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ABSTRACT 

Object recognition, a branch of pattem recognition, is to identify and localize one 

or more objects in a given scene. We have to determine what is present and where it is 

within the input image. Although great achievements have been made during the last 

decades, currently existing object recognition techniques have shortcomings like 

unreliability and inefficiency, general inadaptability, manual template marking heavily 

influenced by human factors, inability to recognize an object without a model, and so on. 

Any recognition problem can be formulated as a searching process and has to be guided 

in a controlled maimer. All search problems involve optimization, so object recognition 

requires optimization and control techniques. Reinforcement leaming is leaming how to 

behave given a situation and possible actions to maximize the total expected reward in 

the long mn, and therefore needs to be optimized. Most pattem recognition techniques do 

not combine reinforcement learning for feature understanding. In this dissertation, 

reinforcement learning is applied both to automatic template generation from a model 

image and to template matching within the input image. The newly designed affme 

parameter estimation algorithm provides reliable results based on information contained 

at all feature point locations. The points are extracted in the scale-space using isophote 

curvature extreme points, which are invariant to affine transformations. The affme 

parameter estimation algorithm is applicable to any kind of franslations, rotations, and 

scales, and moderate occlusions and deformations of the object to be recognized. 

Experiment results showed that the proposed set of algorithms are fast, efficient, and 

potentially robust. The automatic template generation algorithm, an efficient contour 

tracing one in gray-level images, can also be used in object recognition without a model. 

This is a new research field, and a great amount of future work needs to be done before 

an intelligent recognition system, as efficient as the human vision system, can be 

developed. 
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CHAPTER I 

INTRODUCTION 

An object recognition problem can be addressed from three aspects: model, image, 

and view. A model is a description of an object to be recognized. The image is the input 

containing a view of a set of features. A view provides constraints between a scene 

containing the object and the input image features. A view is restricted to affine 

transformations of the object. The difficulties of object recognition are due to the 

complexity and variability of objects in the images, occlusions, deformations, and various 

types of noise. 

Object recognition, a branch of pattem recognition, is to identify and localize one 

or more objects in a given scene. Things which need to be determined include what is 

present and where it is within the input image. Any recognition problem can be 

formulated as a searching process and has to be guided in an optimized fashion. 

Computer-based object recognition has been applied to robotics and autonomous 

navigation, surveillance, medical inspection, industrial inspection and assembly, and 

other occasions where precise measurements are required. 

Usually the object recognition problem can be categorized into two descriptions: 

feature- (or model-) based and appearance-based. Feature-based object representation 

works on the geometric features (like edges, comers, surfaces, and textures, extracted 

from an image to describe an object), while appearance-based representation uses 

similarity measures to test correlation between the model images and the input image. 

Human vision system uses both of these representations in a very efficient way. 

For feature-based recognition, there are three central issues: geometric features 

(extracted during low-level image processing), object models (aggregation of features, or 

shape information, formed during intermediate image processing), and correspondence or 

matching (between input image features and model features, implemented during high-

level image processing). High-level vision (model matching, image understanding, 

separation of objects in the input image) deals with image segmentation with semantic 



information. So object recognition incorporates image segmentation. Current research on 

object recognition is mainly focused on feature-based representation. 

One of the geometric features, edges, of objects can be detected by a combination 

of gradient and threshold detectors such as Laplacian of a Gaussian edge detector. Canny 

edge detector, Hueckel operator. Kitsch operator, Roberts operator, and many others. 

More advanced edge detection techniques (like graph searching and dynamic 

programming) involve edge tracing as well. Currently the standard edge detection scheme 

widely used is the Canny edge detector. Most edge detection operators produce edges that 

are not connected. The broken edges need to be repaired to obtain the shape information 

of the object. Edge linking can be carried out by local processing, generalized Hough 

transform, graph searching, and classical dynamic programming. 

Comer, an affine-transform invariant, is another common geometric feature used 

during low-level processing and correspondence. Comer detection techniques can be 

divided into two groups [37]. The first group uses chain code to extract edges and then 

searches for points with extreme curvatures. The second group works on gray-level 

images directiy, which is the most popular group at present. A measure of the local 

comemess is defined as the product of the gradient magnitude and the rate of change of 

the gradient direction. Among all the comer detectors, Harris comer detector is used most 

during present-day research. 

Since the correspondence of input image features to model features is a 

constrained combinatorial optimization problem, approximate optimization techniques 

have to be utilized. The optimization is carried out based on an optimization criterion, 

called a cost or reward function, formed according to some physical laws. Currently there 

are many ways to establish a cost function. Deformable models is a physics-based 

technique for representing, reconstmcting, recognizing and manipulating nonrigid curves, 

surfaces, and solids from images or image sequences. Borrowing concepts from 

mechanical engineering, researchers have tried various forces as well as external and 

internal energies to deform the given template to an optimal position through minimizing 

its cost function. Deformable models are especially good for medical image analysis 



because biological stmctures deform a lot with irregular shapes. Active shape model is 

another technique attracting a lot of research effort. This technique deforms the template 

based on the shape model and the gray-level model within the appropriate region of the 

image. Model-based matching using dynamic programming found its application in 

character recognition and in other segmentation problems. Markov random field (MRF) 

theory, a stochastic theory, provides a foundation for characterization of contextual 

constraints and the derivation of the probability distribution of interacting features, and a 

systematic approach for deriving optimality criteria such as those based on maximum a 

posteriori (MAP) concept. Neural networks have been used for pattem recognition since 

the early 1960's. They can be considered as implementation of statistical classifiers [64]. 

This optimization technique found its application in object recognition in the early 

1990's. One area in object recognition using neural nets is face recognition. 

Reinforcement leaming is leaming how to behave given a situation and possible 

actions to maximize the total expected reward in the long mn. It is also an optimization 

technique. Unlike the supervised leaming, there is no teacher for the reinforcement 

learner. The agent (the leamer and decision-maker) improves its own behavior through 

interaction with its environment. Any decision the agent makes will incur an immediate 

reward or punishment. According to literature review, this advanced optimization 

technique has not been addressed by many. 

Great achievements have been made during the past decades. However, the 

following observations reveal the existing problems, which will be explained in Chapter 

n, and will be addressed in this dissertation: 

• Object recognition is still in its early stage. No generalized recognition system has 

been developed. Current object recognition systems only work in their own 

specialized situations. 

• Human vision system can incorporate feature-based object representation and 

appearance-based representation very efficienUy, future object recognition 

systems should combine these two representations together to improve their 

performance. 



• Current recognition systems are off-line and very time-consuming, fast and more 

robust ones need to be implemented. 

• Current feature matching algorithms are very tedious or not very reliable. False 

positives should be avoided in future recognition systems. 

• Current model templates for feature-based representation are prepared manually, 

which is a tedious process heavily affected by human factors. 

• Current deformable model techniques can not converge to the right place when 

the template is not put closely enough to the real contour. 

• There is no efficient border tracing algorithm for gray-level images, and most 

contour or silhouette detection techniques are for binary images (binarized gray-

level images). 

• Model-based object recognition techniques should include texture information as 

well as gradient-related features. 

• The human vision system can recognize an object in an image even without a 

model, so a technique for recognizing objects independent of models should be 

developed. 

The objectives of this research are as follows: 

• To closely imitate the human vision system and produce an intelligent object 

recognition system; 

• To design a system which can learn merits from existing techniques and 

overcome their shortcomings; 

• To design a system which is fast and efficient, and has adaptability to various 

situations. 

An automated object recognition methodology through reinforcement leaming has 

been proposed in this dissertation. The proposed solution to object recognition problem 

has been developed in following three distinct stages: 

• Automatic template generation from a reference (model) image through 

reinforcement leaming; 



• Estimation of affine transform parameters for the reference image and the input 

image; 

• Matching of affine transformed reference template within the input synthesized 

image through reinforcement leaming. 

The following aspects will reflect the original contributions of this work: 

• Reinforcement leaming is different from supervised leaming: supervised leaming 

goes through examples not through interactions. 

• Reinforcement leaming is different from unsupervised leaming: imsupervised 

leaming has no teacher, no interaction with the environment, just the lump of data 

with a cost function. 

• Reinforcement leaming is different from feedback control: feedback control is 

mainly used to stabilize a system, no optimal value function is available for it. 

• Reinforcement leaming has not been really applied to object recognition before 

based on literature review. 

• The entire process developed in this dissertation has not been implemented 

before. 

• Current work on object recognition without a model is new in the sense of 

feature-based representations. 

This dissertation has been organized into seven chapters. Chapter I introduces the 

problems in the existing object recognition techniques and proposes the design of an 

object recognition system through reinforcement leaming. Chapter II summarizes the 

existing object recognition methodologies. Chapter III presents a brief description of the 

theoretical background used throughout this work. Chapters IV, V, and VI expound the 

three stages of object recognition proposed with experimental studies at the end of each 

of these chapters. Chapter VII concludes this dissertation. 



CHAPTER II 

EXISTING METHODOLOGIES IN OBJECT RECOGNITION 

2.1 Object Recognition 

Object recognition, a branch of pattem recognition, is to identify and localize one 

or more objects in a given scene. We have to determine what is present and where it is 

vsithin the input image. Any recognition problem can be formulated as a searching 

process and has to be guided in a controlled manner [1]. All search problems involve 

optimization, so object recognition requires knowledge in optimization and control 

techniques. Computer-based object recognition has been applied to robotics and 

autonomous navigation, surveillance, medical inspection, industrial inspection and 

assembly and other occasions where precise measurements are required. For an object 

recognition problem we need to have a clear understanding of three aspects: model, 

image and view. A model is a description of an object to be recognized. The image is the 

input containing a view of a set of features. A view provides constraints between a scene 

containing the object and the input image features. A view is restricted to affine 

fransformations (distortions) of the object. The difficulties of object recognition come 

from the complexity and variability of the object in images, occlusions and various types 

of noise. There are various types of object recognition problems according to the 

dimensionality of spatial descriptions: 2-D object recognition from a 2-D image, 3-D 

object recognition from a 2-D image, 3-D object recognition from a 3-D image (a range 

map), 3-D object recognition from multiple 2-D images, etc. 

The earliest industrial 2-D recognition system was the VS-100 Vision Module by 

SRI [10]. Two early systems for recognition of 3-D objects from single 2-D images were 

the ACRONYM system [11] and SCERPO system [12]. One of the first successfiil 

systems that recognized 3-D objects in range maps was the 3DP0 system for object 

orientation computation using graph matching [13]. Usually, recognition of 3-D objects 

using multiple 2-D images consists of projecting the images into a space of lower 

dimensionality (principal component analysis, discriminant analysis, and 



multidimensional scaling are among the techniques used here) in order to facilitate the 

search for a match in a database of known object models [14-17]. 3-D object recognition 

from 2-D images can be affected by unrestricted illumination conditions and can only 

analyze scenes with one object at a time. Search for a robust solution to overcome these 

restrictions is currenfly an active area of object recognition. 

In 1923, Max Wertheimer originated the Gestalt theory, according to which 

humans (and animals) impose organization on their sensory perceptions. He identified 

various principles of organization that appear to be used by the human vision system. 

Among his grouping principles was that of closure, meaning a tendency to perceive 

closed shapes in preference to open-ended lines. Hubel and Wiesel [4] did physiological 

smdies of the retina and the brain and suggested in 1962 that simple features such as bars 

with a particular orientation can be recognized by single neurons. Complex object 

stmctures would need firing of more specialized neurons which can recognize simple 

featiures individually. Physiological evidence appeared to confirm that the processing in a 

practical vision system could be divided into low-level (description) and high-level 

processing (understanding). Htunphreys and Bmce [5] presented the results of 

contemporary psychophysical and neuropsychological research, which largely dealt with 

the measurement of response time and accuracy of subjects performing simple 

recognition tasks when presented with target images for short intervals, milliseconds to 

hundreds of milliseconds. Cues (assisting recognition) and masks (hindering recognition) 

were presented shortly before and after the target stimulus. Both cues and masks were 

foimd to interact with low-level and high-level processing. 

Computerized object recognition started 40 years ago. It was believed that this is 

an easy vision problem because the human vision system can perform this task almost 

effortlessly. Unfortunately, even till today, this problem has still remained largely 

imsolved [2]. Very few reliable systems exist, those that work do so in very specific 

environments and adapt poorly to other circumstances [3]. MIT fellows (Roberts, Waltz, 

and Haugeland) started block recognition in the 1960s. The polyhedral objects to be 

identified had no surface texture. These block recognition systems mainly worked with 



edges and vertex data and could only recognize a few primitive shapes. Roberts' system 

[6] first performed low-level processing to identify the lines in an input image. These 

lines formed polygons and then were used to match against a small set of models 

(prisms). Guzman's system [7] was the first to use junctions of lines as the major source 

of information. Kanade [8] extended the block object to origami whose basic components 

were planar surfaces (cylinders and ellipsoids) rather than solid polyhedra (prisms). 

Kanade's method used a "Surface Connection Graph" to augment the junction dictionary 

with information about the surfaces meeting at the junction and constraints on their 

orientation. This method gave multiple interpretations to one object in the image. Most 

early work focused on region growing approaches to object recognition heavily relying 

on the image photometry and generating blobs approximating object stmctures. 

In 1980, Marr and Hildreth [9] pioneered the work which was an attempt made to 

identify the mathematical processes that are performed by the human biological 

mechanisms. The Marr paradigm suggested that human vision systems detect edges by 

finding the zero-crossings of the Laplacian of a Gaussian-filtered (smoothed) version of a 

given image. Much early research effort was in the application of computers to analyzing 

images (two-dimensional binary ones) to do character recognition. Most of today's 

model-based object recognition algorithms, more or less, use Marr's ideas in the low-

level image processing stage. 

2.2 Object Representations 

Usually the object recognition problem can be categorized into two descriptions: 

model-based and appearance-based [2]. Model-based object representation works on the 

geometric features, while appearance-based representation uses training through a large 

set of similar images. The human vision system uses both of these representations in a 

very efficient way. An appearance-based object recognition system must learn the objects 

for identification. To leam an object, the system is presented with multiple views of the 

same object at different orientations and various illumination conditions. The result is a 

set of images for the same object with high correlation among them. To ease the search 



for a corresponding object class for a given image, the large sets of images for all the 

model objects are compressed into low-dimensional representations of object 

appearances using principal component analysis (hoteling fransform). Consider every 

image to be a random column vector x with dimensionality N = uv (u = width, v = height 

in pixels). All the images for the same object should be highly correlated and lie in a 

cluster in the N-D space. The center of the cluster for the ith object is 

— 1 "' 

n 
(2.1) 

i j=i 

where ni - number of images for the ith object, Xy is the vector for the jth image of the ith 

object. The covariance matrix of the ith image data is 

1 -eS - -
Ci= rX(^u-^0(Xi j -Xi) ' 

^ i >• j = i 

(2.2) 

where T means franspose of die vector. If the desired model basis is M-D, an 

approximate representation of the jth image of the ith object is 

yij = 

4>: iM. 

( X i j - X i ) , (2.3) 

where ^-^, (jijj,..., <1)|M are the eigenvectors corresponding to the M largest eigenvalues of 

the covariance matrix C,. Because the covariance matrix is a real symmetric one, all its 

eigenvalues are distinct and its eigenvectors are orthogonal. In the M-D eigenspace, the 

ith object has ni points around its own cluster center. During the recognition process, the 

image with an object to be recognized is also projected into the M-D eigenspace. The 

decision is made according to the nearest Euclidean or Mahalanobis distance. The 

method requires that sample images for each model object be large enough, variations in 

illumination be small and the object to be recognized not be occluded. Even when these 

requirements are met, this recognition system can be applied to general occasions still 



with difficulty. This method has been used for recognition effaces. With the help of 

hidden Markov models, some of the problems with occlusions can be solved [25]. One 

advantage of the appearance-based method is that it is not necessary to build a model for 

each of the model objects. 

Betke and Makris [42] used the normalized correlation coefficient as a measure of 

matching between a hypothesized object and an image. The normalized correlation 

coefficient is defined as 

PTElT(x,y)T(x,y)-5;i ,(x,y)5;T(x,y) 
r = • 

x.y )^y 

p,XiT(x,y)-
x.y 

-i2 

E^T(x,y) 
x.y 

(2.4) 

ET(x,y) 
".y 

|p,XT'(x,y)-
x.y 

where px = number of pixels in the template image T whose gray-level values are 

nonzero; 

T - template image; 

IT = the part of the input image which contains the hypothesized object. 

The templates are generated on-line during the search by transforming model images. 

They used simulated annealing, which can reduce the search time by orders of magnitude 

with respect to an exhaustive search. To avoid false positive matches they proposed a 

method to select model images for robust object recognition by measuring the 

information content of the model images. A template T(x, y) is generated from model 

image M(x, y) by using three parameters: rotation parameter T (determining the directions 

of the template coordinates tx and ty), sampling parameters Sx and Sy(determining the 

number of samples along tx and ty). Four-point interpolation is used to define gray-level 

values of the newly seunpled points, so a template image is a rotated, scaled, and 

uniformly deformed version of the model image. The optimal match between the input 

image and the template is found by simulated annealing. The simulated annealing cooling 

process is iterative, controlled by the decreasing "temperature" parameter. Each iteration 

generates a template, and new test values for location, sampling and rotation parameters 

of the template are randomly perturbed from current values. The five optimized 

parameters are: location parameters (Cx and Cy), scaling parameters (Sx and Sy) and rotation 

10 



parameter x. If the correlation coefficient tj increases over rj.i, the new parameters are 

accepted in the jth iteration, otherwise they are accepted if exp[(rj-rj.i)/Tj]>^ (̂  is a 

direshold probability, Tj=To/j is the cooling temperatiire during the jth iteration. To is the 

initial temperature). 

For model-based (feature-based) recognition there are three central issues: 

geomefric features (like edges, comers, and surfaces, extracted from an image to describe 

an object during low-level image processing), object models (aggregation of features, or 

shape information, formed during intermediate image processing), and correspondence or 

matching (between input image feamres and model feamres, implemented during high-

level image processing). High-level vision (model matching, image understanding, 

separation of objects in the input image) deals with image segmentation with semantic 

information. Since object recognition incorporates image segmentation, any segmentation 

techniques can be used in some way during the process of object recognition. Current 

research on object recognition is mainly focused on model-based representations. 

2.3 Feature Extraction 

Edges can be detected by a gradient plus threshold detector, Laplacian of a 

Gaussian edge detector, Carmy edge detector [26], Hueckel operator, Kirsch operator, 

Roberts operator and many others. More advanced edge detection techniques (like graph 

searching and dynamic programming) involve edge tracing, too. Currently, a standard 

edge detection scheme widely used is the Carmy edge detector. Treating edge detection as 

a signal processing problem, Canny tried to design an "optimal" edge detector through a 

tradeoff between detection (no double edge, no missed edge and no spurious edge) and 

localization (labeled edge is the tme edge) by changing the spatial width of the edge 

detector. The input of a linear filter, f(x), is die edge, G(x), plus white-noise, n(x). Edges 

are marked at local maxima in die response of die linear filter applied to an image. The 

analytical cost function he used is 

SNR(f)xLocalization(f), (2.5) 

11 



where SNR(f) = output signal-to-noise ratio, SNR = 
f^G(-x)f(x)dx 

n,^J_;f^(x)dx 

Localization(f) = reciprocal of the root-mean-squared distance from the marked 

|£G'(-x)f(x)dx 
edge to die center of die tme edge. Localization = 

no^J_/"(x)dx ' 

W = impulse response width; 

no = mean-squared noise amplitude per unit length. 

According to the theory of matched filters, SNRx Localization will be maximized when 

f(x) = G(-x) in the interval [-W,W], so finding the edge G(x) is equivalent to designing 

the filter f(x). To avoid declaring multiple edges around the real edge, f(x) can not have 

too many responses (peaks in the response) to a single step edge in the vicinity of the 

step. The multiple response constraint is 

/ rW 

. ( f ) =71 

\ l / 2 

(2.6) 
I f"'(x)dx 
J-w ) 

where Xmax = distance between adjacent maxima in the noise response of f(x). It is very 

difficult to find a closed form of f(x), so numerical optimization is performed directiy on 

the sampled operator impulse response. The numerical optimization cost function is 

SNR(f )x Localization(f) -^ii^P^ (f), (2.7) 
i 

where Pj(f) = penalty incurred when a constraint is violated; 

Pi = penalty coefficient. 

During the iterative optimization process, discrete point-spread fiinction values of fare 

improved with the increase of p., to reduce violation of any constraint. Canny pointed out 

in his paper that the optimal Canny edge operator can be efficiently approximated by the 

first derivative of a Gaussian, G'(x), and 

.2 A 

G(x) = exp| - — ^ 
zc 

(2.8) 

12 



which agrees with die Marr's edge detection paradigm. Canny's approximation edge 

detection algorithm is as follows: 

• Find the local maximum of the directional derivative of the Gaussian blurred 

version of the given image I by solving the equation 

|1(G®.)=0 

where ® = convolution; 

n = gradient direction or normal direction of an edge, n = T--^ -r. 

|V(G®I)| 

• Non-maximal suppression. Set non-maximal gradient points to zero. Then 

threshold the gradient image using two thresholds Tl and T2 (called thresholding 

hysteresis). Any point with gradient greater that Tl will be labeled as an edge 

point; any point with gradient smaller than T2 will be eliminated from the edge 

point list. Points with gradient smaller than Tl and greater than T2 will be labeled 

as an edge point if it is connected with a labeled edge point. 

Both the approximated and non-approximated Canny edge operator suffer from false 

positives and false negatives because of the thresholding operation. Most edge detection 

operators produce edges that are not connected. The broken edges need to be repaired to 

obtain the shape information of the object. Edge linking can be carried out by local 

processing (using the local gradient value and its direction), generalized Hough transform 

(a template matching algorithm by voting in the Hough space using the gradient value 

and its direction and distance to a reference point within the template), graph searching (a 

minimum-cost search called the A* algorithm [27], using the gradient value and its 

direction to constmct nodes and weighted arcs between the nodes), and dynamic 

programming (a classical optimization technique in searching for a global optimal 

solution to some cost function constmcted from the image gradient [28]). 

The voting space of the generalized Hough transform method is comprised of the 

viewpoint parameters. In the two-dimensional case, the parameters are the angle of 

rotation, the translations of the object in any directions, and the scale at which an object 
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appears in the scene. For 3-D object recognition the Hough space becomes six- or seven-

dimensional (three dimensions for rotation, three for translation, and one for scaling). The 

generalized Hough transform implementation for the classification of 2-D rigid objects 

(only franslation) from 2-D images consists of the following steps: 

• Constmction of the R-table from a template. Select a reference (center) point 

within die template. Calculate gradient direction and directional distance to the 

reference point at each of the template points. Constmct a table sorted according 

to the gradient direction 

• Formation of grids in the Hough space. Initialize the accumulator at each grid 

point to zero 

• Matching the given image to the model template. For each edge point in the given 

image, calculate the gradient direction, then calculate all possible center 

coordinates according to the R-table, and then increment the accumulator array at 

the calculated point in the Hough space 

• A possible location of the center point is at the point with maximum 

accumulation. 

The classical dynamic programming (DP) technique, proposed by Bellman [31], 

has been applied to edge finding since 1971 [29]. This is a one-pass non-iterative 

multistage searching process in a deterministic environment in which not all state 

variables in the cost function are interrelated simultaneously. In Ballard's book [28], the 

cost function for edge tracing is the gradient value minus curvature with the consfraint 

that adjacent edge points should be 8-cormected neighbors. This algorithm does not need 

a model template to guide the search process. Geiger [35] also started from active contour 

landmark points and applied DP in the search of an enclosed contour. The above DP 

algorithms are not model-based, and a closed-loop template is not necessary. 

Comer, an affine-transform invariant, is another common feature used during low-

level processing and correspondence. Comer detection techniques can be divided into 

two groups [37]. The first group uses chain code to extract edges and then searches for 

points with extreme curvatures (calculated from coordinates or gradient directions of the 
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chain code points). The second group works on gray-level images directly, which is the 

most popular group at present. A measure of die local comemess is defined as the 

product of the gradient magnitude and the rate of change of the gradient direction. 

Comers are obtained by duesholding. Beaudet [38] proposed a comer operator called 

DET, 

DET = lJ^-ll, (2.9) 

where Lx, lyy, and Ixy = second-order partial derivatives of image intensity with respect to 

XX, yy and xy. According to differential geometry [39], DET is actually the Gaussian 

curvature 

I I -I' 
k k - "̂  yy "y o i m 

(l + I « + i ; / 

where kmax and kmin = principal curvatures orthogonal to each other. The elliptic extreme 

point where DET>T (T = threshold) is labeled as a comer point. Kitchen and Rosenfeld 

[40] started from differential geometry theory and derived the following measure of 

comemess 

j . ^ IxxIy+Y^ '^VxIy^ (2.11) 
X y 

which is the change of gradient direction along an edge contour multiplied by the local 

gradient magnitude (after non-maximum suppression). K actually is the second-order 

directional derivative along the direction perpendicular to the gradient. Harris and 

Stephen [41] defined the following comer response 

R(x,y) = Det(C) -kTrace'(C) (2.12) 

where C = 

I = the smoothed version of I with a Gaussian kemel; 

Det( C) = determinant of mafrix C; 

Trace(C) = sum of the diagonal elements of matrix C ; 
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k = a coefficient, set to 0.04 by Harris. 

Comers are attained by thresholding R. The Harris operator is the most widely used 

comer detector during this current research. 

2.4 Approaches to Object Recognition 

If adhering to the selection-indexing-correspondence approach to recognition 

formulated by Grimson [3], die recognition process can be divided into three phases: 

selection (what subset of the data correspond to an object?), indexing (which object 

model corresponds to die data subset?), and correspondence (which individual model 

features correspond to each data feature?). Selection, also called perceptual organization 

or perceptual grouping, provides a grouping of features diat are likely to belong to an 

object in a scene. Features may be edgels (edge elements), comers, textures, algebraic 

features such as line segments and conies, smooth curves represented as splines, and 

many others. Indexing is to pair model features in a database with input image features. If 

the model database is large, image measurements may be used to index into the model 

base more efficiently. Part of the image features are used for selection and indexing, the 

remaining model feamres will be used to establish the correspondence to the image 

features, so correspondence works as a verification of the hypothesis established during 

selection and indexing. Since the correspondence of image features to model features is a 

consfrained combinatorial optimization problem, approximate optimization techniques 

(like simulated annealing [23]) have to be used for large numbers of feamre sets. Shufelt 

[18] proposed the object recognition as another three steps: detection (classification of 

image pixels into regions corresponding to objects of interest), delineation (placement of 

region boundaries in image space which project precisely to physical boundaries in the 

object space), and recognition (attachment of semantic information to objects in a scene). 

Deformable models (stemming from the use of elasticity dieory) were formally 

proposed in the mid-1980s by Terzopoulos and coworkers [19, 20]. This is a physics-

based technique for representing, reconstmcting, recognizing and manipulating nonrigid 

curves, surfaces, and solids from images or image sequences. Some of the common sense 
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measures (like minimal distance and small curvature) have been endowed physical 

meanings (tension and rigidity). Borrowing concepts from mechanical engineering, 

researchers have tried various forces and extemal and intemal energies to deform the 

given template to an optimal position through minimizing a cost function of some kind. 

Deformable models are especially good for medical image analysis because biological 

stmctures deform a lot with irregular shapes. The most popular deformable models are 

"snakes" or deformable (or active) contour models [21]. A snake is an energy-minimizing 

spline guided by intemal constraint forces and influenced by image forces (extemal) that 

pull it toward features such as lines and edges with the assumption that the deformed 

curve is piecewise continuous and smooth. When a snake is embedded into an image, its 

energy can be expressed by 

E(v) = In(v)-hEx(v) (2.13) 

where v = v(s) = [x(s),y(s)] is the parametric representation of the snake with a 

parameter sG [0,1]; 

In(v) = snake intemal energy at point v: 

hi(v)=i; 
dv 

ds 
+ C. 

d\ 
ds' 

ds (2.13a) 

The first term is the tension energy (controlling distance between template 

points), and the second term is the bending energy (controlling curvature). Ct 

and Cs are energy term coefficients. 

Ex(v) = snake extemal energy at point v: 

Ex(v) = £p[v(s)]ds. (2.13b) 

P(v) is a potential fiinction caused by the image data. To let a snake deform 

toward local featiires (edges, comers, etc), P(v) should take minimum values 

at these feature locations. 

P(v) = -Cp|V(G®I)|, (2-13C) 

where Cp = extemal energy term coefficient; G = a Gaussian kemel. 
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A solution to minimize total energy E can be obtained by solving the static Euler-

Lagrange equation 

df^ ^y^. d'f^ d\\ 
ds '̂¥ -I--

as^ ds' 
+ VP(v) = 0. (2.13d) 

Deformable models will change their shapes within the images dirough time 

during iteration, so it is necessary to introduce the dynamic deformable models using an 

additional variable, time t. By adding the inertia force and the damping force, the Euler-

Lagrange equation becomes the Lagrange equation 

C; 
dt' 

dv df^dw^ a V ^ a'v^ 
+ C d — - — 

dt 8s •̂¥ -I--
as^ as^ 

+ VP[v(s,t)] = 0, (2.14) 

where Cj and Cd are the inertia and damping force coefficients. The above dynamic 

equation can be solved by numerical methods. This method can also incorporate user-

imposed constraint forces, such as balloon pressure forces [22] to attract the template to 

edges more reliably. 

Another active research area is the active shape model. Proposed by T. F. Cootes 

and C. J. Taylor [24], this technique deforms the template based on the shape model and 

the gray-level model within the appropriate region of the image. The shape model is 

generated by first labeling landmark points, then calculating the mean coordinates and 

finally using principal component analysis to determine the template (with a smaller 

number of points than that of the landmark points). The gray-level model is established 

by fitting the gray-level profiles along the "normal" of the contour at each of the 

landmark points according to minimal Mahalanobis distances from their mean values. 

Search for an object in the image is performed from coarse resolution to finer resolution. 

The new template points (within the allowable shape envelope) are determined by fitting 

the gray-level model to the input image to minimal Mahalanobis distances. The 3-D 

active shape model has been applied in medical image analysis [30]. Although 

application of active shape model to the 3-D case mostiy follows the procedures for the 

2-D case, the difficulty lies in the establishment of the 3-D models. Dickens et al. [30] 

developed a streamlined slice-by-slice volumetric landmarking scheme that requires no 
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prior segmentation of the object and directly produces a set of corresponding landmark 

points for each 3-D object in the training set. 

Model-based matching using DP found its application first in character recognition 

[32]. The reference model consists of a set of ordered strokes. The DP process optimizes 

the matching of the model shape and position to the input picture within a certain 

variation of each sfroke length. Closed-loop model matching using DP was implemented 

by Yamada [33] when he and coworkers tried to extract kidney glomemli in microscopic 

images. They used a polygonal model and die approximate cylindrical contour of the 

glomemli. Each glomemlus consists of a black membrane forming a more or less circular 

stmcture. Within each glomemlus, there is a dark mass occupying most of the area, 

surrounding the mass and next to the outer membrane is a white ring, which is fairly 

smooth but varying in thickness. The dynamic programming algorithm is applied 

segment by segment with a cost fiinction being the average gray -level values within 

each segment region. Each segment region has two points: a start point and an end point 

with the latter working as the start point of the next line segment. This pioneering work 

was successful for their special case, but their algorithm cannot be generalized to other 

complicated occasions. Amini et al. [34] applied DP to energy-minimizing active 

contours. They borrowed the cost function (energy) from active contour models [21]. The 

possible decision made at every stage is chosen from a new pixel and its eight neighbors. 

An initially placed enclosed curve close to the real contour deforms according to a DP 

optimization criterion. 

Tagare [36] also used the active contour energy as his cost function during DP 

optimization, but his search is not around a template pixel, instead, discrete points on 

orthogonal curves work as the possible states. He used three curves as the starting point, 

the template curve and outer and inner border curves to confine his search limits. The 

orthogonal curves are established like field lines while the two border curves act as the 

equipotential lines. Procedures of optimizing the contour are as follows: 

• Generation of a template and its orthogonal curves. Template C, inside bound 

cun^e Cin, and outside bound curve Cout (nonself-intersecting curves). The 
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purpose of this part is to calculate the orthogonal curves between Cout and Cjn 

passing through C. C can be expressed as 

C:e^[x(e) ,y(0)] . (6is a parameter). 

Suppose that diere is a function (l)(x,y), such that 

r(t)(x,y) = c„onCi„ • , , - , , • ^ 
i ,, , ^ (equipotential lines). 
[(t)(x,y) = C2<c„ on C ' ^ "̂  

The gradient frajectory Rg :r ^[x(e,r),y(e,r)] (tangent of die orthogonal curve 

or field line, r is the signed arc length of a point on the orthogonal curve to the 

base point on the template curve) is obtained by solving the coupled differential 

equations (which may provide more than one solution) 

dt 

x(e,r)~ 

y(e,r) 
V(^(x,y) - , . . . rx(e,0)) fxO)^ 

= ii =^ = n(x, y) with b.c. 
||V(t)(x,y)|| y(8,0) y(e) 

where n(x, y) = normal at (x, y). The smoothest (|)(x,y) is the solution of the 

Euler-Lagrange equation (a harmonic fiinction) 

2 rx(e,0)^ (x(Q)\ 
V (|)(x, y) = 0 with boundary condition = 

l̂ y(9,0)J [y(e)) 

Numerical solution is attained by a standard finite-difference successive 

overrelaxation method. C is sampled uniformly with N points, M points along 

the orthogonal curve are calculated between C and Cin for each value of 0. 

Another M points are calculated similarly between Cout and C. The 2M+1 points 

passing through a point on C (base point) are the sampled points of a continuous 

orthogonal curve between Com and Cin. There are N orthogonal curves and Nx 

(2M+1) sampled points. A deformed template in the template coordinate system 

can be expressed as 

rx(e,r(e))^ 
y(e,r(e))/ 

The deformed template can be mapped to the image coordinate system 

C : e ^ (2.15) 
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c':e 
^ v , 

—> 
x(e,r(0))^ 

y(0,r(0)) 
= P 

x(0,r(0))^ 
, P = pose transformation. 

y(0,r(0))^ 

The fransformed deformed template is an N-sided polygon with its k"" vertex 

represented by 

Vke{Xk.jJ = -M,...,0,...M}. 

Optimal C* is searched along the orthogonal curves within Cout and Cin. 

Net energies: The net energy is the weighted sum of intemal energy (associated 

only with the deformed curve itself) and extemal energy (combining the 

deformed curve with image pixel value information). The intemal energy is 

composed of proximity energy Ii and smoothness energy I2, extemal energy X is 

the net component of the image gradient along the outward normal of each side 

of the polygon. 

= -p ,2 ;5L j^nk -V^av, +(l-a)v,^,)da-H 
k=l 

N 

+ P 2 £ D ( V , -Xk.o) + p3E|l^(Vk -Xk,o)-D(v,„ -x,^,.o)| 
k=l k=l 

N 

=E^(Vk.Vk+i ) 
k=l 

(2.16) 

where p^ p^, p^ = coefficients for the energy terms, determined 

experimentally; 

D(Vi-Vj) = distance between point Vi and VJ; 

5 = a sign function, set to +1 when normal transition is from dark to 

light, -1 the other way; 

Lk = distance between Vk and Vk+i; 

Uk = normal at Vk; 

a = a factor deciding the location of the normal between Vk and Vk+i; 
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<P(Vk>Vk„) = -P i5L , [nk • VI(av, -t-(1 - a ) v , „ ) d a + 

+ P2D(Vk -X , ,O) + P3|D(V, - x , „ ) - D ( v , , , -x , , ,o ) | 

^(^k' Vk+i) is a function of only Vk and Vk+i, so the dynamic programming 

technique can be used to solve die optimization problem. 

• Search of optimal deformed curves in the image by dynamic programming. 

Pseudo-code of die algorithm is as follows 

for n = -M to M 

v,(n) = x,„ 

v;(n)= arg min { E J = arg min {(p(v,(n),v,) + (p(v,,v3)} 
''3e|Sj,,.J=-M.,.0,.. M) v,€(x,,,.j=-M....O,.. M) 

fork = 3toN-l 

v;(n)= arg min { E , } = arg min -̂ k-,.™„ + (P(V,,V,„)} 

»l . i6 (Xi . i , , . J=-M....O,.. Ml V i . |€ (x , . , ,. j=.M, .0.. M) 

end for k-loop 
v; (n)= a rg m i n {EN}= a rg m i n •^N-..,nm+<p(vN.v,(n))} 

"iSlxij .J'-M, .0... Ml V|e(x,,,,j=-M...O,. Ml 

end for n-loop 

desired polygon = {v*(n),i = 1,2,...,N}| 
ln=argmin{vN(n)} 

Markov random field (MRF) theory, a branch of probability theory, provides a 

foundation for characterization of contextual constraints and the derivation of the 

probability distribution of interacting features, and a systematic approach for deriving 

optimality criteria such as those based on the maximum a posteriori (MAP) concept [46]. 

MRF is defined as follows. Let F = {F,, F^,..., F„} be a family of random variables 

defined on a set S, in which each random variable Fi takes a value ft in a label set L 

(including the label NULL or 0). F is called a random field. F takes one of its 

configurations F , f = {f,,f2,...,f„}e F, i.e., F = fwithaprobability P(f) = P(F = f). F is 

said to be a Markov random field on S with respect to a neighborhood system N, 

N = {Nj I Vie S} (Ni can be 4-connected or 8-connected, and so on), if and only if 
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fP(f)>0, V f e F 

iP(f.|fs-(.,) = P(fi|fN,) ^ -̂̂ ^^ 

where fj.;;, = die set of labels at the sites in S-{i}; 

f̂^ = {fj. I i'e N J , the set of labels at the sites neighboring site i. 

The main issues for MRF are contextual constraints for image understanding, cost 

function for the optimization problem, and computational algorithms for finding the 

optimal solution. The labeling of a scene in terms of a model object is considered as an 

MRF problem, and the labeling of the MRF is obtained by using the MAP principle. An 

object or a scene is represented by features constrained by their properties or relations 

(bilateral or higher order) that convey the contextual constraints. Features, properties and 

relations can be denoted as a relational stmcture (RS), so object recognition is reduced to 

RS matching. Assume there are m features in the input image indexed by a set of sites S 

= {l,2,...,m}. These sites constitute the nodes of the RS. Each node i is associated with a 

vector di(i) composed of Ki unary properties (e.g., texture [49], color or area of a region, 

or length of a line segment) or unary relations, d,(i) = [d*'\i), d{ '̂(i), ....,d'i'^'^(i)]'^. Each 

pair of nodes (i,i'6 S, i'^ i) are related to each other by a vector d2(i,i') composed of K2 

binary relations (e.g., distance between points, angle between two line segments), 

d2(i,i') = [df (i,i'), d f (i,i'), ....,df ^'(i,i')]^. If the highest order of relations among 

these features is assumed to be H (>2), then the RS for an input image can be defined by 

g = (S,N,d) 

where d = the set of relations, d = {d,, d2,..., d^}. 

The RS for a model object is defined as 

g'=(L,N',D) 

where L = label set of the model image (e.g., labels can be edge or non-edge in edge 

detection); 

N' = a neighborhood system defined on model image features; 

D = set of relations for the model image, D = {D,, Dj,..., DH) 
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Relations of various orders impose unary, binary,..., H-ary consfraints on die 

featiires. Due to these consfraints, an image is seen as an integral part rather than as 

individual featiires. Model-based matching is considered as finding the optimal mapping 

(morphism) from die image RS to die model RS, 

f :g(S,N,d)^g ' (L,N' ,D), 

which maps each node in S to a node in L, i.e., f: S -^ L or f: d -^ D. The first- and 

second-order cliques are defined as 

C, ={{i}|i6S}, C2={{i,i '}|i '6N.,ieS}. 

If H=2, die energy term can be expressed as 

E(f) = 5;E,(f,)-HX 5:E,(f„f,), 
ieS ieS i'eS.iVi 

where E,(fi) = clique potential of the first-order. 

(2.18) 

E,(f.) = 

v,o, i f f i=0 

4vd^'(i)-D''^(f,)^ ^ . 
Z ; / (k )V ' otherwise. 

2{c'^') 

E2(fi,fi.)= clique potential of the second-order 

E3(fi,fr) = 

V20, if(i 'eNi)&(f.=Oorf.,=0) 

4^fe^^(i,i')-D'2^^(f„f,)r 
h 2(ary 
0, otherwise 

•, if(iVi)&(fj^O)&(fi, 9^0) 

where VIQ and V20 = nil penalty constants; 

PII''' J ^ variances of the noise components, k = 1,2, ..., Kn, and n = 1, 2. 

The Markov random field is equivalent to the Gibbs random field, the joint probability is 

E(f) 

(2.19) P(f) = E(f) 

f'€F 

An optimal solution f is the argument of maximum P(f). MRF can also be used in pose 

computation (affine parameter estimation). Urago [47] applied MRF to extract contours 

24 



from isolated edges. Kim and Yang [48] combined MRF and a feed forward neural 

network to solve image understanding problems. 

Neural networks have been used for pattem recognition since die early 1960s. This 

optimization technique found its application in object recognition in the early 1990s. The 

number of papers published in this area is much less than that of the above mentioned 

techniques. One area in object recognition using neural nets is face recognition. Usually 

the neural net can recognize an upright frontal face. The model face in a selected window 

is learned by die network first. Then diis window is applied to the input image. Output 

from the network decides whedier a face is present or not in the present window of the 

input image. This model window is applied many times in the input image [43]. To find 

smaller or larger faces than the model face, the input image has to be resampled. Rowley 

et al. [44] proposed a multiple feed forward network stmcture to detect a face or faces in 

any orientation. A "router" network first processes each input window to determine the 

facial orientation and then the "detector" network uses the "derotated" window to do face 

localization. The "router" network is trained by 20x20 windows of different resolutions 

of a "standard" face, obtained from 1048 model faces. In each face, the eyes, tip of the 

nose, and the comers and center of the mouth are manually labeled. Then all the faces are 

aligned according to minimal distances from the average feature locations. These labeled 

points work as the input to the neural nets. The output is actually a correlation function. 

Tu and Li [45] used a two-layer Hopfield neural network to do 3-D object recognition in 

aerial images. Their method matches exfracted edges and regions in input images with 

back-projected edges and regions from object models. The intercormection between the 

line layer and the region layer gives sfrong geometric constraints that force the system to 

converge to a stable situation if initial values of neuron states are appropriately selected. 

Reinforcement leaming is leaming how to behave given a situation and possible 

actions to maximize the total expected reward in the long mn. It is an optimization 

technique. Any optimization technique only gives optimal solutions according to its own 

cost function and may not be optimal at all to other optimization techniques. Raining may 

be good for drought areas, but it is not desired for die harvesting areas. "God" has to 
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decide his ovra action where to give rainwater according to the environment. Unlike 

supervised leaming, there is no teacher for the reinforcement leamer. The agent (die 

leamer and decision-maker) improves its own behavior through interaction with its 

environment. Any decision die agent makes will incur an immediate reward or 

punishment. Peng and Bhanu [50] used "confidence value" (a percentage of target pixel 

number over image pixel number) and "confidence level" (percentage of matching of 

model features to input image features) of model matching as a reinforcement signal for a 

team of leaming automata to search for segmentation parameters during training. The 

neural network stiucture is feed forward. Although they used the term "reinforcement 

signal", their work actually belongs to the supervised leaming category because they used 

a group of input images for training to get a better performance and the desired output 

(the teacher) is the confidence level of unity. For an image the system never saw before, 

the output result may not be satisfying because the trained segmentation parameters are 

actually part of the weights of die neural network. 

2.5 Summary 

In this section, currently existing popular object recognition techniques have been 

reviewed. Great achievements have been made during the past decades. But from the 

discussion of these techniques, it can be seen that 

• Object recognition is still in its early stages. No generalized recognition system has 

been developed. Currently existing object recognition systems only work in their 

own specialized situations. 

• The human vision system can incorporate model-based object representation and 

appearance-based representation very efficiently, future object recognition systems 

should combine these two representations together to improve their performance. 

• Currently existing recognition systems are off-line and very time-consuming, fast 

and more robust ones need to be implemented. 

• Currently existing feature matching algorithms are very tedious or not very reliable. 

False positives should be avoided in future recognition systems. 
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Currently existing model templates for model-based representation are prepared 

manually, it is a tedious process heavily affected by human factors. 

Currently existing deformable model techniques caimot converge to the right place 

when the template is not put close enough to the real contour. 

There doesn't exist an efficient border tracing algorithm for gray-level images, and 

most contour or silhouette detection techniques are for binary images (binarized 

gray-level images). 

Model-based object recognition techniques should include texture information as 

well as gradient-related features. 

The human vision system can recognize an object in an image even without a 

model, so a technique for recognizing objects independent of models should be 

developed. 

Reinforcement leaming is a very powerful optimization technique. Its potential in 

object recognition needs to be developed. 
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CHAPTER III 

THEORETICAL BACKGROUND 

In this dissertation, all die algorithms are based on reinforcement leaming and 

scale-space theory. The following is just a brief introduction to these two theories. 

3.1 Reinforcement Leaming [51. 52] 

Reinforcement leaming (RL) is a Markov decision process (MDP). An MDP has 

the following key ingredients: a set of decision epochs (stages, periods, or discrete time 

steps), a set of system (environment) states, a set of available actions, a set of immediate 

rewards or costs, dependent on states and actions chosen, and a set of transition 

probabilities, dependent on the states and actions chosen. Reinforcement leaming is 

composed of five elements: an agent, an environment, a policy, an immediate reward, and 

a value function. An agent is the leamer and decision-maker. The thing it interacts with 

over a sequence of discrete time steps, including everything outside the agent, is called 

the environment. Usually there is a model (for transition probabilities) of the 

environment, which may be knovm or unknown. A policy is a sequence of decision mles, 

and provides the agent with a prescription for choosing certain actions in any possible 

future state. A decision mle specifies the action to be chosen at a particular time. 

Implementing a policy generates a sequence of (immediate) rewards. An optimal policy 

is the one which maximizes this sequence of rewards. In the reinforcement leaming 

framework, decisions are made probabilistically, so total expected (long-term average) 

rewards are used to reflect some kind of fradeoffs. Reinforcement leaming comprises 

three leaming techniques: dynamic programming, Monte Carlo methods, and time 

difference leaming. 

Assume the set of decision epochs is represented by T, T = {1,2,.. .,N}, the set of 

all possible states S (the set of states at time t is S, 6 S, an element of S is represented by 

s, s, is a state at time t), the set of allowable actions A, A = U^^s^., (As is the allowable 

actions in state s, A^ = Ut^^A,,, A s,t denotes the set of allowable actions in state s at 
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time t, an element of A is denoted by aG A, at is an action at time t). When N is finite, 

MDP is a finite horizon problem, otherwise an infinite horizon problem. When St and As 

do not change widi time, MDP is a stationary process, otherwise it is a nonstationary 

process. Probability distiibutions on sets A and As are represented by P(A) and P(As) (an 

element of the distribution set is denoted by q(a)6 P(A), VaG A), immediate reward is 

rt(s,a)(sGS, and aG A J , r,(s,a)= 5]r,(s,a,j)p,(jls,a),rt(s,a,j) isthe immediate 

reward at time t when at time t the state is s and action a is chosen, the system occupies 

state j at time t+l),fransition probability at timet is ptG|i,a)(iG S,,JG S,+i,and aG Aj, 

E P , ( J I s,a) = 1), terminal reward at time N is rN(s), decision mles at time t is dt: 

S, —> Aj , randomized decision mle is to select an action a with a probability 

q̂  (a) (aGAs_), history is h, =(s,,ai ...,s,_,,a,_,s,) = (h,_,,a,_,,s,) (Si and ai are state and 

action values at time i). Decision mles can be history dependent or history independent 

(Markovian, or memoryless), deterministic (with respect to action selection) or 

randomized. They are characterized as follows: deterministic Markovian 

d,(s,)G Ag , s, G S,; randomized Markovian qj_(5_)(a,)G P(As_),a, G Aj^; deterministic 

history dependent d,(h,)G Aj^; randomized history dependent 

<Id (h )(at)£ P(As )»a, G As^. In our current work, we mostly consider the simplest form 

of the decision mles, deterministic Markovian. For a Markovian process, the transition 

probability has the following property: p,(s,̂ .i | s,,a,) = p,(s,^, | Si,ai,...,s,_,,a,_,,s,,a,). A 

policy is expressed as 7i = (d,,d2,...,dN_,). Considering die discount factor y (or 

forgetting factor, 0 < Y ^ 1), if a deterministic policy it is followed, the expected total 

reward, also called value function, at time t and given state St is 

u;'(s,) = r[s„d.(s.)]-hYSPt[J|s. 'dt(s.)K,(J). (3-1) 

If we use randomized Markovian policy, the expected reward is 
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< ( s . ) = E qd.(s,)(a) r(s.,a)-fYEP.(J|s.,a)u:„(j) . (3.1a) 
^^-^s, [ ^ S , „ J 

The definition of an action-value function is expressed as 

Q"(s„a,) = r(s.,a,) + YXp.(J|St,a,)ur„(j). (3.2) 

Optimal policy is represented by n* = (d,*,d2*,...,dN_,*). The optimal value of u"(s,) is 

denoted by Ut(s,). The above expressions are for occasions where immediate reward is 

obtained just after at is taken and before transition from St to St+i occurs. But for our later 

image processing problems, immediate reward comes after transition from St to St+i, so 

the value function and the action-value function are redefined as follows: 

u:(s,)= E qd.(,)(a) EP.(J |s . 'a) t(s . .a)-hK..(J)]L (3-3) 
asAs, [jsS,„ J 

Q"(s„a,)= XPt(J|s.,a.)[r(s.,a,)-HYu:.,(j)J . (3.4) 

The optimal value fiinction and optimal action value function are expressed by 

u;(s,) = max] XPt(J|St'a)[r(s,,a) + Yu'^,(j)]i , (3.5) 
a€A 

Q'(St'a,)= 2^p,(j |s„a,) r(s„a,) + Y max Q'(s,^,,a,^,) 
3i+l^Ai 

(3.6) 

To fmd the optimal policy, the backward induction algorithm (stochastic dynamic 

programming) is usually used for deterministic MDP with finite horizon. The algorithm 

is as follows: 

• t = N , UN(SN) = rN(sN), V S ^ G S N 

• t = t-l, 

u;(s,) = max Tp,( j I s,,a)[r,(s„a) + Yu;„(j)] , Vs, G S, 
'̂ ^̂ ' Us, J 

d:(s,)GA; ,=argmax Yp,(j|s„a)[r,(s„a) + Yu;„(j)], V S . G S , (3.7) 

30 



• If t = 1, stop; otherwise go to step 2. 

Usually optimal policy is not unique, output optimal policy can be chosen arbitrarily 

among the optimal decisions. For infinite horizon MDPs, there is no differentiation of 

discrete time epochs for stationary deterministic policies. The symbol representing time t 

can be omitted. Policy iteration or value iteration can be used for infinite horizon MDPs. 

The policy iteration algorithm is as follows: 

Initialization of value function u(s) and action d(s), Vs G S 

d'(s) = d(s), V S G S 

Policy evaluation: 

• u'(s) = u(s), Vs G S, A = large positive value; 

• repeat, if A > small positive value 

u(s) = Sp[j|s,d(s)]{r[s,d(s)] + Yu(j)} VSG S 

• 

• 

• 

jeS 

A = X|u'(s)-u(s) | 
SES 

u'(s) = u(s) 

• Policy improvement: 

d(s) = argmax J^p(j | s,a)[r(s,a)-)-Yu(j)], VSG S 
asA(s) jgs 

• Stop if d'(s) = d(s), Vs G S; otherwise go to step 2 

The value iteration algorithm effectively combines policy evaluation and policy 

improvement together, so faster convergence is often achieved by using value iteration 

instead of policy iteration. Value iteration covers the following steps 

• Initialization of u'(s) = u(s), VsG S 

• Repeat if A > small positive value 

u(s) = max Y p(j I s, a) [r(s, a) + YU(j)], Vs G S 

A = XK(s)-u(s)| 
S€S 

u'(s) = u(s) 

• Output deterministic policy, n, such that 
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d(s) = argmax 5^p(j | s,a)[r(s,a) -I- Yu(j)], Vs G S 
aeA(s) jes 

The above dynamic programming algoridims update the value functions of states 

based on estimates of die values of successor states, this is called bootsfrapping. Dynamic 

programming assumes complete knowledge of the environment (the transition 

probabilities). If only experience (sample sequences of states, actions, and rewards from 

on-line or simulated interaction with the environment) is available, Monte Carlo (MC) or 

time difference (TD) leaming has to be used. Leaming of Monte Carlo methods is on

line, requiring no prior knowledge of the environment's dynamics. Monte Carlo methods 

still need a model of the environment, and the sample transitions are produced by this 

model. Monte Carlo methods only work for episodic tasks (finite horizon problems). 

Leaming can only be implemented after the whole episode is over by taking the average 

of all the rewards. TD leaming is a combination of DP and MC. Like MC, TD can leam 

directly from raw experience without a model of the environment's dynamics. Like DP, 

TD bootstraps and updates estimates based in part on other leamed estimates, without 

waiting for a final outcome. TD is the mostly researched reinforcement leaming method 

nowadays. More work will be focused on TD in the future. 

3.2 Scale-Space Theorv 153. 541 

Objects exist as meaningful entities over certain ranges of scales. Tree branches' 

scale is from centimeters to meters, we can not use nanometers (molecules' scale) or 

kilometers (forests' scale). For representation of images, we need to extract information 

(features like points, lines, patches on surfaces) in appropriate scales. To extract features 

in low-level vision from images, we need to know what operators to use, where to apply 

them, and how large they should be. Physical observation (at the front-end, like the retina 

or camera) is made through a finite apertiire to adjust the scale of observation. Scale-

space theory is the theory of kernels where the size (scale) of the kemel is a free 

parameter. Formularization of scale-space representation is 

I(x,y;t) = I(x,y)®g(x,y,t), (3.8) 

where I = image gray-level value; 
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g - Gaussian kemel (derived from K theorem), 

1 2i!±yl 

^ ^ " " ' ^ ' ' ^ ^ 4 ^ ' " ' (3.9) 

t = the scale parameter, t > 0. 

Actiially, t is the variance of the Gaussian distribution with t = a V 2 . Causality is one of 

the properties of the scale-space representation, which says that no new extrema can be 

created or enhanced when the scale parameter t is increased. Scale-space representation 

of an image satisfies the diffusion equation 

^ 5 f e f ^ = v ' l (x.y; . ) , (3.10) 

with an initial condition l(x,y;0) = I(x,y), the original image. The Green's fiinction of 

the diffusion equation is the Gaussian kemel g(x,y;t). 

Scale-space theory here is used to extract an invariant feature, comers. According 

to differential geometry [39], the directional derivative operator can be expressed by 

agi=(cos|3a,+sinpay)"i (3.11) 

where n = order of the derivative; 

P = angle between gradient direction and x-axis. 

In differential geometry, gauge coordinates (u, v) are mostly used instead of 

Cartesian coordinates (x, y). Gauge coordinates deal with intrinsic geometry based on 

local points, v is parallel to the gradient direction, and u is parallel to the edge direction, 

so P = (v, x). Local directional derivatives are 

a„=sinpa,-cospay 
â  =cospa^ -hsinpay 

An isophote is a curve along which the intensity is constant, so for an isophote, 

I,, = 0. The isophote curvature is expressed by 

. _ I„u _ Ixxly ~21xlylxy + lyyix (3 13) 
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The quantity, 

U v = U ; - 2 I . I ^ + y ^ (3.14) 

can work as a good comer detector, whose maxima and minima are reliable invariant 

features extracted from an image. 
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CHAPTER IV 

AUTOMATIC TEMPLATE GENERATION FROM THE MODEL IMAGE 

The current work divides an object recognition problem into three stages. The first 

stage is to generate a template of the object to be recognized from the model image; the 

second stage is to find the affine transformation parameters from die model image to the 

input image; the third stage is to fine-tune the template within the input image (template 

matching). Given a model image, the template generation algorithm should be able to 

automatically establish a closed curve describing the model object. Multiple object 

models, occluded or not, in a noisy environment should be reliably delineated at length 

during this stage. Tracing a closed curve is to facilitate later template matching through 

reinforcement leaming. Steps and procedures are as follows: 

• Blur the model image and find its partial derivatives to extract gradient 

information; 

• Use reinforcement leaming to find the optimal policy and optimal values 

according to immediate and long-term rewards formed from the gradient and 

other image-formulated parameters; 

• Find the template points using a fracing algorithm. 

4.1 Extraction of Gradient Information 

Differentiation is known to be ill-posed, meaning that noise or other small high-

frequency disturbances can cause the output to change dramatically. Through a Gaussian 

kemel in die scale-space, die differentiation operator can be regularized, i.e., derivatives 

are obtained after the Gaussian kemel is convolved with the digital image. According to 

the convolution theorem, we can get the following equation: 

^ ( I ® G ) = I ® ^ , (4.1) 
ax ox 

which says that a derivative of the convolved image with a Gaussian kemel is equal to the 

image convolved by the derivative of the Gaussian kemel. According to Canny's work 
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[26], derivatives obtained in this way will have good localization. The scale parameter 

can be adjusted to control the width of the detected edges and the number of detected 

comers in die following steps. To obtain various orders of derivatives of the image, die 

Gaussian kemel is differentiated to the corresponding order first. Then bodi die image 

and the kemel derivatives are Fourier transformed. The product of the Fourier fransforms 

is inverse-Fourier fransformed to get the image derivatives. 

Algorithm: 

• Read in an image 

• Pad zeroes to make the width and height of the extended image be powers of two 

• Fourier fransform the image 

• Fourier transform the Gaussian kemel and its derivatives 

• Multiply the image transform and the kemel transforms 

• Inverse Fourier transform the products to get the image derivatives. 

The magnitude of the Gaussian kemel is a very important parameter, which will 

influence the following work a lot. If the scale parameter is too small, there will be not 

much difference between the scale-space representation and the original image, and noise 

and obscure details will not be effectively screened out. If the kemel parameter is too 

large, the necessary contour details may also be eliminated. 

4.2 Formulation of the Problem to a Reinforcement Leaming Process 

4.2.1. Policy and Value Function Images 

In this part, reinforcement leaming is implemented by using stochastic dynamic 

programming because a model (transition probabilities) can be thought of as already 

being known. The Markov decision model is as follows: 

• Decision epochs: T = {0,1,2,...}, this is an infinite horizon MDP. 

• States: pixels in the image, s = {0,1,.. .,N}, N is the total number of pixels in the 

image. 
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Actions: a = {0,1,2,3,4,5,6,7,8}, as shown in Figure 4.1. Number 8 means that 

no movement occurs. 

3 

2-*— 

, / 

4 

— 8 

/ j \ 

5 

— • 6 

^ , 

Figure 4.1. Actions for the Markov Decision Model 

• Model of the environment: 

1d(s)(a) = 1, meaning that policy is not randomized. 

p(j I s,a) = 1 or 0, meaning that when the current state and action are 

determined, the next state is also deterministic. 

Jl, ifk = i 
•"' [0, otherwise 

where, Lj and Lj are the real locations of the ith and jth action pixels in the 

image. For example, p(Li|L8,l) = 1, p(L2|L8,l) = 0. 

• Immediate reward: 

r(s,a) = |grad(s')f -|L(s')|-Xd(a), (4.2) 

where, s' = the next pixel location determined by the current state s and current 

action a; 

grad(s') = gradient at s'; 

L(s') = Laplacian of a Gaussian at s'; 

d(a) = distance between s and s' caused by action a; 

X = a distance punishment factor. 

The current leaming process is greedy. A greedy policy makes local decisions 

according to die best values in the short term. This is an exploiting process of knowledge. 
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Most of die time, exploring is also needed to find the global optimal solution. The e -

greedy leaming process exploits and also explores. The leaming system behaves greedily 

most of die time, but every once in a while, with a small probability e, it selects an action 

at random uniformly and independently of the current values. According to a greedy 

policy, an action is selected by 

a = argmax{r(s,a)-i-Yu(s')}, (4.3) 
aeA(s) 

where u(s') = current value fiinction at s'. 

Usually, policy converges much faster than the values do, so the following 

algorithm uses value iteration to let policy converge first and then applies the optimal 

policy to update the values till convergence. 

Algorithm: 

• Initialize values and policy arbitrarily 

• While (policy is not convergent) do the following 

For each pixel in the image 

Calculate expected reward by taking actions around its 8-connected 

neighborhood 

Decide a greedy action by selecting the maximum expected reward 

Endof for-loop 

End of while-loop 

• While (value is not convergent) do the following 

For each pixel in the image 

Calculate expected reward using the above-obtained policy 

Endof for-loop 

End of while-loop 

• Output optimal policy and optimal value images. 

The above algorithm is very efficient, and usually optimal solutions can be 

obtained widiin seconds. The forgetting factor Y controls the final results. When Y is 

small, the leaming process will be more short-sighted and cares more about the short-
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term rewards. Usually die leaming process is faster. In die policy images, the "band" 

indicating the action direction will be narrower. On the contrary, if Y is close to 1, the 

leaming process will be more far-sighted, more states and actions will be incorporated 

into die current decision-making. In the policy images, the "band" will be wider. A wider 

"band" gives more distinct edges in the following edge detection process, but at the same 

time more edge details will be eliminated. So Y is one of die parameters needing to be 

automatically determined in the future. 

Besides the forgetting factor, the optimal policy and the optimal values are also 

dependent on how the immediate reward is selected. In this section, the immediate 

reward is only related with to image gradient, the Laplacian of a Gaussian, and the 

distance from the current state to the next state. More factors can be considered into the 

immediate reward, like gradient direction of the next state, intensity difference, gradient 

direction difference and gradient difference between the current state and the next state, 

and so on. 

This section used value fimctions and value iteration algorithm, we may also 

utilize action-value functions and other reinforcement leaming paradigms, like Q-

leaming. Actually, because of the advantages of the Q-leaming technique, better results 

should usually be expected. Q-leaming is an off-policy time difference control algorithm. 

An off-policy leaming process estimates the value of a policy without using it for control. 

During the leaming, there are two policies independent of each other: behavior policy and 

estimation policy. Usually the behavior policy is random in selecting an action, at, while 

the estimation is deterministic (e.g., greedy) to be evaluated and improved. This is the 

core of the Monte Carlo leaming. The one-step Q-leaming is defined by 

Q(s„a , )^Q(s„a , ) -ha (4.4) r(s,,a,) + YmaxQ(s,^„a) - Q(s„a,) 
a 

where, a = leaming rate, 0< a<l. It can be seen that this method combines the sampling 

of the Monte Carlo method with the bootstrapping [updating Q(St,a,) based on 

maxQ(s,^,,a) ] of dynamic programming. Because of exploring more, Q-leaming can 
a 

usually present better results. 
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4.2.2. Template Generation 

To find die model template, the model optimal value image and gradient image of 

the model policy image are syndiesized together, which presents better edge information. 

The synthesized image is favored mostly from the policy gradient image, which is 

characterized by zeroes on bodi sides of an edge, and is the result of homogeneous action 

directions in the policy image. The template point search process is a blind one without 

any prior knowledge of the edge direction. The template point increment is assumed to be 

A pixels. Search for a new template point is carried out in 8 directions (0, 45°, 90°, 135°, 

180°, 225°, 270°, and 305°) by finding the maximum average gray-level value of a pixel 

around its 8-connected neighborhood within the synthesized image. To avoid search in 

the reverse direction, determined template points and its neighborhood need to be labeled 

and a reverse search will be given a punishment with a punishment factor X,. 

Algorithm: 

• Synthesize an image from the optimal value image and the policy gradient image 

• Pick up the lowest point from the bottom part of the image, and start tracing 

from this point 

• While (the curve is not closed) do the following 

For (action = 0 to 7) 

Calculate the possible location of the next template point 

Find the average gray-level values of each possible location 

End of for-loop 

Decide the next template point by finding the maximum average gray-

level values, considering the punishment for the labeled pixels 

End of while-loop 

• Output template. 

During the template point searching process, a criterion for determining a new 

template point may be one of a variety of image-related quantities besides die average 
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pixel gray-level values. To make die contour more smooth, curvature should be taken 

into consideration. The search increment. A, cannot be too large, otherwise contour 

details will be neglected or die searching direction can digress from the real contour. On 

die confrary, if the increment is too small, the searching process may be trapped in a local 

area, and the search for a complete contour cannot even be accomplished. As for the 

average pixel gray-level values, they can be calculated from the direct 8 neighbors of the 

next possible template point or from a group of pixels within a reasonably chosen radius. 

Other border tracing algoridims [28, 55, and 56] like Graphing searching, dynamic 

programming, and other edge-linking algoriduns can also be used here. The search is 

encouraged to extend in the forward direction. The reverse search should be punished. 

The punishment depends on the angle formed by the new candidate template point, die 

current template point, and the previous template point. The punishment factor, h, for 

search in the reverse direction should be moderate. If X-i is too large, sharp comers will be 

missed; if X,i is too small, the search process can be trapped in a high pixel value area. To 

avoid local trapping, another heavier punishment has to be applied for those points 

already being labeled as template points. 

4.3 Experimental Studies 

The reference (or model) image is a toy bear picture, as shown in Figure 4.2. The 

object to be recognized in the future is just the same little bear. The object recognition 

task is to delineate this little bear when it appears in other different images. The objective 

in this stage is to outline the little bear in the reference image and output a template for 

the future template matching stage. The scale parameter of the blurring Gaussian kemel 

for the reference image is t^ = 0.5 . Figure 4.3 presents the blurred reference image. 
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Figure 4.2. Original Reference Image (136x204) 

Figure 4.3. Blurred Reference Image 

For template generation, the first thing to do is to find the optimal policy image 

and optimal value image. Parameters during reinforcement leaming are: distance factor X 

= 0.5, forgetting factor y = 0.5. Figure 4.4 and Figure 4.5 show the optimal policy image 

and optimal value image respectively. 
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Figure 4.4. Optimal Policy Image 

Figure 4.5. Optimal Value Image 

To get the immediate reward for the reinforcement leaming process, the 

synthesized image has to be fiunished first. Figure 4.6 and Figure 4.7 present the gradient 

policy image and the synthesized image. 
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Figure 4.6. Gradient Policy Image 

Figure 4.7. Synthesized Image (Gradient Policy -i- Optimal Value) 

During contour tracing, the template point searching increments used here are A = 

1, 2, 3, and 4. When A is greater than 5, results obtained are not satisfying. The 

punishment factor for the labeled pixels is X, = 15. Templates obtained when A = 1, 2, 3, 

and 4 are shown in Figure 4.8 through Figure 4.11. 
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Figure 4.8. Template (Model) When A = 1 

Figure 4.9. Template When A = 2 
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Figure 4.10. Template When A = 3 

Figure 4.12 shows a picture when the generated template is overlapped with the 

original model image. In this case, the best template can be produced when A = 1. With 

the increase of A, the template becomes less smooth. In Chapter VI, when template 

matching is performed within the input image, a template generated when A = 1 will need 

more computation time because more template points exist compared to larger A 's. Thus, 

in the following work, A is taken to be 3. 

Figure 4.11. Template When A = 4 
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Figure 4.12. Template Superimposed on the Original Reference Image (A = 3) 
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CHAPTER V 

AFFINE TRANSFORMATION PARAMETER DETERMINATION 

Featiires are exfracted from bodi the model image and die input image. These 

featiires are used to determine parameters of die affine transformation (translation, 

rotation, scaling, reflection, skewing, etc.) of die object to be recognized from the model 

image to die input.image. Resuhs obtained in this stage should be accurate and the 

calculation process should be fast and efficient. Steps in this stage are: 

• Determine the interest points in the model and the input images using scale-

space theory; 

• Use a voting algorithm to determine the affine transformation parameters. 

5.1 Feature Extraction 

Features for affine transformation parameter estimation are extreme points 

exfracted in die scale-space. The quantity, calculated according to Equation (3.14), is 

called comer response, Cr, recopied as follows 

Cr = U ; - 2 I . y , y + y ^ (5.1) 

where Î  and Î , = first-order derivatives of the image; 

1^,1^, and lyy = second-order derivatives of the image. 

The derivatives are regulated in the scale space by a Gaussian kemel. This comer 

response is invariant to affine transformations. There is a comer response value for each 

pixel in the image. Key points, called interest points, are isolated by thresholding. A point 

having a local maximum comer response is called a maximum point, and that having a 

local minimum comer response is called a minimum point. Maximum and minimum 

points are called extreme points. The output comer response values are normalized to an 

interval [0, 1]. Assuming the threshold for maximum points is Thh, and that for minimum 

points is Th/, then the final maximum and minimum interest points are decided by the 

following mle: 
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maximum point, if its comer response >Th|,; 

minimum point, if its comer response <Th,. 

Besides the threshold values, the number of interest points is also influenced by the scale-

space parameter. When the scale parameter is large, the image is blurred more, and less 

interest points will be picked up. 

During calculating the comer responses of the model image and the input image, 

different scale parameters may be chosen because the sizes of the object in these two 

images may be different, and the two images may also be of different sizes. The scale-

space parameters should be of appropriate values so that the minimal number of interest 

points are extracted which can fully represent the object in both images. 

5.2 Affine Transformation Parameter Determination 

Affine transformation parameters are estimated by a voting algorithm, which votes 

in the parameter space by solving six simultaneous linear equations established by three 

points in the model image and three points in the input image. These points used for 

voting are interest points extracted from the model image and the input image according 

to local extrema on the isophote curvatures in the scale-space, calculated by Equation 

(5.1). Affine fransformation from the model image to the input image can be expressed as 

rxA re, c,Yx.^ (cA 
,C3 C ^ y . + 

•5 (5.2) _ '1 ^1 

where (Xm, ym) = a point in the model image; 

(Xi, yi) = a point in the input image; 

Ck (k = 1, 2, 3, 4, 5, 6) = affine transformation parameters. 

Assume i, j , k are diree interest points in the model image and u, v, w are diree interest 

points in die input image, their affine transformation relations are 
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x„=C,Xi-HC2yi-hC5, 

y„=C3X,+C4yi-t-C„ 

x„=C,Xj-HC2yj + C5, 

y,=C3X^-HC,y.-KC„ ^̂ -̂ ^ 

x„=C,x,-hC2y,-HC5, 

y„=C3X,-(-C,y,-hC,. 

To guarantee correct correspondence between points in the model image and those 

in the input image, die tiiangle formed by points i,j,k in the model image should be 

similar to that formed by points u,v,w in the input image. By first sorting out all the 

similar triangles in both images, and then solving for affine parameters, we can get a set 

of values for Ci duough Ce. The distributions of diese parameters will reflect the 

correspondence relations between the model image and the input image. If only one 

object appears in both images, there should be unique peaks in the distributions of the 

calculated affine transformation parameters. Through discretization in the parameter 

space, the real affine parameters can be voted out even with a relatively small number of 

interest points. The number of calculations during voting is proportional to the cubed 

number of interest points selected, so the number of interest points in both images needs 

to be limited if a faster voting is desired. 

Before voting starts, possible correspondence relations have to be made clear. 

Figure 5.1(b) shows all the possible triangles u,v,w in the input image corresponding to a 

triangle i,j,k in the model image, as shown in Figure 5.1(a). The correspondence relations 

are: i—>u, j—>v,k—>w. The 12 triangles account for all kinds of translation, rotation, 

and reflection. 
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(a). A Triangle in the Model Image 

(b). All Possible Triangles in the Input Image Corresponding to (i,j,k) 

Figure 5.1. Triangle Correspondence 

The criterion for deciding whether triangle (i,j,k) and triangle (u,v,w) are similar is 

whether each of the three corresponding angles is the same within a small limit (e). 

51 



Because of the digitization error of die digital images, we can not expect completely 

identical corresponding angle pairs. 

Algorithm: 

• For each pixel in the model image, calculate the comer response using image 

derivatives 

• Find local maxima and minima in the model comer response image 

• Threshold these maxima and minima to get model interest points 

• Similarly obtain interest points from the input image 

• Determine affine parameters 

For each three interest points in the model image 

Detect similar triangles of interest points in the input image 

Calculate affme parameters and do voting in the parameter space 

End of for-loop 

Find the peak values in the parameter space 

Schmid and Mohr [57] used local grayvalue invariants to establish affine 

transformation relations of rigid objects between database images and query images. 

Interest points are extracted by the Harris comer detector [41]. At each of these interest 

points, a 9-D vector called a local jet is formed by tensorial quantities up to the third 

orders. The correspondence between interest points in the database images and the query 

image is established by minimum Mahalanobis distances of the 9-D vectors. If the object 

is deformed or occluded, the correspondence can be heavily influenced. Lowe [58] 

presented an approach which transforms an image into a large collection of local feature 

vectors, identified by using a combination of filters. The interest points are picked up in 

the scale space by looking for locations that are maxima or minima of a difference-of-

Gaussian function. At each of these interest points, a feature vector called a SIFT key 

describes the local image region sampled relative to its scale-space coordinate frame. 

These SIFT keys are used in a nearest-neighbor approach to indexing to identify 

candidate object models. The indexing is implemented through a Hough transform hash 
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table [28], and then a least-square fit is applied to estimate the affine transformation 

parameters. Bres and Jolion [61] used a technique to detect interest points for image 

indexing based on multiresolution contrast information. An interest point is a local 

maximum of the minimum contrast pyramid above a predefined threshold. Other 

correspondence and matching techniques [60, 62, 63,18] directiy do shape matching 

using computational geometiy (dealing with points, lines, polygons, and polyhedra), 

correlation matrix, or epipolar constraints and screening matches by thresholding some 

kind of dissimilarity measures. 

The algorithm presented in this section uses statistical information contained at 

interest points in both the model image and the input image and makes automatic 

correspondence of the object between the model image and the input image. The 

statistical information is extracted from the geometrical relations of interest points in the 

model and the input images. Interest points, instead of all the image pixels, are used to 

determine the affine transformation, which can reduce the execution time by several 

magnitudes. Correspondence established using this algorithm is not only more accurate, 

but conceptually simple as well. The accuracy comes from the geometric relations of all 

the interest points instead of just three points while the efficiency arises due to the small 

number of interest points. 

5.3 Experimental Studies 

5.3.1. Translated, Scaled, and Rotated Object 

The input image, as shown in Figure 5.2, is a translated, scaled, and rotated 

version of the model image, with a new background added. Figure 5.3 is the blurred 

version of the input image with a scale parameter tj = 0.5. 
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Figure 5.2. Original Input Image (235x244) 

Figure 5.3. Blurred Input Image 

The threshold for maximum points is Thh = 0.7, and the threshold for minimum 

points is Thi = 0.2 for the model and input images. In Figures 5.4 and 5.5, the bright 

points are maximum ones and the dark points are the minimum ones. The error limit for 

corresponding angle pairs is e = 2 degrees. 
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Figure 5.4. Interest Points Extracted from the Original 
Reference Image by Thresholding 

Figure 5.5. Interest Points Extracted from the Input Image 
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Figure 5.6. Voting Curves for the Affine Transformation Parameters 

Figure 5.6 presents the voting curves generated by the voting algorithm in section 

5.2. Because only one object is present in the input image, distinct peaks appear in each 

of the voting curves, as expected. The peak values of the voting curves are: Ci = - 0.74, 

C2 = - 0.65, C3 = 0.65, C4 = - 0.75, C5 = 240, Ce = 106. These values are the estimated 

values of the affine fransformation parameters for the little bear from the model image to 

the input image. 

5.3.2. Translated, Scaled, Rotated, and Occluded Objects 

Figure 5.7 shows the occluded version of Figure 5.2. Figure 5.8 is obtained after 

blurring Figure 5.7. The Gaussian kemel has tp, = 1.0. The extracted interest points from 

Figure 5.8 are shown in Figure 5.9. The threshold for maximum points is Thh = 0.55, and 
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die threshold for minimum points is Thi = 0.25. The error limit for corresponding angle 

pairs is 8 = 2 degrees. 

s-fsxeftMr^rerw 

Figure 5.7. Occluded Version of Figure 5.2 

Figure 5.8. Blurring of Figure 5.7 
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Figure 5.9. Interest Points Exfracted from Figure 5.8 
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Figure 5.10. Voting Curves for Determination of Affine Transformation Parameters 
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Figure 5.10 presents voting curves for die affine parameter estimation. The voted 

parameters according to peak values are: CI = -0.75, C2 = -0.65, C3 = 0.62, C4 = -0.75, 

C5 = 239.0, C6 = 105.0. These affine fransformation parameters will be used in the next 

chapter before template matching is carried out. 
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CHAPTER VI 

TEMPLATE MATCHING IN THE INPUT IMAGE 

The objective of diis stage is to find die real contour of the object in the input 

image. The pose of the object may not be the same as that in the reference image, so the 

algorithm for this stage should be able to optimally deform the template according to real 

image data. Steps in this stage are: 

• Transform the template to the input image according to the estimated affine 

parameters 

• Use reinforcement leaming to find the optimal policy and optimal values for the 

input image 

• Use reinforcement leaming to deform the template according to the optimal 

policy and optimal values obtained above till an optimal delineation of the object 

is obtained. 

6.1 Template Transformation 

Assume the template can be represented by T = { ( x ^ , y ^ ) | k = 0,1,...,N-1} (N is 

the total number of template points generated) in the model image, and the template 

affine transformed into the input image is T = {(Xik,yik) 1 k = 0,1,...,N -1} . The 

relationship between ( x ^ , y ^ ) and (Xik,yik)ofdie same corresponding template point 

in both images can be established by the following equation: 

lx^.\ IL, L, Yx„, 1 ^s\ (k = o , l ,2 , . . . ,N- l ) . (6.1) ••ik 

yVikj ^3 C4 l y ^ ^ 
-I-

6.2 Searching for Optimal Policy for the Input Image 
as a Reinforcement Leaming Process 

To better use the input image data, a synthesized image from the optimal values 

and the policy gradient values, similar to the synthesized image for the model image, is 

generated after reinforcement leaming (infinite horizon). The Markov decision model for 
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the input image is the same as that for the model image. The policy and value 

optimization algorithms for both images are identical. 

6.3 Template Matching as a Stochastic Dvnamic Programming Problem 

The model template is first affine fransformed into the synthesized image 

according to the estimated affine parameters. The model template will be deformed 

optimally in this synthesized image through another reinforcement leaming algorithm, 

backward induction algorithm, because the search for optimal template points in the input 

image is a finite horizon MDP. The immediate reward used during iteration is 

T{s^,a^) = X,l^-'k•X^ + h)-X•2\'^-a\-X•^{a-b)-X^^d\ (6.2) 

where Is = gray-level value in the synthesized image; 

a, b, c ^distances between St and St+i, St-i and St, and St-i and St+i, as shown in 

Figure 6.1, 

a = Pt+i ~ s , | 

b = |s,_i-sj 

^ ~ n + i ~ ^ t - i | ' 

a = the angle between a and b, a measure of curvature at St; 

d = die deformation of a template point away from its original location in the 

synthesized image, and s° ,̂ is the original location of template point s,̂ i just 

after being affine transformed from the model image to the input image; 

Xi = intensity coefficient; 

^iP^i2'^i3Ai4 = punishment factors for distance, curvature, inhomogeneity of the 

template point distiibution, and template deformation. 
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In the expression of the immediate reward, a - b is a measure of the inhomogeneity of 

the template point distribution along the real contour. Similar to using tension energy and 

bending energy to describe minimal distance and small curvature used in the active 

contour model, the point distribution inhomogeneity can be physically explained by the 

concept of energy concentration. In fracture mechanics, energy concentration will lead to 

premature fractures occurring in machine parts. That is why machine parts need to be 

armealed in low heat conditions after quenching. Without this ferm, the template points 

tend to merge to some favorite locations, making the contour look weird. The 

deformation term is used for the optimization process to remember the original template 

information during iteration and updating of the template points to avoid shifting away 

from the real contour. 

Algorithm: 

• For the input image do the following 

• Find optimal policy image and optimal value image through 

reinforcement leaming 

• Synthesize an image from the optimal value and policy gradient 

• Transform the template into the synthesized image 

• Template deformation 

While (template position is not convergent) do the following 
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• Initialize the expected reward to terminal reward (gray-level values of 

die last template point and its 8-connected neighbors) 

• For each template point and its 8-connected neighbors (other than the 

last template point) 

Determine the optimal action by selecting the maximal accmed 

expected reward 

End of for-loop 

• Trace back from the points with die maximum accmed expected 

reward 

End of while-loop 

• Output fine-tuned template in the input image. 

Searching for the optimal template points in the input synthesized image requires 

appropriate selection of A,i's if the object in the input image is occluded or deformed 

relatively heavily. Large Xi will make the template shape more dependent on the intensity 

within the synthesized image. Large Xu will let the contour be more "compact," and the 

final contour will be more inside the real contour. Large X,i2 will produce a final contour 

that is smoother, and may miss some sharp comers. Large Xij will force the template 

points to be more evenly distributed along the contour. Large Xi4 will enable the template 

to stick more to the original position and resist more to deformation. To obtain better 

results, some kind of compromise has to be made according to the real input image. 

Automatic selection of these ^i's could be one of the future research topics. 

6.4 Experimental Studies 

6.4.1. Translated, Scaled, and Rotated Objects 

Figure 6.2 shows the template when transformed into the input image. Because of 

the discretization error of the digital images, the transformed template is even less 

smooth. The parameters during reinforcement leaming for searching for optimal policy 

and optimal values are: distance factor >. = 0.5 and forgetting factor Y = 0.5, the same as 

63 



those for the model reinforcement leaming. Figure 6.3 and Figure 6.4 present the optimal 

policy and its gradient images. Figure 6.5 is the image of optimal values. The width of 

the bright areas can be confroUed by the forgetting factor, as with the "band" width in the 

policy image. Figure 6.6 is the synthesized image by adding the policy gradient values 

and the optimal values together. Figure 6.7 shows the template transformed into the 

synthesized image. The template will deform in this synthesized image according to 

Equation (6.2). 

Figure 6.2. Template Transformed into the Input Image 
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Figure 6.3. Optimal Policy for the Input Image 

Figure 6.4. Gradient of the Optimal Policy 
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Figure 6.5 Optimal Values for the Input Image 

Figure 6.6. Synthesized Image for the Input Image 
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Figure 6.7. Template Transformed into the Synthesized Image 

Figure 6.8. Final Contour in the Synthesized Image 

During template matching, the intensity coefficient is 1.0. The punishment factors 

for distance, curvature, inhomogeneity, and deformation are 

Xi, =30 ,Xi2=10,X,3=30,Xi4-0 . 
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Figures 6.8 and 6.9 show the final converged contour embedded into the synthesized and 

the original input image, respectively. 

Figure 6.9. Final Contour in the Original Input Image 

6.4.2. Translated, Scaled, Rotated, and Occluded Objects 

Figure 6.10 is the template fransformed into the original input image. Figures 6.11 

and 6.12 show the optimal policy and its optimal gradient. Figures 6.13 and 6.14 present 

the optimal values and synthesized image incoporating optimal policy gradients and 

optimal values. 
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Figure 6.10. Template Transformed into the Original Input Image 

Figure 6.11. Optimal Policy for the Input Image 
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Figure 6.12. Gradient of the Optimal Policy 

Figure 6.13. Optimal Values for the Input Image 
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Figure 6.14. Synthesized Image 

Figure 6.15. Template Transformed into the Synthesized Image 
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Figure 6.15 is die template when placed in the synthesized image. Figure 6.16 

presents the final contour after the backward induction algorithm converged. The final 

contour widi die original input image is shown in Figure 6.17. Parameters used during 

iteration are as follows: >̂ i = 0.1,X ,̂ =1.0, Â ^ =25.0,^.^3 = 2.0, Â^ =5 .0 . 

Figure 6.16. Final Contour in the Input Synthesized Image 

Figure 6.17. Final Contour in the Original Input Image 
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From die above two experiments, it can be seen that just because of some 

occlusions, the selected iteration parameters have to be varied considerably to attain 

satisfactory resuhs. Automatic parameter selection is the bottleneck problem in the 

cvurent work. 

Reference Image Input Image 

Derivatives 

Optimal Policy 
Optimal Values 

Synthesized Image 

Reference 
Template 
(Model) 

Derivatives 

Interest Points Interest Points 

Affine 
Transformation 

Parameters 

Reference Template 
Affine Transformed into 
Input Synthesized Image 

Template Matching 

Final Results 

Optimal Pohcy 
Optimal Values 

Synthesized Image 

Figure 6.18. The Proposed Process of Object Recognition 

73 



The goal of this work is to imitate the human vision system as closely as possible 

and to overcome the deficiencies of the existing object recognition techniques. There is 

plenty of room for future research to improve this object recognition system. The final 

stmcture of the recognition system should incorporate supervised, unsupervised and 

reinforcement leaming to make this system fully automatic, but there will be a long way 

to go. In conclusion, the whole process of object recognition proposed by the current 

work can be demonsfrated by Figure 6.18. Figure 6.19 is a block diagram with examples 

from the previous experimental studies representing the significant steps yielding the 

final results. 

Reference 
Template Affine 
Transformed into 

the Input 
Synthesized Image 

Template 
Matching 

(Reinforcement 
Leaming) 

Figure 6.19. A Block Diagram Representing the Significant Steps 
Yielding the Final Results 
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CHAPTER VII 

CONCLUSIONS 

From discussions in the previous chapters, the following conclusions can be 

drawn: 

• A complete set of algorithms for object recognition using reinforcement leaming 

have been proposed. These algorithms are fast, efficient, and have the potential to 

be robust. 

• A model template is generated from the reference image without human 

interference. 

• The model template generation algorithm can also be used for object recognition. 

• The algorithm for contour tracing is fast and efficient for gray-level images. 

• The affine transformation parameter estimation algorithm is fast and provides 

more reliable results because the algorithm uses statistical information contained 

in the geometric relations among all the interest points. 

• Infroduction of the concept of energy concentration to the backward induction 

algorithm during template deformation contributes to a better final contour. 

• This recognition system can detect objects with any translation, rotation, scale, 

and moderate occlusion and deformation. 

• This is a "modest" system, it can leam merits from any other systems which 

perform better in some aspects by incorporating the knowledge into its immediate 

rewards. 

• This is a new research field. There is still a long way to go before a recognition 

system as "smart" as a human being can be developed. 
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