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ABSTRACT

The objective of this research project is to develop a hybrid vision system to isolate and
recognize landmarks in outdoor natural scenes. We have used two-steps approach to solve
this problem. The first step is to isolate the landmarks based on image segmentation using
fractal models for objects in the images, and the second step is to recognize the isolated
landmarks using neural networks.

An Incremental Fractional Brownian Motion(IFBM) model for segmenting and 1solating the
outdoor natural images have been developed and successfully tested. Two neural networks
systems namely, a reconfigurable multilayered feed forward neural network and self
organizing neural netwok, with adaptive learning capabilities have been designed and
trained on a variety of different outdoor traffic signs. The networks are robust and efficient
and can recognize signs successfully with vigorous test.

We have implemented this hybrid system onto an autonomous mobile robot to achieve
vision based navigation with natural landmark recognition. The system has been
successfully tested in the lab environment laid-out with a variety of traffic signs. The robot
can navigate through scattered environment with random obstacles and traffic signs. The
robot has won twice championship on international autonomous mobile robot research and
application competition in 1993 and 1995, respectively. The contenders consists of
universities, government laboratories and companies from both US and outside of US. The
competition was sponsored by AAAI ( American Association of Artificial Intelligence).

The results of this research can be extended to a variety of both military and

commercial  applications such as military  surveillance,autonomous  vehicle
navigation,automatic target recognition, indoor autonomous service robot navigation,
object inspection and recognition etc.

Number of ONR supported:

Papers published in Refereed Journals: 6

Papers accepted for publication in refereed Journals: 22
Papers or reports in non-referred Journals: 0

Books or book chapters published: 1

Number of Presentations
Invited: 3
Contributed: 19

Trainee Data:

No. of graduate students: Total: 3 Female: 0 Male: 3 Minority: 0 Non-US: 2
No. of postdoctorals: O

no. of Undergraduates: O

Number, cost and description of equipment items costing more than $1,000 that were
purchased on your ONR grant------- N/A




Awards/Honors to PI and/or to member of PI’s research group:

We have incorporated our vision research results to our MARGE Autonomous
Mobile Robot. One test of our system’s ability to handle a real task was observed why
MARGE was entered in the 1993 Autonomous Robot Competition sponsored by the
American Association of Artificial Intelligence. MARGE won first prize in the event called
“Office Rearrangement”. This event required the robot to search for specially marked boxes
in the competition arena, and move them into a pattern at a specified location. We have used
MARGE as a testbed for demonstrating our vision system together with Neural Network
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findings since 1993. We also entered the 1995 AAAI contest which was held on August
20-25, 1995 in Montreal, Canada. We won the first place again for the event called “Robot
Clean Up the Offices”. The contenders consisted of universities, government labs,
companies from both US and outside of US.

The PI, Prof. Ren C. Luo has received ALCOA Foundation Distinguished
Engineering Research Award from North Carolina State University in May 1996.

Possible Transitions:
We feel that the following are relevant transitions of our research effort.

Military applications:

- Military surveillance

- Automatic target recognition

- Autonomous vehicle navigation

Commercial applications:

-Material handling for factory automation
-Object inspection and recognition

-Date compression/decompression
-Telecommunication/teleconference

-Indoor autonomous service robot navigation

pTIC QUALITY INSPECTED 2




PUBLICATIONS

Book

"Multisensor Integration and Fusion in Intelligent Machines and Systems," Ablex
Publisher, Norwood, NJ, 1994.

Refereed Journal Publications

1.

2.

R. LeGrand and R. C. Luo, "Lola: Object Manipulation in an Unstructured
Environment", AI Magazines, Vol. 6, No. 1, 1996.

R. Gutierez and R. C. Luo, "Lola: Probabilistic Mobile Robot Navigation for
Topological Maps", Al Magazines, Vol. 6. No. 1, 1996.

S. Goodridge, R. C. Luo, and M. G. Kay, "Hirachical Fuzzy Behavior Fusion and
Control Using Multiple Sensors", in IEEE Transactions on Industrial Electronics
Vol. 43 No. 3, 1996.

H. Potlapalli and R. C. Luo, "Projection Learning for Self-Organizing Neural
Networks", IEEE Transactions on Electronics, Vol. 43, No. 2, 1996.

J. A.. Janet, R. Gutirez, and R. C. Luo, "Autonomous Mobile Robot Self Localization
Using Kohonen and Feature Based Mobile Robot", Journal of Robotics Systems,
Vol. 14, No.4, 1997.

J. A. Janet, R. C. Luo, and M. G. Kay, "Autonomous Mobile Robot Global Motion
Planning and Geometric Beacon Collection Using Traversability Vectors" IEEE
Transaction on Robotics and Automation, Vol. 13, No. 1, 1997.

Refereed Conference Publications

1.

R. C. Luo, H. Potlapalli, and D. W. Hislop, "Outdoor Landmark Recognition Using
Factal Based Vision and Neural Networks", International Conference on Robots and
Systems, Yokohama. Japan, 1993.

R. C. Luo, C. M. Aras, J. Janet, and M. G. Kay, "Sonar Windows and Geometrically
Represented Objects for Robotics Systems", Yokohama, Japan, July 1993.

R. C. Luo, H. Potlapalli, and D. W. Hislop, "Mobile Robot Navigation Using
Fractals and Neural Network", in Proceeding of the First World Congress on
Intelligent Control and Intelligent Automation, Beijing, China, August 1993.

S. G. Goodridge and R. C. Luo, "Fuzzy Behavior Fusion for Autonomous Mobile
Robot Control", IEEE International Conference on Fuzzy Theory and Technology,
Durham, NC, Oct. 1993.

R. C. Luo, H. Potlapalli, and D. W. Hislop, "Defocusing Blur Restoration in Natural
Scene Images for Fractal Analysis”, IEEE Intl. Conf. on Industrial Electronics,
Hawaii, Novmber 1993.

J. A. Janet, S. G. Goodridge, and R. C. Luo, "Dynamic Motion Control of Sensor
Based Autonomous Mobile Robot", J. A. Janet, S. G. Goodridge, and R. C. Luo,
invited paper in International Conference on Mechatronics and Robotics. Aachen,
Germany, April 1994.




7.

18.

19.

10.

11.

12.

13.

14.

15.

16.

17.

R. C. Luo, H. Potlapalli, and D. W. Hislop, "Landmark Recognition for Mobile
Robots in Dynamic Environment Using Self Organizing Neural Networks", IEEE
Robotics and Automation Conference, San Diego, CA, Jyly 1994.

S. G. Goodridge, and R. C. Luo, "Fuzzy Behavior Fusion for Reactive Control of an
Autonomous Mobile Robot", IEEE Robotics and Automation Conference, San
Diego, CA, May 1994.

H. Poltapalli and R. C. Luo, "Landmark Recognition Using Projection Learning for
Mobile Robot Navigation", Invited Paper, IEEE World Congress on Computational
Intelligent, Orlando, FL, July 1994.

J. A. Janet and R. C. Luo, "Autonomous Moblle Robot Navigation Using
Traversibility Vectors", IEEE International Conference on Industrial Electronics,
Bologna, Italy, Sept. 1994.

J. A. Janet and R. C. Luo, "MARGE: an Autonomous Mobile Robot Using
Multisensors and Fuzzy Control", 1994 International Conference on Intelligent
Robots and Systems, Munich, Germany, Sept. 1994.
J. A. Janet, M. G. Kay, and R. C. Luo, "The Essential Visibility Graph: An Approach
to Global Motion Planning for an Autonomous Mobile Robot", 1995 IEEE
International Conf. on Robotics and Automation, Nagoya, Japan, May 1995.

A. Janet, R. Gutierrez-Osuna, T. A. Chase, and R. C. Luo, "Global Self-Localization
for Autonomous Mobile Robots Using Self-Organizing Kohonen Networks", 1995
IEEE/RSJ International Conf. on Intelligent Robot and Systems, Pittsburg. PA,
August 1995.

J. A. Janet, R. Gutierrz-Osuna, and T. A. Chase, "Global Self- Localization for
Autonomous Mobile Robots Using Region-and Feature- Based Neural Network",
1995 IEEE International Conf. on Industrial Electronics, Orlando, F1, Nov. 1995.

J. A. Janet, T. A. Chase, and R. C. Luo, "Pattern Analysis for Autonomous Vehicles
with the Region-and Feature-based Neural Network, Global Self-Localization and
Traffic Sign Recognition", IEEE International Conf. on Robotics and Automation,
Minneapolis, Mn, May 1996.

R. LeGrand and R. C. Luo, "Position Estimation of Selected Targets", IEEE
International Conf. on Robotics and Automation, Minneapolis, Mn, May 1996.

J. A. Janet, R. Gutierrz-Osuna, and R. C. Luo, "Autonomous Mobile Robot Sonar
Range Prediction and Credence with Sonar Windows", IEEE International Conf. on
Robotics and Automation, Minneapolis, Mn, May 1996.

M. S. Azam and R. C. Luo, "A. Hybrid Vision System for Meaningful Landmark
Isolation and Recognition," IEEE International Conf. on Industrial Electronics,
Taipei, Taiwan, R. O. C.., August 1996.

S. G. Goodridge and R. C. Luo, "Multisensor Based Fuzzy Behavior Fusion for
Real Time Control of Automatons Mobile Robot", (Invited Paper) Proceedings of
Chinese Society of Mechanical Engineering, Taipei, Taiwan, R. O. C., August
1996.




20. J. A. Janet, D. Schudel, and R. C. Luo, "Global Self Localization for Actual Robots:
Generating and Sharing Topological Knowledge Using the Region Feature Neural
Network", IEEE International Conf. on Multisensor Fusion and Integration for
Intelligent Systems, Washington. D. C., August 1996.

21. T. Hamada and R.C.Luo,” Intelligent Mobile Robot Capable of Recognizing Gestues
and Taking Actions “, accepted in International conf. on Intelligent Control and
Automation Xi’an, China, June 1997

22. R.C.Luo and T.M. Chen,” Remote Supervisory Control of Intelligent Autonomous
Mobile Robot via World Wide Web” accepted in IEEE International Symposium on
Industrial Electronics “ Minho, Portuge, July 1997.




Fractal Based Classification of Natural Textures
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Abstract
Texture classification is an important first step in image segmentation and image recognition. The
classification algorithm must be able to overcome distortions such as scale, aspect and rotation changes in
the input texture. In this paper, a new fractal model for texture classification is presented. The model is
based on Fractional Brownian Motion. It is shown that this model is invariant to changes in incident light
intensity as well. The isotropic nature of Brownian Motion is particulary useful for outdoor applications

where viewing directions may change. Classification results of this model are presented and compared to
other texture measurement models.

1 Introduction

Texture can be defined as a coarseness, or, roughness measure of a surface. Texture measurements can be very
useful for surface classification experiments. A unique texture measurement that can separate a surface from
other similar surfaces is very critical to object recognition and image segmentation applications. In the case
of natural scenes, texture classification is useful to differentiate between the roads, vegetation, sky as well as
the vehicles, traffic signs, etc.

With regard to texture analysis and object classification, there have been several statistical approaches
to the measurement and characterization of image texture such as textural edgeness [1], spatial gray level co-
occurrence probabilities [2], etc. Fine textures tend to have high spatial frequencies, while coarse textures tend
to have low spatial frequencies. Kashyap and Eom studied the correlation sequences over varying distances
to obtain a texture feature vector that could be used for classification [3]. A

Haralick, et al., used a vector formed by angular second moment, the contrast and the correlation within
the region [4]. The “texture energy” in a window can be estimated by applying a set of convolving masks on
the image [5].

In some cases, the region was treated as a sample of a random process. It was assumed that the uniform
regions were created by some pre-processing. Then the classification problem was reduced to identifying




the parameters of the random process. Kashyap and Khotanzad modeled the texture as a a realization of a
symmetric autoregressive random field. The coefficients of this random process were estimated by the léast
squares method [6].

All the methods described above work well for specific applications that they were designed for. However,
* these methods have poor generalizing capabilities. Feature vectors are not reliable in cases where the lighting
conditions are varying. Spatial statistics matrices are not invariant to rotations. They also require large amounts
of computation. This is also true for the texture energy approaches. In unstructured environments where the
object parameters, such as size and orientation, are changing, these methods do not give consistent results.

Fractals offer an alternative to these approaches. Fractal surfaces can be considered to be those surfaces
whose topological dimension takes on non-iriteger values. Most natural surfaces, such as coastlines, brick,
skin, rocks, can be modeled as fractal surfaces. Then the classification problem is reduced to estimating this
fractal dimension. Since the fractal feature is an inherent property of the region/surface/object, it can be a
more reliable feature.

2 Fractal Model of Textures

The theory of fractals has been used by a number of researchers in recent times to classify texture of natural
surfaces as well as segment images of natural scenes. In case of real world textures, if some measure of the
surface, such as area or length, is given by M when a measuring unit of size ) is used then

M =n\P M

where D is a measure of the fractal dimension. D is a measure of the roughness of the surface. For
example, the D value for geometric planes (which are very smooth) is lower than the D value for a sample
taken from rock surfaces.

Mandelbrot and Van Ness developed a Fractional Brownian Motion (FBM) model to describe natural
textures. [7]. Pentland derived several useful properties of the FBM in [8]. He showed that if a surface is
fractal in nature the intensity image of the fractal surface was also fractal. He also proved the converse, i.e.,
that is if the image of a surface is fractal then the surface must be fractal. Another property he derived showed
that the fractal dimension was invariant under linear transformations. These properties are very important to
the applicability of the fractal model to the measurement of natural textures since these guarantee that the
texture measured in the image is directly related to the actual texture, or roughness, of the surface. Pentland
used this model to segment aerial images. In this method the image into N X N windows and computed the
Fourier transform for each window. A linear regression was then performed on the pixels to estimate D.

Chen, et al., use high order statistical moments (greater than 2), to measure the fractal dimension [9]. The
weighted mean pixel difference for every distance combination is computed within each N X N window.
Next, linear regression is applied to this data to estimate the fractal dimension. Keller, et al., [10] used the
FBM model to recover characteristics of natural scene from the silhouettes using a least-square linear fit in




estimating the fractal dimension.

Peleg used the definition of the fractal surface as a measure of surface “length” to estimate the surface
roughness [11]. In this model a covering blanket that would just match the surface is iteratively computed.
For each blanket, the volume enclosed is computed from which the area and thickness can be computed. To
obtain a better estimate, Peleg suggests that a linear fit be performed between the the blanket thickness and the
area enclosed. The slope of the best linear fit is the fractal dimension. Hentschel and Procaccia have extended
this model by taking moments of the mean number of pixels of the surface that could be contained in a cube
of side, b, and the total number of such cubes that would be needed to cover the entire surface [12]. Lundahl
developed maximum likelihood estimator of the fractal dimension of bone texture using the properties of the
increments of the FBM [13].

Some of the methods described above are very computation intensive. For example, Pentland’s model
requires the computation of the Fourier transform as well as a linear regression. Peleg’s model requires an
iterative volume computation approach. Linear regression is also required in Chen’s model. In this paper we
present an new approach to the measurement of the fractal dimension based on the increments of the FBM.
By choosing an appropriate increment we derive a simple relationship between the image statistics and the
fractal dimension. We present some useful properties that follow from this relationship. We also analyze the
computational issues related to the measurements. Finally we will present the texture measurement results
that are obtained with this model. We will also compare our results with those obtained by other models to
show the accuracy of our model.

3 Definitions

First, we define the terms fractal dimension and fractal surface. ‘ .

Consider a coordinate block C in R™ of the form C = [(ay, by), (a2, b2), ..., (an, by)] where for alli, b; > a;.
In other words, the (a;, b;) is a directed vector from a to b. Define the volume of C as V(C)= (b1 — ay )by —
a3)...(b, — ay).

Definition 1 If E C R", then the Lebesgue Measure of E is given by

L™(E)=min)_V(C)) )

=

where the min is taken over all coverings of E by a sequence C; of blocks.

Itis easy to prove that L™ is a metric. Also, from Falconer [14] we have a simple relationship between the
Lebesgue measure and the Hausdorff measure.

Theorem 1 The Fractal dimension of an m-dimensional smooth, continously differentiable manifold,E, is m.




Proof: Since E is continously differentiable we can find the maxima and minima along each axis. We can
also draw tangents to these points parallel to the corresponding axis. Let the tangent parallel to the 4 axis be
the vector (a;, b;).

Next, we construct an enclosing box, C, made up of the set of tangents such that

C = [(a1,b1),(a2,b2), ..., (@, b1

Since the surface exists in only m dimensions, only m such tangent pairs can be drawn. Also, the smallest
coordinate block that will completely cover the surface is one that is made up of the tangents to the maxima and

minima since this line is the closest to the surface without intersecting the surface. Therefore, the Lebesgue
measure is given by

L™= ZV(C». 3)

The Lebesgue measure is not defined for any n > m since no tangents can be drawn along any of the
ik, k = m+ 1,...,n axes. Also, the Lebesgue measure is incomplete for any n < m. Thus, the Lebesgue
measure is defined only for n = m. Since the Hausdorff measure is directly related to the Lebesgue measure,
the Hausdorff measure is finite and measurable only for p = m. Therefore, from the definition of the Fractal
dimension, for a smooth continously differentiable m-dimensional manifold the Fractal dimension is m

Definition 2 A fractal surface is one that is continuous at every point but differentiable at no point.
Theorem 2 The Fractal dimension, p, of a fractal surface in R™ is greater than its topological dimension, m.

Proof: This follows from Definition 2. Since the surface is not differentiable at any point no bound-
ing tangents can be drawn at least within R™. Also, we can always construct a bounding box in the next
higher dimension. But this will not be minimum cover as required by the definition of the LebeSgue measure.
Therefore, the Hausdorff measure will be finite for some p between m and m + 1.

Based on these definitions we can construct an estimator of the the fractal dimension. We will model the
fractal surface as a Brownian Motion and develop the estimator from the statistics of the Brownian Motion.

4 Incremental Fractional Brownian Motion

Brownian Motion describes the path of a microscopic particle suspended in a liquid. Due to the atomic size
of the particle, collisions with the molecules of the liquid cause frequent direction changes in the particle. All
directions of motion (due to a collision) are equiprobable. The steps of the motion of the particle between
collisions are identically distributed, independant and stationary.
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Definition 3 A Fractional Brownian Motion of index-H (0 < H < 1) is defined to be a random process
X:[0,00] — R on some probability space such that '

1. X(t) is continous and X(0) = 0.

2. foranyt > Oand T > O, the increments X (t + ) — X (t) has normal distribution with mean, p =0 and
variance 0* = 7 that is,

1 T 2

Theorem 3 An index-H FBM, X:{0,1] — R has a graph with Fractal dimension 2-H.

The outline for the proof of this theorem along with other related analysis on Fractional Brownian Motion
has been introduced by Falconer in [14]. We have developed extensions of these proofs in [15].

In this paper, we show a new fractal dimension estimator. We define Incremental Fractional Brownian
Motion (IFBM) for discrete time as follows. If B(n) is Brownian motion then the IFBM of order m, I,,,(n), is
given by

In(n) = B(n) — B(n — m) ' &)

Lundahl, et al, have evaluated the fractal dimension by applying maximum likelihood estimators to the
IFBM, [13]. Here, we present another solution using second order moments.
Let the variance of the IFBM, var[],,(n)] be given by o2. From the properties of the FBM we have

E[B(n) — B(n — m)I* = B[(n) — (n — m)I*# (6)

But, from the definition of the IFBM we have,

E[B() - B(n — m] = En(n] | ™

That is, the variance of the IFBM can be expressed as

Bl(n) - (n = m)IPH = o? (8)

If we expand the inner terms, the n cancel out and for m = 1 we can write equation 8 as

B=0*form =1 )

Now, we will begin to develop a relationship between the fractal dimension and the image statistics. The
autocorrelation of the [IFBM is given by

Rp1n(n+k,n) = E[In(n + k) ;m(n)] (10)




Since the IFBM is a stationary process, the autocorrelation must be a function of the time shift or in the
other words the difference, (n+k) - (n) = k. Also, substituting the FBM terms for I,,,(n) we have
Ri,1,(k) = E[{B(n + k)~ B(n +k — m)} {B(n) - B(n — m)}] n

By expanding the terms on the right hand side and by evaluating the expectation of each product term
separately we obtain the following simplified expression for the autocorrelation.

1
Rr.1. (k) = —EE[{B(n +k) ~ B(n)}z] + %E[{B(n +k)— B(n — m)}z]

~-;—E[{B(n +k —m) — B(n)}

—%E[{B(n +k —m)~ B(n — m)}?] (12)

From the properties of the FBM and the result obtained in equation (8) each squared difference can be

expressed as a product of the variance of the IFBM and the time shift. Taking the common factor o2 outside
the sum, we have

0.2
Rinin k) = = {(k +m)2H — 2k2H o (k — m)?H } (13)

This result relates the correlation distance with the fractal dimension. The correlation and the variance are
easily computable from the image data. We can simplify ( 13) by setting £ = m. Then we have:

2
Rp1.(m) = 32— {@myH - 2m?H} (4

This equation is still quite non linear. Also, the autocorrelation is low for large values of & (or, m). Hence,
if choose m = 1 the autocorrelation reduces to

Rip1, (1) = "; {22% -2} | (15)

Equation ( 15) can be simplified as follows:

2

_ 9 2H-1 _
Brnp, () = 5 {20' -}

= 0.2 {22H—1 _ l}

RImezn(l) +1 = 22H—1 (16)
o
Taking natural logs of both sides, we have
6




(2H - 1)In(2)

In [erfm(l) 1]

ol

+1

89)
%I:ln [—m—m—o +1] g a7

In(2)

Thus, the fractal dimension is a simple log ratio of the variance of the surface and the autocorrelation at
distance of 1. Given that H varies from % and 1,[7], we can compute the bounds of the log ratio. We have:

1 l lln [__an_az (1)+1] +1] <

) n2) (18

which can be reduced to:

0 < ln [lelm(l)
0'

+ 1] < In(2) (19)

The log ratio is thus between 0 and In(2) or about 0.69. Dropping the logs and using the Cauchy Schwartz
inequality, we have

0< [%%"QH] <2
g

or, in other words,

-1< <1 (20)

Thus the actual ratio has a wider range from -1 to 1. This ratio can be used to provide greater discrimination
between the textures. Also, the ratio is computationally cheaper to evaluate than the log function.

One interesting observation that can be made from this ratio is regarding the smoothness (or roughness)
of natural textures. For smooth surfaces, the correlation between adjacent pixels is high since the intensity is
fairly uniform over the entire surface. In this case the ratio of autocorrelation to the variance will be high. The
resulting fractal dimension (=3-H) will be a low number. For rough surfaces the correlation will be low and
the H-ratio will be small number leading to a high fractal dimension. This is best illustrated with the graph
in Figure 1 showing three different one-dimensional FBMs with varying roughness. As expected we see that
the Ry7/a? is highest for the smoothest motion (low fractal dimensions) and lowest for the roughest motion
(high fractal dimension). This is consistent with the results reported in the literature that rougher surfaces tend
to have higher fractal dimensions than smoother surfaces.

Ri,.1,(1)
o2

4.1 Intensity Invariance

From ( 17) and ( 19) we can show that the IFBM model is stable under changes in light intensity. Let f(t)
be the intensity of light incident on the object surface point under current observation let S be the surface
reflectance function at the point. Then the observed surface intensity B(t) is given by
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Figure 1: Relationship between roughness and corresponding correlation-variance ratio

B®)=Lw)-§ 73}

Now if the light intensity is changed to I =« f(t), then the new observed intensity B/(t) is given by

B@) = I't)-§
= a I_:(t) .S
= a B(@) , (22)

The variance can be expressed as Ry, 1,,(0). Now the autocorrelation is the joint expectation E[I(n)I(n+
k)]. If the light intensity changes by a factor of « then from the above we see that the observed values for the
FBM model change from B(n) to a.B(n). The IFBM is then given by

In(n)

aB(n) — aB(n — m)
a[B(n) — B(n — m)] .
aly(n) (23)

It

The autocorrelation is therefore

Ellan(m)Iam(n+ k)] = *E[I()I(n + k)]




Since this term appears both in the numerator as well as the denominator in ( 17) and ( 19) the o? terms
cancel out leaving the same result as before. Thus the IFBM model is stable under changes in intensity.

4.2 Implementation

The computational complexity of the approach used to determine the fractal dimension is an important consid-
eration especially in real time applications. For any region of size N x N using any criteria that depends on the
parameters of the entire region, the lower bound on complexity is O(/N2). For example, Fourier transforms are
O(N log N) while the “blanket growing” method of Peleg is O(k N?2). In the case of the current méthod, the
computation of the variance is O(/N'2). The computation of the autocorrelation of unit distance is also O(N?).
This computation is easily accomplished by considering only the 4 neighborhood of each pixel.

The single dimensional time sequence random processes described in the derivation of the IFBM model is
a causal model. That is, to compute the IFBM at time ¢; we can consider only those values for B that exist for
time < #;. Images are non-causal; if the (row,column) co-ordinates are considered as equivalent to the time
axis then we see that all values of the motion are available to us. In this case, we define the IFBM of order m
at position (¢, 7) in the image as

t-1,))+B@,7 - 1)+B@G,j+ 1)+ B¢ +1,5)
4
That is, the IFBM at (3, 7) is the average difference between the FBM at (4, j) and the 4-neighborhood
of (z, 7). Similarly, to compute the the 2-dimensional autocorrelation at unit distance (equation 15), we first
multiply I(i,j) with each of its four neighbors and take the average. By repeating this over the entire region,
the autocorrelation is determined. That is, the autocorrelation is given by

B
In(i,5) = B(i,5) - 24

(25)

RII(1)=ZZI(7’7]) X IG - 17])+I(Z7.7“ 1):[(2,]+1)+I(1+ 1,]).
i .

The fractal dimension estimate can be used for texture classification as described in the next section.

5 Results

In this section we describe the performance of the IFBM model. First we consider a set of standard natural
textures. These are images of textures such as pebbles, paper, mica, fieldstone, beans and pellets [16].

5.1 Natural Textures

We considered 6 natural texture images to test the fractal dimension results obtained in equation 17. These
images were obtained by anonymous ftp from ftp.teleos.com and were each 256256 in size. Each image
contained only one texture. The textures considered were: fieldstone, pebbles, pellets, mica, beans and paper
as shown in Figure 2. '




Figure 2: Textures used in classification experiments. Clockwise from top-left: Pebbles, Paper,
Mica,Pellets,Beans,Fieldstone

To determine the performance of the IFBM classifier, the following experiment was performed. Our ex-
periment consisted of the following steps. First, we chose sixteen 64 x 64 samples randomly from each texture.
Next, from these sixteen we chose twelve samples to estimate the fractal dimension of the texture. That is, the
twelve were used to “train” the classifier. The remaining four were used to test the classification performance.
By choosing a pseudo-random number generator with a large period, we ensure that one set of sixteen samples
is not selected more than once. This sequence was repeated 1000 times and the results were averaged out.

The performance of the fractal dimension as a classification tool is shown in Table 1. This table shows
that the average accuracy of the IFBM classifier is 91.7%. This figure compares well with other fractal based
texture classification results reported in the literature [17].

From this table we observe that some of textures such as Pebbles, Mica, Paper and Fieldstone have classi-
fied very well but others such as Beans and Pellets have not performed as well. To understand this difference
we performed a goodness-of-fit test.

5.2 Kolmogorov-Smirnov Test

The Kolmogorov-Smirnov Test is a useful statistical tool to measure the goodness-of-fit between a predicted
probabilistic model and the observed data [18]. This test is considered more reliable than a chi-squared test
since it is independent of the number of intervals in the range of the data. To compute the difference we
construct a cumulative distribution function of the observed data as well as the predicted model. The maximum
difference between the two is compared with the difference allowed for a given level of significance. These




Texture 11213145 6] Accuracy
1. Pebbles 4 100
2. Paper 4 100
3. Mica : 4 100
4. Fieldstone 4 100
5. Beans 311 75
6. Pellets 113 75

Table 1: Classification Results Using the IFBM Model

Texture K-S Difference | Decision
1. Pebbles 0.014 | Accept
2. Paper 0.019 | Accept
3. Mica 0.016 | Accept
4. Fieldstone 0.017 | Accept
5. Beans 0.101 | Reject
6. Pellets 0.128 | Reject

Table 2: Kolmogorov-Smirov Difference

can be taken from any handbook of statistics. For a 64 x 64 sized data set containing 4096 points the maximum
difference allowed for a 0.05 level of significance (probability of rejecting predicted model when it is true) is
0.02.

Table 2 gives the maximum difference for the textures tested for the classification. We notice that the
textures that gave poor classification also have poor fits between the data and the predicted model. Thus, these
textures cannot be considered as fractal textures.

Figure 3 shows the cumulative distribution functions of the textures. Here we are checking if the image
data fits the IFBM model (or, the underlying Gaussian distribution). In the case of the Beans texture, we notice
that the image is not continuous in the sense that there are regions where there is no texture. We also notice
this in the Pellets image which, too, has a poor fit between the observed data and the predicted model. It can be
theorized that the IFBM model performs best in the case of textures that cover the entire span of the observation
window and that the model will perform poorly in cases where there are gaps or holes in the texture. Also,
in the case of regions that contain overlapping or multiple textures, the estimated fractal dimension will bear
little relation to the fractal dimension of any of the textures in the region. This is in fact true of any region
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Figure 3: Cumulative Distribution Function of Texture and Predicted Model; X-axis is the interval, Y-axis is
the CDF; Clockwise from top-left textures are: Pebbles, Paper, Mica, Pellets, Beans, Fieldstone

analysis method.

5.3 Comparisons with Other Models

We compared the performance of the IFBM model with other texture measurement methods. There are three
principal ways texture is measured as seen earlier in this chapter: spatial statistics, local texture energy using
convolving masks, and random field models. We choose the Spatial Gray Level Dependence Matrix method of
Conners [19], the Local Texture Energy masks method by Laws [5] and the symmetric autoregressive model by
Kashyap and Khotanzad [6] as representative of each type. The classification results in each case are presented
below.

The Spatial Gray Level Dependence Method has an accuracy of 79%, the Local Texture Energy method
has an accuracy of 70% and the random field method has an accuracy of 83%. The SGLDM method gener-
ates a 12 dimensional feature vector and it requires four large matrix to store the intensity variations in the
four directions. The LTE method generates a 9 dimensional feature vector. Since these two methods require
computations of the intensity variations in specific directions, these methods are very sensitive to changes in
orientation. All three methods are based on direct computation of the intensity values; hence they are very
sensitive to changes in incident intensity. The IFBM method presented in this dissertation does not have the
limitations of direction or incident light. It also has a higher classification accuracy. Hence, the IFBM model
is a superior texture measurment model.

We compared the IFBM model to two other fractal models: the Power Spectral Density (PSD) model
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Texture 1121314(5] 6| Accuracy
1. Pebbles 311 75
2. Paper 113 75
3. Mica 311 75
4. Fieldstone 13 75
5. Beans 4 100
6. Pellets 1 3 75

Table 3: Classification Results Using the SGLDM Model: 79% accuracy

Texture 1/2]3|4)5|6 | Accuracy
1. Pebbles 31 75
2. Paper 4 100
3. Mica 311 75
4. Fieldstone 212 50
5. Beans 1 3 75
6. Pellets 1|1 2 50

Table 4: Classification Results Using the Local Texture Energy Model: 70% accuracy

Texture 112]3{4|5}6 | Accuracy
1. Pebbles 4 100
2. Paper 4 100
3. Mica 4 100
4. Fieldstone 13 75
5. Beans 1{2]1 50
6. Pellets 1 3 75

Table 5: Classification Results Using the Random Fields Model: 84% accuracy
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Texture Pebbles | Paper | Mica | Fieldstone | Beans | Pellets | Accuracy
Pebbles 4 100
Paper 4 100
Mica 4 100
Fieldstone 4 100
Beans 4 100
Pellets 1 3 75

Table 6: Classification results using the PSD Fractal model; Average accuracy = 96%

Texture Pebbles | Paper | Mica | Fieldstone | Beans | Pellets | Accuracy
Pebbles 4 100
Paper 4 100
Mica 3 1 75
Fieldstone 4 100
Beans 2 50
Pellets 1 3 75

Table 7: Classification results using the Box-Counting Fractal model; Average accuracy = 84%

(or, the Fourier model), [8] and the Box-Counting Model developed by Loh [20]. The PSD method has higher
classification accuracy than the IFBM model (see Table 6. Recall, though, that the PSD is the Fourier transform
of the autocorrelation function. Therefore, the PSD method requires additional computation compared to the
IFBM model in which we can estimate the fractal dimension directly from the autocorrelation. The trade-
off between the two methods is high computation requirements and high accuracy versus lower computation
requirements and slightly lower accuracy. The box-counting method has lower accuracy (see Table 7) which
is also borne out in experiments conducted in [10]. It had the same order of computational complexity as
the IFBM model. Loh was able to improve the classification performance by incorporating additional fractal
dimension estimators.

The fractal dimension estimate can be seen to be a useful first step in distinguishing between textures.
The fractal estimate can be coupled with other knowledge based reasoning algorithms for image segmentation
problems.
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Figure 4. Variation of Fractal Dimension with Incident Light

5.4 Intensity Invariance

The texture images used in the classification experiments were available only in digitized form. As such, we
chose 3 additional textures, ceiling tile, cloth and chair-cloth, to conduct the lighting sensitivity experiment.
For each of the three textures we captured 10 different images of each texture while uniformly varying the
incident light from a incandescent lamp within the linear range of the camera. The fractal dimension of each
texture was computed for each intensity setting. The variation is shown in Figure 4. We observe that the
estimated fractal dimension is a line almost parallel to the light axis indicating that the IFBM model is invariant
to changes in incident light intensity within the linear range of the camera.

6 Conclusions

Texture classification is one of the first steps in image segmentation and is useful in locating potential sites
where a target object might be located in an image. In this paper, we have presented a new fractal model for
natural texture classification. We have developed a new fractal dimension estimator. We simplify the classi-
fication computations by using the ratio of the autocorrelation and the variance which is directly proportional
to the fractal dimension.

We have compared the performance of this estimator to other techniques discussed in literature. We have
found that the IFBM model performs best when the data fits the expected model. There are other fractal es-
timators which give better performance but these methods have higher computational complexity. We have

shown that the developed model is invariant to changes in incident light intensity. We are investigating the
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performance of this model when specular highlights are present in the images. We are also conducting ex-
periments to verify the invariance to viewing direction. We are also attempting to develop a robust image
segmentation algorithm.
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Abstract

Vision based navigation is the primary motivation
for the research effort narrated in this paper. In
order to achieve reactive and reflexive motion for
navigation, a robot must be equipped with sen-
sory system capable of performing rapid analysis
of sensory data such that the controller is fed with
the current information about the environment in-
stantly. If this information is visual, as it is for
human beings in many cases, then a good image
processing technique becomes essential for the mo-
bile platform. The information acquired need to be
segmented into appropriate divisions and the seg-
mented information need to be recognized prop-
erly. Our architecture for the vision system sep-
arates these two major tasks—segmenting image
information and recognizing the segmented infor-
mation. There are two algorithms presented—one
for region transmission in the global image, and the
other for neural network based learning mechanism.

1 Introduction

The vision system described is intended to be an
integrated system capable of not only isolating re-
gions of interest, but also recognizing certain pat-
terns or landmarks in the regions of interest. The
reason the object locatlization and recognition are
separated into defferent modules is due to the pres-
ence of the massive amounts of information in a
typical input image [1, 2]. A typical image of nat-
ural scene would have many objects and landmarks
present. Trying to analyze all of these possibili-
ties is a wastage of the computation time because

c
Region Region ) Neural ] Decision
ransmissiol Labeling J NetworkJ
\
° Sensory Module
L) .
Images

Figure 1: Proposed system architecture.

the landmarks of interest for this research are of
very specific types. Namely, we are only concerned
with street signs or uniform regions. Therefore,
a segmentation algorithm capable of isolating uni-
form regions as a preprocessor to the neural net-
work recognition system serves great potentials to
succeed in recognizing landmarks of interest if they

are present in the camera view.’

Information reduction in images is essential to
achieve any real time response of a mobile robot
[3, 4. Many segmentation methods are availbale
in the literature including rule based segmentation
[5], recursive splitting [6, 7], dynamic thresholding
[8, 9] and others. In all the cases, segmentation
is treated as a single phase problem where all the
image data is manipulated at the same level and
segmented regions are generated. In this paper, a
multi-phase segmentation algorithm is introduced
where image data is reduced without region labeling
and later on analyzed to label them. In addition, a




neural network learning module is added to explain
the segmented data.

Based on the fact that reducing information via
isolating only possible landmark cadidates is ben-
eficial, we propose the system architecture for the
sensory system of a mobile robot similar to Figure
1. A camera would take pictures of the environemnt
in the mobile platform’s navigation path. These im-
ages would be processed through the segmentation
algorithms in order to isolate the significant and ho-
mogeneous regions from the cluttered environment.
The transmission of potential regions allows the im-
age to be segmented into different clusters exclud-
ing the background noise. Some of the noise is,
however, introduced by the region transmission al-
gortithm. At the second level of the segmentation,
a connected comopnent analysis labels the trans-
mitted regions separately and thus filters out some
potential noisy regions transmitted trough the pre-
vious phase. At the next level, a well trained neural
network is fed by masking the image according to
the required input by the neural network. And if
a certain traned pattern is presented in the image,
one of the masks fed to the network would recognize
the pattern successfully.

2 Transmission of Regions

The purpose of this algorithm is to preserve data of
interest in the image and filter out the rest of the
information. We would like to perform this task
successfully without the need for a heavy compu-
tational or methodical complexity. The intention
initially was to complete the entire process upon
one run on the image data.

The idea of image translation was incorporated
with the principles of digital latches to obtain a
fast resulting region growing process. A latch is
a digital circuit gate or memory element which is
capable of holding on to data upon clocking. The
memory element mostly thought of is usually an
edge triggered flip-flop which is triggered by either
the leading or the falling edge of the clock driving
the input to the gate. When looking at the timing
diagram of a flip-flop, it is assumed the input datais
stable enough to pass through the edge of the clock.
Therefore, the data input at the edge of the clock is
stored in the output bit of the flip-flop. Evidently,
a change in the input data during the rest of the
clocking period does not influence the stored bit.

A latch, on the other hand, is a memory element
which allows the input data to pass through as long

Figure 2: A D-latch and the associated timing dia-
gram showing data throughput only during clocking.

as the clock is high(for a leading edge triggered
latch) or low(for a falling edge triggered latch) [10].
There is only a gate delay associated between the
clocking and the data transmission period. Figure
2 shows an edge triggered D-latch and the timing
diagram associated with the element.

A D-latch is made up of a 2:1 MUX driving an
inverter at its output which is fed back as one of
the inputs to the MUX. As it can be seen in Figure
2, the clocking occurs from times #; to ¢, and the
data is passed through from time instances t; + At
to 3 + At, therefore, keeping the data transmission
interval the same, t5 — ¢;.

Analogous to the latching concept, the input data
to the latch is considered as the image data, and
the clocking initiation or termination is performed
through the dissimilarity or similarity criteria of the
algorithm. The similarity criteria is discussed sep-
arately, but for now it can be assumed that the de-
sired threshold for adjacent pixels matching in the
translated images are exceeded and a clock edge to
the latch is initiated. If a high pulse is considered
to be the clocking interval, then the first crossing of
the threshold can be considered as the rising edge
of the clock and the second fulfillment of the dis-
similarity criteria can be considered as the falling
edge of the clock.

For gray-scale images, where the signal strength
at any point is determined by the gray level assign-
ment of the pixel of the particular location, high
dissimilarities are caused by high derivatives in the




data. High derivatives are caused by edges and the
magnitudes of these high derivatives are determined
by the edge strength. Therefore, the edges repre-
sent the rising and the falling edges of the clock to
the latches.

The goal of the whole process is to preserve the
data while the clock is high and filter out the rest
when the clock is low. One of the first issues to con-
sider is to determine how the clock pulses would be
assigned according to the potential edges in the im-
age. We define the filtering procedure by rows in the
image plane. The data is passed through one row
at a time, every pair of edges bounding potential
edges. Upon conducting this data pass through the
various latches in the image plane in every line, the
significant regions in the image are automatically
isolated from the background and other insignifi-
cant regions. In Figure 2, it shows the procedure
of independently filtering data row by row in the
image plane.

The edge strength or the clocking of the region
growing process needs to be mathematically de-
fined. The first derivative of the gray-scales are
the the quantity defining edge strength between any
two pixels in the image. If the two locations consid-
ered are (r1,¢1) and (rg, ¢3), and their correspond-
ing gray level assignments are g, and gq, then the
first derivative is defined to be:

92— g1
Vi(r2 — 1)+ (c2 — 1 )?

In order to find the clocking of the latches to be
all positive, the above quantity is thought of as an
exponential which provides a positive clocking at
all possible edge locations as follows,

FE =

(1)

92— g1

Ee = eep [_ <\/(r2—7‘1)2+(cz—c1)2> } ®

According to the latching concept, data is allowed
to pass through only if there is a high enough clock-
ing or edge strength at some location in the image.
For our purposes, similar situation occurs. The ex-
ponential above describes all clocking in the pos-
itive direction, but represents the strength in the
opposite way than it should be. Therefore, the ac-
tual data transmission coefficient is defined to be
the reciprocal of the exponential as below,

1

TR =

(3)

2
_ 92—g1
eExTp I: (\/(72_71)2+(C2_cl)2) ]

This is the value that is thresholded and used as the
input to the clock of the latch that would let the im-
age data pass through. If the thresholding function
1s expressed as T'h(z), then the image, I(r, c) is fil-
tered to the output R(r,c) as follows:

I(r,c
R(r,e)= J (r.) i
allr,c . g2—g1
ea:p[ <\/(72—7'1)2+(C2~01)2) }

Once the image is reconstructed from the original

(4)

.and the edge images, it is possible to recalculate

the edge strengths from the output and the input
images only. By expressing the exponential term in
terms of the input and the output images, it can be
shown that,

g2 — g1

2
exTp |:' (\/(r2 — ,,.1)2 T (62 _ c1)2>

In other words, the edge strength can be written as
the square root of the difference of the natural logs
of I and R.

E =4/in(R) - In(I) (6)
This is a compact expression for proceeding with
the reconstruction of the derivative image. This
equation, therefore, can be an excellent measure of
any iterations introduced in this algorithm. As one
may expect, data can leak through the latches if
they are turned on and off by false alarm such as
noise in the input. But, knowing the rate of change
of the edge data, one can easily learn when there
is no significant change in the reconstructed edges,
hence indicating no further data or region leakage
in the global context.

3 Connected Components

The technique described in the previous section
transmits the significant regions of the image, but
also transmits noise instead of and added to the
homogeneous regions. The reason for that happen-
ing is because the clocking of the latches are not
controlled. In addition, the transmitted regions are
transmitted row by row and there are no labels as-
sociated with the regions. In order to tackle these
two problems, there is a second phase of the seg-
mentation algorithm which determines the labels
of the regions and also filters out small noisy re-
gions transmitted through by the previous phase.




This phase is the connceted component based re-
gion growing in our system.

The region growing at any point in the image
is based on the neighborhood type and the simi-
larity criteria of the neighbors. For our purposes;
we used an 8-connected definition of neighborhood.
The central pixel is the pixel under investigation,
and the other eight pixels of the 3 X 3 area are the
neighbors of that particular pixel of interest at the
center.

The process of region growing is similar to thread-
ing similar components with a needle and a string.
All the pixels in the neighborhood belonging to the
region where the central pixel belongs to are picked
up by this conceptual needle and they are placed
along the thread following the needle. The popular
process of such exploration in the neighborhood is
usually done in a stack manner where each one of
the neighboring pixels in the same region are placed
along a stack, and the next step for region growing
is to move down one pixel or item along the stack
and look at that particular pixel’s neighbors [6].
This particular approach essentially accomplishes
the same task, except that instead of going through
the trouble of looking at all the members in the
neighborhood, we jump to the neighbors of the first
similar neighbor

If the image is expressed by I(r,c) and the center
of the kernel is expressed by k(z,y), then the center
of the kernel for the threading process becomes the
following expression:

r+1,y+1

ke,y)= |

r—1,y—1

[${1(m,n),k(m,n)}]  (7)

The S{I(m,n),k(m,n)} is the similarity criteria
that are discussed later in this paper. This ker-
nel position is dynamic within the location of the
current neighborhood. This is also a recursive pro-
cess since the neighborhood location, and hence the
kernel location, is updated with all of the satisfied
similarity outcomes chronologically. This process
is, furthermore, continued in a top-to-bottom and
left-to-right raster scan method until the end of the
data set. The complete run of this procedure, as-
suming the kernel location is calculated by equation
7, can be expressed as follows:

(Izdimxlydi‘m)

Liz,y)= |

(0,0)

NI(z,y). (8)

The L(z,y) term in the above expression is the la-

beled image and the NI(z,y) term is the neighbor-
hood at a certain (z,y) coordinate in the image.

The strength of this approach is that at any
point and time of the exploration of the image, only
one similar pixel of the central pixel in the neigh-
borhood is sought for, and when the similar pixel
is found, the search begms all over again in the
new neighborhood—keeping the newly found sim-
ilar neighbor that initiated this new search as the
central pixel for this search. The backward move to
get to the “other” neighbors in the previous neigh-
borhoods begins only when no other pixels in the
current neighborhood can be found that can meet
the similarity criteria.

3.1 The Thresholding Criterion

The similarity criteria is important for determining
the shapes of the regions grown by this algorithm.
It is an issue of debate as to what defines simi-
lar pixels, or pixels belonging to the same regions
(5] [7]. Since there are no prior knowledge assumed
to be known about the shapes of these regions, any
definition of similarity could be just as good. But,
there are some assumptions that can be taken into
consideration such as the uniform source of light.
It is natural that occlusions and shadows caused by
objects present or absent in the image can cause
a severe shade difference in different parts of the
same region. But, from a viewer’s point of view,
these differences can indeed cause one to assume
that subregions are present in the same region or
object. . The central concept of similarity is, how-
ever, based on the derivative in the neighborhood
along the directions of the eight neighbors in the
image.

The derivative mentioned here is a multidimen-
sional derivative. Since there are eight neighbors
chosen for each center pixel under study, there are
eight possible directions where the derivative can
be measured. The mathematical expression for the
derivative in a gray-scale image is the following:

Gn — 9m
n-—m

S{I(z,y),k(z,y)} = Ag = (9)

Here, n and m are the two pixels’ locations between
which the gray-scale derivative is being calculated.
gn and g,, are their correspondmg gray levels. In
our calculations, the nt* pixel is always the central
pixel and the mt* pixel is the m®* neighbor of the
central pixel. Eight such derivatives are calculated
as needed in a recursive manner. Since we are al-
ways considering immediate neighbors, and since all




the neighbors in all different directions have equal
importance and equal probability of the direction of
the growing region, the quantity m — n is always 1.
Therefore, The derivative or the similarity criterion
can be even simpler:

Ag = lgn’“gml (10)

The thresholding could still be a potential prob-
lem truly affecting the region growing even by set-
ting up the similarity criterion, or the derivative
strength, in an absolute manner. There is a need
for normalization of this quantity. The best way to
normalize this quantity is to normalize on the basis
of the average intensity level of the image. If the
average gray level of a pixel in the image is gqyq,
then the similarity criterion is modified to be the

~ following:

()
Ag = e\ 99 (11)
This transforms the entire data set into a set
bounded by [0,1]. The connectivity-strength need
not be a completely unknown quantity if we can
normalize it through such a method. The unifor-
mity in the data spread by applying the exponen-
tial are the connected regions, and the sharp val-
leys produced are their connecting boundaries. The

thresholding is done if %39&2 > 1.0 and not thresh-

avg

olded otherwise. Upon thresholding the image, a
concept called the similarity histogram is used to
determine valid regions.

3.2 The Similarity Histogram

The similarity histogram is a measurement of the
pixel distribution according to the label of each in-
dividual pixel. The conventional histogram repre-
sents a statistical model for the gray level distribu-
tion in the image. Here, for constructing the sim-
ilarity histogram, gray levels are no longer impor-
tant, rather the region growing based pixel labels
are the data elements for the construction of this
histogram.

Similar to the conventional gray-level histogram,
the similarity histogram is a statistical measure-
ment of the pixel distribution in the image. This
distribution enables one to decide which regions,
or threaded pixels, are the dominant regions in the
image. Small strings of pixels, even though they
may meet the similarity criteria, are most unlikely
to represent any valid region in the image.

Pixel
Count

| -Threshald. _ | .

H b

Label Index
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Figure 3: The concept of Similarity Histogram.

Thresholding the regions based on this similarity
histogram is also another area to explore. In gen-
eral, a region is significant if it covers a certain area
in the picture. The most difficult decision to make
is the one where it needs to be said that a particular
region is indeed large enough to be a valid region.
In general, according to the connected component
theory, all pixels in the image are characterized with
some label. But, if the labeled and assumed region
is merely a discontinuity in some valid region, that
discontinuity should not be considered as a separate
region. It has been considered in this research effort
that once a region consists of at least 10% of the to-
tal area in the image, that can be seen as a valid
region. Mere discontinuities, this way, are meshed
within these valid regions. This technique of mak-
ing decisions with the similarity histogram is pow-
erful especially for natural scenes where there may
be trees and forests, clouds in the sky, or other nat-
ural discontinuities present. Figure 3 is an example
of how the region verification is achieved using the
similarity histogram. ‘

The conventional gray scale histogram can be
mathematically expressed by the following equa-
tions. If the i** gray level is assigned to m; number
of pixels in an N x N image, the ¢** histogram com-
ponent has a value of

my

N xN

H(i) = (12)

This gives a dynamic distribution of gray levels over
the entire image. The similarity or region histogram
is very similar to this concept, except that the pixel
gray-scales are replaced by the pixel labels. If the
it" label has /; number of pixels assigned to it, all
of which are by all means connected pixels, then




the corresponding similarity histogram component
would be

l;
N XN

Therefore, the similarity histogram can be ex-
pressed as

H, (13)

#oflabels

2

1=0

l;

H, =
NxN

(14)

This, of course, is applied for an N x N image. And
similar to the conventional histogram method, the
sum of all the components add up to 1. That is

#oflabels

> He(i) = 1.0

1=0

(15)

What the similarity histogram actually contain
is a probability distribution function among the re-
gions labeled in the connected component analysis.
The height of each of the elements in the histogram
is analogous to the likelihood of a valid region in
the image. It is understandable that the data dis-
tribution in the input set can have the connectivity
criteria satisfied for various locations in the image.
Most of these connected-pixel sets do not represent
true regions. Therefore, this probability distribu-
tion function based on the labeling of the connected
components enables us to filter out the invalid and
insignificant regions.

4 The Neural Network Module -

The first phase of the problem, the isolation of can-
didate landmarks, is solved by the segmentation al-
gorithms in two steps. The second phase of the
problem is selecting among the potential candidates
the true candidates which have meaningful informa-
tion embeded in them. Potential landmarks can be
street signs such as the STOP sign, the DO NOT
ENTER sign and other meaningful features. We
propose a neural network recognition algorithm to
solve this phase of the landmark recgnition prob-
lem. The neural network was already under devel-
opment for optical character recognition. However,
typical landmarks can also be considered as distinct
patterns of data and as such included in the land-
mark recognition problem. There are some test re-
sults on ten landmarks— such as the STOP sign,
the DO NOT ENTER sign, etc. —that proves that
the neural network designed was robust and inte-
grable with our vision system.

Figure 4: Portion of the structure of the proposed
fully connected network.

4.1 Structure of Proposed Network

The structure that we propose in the optical char-
acter recognition problem as well as the is a multi-
layered feed-forward network with an input layer,
an output layer and a hidden layer for weight ad-
justments. The input to our network are digitized
images and therefore, the input is fed into individ-
ual nodes in parallel. That means that if we have an
n X n image, the input layer of the network should
have n? nodes.

A brief description of the structures of the indi-
vidual layers is provided here.

4.1.1 The Input Layer

As discussed earlier, the input layer is considered
to be set by the input data set or image. For the
design purpose, the input layer was set to have 900
nodes capable of handling up to 30 x 30 pixels of
image data. All of these nodes are connected to the
hidden layer which is adjusted as follows.

4.1.2 The Hidden Layer

The hidden layer to our network consists of 5 nodes.
Each one of the 5 nodes are connected with every in-
put nodes(that is 900 x 5 neurons) and also with all
the output nodes(that is 10 X 5 neurons)—giving a
total of 4550 neurons in the network. The weights
associated with these neurons are varied according



to the errors generated in each epoch of the training
session. The final weight adjustments correspond to
the minimum error suitable for all the input train-
ing sets.

4.1.3 The Output Layer

The output layer consists of 10 nodes each one of
which represents a numeric digit in decimal mathe-
matics. the output of these nodes refer to the sim-
ilarity or dissimilarity of the testing pattern to the
numbers 0 through 9.

4.2 The Mapping Function

The mapping function used to map the output of
each node corresponding to the input to that par-
ticular node is chosen to be the sigmoid function.

The equation describing the sigmoid function is as
follows:

- (16)

u

1]

There are reasons to choose such a mapping func-

tion. Note that the sigmoid function is a bounded
function between 0.0 and 1.0. When the parameter
u is small, the function gets closer to 0.0 and when
the parameter is large, the value gets closer to 1.0.
The function has a pretty steep derivative when the
input to the function is close to 0. Therefore, this
mapping function describes that as soon as we have
a low input, the output gets close to 0, and the
output is close to unity if we have a large input.
this acts like a thresholding function but in addi-
tion to thresholding, it is sensitive to the weight of
the positive or negative input to the function.

4.3 Symmetrical Weight Initialization

One of the issues to consider in distributing the
network is a suitable position for the network to
start. This is a critical point since if the initial
position of the network is already close to giving
the correct output for a given data set, the training
would be brief. But how do we know about the
weight distribution?

It is logical to assume that since the training and
testing patterns to a network are completely un-
known to the initial network, the inputs could be
considered random. Any random statistical model
would be, therefore, sufficient to initialize the net-
work. We chose a zero mean Gaussian distribution

with a variance of 0.5 to be the initialization func-
tion for the neuron weights. In general, if the input
pixels are indexed by 7, then the probability density
function to distribute the initial weight would be,

(17)

(wi—p;)?

plwi) = e 2

4.4 Weight Adjustments

The weights of all the neurons are adjusted with re-
spect to the errors that are generated by the input
vectors in every epoch. The input node weights
are dependent on the inputs to the system, while
the hidden and the output nodes’ weights are dis-
tributed and adjusted according to their inputs, the
output of the nodes, and the error derivative of the
node in question. A brief discussion on the issues
are due here.

We use the chain rule of derivatives to calculate
the derivative of the error with respect to the node
weight,

6E 6F 6z bv

_ = e 1

&b bz v 6b (18)
Here % is the derivative of the error with respect

to the output of that node, g—fj denotes the deriva-
tive of the output of the node with respect to the
weighted sum inputs, and the term % expresses the
derivative of the weighted sum input with respect
to the output node.

Here is a brief explanation to each one of the
terms involved. The error, for each one of the out-
put nodes, is determined as the mean square error
between the output and the target output of the
node. The output is denoted by z in our discus-
sion, and let us call the target ¢. Therefore, the
mean square error is,

E = %(z s (19)

As we can see, the derivative term % becomes,
0FE

— = -t 20

i z (20)

Now we can focus on the second term where the
output z is expressed as a function of the input v
with the sigmoid function.

z =

(21)
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This expression can be reduced to the following af-
ter algebraic manipulation:

6z B e 23)
§v 14 2ev 4+ e2v (23

As for the last term %}f for a particular node, the
relationship between the input to the node and the
weight of the node is,

N
vo= Z bi-yi
=1

And thus, this component of the chain rule has N
sub-components.

The weight adjustments more or less follow this
idea of successive derivatives. The specific discrete
equations for weight adjustments are as follows:

If the outputs are denoted as V, the inputs as U,
and the learning rate as n

(24)

Wiy1 = w; + now;. Uaw;. V(1 — w;.V) (25)
for the input and hidden layers, and for the output
layer with a target of ¢

wipr = w; + nowi. U (1l —w . V).(w;.V —t)  (26)
The symbol 1 denotes the learning rate of the net-
work. Note that the error, the input and the output

gain all are included in the weightings of the neu-
rons.

5 Results

All the different aspects of the hybrid vision sys-
tem have been tested and evaluated with natural
scene images. At first, the region transmission al-
gorithm was applied on several images with mean-
ingful landmarks in them. The transmitted regions
are shown in this section. Also, the connected com-
ponent analysis yielded region labeling among the
significant regions in the images. In addition, the
neural network was trained on 10 different land-
mark patterns and recognized successfully. A brief
description of the results are presented in this sec-
tion.

5.1 Segmentation of Images

Figure 5 delineates the Transmission of Regions al-
gorithm. As it can be seen, this algorithm was par-
ticularly successful in preserving natural landmarks

Figure 5: Results of applying Region Transmission
algorithm to natural scene images. A stop sign and
a do-not-enter sign are used as ezamples here. The
top row is the natural images, the middle row is
their edge maps and the bottom row is their trans-
mitted regions. The street signs have been isolated
from the cluttered environment. Last but not the
least, in the output image some transmission leak-
age is observed.




in our everyday life. A lot of details in the land-
marks are preserved whereas the background and
other unnecessary information have been filtered
out. But, due to the error in region-edge triggered
clocking, the latches allowed some leakage from sur-
rounding regions.

The other result is shown in Figure 6. This is the
Connected component analysis based on the thread-
ing process. This process is particularly successful
in distinguishing large areas present in the image.
The major reason for that to happen is, in the simi-
larity histogram criterion, it was decided that if the
homogeneous region candidate is occupying at least
5-10% of the entire image, the validity of the region
is preserved. Otherwise, the region is filtered out.
Figure 6 shows region segmentation on a river bank
separating the river the bank and the sky.

Both the algorithms are successful in segment-
ing regions in real images. The transmission of re-
gions algorithm, compared to the connected compo-
nent analysis, is computationally a lot less demand-
ing. A good edge detector identifies the boundaries
that need to be transmitted, and the second pass
on the raster scan simply transmit the selected re-
gions. The connected component analysis, however,
speeds up from the traditional algorithm due to the
threading process. It is important that candidate
landmark regions from images be separated from
the rest of the objects in the image, and these al-
gorithms are effective tools for doing just that. Ac-
cording to the architecture of our vision system, the
result of the segmentation prcedure is the input to
the neural network.

5.2 Neural Network Output

The results for our network is listed here. But
before listing the results, we need to mention the
training method. There were 20 images that we
had in our possession. We used 10 of these images—
set of images with the street signs NO PARKING,
DO NOT ENTER, LIGHT AHEAD, ONE WAY,
PEDESTRIAN, RIGHT TURN, SCHOOL ZONE,
STOP, ROAD CROSSING and YIELD was used
to train the network— and the final set of the same
patterns was used to test the network.

5.2.1 Individual Neuron Profiles

Each class of data created a particular network
weight structure individually for recognizing each
individual character. As we planned earlier, each
character was supposed to have its own path in the

o 200 400 600 800 1000 1200 1400 1000
Label

Figure 6: Segmenting a natural scene image with
connected component analysis (the corresponding
similarity histogram is shown in the bottom image).

weight space of the network. The way we described
this path is by listing the final weight of each in-
dividual weights as a particular set of inputs are
finished training. Let us call this as the neuron
profile. The neuron profiles for all the training sets
are expressed in Figure 7.

5.2.2 Comparative Neuron Profiles

It can be noted that the neuron profiles are different
for each training patterns. Since there are a lot of
weights to be plotted in the neuron profile plot, it
is difficult to understand the difference in the neu-
ron profiles. Therefore, a comparative plot between
two neurons are plotted in Figure 8 to illustrate the
uniqueness of the sensitivity pattern for each type
of training set.
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5.2.3 Network Output Error

The network Output Error is considered to be the
mean square error between the output of the net-
work and the desired output of the network. For
example, we had decided that the sign “NO PARK-
] ING” should be responded by output 0, “DO NOT
— ENTER?” should be described by output 1, etc.
The other outputs in each case should be signifi-
cantly lower than that. Each time we tested the
network, and also while training it, we calculated
the network mean square error and plotted them.
The equation to find the error is as follows:

s

M

Figure 7: Profiles of neurons(from bottom to top: MSE = Zg: E(Outputi — Target;)? (27)
no parking, do not enter, light ahead, one way, 2

pedestrian crossing, right turn, school zone, stop,

road crossing and yield). Horiz. azis: weight space,.
vert. azriz: weight profile.
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5.2.4 Generalization

A big problem in the network that we faced was the
generalization of the network. We tried to train the
network such that different images with the same
sign would be recognized by the network without
classification error. For this, we trained the network
until the error at each node was less than 0.01%. As
we tested on the test set, and also by feeding some
of the training samples again, the network response
between RIGHT TURN and SCHOOL ZONE are
sometimes close. This is probably due to not having
enough resolution in the images. But, on the aver-
age, the network recognized all characters of differ-
ent fonts without miss-classification. Figure 11 is
a good illustration of generalization being achieved
for five of the signs tested in the laboratory. Accord-
ing to the figure, each one of the shown five pattern
tends to follow a generalized path of its own.

6 Conclusion

The hybrid vision system proposed in the paper
consists of three algorithms. The first two compose
the region isolation and the third is the neural net-
work learning. All three algorithms are developed
separately but are designed to be integrated in the
same system. Real image analysis is the strength of
these algorithms. The methods described prove to
be robust, efficient and accurate. The region trans-
mission and labeling process meete the goal of iso-
lating significant regions adequately as illustrated
in the paper, and the neural network learning is
accurate enough to distinguish among 10 different
aptterns. Therefore, this approach towards devel-
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Figure 11: Neuron paths different for each input
vector with respect to training iterations.

oping a vision based navigation system is promising.

7 Future Work

Even though the techniques narrated are individu-
ally successful, their integration is a sensitive issue
at this point and time. There have been numerous
experiments showing successful transmission of re-
gion, successful region labeling and successful neu-
ral network performance for recognition. The out-
puts of transmitted regions have been separately fed
into the input of the labeling module, the segmented
images are recognized with the neural networ, but
the complete loop of the system architecture is not
complete yet. We envision to tie these loose ends
in the near future and transport the software to a
mobile platform in the laboratory for autonomous
navigation.
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Multilayered Fuzzy Behavior Fusion
for Real-Time Reactive Control
- of Systems with Multiple Sensors
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Abstract—Fuzzy linguistic rules provide an intuitive and pow-
erful means for defining control behavior. Most applications
that use fuzzy control feature a single layer of fuzzy inference,
mapping a function from one or two inputs to equally few outputs.
Highly complex systems, with large numbers of inputs, may also
benefit from the use of qualitative linguistic rules if the control
task is properly partitioned. This paper presents a modular fuzzy
control architecture and inference engine that can be used to
control complex systems. The control function is broken down
into multiple local agents, each of which samples a subset of a
large sensor input space. Additional fuzzy agents are employed
to fuse the recommendations of the local agents. Real-time imple-
mentation without special hardware is possible by using singleton
output values during fuzzy rule evaluation. A development tool
is used to translate a fuzzy programming language off-line for
fast execution at run time. Using this system, a multilayered
fuzzy behavior fusion based reactive control system has been
implemented on an autonomous mobile robot, MARGE, with
great success. MARGE won first place in Event III of the 1993
Robot Competition sponsored by the American Association for
Artificial Intelligence.

I. INTRODUCTION

HE success of fuzzy control is owed in large part to
the technology’s ability to convert qualitative linguistic
descriptions into nonlinear mathematical functions. Its ability
to bridge the gap between human expert knowledge and the

“world of digital systems has led to its use in many consumer

products. Most of these fuzzy control implementations, how-
ever, feature a single layer of inferencing between only a
handful of inputs and outputs, leading one to suspect that
fuzzy control might only be useful in simple systems such
as these. This paper presents a multilayered fuzzy control
architecture and inference engine that can be used to control
a complex system: the reactive guidance control of a mobile
robot. Given the complexity of a mobile robot, linguistic rules
provide an essential tool for implementing the robot’s control,
without the need for a mathematical model. A complex control
mapping is described that uses expert rules in a layered,
modular architecture that combines a friendly, modular fuzzy
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programming language with a real-time fuzzy inference kernel.
Fuzzy uncertainty is not propagated from one level to the next
in the architecture, as this is not an important requirement for
many types of reactive control applications.

Autonomous mobile robots must react to dynamic events
in unstructured environments. Vision, odometry, ultrasonic
and/or infrared rangefinders, and tactile sensors may be used
together to sense the robot’s world. The challenge of inte-
grating this information in real time has led to a variety of
reactive “behavior-based” control schemes for mobile robots.
Much of this work was inspired by the layered control sys-
tem and subsumption architecture developed by Brooks [1],
[2] in which robots utilize multiple task-achieving behaviors
which closely couple sensors to actuators. Connell {3] used
distributed subsumption-based behaviors to enable a mobile
robot to search through unmapped rooms to collect empty soda
cans. In a recent competition between autonomous robots (4],
the winning entries made extensive use of low-level reactive
perception and control. ,

Real-time reactive control involves mapping senso: inputs
to control signals quickly, usually involving little or no inter-
mediate representation. Most feedback control systems, such
as servomotor controllers, involve only one or two inputs.
Linear gain parameters are often sufficient for determining the
actuator output for such simple applications. But for mobile
robots and other complex reactive systems, the size of the
input space demands a more sophisticated control algorithm.
This task can be made more manageable by breaking down
the input space into a form suitable for analysis by multiple
agents, each of which responds to specific types of situations,
and then integrating or fusing the recommendations of these
agents to produce the current output.

Agents can be designed to exhibit independent behaviors
such as goal seeking, obstacle avoidance, and wall following.
This is an important level of abstraction for system integration,
and can serve as a guide for the division of computation
among distributed processors. Muitiple behaviors also provide
robust behavior and degrade gracefully. The combined effect
of multiple behaviors is referred to as an emergent behavior,
and, ideally, it will share the characteristics of the individual
behaviors. Unfortunately, the development and integration of
agent frecommendations usually involves ad hoc algorithms
that are application specific. Brooks’ subsumption architec-
ture uses finite state machines and hierarchical arbitration
to select between multiple behaviors. This allows fail-safe

0278-0046/96$05.00 © 1996 IEEE
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behaviors like obstacle avoidance to subsume goal seeking
when necessary. Arkin [5] fuses independent behaviors called
“schemas” with artificial potential-field techniques. In this
paper, a modular method for developing reactive control
behaviors using fuzzy control rules is described. Fuzzy control
allows smooth generalization between multiple modes of oper-
ation. The function is a continuous surface, as opposed to many
behavior-switching schemes, and follows the philosophy that
similar situations should result in similar outputs. The system
allows the integration of many more sensor inputs than do
previous real-time fuzzy systems, without special bardware.

II. Fuzzy CONTROL

Fuzzy control is based on fuzzy set theory, originally
developed by Zadeh [6], [7]. The principle behind fuzzy set
theory is that ambiguous information should be classified into
sets that do not have crisp boundaries; hence the name “fuzzy
sets.” Given a measurement z, a fuzzy set A is said to contain
z with a degree of membership defined as p4(x), where p4(z)
can be any value in the continuous domain [0, 1]. Fuzzy sets are
usually named after adjectives, such as TALL; the membership
function described as prarr{z) would therefore reflect the
similarity between values of z and the contextual meaning
of TALL. If z represented a person’s height in centimeters,
and TALL were used to classify “tall men,” then TALL might
have a membership function value equal to zero for heights
below 150 cm, a value equal to one for heights over 185 cm,
and a smooth curve of fractional values for heights between
these limits. The degree of truth of a statement like “If Bob’s
height is TALL...” is evaluated by calculating the value of
the membership function for Bob’s height. A fuzzy set may
also be thought of as a distance metric for the comparison of
quantitative data. Fuzzy set membership functions often take
the shape of gaussian, trapezoidal, or sigmoidal functions.

Logical manipulation of fuzzy memberships requires the
extension of crisp logic operations to operations on fuzzy sets.
The three fundamental logical operations, intersection, union,
and complement, have fuzzy counterparts popularly defined
as follows:

(Intersection) (z is A) AND (y is B):

AN B = min{pa(z), na(y)}
(Union) (z is A) OR (y is B):

AUB = max{pa(z), na(y)}
(Complement)  (z is NOT A):

A=1-pa(z).

A fuzzy control function may be defined by using fuzzy sets
as adjectives in a qualitative rule base. The effect of each rule
inference is then proportional to the degree of truth of the fuzzy
sets associated with it. When programming a fuzzy system
with fuzzy rules, the system designer need only represent his
or her own qualitative understanding of the problem.

A. Fuzzy Rule Evaluation

A fuzzy rule performs an inference with a certainty, or
weight, dependent on the set operations in its antecedent.

A fuzzy rule for a servocontroller may take a form such
as: “If error is SMALL and Aerror is ZERO, then output is
SMALL.” This rule assigns the value of SMALL to the variable
output with a weight determined by the intersection (i.e.,
the minimum value of two membership function evaluations)
of the sets describing error and Aerror. The application of
multiple fuzzy rules results in multiple output recommenda-
tions. In many fuzzy expert systems, antecedent weights are
intersected with the output sets to describe the control output
as a fuzzy variable. The output value has its own membership
function, which is useful if it is to be used by other rules in a
chain of fuzzy inferences. For control applications, however,
defuzzification is necessary to obtain a singleton value that can
be passed on to actuators. This is often achieved by taking the
centroid of the output membership function. Unfortunately, the
manipulation of fuzzy sets and the calculation of the member-
ship centroid is computationally expensive when compared
to ordinary linear control algorithms. Real-time fuzzy control
systems that define outputs as fuzzy sets in this manner often
rely on special hardware to perform rule evaluations [8], [9].

For most control applications, outputs do not need to take
the form of fuzzy numbers. A much faster method can be
used to evaluate rules by calculating the centroid of a set of
singleton recommendations. If each rule ¢ prescribes an output
value of o; with an antecedent certainty of w;, then the output
of a controller with N rules is calculated as

control_output =

To compare these two techniques, fuzzy output versus
singleton output values, consider a very simple mapping with
one input and one output. Fig. 1(a) defines the set to be used
in this example. The first function in this example uses two
rules with the following fuzzy output sets

(Function A) 1) If input is ZERO then output is ZERO.
2) If input is SMALL then output is SMALL.

Suppose we wish to calculate the output value of Function
A for an input of value of 70. The first rule will have a weight
of 0.3 and the second will have a weight of 0.7. Fig. 1(b)
shows the result of the weighting operations on the respective
fuzzy output sets. The output of Function A is the centroid of
the two shaded regions, which is calculated to be 64.

Now consider the same function with output recommenda-
tions defined as the following singleton values

(Function B) 1) If input is ZERO then output is 0.0.
2) If input is SMALL then output is 100.0.

For Function B, the crisp centroid is much easier to calcu-
late, as illustrated in Fig. 1(c). For an input value of 70, its
output is (0.3 x 0.0 + 0.7 x 100.0)/(0.3 + 0.7) = 70. The
singleton centroid scheme of Function B allows fuzzy rules
to be used to perform real-time control functions on ordinary

processor hardware. This method of rule evaluation is used for -

the reactive control system described below. "
Fig. 2 shows the block diagram of a fuzzy rule. A rule
performs a sum-of-products (i.e., intersection before union)
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Fig. [. Fuzzy rule evaluation example. (a) Membership functions. (b) Cen-
troid for fuzzy output. (c) Centroid for singleton output.

operation on the fuzzy set comparisons in its antecedent. The
resultant weight is then associated with the source value for
subsequent centroid calculations. Note that the source may be
a fixed value, as is the case with most fuzzy control systems,
or it may be a value passed from another operation, allowing
a set of rules to act as a “fuzzy multiplexer” by blending
recommendations from other sites according to qualitative
terms. Fig. 3 shows the configuration of multiple rules for
the evaluation of a fuzzy node. Note that black arrowheads
denote set inputs, while gray arrowheads denote sources for
output recommendations.

B. Effects of a Large Input Space

Most fuzzy control applications involve only a small number
of inputs. This allows them to perform the entire inferencing
mapping in one step. All of the fuzzy rules typically look at the
same inputs and affect the same output. Suppose a controller
for a system with N inputs is being designed, with each input

Input Input Input Input Input Input Source
Value Vlluq Value Value Vaiue Vaiue Value
Fuzzy Fuzzy Fuzzy [ Fuzzy Fuzy Fuzzy
Set Set | ... Set Set Set | .. Set
1(x) B(0) B(x) nx) m{x) B(x)
Fuzzy AND Fuzzy AND
(Minimum) (Minimum)
Sum-of-Products :V
Fuzzy OR
{Maximum)
\i
Antecedent Weight Output
Wi Qi

Fig. 2. Components of a fuzzy rule.

Inputs  Source Inputs  Source Inputs  Source
At HT ET
Fuzzy Rule FuzzyRule | ........ Fuzzy Rule

Wi On

_>\/\x)

Centroid
Calculation

Output Assigned to Node

Fig. 3. Integration of fuzzy rules.

¢ described by M; fuzzy sets. A different rule may be written
for every intersection of set descriptions that describes the
N inputs. This exhaustive method yields a rule set of size
Hil\;1 M;.

Unfortunately, the number of fuzzy set evaluations in a rule
base increases exponentially as more inputs are added to the
controller. This results in an impractical computational load
for systems like mobile robots with typically have high input
dimensionality. It also makes it difficult for the programmer to
manually define rules that span the entire input space. In order
to keep the rule base manageable, some mobile robot control
implementations have reduced the input space by throwing
away what might otherwise be useful sensor data [8], or by first
matching the data to a symbolic world model and extracting
state variables [10], [11].

Rather than reducing a large input space by nonfuzzy means,
the system described in this paper uses multiple fuzzy agents
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Fig. 4. Fusion of local agents by a fuzzy multiplexer.

to provide a computationally efficient means of processing the
entire input space without an initial data reduction. Consider
a symmetric N-dimensional input space where each input
dimension is to be spanned by the same number, M, of fuzzy
sets. If the fuzzy inference mapping is done in one step, the
number of set evaluations that must be performed is NM Y. If
the input space dimensionality is broken down for processing
by local agents, fewer set evaluations must be performed.
Suppose we employ M™ local agents, where each will be
assigned the same N — n inputs. These agents then may be
fused by a fuzzy multiplexer that uses the n remaining inputs.
The multiplexer will perform nM™ set evaluations, while each
agent performs (N —n)M (N —") evaluations. The total number
set evaluations for this scheme is then NMYN —n(MN — M™),
which is less than NMY. Thus, a large input space can be
broken down in several steps for a considerable savings in
computation. Fig. 4 shows a three-dimensional (3-D) input
space processed by local agents and fused by a multiplexer.
Note that there is no restriction to using only agents of uniform
size or architecture; rather, the flexibility of using specialized
agents of different sizes and/or types is an important part
of this scheme. Each of the local agents, for instance, may
be composed of additional agents in an overall hierarchical
network of agents.

Fuzzy agents can also preprocess data for other nodes to
use as inputs. This allows the input space to be transformed
into another form that may be more useful for agents to
react to. In most control applications, raw sensor data is
not directly mapped to actuators without first transforming
it for purposes such as filtering or to calculate error sig-
nals and derivative terms. This reduces the computational
requirements for some applications and can make the system
easier to specify manually by providing a higher level of
abstraction than provided by the direct input data. Fuzzy rules
can be easily configured to accomplish such preprocessing
functions.

Fig. 5. Mobile robot MARGE.

III. Fuzzy BEHAVIOR FUSION

A user-friendly system has been developed for the design
of multilayered fuzzy behavior-based control systems. This
system can perform real-time control calculations for many
applications using an ordinary personal computer. Fuzzy sets,
nodes, defined constants, and fuzzy rules are defined by the
programmer in a text file. This file is then translated off-line
by a fuzzy translator into a data structure that enables fast
execution at run-time. A Motorola 68 040 CPU running with
a 20 MHz clock can typically process over 23 000 fuzzy rules
per second using this data structure.

A. Implementation on the Mobile Robot MARGE

Multilayered fuzzy behavior fusion has been used to control
MARGE (which stands for mobile autonomous robot for
guidance experiments), an indoor mobile robot developed for
experiments in autonomous guidance. A liberal assortment of
sensors allows MARGE to measure information about itself
and its environment. Fuzzy control is used to convert this
information into reactive behavior. Fig. 5 shows MARGE,
and Fig. 6 shows the installation of sensors on the vehicle.
Vision, its longest-range sense, is used for selfiocalization and
for identifying objects of interest. For obstacle avoidance, the
robot uses wide-angle and narrow-beam ultrasonic rangefind-
ers. Tactile whiskers are used for feedback during manipulation
tasks, and as a fail-safe for obstacle avoidance should objects
be missed by the sonar. Encoders in the drive and steer motors
provide dead reckoning and velocity feedback.

B. Fuzzy Behaviors

Examples of the behaviors used to control MARGE include
goal seeking, obstacle avoidance, barrier following, and object
docking. The obstacle avoidance behavior filters sonar data
and suggests an appropriate steering and drive velocity given
the presence of obstacles sensed by the vehicle’s sonar. The
goal seeking behavior generates the proper control values
to attain a goal location, and the barrier following behavior
stabilizes the vehicle’s motion with respect to straight walls.
The object docking behavior allows the robot to manipulate
objects, which is usually difficult for autonomous systems in
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Fig. 6. Configuration of system hardware on MARGE.

unmapped environments. Additional behaviors can be added
to adapt the vehicle’s actions to new tasks and situations by
adjusting the parameters of the other behaviors.

To illustrate the design of a behavior using fuzzy rules,
consider a simple obstacle avoidance agent which tries to
steer away from close obstacles sensed by sonar on either
side of the robot. First, define the name of the behavior to be
“avoid_steer” and define a fuzzy set to represent the adjective
“close”:

node avoid_steer
set close z beta gamma

The terms beta and gamma are values that correspond to the
dynamic range of distances that the robot will avoid, with a
strength of avoidance that decreases with range. The following
four fuzzy rules are used to create this behavior:

if left_sonar is close

and right_sonar is not close
then avoid_steer is RIGHT

if left_sonar is not close
and right_sonar is close
then avoid_steer is LEFT

if left_sonar is close

and right_sonar is close
then avoid_steer is CENTER
if left_sonar is not close
and right_sonar is not close
then avoid_steer is CENTER

CENTER s a constant value equal to zero, while LEFT and
RIGHT are typical steering velocities. These rules cause the
robot to steer away from obstacles to one side or the other,
depending on how close they are. If both ranges are equal, the
robot proceeds straight ahead. Fig. 7 shows the smooth control
surface that results from these rules.

While this example illustrates the smooth transition possible
between fuzzy rules, it makes use of only two sensors. A much
more competent obstacle avoidance behavior results from

avoid_steer

RIGHT

CENTER

left_sonar

Fig. 7. Control surface for simple obstacle avoidance behavior.

incorporating other sonars into the decision on how to turn. For
example, the robot may not need to turn away from obstacles
on its side unless its path was blocked. If a front sonar
measurement is added as another input, the side avoidance
distance can be increased as the front range decreases. This
results in a “corner escaping” behavior. Diagonal sonars can
be incorporated into behaviors in a similar manner, along with
braking behaviors to slow and stop the robot when necessary.

Sometimes, two or more rules cancel each other out and
the robot then faces symmetric indecision. This can occur
when an obstacle is located straight ahead, for example, and
no other obstacles exist on either side of the robot. MARGE
breaks this kind of tie caused by symmetric indecision with
a “frustration” agent, which increases in magnitude over time
whenever the robot becomes blocked. An extra rule = the
obstacle avoidance behavior adds a random steer value to its
output when frustration becomes large. Thus, the robot senses
when its basic rules fail to keep it moving and responds to the
problem by using its motivational state.

The repulsion of the robot from obstacles may seem like a
variation on the artificial potential fields method of obstacle
avoidance. The most important distinction that can be made is
that fuzzy behaviors are egocentric to the robot, and depend
on its pose and motivational state, while potential fields often
require an intermediate representation of the environment, such
as a map. It is easy to create fuzzy behaviors that follow a
wall and align to features that the robot’s sensors detect. This
allows the robot to escape from local minima by following
a boundary, without requiring a high-level planner or world
model. In order to provide the same performance using poten-
tial fields, one would have to program nonlinear, time-varying
equations into the control program. The fuzzy rule approach
allows bottom-up development without mathematical models.
This makes it easier to implement sophisticated behaviors that
directly reflect the programmer’s expert knowledge.

C. Fusion of Behaviors

Suppose that, in addition to an obstacle avoidance behavior,
a goal seeking behavior has been designed that steers the robot
toward a goal location. Both behaviors must eventually be
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fused into a single output to control the vehicle’s motion. Many
different schemes have been used for this type of fusion, in-
cluding hierarchical switching [1]-[3] and weighted averaging
[5]. Fuzzy behavior fusion combines hierarchical switching
with weighted averaging by using fuzzy rules to perform the
fusion operation. The fusion rules are flexible: sensor data,
motivational state, and/or the values of the behavior outputs
themselves can be used to determine the appropriate weight
for each behavior. The following are four possible ways to
blend or arbitrate between the recommendations from multiple
sources.

1) Summation: A control signal recommendation for a goal
seeking behavior might be simply added to the obstacle
avoidance behavior. This method is the same type of su-
perposition used in potential field techniques. In a PID con-
troller, the proportional, integral, and derivative terms are
summed. One must be cautious, however, as to what the worst-
case combinations of values can be. If two behaviors each
recommend a maximum value, their combined effect may
be dangerous. Also, the recommendation of each behavior
must be compatible with the recommendations of the other
behaviors throughout the entire input space.

2) Weighted Averaging: To maintain a limit on the output
magnitude, a compromise between agent recommendations can
be reached using a weighted average of the recommendations.
This technique is used by Arkin [5] for combining reactive
schemas. In the fuzzy inference engine used for behavior
fusion, the centroid operation performed on a set of rules does
exactly this. The programmer defines the weight of a fuzzy
rule by the specifying the set operations in each antecedent.
In a single control node, one could think of each rule as being
an agent and the centroid operation as a way of reaching
agreement between the multiple agents.

3) Fuzzy Multiplexing: As described earlier, the control ar-
chitecture allows fuzzy rules to recommend values from other
nodes. This allows those separate behaviors to be combined at
another level according to qualitative rules. Fuzzy multiplexing
is a smart version of weighted averaging because the weights
for each behavior can change depending on the context of the
situation. A component behavior need not yield an appropriate
signal at every point of the input space; its effective weight
may be decreased toward zero in such situations using the
fusion rules.

4) Hierarchical or Supervisory Switching: The subsump-
tion architecture developed by Brooks [1] allows behaviors to
shut off or subsume the outputs of other behaviors through the
use of a switching operation. Sometimes, an ordered sequence
of behaviors is necessary to perform a task. To turn these
behaviors on and off, one or more supervisory agents must
keep track of the activity. This may be implemented as a finite
state machine. The output of a state machine can excite or
inhibit the activities of agents within the control environment
by using fuzzy multiplexers. Note that a Boolean multiplexer
can be implemented using a fuzzy multiplexer by simply
making the slope of the membership function vertical.

With these fusion techniques available, the obstacle avoid-
ance behavior can be combined with the goal seeking behavior.
The simplest solution would be to add together the steering

suggestions from each behavior. However, the magnitudes of
the behaviors would have to be carefully adjusted to make sure
that obstacle avoidance is strong enough to avoid a collision
when goal seeking wants to steer into a wall. A weighted
average could be adjusted for this purpose, but the response
of each behavior would become subdued. Instead, a fuzzy
multiplexer can be used. Intuitively, the obstacle avoidance
behavior should dominate the control value when the robot is
near obstacles and the goal seeking behavior should dominate
when it is not near obstacles. A smooth fusion of both
behaviors can be made using the following rules:

if closest_sonar is close

then steer_output is avoid_steer
if closest_sonar is not close
then steer_output is goal_steer

For an application as complex as a mobile robot, all of these
fusion techniques are useful for developing effective reactive
behaviors. Fig. 8 shows the interaction between MARGE's
low-level navigational agents. Although the individual behav-
iors are primitive, their combined performance results in a
robust and powerful reactive control system. For example, if a
goal location exists on the other side of a barrier (as depicted
in Fig. 9), the obstacle avoidance and goal seeking behaviors
compete and the robot follows the barrier until it finds its
way around it. Meanwhile, the barrier following behavior
dampens out path oscillations if the surface of the barrier is
continuous. Simple concave obstacle arrangements are easily
escaped, and dynamic obstacles are dealt with in real time.
The ease of integrating new agents into this architecture makes
it easy to reconfigure for new tasks and situations. MARGE
was entered in the “Office Rearrangement” event of the 1993
Robot Competition hosted by the American Association for
Artificial Intelligence. MARGE won first place, wandering
among obstacles in search of boxes marked with signs, and
moving them into a pattern at one end of the arena [4]. To
coordinate this activity, a finite state machine (see Fig. 10)
selected goals for the robot (such as signs recognized by
the vision system) and set the appropriate context for the
behaviors.

D. Object-Oriented Implementation

Software scalability, reusability, and prototyping speed,
features of object-oriented design, are useful in the devel-
opment of complex control behaviors. Although the fuzzy
translator and real-time inference kernel used on MARGE
was implemented in C, object-oriented languages, such as
Smalltalk and C++, can also be used for implementing fuzzy
control systems. Smalltalk is easily extensible, allowing fuzzy
rules to be defined in-line with the rest of the program
code, with no separate translation needed. In a Smalltalk
implementation of the translator, classes for fuzzy sets and
fuzzy nodes were defined to provide all of the functionality
of the translator and kernel implemented in C. Using these
classes, fuzzy sets, nodes, and rules were declared in Smalltalk
as follows:
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close := FuzzySet high: 100 low: 800.
driveSpeed := FuzzyNode new.
driveSpeed becomes: 0

if: (sonar is: close).

driveSpeed becomes: 100

if: (sonar isNot: close).

output := driveSpeed evaluate.

The Smalltalk class Number, which is a superclass of Inte-
gers and Floats, was extended to support the is: and isNot:
messages. This allows all numerical values in the language to
compare themselves to fuzzy sets. Thus, Smalltalk can provide
natural semantics much like the original fuzzy programming
language; but Smalltalk’s powerful object-oriented roots make
it much easier to build upon. Performance of the Smalltalk
engine is a little slower than the kernel written in C, but still
much faster than needed for mobile robot applications. On

Start B
(Holding Marker) Finished
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Patten

Lost Contact
>3 times

At Angle

Search for
Box (Wander)

Found Sign P

Lost Track of Box

Fig. 10. Behavior sequence for moving boxes.

a 50-MHz 486 CPU, IBM Smalltalk for OS/2 evaluates an
average of over 10000 fuzzy rules per second.

IV. CONCLUSION

Fuzzy behaviors provide a convenient abstraction for the
development of sensor-based control systems operating in
unstructured environments. A large input space can be mapped
to actuation by dividing the problem into simpler domains,
and developing individual agents that compete and cooperate
to perform the task. Fuzzy control rules make the job of
defining a control surface easier by providing a linguistic
interface to the programmer. Fuzzy behavior fusion has been
demonstrated on a mobile robot performing a nontrivial task.
Future work will involve the selforganization of behaviors,
and the integration of behaviors with high-level planning and
mapping systems.
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Projection Learning for Self-Organizing
Neural Networks

Harsh Potlapalli and Ren C. Luo, Fellow, IEEE

Abstract— A new learning scheme, called projection learning
(PL), for self-organizing neural networks is presented. By itera-
tively subtracting out the projection of the “winning” neuron onto
the null space of the input vector, the neuron is made more similar
to the input. By subtracting the projection onto the null space as
opposed to making the weight vector directly aligned to the input,
we attempt to reduce the bias of the weight vectors. This reduced
bias will improve the generalizing abilities of the network. Such
a feature is important in problems where the in-class variance is
very high, such as, traffic sign recognition problems. Comparisons
of PL with standard Kohonen learning indicate that projection
learning is faster. Projection learning is implemented on a new
self organizing neural network model called the reconfigurable
neural network (RNN). The RNN is designed to incorporate new
patterns online without retraining the network. The RNN is used
to recognize traffic signs for a mobile robot navigation system.

I. INTRODUCTION

EURAL network models are currently being used in a

number of character recognition applications. Commonly
used models are back propagation, adaptive resonance models,
and self-organization [1].

Of these models, the first two are multilayer networks
while self-organization models are single layer networks.
The perceptron model is useful for discriminating between
clusters with simple class boundaries [2]. The corresponding
backpropagation rules were developed by many researchers
independently; the work by Rumelhart and McClelland, [3],
gives a good background and development of these rules.
Hopfield has developed a network for recovering patterns from
noisy inputs [4]. Fukushima’s neocognitron as well as LeCun’s
receptive field architecture have been used for translation
and scale invariant character recognition applications [5], [6].
Grossberg and Carpenter’s ART models are hybrid in that they
use both supervised as well as unsupervised learning [7], [8].

On-line adaptation is not possible in multilayer networks
due to their architecture. New patterns cannot be learned
by the network without retraining with the entire training
set. These models have been used for character recognition
applications where the extraction of the character is left to
other algorithms which also threshold, align, and scale the
character. Thresholding algorithms on complex images such
as traffic signs could lead to loss of critical information in the
sign. Also, once the architecture of the multilayer network is
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fixed, there is no provision to accomodate an increase in the
number of classes without a severe redesign penalty.

Self-organization models offer more flexibility in the de-
sign and adaptation of the neural network [9] in terms of
reconfigurability to accomodate changes in the number of
classes. Amari has discussed a self-organization model for con-
cept formation as well as mathematical foundations for self-
organization in [10]. In some cases self-organization models
require a smaller number of parameters than a corresponding
multilayer network which leads to faster training and recogni-
tion times. Self-organization models can have capabilities to
adapt to new pattern classes. In this paper we present a new
learning algorithm called projection learning. This learning
scheme is applied to a self organization model called the
reconfigurable neural network (RNN) model. The RNN has
the ability to adapt to new input patterns without need for
retraining. The RNN is used for traffic sign recognition.

The problem of traffic sign recognition is an interesting one
for the following reasons: 1) The within-class variance tends
to be high due to changing imaging conditions (light, distance,
orientation). It is difficult to cluster classes that are very spread
out. 2) The information content of a sign is high. A sign pattern
cannot be trivially binarized. Most gray-level variations vithin
a sign carry important information. A simple edge-based model
cannot be easily constructed for the sign. 3) Unlike character
recognition problems where the numbner of classes is fixed,
the number of classes in traffic sign recognition is not fixed.
There are a large number of sign patterns that we can observe
on the streets. It is prohibitive to store all of these signs in a
neural network. We have to compromise by choosing to learn
a few of the more important ones. We also require that if a new
sign does appear, the network must not break down but should
have mechanisms to alert the controller (a master navigation
program or a human) and incorporate the new class into the
database.

In our model we do not perform any feature extraction
on the input traffic sign patterns. This produces considerable
savings in computations. Also, by choosing to represent the
data from the traffic sign images as continuous values, we
are able to retain most of the information from the sign.
The additional neurons (represented by weight vectors) in the
weight space provide two functions: 1) multiple neurons can
be used in classes with high variance, and 2) free neurons
can be assigned to new classes. The next sections of the
paper describe projection learning and the architecture of
the RNN model. We examine optimality issues with regard
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to the learning rate. We will present performance curves of
the network to show its advantages over standard Koho-
nen learning. Finally we present our conclusions about this
model.

II. PROJECTION LEARNING

The training algorithm in self-organization attempts to find
an optimal cover of the input space by the neurons. Training
is concluded when the neuron assigned to each class reaches
a predefined level of “similarity” with the inputs. The trained
network can be used for pattern classification applications. For
each test input vector, the most similar neuron is computed and
the input is assigned to the class represented by this “winning”
neuron. One of the commonly used similarity measures is the
Euclidean distance [11]-{13] with various variations. In this
paper we present a new learning scheme based on projections
of the neuron onto the input vector and onto the null space
of the input vector.

The learning process in self-organization can be best un-
derstood if we visualize each neuron as the center of an
N-dimensional hypersphere that contains all the examples
of the particular class. Initially, the neurons lie at random
positions in the input space and they are moved slowly to
these centers during the training. If the variance in a class
is high, then, as the hypersphere is moved to cover certain
members of the class, other members may be left out. If the
diameter of the hyperspheres is increased then the spheres
from different classes may intersect. This leads to oscillations
during the training.

A. Projection Model

The objective is to design a self-organizing feature map with
robust learning rules which can be proved to be stable and
convergent. We define a convergent series as one in which
the magnitude of the terms is steadily approaching zero. In
our case, a convergent learning algorithm is one that has a
learning error steadily approaching zero. It is not necessary
for the error to reach zero. It is sufficient that the error should
approach zero. We define stability in the network to be the case
when the neurons do not switch classes during training. While
there will be some oscillations in the early stages when all
the neurons are closely clustered, we want to have a network
in which the neurons belonging to each class will only move
within the cluster. This will ensure low error rates.

Let the vector & denote an input vector and the vector w
denote a weight vector. The vector F- will denote a vector
normal to . Self-organized learning is based on the updates
of a “winning” neuron. In the RNN model using projection
learning the winner neuron w is the neuron that maximizes
(W - £) over all k, where (-) denotes the vector dot product.
We assume the vectors are all normalized to unit length. By
subtracting the projection onto the null space as opposed to
making the weight vector directly aligned to the input, we
attempt to reduce the bias of the weight vectors. This reduced
bias will improve the generalizing abilities of the network.
Obviously, the winning neuron is the one that is most closely
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aligned with the input vector. The update rule is then given by

wk(n) = wk(n - 1) - a(u’ik . .i"']“).’ltl (1)

where a is the learning rate. Usually these vectors are of high
dimension, N. While & may be initialized by random values,
and the Z are known, except for when the dimension is 2, there
are N — 1 possibilities for the Z. An effective way to reduce
the difficulty in selecting £ is to first initialize -+ to random
values, not all zero. Then compute (7 - #+) = YN | z;af. If
the two vectors are normal to each other then the dot product
must be zero. Rewrite the summation as

N-1
(% - :fJ‘) = Z Tzt + sz# )
=1
which reduces to
N-1
Z xixf + xszb =0 (3)
i=1
or, in other words
N-1 L
. XX
mﬁ — _21—1 (et (4)

N

provided zn # 0. Otherwise the first nonzero element of T
can be used in place of the last element without changing the
nature of the equation. The learning rule attempts to increase
the projection of W along Z by reducing the projection along
fJ_

A commonly used weight-update method is based on re-
ducing the Euclidean norm between the weight vector and the
input vector. This method has been shown to be successful
in many character recognition applications. In applications
such as traffic sign recognition, where, the variability within
a class may be higher (due to changing imaging conditions),
the Euclidean norm tends to bias a weight vector toward a
particular input, thereby reducing the generalizing ability of
the weight vector.

By using projection learning, we are attempting to reduce
the contribution of the entire null space of the input vector
class as opposed to making the weight vector similar to any
one input vector. Ideally, we would like to compute projections
to all the N — 1 vectors normal to the N-dimensional input
vector and subtract out the largest projection as described in
(4). This could lead to faster convergence. However, larger
memory would be required to store (N — 1) N-dimensional
normals for each input vector. Further, instead of computing
just one projection as described above, we would have to
compute N —1 projections. Given enough computer resources,
a learning strategy which eliminates projections onto the entire
null space would yield faster convergence in terms of the
number of iterations, although the computation cost will be
higher compared to Euclidean learning. In this paper, we have
used a compromise approach in the experiments presented here
wherein we compute only one normal vector and optimize the
weight vector with respect to that normal.
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<W X> x=a

<, > =dot product

Fig. 1. Example of projection learning.

B. Convergence

We need to show that the learning rule will ultimately yield
an update of w that will be very close, or identical to, the
input. First we prove this geometrically. Fig. 1 is an example
of projection theory based learning with learning rate, o.

Here, we see that @ + b = 1, where & = (@ - %) and
b= (& - #L). The vector used in the learning is & = ab. The
updated neuron (n) = w+d = w(n)— ¢ does not yield @ but
does create a neuron vector that is much closer to the input than
earlier. It is also clear that if the learning rate is greater than
one, the adaptation will be unstable and lead to oscillations in
the 1. There are two choices for a. We can choose a fixed step
size or we can choose a strategy that changes o depending
upon the training/test-set errors. The second approach tends
to be faster in terms of convergence. For faster convergence
we choose a variable o as described below. It is difficult
to determine an ideal value for « since it is very problem-
dependent. If fast convergence with the possibility of some
misclassifications is acceptable, higher values can be used. If
zero (or, very few) misclassifications are required a small o
should be used.

Since @ will progressively get more and more aligned with
Z, a learning strategy can be developed. Normalization of @(n)
will eventually yield a neuron that is identical to the input.

Two points should be noted here. If the winning neuron is
already normal to the input vector, the i will be aligned with
£ and the neuron will be stuck at this point. No adaptation
will be sufficient to move the neuron away from this point. In
this case, we suggest a delta perturbation of all the elements of
the winning neuron to move it away from this trap. The second
point to consider is when the angle between the winning
neuron and the input is less than 0, that is when the angle
is between 90° and 270°. In this case, during the adaptation,
the angle between the two will be gradually reduced. At some
point the angle must pass from 90 + § to 90 — 6. If the
transition does not stop at 90 then the learning will eventually
converge. However, if the transition stops at 90 then the local
trap phenomenon occurs again and as before, we use delta
perturbations to move the vector from the trap. To avoid this

problem and to speed up learning, every winning neuron that
makes an obtuse angle with the input is reflected through the
origin to yield a new winning neuron that now gives a positive
dot product.

Now we examine the convergence from a vector product
point of view. Let

Wigr1y = Wi — ofwy - z5)zt
and
wl
wk+1 = —#L_
“wk+1“

For convenience we shall denote a(wy, -a:-L) as . We shall
use proof by contradiction. Let us assume that

N N
(W1 - z) < (wg - T) = Zwk+1,i$i < Zwk,ﬂli

b %
N

= Z(wk-f-l,i —wg;)z; < 0. (5)

k2
Now
L

_ Wiy — pz;
L, ’

!
Wet1,s

N
Zj (w;c+l,j)2

Wk4+1,s =

Substituting for w1 ; in (5) we have

N
Z Wg,i — ﬁzf'
T — Wk, | Ty <0
i Lo

N

L—,- Z(wk’i . ﬂxf . Lw:wk,i)xi >0

%

N N
= (1 — L.w/) Zwk,izi - ,BZ.’L'-L:II;L < 0. 6)

The second summation is the dot product of a vector and
its normal and will go to zero. Also, L, is a distance that
is at least zero and at most 1 (since the vectors are always
normalized to unit length). As long as w and Z are not normal
to each other, the summation will always be greater than or
equal to zero. Therefore, the updated neuron must be closer to
the input than the original neuron. In other words, the update
will always lead to closer representation of F by 1.

C. Learning Rates

Now we must examine if the updated neuron will ever
reach an optimal solution. We define optimality as the perfect
alignment of the neuron with the input. During the training
process, the learning rate is gradually reduced. Let the learning
rate at the sth iteration be represented by «;. Let -y represent
(wo - z1), which is the projection of the initial neuron along
the normal of the input. Then, following the update sequence
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we have
Wo = Wo
wy = wo — al(wo . £E'L>.’L"L
we = wy — az{w; -xJ‘)xJ‘
= wy — a3 {wp - z )zt

— az{(wo — a1 (wp - zt)zt) -:c'L>.7;'L
= wp — 17T — azlvo — e1Y0)z T
= wg — [e1yo + @270 — 2107
L) ER

w3 = we — az{ws - 37)z

= wo — [o170 + 2¥0 — 61201170]36l
— a3y — a1y0 — o270 + azawo]xL
= wg — [a1 + Qg + @3 — Qo) — Q30

L
— agag + aza20q Yoz,

Following this pattern, we can write the general equation for
the nth update of the neuron as

N N 1 N N
Wy = Wo — Y0 Zai+Hai—§Z Z o; zt.
i=1 i=1

i=1 j=1,j7i
Q)

Ideally (7) should converge to the standard form as shown
in (1) with learning rate (also Fig. 1). The learning rate is
a monotonically decreasing function. When the learning rate
goes to zero, one of the product terms in (7) vanishes. The
key term is the sum of the learning rates. From [11], one of
the conditions for convergence is

aln+1) > a(n)

This also ensures that the estimate, w,, of the centroid
of the input set has zero variance. We use a linear decay
function (as opposed to an exponential decay) for the learning
rate since, as shown by [11], such as schedule favors more
recent input presentations. This makes the network more
sensitive to recent changes in the input patterns. This is
useful when we expect to see some new patterns during later
stages of the training/testing. Exponential schedules favor data
presented at the beginning of the training. The convergence of
instantaneous gradient learning schemes such as the one shown
above has not been proved yet since, among other factors, it
is difficult to measure the change in each Voronoi region after
each adaptation. Also, the reduction in the distortion measure
is not always monotonic. However, in practice convergence
has always been obtained with suitable choice of parameters.

At the terminal stage of the training, we have the standard
form of the update equation as

Wy = Wwo — YT ©

which is the neuron with the projection along the normal to the
input removed, that is, the updated neuron vector lies entirely
along the input vector. Thus, the solution will eventually
converge to an optimal solution provided that the summation
tends to unity.

D. Neighborhood Update

A small monotonically decreasing neighborhood of the
neurons around the winning neuron is also updated with
respect to the input. The idea behind this approach being that
neurons that are close together typically belong to classes that
are close together. For example, let at time O (before training
the network) neuron & be the closest neuron to neuron [. Also,
let sign class K be most similar among all the classes to class
L. Finally, let neuron k be assigned to class K and let neuron
I be assigned to class L after training. During training, when
a member sign of a class is presented to the network, the
closest neuron is updated. Now, if we do not use neighborhood
update in this example, neurons k£ and [ would be individually
updated in separate passes even though, eventually, they will
end up in the same part of the hyperspace. However, if we use
neighborhood update (as proposed by Kohonen) every time
neuron & is update, neuron [ is also moved in that direction
by a small amount and vice versa. Thus, neighborhood update
improves learning rates.

III. RECONFIGURABLE NEURAL NETWORKS

Reconfigurability is invoked when new objects that were
not seen during the training phase appear during the testing
phase. In this case, the objective is to incorporate the new
traffic sign patterns into the network memory. The detection
and integration of new classes will be presented in this section.

During the training phase each neuron keeps track of the
farthest member of its class. In the sense of projections, the
farthest member is the one that has the smallest dot product
with the representative neuron of its class. This is called the
activation threshold. The dot product between this neuron and
members of other classes will be smaller than the threshold.
We start the network with an excess of neurons, that is the
number of neurons available is greater than the expected
number of classes.

The on-line network also maintains an activity counter for
each assigned neuron. Whenever the neuron is the “winner”
the counter for this neuron is incremented. When a new class is
presented to the network, the dot product between the input and
all assigned neurons is computed and the neuron is assigned to
the class where it has the largest dot product. If, however, this
value is smaller than the activation threshold of this neuron,
then a new class has been detected. Free neurons are then
moved to the location of the new class. If there are no free
neurons available, then the neuron with the lowest activity
counter is moved to represent the new class. This is best
illustrated by the example shown in Fig. 2. The outer circle
represents the weight space. The black circles represent new
classes. Initially, the new inputs are classified as members of
the classes near the bottom of the outer circle. However, it
is clear that the new inputs are much farther than any other
member of the class. Therefore, they are detected as new
classes and one of the free neurons is moved to this location.

The first appearance of a sign pattern of a new class is easily
detected by the RNN model. The problem that arises when
subsequent sign patterns of this new class, or other new classes
are applied to the RNN is a problem of resolution. How can we
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Initial State State After Training Reconfigureability

& Neuron
©eO Input
@ New Classes

Fig. 2. Detection and incorporation of new classes: The circle on the left
shows the initial state of the weight space; there are three well-defined clusters
and five neurons. The circle in the middle shows the state after training. Each
class is represented by one neuron and there are two free neurons. The circle
on the right depicts the unique feature of the RNN. When patterns from a new
class appear (represented by black circles), first either of the closer neurons
will fire. However, since the new patterns are outside the activation threshold
of the old classes, the new patterns will be classified as a new class. One of
the free neurons will be assigned to this new class. If no free neurons are
available, one of existing classes with the least activity will be discarded and
the freed neuron will be assigned to the new class.

decide if the subsequent sign pattern belongs to the new class
or if it is yet another new class? This problem can be resolved
by setting the distance between the neuron of the new class and
its first member as the activation threshold for the new class.
If the subsequent sign pattern is not more than the activation
threshold +§ distance away, then it belongs to the same new
class. Else, it is another new class. If it belongs to the same
new class, then the activation threshold is also updated. In any
case, the major advantage of the RNN is its ability to add the
new patterns without retraining. The RNN can be set up to flag
when new classes are detected. An operator (human or higher-
level controller) can then decide the characteristics of the new
pattern, its relative importance to the overall strategy (which
may be navigation, target recognition, etc.) and then choose to
retain the new pattern (and assign a label to it) or discard it.

The number of additional neurons that we wish to include in
the neural network is problem dependant. Ideally, we should
be able to predict the number of classes in advance. In most
character recognition applications, the number of classes (i.e.,
characters) is fixed. However, in the case of traffic signs, a new
sign (or, target) may appear. In our experiments, all unassigned
neurons are tagged as free neurons that can be assigned later to
a new class. Typically, 10% of extra neurons should be enough
to capture new classes without retraining. If the network sees
too many new classes this indicates a design deficiency. Also,
even if all the free neurons are used up, neurons that belong
to a class that has been dormant for a long time (based on a
“hit-count” maintained in the network memory) can be freed
up to accomodate new classes.

IV. EXPERIMENTAL RESULTS

The network is trained with images of traffic signs extracted
from video images captured by the vision system on the
MARGE mobile robot at our laboratory [14]. Some examples
are shown in Fig. 3. The smallest size of the sign was 20 x 20
pixels where the sign was barely visible to the human eye. The
largest size was 60 x 60 pixels when the camera was nearly
alongside the sign.

T

Fig. 3. Examples of traffic signs. Clockwise from top left: Do-not-enter,
left-turn, stop, speed-limit. ’

TABLE I
PROJECTION LEARNING PARAMETERS
Number of Examples per Training Testing Number of
signs sign Neurons
(total)
10 100 70 30 40

A. Comparisons

A bounding box of size 45 X 45 is placed with its center at
the center of the region identified as a sign. Only the region
within this box is passed to the neural network. Here we are
knowingly introducing distortions into the patterns. When the
actual size is smaller, clutter from the neighboring regions is
added to the landmark image. When the actual size is larger,
some information from the traffic sign is lost. This distorted
training set increases the generalizing ability of the network.

The gray levels in the region are scaled linearly between —1
and 1 with gray level O set to —1 and gray level 255 set to +1.
We can expand the resolution of a particular sign by scaling
the gray levels of that sign alone from —1 to +1. This method
has the apparent disadvantage that a different sign with same
range of gray level values would also scale to the same floating
point values. However, the distribution of these floating-point
values would be different for different signs. Hence, using the
range of gray-levels of each sign as a scale for that sign-class
would yeild a high resolution conversion.

For each sign type extracted from the video image, 100
examples were created with equal representation of each
example of that sign. Uniform random noise of upto 10% was
added to all the examples. Examples that were clean were also
occluded by placing a 4 x 4 box at random locations on the
sign pattern. The signs were divided in a 70 : 30 proportion
between training set and test set patterns. The following table
lists the network parameters.
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Fig. 5. Comparison of input-neuron similarity: Kohonen learning versus
projection learning. In Kohonen learning distance between weight vector and
input decreases over time. In projection learning dot product increases over
time.

The test set patterns were presented periodically during
training to gauge the learning. No adaptation was allowed
in the testing phase. Fig. 4 shows the misclassification errors
on the test set for standard Kohonen learning and projection
learning. These curves show results averaged over 100 tri-
als. Learning based on null-space projection shows distinct
advantages.

Fig. 5 shows the mean distance between the winning neuron
and the input for Kohonen learning and the mean dot product
between the same for projection learning. The distance mea-

surement taken over 45 x 45 dimensional space fails to give a
~ good picture of how well the neurons represent the input. On
the other hand, we can see that in the case of the dot product
representation, the angle gives a measure of colinearity which
can be used to measure similarity. For example, a dot product
result close to unity indicating an angle close to zero would
imply high similarity.
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Fig. 6. Effect of noise on learning rates.
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Fig. 7. Effect of occlusions on learning rates.

B. Performance Issues

Several training sets were generated from the original set
by adding noise to varying degrees. Fig. 6 shows the effect
of noise on the learning rates. The numbers in percentage
for each curve indicate the maximum noise level for that
training set. For example, noise level of 20% indicates
that the intensity at each pixel was randomized by upto
+20%. As we might expect, the learning is degraded for
severe noise conditions. However, for moderate noise, the
network is able to learn the signs.

In another experiment, parts of the signs were occluded by
randomly placed rectangular windows. Several training sets
were generated each with varying sized windows: 5 x 5, 10 x
10 and 20 x 20. In the last case, upto a quarter of the sign was
occluded. Fig. 7 shows the performance of the network when
the traffic signs were occluded. The network is able to learn
most of the occluded signs.

C. Reconfigurability

The free neurons in the network serve two functions. First,
the free neurons are also available to assign to new classes that
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Fig. 8. Effect of excess neurons on learning.

may appear at a later time. Second, if the variance within any
class is high then, one neuron may not be able to represent
the entire class. In this case, we can allocate multiple neurons
to the class. This class will be assumed for an input when any
of the multiple neurons is the winner. However, there must be
an upper limit to the number of neurons needed for any class.
We must remember that the search time for the best match is
proportional to the number of assigned neurons in the network.
Therefore, there is a trade-off between the amount of neurons
needed and the maximum search time that can be allowed. We
trained the network with noisy data and increased the number
of neurons during each trial. Fig. 8 shows the different learning
curves. We observe that there is a minimum number of neurons
below which the interclass variance is so high that the network
is unable to learn at all. We also see that there is an upper limit
where additional neurons do not affect the learning rate. This
is because each class must be a cluster of relatively closely
spaced inputs. Once the sufficient number of neurons move
into the cluster, no other neuron can enter the cluster.

The trivial case of assigning one neuron to every input is not
presented in these curves. In this case the learning would cease
at the end of the first iteration. However, the dimensionality
reduction that we expect from the learning process would be
absent making the network useless.

V. CONCLUSION

In this paper a new learning method for self-organizing
neural networks is presented. A new neural network archi-
tecture capable of incremental learning is discussed. This
network learns the inputs by subtracting from the neuron its
projection onto the null space of the input. By subtracting
the projection onto the null space as opposed to making
the weight vector directly aligned to the input, we attempt
to reduce the bias of the weight vectors. This reduced bias
will improve the generalizing abilities of the network. The
optimality conditions for this network are also presented.
The learning curves of the network are presented and it is
shown that the network is able to recognize the traffic signs

that are in the database successfully. We have described how
reconfigurability is implemented and how it is used to learn
new sign patterns. While the network has the ability to learn
and recall sign patterns, it does not have knowledge of the
information content of a sign. This is, in fact, true of all neural
network models: the networks can only detect which class the
input belongs to. Our model has the added ability to detect
new classes and to add them into the database as well. What
action to take when a particular pattern is detected, or if a new
pattern is detected, is not the job of this network, or in general
of any network; that task belongs to the controller program
that invokes the neural network for the recognition task.
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