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Abstract





The relation between fractals and complex dynamical systems is explained. The possibility to develop a general purpose tool to recognize and predict onset of chaos and under chaotic as well as normal environment is investigated. It is suggested to use artificial neural networks for learning patterns. This way next pattern can be predicted and next bifurcation points identified. Topics surveyed suggest that efforts are being made in this direction. Preliminary software development and experiments are conducted. Results of experiments are reported. List of books, papers and internet sites are given.

























































































�
1 Introd	uction:		





															Real systems are often complex, dynamic and iterative, and in chaotic regime the strong causality principle, i.e. similar causes producing similar effects, breaks down. There are fundamental limits to the computability of the world as all systems can go chaotic at some level[1]. The underlying theories provide an understanding how the change from an ordered computable state into an unpredictable chaotic state occurs and in particular:





- How we can detect the way in which ‘step-by-step’ inevitably leads to chaos? Is there a finger print of chaos, a characteristic pattern or symptom, which can give advance warning?


- Can this process be formulated and pinned down in simple mathematical terms? Are there basic forms, such as the Mandelbrot set which always occur in different complex systems of an economic, political , or scientific nature?


are there basic relations in the form of system constraints or invariants?


- What implications do all these discoveries have for the traditional scientific paradigm of ‘total computability’ ? What modifications or extensions of existing theoretical constructions are useful or important?


- How do natural systems behave in transition from order to chaos?





				The unpredictability of chaos comes from the sensitive dependence on initial conditions and is the property of deterministic dynamical systems.  Thus the fluctuations that occur when chaos sets in are only seemingly random. These values are completely predetermined by the input parameters. No amount of computing power will enable us to make an accurate forecast using a mathematical system that has sensitive dependence on initial conditions. Tiny errors in the measurement of current conditions could lead to wrong forecasts[1].


				In random we truly donot know the input forces or we only know some statistical measure of  the variables. The term chaotic is for those deterministic problems for which there are no random or unpredictable input or parameters[2]. Another related field is Cellular Automata which are discrete dynamical systems and are often described as counterpart to partial differential equations that describe continuous dynamical system. 


				Time varying structures are called dynamical systems and the dynamical counter part of a fractal is chaos- i.e. chaos is a condition of extreme irregularity in a dynamical system just as fractality is a condition of extreme irregularity or ruggedness in a geometric configuration. Fractal theory is based in geometry and dimension theory and Chaos theory is based in dynamical systems[2].





1.1 Relation: 


				The relation is that certain fractals can be generated as attractors of Iterative Function Systems and analyzing this provide a way to constructing chaotic operators associated with these fractals[2]. Thus Fractals and mathematical chaos are the appropriate tools for analyzing the natural phenomenon.Strange  attractors exhibit scaling properties associated with fractal objects. Bifurcation in chaotic systems  corresponds to budding  in Mandelbrot, though period doubling in fractal like structure needn’t necessarily mean chaotic. Most image/data set renders itself to fractal compression.





1.2 The project:





				The goal of the assignment was to conduct a preliminary study on application of machine-learning, knowledge extraction and prediction techniques to chaotic problems. Closed control/ identification can be used such that the system progress is noted and onset of chaos and solutions possible (for example no further investment need be done if on the verge of chaos). Literature survey,  formulation of  methodology to combine  available technology and implementation of basic software modules  were carried out.


The idea is to train an Artificail Neural Network- a physical cellular system that can acquire, store and utilize experiential knowledge-  with a fractally compressed data set ( efforts for compressing 1000:1 for HDTV etc. are being done) derived from the field data.


				In addition the neural net will be able to converge faster as the dimension of input vector is reduced and stability could be established more confidently. The input data in chaotic regime will be enormous. This brings in modularity to the neural net hardware as the number of inputs gets fixed.  Under/over fitting is also avoided since an invariant data set representing the system is already available. Also generalization by fractal means lesser burden on ANN. The aim is to combine the advanced computational and non-linear theory to produce a general purpose tool. Description of Artificial Neural Network  is not provided as author is familiar and is also included in the course.


				Areas of application could be in all open and closed control and communication systems, to name a few: Space station, robotics, power, ECG/EEG, brain computer interface, route switching, finance/bussiness, image recognition, voice recognition, data mining, bio-medical..





2 Development :





				If an accurate mathematical description of a physical system can be found, potential for deep understanding of the system properties and prediction of its evolution exists was the belief. This does not work with non-linear phenomena. For example, if a third smaller planet is introduced into Newton’s math description of the gravitational interaction of two massive bodies, this gives rise to his famous intractable “ three body problem” and he was unable to find a generalized solution, 300 years back. 100 years back, Henri Poincare who initiated study of non-linear dynamics hinted that it is complicated[1]. Now with computers it can be shown that the orbit of the third planet is indeed unpredictable. This is not failure of laws- it is just one of its properties. No need to invent new laws. We have to recognize that presence of non-linear terms in the governing equation can give rise to qualitatively different types of behaviour and is questionable if the intuitive insights learned from a study of the non-linear counter-parts help in understanding these new types of behaviour. A new way of dealing with non-linearity is to be developed. First practical work by Lorenz and sensitivity to initial conditions was established. Rounding error accumulation doesnot affect the process (thus fit for DSP). The effects gives rise to strange attractors, the locus, because of competing effects present. Points near at some point diverge exponentially fast due to initial conditions. To give any meaning, trajectories must remain in a finite solution space- thus can’t exist for 2D or less for differential equations[1]. 





 2.1 Deterministic chaos:


				Simple non-linear deterministic equations can self-generate irregular outputs. Non-linear deterministic system can be simulated when behaviour is linear or nearly non-linear. When it increases, though smooth on short time scales, random and unpredictable behaviour can be seen over longer periods.


In addition to the sensitivity condition, there is a mixing condition called transitivity  and  a regularity condition called density of periodic points. In 1992,  J. Banks et al.  proved that the sensitivity condition is redundant- that is the transitivity and periodicity conditions together imply the sensitivity condition.





2.2 Definition:





Let (X,d) be a metric space, and let  f  : X� EMBED Equation.2  ���X be a function. The map f  is chaotic provided that 


1. f  has sensitive dependence on initial conditions





2. f is transitive





3. Periodic points of f are dense in X





Explanation:





1. f has sensitive dependence on initial conditions if there is a (>0 such that  if  x� EMBED Equation.2  ���X and U is an open set containing x, then there is an n > 0 and a y� EMBED Equation.2  ���U such that d ( f(n) , f(n) (y) ) > (





2. f  is transitive if for any pair U, V of open sets there is a n � EMBED Equation.2  ���0 such that  f(n) (U)� EMBED Equation.2  ���V� EMBED Equation.2  ���0. If the metric space (X,d) is complete, then transitivity is equivalent to there being a dense orbit, that is , an orbit whose closure is all of X.





3. density of Periodic points  just says that in any neighbourhood of any point in X there is at least one periodic point ( and hence infinitely many)[2].


				There are other definitions of chaos in use. Gulick refers to chaos as the term is used here, as strong chaos.  Chaos according to him occurs when there is sensitive dependence on initial conditions or the function has a positive Lyapunov exponent at each point in its domain that is not eventually periodic. D Assaf and S Gadbois showed that neither transitivity nor denseness of periodic points follows from the remaining two properties. C Knudsen has recently shown that sensitive dependence and transitivity are both stable under closure, as well as under restriction to dense invariant subsets and proposes that a function on a bounded metric space be defined as chaotic if it has a dense orbit and exhibits sensitive dependence on initial conditions[2].  








2.3 Easy examples:





The dripping water from a tap : if little water flows, the drops follow each other at equal intervals. With an increased flow, period doubling to 2, 4 .. can be easily observed. Finally, shortly before the water flows in a smooth stream, big and small drops follow each other indiscriminately, that is chaos.


The heart beat : Extra systoles in the heart, with characteristics of period doubling , can be observed before fibrillation 


These can also be observed in phase transitions, psychological, quantum states. political and economic scenarios etc[1].





3 Fractal Inverse mapping:





				Fractal lens


				�


�����


���	Larger						smaller image


�	image


�





				Fractals are defined in terms of fractional dimension and hence the name fractal, from the concept of Hausdorff. Fractals have infinite length, doesnot break into dots on enlargement- length increases as one zooms in and in. The straight line is a special case of fractal. All natural boundaries are fractal.


				One important characteristic of fractal processes is that their increments are stationary, independent of time. This means that a subsequence of a fractal time series has the same fractal dimension as the original time series.





3.1 Fractal analysis of patterns:





				This requires topology/planar graph theory. A line is one dimensional and a plane is two dimensional. If kinks are put in a line or plane we can increase the dimension and that is fractional. The connection between fractional dimension and self-similarity is that the easiest way to construct a set that has fractional dimension is through self similarity[2].  Even in more complicated fractals such as the boundary of the Mandelbrot set where true self-similarity is absent, there is near repetition of the basic shape at ever smaller scales. Phase space representation means a plot of angle (a function of time) and angular velocity[6].


				Programs can be developed for computation of fractal exponents by generic hyperbolic distribution fit . The data is first log-transformed to reduce the problem to that of linear regression. The coefficient of correlation can also be computed. Finding fractal like qualities and dimension reduction, superposition of invariant sets of several different types of transformation, filtering processes to reduce data to a finite dimensional form etc. are to be done. To have a  glimpse at higher dimensional data, models are made that reduce the number of dimensions[2].























3.2 Iterative Function Systems: 


				This recursive  program(calling itself) is a device that produces a ‘photograph’ consisting of a specified number of affine transformations whose invariant set is a good approximation to the object. This is called a Multiple Reduction Copy Machine (MRCM) technique[4]. Sierpinski graphics show this. Scanning  to estimate various geometric parameters and use these to improve restrictions on the transformation.


				IFS uses a simple set of mappings. If small changes in original mapping definitions create wild variations means chaotic. Finding the correct mapping to use in the first place is the hardest part. If small changes in transformation lead to small changes in invariant set , it is stable. 


				An iterative scheme {fn(x)} is called a discrete dynamical system.


Behaviour of the sequence or orbits� EMBED Equation.2  ��� for various initial values of x, fn (x) may converge to a fixed point w or more likely to an orbit of period p points {w, f(w),...,fp-1(w)} where p is the last positive integer with fp(w)=w in the sense that |fn(x)-fi(w)| ( 0 as k( (  or random, remains to a closer  set, which  may be a fractal. These occur in several ways. A set to which all nearby orbits converge is a fractal strong attractor. 


A subset F is called an attractor for f  if F is a closed det that a invariant under f (i.e. f(F) = F) such that the distance from fk(x) to F converges to zero as k tends to infinity for all x in an open set V containing F. The set V is called the basin of attraction of F. A fixed point is called repelling if orbits of all sufficiently nearby points move away from it.


The functions of interest in  chaotic dynamics are non linear (actually nonaffine) i.e., not of the form f(x)=ax+b, since in the linear or affine cases there is no chaotic behaviour.


				If w is a fixed point and |f( (x)| < 1, then w is attracting. If  |f( (x)| >1 it is repelling, if unity no conclusion can be made[3].


				An orbit is periodic with period p if xn+p = xn   for n = 0, 1, 2 ... Sometimes when we say that an orbit has period p, we actually mean that the least positive period is p. If the periodicity equation xn+p = xn    holds only after some finite number of steps, we say that the orbit is eventually periodic[2].


				In order to make use of IFS for image encoding one has to construct a suitable MRCM for a given image. Assume a black and white picture of n by m resolution. This image can be exactly reproduce d by an MRCM simply by requiring that for every pixel of the image there exists a lens which contracts the whole image to that  particular pixel. Running the machine just once starting out with any image will produce the prescribed black and white pixel image. This argument demonstrates the possibility. The techniques are still evolving[4].


				Small number of transformations and probabilities, given the set of affine transformations. Similitudes and affine are in the class of linear transformations (affine produe rectangle for square, triangle with different angles etc for example and there are nonlinear lenses,  real)  and straight forward parallel computaion possible.


				IFS is the framework from which we transit to chaos associated with fractals. The output of an IFS, called an attractor , is not always a fractal. IFS is embedded in the genral theory of dynamical systems[2].


				Under certain conditions a IFS induces a chaotic mapping on its attractor. The theory based on projecting the known chaotic behaviour of the backward shift on a symbol space onto an induced mapping acting on th attractor. 


				In an IFS composed of a complete metric space X and contractio mappings T1, T2, T3..Tn on X  with contraction factors s1,s2,s3...sN and s=max{s1,s2,s3,..sN}, by Hutchinson theorem the IFS 


E0= a compact set (arbitrarily chosen)


.


.


.


Ek=T1(Ek-1)� EMBED Equation.2  ��� T2(Ek-1)� EMBED Equation.2  ���...� EMBED Equation.2  ��� TN(Ek-1)        k=1,2,...


converges to a unique compact attractor E





Shadowing theorem: suggests that for every inexactly computed orbit in E there is an exact orbit that lies not too far away. But round off errors usually cause the computed points to leave the attractor, and once this happens the computed orbit may wander off to infinity[2].


3.21 Random IFS:





This is also known as chaos game and picks up an arbitrary initial point x0� EMBED Equation.2  ���X and iterating 


xi=T(i(xi-1), i=1,2.....


where each (i� EMBED Equation.2  ���{1,2,..N} and is chosen randomly in such a way that the probability that (i=j is pj, and p1+p2+...+PN=1


The random  and probability values produce surprising pictures as shown by the Fern leaf(Fig 7).





3.3 Contraction mapping:





Compact sets: A subset of (n compact if it is both closed and bounded.


Isolated points and perfect sets: A point � EMBED Equation.2  ���is isolated if there is a neighbourhood of x containing no other point of A. A set is perfect if it is closed and has no isolated points. 


Connected sets and components: A set A is connected if it cannot be split into two non-empty sets B and C such that � EMBED Equation.2  ���� EMBED Equation.2  ���and � EMBED Equation.2  ���� EMBED Equation.2  ���. A component of A is a connected subset of A that is not contained in a larger 


connected subset of A[2].


Totally disconnected sets: A set A is totally disconnected if the largest connected subsets of A are singleton points- that is, if the components of A are always singleton points.


				Let (X,d) be a metric space. A transformation  � EMBED Equation.2  ��� is called a contraction mapping provided that d(T(x),T(y)) � EMBED Equation.2  ��� sd(x,y),    x,y � EMBED Equation.2  ���X where s is a constant called contraction factor. These are almost the same as Lipschitz mappings but for that 0 < s < (, thus contraction mappings have Lipschitz constant less than 1.


For instance, f(x)=(1/2) cos x is a contraction mapping on (, since f( (x) =  - (1/2) sin x  and  |f((x)| � EMBED Equation.2  ���1/2. 


Main results on contraction mappings concern fixed points of such mappings. A fixed point of a mapping f(x) is a point x for which f(x) = x and theses are tools for proving existence of solutions. These can be seen in graphical iteration. Graphical iteration is also called web diagrams.





3.4 Affine  transformations:





An affine transformation of    (n  is achieved by applying a linear transformation and following it with a translation. 


A linear transformation from  (n  to  (m is a mapping L that  satisfies


L((x+(y)=(L(x)+(L(y) for all x,y � EMBED Equation.2  ���(n and all scalars (, (.


 Affine transformations can be represented by complex number operations also.


Every affine transformation T of (n can be represented in matrix-vector form as 


T(x)=Ax+a  x � EMBED Equation.2  ���(n


In the case of (2 this becomes   T(� EMBED Equation.2  ���) =� EMBED Equation.2  ���� EMBED Equation.2  ���+� EMBED Equation.2  ���


These parameters are called the degrees of freedom.


Thus we can uniquely specify the parameters of an affine transformation that maps three points (x1,x2), (y1,y2), (z1,z2) to (x1,x2), (y1,y2), (z1,z2) and the parameters . (1, (1, (1 and (2, (2, (2 can be found by solving





� EMBED Equation.2  ���� EMBED Equation.2  ���=� EMBED Equation.2  ���,





� EMBED Equation.2  ���� EMBED Equation.2  ���=� EMBED Equation.2  ���





Isometries: Transformations like translations, rotations, reflections across a line etc. preserve lengths of line segments and they are called isometries.


Similitudes: A transformation S: (n� EMBED Equation.2  ��� (n is called a similitude with similarity ratio r (r>0) provided that � EMBED Equation.2  ���2 = r� EMBED Equation.2  ���2 , x,y� EMBED Equation.2  ���(n


While implementing in graphics, the coordinates are to be adjusted to the pixel coordinates of the screen





3.5 Hausdorff Metric:


				One of the issues in the theory of fractals is the convergence of a sequence of sets to a fractal. Concept of a limit of a sequence of sets calls for a metric defined on the sets in question. Let ( be the collection of all nonempty compact subsets of  (n . The Hausdorff metric will be defined on the set (. Thus a “point” in  ( is actually a compact set. These points might be the sequence of figures or the final set itself (like the Sierpinski Gasket) . Let E and F be nonempty compact subsets of (n . There are several ways to define the Hausdorff distance between E and F.


For a given set E in  (n  and a radius r>0, the dilation of E by r, denoted E+r is the vector sum E+Br(0).Br(0) is the closed ball of radius r centered at the origin.


E+r=� EMBED Equation.2  ���{Br(x):x� EMBED Equation.2  ��� E }


Hausdorff distance, H(E,F)=min{(>0:E � EMBED Equation.2  ���F+( and F� EMBED Equation.2  ��� E+(}


The Hausdorff dimension is the critical value of s at which the s-dimensional Hausdorff measure of ( jumps from  � EMBED Equation.2  ���to 0. 


Measures are often thought  of as mass distributions on sets. Topological dimension of a set is always an integer and is 0 if it is totally disconnected, 1 if each point has arbitrarily small neighborhoods with boundary of dimension 0 and so on.


Two objects X and Y (topological spaces) are homeomorphic if there is a homeomorphism h: X(Y( i.e. , a continuous one - to- one and onto mapping that has a continuous inverse h-1. ‘onto’’ means for every point z of the unit square there is exactly one point x in the unit interval that is mapped to z = f(x)





3.6 Self - Similarity:


				If a line segment is divided into N equal pieces, each being thought of as a scaled version of the whole segment, with scaling ratio r.  The relation between N and r is Nr=1. If a square region in the plane has its sides scaled by factor  r  into N equal subsquares, then Nr2=1. For a cube it is Nr3=1. Note that the dimension d of the object is the exponent of   r , ie  N rd  = 1.
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These have integer dimensions. When d is  not an integer, the given set is the union of N essentially disjoint copies of the original that are scaled by a factor of r . This set is called a self-similar fractal. The value of d is the fractal dimension or similarity dimension. 


� EMBED Equation.2  ���   


The logarithm can be taken wrt any positive base different from 1, such as base 10 or e. Again, the copies need not be scaled by the same amounts as given by the more general formula. Similarity dimension is applicable only to self-similar sets. Concepts are still evolving, with different definitions and also as we use the term, certain sets with integer dimension qualify as fractals. The definition of fractal is like life, no hard and fast definition, most confirms to most in the list...





3.7 Box counting dimension:





				Fundamental to most definitions of dimension is the idea of  “measurement at scale ( ” we measure a set in a way that ignores irregularities of size less than (, and we see how these measurements behave as  ( ( 0.


Let ( be any nonempty bounded subset of (n and let N ((() be the smallest number of sets of diameter at most ( which can cover (. The  the box counting dimension is 


dim b( = lim ( ( 0  log N ((() / -log  (. [2].





3.8 Few Fractals and dimensions:





Cantor dust:


				Non-curve fractal (dust) - the classical cantor set - was used by Mandelbrot to model static noise in telephone transmissions and can be applied to number systems etc. This set is so sparse that it contains no intervals but nevertheless has as many points as an interval. Dusts serve as universal fractals- all attractors of IFS is either a Cantor dust or the projection of one into a lower dimension space. 


				This set has zero measure in the sense of Lebesgue but having cardinality (two sets have the same cardinality if there is a one-to -one correspondence between the points in the two sets) the same as the continuum[0,1]. The construction begins with the removal of open middle one third of the unit interval. Initial set is [0,1] and the first step is to remove the open interval (1/3,2/3) and this is continued.  d = log(2)/log(3)  ( 0.6309. This is compact, perfect and totally disconnected.





Kock snowflake :  d = log(4)/log(3)( 1.2618.





Sierpinski Gasket: Gasket, as can be constructed by starting with a region and successively removing g parts of the interior. It can be seen that the whole gasket is the union of N=3 essentially disjoint scaled copies, where the scaling ratio is r=1/2 in both horizontal and vertical dimensions. d =  log(3)/log(2)  ( 1.585.


The total area removed is 1/4+3(1/4*2)+3*2(1/4*3)+...+3(n-1)(1/4n)+... which sums to 1.


Thus the remaining set, the gasket, has zero area measure. This makes a prefect gasket , in that it separates its complement into infinitely many triangular regions without using any thickness in doing so.





Menger Sponges: Three dimensional analogs of gaskets. d=log(20)/log(3) ( 2.7268. [2]











3.9 Symbolic dynamics:


				One of the principal methods for proving chaos in a discrete dynamical system is to use symbolic dynamics on certain “symbol spaces”. 


The symbol space ( on N elements is defined as the set of all sequences  (1(2(3...,   (n � EMBED Equation.2  ���{1,..,N}.


If   (= (1(2(3...and (= (1(2(3...,then the distance between them is defined as d((,()=� EMBED Equation.2  ��� and is a Cantor set.[2]


4.1 Application to image encoding:





				A small number of contractions thus can determine objects of a highly intricate fractal structure. This has applications in data compression. It is desirable to know which objects can be represented as or approximated by, invariant sets of an IFS and also how to find functions that provide a good representation of a given object. The possibilities using three or four transformations are limited by the small number of transformations at our disposal. Such sets are also likely to have highly repetitive structure. Self similarity and self affinity are indeed present in nature and can be thus represented by fractals[4]. 


				Collage theorem gives an idea of how good an approximation a set is to the invariant set of a collection of contractions.[2]





“Let s1, s2,...sm be contractions on  (n .and suppose that |si(x) - si(y)|< = c |x-y|  for all x,y� EMBED Equation.2  ���(n and all i, where c <1. Let E� EMBED Equation.2  ��� (n  be any non-empty compact set. Then


d(E,F) ( d� EMBED Equation.2  ���� EMBED Equation.2  ��� where F is the invariant set for the Si, and d is the Hausdorff metric.


A consequence of this theorem is that any compact subset of  (n can be approximated arbitrarily closely by a self-similar set. [3]


				A method that often gives good results is to draw a rough outline of the object and then cover it, as closely as possible, by a number of smaller similar or affine copies. The similarities thus obtained may be used to compute an invariant set which may be compared with the object being modeled . More complex objects may be built up by superposition of the invariant sets of several different sets of transformations.


Ideally, it would be desirable to have a camera which could be pointed at an object to produce a photograph consisting of a specified number of  affine transformations whose invariant set is a good approximation to the object. One approach is to scan the object to estimate various geometric parameters and use these to impose restrictions on the transformations. For example for a natural fractal such as fern, we might estimate the dimension by a box-counting method The assumption that the similarities or affinities sought must provide an invariant set of this dimension gives, at least theoretical, restriction on the possible set of transformations. Often invariant sets in the plane that provide good pictures of physical objects will have positive area, so will not be fractals in the usual sense. Nevertheless, such sets may well be bounded by fractal curves.


					By assigning a probability pi to each of  the transformations Si, shaded and colored images could be produced. The IFS method enables scenes to be represented by a small number (perhaps fewer than 100) transformation and probabilities in an effective manner. But there is a high correlation between the different parts of the picture- the method is excellent for giving an overall picture  but is less effective for exact data. and this generalisation goes hand-in-hand with ANN. Given a set of transformations, reproduction is computationally straight forward and suitable parallel computation and is stable- small changes in transformations lead to small changes in the invariant set. The transformation defines the image at arbitrarily small scales and it is easy to produce a close up of small region.





4.2 Application in Graphs:





Many phenomena display fractal features when plotted as a graph of a function, time. Fractals can often be defined in terms of number theory also.


The number of (-mesh squares in a  column above an interval of width ( that intersect graph f is approximately the range of f over that interval divided by (. Summing these numbers gives an estimate for the box counting dimension of graph f.


One way in which the fractal nature of time functions is manifested is by a power law behaviour of the correlation between measurement  separated by time h. which is provided by the auto-correlation which is closely connected with the power spectrum[3]




















4.3 Signal processing:





Summary of three approaches for modeling time series[5]:





Model�
Linear(plus noise)�
Low-dimensional 


nonlinear�
Fractal�
�
Basic approach�
linear


stochastic�
nonlinear 


deterministic�
random


descriptive�
�
Predictability of next event�
yes�
yes�
no�
�
Long term predictability�
yes�
no�
no�
�
Scale-invariant�
no�
sometimes�
yes�
�
Scale-invariant over


scaling regions�
sometimes�
sometimes�
yes�
�
Grassbergerger-Procaccia dimension of time series (after detrending)�
high �
low �
high�
�
Amount of data needed to fit�
little�
large�
relatively little�
�



				Irregular, chaotic and random time series all have a continuous part in their spectra indicating that the power is spread over a range of frequencies. Thus spectral analysis can be used to investigate the transition between the discrete and continuous cases as a control parameter in the experiment is varied. In order to obtain phase information DFT must be analyzed directly. Chaos gives continuous spectra over a limited range of frequencies and hence it is not always possible to distinguish it from colored noise directly  using the standard technique. Higher order moments are to be calculated for this. Thus nonlinear signal processing will permit us to distinguish between chaos and noise:


				Phase portrait reconstruction is done where the attractor is formed in a pseudo-phase space from a single time series measurement.  


i.   Method of delays: here x(i) is plotted against x(i+1) with a suitable delay of n(


ii. Singular value de-composition: In the previous method, no systematic account is taken of the information content of the signal in the reconstruction process, nor are the effects of finite sampling and experimental noise in the time series catered for. SVD solves these problems. Simplex method is used to distinguish chaos form noise.


			Poicare maps is an extremely useful way of extracting the vital qualitative characteristics of a phase portrait. Lyapunov exponent is given by d(t) = d0 e( t where d0 is a measure of the initial distance apart . If ( is negative, this would correspond to contraction mapping.  Lyapunov was interested in showing how to discover if a solution to a dynamical system is stable or not for all times. The usual method of studying stability, i.e. linear stability, was not good enough, because if waited long enough the small errors due to linearization would pile up and make the approximation invalid. Lyapunov developed concepts (now called Lyapunov Stability) to overcome these difficulties. 


			Lyapunov exponents measure the rate of divergence of nearby orbits. There are as many Lyapunov exponents as there are dimensions in the state space of the system, but the largest is usually the most important. Roughly speaking the (maximal) Lyapunov exponent is the time average logarithmic growth rate of the distance between two nearby orbits, i.e. the distance between two orbits grows as exp(t*(), where ( is the exponent. Positive Lyapunov exponents indicate sensitive dependence on initial conditions, since the distance then grows (on average in time and locally in phase space) exponentially in time.


			There are basically two ways to compute Lyapunov exponents. In one way one chooses two nearby points, evolves them in time, measuring the growth rate of the distance between them. This is useful when one has a time series, but has the disadvantage that the growth rate is really not a local effect as the points separate. A better way is to measure the growth rate of tangent vectors 


to a given orbit.























5 Study of the logistics equation , softwares and analysis[1] :





In the Logistic equation  for Population dynamics is given by Verhhulst and later worked by May current state of  systems take many variable from the previous state as input.


f(p) = p+z , i.e. to the original state we add growth z.. z � EMBED Equation.2  ���p as the growth depends on the number of present effective members. z also depend upon the number of present non-effective members, i.e. (1-p). With a proportionality for the problem


z=k * p * (1-p)


and the equation  becomes:


f(p)=p+k*p*(1-p)


An index attached to p helps to track the development





The scheme is thus:


			k


���


���


�����








�











5.1 Experiment 1 Logistics equation :





The time series generated by this sequence is observed (Printout 1), using the program :


The initial value, growth rate and number of iterations are input.


p0=0.3 and k values from  0 to 3 are input.





It is observed that


1. for values of  k < 1.8,  the series converges to unity


2. for values of 1.8 <k <3.0, the series gives different values


3. for values of k >3, the series diverges





5.2 Experiment 1.1 Time series :





The time series is plotted graphically (Fig 1)  with p versus index and observed





5.3 Experiment 2 Bifurcation diagram :





The result is plotted (Fig 2) with p versus k, for all iterations for each value of k. This provides a complex graph.


For k values in the region of 1 we see the expected result- p gets 100% and no further changes. This occurs more rapidly, the larger the k is. As k goes above 2, p becomes more than 100%! this is because there is no fixed value  p converges to.  p doesnot diverge either- in which case it should tend towards +� EMBED Equation.2  ��� or - � EMBED Equation.2  ���. 


In fact p jumps about chaotically between 0 and 1.5.


Lines in the range  0 ( k ( 1 get closer and closer as the number of iterations are increased. These are transient effects. These lines will disappear if  a first set of iterations are carried out without drawing and then drawing for a next set. In the simulation of dynamical systems, only long-term behaviour of a system under feedback is of interest.





For k >1.5 the graph emerges is called the Feigenbaum diagram (or bifurcation diagram).


This shows the geometry of time series. The bifurcation point can be found by giving appropriate values for k, the graph gets mapped accordingly.


The results show a certain independence of the initial value for p, provided that we donot start with p = 0 or p = 1.


What for small k converges so regularly to the number 1 , cannot continue to do so for larger values of k because of the increased growth rate. The curve splits into two branches, then 4 , then 8 and so on. This �
effect of branches can also be seen with graphical iteration. This phenomenon is called period-doubling cascade.


When k > 2.57 we see behaviour that can only be described by  the concept of ‘Chaos’. There are unpredictable ‘flashes’ of points on the screen, and no visible regularity.


A series of iteration beginning with value p=0.1 and one beginning with p=0.11, can after a few iterations become completely independent, exhibiting totally different behaviour. In this case the value k=2.57 divides order and chaos from each other. The chaos is interesting, it contains structure. In neighbor hood of k=2.84 points are densely , there are also white spaces- branching plays a role here also.


The program is made such that the branching points can be observed , by giving interested values for k.


Plotting by choosing the boundaries of the window suitably gives pictures whose fine detail can scarcely be distinguished in the full diagram. A tiny part o the picture can already contain the form of the whole. This astonishing property of the Feigenbaum diagram, containing itself, is called self-similarity. Other equations also provide similar pictures.


Near the branch points, convergence is very bad- even after many iterations we cannot decide whether branching has taken place.


In the usual Feigenbaum diagram the limit k� EMBED Equation.2  ��� of the sequence k1,k2,k3...has the value 2.57.


If we work the value of k backwards, from large to small, ‘bands of chaos’ which are densely filled with points,  split into 2, then 4.. and the constant holds good here too.


The final value of p=1 is called an attractor as ‘it pulls the solutions of the equations’ to wards itself.


At higher values of k>2 of the feedback constant, the finite attractor is not just the value 1- the whole figure is the attractor. Each sequence of p values that starts near the attractor invariably ends up with a sequence of numbers that belong to the attractor, that is the entire figure. The attractor is thus the set of those function values that e merge after  sufficiently large number of iterations. A set like that illustrated is called a strange attractor.


 In the region k>3 there is just the attractor -� EMBED Equation.2  ���.


For the purpose of choosing an attractor with initial value. f(p) must be >0. This holds when p<(k+1)/k


Thus near p=0 we have found the two boundaries for the catchment area, or basin of attraction, of the strange attractor. The boundaries are p=0 and the hyperbola p=(k+1)/k


This equation was formulated by Verhulst in 1845.


In the Feigenbaum diagram we can distinguish three regions:


k(2�
Order�
�
2<k<2.57�
Period doubling cascade, 0(p(1.5�
�
k(2.57�
Chaos�
�



5.4 Feigenbaum bifurcations:


				Period-doubling route to chaos, described by Feigenbaum applies not only for iterations of cx(1-x) but also for a wide class of two-to-one maps of an interval onto itself. More generally it includes functions having a maximum at a point xm   � EMBED Equation.2  ���(0,1) such that f(( (xm) =0,f is  monotone on [0, xm] and [xm,1], and  f  has negative Schwarzian derivative,


Sf(x) = (f((( (x)/f( (x))-(3/2)(f(((x)/f( (x)) 2, on [0,1]


The bifurcation points are Cn where the iterations of the function change from having an attracting orbit of period 2n to one of period 2n+1.For the initial values there is no real fixed point. Then there is an attracting orbit of period 1. 


Observations on Bifurcation points:





n�
Cn�
Cn-Cn-1/Cn+1-Cn�
�
0�
-0.75�
�
�
1�
-1.25�
4.2337382�
�
2�
-1.368098�
4.5515069�
�
3�
-1.394046�
4.6458074�
�
4�
-1.399631�
4.6639381�
�
5�
-1.400828�
4.6681036�
�
1. Cn have a limiting value C( =lim n(( = -1.401155.. and is called Feigenbaum point. This splits the orbit diagram into two regions. In the region between c=1/4 and C(,  period doubling occurs as C((. The other region where 


c <- C(,    is called the chaotic region.


2. The ratios of the lengths of successive intervals between bifurcation points have a limit:


d=lim n(( Cn-cn-1 / Cn-cn-1  =  4.669162...and is called the Feigenbaum constant and is constant for many different functions and is hence called universal constant. It has application in predicting onset of chaos.


Let (n= Cn-cn-1     , n=1,2,3..


then d� EMBED Equation.2  ���(n/(n+1


and  (n� EMBED Equation.2  ���(1 /dn-1)(1 and from this the interval from c0 to C(   is approximately  (d /d-1)(1


Between each pair of successive bifurcation points Cn and Cn+1 is a point Cn* where there is a period 2n orbit that is superattracting. For this value of C the critical point x0 of fc satisfies fc(n)(x0)=x0 and d also can be calculated from this. The calculation can be done iteratively to give minimum error.





Sarkovskii on Periodicity:


At Period 3 window, mostly white region around c= -1.7548777...can be seen. These are due to repelling. and theories are given on this.





5.5 Experiment 3 Graphical iteration:





The above formula f(p)=p+k*p*(1-p) can be written as f(p)= -k*p2+(k+1)*p which is equation of a downward opening parabola through the origin with its vertex in the first quadrant.. It is clear that for different values of k we get different parabolas. The feedback effect of this parabola equation is now studied. After many iterations (feedbacks)  we establish that the results run through certain fixed values. 


The parabola is first plotted  (Fig 4) for a given k value, with p values from 0 to maximum,  f(p)  versus p


Iteration demonstration for the given number of iterations is done this way: Beginning with a p value move vertically up or down until we hit the parabola. The value of f(p) is now read off. This is the initial value for the next stage of feedback. The value must be carried across to x axis. For this we use the diagonal, with equation v=x and is also plotted. From the point on the parabola (with coordinates(p, f(p)) we draw a line to the right (or left), until we encounter the diagonal (at the coordinates (f(x), f(x)). Then we draw another vertical to meet the parabola, a horizontal to meet the diagonal, and so on


For each k value we get distinct pictures. If the final value is the point f(p)=1 we obtain a spiral track. In all other cases the horizontal and vertical line tend towards segments of he original curve, which corresponds to limiting p values. 


The limiting value and n-fold cycles can be overviewed more distinctly if  a first set of iterations are carried out without drawing and then drawing for a next set. 


This way we obtain rules, about the form of the graph of a function , telling us which of the above two effects it will produce.





5.6 Experiment 4 The parabolic attractor:


					The graph pn+1 versus pn for each k value for each set of iterations provide the trace of parabolic attractor (Fig 5).


					When k is little larger than 0 the diagonal straight line which first appears expresses the fact that the underlying value is tending to a constant. Then  p=f(p). After k=2 we obtain two alternating underlying values. The figure grows in two directions. Low starting values for the formula produce a higher result and then return. The curious picture here has a thin curved line and runs roughly perpendicular to the original bisector. For periods 4 and 8- when the figure grows in 4 or 8 places- it is also easy to see how the starting value p and the result f(p) are connected. This “instrument” can show the temporal development of period doubling.  As soon as we enter the chaotic region parabola appears. 


					Another one is the Henon attractor which represents the attractors of heavenly bodies and  particles in accelerators etc. When the ratio of orbital periods is a rational number, resonance occurs. The Lorenz attractor  provides a rational explanation to the unpredictability of weather. The wandering points on the screen circles first round one of the two foci around which the two lobed shape develops. Suddenly it changes to the other side. The point wanders  on , drawing its line, until suddenly it switches  back to the other side again. The behaviour of the path, in particular the change from one lobe to the other, is something that we cannot predict in the long run. 





Lorenz established the following:


1. Illustrated the basic impossibility of weather prediction, saying “fluttering of a butterfly’s wing” can influence the weather.


2. It raises the hope that very complex behaviour might perhaps be understood through simple mathematical models.


�
Certain principles on the limits to predictability exists and to understand and pin down this phenomenon is the aim of scientists in the borderlands


				The self-similarity and Chaos can be pursued with Newton’ iterative method of calculating zeros and the Gaussian plane for representing zeros. If  a cubic polynomial f(x)=(x+1)*x*(x-1) is iterated to find the zeros,  it provides three  attractors. It could be seen that chaotic system is one where the strong causality principle is broken. 


				If  Newton’s method is used to find zeros in the complex plane it provides three basins of attraction for the equation given. Where a boundary between two basins of attraction occurs, similar figures are observed. A complex boundary with self-similar sets is called a Julia set.  The boundary is infinitely long and has zero width, i.e. they are irregular and length or areas cannot be determined. Most natural fractals have dimension between 2 and 3. Whether we can reach every point in the basin of the finite attractor without crossing the basin of the attractor � EMBED Equation.2  ���is answered by connectedness.





5.7 Complex dynamics:





Julia sets:


Let z be a complex variable and f(z) a polynomial in one complex variable.


f(z)=anzn+an-i zn-1+...a1z+a0,  an (0 be a polynomial of degree n where n ( 2. 


The Julia set for f, denoted J(f) is defined as J(f)=({z:f(n) ( as n(� EMBED Equation.2  ���}


Thus Julia set of f is the boundary of the set of points z that escape to infinity under repeated iteration by f(z).


The simplest example occurs for f(z)=z2 but is not a fractal. Quadratic functions like fc(z)=z2+c are fractals and are symmetric about the horizontal and are either connected or totally disconnected.


The boundary points are plotted by checking the point and its neighbor hood .


The point z is periodic of period p if f(p) (z)=z. and depending on the value of the derivative (= (f(p) ‘)(z)


the behaviour could be





(�
�
�
0�
superattracting�
�
<1�
attracting�
�
1�
neutral�
�
>1�
repelling�
�






If w is an attracting or superattracting fixed point, then the basin of attraction for w is defined as 


A(w)={z� EMBED Equation.2  ���C: f(n) (z)( w as n(� EMBED Equation.2  ���} 


The point � EMBED Equation.2  ��� is also allowed to be classified this way as in complex variable theory � EMBED Equation.2  ��� is allowed and satisfies z/� EMBED Equation.2  ���=0 for any z� EMBED Equation.2  ���C


The distance from the attractor is compared to check whether a point belongs to it or not. In a complex plane all points are to be checked this way. Different colors and shades could be used. Only the origin belongs to the boundary. Boundaries between pixels have no ‘thickness’.[2]





Mandelbrot:





The simplest nonlinear iteration equation that leads to nontrivial results was suggested by Mandelbrot[3] 


zn+1= zn2 + c with real and imaginary parameters for  c and z0 is also complex and each point in the set represents a value of c for which the Julia set is connected. This has only two attractors. One is � EMBED Equation.2  ���, where the  |f(z)|2 exceeds a high value. The initial point z=0 is the only value of z for which f’c(z)=0 and the orbit 0 is called the critical orbit. The reason for looking at this orbit is that it is the only one for which the figure eights shoe up as needed.. There are many periods of decorations. The constrictions in the set  divide regions of different periodicity from each other.


The main body has period 1. The first circular region which adjoins it to the right leads to sequences of period 2.


Further buds along the real axis exhibit periods 4,8 , 16...


If the cimaginary is kept 0 and creal is varied, the formula can be drawn in the form of a Feigenbaum diagram. and the scenarios of bifurcations, chaos and periodic windows can be seen and the connection can be seen. With complex values, trifurcation also can be observed.


the set 


5.8 Experiment 5. Sierpinski gasket:


	


				Illustrates IFS  (Fig 6) and whatever image we start with, the iterator produces the same gasket and this property is called stability.





5.9 Experiment  6. Brownian by Random mid point displacement:


	


				There are two methods: deterministic and random. In random the constructions are inherently random processes, not random perturbations of deterministic fractals  and random Brownian motion is most important.  Any independent increment process that depends only on t1 and t2 is called a Markov process. Non-Markovian motions are introduced by Mandelbrot and Van Ness and is called fractional Brownian motion(fBm). For a practical algorithm for simulating fBm, we can approximate a Fourier transform by a Fourier series in such a way that it has the required spectral density properties. We then apply the IFT to get the desired fBm. This is achieved through DFT.  An expected value argument is used to calculate the box dimension of the graph of a sample path of Brownian motion.. Increments of a sample path of Brownian motion satisfy the statistical self-similarity property. Method of random midpoint placement is also used to simulate Brownian motion (Fig 8).





6 L-systems:


				L-systems are for graphical constructions. These were originally introduced in the study of formal languages. They provide systematic way for constructing fractals and are used to produce graftals. In Graphical implementation  a point , called turtle moves by steps in a plane, with or without marking. The parameters (x,y) location and (, the direction are tracked. The turtle is instructed to interpret and implement a sequence of operations that are represented by a code word whose letters are read from left to right. This word is the output of the L system. The letters of the word/alphabet may include:


 F  Move forward one step, drawing 


 b                 ,,                       , without drawing


 [  begin a branch


 +  increase angle ( by amount (...


				The initial word axiom or initiator and a set of production rules. Reading from both directions enhances the production.


				Repetitive designs can produce displays by simple carpet algorithms also.





7 Discussion & Future:


				The invariant set found by IFS is used for determining transition to chaotic region- if a small variation in the set produces large error when compared with the actual. This set is also input to ANN for training. Standard three layer back propagation network can be used.


 				The fractal compression could use wavelets and different functions could be used. The NN could use a genetic algorithm to avoid local minima.


				Higher computation capability and increased complexity in operations naturally drive the Fractal compression and use of AI techniques to be of service in all stratas of Communication and Control. Different filters can be used to enhance the different realms in the data set as required and presented to the net. Restrictions on data set is to analysed. Effort need be put in to create a utility, programming the DSP and create a hardware. 





8 Conclusion:


				Effort is made to study the topic of fractals and chaos. Summary of the reading is presented. Lists of Literature and web sites are provided. Investigating the possibility of recognition and prediction  in chaotic systems is found to be feasible.


























�
9 Literature Survey :





Literature providing theory, implementation and applications:


Recent literature is  suggested as concepts are still changing.














9.1 Books:





Source: The Andersonian Library Catalog.


  1. Dynamical Systems and Fractals computer graphics experiments in Pascal, Karl-Heinz Becker and Michael                                                                                                                                                                                                                          Dorfler, Cambridge University Press, 1989 -Chaos, fractals and complex dynamics, a good introductory text


2.  Introduction to Fractal and Chaos, Crownover, Jones&Bartlett Publishers, 1995 -Critical assessment of views   provided 


3. Fractal Geometry, Mathematical foundations and applications, Kenneth Falconer, John Wiley& Sons,1990


-Provides treatment on Fractals and dimensions, worked examples


4. Fractals for the class room, Part one Introduction to Fractals and Chaos, Maletsky, Perciante, Yunker, Springer-


Verlag, 1991-Gives good coverage .


5.Fractals, A user’s guide for the natural sciences, Hastings and Sugihara,Oxford University Press, 1993.


-Fractal exponents of spatial patterns, Time series techniques(largely computation of the Hurst exponent H) etc. are given 


6. The Nature of Chaos, Mullin(Ed), Oxford University Press, 1993-a very good text with detailed processes and examples


7. Chaotic and fractal dynamics, an introduction for applied scientists and engineers, Francis C Moon, , Wiley, 1992


8. Fractals: endlessly repeated geometrical figures, Hans Lauwerier, Princeton, 1991


9. Chaos, dynamics and fractals: an algorithmic approach to deterministic chaos, Joseph L McCauley, 1993


10. Chaos, fractals and dynamics: computer experiments in mathematics, Robert L, 1990


11. The fractal geometry of nature, Mandelbrot, 1982


12. Fractals, random shapes and point fields: methods of geometrical statistics, Dietrich and Helga, Stoyan Dietrich, 1994


13. Fractals everywhere, Barnsley, Academic, 1988


14. The science of fractal images, Barnsley(E), Springer-Verlag, 1988


15. The beauty of fractals : images of complex dynamical systems, Peitggenand Ritcher, 1986


16. Chaos and complexity: discovering the surprising patterns of science and technology, Kaye,Weinheim, 1993


17. Chaos and order in the capital markets: a new view of cycles, prices and market volatility Edga E, 1991


18. Fractal surfaces, John C Russ, Plenum, 1994


19. The nature and power of mathematics, Donald M Davis,Princeton,  1993


20. Fractal functions, fractal surfaces and wavelets, Peter R Massopust, Academic, 1994  


21. Chaos theory in the financial markets: applying fractals, fuzzy logic, genetic algorithms, swarm simulation, Probus Publishing  Co, 1994


22. The Emperor’s New Mind, Roger Penrose, Oxford University Press, 1989


23. Shadows of the Mind, Roger Penrose, Oxford University Press, 1994


24. The Society of Mind, Marvin Minsky, Simon and Schuster, 1986


























9.2 Internet Web sites:





1.http://www.lib.ox.ac.uk/internet/news/faq/archive/fractal-faq.html


- this contains links to almost all sites.


2.http://www.mathcs.carleton.edu/students/stewartj/networking/fbc.html


3.http://www.etca..fr/English/Projects/Chaos


4.http://qspr03.tuwein.ac.at/~aschatt/info/ca/ca.html


5.http://gd.tuwein.ac.at/faqs/newfaqs/Sig.answers/Sci/nonlinear-faq


6.http://dmsun4.bath.ac.uk/Decompression_demo/fractalpage.html


7.http://members.aol.com/calresco/index.htm


-The Complexity & Artificial Life Web Site 


8.http://climate.gsfc.nasa.gov/~cahalan/FractalClouds/clouds


9.http://www.wavelet.com





9.3 Technical Papers:





Source: INSPEC Database, IEE, 1996


 		


1. Title:        Intelligent hybrid system for data mining, Hambaba, M.L., Intelligent Syst. Lab., Stevens Inst. of Technol., Hoboken, NJ, USA


Conf. Title:  Proceedings of the IEEE/IAFE 1996 Conference on Computational Intelligence for Financial Engineering (CIFEr) (Cat. No.96TH8177)  p. 111


Abstract: Some scientists are trying to introduce chaos theory and fractal statistics for better data


mining. It is the conflict between the symmetry of the Euclidean geometry and the asymmetry of the real randomness and determinism,  chaos and order coexist. While these intelligent techniques have  produced encouraging results in particular tasks, certain complex   problems cannot be solved by a single intelligent technique alone.   Each intelligent technique has particular computational properties that make them suited for particular problems. These limitations have been a central driving force behind the creation of intelligent hybrid systems.





2.Title:        Comparison of wavelet transforms and fractal coding in texture-based image retrieval,  Zhang, A.; Cheng, B.; Acharya, R.; Menon, R., Dept. of Comput. Sci., State Univ. of New York, Buffalo,               NY, USA


Journal:      Proceedings of the SPIE - The International Society for Optical Engineering Vol: 2656  p. 116-25 ,1996


Abstract: Experimental results demonstrate that fractal code approach is effective for content based image retrieval. In the wavelet transform approach, the wavelet transform decorrelates the image data into


frequency domain. Feature vectors of images can be constructed from wavelet transformation, which can also be utilized to distinguish images through measuring distances between feature vectors. Our


experiments indicate that this approach is also effective on content based similarity comparison between images. More specifically, we observe that the wavelets transform approach performs more


effectively on content based similarity comparison on those images which contain strong texture features, where the fractal coding approach performs relatively more uniformly well for various types of


images. (28 Refs.)





3. Title:        An approach to query-by-texture in image database systems, Aidong Zhang; Biao Cheng; Acharya, R.,Dept. of Comput. Sci., State Univ. of New York, Buffalo,   NY, USA


Journal:      Proceedings of the SPIE - The International Society for Optical Engineering Vol: 2606  p. 338-49, 1995


Abstract:     This paper presents an approach to texture-based image  retrieval which determines image similarity on the basis of the matching of fractal codes. Image fractal codes are generated via a  fractal image compression technique that has been recently proposed as an effective image compression method. Each image is represented  by a set of self-transformations through which an approximation of


the original image can be reconstructed. These self-transformations,  which are unique to each image and are semantically rich, are termed fractal codes. An image data model is proposed which constructs each


image as a hierarchical structure. Each image is decomposed into block-based segments which are then assembled by a hierarchy on the basis of inclusion relationships. Each segment is then fractally


encoded. The fractal codes of an iconic image are used as texture key  and are matched with the fractal codes of images in a database by  applying searching and matching algorithms to the hierarchies of the database images to locate the segments which best match the fractal codes of the iconic image. Retrievals of both exact and inexact matching of images are supported. (20 Refs.)





4.Title:        Fractals and neural network in evaluating an edge-quadtree space complexity, Schreiber, F.A.; Calvo, R.W., Dipartimento di Elettronica, Politecnico di Milano, Italy


Journal:      Proceedings of the SPIE - The International Society for Optical Engineering, Vol: 2606 p.13-25 ,1995


Abstract:     The number of nodes of an edge quadtree representing a figure is the measure of its space complexity. This number depends on the figure`s shape, its resolution and its precision. The goal of


this work is to find a function which yields the number of nodes of an edge-quadtree when these three parameters are specified in input. A unique value to represent both the resolution and the precision is


used. To measure the shape of the image the authors use the fractal dimension and a methodology to calculate the fractal dimension and the fractal measure in the case of a discrete image is proposed.


Given these three parameters we use a neural network to approximate the function. The computational results show the effectiveness of this approach. (15 Refs.)


 





5.Title:        Estimating the selectivity of spatial queries using the `correlation` fractal dimension, Belussi, A.; Faloutsos, C., Dipartimento di Elettronica e Inf., Politecnico di Milano, Italy


Conf. Title:  VLDB `95. Proceedings of the 21st International Conference on Very Large Data Bases


p. 299-310


Abstract:     We examine the estimation of selectivities for range and spatial join queries in real spatial databases. As we have shown  earlier (Faloutsos and Kamel, 1994) real point sets: violate consistently the 'uniformity' and 'independence' assumptions; and can often be described as 'fractals', with non-integer (fractal) dimension. In this paper we show that, among the infinite family of  fractal dimensions, the so called 'Correlation Dimension' D/sub 2/ is the one that we need to predict the selectivity of spatial join. The


main contribution is that, for all the real and synthetic point-sets  we tried, the average number of neighbors for a given point of the point-set follows a power law, with D/sub 2/ as the exponent. This


immediately solves the selectivity estimation for spatial joins, as well as for 'biased' range queries (i.e., queries whose centers prefer areas of high point density). We present the formulas to estimate the selectivity for the biased queries, including an integration constant (K/sub `shape`/) for each query shape. Finally, we show results on real and synthetic point sets, where our formulas  achieve very low relative errors (typically about 10%, versus  40%-100% of the uniformity assumption). (33 Refs.)





6.Title:        An application of embedology to spatio-temporal pattern recognition, Stright, J.R.; Rogers, S.K.; Quinn, D.W.; Fielding, K.H., Air Force Inst. of Technol., Wright-Patterson AFB, OH,  USA


Journal:      IEEE Transactions on Aerospace and Electronic Systems, Vol: 32  Iss: 2  p. 768-74 ,1996


Abstract:     The theory of embedded time series is shown applicable for determining a reasonable lower bound on the length of test sequence required for accurate classification of moving objects. Sequentially recorded feature vectors of a moving object form a training trajectory in feature space. Each of the sequences of feature vector components is a time series, and under certain conditions, each of these time series has approximately the same fractal dimension. The embedding theorem may be applied to this


fractal dimension to establish a sufficient number of observations to determine the feature space trajectory of the object. It is argued  that this number is a reasonable lower bound on test sequence length for use in object classification. Experiments with data corresponding to five military vehicles (observed following a projected Lorenz trajectory on a viewing sphere) show that this bound is indeed


adequate. (11 Refs.)


 


 


7.Title:        High-speed method of fractal block coding in image compression, Genno, H.; Matsumoto, K.; Suzuki, R., Mechatronics Res. Center, Sanyo Electr. Co. Ltd., Japan


Journal:      Japanese Journal of Fuzzy Theory and Systems, Vol: 7  Iss: 4  p. 587-98 ,1995





8.Title:        Texture classification on real time using semi-cover vector and an orthogonal neural network


Asensi Munoz, D.; Almagro Leon, A.; Ibarra Pico, F., Dept. de Tecnologia Inf. y Comput., Alicante Univ., Spain


Conf. Title:  From Natural to Artificial Neural Computation..International Workshop on Artificial Neural Networks. Proceedings p. 948-55 ,1995


Abstract:     A texture image classification system based on the  semi-cover vector (SCV) and the bi-directional associative   orthonormalized memory (BAOM) is described. The SCV is an statistic


extraction method of texture features derived from the fractal geometry. It is invariant under geometric transformations. The BAOM  is a neural network with a hidden layer of neurons that increases the


learning capacity and reduces the noisy effect. This classifier works in real time and produces about 95.13% of correct classification rate. (10 Refs.)





9. Title:        Segmentation of defect in textile fabric using semi-cover vector and self-organization , Ibarra Pico, F.; Asensi Munoz, D.; Almagro Leon, A.; Garcia-Chamizo, J.M., Dept. de Tecnologia Inf. y Comput., Alicante Univ., Spain


Conf. Title:  QCAV 95. 1995 International Conference on Quality Control by Artificial Vision p. 58-65


Abstract:     For fast inspection of defects in the textile industry,  the system must be able to satisfy the following properties: be suitable for implementation into hardware; works in real time; provides good performance. Therefore a defect segmentation algorithm using semi-cover vector (SCV) and an extension of a self organizing  map is applied. The SCV is an statistical extraction method of    texture features derived from the fractal geometry that is invariant  under geometric transformations. The self-organizing map is a neural network that we use as a classifier for the SCV obtained from textile  samples. The system works in real time and produces a 96.44% correct  classification rate. (10 Refs.)





10. Title:        Wavelet analysis for characterizing human electroencephalogram signals, Li, B.-L.; Wu, H.


Affiliation:  Dept. of Ind. Eng., Texas A&M Univ., College Station, TX, USA


Journal:      Proceedings of the SPIE - The International Society for Optical Engineering


Vol: 2491  Iss: pt.2  p. 840-8 ,1995


Abstract:  We develop a wavelet-based stationary phase transition method to extract instantaneous frequencies of the signal that vary in time.  The results under different clinical situations show that the brain   triggers small bursts of either low or high frequency signals immediately prior to changing on the global scale to that behaviour. This information could be used as a diagnostic for detecting the


onset of an epileptic seizure. (16 Refs.)


 


11.Title:        Texture segmentation via Haar fractal feature estimation, Kaplan, L.M.; Jay Kuo, C.-C.


Radar & Commun. Syst. Segment, Hughes Aircraft Co., LosAngeles, CA, USA


Journal:      Journal of Visual Communication and Image Representation,Vol: 6  Iss: 4  p. 387-400 ,1995


Abstract: The major advantage of the Haar fractal estimator is its computational efficiency along with


robustness. The method is fast due to the pyramid structure of the   Haar transform and nearly optimal in the maximum likelihood sense for  fractional Brownian motion (fBm) data. We compare the low complexity   of this new algorithm with the complexity of existing fractal feature


extraction techniques, and test our new method on fBm data, real  Brodatz textures, and natural scenes. (43 Refs.)





12.Title:        Automatic target recognition system using wavelet transform and cluster analysis,  Panapakkam, A.; Balakrishnan, S.N,Dept. of Mech. & Aerosp. Eng., Missouri Univ., Rolla, MO, USA


Journal:      Proceedings of the SPIE - The International Society forOptical Engineering Vol: 2484  p. 636-43 ,1995


Abstract:     The wavelet transform has received much attention in research and is widely applied for image coding, fractal analysis,   speech synthesis, texture discrimination etc. We have developed an


automatic target recognition (ATR) system employing wavelet transforms to capture target signatures. Detection and segmentation   stages efficiently differentiate the targets from the background and


write them as separate subimages. 





13.Title:        Multilayer neural network with randomized learning: modeland applications, Terekhov, S.A.


Federal Nucl. Center, All-Russian Sci.-Res. Inst. of Eng.Phys., Snezhinsk, Russia


Journal:      Radiophysics and Quantum Electronics Vol: 37  Iss: 9  p. 699-710 ,1994


Abstract:     A randomized annealing-simulation scheme for learning by   a multilayer neural network is examined. The fractal properties of   the learning trajectories in the phase space of the network are


studied. It is proposed that the learning temperature be controlled   by the phenomenological characteristics of the trajectory. The errors   of generalization of a multilayer perceptron and of the method of   splines in time-series prediction are compared. It is shown that for   nonsmooth functions that generate a stochastic time series, a neural   network is preferable to a spline for the same number of parameters.


The learning scheme is used to construct a cybernetic neural-network   model of the phenomenon of magnetic implosion as well as for fault classification in the coolant system of a nuclear-power-plant


reactor. (25 Refs.)





14.Title:        Self-organization: a new approach to improve the reactivity of the production systems


Massotte, P., Ecole des Mines, Nimes, France


Conf. Title:  Proceedings 1995 INRIA/IEEE Symposium on Emerging Technologies and Factory Automation. ETFA`95 (Cat.No.95TH8056)  p. 23-32 vol.1


Abstract:     Self-organization has been introduced in smart production   systems (intelligent manufacturing systems). In this paper, we   analyze self-organization concepts and its applicability in future   production systems for more flexibility and reactivity. This concept   is strongly linked with autonomy, self-organized networks and   cellular automata. It is developed in order to highlight its


characteristics and operating modes. We also describe the studies we   have conducted in flexible shops, and the results obtained on complex   assemblies and production systems. Finally, recommendations directly   related to this subject are given. (24 Refs.)





15.Title:       An intelligent system for financial time series prediction combining dynamical systems theory, fractal theory, and statistical methods, Castillo, O.; Melin, P., UABC Univ., Tijuana, Mexico


Conf. Title:  Proceedings of the IEEE/IAFE 1995 Computational Intelligence for Financial Engineering (CIFEr) (Cat.No.95TH8013) p. 151-5


Abstract:     Describes a computer program that can be considered as an   intelligent system for the domain of financial time series prediction. The computer program is an implementation of a new  algorithm for discovering mathematical models for financial time  series prediction, combining artificial intelligence methodology with   dynamical systems theory, fractal theory and statistical methods.Given a financial time series for an specific problem, the  intelligent system develops mathematical models for the problem based on the geometry of the data, using three different approaches. First,   the computer program develops regression models for the time series  using traditional statistical methods, then it develops nonlinear


mathematical models based on dynamical systems theory and chaos   theory, and finally it develops fractal mathematical models based on   the theory of fractal geometry. The intelligent system then analyzes


all of the mathematical models obtained before making a selection of   the model that gives the 'best' prediction for the financial time   series. This selection is done by the intelligent system using a combination of heuristics and calculations that are contained in the   knowledge base. An intelligent system that can learn models from   financial data would be very useful in practice in making the task of


prediction easier and less time-consuming. (9 Refs.) 





16.Title:        Edge-of-chaos dynamics in recursively modular neural networks, Alexander, D.M.; Globus, G.G., Sch. of Behavioural Sci., Macquarie Univ., Sydney, NSW, Australia


Conf. Title:  Proceedings of the Sixth Australian Conference on Neural Networks (ACNN`95) p. 110-13


Abstract:     The recursively modular organization of the brain is  described. It is hypothesized that, at each scale of organization,   the brain uses edge-of-chaos oscillatory dynamics. Ordered dynamics


are associated with recognizing, participatory, unreceptive modes of  interaction while chaotic dynamics are associated with alert, ready,   receptive modes of interaction. A framework is introduced which


enables flows of dynamic activity to be related across multiple   scales of neural organization. (27 Refs.)


 


17. Title:        Multiresolution methods for financial time series prediction, Bjorn, V., Dept. of Comput. & Neural Syst., California Inst. of Technol., Pasadena, CA, USA


Conf. Title:  Proceedings of the IEEE/IAFE 1995 Computational Intelligence for Financial Engineering (CIFEr) (Cat.No.95TH8013) p. 97


Abstract:     Summary form only given. Fractional Brownian motion   (fBm), a 1/f, fractal process, has long been considered a plausible model for financial time series. A fractal structure of the market indicating the presence of correlations across time, hints at the  possibility of some predictability. Recent advances in time/frequency   localized transforms by the applied mathematics and electrical


engineering communities provide us with powerful new methods for the   analysis of this type of process. In fact, it has been proven by   Wornell that the wavelet transform is an optimal (KL) transform for


fBm processes. With this result, we consider using the wavelet   decomposition to analyze financial time series. Specifically, the   discrete wavelet transform can be used to decompose a signal into


several scales, while maintaining time localization of events in each   scale. In terms of financial time series, we can conceptually think   of each of these scales as the contribution to the price movement


from the information and traders associated with a given investment   horizon, for instance, long term traders, such as institutional   investors, basing their trades on long term information, form the low-frequency component of the market. Once we have extracted out   these scales, we can view each as a stationary time series, which can   be modeled, analyzed and predicted individually, either


independently, or in conjunction with other scales and data that is   relevant to that scale. For the case of prediction, the forecasts   from each scale can be fused together, with traditional techniques


such as hard coded decision rules, or with a neural network, to  arrive at tomorrow`s direction and/or price. (6 Refs.)


 


18. Title:        The polynomial neural network, Das, S., Smith-Kettlewell Eye Res. Inst., San Francisco, CA, USA


Journal:      Information Sciences,Vol: 87  Iss: 4  p. 231-46 ,1995


Abstract:     Proposes a new feedback neural network, called the   polynomial neural network (PNN). This network offers several   advantages over conventional feedback neural networks. Since it


allows a second-order method of convergence to its memory locations,   it approaches equilibrium rapidly. The memories of this network can   be located anywhere in an n-dimensional space rather than being   confined to the corners of a hypercube, as is the case with Hopfield   and other networks that use sigmoidal or similar nonlinearities, such   as Hopfield networks. The spurious states of this network are few and   can be determined easily upon examination. Issues relating to the   dynamic behaviour of the PNN are addressed. A noniterative technique has been suggested to create desired memory locations in the network.   Finally, the performance of the PNN is studied. The attraction basins   of the network reveal a complex fractal-like topology. Whereas issues   relating to the hardware realization of this network have only been   addressed very briefly, it has been indicated that such a network   would require a large amount of hardware for its realization. This   problem can be obviated by using a simplified model, whose


performance is comparable to that of the basic model while requiring   much less hardware. (13 Refs.)


 


19.Title:        Image compression technique and its applications, Zhong Sheng, Nat. Lab. on Machine Perception, Peking Univ., Beijing, China


Journal:      Acta Electronica Sinica Vol: 23  Iss: 10  p. 117-23 ,1996, Chinese


Abstract:     Digital image/video compression has been one of the   hottest research areas in information technology in the past decade.   In this paper, recent advances in image and video compression


techniques are introduced. For still image compression, techniques   based on human visual perception are emphasized, such as quantiser   design in transform domain coding techniques. Techniques using neural   network and fractals are introduced. For video compression, the   MPEG-2 technique is emphasized because of its benchmark position for   video coding. The evolving MPEG-4 video coding (its general goal and   requirement) is mentioned too. Model based coding is introduced as a


potential method for MPEG-4. Finally, some current and future   applications of digital image/video compression techniques such as   HDTV are presented. (41 Refs.)





20.Title:        Fractals and neural network in evaluating an edge-quadtree space complexity, Schreiber, F.A.; Calvo, R.W., Dipartimento di Elettronica, Politecnico di Milano, Italy


Journal:      Proceedings of the SPIE - The International Society for Optical Engineering, Vol: 2606  p. 13-25 ,1995


Abstract:     The number of nodes of an edge quadtree representing a   figure is the measure of its space complexity. This number depends on   the figure`s shape, its resolution and its precision. The goal of


this work is to find a function which yields the number of nodes of   an edge-quadtree when these three parameters are specified in input.   A unique value to represent both the resolution and the precision is


used. To measure the shape of the image the authors use the fractal   dimension and a methodology to calculate the fractal dimension and   the fractal measure in the case of a discrete image is proposed.


Given these three parameters we use a neural network to approximate   the function. The computational results show the effectiveness of   this approach. (15 Refs.)


 


21.Title:        Neural models for estimating Lyapunov exponents and  embedding dimension from time series of nonlinear dynamical systems, Robel, A.,  Nat. Res. Center for Comput. Sci., Berlin, Germany


Conf. Title:  ICANN `95. International Conference on Artificial Neural Networks. Neuronimes `95 Scientific Conference p. 533-8 vol.2


Abstract:     It is well known that the stationary behaviour of   nonlinear systems may be described in state space by means of   attractors. These attractors are usually classified by their fractal   dimension, indicating the topological complexity and by their   Lyapunov exponents, which measure the dynamical stability. While the   estimation of the fractal dimension allows one to distinguish between   low dimensional and high dimensional systems or noise, the estimation   of the Lyapunov exponents yields insight into the predictability of   the system, and may be used to decide whether the system dynamics are


chaotic. We are especially interested in estimating the Lyapunov   exponents directly from a time series, i.e. a series of consecutive   measurements of the systems output. Moreover, we demonstrate that the


embedding dimension of the attractor may be estimated by the model   dimension for which the estimation of the nonnegative Lyapunov   exponents does converge. We give a short review on the state space   reconstruction from time series and give a justification for using neural networks to build a nonlinear model from this state space   reconstruction. Then we are concerned with the estimation of the


Lyapunov exponents using these models and give experimental results   using two analytically known systems with chaotic behaviour, which are   frequently used as test systems, e.g. the Lorenz and Mackey-Glass   equations. (15 Refs.)





22.Title:        Fractal Transform network in digital image content analysis, Darby, R.,Iterated Syst. Inc., Norcross, GA, USA


Journal:      Proceedings of the SPIE - The International Society for Optical Engineering, Vol: 2492  Iss: pt.2  p. 820-6 ,1995


Abstract:     The Fractal Transform is a recently developed tool for   image analysis and pattern recognition. Problems relating to pixel   based image resolution are highlighted. The Fractal Transform is


outlined and shown to be a solution to pixel based image resolution   related problems. MatchMaker, a technique based on Fractal Transform   analysis is analyzed and its ability to find objects in complex


scenes is confirmed. A new neural network paradigm, called the   Fractal Transform Network is described. Built from neural network   elements commonly described in the classic neural network literature,   it is shown that this new paradigm can implement the MatchMaker   technique and other Fractal Transform processes as highly parallel   networks. (14 Refs.)





23. Title:        Comparative analysis of techniques for packetized data, Scheffer, M.F.; Kunicki, J.S., Dept. of Eng., Rand Afrikaans Univ., Johannesburg, South Africa


Conf. Title:  St. Petersburg International Teletraffic Seminar: New Telecommunication Services for Developing Networks Proceedings p. 209-19 ,1995


Abstract:     Development of packet-switched services like ISDN, B-ISDN and ATM creates diverse data types and traffic flow characteristics,   which must be accommodated efficiently by a future modern network.   The introduction of improved traffic measurement, on-line processing   and reprogrammable network control capabilities calls for precise   modelling of network traffic characteristics. Because of its bursty   and non-linear nature, packetized data is especially difficult to   model and predict with conventional, parametric mathematical models,   relying on analysis of data collected after long periods of time. In   the modern packet-switched network, on the other hand, short-term   traffic flow data is continuously collected and readily available.   This greater availability of appropriate and real time traffic data   calls for self adapting traffic flow models, in the hope of   overcoming the shortcomings, like assumptions of Poisson and   Bernoulli arrivals, of fixed mathematical models used to date. This


paper presents a survey and comparative analysis of modelling   techniques with particular focus on packetized traffic. New   possibilities considered are the nonanalytic, nonparametric   techniques like neural networks, fuzzy logic, fractal analysis, etc.  Our analysis includes accuracy, robustness and ease of implementation  of the models and is based on both non-packetized and packetized data


for voice, ISDN and ATM environments. The authors also present their   own fuzzy logic model of packetized traffic, which is found to be   superior in many cases compared to other modelling methods.


(51 Refs.)





24. Title:        Fractal estimation of flank wear in turning using time-delay neural networks,    Bukkapatnam, S.T.S.; Kumara, S.R.T.; Lakhtakia, A.,Dept. of Ind. & Manage. Syst. Eng., Pennsylvania State Univ., University Park, PA, USA


Conf. Title:  Intelligent Engineering Systems Through Artificial Neural Networks. Vol.4 p. 975-80 ,1994


Abstract:     This paper proposes an online tool wear estimation   paradigm based on combining neural networks and fractal analysis. The   fractal properties of the sensor signal are related to tool wear in a


turning operation. The results of simulation experiments reveal the   potentials of the new paradigm. (7 Refs.)





25. Title:        Multifractal analysis of the coupling space of feedforward neural networks, Engel, A.; Weigt, M, Inst. of Theor. Phys., Otto-von-Guericke-Univ. Magdeburg, Germany


Journal:      Physical Review E [Statistical Physics, Plasmas, Fluids,  and Related Interdisciplinary Topics]


Vol: 53  Iss: 3  p. R2064-7 ,1996


Abstract:     Random input patterns induce a partition of the coupling   space of feedforward neural networks into different cells according   to the generated output sequence. For the perceptron this partition   forms a random multifractal for which the spectrum f( alpha ) can be   calculated analytically using the replica trick. A phase transition   in the multifractal spectrum corresponds to the crossover from


percolating to nonpercolating cell sizes. Instabilities of negative   moments are related to the Vapnik-Chervonenkis (VC) dimension [Theor.   Prob. Appl. 16, 264 (1971)]. (22 Refs.)





26. Title:        A hierarchical fractal net for pattern classification, Chakraborty, B.; Sawada, Y., Res. Center for Electr. Commun., Tohoku Univ., Sendai, Japan


Conf. Title:  1995 IEEE International Conference on Neural Networks Proceedings (Cat. 95CH35828)


p. 127-31 vol.1


Abstract:     Hierarchical nets having sparse and localized   connectivity with fractal connections within layers have been   studied. The performance of the proposed net in classification   problems has been compared to that of a fully connected multilayer   perceptron and a randomly connected sparse net with an artificially   generated fractal data set and a real data set derived from sonar   signals for underwater target recognition. A simple version of the   backpropagation algorithm has been used to train all the nets. The   fractal net seems to be far better than the randomly connected sparse   net in fractal pattern recognition. For the second data set the   fractally connected net performs well compared to the fully connected   net as fractal dimension is increased above 0.75. Moreover the   fractal net seems to possess more generalization capability compared   to the fully connected net in recognizing patterns other than   training patterns. (12 Refs.)


 


27. Title:        Generating and coding of fractal graphs by neural network and mathematical morphology methods, Ling Zhang; Bo Zhang; Gang Chen, Dept. of Comput. Sci., Anhui Univ., Hefei, China


Journal:      IEEE Transactions on Neural Networks Vol: 7  Iss: 2  p. 400-7 ,1996


Abstract:     We present an algorithm for generating a class of   self-similar (fractal) graphs using simple probabilistic logic neuron   networks and show that the graphs can be represented by a set of   compressed encoding. An algorithm for quickly finding the coding,   i.e., recognizing the corresponding graphs, is given and the coding   are shown to be optimal (i.e., of minimal length). The same graphs   can also be generated by a mathematical morphology method. These   results may possibly have applications in image compression and   pattern recognition. (7 Refs.)





28.Title:        A fractal, selforganizing map with partially chaotic neurons, Kosak, A.; Goser, K. , Fac. of Electr. Eng., Dortmund Univ., Germany


Conf. Title:  From Natural to Artificial Neural Computation.International Workshop on Artificial Neural Networks. Proceedings p. 338-44 ,1995


Abstract:     A new type of a chaotic neuron is proposed which allows a   new, simplified architecture of self-organizing maps. The chaotic   neurons are examined with respect to their application in   self-organizing maps. A new concept of self-organizing maps with   fractal architecture is proposed and its suitability for a   VLSI-implementation is examined. It is shown that the efficiency of   conventional self-organizing maps can be overcome while the   expenditure, with regard to a hardware-realisation, is notably


reduced. (9 Refs.)





29.Title:        An analog neural network inspired by fractal block coding, Pineda, F.J.; Andreou, A.G. ,  Appl. Phys. Lab., Johns Hopkins Univ., Laurel, MD, USA


Conf. Title:  Advances in Neural Information Processing Systems 7 p. 795-802 ,1996


Abstract:     We consider the problem of decoding block coded data,   using a physical dynamical system. We sketch out a decompression   algorithm for fractal block codes and then show how to implement a


recurrent neural network using physically simple but   highly-nonlinear, analog circuit models of neurons and synapses. The   nonlinear system has many fixed points, but we have at our disposal a


procedure to choose the parameters in such a way that only one   solution, the desired solution, is stable. As a partial proof of the   concept, we present experimental data from a small system a 16-neuron


analog CMOS chip fabricated in a 2 m analog p-well process. This chip   operates in the subthreshold regime and, for each choice of   parameters, converges to a unique stable state. Each state exhibits a


qualitatively fractal shape. (7 Refs.)





30.Title:        A adaptive fractal image coding , Yu Dong Fang; Ying Lin Yu, Res. Inst. of Radio & Autom., South China Univ. of Technol., Guangzhou, China


Conf. Title:  Proceedings of International Conference on Neural Information Processing (ICONIP `95)


p. 71-4 vol.1


Abstract:     Fractal image coding (FIC), an area of rapid expansion in   recent years, is a low-bit rate image coding technique based on a   fractal theory of iterated function systems to compress the image by


exploiting the image redundancy through self-similar mapping. The   decoding process is rapid due to the use of the Collage Theorem. Its   fatal shortcoming is low speed in calculating the IFS codes. This


paper presents a new method called adaptive fractal image coding   (AFIC) which adaptively changes the block size according to the   distortion, limits the searching domain for IFS mapping to deduce the


run-time, and uses the block truncation coding (ETC) to compress the   'complex' blocks. So a good tradeoff is obtained in processing speed,   bit rates and fidelity. (8 Refs.)





31. Title:        The analysis of capacity in fractal neural networks, Chen Shanguang; Zhang Yongjun; Ye Wei, Inst. of Space Medico-Eng., Beijing, China


Conf. Title:  Proceedings of International Conference on Neural  Information Processing (ICONIP `95)


p. 15-18 vol.1


Abstract:     Fractal neural networks were first introduced by Yoram   Baram, with an analysis of the performance of such networks as   associative memories (Y. Baram, 1989). The paper further analyzes the


information capacity of the fractal neural networks and investigates   the effects of the subnetwork nodes and probability of input   variables on the subnetwork stored information capacity. (3 Refs.)


 


32,Title:        Uniformly optimal prediction A,  Staiger, L. , Inst. fur Inf., Martin-Luther-Univ., Halle-Wittenberg, Germany


Conf. Title:  5. Theorietag `Automaten und Formale Sprachen` (Fifth Theoryday `Automata and Formal Languages`)    p. 238-56 ,1995


Abstract:     The present paper links the concepts of Kolmogorov   complexity (in complexity theory) and Hausdorff dimension (in fractal   geometry) for a class of recursive (computable) omega -languages. It


is shown that the complexity of an infinite string contained in a   Sigma /sub 2/-definable set of strings is upper bounded by the   Hausdorff dimension of this set and that this upper bound is tight.


Moreover, we show that there are computable gambling strategies   guaranteeing a uniform prediction quality arbitrarily close to the   optimal one estimated by Hausdorff dimension and Kolmogorov


complexity provided the gambler`s adversary plays according to a   sequence chosen from a Sigma /sub 2/-definable set of strings. We   also provide examples which give evidence that our results do not


extend further in the arithmetical hierarchy. (13 Refs.)





33.Title:        Automated mathematical modelling for financial time  series prediction using fuzzy logic, dynamical systems and fractal theory, Castillo, O.; Melin, P.


Conf. Title:  Proceedings of the IEEE/IAFE 1996 Conference on Computational Intelligence for Financial Engineering  (CIFEr) (Cat. No.96TH8177)   p. 120-6


Abstract:     We describe a new method for performing automated   mathematical modelling for financial time series prediction using   fuzzy logic techniques, dynamical systems and fractal theory. The


main idea is that using fuzzy logic techniques we can simulate and   automate the reasoning process of human experts in mathematical   modelling for financial time series prediction. Our new method for


automated modelling consists of three main parts: time series   analysis, developing a set of admissible models, and selecting the   'best' model. Our method for time series analysis consists of using


the fractal dimension of a set of points as a measure of the   geometrical complexity of the time series. Our method for developing   a set of admissible dynamical systems models is based on the use of


fuzzy logic techniques to simulate the decision process of the human   experts in modelling financial problems. The selection of the 'best'   model for financial time series prediction (FTSP) is done using


heuristics from the experts and statistical calculations. This new   method can be implemented as a computer program and can be considered   an intelligent system for automated mathematical modelling for FTSP.   (16 Refs.)





34.Title:        Chaos and fractal theories for speech signal processing, Wei Gang; Lu Yiqing; Quyang Jingzheng, Inst. of Radio Eng. & Auto. Control, South China Univ. of  Technol., Guangzhou, China


Journal:      Acta Electronica Sinica  Vol: 24  Iss: 1  p. 34-9 ,1996, Chinese


Abstract:     Based on the recently developed chaos and fractal   theories this paper introduces new methods for speech signal   processing. A novel phase space reconstruction algorithm is proposed   for speech signal, the distributions of the maximum Lyapunov exponent   and the fractal dimension of speech signal are tested and analyzed   statistically and a new low bit rate speech coding method based on   fractal code excited linear prediction is presented. The results of   this study indicate that chaos and fractal theories have great   potentials in the field of speech signal processing. (21 Refs.)


 


35. Title:        Evidence for deterministic chaos in partial discharge rate measurements, Dodd, S.J.; Champion, J.V. ,  London Guildhall Univ., UK


Conf. Title:  IEE Colloquium on PD Display Systems and Analytical Software (Ref. No.1996/037)


p. 5/1-3


Abstract:     In this paper, we review recent experimental evidence for   deterministic partial discharge behaviour, with its systematic change   with tree fractal dimension and reproducibility under identical


experimental conditions. This has led us to propose a different   approach for the analysis of the partial discharge data and the identification of deterministic chaotic activity. (5 Refs.)





36.Title:        Smoothing data with local instabilities for the  identification of chaotic systems,  Aguirre, L.A.; Mendes, E.M.; Billings, S.A. ,Centro de Pesquisa de Desenvolvimento em Engenharia Eletrica, Univ. Federal de Minas Gerais, Belo Horizonte,               Brazil


Journal:      International Journal of Control               Vol: 63  Iss: 3  p. 483-505 ,1996


Abstract:     Chaotic systems are characterized by the local divergence   of nearby orbits in state-space. This provokes a sensitive dependence   on initial conditions and, in turn, drastically limits the accuracy


of long-term predictions. This has important implications in the   filtering of data generated by such systems. In the present paper,   the use of global smoothers for chaotic data is investigated. The


ultimate objective is to be able to identify dynamically valid models   from smoothed data when the identification from the original noisy   data has completely failed. The objective is to produce identified


models that faithfully reproduce the dynamical invariants of the   original system, such as the geometry of the attractors in   state-space, the largest Lyapunov exponent, fractal dimensions and   Poincare sections. Numerical examples are included, which illustrate   the main points of the paper. (41 Refs.)





37.Title:        Fractal representation of images via the discrete wavelet transform,  Krupnik, H.; Malah, D.; Karnin, E, Dept. of Electr. Eng., Technion-Israel Inst. of Technol., Haifa, Israel


Conf. Title:  Eighteenth Convention of Electrical and Electronics Engineers in Israel (Cat. No.95TH8044)


p. 2.2.2/1-5 ,1995


Abstract:     Fractal representation of images is based on mappings   between similar regions within an image (also known as IFS). Such a   representation can be applied to image coding and to increase image


resolution. One of the main drawbacks of conventional fractal   representation is the fact that the mappings are between blocks. As a   result, the reconstructed image may suffer from disturbing


blockiness. In this work we present a method for mapping similar   regions within an image in the wavelet domain. We first show how to   use the Haar wavelet transform coefficients to find mappings which   are identical to conventional blockwise mappings. The union of these   mappings, between sets of wavelet coefficients, can be interpreted as   a prediction of higher bands of a signal from its lower band.


Changing the mother-wavelet to other than Haar, creates mappings   which are between regions which smoothly decay towards their borders,   thus reducing the blockiness, as well as improving the PSNR of the


reconstructed image. (11 Refs.)





38.Title:        Objective determination of branching angles in fractals ,  Arrault, J.; Pouligny, B, Centre de Recherche Paul Pascal, CNRS, Pessac, France


Journal:      Journal de Physique I [General Physics, Statistical  Physics, Condensed Matter, Cross-Disciplinary Physics]  Vol: 6  Iss: 3  p. 431-41 ,1996


Abstract:     We propose an objective pattern recognition procedure to   determine branching angles in 2-dimensional fractals. Recognition is   performed by correlating the object with V-shaped identifiers. We


define a quantitative criterion to prove the existence of   characteristic branching angles in such figures. The whole procedure   is tested on a mathematical (snowflake) fractal and then applied to a


few physical examples. A neat characteristic angle is found in   dendritic aggregates, in agreement with visual impression. However,   the procedure does not find any dominant branching angle in basic


Witten and Sander aggregates. (17 Refs.)


 


39.Title:        Using the centroid operator for faster multiresolution image compression and pattern recognition, Bonneau, R. ,Center for Telecommun. Res., Columbia Univ., New York, NY, USA


Journal:      Proceedings of the SPIE - The International Society for Optical Engineering


Vol: 2569  Iss: pt.2  p. 813-24 ,1995


Abstract:     It is possible to build a multiresolution image encoding   technique using the fractal transform. Fractal encoding methods rely   on measuring the least mean square difference between image blocks at   two different spatial scales for most efficient block matching. If   we, instead, compute the centroid of the blocks to be matched before   matching occurs and preserve this centroid information in the


encoding process we both speed up the encoding process and have   information that will allow us to interpret the shape of objects in   the encoded scenes. This ability may dramatically increase the speed


at which pattern identification in large volumes of image data may be   performed since less data would have to b processed for searches   over large number of images. (7 Refs.)


 


40. Title:        Visual pattern recognition using coupled filters, Monroe, S.E., Jr.; Juday, R.D.; Barton, R.S.; Qin, M.K. , Lockheed Eng. & Sci. Co., Houston, TX, USA


Journal:      Proceedings of the SPIE - The International Society for Optical Engineering Vol: 2463  p. 248-54 ,1995


Abstract:     Discusses the use of an optical correlator with a highly   coupled filter and dappled targets to track an object in a field of   view cluttered by background noise and/or similar objects. The   dappled targets are fractal images whose statistics are independent   of scale. Each is unique for tracking the targets. The authors report   the drop in correlation (hence recognition) of an object as a   function of in-plane rotation and as a function of range. The authors   discuss plans for an application in Johnson Space Center`s Automation   and Robotics group, in which correlation processing of these targets   would distinguish an object and pass its position and orientation to   a robot control system. Using MEDOF (minimum Euclidean distance   optimal filter) to create filters on the coupled filter modulator,   the authors show that background clutter can be optically filtered out. (6 Refs.)





41. Title:        Fractal image coding for efficient image data archiving and image enlargement, Gotting, D.; Ibenthal, A.; Grigat, R.-R. , Hamburg-Harburg Tech. Univ., Germany


Journal:      ITG-Fachberichte Iss: no.136  p. 125-32 ,1995


Abstract:     Fractal image coding shows considerable promise in the   compression of still and moving images as well as in image   enlargement. For coding support especially invariant features of


pattern recognition are suited. Methods have been developed to   achieve subjectively improved image quality with compression factors   up to 60 and magnifications up to 16 times. The computational cost


can be reduced significantly by optimisation in both applications.   (5 Refs.)





42.Title:        Very low bit rate data compression using a quality  measure based on target detection performance, Nahm, J.-W.; Smith, M.J.T. , Digital Signal Process. Lab., Georgia Inst. of Technol.,              Atlanta, GA, USA


Journal:      Proceedings of the SPIE - The International Society for Optical Engineering Vol: 2484  p. 246-55 ,1995


Abstract:     Compression of sensor data is important for transmission   and storage of digital infrared and SAR images. For speed and   economy, one would like to achieve the highest compression ratios


possible while preserving the critical information in the images,   i.e., target information. Conventional compression methods such as   JPEG, subband coding, fractal coding methods, and alike are tailored


to optimizing the reconstructed output to achieve the most   subjectively pleasing images possible. Their goal is to make the   reconstructed images look as close to the original as possible. In   the defense industry ATR paradigm, this is not the relevant   optimality criterion. Rather it is preservation of target detection


and recognition performance, a concept which is somewhat new in the   compression community. In this paper we report on a compression   strategy based on subband coding and vector quantization that can


achieve compression ratios in excess of 250 to 1, while maintaining   high levels of detection/recognition accuracy. (12 Refs.)


 


43. Title:        A fractal-based clustering approach in large visual database systems, Aidong Zhang; Biao Cheng; Acharya, R. , Dept. of Comput. Sci., State Univ. of New York, Buffalo,NY, USA


Journal:      Multimedia Tools and Applications  Vol: 3  Iss: 3  p. 225-44 ,1996


Abstract:     Large visual database systems require effective and   efficient ways of indexing and accessing visual data on the basis of   content. In this process, significant features must first be   extracted from image data in their pixel format. These features must   then be classified and indexed to assist efficient access to image   content. With the large volume of visual data stored in a visual   database, image classification is a critical step to achieve   efficient indexing and retrieval. We investigate an effective   approach to the clustering of image data based on the technique of   fractal image coding, a method first introduced in conjunction with   fractal image compression technique. A joint fractal coding   technique, applicable to pairs of images, is used to determine the   degree of their similarity. Images in a visual database can be categorized in clusters on the basis of their similarity to a set of   iconic images. Classification metrics are proposed for the   measurement of the extent of similarity among images. By   experimenting on a large set of texture and natural images, we   demonstrate the applicability of these metrics and the proposed   clustering technique to various visual database applications.   (34 Refs.)


 


44.Title:        Fractal compression of data structures, Szykier, A. , Affiliation:  CrossZ Int. Inc., Alameda, CA, USA


Conf. Title:  Proceedings of the 5th International Conference on Signal Processing Applications and Technology   p. 886-92 vol.2 ,1994


Abstract:     The application of fractal geometry to database   structures is demonstrated using existing technology. Fractal data   compression has the advantage of shrinking large amounts of data for


storage and analysis with minimal loss of information. Fractals   minimize the need for defining a specific database topology; a   property suitable in object-oriented design. Fractals represent the   atomic (smallest) element of information. The recursive properties of   fractals support the construction of relationships between atomic   elements and their derivatives: for instance in defining virtual   objects or groups. (0 Refs.)





45. Title:        An architecture for a three dimensional machine vision system for the visual understanding of three-dimensional environments, Van Der Merwe, R.L.; Ehlers, E.M. , Dept. of Comput. Sci., Rand Afrikaans Univ., Johannesburg, South Africa


Conf. Title:  ICARCV '94. The Third International Conference on Automation, Robotics and Computer Vision. Proceedings p. 1683-8 vol.3 ,1994


Abstract:     Ehlers (1987) defined a three-dimensional automaton for   the visual understanding of a three-dimensional environment. We   examine a possible practical implementation of this automaton. A


three-dimensional context digital structure automaton is used to gain   information about the objects in a three-dimensional environment. The   automaton is used in conjunction with a pyramid wavelet analyser and   a fractal recognizer to achieve visual understanding of an   environment. A pyramid wavelet transform is used in the pyramid   wavelet analyser to emulate a pyramid cellular acceptor as defined by  Rosenfeld (1990). The fractal recognizer is used to encode objects in   the environment and compare these objects to the data of objects   stored in a database. This approach has been used because fractals   can be used to encode objects in a way in which most transformations   and translations on an object would not change the encoded   information. We start out by examining a functional description of   the architecture after which we discuss each component in depth.   (8 Refs.)





46.Title:        Long-range (fractal) correlations in the LEDA database, Di Nella, H.; Montuori, M.; Paturel, G.; Pietronero, L.; Sylos Labini, F. ,  Obs. de Lyon, Saint-Genis-Laval, France


Journal:      Astronomy and Astrophysics  Vol: 308  Iss: 3  p. L33-6 ,1996


Abstract:     The latest redshift surveys show highly irregular   patterns of galaxies on scales of hundreds of megaparsecs such as   chains, walls and cells. One of the most powerful catalog of galaxies   is represented by the LEDA database that contains more than 36,000   galaxies with redshift. We study the correlation properties of such a   sample finding that galaxy distribution shows well defined fractal   nature up to R/sub s/ approximately=150h/sup -1/ Mpc with fractal   dimension D approximately=2. We test the consistency of these results   versus the incompleteness in the sample. (22 Refs.)





47. Title:        Binary PACT, Yoshii, H. , Canon Inc., Kawasaki, Japan


Conf. Title:  Proceedings of the 13th International Conference on  Pattern Recognition p. 606-10 vol.4 ,1996


Abstract:     The pyramid architecture classification tree (PACT) is a   novel pattern recognition algorithm which has good capabilities. PACT   is a kind of decision tree classifier, though the algorithm is   motivated from quite different backgrounds from conventional pattern   recognition algorithms. Moreover, PACT motivates us to propose a new   hypothesis 'a decision region in the feature space having fractal


characteristics'. A theoretical model of PACT, a random cantor set   problem, is proposed, and using the problem we argue that the   hypothesis requires 'iterative feature extraction', which is the key   point of PACT and what the conventional pattern recognition   algorithms lack. A binary PACT is proposed for an implicit evidence   of the hypothesis. (17 Refs.)





48. Title:        Intravascular ultrasound image interpretation, Nailon, W.H.; McLaughlin, S.; Spencer, T.; Ramo, M.P. , Dept. of Electr. Eng., Edinburgh Univ., UK


Conf. Title:  Proceedings of the 13th International Conference on Pattern Recognition p. 503-7 vol.3 ,1996


Abstract:     In this study, statistical and fractal texture analysis   was used to assess the ability of 30 MHz intravascular ultrasound   (IVUS) data, in raw and scan-converted form, to characterise   atherosclerotic plaque. Data from 3 different plaque groups was   assessed in the study: 1) loose fibrotic tissue; 2) dense fibrotic   tissue; and 3) calcium. The composition of each group was verified   from histo-pathological analysis, providing a Gold Standard from   which results were verified. Scan-converted images were used to   locate 33 regions of interest (ROI) within areas of known tissue   composition. Fractal and statistical textural features were computed   on ROI data in raw and scan-converted form. The results show the


ability of the method to discriminate between groups, in particular   they highlight the advantage of using the raw data over the   scan-converted data to assess coronary artery disease. (7 Refs.)





49.Title:        Application of high-order fractal feature to target  feature extraction, Wang Lijun; Yang Yihe; Zhao Yigong; Xiang Jianyong, Dept. of Tech. Phys., Xidian Univ., Xi'an, China


Journal:      Journal of Infrared and Millimeter Waves Vol: 15  Iss: 4  p. 271-4 ,1996, Chinese


Abstract:     Man-made air-target infrared images were analyzed using   fractal theory and the lacunarity feature was extracted for   recognition, which is a high-order fractal feature. In contrast to   the traditional image features, recognition using this feature will   have higher reliability and geometric invariance as shown by   experiments. (3 Refs.)





50. Title:        Analysis of complexity and fractal dimension of heart  rate variability, Liao Wangcai; Hu Guangshu; Yang Fusheng, Dept. of Electr. Eng., Tsinghua Univ., Beijing, China


Journal:      Journal of Tsinghua University Vol: 36  Iss: 5  p. 1-6 ,1996, Chinese


Abstract:     The analysis of heart rate variability (HRV) is a hot   point in ECG (electrocardiogram) analysis nowadays. The main   analysing methods of HRV are spectral analysis and some nonlinear


methods. The latter are mainly static. Making full use of the   nonlinear dynamics, the complexity and fractal dimension analysing   methods of HRV are presented here. Because these two methods can


extract information from short HRV signals, they are extended to   dynamical analysing methods accordingly. Two HRV signals are analysed   with these two methods respectively. One signal is collected from a   subject passing from clinostatic to orthostatic position, the other   signal is collected from a subject which is during a silent ischemic   episode. The results show that these two methods can detect the


physiological and pathological transient episodes of HRV. Therefore,   these two methods can be used to analyze HRV signals and those  signals similar to HRV. (7 Refs.)





51.Title:        Texture segmentation method considering optimum number of segmentation areas by using neural networks, Yoshimura, M.; Oe, S.; Shinohara, Y. , Fac. of Eng., Tokushima Univ., Japan


Conf. Title:  ICNN 96. The 1996 IEEE International Conference on Neural Networks (Cat.No.96CH35907)  p. 1640-5 vol.3


Abstract:     The automatic decision of the optimum number of   homogeneous areas which constitute an image is very difficult and   important task in the image segmentation problem. We propose a new


segmentation method of an image composed of some kinds of textures   with randomness by using both unsupervised and supervised neural   networks. After a texture image is divided into many small windows   with the same size, the feature vectors in those windows are   extracted by using two-dimensional autoregressive model and fractal   dimension. The clustering of feature vectors is performed to some   extent by applying Kohonen's self-organizing neural networks which   are unsupervised neural networks and the maximum candidate number of   the homogeneous areas in the image is obtained. Here we define the   evaluation function which measures the segmentation quality and   execute the further clustering of the feature vectors recursively to   be maximum candidate number by applying decision-based neural   networks which are supervised neural networks. Then the optimum   number of clusters is decided according to the value of the   evaluation function and the result of clustering feature vectors is


mapped to the original image. In numerical examples the validity of   this method is verified. (8 Refs.)





52.Title:        Combining tree and feature classification in fractal encoding of images, Bani-Eqbal, B.


Dept. of Comput. Sci., Manchester Univ., UK


Conf. Title:  Proceedings DCC'96. Data Compression Conference (Cat.No.96TB100013) p. 422


Abstract:     Summary form only given. One of the main problems with   fractal compression of images is the long encoding time, due to the   repeated search of the domain block pool. Faster search can be


achieved through block classification. This is done by grouping the   domain blocks independently and online into predefined classes. Only   the class of a range block is then searched for a matching domain.


Bani-Eqbal (1995) presented another method for speeding up the   search. It is based on an incremental evaluation of the distance   between two blocks. We structure the domain pool into a tree. For a


given range, we home onto a list of matching domains through a   pruning algorithm based on the evaluation procedure. In this work we   combine the tree method with the block classification to get an even   faster search. In block classification the classes are stored without   any additional structure, usually as lists, and searched linearly   until a best match is found. We should expect an enhancement if we


arrange the classes into trees, and use the tree algorithm for the   search. Another way to view this is to regard the domain pool grown   into lots of small trees rather than one big one. A significant


speed-up is achievable. (2 Refs.)


 





53. Title:        Dynamical flow characterization of transitional and chaotic regimes in converging-diverging channels, Guzman, A.M.; Amon, C.H. , Dept. of Mech. Eng., Carnegie Mellon Univ., Pittsburgh, PA, USA


Journal:      Journal of Fluid Mechanics          Vol: 321  p. 25-57 ,1996


Abstract:     Numerical investigation of laminar, transitional and   chaotic flows in converging-diverging channels are performed by   direct numerical simulations in the Reynolds number range 10<Re<850.


The temporal flow evolution and the onset of turbulence are   investigated by combining classical fluid dynamics representations   with dynamical system flow characterizations. Modern dynamical system


techniques such as time-delay reconstructions of pseudophase spaces,   autocorrelation functions, fractal dimensions and Eulerian Lyapunov   exponents are used for the dynamical flow characterization of


laminar, transitional and chaotic flow regimes. As a consequence of   these flow characterizations, it is verified that the transitional   flow evolves through intermediate states of periodicity,   two-frequency quasi-periodicity, frequency-locking periodicity, and   multiple-frequency quasi-periodicity before reaching a non-periodic   unpredictable behaviour corresponding to low-dimensional   deterministic chaos. Qualitative and quantitative differences in   Eulerian dynamical flow parameters are identified to determine the   predictability of transitional flows and to characterize chaotic,   weak turbulent flows in converging-diverging channels.   Autocorrelation functions, pseudophase space representations and   Poincare maps are used for the qualitative identification of chaotic   flows, assertion of their unpredictable nature, and recognition of   the topological structure of the attractors for different flow


regimes. (68 Refs.)





54.Title:        Neural network-based identification of chaotic systems, Bodruzzaman, M.; Zein-Sabatto, S.; Glover, C. , Center for Neural Eng., Tennessee State Univ., Nashville, TN, USA


Conf. Title:  Proceedings of the IASTED International Conference,  Modelling, Simulation and Control in the Process Industry    p. 79-82 ,1994


Abstract:     The issue of system identification (SID) is one of the   greater importance in the field of adaptive control systems. SID is   the process of constructing a mathematical model of a dynamical


system and identifying the unknown parameters in that assumed model   by using the prior knowledge of the actual response and sometimes the   input as well. In general, identification of a linear system results


in usable terms such as coefficients of the system differential   equation (in time domain) or transfer function (in frequency domain).   However, the identification of nonlinear chaotic systems are obtained


by representing and modeling the system response in its state space.   In a state space, chaotic systems are characterized by some   fractional value of a parameter such as fractal dimension, Lyapunov


exponent, Kolmogorov entropy etc. In this work, chaotic systems are   simulated and identified by using a feedforward neural network. We   found that the chaotic systems can be modeled by a two layer network when only the Delta learning is applied to the first layer and   Widrow-Hoff learning rule to the second layer. The procedures for   neural network-based chaotic system identification are described and


simulation results on several chaotic systems are presented. The   characteristics parameters such as correlation dimension and Lyapunov   exponents of the original simulated signal and the network synthetic


signals are compared. The results are very promising and can be   applied to any chaotic dynamical systems for modeling, identification   and control of states. (11 Refs.)





55.Title:        Parallelism via homomorphisms, Grant-Duff, Z.N.; Harrison, P.G. , Dept. of Comput., Imperial Coll. of Sci., Technol. & Med., London, UK


Journal:      Parallel Processing Letters  Vol: 6  Iss: 2  p. 279-95 ,1996


Abstract:     A methodology for the identification of homomorphisms in   high level functional language specifications is presented and their   role illustrated with a series of examples. These include the


synthesis of a fractal-based algorithm for image decompression and a   logarithmic parallel simulation of a single server,   first-come-first-served queue. (23 Refs.)





56. Title:        Application of chaos theory in identification of two-phase flow patterns and transitions in a small, horizontal, rectangular channel,  Cai, Y.; Wambsganss, M.W.; Jendrzejczyk, J.A. ,  Div. of Energy Technol., Argonne Nat. Lab., IL, USA


Journal:      Transactions of the ASME. Journal of Fluids Engineering Vol: 118  Iss: 2  p. 383-90 ,1996


Abstract:     Various measurement tools that are used in chaos theory   were applied to analyze two-phase pressure signals with the objective   of identifying and interpreting flow pattern transitions for   two-phase flows in a small, horizontal rectangular channel. These   measurement tools included power spectral density function,   autocorrelation function, pseudo phase plane trajectory, Lyapunov   exponents, and fractal dimensions. It was demonstrated that the   random-like pressure fluctuations characteristic of two-phase flow in   small rectangular channels are chaotic, and governed by a high-order   deterministic system. The correlation dimension is potentially a new   approach for identifying certain two-phase-flow patterns and   transitions. (37 Refs.)





57. Title:        Detection of nonlinear dynamics in short, noisy time  series, Barahona, M.; Chi-Sang Poon


Dept. of Phys., MIT, Cambridge, MA, USA


Journal:      Nature   Vol: 381  Iss: 6579  p. 215-17 ,1996


Abstract:     The accurate identification of deterministic dynamics in   an experimentally obtained time series can lead to new insights   regarding underlying physical processes, or enable prediction, at


least on short timescales. But deterministic chaos arising from a   nonlinear dynamical system can easily be mistaken for random noise.   Available methods to distinguish deterministic chaos from noise can


be quite effective, but their performance depends on the availability   of long data sets, and is severely degraded by measurement noise.   Moreover, such methods are often incapable of detecting chaos in the


presence of strong periodicity, which tends to hide underlying   fractal structures. Here we present a computational procedure, based   on a comparison of the prediction power of linear and nonlinear


models of the Volterra-Wiener form, which is capable of robust and   highly sensitive statistical detection of deterministic dynamics,   including chaotic dynamics, in experimental time series. This method


is superior to other techniques when applied to short time series,   either continuous or discrete, even when heavily contaminated with   noise, or in the presence of strong periodicity. (21 Refs.)





58.Title:        Self-similar set identification in the time-scale domain, Heidari, S.; Tsihrintzis, G.A.; Nikias, C.L.; Jonckheere, E.A. , Dept. of Electr. Eng. Syst., Univ. of Southern California, Los Angeles, CA, USA


Journal:      IEEE Transactions on Signal Processing Vol: 44  Iss: 6  p. 1568-73 ,1996


Abstract:     We study the wavelet transform of deterministic   self-similar signals and derive their properties, as well as a new   algorithm for identification of the self-similarity parameter. We


also include such applications as characterization and analysis of   real chaotic signals in the presence of additive noise. (12 Refs.)


 


59. Title:        Fractal connection structure: a simple way to improve generalization in nonlinear learning systems,  Chakraborty, B.; Sawada, Y. , Res. Center for Electr. Commun., Tohoku Univ., Sendai,           Japan


Journal:      IEICE Transactions on Fundamentals of Electronics, Communications and Computer Sciences        Vol: E79-A  Iss: 10  p. 1618-23 ,1996


Abstract:     The capability of generalization is the most desirable   property of a learning system. It is well known that to achieve good   generalization, the complexity of the system should match the


intrinsic complexity of the problem to be learned. In this work,   introduction of fractal connection structure in nonlinear learning   systems like multilayer perceptrons as a means of improving its


generalization capability in classification problems has been   investigated via simulation on sonar data set in underwater target   classification problem. It has been found that fractally connected


net has better generalization capability compared to the fully   connected net and a randomly connected net of same average   connectivity for proper choice of fractal dimension which controls


the average connectivity of the net. (15 Refs.)


 


60.Title:        TurboBrain: a neural network with direct learning based on linear or non-linear threshold logics, Dubois, D.M.; Resconi, G.; Raymondi, A, Inst. de Math., Liege Univ., Belgium


Conf. Title:  Computer Aided Systems Theory - CAST '94. 4th  International Workshop. Selected Papers


p. 278-94


Abstract:     This paper deals with a significant extension of the   neural threshold logic pioneered by McCulloch and Pitts (1943). The   output of their formal neuron is given by the Heaviside Function with


an argument depending on a linear weighted sum of the inputs and a   threshold parameter. All Boolean tables cannot be represented by such   a formal neuron. For example the exclusive OR and the Parity problem   need hidden neurons to be resolved. Dubois (1990) proposed a   nonlinear fractal neuron to resolve the exclusive OR problem with   only one single neuron. Then Dubois and Resconi (1993) introduced the   nonlinear threshold logic, that is to say a Heaviside Function with a


nonlinear sum of the inputs which can represent any Boolean tables   with only one neuron, where the Dubois' nonlinear neuron model is a   Heaviside Fixed Function. In this framework the supervised learning


is direct, that is to say without recursive algorithms for computing   the weights and threshold, related to the new foundation of the   threshold logic by Resconi and Raymondi (1993). This paper reviews


the main aspects of the linear and nonlinear threshold logic with   direct learning and applications in pattern recognition with the   software TurboBrain. This constitutes a new tool in the framework of


neural CAST, Computer Aided Systems Theory and Technology. (17 Refs.)





61. Title:        Fractal connection structure: effect on generalization in supervised feed-forward networks


Chakraborty, B.; Sawada, Y. ,Res. Inst. of Electr. Commun., Tohoku Univ., Sendai,  Japan


Conf. Title: ICNN ‘96, The IEEE International Conference on Neural Networks,Cat No96CH3590, p264-9 Vol 1, ,1996


Abstract:     Fractal connection structure within the layers of a   multilayered feedforward net has been studied in this paper. Fractal   connection structure ensures modularity, easy hardware implementation   and resembles biological neural system more closely than fully   connected layered architecture. Simulation on sonar signal for   underwater target classification problem shows that fractal net with   fractal dimension around .9 with average connectivity 80% performs   better than the fully connected net of same size (same number of   neurons) in terms of classification accuracy and generalization   behaviour to unseen samples. (11 Refs.)





62. Title:        Texture image segmentation by genetic algorithms, Yoshimura, M.; Oe, S. , Dept. of Inf. Sci. & Intelligent Syst., Tokushima Univ., Japan


Conf. Title:  Proceedings of 1996 IEEE International Conference on Evolutionary Computation (ICEC'96) (Cat. No.96TH8114)   p. 125-30


Abstract:     Recently, genetic algorithms (GAs) have been widely   applied to various optimisation problems. One of their application   areas is combinatorial optimization. In this paper, we formulate an


image segmentation problem as a combinatorial optimization and   propose a method to segment an image composed of various randomized   textures by using GAs. After a considered image has been divided into   many small rectangular windows with the same size, the 2D   autoregressive model, fractal dimension, mean and variance extracted   from the data in each small window are used as a feature vector of   that window. After clustering the feature vectors, the clustering   evaluation function is examined, based on the total variance of the   feature vectors in each cluster. Then, in order to obtain the optimum


value of the evaluation function, clustering optimization is   performed recursively by using genetic operations, such as crossover,   mutation and selection. In numerical examples, the efficacy of the


proposed segmentation method is verified. Furthermore, we also   explore hybrid algorithms of GAs and Kohonen self-organizing neural   networks, and compare the processing time of the method using GAs and   that using the hybrid algorithms. (6 Refs.)





63. Title:        Predictive fractal interpolation mapping: differential speech coding at low bit rates


Zhicheng Wang


Conf. Title:  1996 IEEE International Conference on Acoustics, Speech, and Signal Processing Conference Proceedings (Cat.No.96CH35903) p. 251-4 vol. 1


Abstract:     In traditional linear prediction coding of speech, the   vocal tract is represented by an AR model and the model is based on   sample prediction. This paper proposes a new prediction model using


iterated function systems (IFS) for vector modeling of arbitrary   discrete sequence. The inverse algorithm for model parameter   estimation is addressed, which is different from the inverse problem


of the normal linear fractal interpolation. Furthermore, a new   differential vector coding scheme using the new technique is   presented, which also broadens the IFS implementation because of the


backward prediction and differential vector usage. The model of   predictive fractal mapping has very good potentials for low bit rate   speech compression, for instance, vector prediction mode and less


model parameters related to the waveform shapes. It is a new area of   speech coding, particularly, at low bit rates. The coding scheme   presented is novel and unique and has great potential applications.   (8 Refs.)


 


64. Title:        Piecewise self-affine fractal modelling of linear prediction excitations in speech compression


Vera, E.; Kinsner, W. , Dept. of Electr. & Comput. Eng., Manitoba Univ., Winnipeg, Man., Canada


Conf. Title:  1996 Canadian Conference on Electrical and Computer Engineering. Conference Proceedings. Theme: Glimpse into  the 21st Century (Cat. No.96TH8157)    p. 712-15 vol.2


Abstract:     A technique for modelling speech excitations using   fractal interpolation is presented. The fractal interpolation   techniques used are based on iterated function systems (IFS). Two


iterated function system models are used: the self-affine model and   the piecewise self-affine model. The self-affine model is found to be   inefficient for the purpose of representing excitations. The


piecewise self-affine model is found to give a better model for the   speech excitations. A low bit-rate speech coder is implemented using   the piecewise self-affine fractal model. (11 Refs.)





65.Title:        Financial time series prediction using artificial intelligence techniques, Castillo, O.; Melin, P.


Journal:      Zeitschrift fur Angewandte Mathematik und Mechanik Vol: 76  Iss: suppl., no.3  p. 393-4 ,1996


Abstract:     The present paper describes a computer program that is an   implementation of a new algorithm for discovering mathematical models   for financial time series prediction, combining artificial


intelligence methodology with dynamical systems theory, fractal   theory and statistical methods. Given a financial time series for a   specific problem, the computer program develops mathematical models


based on the geometry of the data, using three different approaches;   dynamical systems, fractals and statistics. The program then analyzes   all of the mathematical models obtained before to make a selection of   the model that will give us the best prediction for the financial   time series. The selection is done by the program using a combination   of heuristics and calculations that are contained in the knowledge   base. (4 Refs.)


 


66. Title:        Self-similar traffic and its implications for ATM network design, Changcheng Huang; Devetsikiotis, M.; Lambadaris, I.; Kaye, A.R. ,  Dept. of Syst. & Comput. Eng., Carleton Univ., Ottawa,


Ont., Canada


Conf. Title:  ICCT'96. 1996 International Conference on Communication  Technology Proceedings (Cat. No.96TH8118) p. 1053-6 vol.2


Abstract:     Self-similar (or fractal) stochastic processes have been   proposed as more accurate models of certain categories of traffic   (e.g., Ethernet traffic, variable-bit-rate video) which will be


transported in ATM networks. Self-similar processes exhibit a long   range dependence structure which is not the case for traditional   models. The distinct differences between these two classes of models,


have significant implications for performance prediction and network   design. We describe simulation results using both synthetic   self-similar processes and empirical video traces. Based on these


simulation results, we analyze certain existing congestion control   schemes and show that, although these schemes may be promising under   traditional models, they face serious challenge under self-similar


models. (21 Refs.)


 


67. Title:        A novel approach to optical character recognition based  on ring-projection-wavelet-fractal signatures, Tang, Y.Y.; Li, B.F.; Hong Ma; Jiming Liu; Leung, C.H.; Suen, C.Y. , Dept. of Comput. Studies, Hong Kong Baptist Univ., Hong Kong


Conf. Title:  Proceedings of the 13th International Conference on  Pattern Recognition  p. 325-9 vol.2 ,1996


Abstract:     In this paper, we present a novel approach to optical   character recognition that utilizes


ring-projection-wavelet-fractal-signatures. In particular, the   proposed approach reduces the dimensionality of a two-dimensional   pattern by way of a ring-projection method, and thereafter, performs


Daubechies' wavelet transform on the derived one-dimensional pattern   to generate a set of wavelet sub-patterns, namely, curves that are   non-self intersecting. Further from the resulting non-self


intersecting curves, the divider dimensions are readily computed.   These divider dimensions constitute a new characteristic vector for   the original two-dimensional pattern, defined over the curves'   fractal dimensions. (13 Refs.)





68. Title:        Application of fractal theory to air-target recognition,   Wang Lijun; Yang Yihe; Zhao Yigong; Xiang Jianyong,  Dept. of Tech. Phys., Xidian Univ., Xi'an, China


Journal:      Journal of Infrared and Millimeter Waves  Vol: 15  Iss: 4  p. 267-70 ,1996


Abstract:     A new model based on fractal theory for the infrared   images of man-made air-targets was found. Fractal feature based on   geometric invariation was extracted, which is the variation of


fractal dimension of the target gray surface with scales. In contrast   to the traditional image features, recognition by this feature will   have a higher recognizing ability and reliability as shown by


experiments and theoretical analysis. (3 Refs.)





69. Title:        Document analysis by fractal signatures,  Hong Ma; Dihua Xi; Xiaogang Mao; Tang, Y.Y.; Suen, C.Y. , Dept. of Math., Sichuan Univ., Chengdu, China


Conf. Title:  International Association for Pattern RecognitionWorkshop on Document Analysis Systems


p. 422-42 ,1994


Abstract:     The article presents a revolutionary approach to document   analysis. The proposed approach is based on modified fractal   signature. Instead of the time consuming traditional approaches (top


down and bottom up approaches) where iterative operations are   necessary to break a document into blocks to extract its geometric   (layout) structure, this new approach can divide a document into


blocks in a single step. This approach can be used to process   documents with high geometrical complexity. Pilot tests have been   conducted to demonstrate the advantages of this approach. (11 Refs.)





70. Title:        On the use of IFS for track fusion ,  Li, J.; Yip, P.; Leung, H.; Bosse, E. , Commun. Res. Lab., McMaster Univ., Hamilton, Ont., Canada


Journal:      Proceedings of the SPIE - The International Society for Optical Engineering Vol: 2755  p. 323-34 ,1996


Abstract:     In a multiple radar tracking environment, measurements   from different sensors observing the same target or track are   required to be combined optimally in order to provide accurate   information. One problem that has to be overcome before a weighted   combination of the measurements can be made is the possible   difference in scanning periods used by the sensors. The different   scanning periods produce different resolutions that must be   reconciled before the data are fused. Iterated function systems (IFS)


have been used successfully for interpolation and data compression.   When a measured track is to be fused with another of different   resolution, the underlying problem is one of accurate interpolation.


Tracks, be they linear or curvilinear, have a certain amount of   self-similarity as a geometrical object, just as natural coastlines   are found to be fractal. Linear and piecewise linear IFS have been


shown to provide excellent interpolation and compression even for   non-fractal objects. In this work, we report two interpolation   schemes based on linear IFS for tracks measured at different


resolutions. Simulations using linear and curvilinear tracks are   performed and the results are compared to those using linear   interpolations. (5 Refs.)





71. Title:        Radar target recognition with fractal technology, Deng, L. , Dept. of Electr. Eng., Beijing Inst. of Technol., China


Journal:      Proceedings of the SPIE - The International Society for Optical Engineering Vol: 2759  p. 511-17 ,1996


Abstract:     This paper presents an approach to radar target   classification using fractal geometry techniques. The classification   techniques used here exploit the geometric nature of the target and


its effect on the backscattered signals. Target high range resolution   radar signatures are transformed into fractals via fractal   interpolation techniques, and their fractal dimension are used to


discriminate different targets. The results showed that different   targets have different fractal fractal dimensions and thus can be   discriminated according to their fractal dimensions. High range


resolution fully-polarized radar backscattered signals of five   aircraft at different aspects are used to test the algorithm. The   classification results presents in this paper are promising. The


experiments indicate that the fractal dimension feature used in this   paper seems to be independent of amplitude, thus is regarded as a   promising new way for radar target classification. It also shows that


this open up an entirely new feature space which needs to be explored   further in the field of radar target classification. (4 Refs.)





72. Title:        Recognition of low-contrast FLIR tank object based on  multiscale fractal character vector


Xue, D.; Zhu, Y.; Zhu, G.; Xiong, Y. , Dept. of Electron. & Inf. Eng., Huazhong Univ. of Sci. &


Technol., Wuhan, China


Journal:      Proceedings of the SPIE - The International Society for Optical Engineering Vol: 2756  p. 38-45 ,1996


Abstract:     Low-contrast FLIR tank object detection is a difficulty.   This paper presents a new method based on fractal geometry and   multiscale analysis for the target detection. A new metric called


multiscale fractal character vector which can distinguish man-made   objects and natural scenes is defined. And then a segmentation   algorithm based on this new metric is given. Finally, experimental


results have shown our method can give better segmentation results   than the usual segmentation method which is based on the H parameter   of only one scale image. (12 Refs.)





73.Title:        Two-dimensional fractional Brownian motion: wavelet  analysis and synthesis, Heneghan, C.; Lowen, S.B.; Teich, M.C. ,Dept. of Electr. Comput. & Syst. Eng., Boston Univ., MA,  USA


Conf. Title:  Proceedings of the IEEE Southwest Symposium on Image Analysis and Interpretation (Cat. No.96TH8166)  p. 213-17 ,1996


Abstract:     Two-dimensional fractional Brownian motion (2D FBM) is a   non-stationary random process that displays fractal (or self-similar   properties). Its correlation function and power spectral density both


follow power-law forms. Its fractal nature is characterized by a   self-similarity parameter, termed the Hurst (1951) exponent H. We   first demonstrate how a power-law spectral density arises from the


definition of 2D FBM. We then consider the wavelet transform of 2D   FBM, and show how it can be used to estimate H. Finally, we consider   the converse problem and demonstrate how wavelets can be used to   synthesize processes with power spectral densities close to those of   2D FBM. The results demonstrate that from an analysis point of view,   the wavelet transform of 2D FBM retains the self-similar properties


of the original signal, and can be used to estimate the   self-similarity parameter of the process. This parameter is important   in texture recognition, and as a measure of the roughness of a   fractal surface. (21 Refs.)
















































































Program listing 1:





// ref:p23,Dynamical systems and fractals


//logistic iteration


//rk


//970331


//logit.cpp





#include <stdio.h>


#include <math.h>


#include <graphics.h>


#include <conio.h>





float p,k;


int MaximalIteration;








void main(void)


{





 int i;





 printf("Logistics Iteration\n");


 printf("-----------------------------\n");


 printf("Start:.. hit<RETURN to continue\n");


 printf("Initial Population p (0 to 1) >");


 scanf("%f", &p);


 printf("Feedback Parameter k (0 to 3) >");


 scanf("%f", &k);


 printf("Max. Iteration Number >");


 scanf("%i", &MaximalIteration);





 for (i=0;i<MaximalIteration; i++)


 {


  p=p + k * p * (1-p);


  printf("After %i",i);


  printf("iterations p has the value: %6.4f ", p);


  printf("\n");


 }





 printf("To stop :..hit <RETURN> to continue ");





 getch();


}








Program listing 2:





//ref: p29,Dynamical systems and fractals


// time series graph


// rk


//970402


//timegraf.cpp





#include <stdio.h>


#include <math.h>


#include <graphics.h>


#include <conio.h>


#include <stdlib.h>





float p,k,pmax,pmin,kmax,kmin,mp;


int MaximalIteration,deltaSx,deltaSy,mdeltaSx,mdeltaSy,Sx1,Sx2,Sy1,Sy2,X,Y;


int omdeltaSx,omdeltaSy;





int main(void)


{


 int i;


 /* request auto detection */


 int gdriver = DETECT, gmode, errorcode;


 int midx, midy;


 char xrange[80], yrange[80];


 /* initialize graphics and local variables */


 initgraph(&gdriver, &gmode, "s:\\tc\\bgi");


 /* read result of initialization */


 errorcode = graphresult();


 if (errorcode != grOk)  /* an error occurred */


 {


  printf("Graphics error: %s\n", grapherrormsg(errorcode));


  printf("Press any key to halt:");


  getch();


  exit(1); /* terminate with an error code */


 }


 setbkcolor(EGA_BLUE);


 X = getmaxx();


 Y = getmaxy();





 Sx1=X/3;


 Sx2=2*X/3;


 Sy1=2*Y/3;


 Sy2=Y/3;


 line(Sx1,Sy1,Sx2,Sy1);


 line(Sx1,Sy1,Sx1,Sy2);


 settextstyle(2,0,4);


 outtextxy(Sx1,Sy1+textheight("W"),"Iteration");


 settextstyle(2,1,4);


 outtextxy(Sx1-3*textwidth("W"),Sy1-textwidth("p values"),"p values");





 printf("Population dynamics, time series\n");


 printf("-----------------------------\n");


 printf("Start:.. hit<RETURN to continue\n");





 printf("Initial Population p (0 to 1) >");


 scanf("%f", &p);


 printf("Feedback Parameter k (0 to 3) >");


 scanf("%f", &k);


 printf("Max. Iteration Number >");


 scanf("%i", &MaximalIteration);


 pmax=2.0;


 pmin=0.0;





 deltaSx=(Sx2-Sx1)/(MaximalIteration);


 deltaSy=(Sy1-Sy2)/(pmax-pmin);


 omdeltaSx=Sx1;


 omdeltaSy=Sy1;


 for (i=0;i<MaximalIteration; i++)


 {


  p=p + k * p * (1-p);


  mdeltaSx=deltaSx*(i)+Sx1;


  mdeltaSy=Sy1-deltaSy*(p-pmin);


  putpixel(mdeltaSx,mdeltaSy,EGA_GREEN);


  line(omdeltaSx,omdeltaSy,mdeltaSx,mdeltaSy);


  omdeltaSx=mdeltaSx;


  omdeltaSy=mdeltaSy;


 }


 printf("To stop :..hit <RETURN> to continue ");





 getch();


 /* clean up */


 closegraph();


 return 0;


}











Program listing 3:





//ref:p29,Dynamical systems and fractals


//Feigenbaum, forward and reverse


//rk


//970331


//fegenbam.cpp





#include <stdio.h>


#include <math.h>


#include <graphics.h>


#include <conio.h>


#include <stdlib.h>





float p,k,pmax,pmin,kmax,kmin,mp;


int MaximalIteration,deltaSx,deltaSy,mdeltaSx,mdeltaSy,Sx1,Sx2,Sy1,Sy2,X,Y;








int main(void)


{


 int i;


 /* request auto detection */


 int gdriver = DETECT, gmode, errorcode;


 int midx, midy;


 char xrange[80], yrange[80];


 /* initialize graphics and local variables */


 initgraph(&gdriver, &gmode, "s:\\tc\\bgi");


 /* read result of initialization */


 errorcode = graphresult();


 if (errorcode != grOk)  /* an error occurred */


 {


  printf("Graphics error: %s\n", grapherrormsg(errorcode));


  printf("Press any key to halt:");


  getch();


  exit(1); /* terminate with an error code */


 }


 setbkcolor(EGA_BLUE);


 X = getmaxx();


 Y = getmaxy();


 /* convert max resolution values into strings */


 Sx1=X/3;


 Sx2=2*X/3;


 Sy1=2*Y/3;


 Sy2=Y/3;


 line(Sx1,Sy1,Sx2,Sy1);


 line(Sx1,Sy1,Sx1,Sy2);


 settextstyle(2,0,4);


 outtextxy(Sx1,Sy1+textheight("W"),"k values");


 settextstyle(2,1,4);


 outtextxy(Sx1-3*textwidth("W"),Sy1-textwidth("p values"),"p values");





 printf("Feigenbaum Iteration\n");


 printf("-----------------------------\n");


 printf("Start:.. hit<RETURN to continue\n");





 printf("Initial Population p (0 to 1) >");


 scanf("%f", &p);


 printf("Feedback Parameter kmax (0 to 3) >");


 scanf("%f", &kmax);


 printf("Feedback Parameter kmin (0 to 3) >");


 scanf("%f", &kmin);


 printf("Max. Iteration Number >");


 scanf("%i", &MaximalIteration);


 mp=p;


 pmax=2.0;


 pmin=0.0;





 deltaSx=(Sx2-Sx1)/(kmax-kmin);


 deltaSy=(Sy1-Sy2)/(pmax-pmin);


 for (k=kmin;k<kmax;k=k+0.001)


 {


  p=mp;


  for (i=0;i<MaximalIteration; i++)


  {


   p=p + k * p * (1-p);


  }


  for (i=0;i<MaximalIteration; i++)


  {


   p=p + k * p * (1-p);


   mdeltaSx=deltaSx*(k-kmin)+Sx1;


   mdeltaSy=Sy1-deltaSy*(p-pmin);


   putpixel(mdeltaSx,mdeltaSy,EGA_GREEN);


  }


 }


 getch();


 clrscr();


 for (k=kmax;k>kmin;k=k-0.001)


 {


  p=mp;


  for (i=0;i<MaximalIteration; i++)


  {


   p=p + k * p * (1-p);


  }


  for (i=0;i<MaximalIteration; i++)


  {


   p=p + k * p * (1-p);


   mdeltaSx=deltaSx*(kmax-k)+Sx1;


   mdeltaSy=Sy1-deltaSy*(p-pmin);


   putpixel(mdeltaSx,mdeltaSy,EGA_GREEN);


  }


 }





 printf("To stop :..hit <RETURN> to continue ");





 getch();


 /* clean up */


 closegraph();


 return 0;


}











Program listing 4 :





//ref:p35,Dynamical systems and fractals


// parabola&diagonal, Graphical iterations


//rk


//970331


//grafit.cpp





#include <stdio.h>


#include <math.h>


#include <graphics.h>


#include <conio.h>


#include <stdlib.h>





diagonal(void);





float p,k,pmax,pmin,kmax,kmin,x,xmin,xmax;


float xs,ys,ps,y,ymax,ymin,nys,nxs,oxs,oys;


int MaximalIteration,deltaSx,deltaSy,mdeltaSx,mdeltaSy,Sx1,Sx2,Sy1,Sy2,X,Y;





int main(void)


{


 int i;





 /* request auto detection */


 int gdriver = DETECT, gmode, errorcode;


 int midx, midy;


 char xrange[80], yrange[80];


 /* initialize graphics and local variables */


 initgraph(&gdriver, &gmode, "s:\\tc\\bgi");


 /* read result of initialization */


 errorcode = graphresult();


 if (errorcode != grOk)  /* an error occurred */


 {


  printf("Graphics error: %s\n", grapherrormsg(errorcode));


  printf("Press any key to halt:");


  getch();


  exit(1); /* terminate with an error code */


 }


 setbkcolor(EGA_BLUE);


 X = getmaxx();


 Y = getmaxy();


 /* convert max resolution values into strings */


 Sx1=X/3;


 Sx2=2*X/3;


 Sy1=2*Y/3;


 Sy2=Y/3;


 line(Sx1,Sy1,Sx2,Sy1);


 line(Sx1,Sy1,Sx1,Sy2);





 printf("Graphical iteration\n");


 printf("-----------------------------\n");


 printf("Start:.. hit<RETURN to continue\n");








 printf("Initial Population p (0 to 1) >");


 scanf("%f", &p);


 printf("Feedback Parameter k (0 to 3) >");


 scanf("%f", &k);


 printf("Max. Iteration Number >");


 scanf("%i", &MaximalIteration);





 xmin=0;


 xmax=2;


 ymax=2.0;


 ymin=0.0;


 deltaSx=(Sx2-Sx1)/(xmax-xmin);


 deltaSy=(Sy1-Sy2)/(ymax-ymin);


 for (x=xmin;x<xmax;x=x+0.001)


 {


  y=x + k * x * (1-x);


  mdeltaSx=deltaSx*(x-xmin)+Sx1;


  mdeltaSy=Sy1-deltaSy*(y-ymin);


  putpixel(mdeltaSx,mdeltaSy,EGA_GREEN);


  diagonal();


 }


 x=p;


 oxs=Sx1;


 nxs=deltaSx*(x-xmin)+Sx1;


 oys=Sy1;





 for(i=0;i<MaximalIteration;i++)


 {


 // line(oxs,oys,nxs,oys);


  y=x + k * x * (1-x);


  nys=Sy1-deltaSy*(y-ymin);


 // line(nxs,oys,nxs,nys);


  oxs=nxs;


  oys=nys;


  x=y;


  nxs=deltaSx*(x-xmin)+Sx1;


 }


 for(i=0;i<MaximalIteration;i++)


 {


  line(oxs,oys,nxs,oys);


  y=x + k * x * (1-x);


  nys=Sy1-deltaSy*(y-ymin);


  line(nxs,oys,nxs,nys);


  oxs=nxs;


  oys=nys;


  x=y;


  nxs=deltaSx*(x-xmin)+Sx1;


 }





 printf("To stop :..hit <RETURN> to continue ");





 getch();


 /* clean up */


 closegraph();


 return 0;


}





diagonal()


{


 y=x;


 mdeltaSy=Sy1-deltaSy*(y-ymin);


 putpixel(mdeltaSx,mdeltaSy,EGA_GREEN);


 return(0);


}











Program listing 5:





//ref:p56,Dynamical systems and fractals


//prev:parabola&diagonal, Graphical iterations


//parabolic attractor


//rk


//970401


//parattr.cpp





#include <stdio.h>


#include <math.h>


#include <graphics.h>


#include <conio.h>


#include <stdlib.h>





diagonal(void);





float p,k,kmax,kmin,x,xmin,xmax,y,ymax,ymin;


int MaximalIteration,deltaSx,deltaSy,mdeltaSx,mdeltaSy,Sx1,Sx2,Sy1,Sy2,X,Y;





int main(void)


{


 int i;


 /* request auto detection */


 int gdriver = DETECT, gmode, errorcode;


 int midx, midy;


 char xrange[80], yrange[80];


 /* initialize graphics and local variables */


 initgraph(&gdriver, &gmode, "s:\\tc\\bgi");


 /* read result of initialization */


 errorcode = graphresult();


 if (errorcode != grOk)  /* an error occurred */


 {


  printf("Graphics error: %s\n", grapherrormsg(errorcode));


  printf("Press any key to halt:");


  getch();


  exit(1); /* terminate with an error code */


 }


 setbkcolor(EGA_BLUE);


 X = getmaxx();


 Y = getmaxy();


 /* convert max resolution values into strings */


 Sx1=X/3;


 Sx2=2*X/3;


 Sy1=2*Y/3;


 Sy2=Y/3;


 line(Sx1,Sy1,Sx2,Sy1);


 line(Sx1,Sy1,Sx1,Sy2);





 printf("Parabolic attractor\n");


 printf("-----------------------------\n");


 printf("Start:.. hit<RETURN to continue\n");





 printf("Initial Population p (0 to 1) >");


 scanf("%f", &p);


 printf("Maximum Feedback Parameter kmax (0 to 3) >");


 scanf("%f", &kmax);


 printf("Minimum Feedback Parameter kmin (0 to 3) >");


 scanf("%f", &kmin);


 printf("Max. Iteration Number >");


 scanf("%i", &MaximalIteration);





 xmin=0;


 xmax=2;


 ymax=2.0;


 ymin=0.0;


 deltaSx=(Sx2-Sx1)/(xmax-xmin);


 deltaSy=(Sy1-Sy2)/(ymax-ymin);





 for (k=kmin; k<kmax;k=k+0.01)


 {


  x=p;


  for (i=0;i<MaximalIteration;i++)


  {


   y=x + k * x * (1-x);


   mdeltaSx=deltaSx*(x-xmin)+Sx1;


   mdeltaSy=Sy1-deltaSy*(y-ymin);


  // putpixel(mdeltaSx,mdeltaSy,EGA_GREEN);


   x=y;


  }


  for (i=0;i<MaximalIteration;i++)


  {


   y=x + k * x * (1-x);


   mdeltaSx=deltaSx*(x-xmin)+Sx1;


   mdeltaSy=Sy1-deltaSy*(y-ymin);


   putpixel(mdeltaSx,mdeltaSy,EGA_GREEN);


   x=y;


  }


 }





 printf("To stop :..hit <RETURN> to continue");





 getch();


 closegraph();


 return 0;


}





diagonal()


{


 y=x;


 mdeltaSy=Sy1-deltaSy*(y-ymin);


 putpixel(mdeltaSx,mdeltaSy,EGA_GREEN);


 return(0);


}
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