The Automatic Recognition of Objects 

This section of work deals with the problems of object recognition.  The principle objectives are:

(1)  to give an appreciation of the nature of the problem;

(2)  to illustrate the difficulties imposed by freedom of rotation, scaling and translation;

(3)  to discuss the choice between local and global descriptors, and its practical implications;

(4)  to show the essential relationship between feature extraction and recognition;

(5)  to offer an adequate understanding of the theoretical discussions through the vehicle of an example based on structural features as local descriptors.


The latter sections of this discussion will also represent an introduction to the absolute state of the art in recognition work.  The algorithms described, based on a set-theoretical technique known as mathematical morphology, are part of the current ongoing research into this area in the department.  A number of sources are referenced as part of the text.  These are, in effect, outside of the scope of this level of course, but are provided should any further investigation be undertaken.

The Automatic Recognition of Objects 
1.  Introduction

It will be helpful to first define the axes and field of view used for recognition in three dimensions.  Consider figure (2) below:

Figure (2):  Axes and Field of View
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For the recognition of objects with freedom of rotation, translation and scale, the problem of interpretation requires some means of limiting the data used by any algorithm.  Speed makes the use of the full richness of the relationships between pixels in even relatively low resolution CCD arrays untenable.  We are left with a need to generate some simpler description of the picture under test, and the objects which may (or may not) be in it.


Such a description should be as full as is practicable, and amenable to processing using current computer technology.  Ideally, it should be invariant under rotation, translation and scale, and preferably easy to generate from pictures or by direct data extraction from design files.  The description should be flexible enough to permit recognition from poor quality data, and from damaged data due to partial overlap and obscuration.


These generic specifications indicate the use of a feature based approach as the probable solution.  A feature based approach will allow a sliding scale of description. Provided features are selected correctly, certain faces of the feature model will be visible at any rotation and translation within the field of view.  Normalization of scaling is also possible.  The feature based approach can permit definition of the model in the form of a data set, and thereby permits the use of set theory to minimize the computational complexity inherent in dealing with this type of data.


In conjunction with appropriate algorithms, recognition of incomplete data will be possible by using a "best fit" approximation.  An objective measure of the degree of confidence in the recognition result will be generated by assessing the degree of occupancy of the model set by the data under test.


A feature based approach used with library models to identify objects belonging to the (necessarily) limited world of the system will be used.  This does require additional work to extract appropriate features for use in the recognition process, but the reduction in later processing should compensate for this.  It is not unusual to disregard the low level feature extraction work when estimating the computational cost of a recognition algorithm [28].

1.1  Features:  Local or Global Descriptors?


This is a classic area of consideration for recognition algorithms.  The benefits of global features are well established, and are best characterized by two approaches, the method of moments [29], and Fourrier descriptors [30].  Both rely on the whole shape being present, and are consequently affected when partial obscuration occurs.  A set of shape descriptors for each orientation of the object is calculated relative to the viewer, and a given view is matched against a library or database to evaluate the object.  Such descriptors are usually robust and rotation invariant, but many of them may be required to guarantee the uniqueness of the stored descriptions for a particular object.


Global descriptors, in general, are susceptible to noise [31].  Partial obscuration or overlap of objects within an image will degrade the identification ability of these methods. Their use is relatively simple, in that a descriptor set is calculated and evaluated against the stored library of models.  A minimum distance approach is used to calculate the best fit object.


Local descriptor methods use the aggregation of multiple small area descriptors to generate a recognition match.  These methods are inherently more robust in the presence of overlap and obscuration.  They rely on the ability to identify key features (usually areas of high curvature [32]), and are therefore susceptible to the ability of the extraction algorithm to identify and correctly locate features.  This can be particularly important for orientation estimation [33].  Various classifiers may be used to evaluate the best fit object, including the minimum distance approach and clustering techniques.


Local descriptors offer greater flexibility in recognition for real world conditions, but impose complications of interpretation.  For this reason, and for the possibility of effective direct feature extraction using morphological techniques simplifying the underlying algorithmic architecture of a recognition system, the majority of the work in this project has concentrated on local descriptor features.

2.  The Problem of Freedom of RST in 3-Dimensions

The degree of constraint on the objects and the domain of the objects considered within the world model of the recognition system determines the difficulty of obtaining recognition.  Rotation, translation and scaling, if constrained, will offer the possibility of using one single non-ambiguous view of the object under test for comparison purposes.  The features to be used could be searched out in their exact locations.  Unfortunately such constraints are by no means acceptable for the broad sweep of recognition applications:  they are typically only found in certain industrial inspection applications.


The problems imposed on a recognition system by rotation, translation and scale will be considered separately, and used to suggest the attributes needed to compensate for each. From this discussion a general outline for a recognition approach allowing for compensation for RST will be drawn.

2.1  Rotation

The effects of rotation are explicable in geometric terms.  A rotation matrix may be defined as [ref 3.2]:
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The basic effect of rotation is to shield features from the plane of view.  Under rotation, the basic rules of geometry apply:


(i)  points map to points;


(ii)  lines map to lines;


(iii)  planes map to planes;


(iv)  ratios of measures of angle and length are not preserved in point views.


Any problems with apparent changes of features is a result only of the constrained plane of view.  Defined features will map to corresponding positions, all moving through the same change of orientation.


The problems caused by rotation remain twofold.


Features such as the intersection points of three planes can, in the worst case while still visible, map to apparent intersections of two planes (see figure (3) below).  This will necessitate some form of consistency test for features to verify that the views are feasible.

Figure (3):  Rotation of Intersection of Three Planes
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The second problem is that of features obscured in the view by the body of the object. The most obvious case is shown below in figure (4).  This problem is fundamental, physical, and insoluouble without constraining the model world to objects unique in every view.  Such an approach will not meet the requirements of many simple everyday situations.

Figure (4):  Solid Pyramid and Its Rotation Through 90 Degrees about Z-Axis
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An "intelligent" approach could be simply to guess (with obviously low confidence) the most likely object based on previous populations.  Others might be to target a constrained search where other features exist within the view amenable to classification, or to wait and probe for another view of the object under test.


The result of this discussion is to suggest that any feature based algorithm should contain an object centred model of the objects, either in each discrete feature pose or as a self-contained set capable of generating each feature pose from limited data.


In addition, because length and angle are not preserved in the plane of view, except in so far as acute, obtuse and reflex angles remain in their separate domains, selection of features should not rely on single measures to obtain a recognition.  Single simple distinctive features (the meeting of two planes at a distinctive angle, a particular gradient of curve) are not guaranteed to be visible in their useful form.

2.2  Translation

(1)  Far Field


The effect of translation of the object within the plane of the object may be defined using orthographic projection.  Perspective effects are implicitly of such a small order as to be ignored.


Where the point of view is constrained in the acquisition rig (for example by a fixed camera location), the effect of orthographic projection may be likened to a combination of a rotation and a linear translation.  This is a far field approach where perspective variation is not a significant factor.


(2)  Near field


Under near field translation, the rules of perspective geometry apply.  The techniques engendered for rotation will offer solutions.  A perspective shift can be viewed as a rotation combined with a non-linear translation.


Perspective distortion matrix:
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and object plane).
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2.3  Scaling

(i)  Linear Scaling in Three Dimensions


Scale invariants include relative positions of features, sequences of features, relative lengths of edges, orientations of edges and types of corners.  The usual compensation method is to normalise scaling between model and object.  The normalization factor then gives a direct measure of the scaling in the image under test.


A relatively intractable problem occurs where partial obscuration and overlap are permitted.  To engender the greatest accuracy in scale estimation it is obviously necessary to use the longest edge (the greatest separation of features).  It will also be necessary to normalize the scaling to permit recognition from a library model.  Where partial overlap occurs, any attempt at normalization based on maximally separated features will immediately invalidate any feature information based on relative positions of edges, corners, etc.


The sequence of features and neighbour separations remain invariant.  Scale estimation based on adjacent feature pairs will not offer the highest possible accuracy (within the limits of the picture digitization) but will enable recognition to occur on a trial and error basis.


(ii)  Independent Scaling in Each Axis


This further exacerbates the problems.  The only reliable information will be the sequence of features.  This will have to be used to obtain a recognition, from which the relative scalings in each axis can be back-calculated.


The general scaling matrix would be:
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where Sx, Sy and Sz are scaling
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2.4  Conclusion

The effect of freedom of rotation, translation and scaling is to increase the complexity of the recognition problem.  Only the most fundamental of information can be used as model features due to the variance of most forms of data under RST.


The problem is amenable to decomposition.


Freedom of rotation will allow the shielding of important features from a single viewpoint (camera). We may therefore use an intersecting combination of viewpoints giving a complete coverage of the object under test, but this will only be possible under tightly controlled conditions.  The alternative is to store multiple views of the object in the library.  For many objects the three views of design drawing (six views for asymmetrical coverage) will be sufficient if correctly chosen and orthogonal.  Unfortunately this does not cover the general set of objects, and in many cases more views will be needed.


There are significant benefits gained from using multiple stored views of the object. The degree of rotation to align the matching view and the picture under test will be relatively small, allowing the use of the popular inverse affine transform as a means of identifying the rotation of the object from the stored view (see Annex A).  This will also prevent the problems of matching reflected views to separate visual isomers.


Scaling necessitates normalization.  For normalization before analysis, an a priori knowledge of the scaling factors is necessary.  This allows for correction of scale changes and greatly eases the recognition problem by allowing matching of feature locii as well as feature types.


Where scaling is not known, it must be inferred after object identification.  This will introduce intractable problems, particularly with simple objects (try differentiating between a non-uniformly scaled square block and a similar rectangular object).  If the set of features displayed matches only one object in the library as opposed to a class of objects then the scaling can be extracted by normalization against the library model.


For each view of an object, then, we will require a feature model which includes feature location data as well as feature types (needed also to extract rotation) but which can be used without any location data other than relative position to other features if we intend to compensate for, or to measure, scale variations.  The collapsed model would simply indicate nearest neighbours or "up-down-left-right" relative position in the view.


Translation in the far field is the most tractable of object recognition problems, assessed by indicating the location of a key feature and amenable to any system capable of handling rotation problems.


As with scaling, correction for perspective distortion is desirable before matching.  If such an approach is not possible and the separation of viewpoint and object plane is unknown then the rotation collapsed model may offer a solution.  Combinations of scaling, rotation and perspective offer a particularly severe test for any recognition algorithm claiming the ability to also extract rotation and scaling.


The model generated for each view of the object must include absolute spatial information as to the relative positions of features, types of features, and some simpler logical indication of their positional relationships.

3.  Structural Features

The benefits of a feature based approach relate primarily to handling limited object information.  An attempt can be made to classify the usefulness of various types of data situation at this point.


The previous discussion illustrates that invariance under RST is not characteristic of the majority of what are usually intuitively obvious features.  Of more use than the absolute measure of an object feature is its relationship to other (hopefully defined) features.  We shall therefore place more reliance on local clusters of features than on the single "unique" feature where high reliability of identification is a necessity.


The ability to map a best fit solution between a model and a test data set is therefore of primary importance.  Where imperfect data is used, as is typically the case with real images, the closest match between acquired data and a library model will be taken as the identification of the object.  This should be conditioned by a goodness factor for the recognition or a confidence factor in the match.


Structural features can be extracted from design drawings for mechanical parts and manufactured items.  They can also be directly extracted from acquired data, offering the possibility of supervised learning for model derivation.  Unsupervised learning would require a high quality training set of images, low in noise and complete in degrees of view, for the optimal performance, but is by no means precluded as an option for creating library models.

3.1  Selection of Features for Models

In defining the model features used for library data, the effects of RST determine to a large extent those chosen.  It is not difficult to see why the great majority of work in the object recognition field has concentrated on geometric objects which are relatively rich in well defined and usable intersections of planes, and characterizable corners.  These same features are of primary importance where available, but are exceptional rather than normal in the general set of objects.  Table (1) below offers some suggestions for structural feature types to be included in models and searched for in acquired data.  It should be noted that the chosen features will need to be extracted from the image, which is (in this work) an intensity mapped view of the scene.

Table(1):  Structural Features offering Invariance under RST

Geometric objects:

intersections of 3 planes (colloquially known as corners), concave and convex


intersections of 2 planes (edges), concave and convex


plane surfaces


Non-geometrical objects:

points of high curvature (points), concave and convex


points of low curvature (lines)


points of inflexion of curvature (saddles and colls), concave and convex


Cain and Bolles [34] have reported on the use of small local features such as holes to extend the richness of the feature set.  The well-known Clowes algorithm [35] interprets the intersections of line edges as features for recognition.


The actual choice of features is made on a pragmatic basis - those that we can extract from the image reliably and repeatably.  In practise this means examining the intensity map for particular structures, which are interpreted to indicate the presence of a particular feature.  It is natural to look for particularly high or low rates of change in the intensity map as a first basis for evaluation.


Extraction of these features is an entire and major area of work in itself.  The approach adopted for this work is detailed in Chapter 5.  It should be noted that the success of feature identification controls to a large extent the effectiveness of any recognition system of this type and the confidence level in any results obtained must be conditioned accordingly.


Three approaches were considered for modelling objects:  feature aggregation, use of silhouette features only (ie those features appearing on the silhouette of the object in the given view); and combining silhouette and in-object features.


For the most part the work concentrated on structural features, but the inclusion of (for example) colour parameters, or textural descriptors, is by no means precluded by the technique developed.  Such descriptors would add to the richness of the model and its general utility, but at the cost of higher dimensionality both in the feature listings and in the processing requirements.

 3.1.1  Modelling by Feature Aggregation

When dealing with a feature based approach, the simplest modelling method is to regard each feature as independent and to model the object view as a list of features by type. Recognition is obtained by comparison of the extracted features set from the image under test with the library views.  No information about relative positions of features is included:  a feature is either present or absent in the view.  A match is accepted if enough coverage of a library model occurs in the acquired image.


This method is intuitive, and offers low complexity in algorithm development (ordering lists of feature types by sorting, followed by comparison).  It will allow simple modelling and a high probability of recognition where single objects of distinctive features appear within the image.


In the presence of a rich set of objects within the system world, unique models are not guaranteed.  This is primarily because such a method ignores the sequence or relative positions of features, and therefore a significant facet of information about the object.  


Feature aggregation is prone to aliasing and will be inefficient in a noisy environment where pseudo-features may appear.  In particular, where multiple objects are present in the image, this method will give false results.


An example feature data set for a simple aircraft model is shown in figure (5) below.  Gross structural features were used, including points of high and low curvature, long straight lines and line ends.  These would be extracted from sharp gradient changes, or ideally discontinuities, in the intensity map.  They would, therefore, naturally include the perimeter features, which tend to dominate for this simple aircraft.

Figure (5):  Simple Aircraft Model
(a)  Side View
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(b)  Plan View
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(a)  Side View

(b)  Plan View
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3.1.2  Modelling by Silhouette

The silhouette of an object is rich in feature information, and is easily extracted where a reasonable contrast has occurred.  It therefore offers a usable modelling method, the features for comparison being efficiently extractable from the acquired image.  In the biological world the silhouette is a key recognition parameter - consider the variety of camouflage used by organisms to disrupt their apparent outline to avoid predators.


The features are extracted by segmentation of the object or objects within the image followed by edge following to extract significant information.  Silhouette models give a list of edge features in the order they were acquired, thereby preserving feature sequence information around the perimeter of the object view.


In order to minimize the computational effort required in comparison, the model may simply list the sequence of features.  This will yield family type information on the first pass (will not separate simple objects like rectangles and squares).  Where higher confidence is required, a second pass including relative coordinates of edge features (in x,y) can be used. This will yield the ability to extract rotation and scaling information and will resolve between dissimilar objects with the same sequence of edge features.


The major benefit of preserving sequence information is the inherent ability to operate on chains of features.  Where overlapping or obscuration occurs, the sequence of edge features is disrupted.  Longest chain sequences offer a means of identification of objects from partial data with confidence estimates based on the length of sequence in comparison with the full perimeter expected.  Thus recognition is possible even under partial data conditions. Figure (6) below illustrates this point, along with table (2).

Figure(6)  Partially Obscured Aircraft with Extracted Features in Comparison with Library Model View
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Table (2):  Perimeter Feature Set from Partially Obscured Aircraft


Extracted Feature Set:
Original Feature Sequence Data






(Note no locus information is included):


X
Y
Type

Type

Key:


339
293
1

1

1= high curvature convex

227
341
0

0

0 = high curvature concave

155
349
1

1


235
363
0

0


259
369
1

1


395
366
1

0


397
359
1

1


359
339
0

0


348
290
1

1


The silhouette approach is widely used, and has been reported extensively (eg Wallace and Wintz [36]).  The problems of feature extraction for this approach have also received much attention.


On a practical note, where the objects or background in an intensity-mapped image are textured, it may only be possible to delineate the outline of the particular regions.  After the regions are separated and assigned particular values, the boundaries formed between them may still be used to form a silhouette from which features could be extracted for recognition purposes..

3.1.3  Feature Modelling including In-object Features

This method includes as a subset of its features the outline information used in silhouette based methods, and therefore has the benefits of edge sequence information built into the approach.  Edge following cannot, however, be relied upon to produce the feature set needed for recognition purposes, and direct methods have been used (see later).


A full formal model includes both feature types and locations.  Feature locations may be defined in only x,y and need not include z-plane information where multiple views of the object are to be used from the library (z-plane information can be generated after the recognition process is complete if required).  This will be used to extract rotation and scaling information from the image acquired.


A collapsed model is needed in order to minimize processing effort.  Several approaches might be adopted.  Initial testing using sillhouette only is an obvious choice.  One method would be to retain perimeter sequence information (the method as for the silhouette collapsed model) and aggregate features within the object.  An alternative would be to collapse the full feature model onto a point radius circle, yielding simply the adjacencies of features and not full pixel-relative position information.  Note that this partially ignores the z-plane position, only including it as relevant to the particular view, but retains the relative positions of features in a non-linear way.

3.1.4  Feature Modelling using Position of Features and Local Web Skeletons

In this approach, the features used would be points of high curvature.  The object is modelled as the points of high curvature interconnected by a nearest neighbour web.  The model therefore contains both the points of high curvature on the surface of the object and a local nearest neighbour description.  Such an approach would enable recognition from partial views of the object and might prove more robust under noisy conditions, in that local clusters could be aggregated to give a higher degree of confidence in the overall recognition. Models could be extracted from design drawings for mechanical items, or directly from image data for comparative recognition.


A full web is established by taking each feature in turn and calculating its orientation to, and distance from, the remaining features in the extracted description.  This may seem excessive in terms of effort to generate a model of the object, but a little thought will show that it is necessary due to the possibility of features being omitted from the extracted description.

4.  Feature Extraction Algorithms

4.1  Grey Scale Functions

If partial containment is allowed for elements in greyscale functions, all points in the probe set will always be present (at least partially) in the tested set.  In this case it is more useful only to consider fully contained components as contributing to a measure of partial occupancy.  With the grey scale functions each point in the original set f(x) will have a value in the transformed R(x) set, equal to the number of points within the function which would encompass the equivalent point in k(x-z).  For acquired set functions (ie images rather than extracted feature sets) it is often simpler to calculate the RJ operator result for conditional erosion by simply positioning the test function at each location within the image, adding the weighting of the origin position and subtracting each component according to its position to generate a scalar figure for the number of components which are less than the weighted probe set.


Consider the top surface form of greyscale erosion (see Haralick et al [4]):
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This may be physically interpreted as: 
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Now, for any point 
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then 
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This is intuitively obvious.  In order to relax the criterion for a point to belong to the eroded result, we must allow the point value to belong to the solution if components fail to meet the criterion for formal erosion, ie if components are missing from the eroding function k placed at the surface of the function f.


In effect our measure becomes:
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where
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A J(x) set may be generated for each locus in f(x) (and hence R(x)), and will contain a number of elements up to the number of elements in k(z).  It is primarily of use in recognition model evaluation from set occupancy.


The R(x) set may be calculated in summation form as:
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The R value becomes a goodness of fit measure, closely resembling a fuzzy intersection but constrained in that only fully contained elements count towards the generation of an overall measure.  This analogy becomes more obvious if we scale the value obtained by dividing by the number of elements in the k(z) set.


ie Rnorm(x) = R(x)/N SYMBOL 206 \f "Symbol"(0,1), where N = no of elements in k(z).


This number might be regarded as an elementary measure of fuzzy erosion, in that only wholly contained elements contribute to the value.

4.2  A Feature Extraction Mechanism Based on Intersection with Probe Functions


The greyscale MHMMT can therefore be established as:


MHMMT  = 
[image: image18.wmf]T

x

y

T

x

y

1

2

(

,

)

(

,

)

Ç






[27]

where:
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In the trivial case, if the conditions cond1, cond2 are set to be equal to the total number of components in g(x,y) and h(x,y) respectively, the result is a form of greyscale hit and miss transform.


This mostly hit, mostly miss greyscale transform has obvious applications in direct identification of features within a greyscale image.  The result is a binarized found / not found set.  Where a symmetrical feature probe set can be established, a quasi non-directional feature analysis can be undertaken, removing one of the major problems of using morphological filters in general case recognition applications (ie freedom in rotation, translation, and, where the feature probe is relatively small, scale).


Chosen structural feature types within an image may be enhanced in the presence of noise and texture using a modification of  this approach.  By using increasing sizes of a template, features below a predetermined size may be eliminated.  Combinations of templates with specific spatial components enable the removal of noise and texture effects within the bounds set by the template.
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where:



[image: image24.wmf]n

n

n

T

R

R

x

y

t

t

x

y

cond

n

t

x

y

x

y

(

,

)

{

|

(

,

)

,

(

,

)

}

=

=

Î

=

"

Î

1

0

 where 

 

,

                     

 elsewhere

,

 



and



[image: image25.wmf]n

n

R

f

x

y

k

=

(

,

)

(

,

)

@

e

h


5.  Perimeter Feature Extraction using Chain Codes and  Edge Following (gabriel and diffre.)


Chain coded descriptions of object perimeters contain rich descriptions of structural features in an easily extractable form. The quality and accuracy of the results depended almost entirely on the quality of the preprocessing.  In this lie both the strength and weakness of the method:  the ability to operate after a variety of segmentation algorithms offers flexibility and easy introduction of enhancements, but at the price of possibly lengthy and sophisticated preprocessing.  Because of the sensitivity of the method to edge peturbations, it was found necessary to allow limited edge distortion by lowpass filtering before binarization, preventing the appearence of edge isthmuses.  The process adopted for the practical results obtained is shown in the algorithm of figure (15) below:

Figure (15):  Algorithm for the Extraction of Perimeter Features using Chain Codes


Acquire Image



Histogram Equalisation (if necessary)



Lowpass Filtering



Binarisation by Thresholding



Median Filtering



8-Connected Chain Code Generation



Extraction of Features using Curvature Estimation


An 8-connected chain code was generated by templated edge following.  Features were then identified by using a local curvature measure along the extracted perimeter.  A multilevel threshold of inferences was used to separate areas of high and low curvature, and to identify areas of high curvature as concave or convex relative to the object body.


The curvature was calculated relative to the perimeter itself by difference equations as:
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The orientation of the perimeter, SYMBOL 113 \f "Symbol",  was calculated piecewise as:
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where yn, xn are points on the perimeter.  A separation of around ten pixels between successive points was arbitrarily chosen as giving reasonable results for objects of adequate size within the field of view. 


Using this curvature measure, points of high and low convexity and concavity on the perimeter were isolated and used for recognition purposes.


This method again proved useful for objects of high and low contrast (subject to the preprocessing requirements), and with partial obscuration and overlapping.  Lowpass filtering improved the quality of the perimeter delineation after binarisation, at the obvious cost of a limited movement of the edge.  In spite of this improvement, the perimeter still contained "broken up" data, where the threshold approached the values of the perimeter.  This is inevitable with a curved object with lighting constrained from a single source, where the lighting produces variations in intensity across a curved surface.  This was minimised by median filtering after the binarisation.  Again, some distortion of the perimeter is introduced.  This is less significant where gross structural features are to be used for later analysis.


Textured objects proved problematical, in that the very techniques used to segment object and background enhanced the texture in the image.  Segmentation supported by textural means would have alleviated these difficulties.  The technique, by its very nature, relies on changes in the intensity map to locate perimeter data.  It assumes the most significant local variations will be between object and background, and that binarisation will allow isolation of the object as a result.  In the presence of deep texture, this cannot be assumed to be the case.


Example results are shown in figures 16(a)-(c) below.  The points at which the curvature was calculated are indicated by the smaller blocks on the contours, the points of significant high curvature being indicated by the larger blocks.  Extracted feature sets for the adequate contrast images are tabulated in Table 4.

Figure 16(a):  Perimeter Extraction for High Contrast Objects

	[image: image28.png]



	[image: image29.png]




	(i) is1bin.img (gab, diffre)
	(ii) is6bin.img (gab, diffre)
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	(iii) is12bin.img (gab, diffre)
	



The table illustrates the sequence of features from the perimeter of the objects under test.  It is this sequence information that makes this data particularly useful in recognition applications, in that a relatively small sample is required to obtain a positive result.


With objects of adequate contrast, this technique proved effective in the delineation of  the required features.  Points not belonging to regions of high curvature must, by definition, belong to the areas of relatively low perimeter curvature.

Table (4):  Extracted Features (in comparison with features manually extracted by eye placement of cursor)

	Is1b.img (eye extracted)
	is1b.img (gab, diffre extracted)

	x         y     type
	x         y     type
	x      y     type    
	 x     y     type


353    288 1


352    431 1

	
	361    371 0

404    364 1

361    349 0

358    292 1
	339 293 1         

227 341 0         

155 349 1         

235 363 0         

355 419 1


	367 369 0

393 357 1

359 343 0

352 290 1


	Is12b.img (eye extracted)
	is12b.img (gab, diffre extracted)

	x         y       type
	x         y       type


295    315   1


296    408   1


310    442   1


392    431   1


393    332   1


372    308   1

	
	296    326   1

300    414   1

316    440   1

392    425   1

361    310   1





In both the examples below, figures 16(b) and 16(c), the problem is one of difficulty in delineation.  To improve the situation, the following procedure was adopted:  a low pass filter was applied, to smooth the perimeter; the image was binarised by thresholding; and a median filter applied to tidy up the ragged edges of the boundary.  This necessarily introduces perimeter distortion, but allows the gross description of the boundary to be used to extract structural features.  The extracted feature sets exhibit problems with misplaced positive responses.  Reducing the binarisation threshold caused inclusion of islands of noise and texture in the result.

 Figure 16(b):  Perimeter Extraction for Low Contrast Objects

	[image: image31.png]




	bozlb.img(gab, diffre) bgdboz.clp


Figure 16(c):  Perimeter Extraction for Textured and Noisy Objects

	[image: image32.png]




	 crplbm.img(gab, diffre)



The problem now becomes one of isolating the appropriate features for the object description.  With a fixed scaling and orientation, the method will work adequately.  The required features may then be matched pointwise, eliminating consideration of the bulk of spurious features.  


Such an approach is, of course, unsuitable for recognition where rotation, translation and scaling are not fixed.  Here the features must form part of the recognition process, rather than simply offering the data solution.  The excessive inclusion of spurious features removes the possibility of using edge sequences for recognition, which would require some portion of the perimeter to be uncorrupted.  This is most unlikely to occur reliably in an image exhibiting the degree of contamination shown in figure 16(c).

5.  Extraction of Perimeter Features using the R Operator based MHMMT and Templates

The use of the conditional mostly hit, mostly miss transform as defined in equation (27) gives added scope for the elimination of unwanted perimeter data.  The examples below show the use of the donut template with suitable conditions to extract points of high curvature, concave and convex, from a variety of high and low contrast images.  Whilst highly effective with low noise, low textured images, this algorithm offered little improvement for the more complex situations.  The basic algorithm is shown in figure 19 below:
Figure 19:  Algorithm for the Mostly Hit, Mostly Miss Algorithm

Acquire image f(x,y)


Generate complement fc(x,y)


Apply probe R(x,y) with appropriate conditions to yield T1, T2

Intersect T1,T2 to get result


(Thin, if necessary, using morphological equivalent of median filter)

Figure 25:  Examples of MHMMT Extraction of Features

(a)Reasonable Contrast, Low Noise Images
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	(i) is1bdocv.hma(donut{6,1:6,1})
	(ii) is1bdocc.hma(donut{14,9:14,9})
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	(iii) is4bdocv.hma(donut{6,1:6,1})
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	(iv) is4bdocc.hma(donut{14,10:14,10})
	(v) is4bdoc1.hma(donut10{14,9:14,9})
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	(vi) is10docv.hma(donut{6,1:6,1})
	

	[image: image39.png]
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	(vii) is10docc.hma(donut{14,10:14,10})
	(viii) is10doc1.hma(donut10{14,9:14,9})



The increased selectivity of the MHMMT is clearly shown in figures 25 (a)(i) - (v).  The feature sets extracted here are of an appropriate form for passing directly to a structural recognition algorithm.  The wire stripper image of figures (vi) - (viii) is a particularly intractable example, in which the size of the high curvature features is of the same order of, or smaller than, the applied template.  While some results are obtained, their validity is at least suspect.

Table (5):  Extracted features with MHMMT and Manually Extracted Data
	Is1b.img (eye extracted)
	mhmmt
	mhmmt

	x      y       type
	x      y     type    
	x      y     type    


358    292 1


361    349 0

	
	241 340 1

150 343 1

149 344 1

150 344 1

149 345 1

150 346 1

372 361 1

373 361 1

374 361 1

235 362 1

382 362 1

383 362 1

238 363 1

239 363 1


	392 363 1

393 363 1

397 363 1

384 364 1

385 364 1

392 364 1

393 364 1

397 364 1

361 369 0

360 370 0

359 371 0




	is4b.img (eye extracted)
	mhmmt

	x      y       type
	x      y       type
	x      y     type
	x      y   type



260  380  0


	
	360 271 1

420 325 1

421 327 1

420 329 1

418 343 1

168 386 1

168 387 1

168 388 1


	376 327 0

416 332 0

379 348 0


	


(b) Low Contrast, Low Noise Images
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	(i)amber.img (rjhma4, donut{6,1:6,1})
	(ii)amber1.img(rjhma4, donut{14,9:14,9})
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	(iii)amber2.img(rjhma4,donut{14,10:14,10})
	



The low contrast image of figures b(i) - (iii) are examples of the peak performance of such an algorithm.  The features are located and localised, with little spurious data included.  The template had been optimised neither in shape nor gradient for the solution.

6.  Some Recognition Models and Results (for the Concorde Image of IS1B.IMG)
4

