene using a pair of stereo
images [1]. The depth information is essential in many
applications such as robotics, remote sensing, and medical
imaging. The stereo correspondence is a very important
step in the depth calculation.

There are two different methods for solving the cor-
respondence problem: one is to match every point in the
left image with that of the right image [2, 3]; another is to
match directly the features of an image with features of
another image of the same scene from a different viewing
position.

In this paper, we are interested in solving the corre-
spondence problem using the neural network. The de-
veloped approach realizes segments matching of a pair
of stereo images. A cost function is used where all the
constraints on the solution can explicitly be included in
this function. We search the minimum of this function
with a two-dimensional Hopfield neural network to find
the solution of the correspondence problem. Many vision
tasks can be formulated as minimization of a cost func-
tion [4, 5].

For example, in [6] an image restoration technique
is developed, where a cost function is minimized by a
Hopfield network.

For feature extraction, we have chosen the technique
developed by Hough [7]. It is a well-known technique for

detection of parametric curves in binary images and it was
recognized as an important means of searching for objects
and features in binary images. It converts the problem of
detecting collinear points, or lines, in the feature space to
the problem of locating concurrent or intersecting curves
in the parameter space. We have used the neighbourhood
relationship between segments to represent each image of
a pair of stereo images by an adjacency graph to eliminate
the possibility of choosing segments that have no chance
of being a candidate for a match.

In that sense, our paper is organized as follow: in
Section 2, we show the feature extraction algorithm based
on the HT. In Section 3, the Hopfield model to solve
the correspondence problem is presented and justified.
Next, the software implementation is in Section 4. The
obtained results on real images with a robot motion can
be appreciated in Section 5. Finally, we bring this paper to
a conclusion and present the perspectives of this research.

2 HOUGH TRANSFORM

The first step of the correspondence algorithm is to
find line segments in both images. These segments are ex-
tracted from binary edges images using the Hough trans-
form. It is a well-know method for detection of parametric
curves in binary images and it was recognized as an im-
portant means of searching for objects and features in bi-
nary images. It converts the problem of detecting collinear
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Fig. 1. The straight line polar parameter

Fig. 2. The ρθ parameter space

points, or lines, in the feature space to the problem of lo-
cating concurrent, or intersecting, curves in parameter
space.

The HT uses the polar parameters of the straight line
(Fig. 5). A line is defined by the following equation:

f(x, y, ρ, θ) = ρ − x cos θ − y sin θ = 0 . (1)

Here “ρ” is the normal distance between the xy plane
origin and the line y(x) and where “θ” is the angle
between x axis and “ρ”.

Point (xi, yi) of the xy plane is transformed in the
new plane of parameters ρθ into a sinusoidal curve whose
equation is given by:

ρ = xi cos θ + yi sin θ . (2)

Let us have two points of a same line (Fig. 1), their
transforms into the parameter plane are represented by
two sinusoidal curves which intersect in one point which
will characterize this line in the xy plane. Generalize; the
set of points forming this line will be represented by a set
of sinusoidal curves that intersect in one point which also
characterize this line into the xy plane (Fig. 2).

The ρθ plane is homogenous because all the curves are
sinusoidal curves and, furthermore, this kind of parame-
terization yields a bounded “ρ” and “θ” in the practical
case of a numerical image.

Let θk be the quantification step of θ dimension and
ρk the quantification step of ρ dimension, we compute for
every discrete value of θi its corresponding ρi for every
point of coordinates (x, y) in the image, following the
equation:

ρj = x cos θi + y sin θi . (3)

Then, we increase by value 1, the whole cell (pi, θi) of

the accumulator table. This cell will be increased every

time an edge point lies on the straight line whose polar

parameters are ρj and θi . Initially, all the cells values of

the accumulator table are set to zero.

The choice of the ρθ parameters space quantification

must carry the three essential goals that are:

• good detection precision,

• less memory storage of accumulators,

• fast implementation.

The value of M of any cell (ρm, θ1) in the accumulator

table indicates that M edge points of the image are lying

along the straight line whose polar parameters are ρm

and θ1 .

We introduce a threshold of the accumulated value in a

cell and some probabilities for the presence of points along

this straight line. Finally, the line segments extraction

from the binary edge image is performed by searching line

segments carried by every significant straight line (ρi, θi)

in the accumulator table.

A significant straight line in the binary edge image is

characterized by a peak in the accumulator table, and for

every detected peak we eliminate the effect on the number

of the points belonging to this peak in the accumulator

table [8].

The line segment extraction result is a segments list

where each segment is stored with the following at-

tributes:

– An index: its position among the whole segments.

– ρ : its normal distance relative to the image coordinate

system.

– θ : its orientation in this coordinate system.

– (x1, y1) and (x2, y2): its extremities coordinates.

We added the neighbourhood relationship between

segments to the precedent local attributes. They allow

building links between all segments. Indeed, as a matter

of fact, a set of neighbouring segments may belong to the

same object in the scene. To retrieve the neighbourhood

of a line segment, we have applied the method shown in

[9, 10]. It consists in partitioning the image into a set of

windows of square shape and of fixed size (1x and 1y ).

Two line segments are said to be neighbours if they

have at least one window in common. To the local at-

tributes, defined previously, a list: voi[lv] of ”lv” of the

neighbors segments is added.

So, we have created a data structure which contains all

line segments of an image with their local properties and

also the neighbourhood. Then, the image is represented

by an adjacency graph which nodes are line segments

attached to geometrical properties and which arc defines

neighbourhood relationship between segments [11, 12].
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Fig. 3. The 2D Hopfield network with its neurons interconnections

Fig. 4. The correlation measure algorithm between two matched
segments: (a)– the first correlation algorithm, (b) – the second

correlation algorithm

3 USING HOPFIELD MODEL AND SOLVING

SEGMENTS MATCHING PROBLEM

In this section, it is shown that the stereo correspon-
dence problem can be formulated as an optimization task
where a cost function representing the constraints on
the stereo solution is minimized [4, 13]. The optimiza-
tion problem can be mapped onto two-dimensional binary
Hopfield network [14, 15].

This network is used to find the correspondence be-
tween a segment in the left image and another one in the
right image. It is represented as an U × V array of neu-
rons where U and V are the total number of segments
in the left and the right image respectively.

The state (on or off) of each neuron in the network
represents a possible match between segments in the left
image with one in the right image. Fig. 3 shows the 2D
network and the connection weights between its neurons.

The Lyapunov function for a two-dimensional binary
Hopfield network [6] is given by:

E = −
1

2

∑

u,l

∑

v,m

TulvmVulVvm −
∑

u,l

IulVul, (4)

where Vul and Vvm represent the binary states (output)

of (u, l) and (v, m) neurons, respectively, which can be

either 1 (active) or 0 (inactive), Tulvm (−TTvmul ) is the
interconnection strength between the two neurons, the

self-feedback to each neuron is Tulul = 0, and Iul is the

initial input to each neuron.

In this network we can use the following constraints:

Global constraints — these link the hypotheses by pair

in order to check the compatibility of these hypothe-
ses. For our problem, we only have one global constraint

namely the uniqueness by line and column. Indeed, we

want each line and each column of the matrix to have

only one activated neuron.

Compatibility constraint — is based on the compati-

bility measure of match between a pair of segments (u, v)

in the left image and a pair of segments (l, m) in the

right image. The compatibility measure is given by the
following equations:

Culvm =
2

1 − eλ(X−θ)
− 1 (5)

X = ∆cor + ∆long + ∆Teta. (6)

Equation (6) shows that the compatibility is based on

tree of comparisons for two matched segment pairs. The
first comparison ∆cor is the difference in the correlation

between a pair of segments (u, v) in the left image and

a pair of segments (l, m) in the right image. We have

applied two algorithms of correlation measure used by
[16]. The first is used when the movement between the

two segments images is small. We compute a coefficient

of correlation between the grey level signal in several

small windows equi-distributed along the two matched
segments (Fig. 4a). The second algorithm takes into ac-

count more important movements between the images of

the sequence. In this case, we have to apply to the win-

dows, the same rotation that exists between the segments

in the two images (Fig. 4b).

In the two above methods, the correlation coefficient

between the windows is given by the equation:

C =

∑

x,y I
(1)
xy I

(2)
xy

√

∑

x,y

(

I
(1)
xy

)2∑

x,y

(

I
(2)
xy

)2
. (7)

I
(i)
xy is the grey level of the pixel (x, y) in image i .

The correlation is defined between two segments by

the mean value of the correlations between the different

windows along the segments. The parameters involved in
the computation of the constraint value are the width and

height of the windows and the number of windows along

the segments. They have been chosen as lines and were

never modified during all the experiments on the different

stereo pair of images.
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Fig. 5. Graph of the nonlinear function used to obtain the com-
patibility

The second and the third comparison of the equation

(6) are the difference in the length and orientation be-

tween a pair of segments (u, v) in the left image and a

pair of segments (l, m) in the right image.

The nonlinear function used in (5) scales the com-

patibility measure smoothly between +1 and −1. Fig-

ure 3 shows this nonlinear function for several values of

λ . Where λ is a parameter that sets the slope of the

function? A very large value of λ will result in a step

function for the compatibility measure with possible val-

ues of +1 or −1. If a very small value of λ is used,

the function will smoothly switch from +1 to −1, with

possible compatibility values between. The parameter θ

controls the position where the nonlinear function crosses

the X axis. This parameter is chosen such that a com-

patibility of +1 is obtained for a good match (X = 0): a

mutual compatibility of 0 for a match when the X value

is not exactly zero, allowing an acceptable tolerance for

noise and distortion; and a compatibility of −1 for a bad

match (X ≫ 0).

Neighbourhood constraint: If a segment u is matched

with a segment l then it is impossible for a segment

v neighbour of the segment u do not matched with a

segment m neighbour of the segment l .

The neighbourhood measure is given by the following

equation:

Nulvm = |Wuv − Wlm|

with Wij =

{

1 if j is neighbor of i

0 otherwise
(8)

Distance constraint: The calculated distance represents

the distance between the middle of the two segments in

the both images.

To solve the stereo correspondence problem, the cost
function given below is minimized:

H = A
∑

u

(

1 −
∑

l

Pul

)2

+ B
∑

l

(

1 −
∑

u

Pul

)2

− C
∑

ul

∑

v,m

CulvmPulPvm + D
∑

ul

∑

v,m

NulvmPulPvm

+ E
∑

u,l

Dist(u, l)Pul (9)

The first and second terms in the equation (9) repre-
sent the uniqueness constraint, the third and the fourth
term represent the degree of compatibility and the neigh-
bourhood constraint of a matching between a pair of seg-
ments (u, v) in the left image and a pair of segments
(l, m) in the right image, and the last term represents
the distance constraint for the matching between a seg-
ment u in the left image and a segment l in the right
image. Pij represents a measure of match between a seg-
ment i in the left image and a segment j in the right
image. A, B, C, D and E are coefficients to weight the
different constraints of the cost function.

Equation (6) can be rearranged to get [17, 18]:

E = −
1

2

∑

u,l

∑

v,m

[

CCulvm(1 − δuv)(1 − δlm)−

DNulvm(1 − δuv)(1 − δlm) − Aδuv(1 − δlm) − Bδlm(1

− δuv)
]

PulPvm −
∑

u,l

[

A + B −
E

2
Dist(u, l)

]

Pul . (10)

Here δxy is the Kronecker symbol.

This cost function can be shown to be equivalent to
the Lyapunov function of a Hopfield network (equation 4)
with states of the neurons defined as Vul = Pul and
Vvm = Pvm , and the input to each neuron set to:

Iul = A + B −
E

2
Dist(u, l) . (11)

The connection weight between the neurons (u, l) and
(v, m) is defined as:

Tulvm = CCulvm(1− δuv)(1− δlm)−DNulvm(1− δuv)(1−

δlm) − Aδuv(1 − δlm) − Bδlm(1 − δuv) . (12)

The total input to the neuron (u,l), is given by:

uul =
∑

v

∑

m

TulvmVvm + Iul . (13)

At any time, the binary state Vul of the neuron (u, l) is:

Vul = g(uul) (14)

in which g(x) is the activation function, it is given by:

Vul =











0 if uul < 0 ,

1 if uul > 0 ,

nochange if uul = 0 .

(15)
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Fig. 6. The shape of the F (u) research window

Fig. 7. Process of pattern recognition

In the equation 13, the neighbouring of each segment

u , are taken as the v ’s for that comparison; all the other

segments are assumed to have zero compatibility and

neighbour constraint contributions respectively, because

they are to far and probably belong to another object

in the scene. Each segment l is also chosen in a research

window F (u) opened around the segment u in the right

image, it is considered a possible match by assigning an

initial output Vul = 1 to each of them.

The research window dimensions depend upon the size

of the current segment u and the value of the threshold

Tfen . This window is used to eliminate the possibility

of choosing segments that have no chance of being a

candidate for matching. Figure 4 show the shape of the

F (u) research window.

The updating procedure (equation 15) is iterated until

the network converges to a stable state. The network is

said to be at its stable state (local or global minima of

the energy function) when there is no change in the states

of neurons. The network is then stopped after several

iterations.

4 SOFTWARE IMPLEMENTATION

The Standard Hough Transform (SHT) and the im-
proved GIHT have similar basic steps in their line seg-
ments extraction algorithm. The line segment extraction
algorithm from the Hough space is performed by search-
ing segments carried by each significant line segment in
this space. A significant line segment is characterized by a
peak in the Hough space, and for each detected peak, we
remove from the Hough space the effect of its points [8].
This algorithm is applied on binary edge images obtained
in our case by using the Deriche edge detection algorithm
described in [19].

The used segment extraction algorithm outputs the
polar coordinate (θ, ρ) of a line and the coordinates of its
end points, it uses the two procedures which summarize
the voting process and the segment extraction algorithms.

Procedure 1: The voting process Algorithm

Begin

For each binary edge image point Do,

For each sub interval [mK/M, (m + 1)K/M [
of the θ -axis

Do

Calculation of the ρ ’s initial values ρ(mK/M)

and ρmK/M)+(K/2)

For 0 < n < (K/M − 1) Do,

Calculation of the ρ(n+1)+(mK/M) and the

ρ(n+1)+(mK/M)+(K/2) values

For each calculated ρi we increasing by one

the cell (iερi from the Hough space

EndDo.

EndDo.

EndDo.

End.

Procedure 2: The line segment extraction Algorithm

Begin

The Max peak (nMaxε, ρMax) value extraction

from the Hough space.

While this value is superior of an experimentally

threshold ThH Do

For each binary edge image point forming this peak Do

For 0 < n < (K/M − 1) in each sub interval

[mK/M, (m + 1)K/M [ of the θ -axis Do

Decreasing by one the cell (nε, ρn)
from the Hough space

EndDo.

EndDo.

For the whole binary edge image points

forming this peak Do

looking for all adjacent points whose lengths are

superior to the same threshold ThH.

End Do.

End While.

End.
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Fig. 8. The stereo pair 3D laboratory

5 EXPERIMENTAL RESULTS

The experimented results have been tested by the
robot available in the laboratory of artificial vision of ad-
vanced centre of technology in Algiers (Fig. 7).

The algorithm to solve the correspondence problem
has been implemented in Borland C++ Builder language
under Windows.

It was tested on several pair stereo images. It is nec-
essary that each scan line in the left image corresponds
appreciatively to the same scan line in the right image.
Therefore, each segment in the left image is almost on the
same scan line in the right image but shifted to the right.
The binary edge is detected by using the Canny-Deriche
operator. The choice of the five coefficients of the equa-
tion (6) isn’t simple and there isn’t any known method
to find them efficiently in an automated way. We have
chosen them experimentally.

In Table 1, we have illustrated the experimental results
of our method applied on pair of stereo images (Figures 8
to 11) with several values of five coefficients in (9). It
shows that if we only use one of the constraint (global,
neighbourhood, compatibility or distance), we generally
have the best segment matching number that is less than
the bad segment matching number. The distance con-
straint gives lower results if it is used only.

When we use all constraints, the results are better than
with only one constraint but the number of the segment
matching is small. Because, if one measure (distance,
neighbourhood, compatibility or global constraints) gives
lower results, the network can give a good final best seg-
ment matching if the other measure is accurate enough.

Therefore, we must choose the five coefficient values
A, B, C, DandE that give best results with the minimum
of bad segment matching.

The presented results of matching have performed
with the following parameters that have been chosen ex-
perimentally:

Tfen = 30, λ = 1, θ = 0, ρk = 1,

θk = 1◦, 1x = 1y = 256.

The original input images are presented in Figures 9a
to 11a. The recognition results using generalized Hough
transform are presented in Figures 9c to 11c.

Table 1. Experimental results

Images 3DLAB L 3DLAB R Objects

Size 256 × 256 256 × 256 256 × 256
ThH 3 3 3
Figures 9c 10c 11c
Nseg 217 209 259

Npeak 96 104 118

Npeak , Nseg , and ThH are,respectively, the number
of detected peaks from the Hough space, the number of
detected line segments and the threshold length value for
line segments detection.

6 CONCLUSION

In this paper, we have presented a new pattern recog-
nition method based application in image processing. Our
contribution is extracting objects present in an image of
a scene and to distinguish them from the background by
a neural network classifier. Its originality lies in the fact
that it is based on a hybrid parametric technique which
uses the neural network and the generalized Hough trans-
form for the recognition of objects.

The results obtained by our algorithm are very satis-
fying since the objects are clearly extracted and detected
from the original images. Also, the obtained results in-
cluding the neural networks from this study give us a
valuable insight into the role of network topology, rate
parameters, training sample set and initial weights.

We have also presented a new method to solve the
correspondence problem for a set of segments extracted
from a pair of stereo images. This problem is formulated
as a minimization of a cost function which is then mapped
onto a two-dimensional binary Hopfield neural network.
This function is at its minimum when the system is at its
stable state. In this case, the constraints on the solution of
the stereo correspondence problem are satisfied. We have
used five coefficients to weight the different constraints
of the cost function, in order to lead the network to the
global minimum of its energy function.

While joining HT (technical multi-resolution, decision,
fusion), our system remains robust at the price of an ex-
tremely appreciable computing time. The time require-
ments to process a frame, after the learning stage, with
an IBM-PC having a Pentium processor is about a few
milliseconds during the operation of the mobile robot,
which seems better than other published results obtained
in the same conditions of work [20–24].

Our experiments have been carried out on the mo-
bile robot (Automated Guided Vehicle AGV), shown in
figure 8, which is equipped with two camera CCD. We
worked out a strategy of assistance to navigation in an
environment of workshop.
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Fig. 9. Algorithms results — method applied on the 3DLab Left image (a) Gray-level image; (b) binary edge image; (c) recognition
results

Fig. 10. Algorithms results — method applied on the 3DLab Right image (a) Gray-level image; (b) binary edge image; (c) recognition
results

Fig. 11. Algorithms results applied on the objects image (a) Gray-level image; (b) Hough space (c) recognition results

To increase the robustness of the system, two semi-
local constraints on combinations of neighbourhood cor-
respondences are derived (one geometric, the other photo-
metric). They allow testing the consistency of correspon-
dences and hence to reject falsely matched neighbour-
hoods. Experiments on images of real-world scenes taken
from substantially different viewpoints demonstrate the
feasibility of the approach [27, 28].

The efficiency of the method was attested by the good
results we have obtained. Some improvements can be
brought to our method like the automatic setting of the
five coefficients of the equation (5), and a better segment
detection will certainly enhance the quality of the match-
ing results.

The FPGA device will be included in the visual navi-
gation system of our laboratory mobile robot. After edge
restoration, the device results will be used either as the
basic data to determine the depth of an object in three
dimensions by geometric reasoning, or as input data to
other algorithms such as the matching algorithm devel-
oped in [22] and [25] and the navigation algorithms de-
veloped in [23] and [26] to endow the mobile robot with
the intelligence required to perceive its environment.

Our work enabled us to bring a solution to the prob-
lems of the pattern recognition in mobile robotics.

In perspectives, this work will lead us to a better un-
derstanding of the problems related to robotics in dy-
namic vision.
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