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the BLM algorithm would be used to refine the boundary hypotheses. Modifying the 

boundary of a region may cause the estimates of its statistical properties to change, 

which may then affect the estimated boundary position. In this way, the region and 

boundary hypotheses would interact, leading to an iterative process for determining 

the best models for a region and its boundaries. As the total likelihood should never 

decrease, this iteration should converge . 

The above procedure is somewhat similar in parts to the split-and-merge procedure; 

elaboration by subdivision of a region corresponds to the 'split' phase, and simplification 

by merging adjacent regions corresponds to the 'merge' phase. However, the new 

procedure has considerably more flexibility, in using spatially-varying region models, 

and in subdividing a region according to the shape and size of inconsistent patches 

within it rather than always subdividing it into four sub-squares. 

There is an interesting analogy between the different classes of region models and 

boundary models. A uniform region model is analogous to a straight-line segment. If 

this is not consistent, one can use a spatially-varying region model, which is analogous 

to a cubic segment ( change of angle being analogous to change in statistical properties). 

Alternatively, one can subdivide the region into two new regions, which is analogous 
• 

to introducing another knot in a boundary representation. 

Thus, we see that the notion of determining simple, consistent, and accurate hypo­

theses extends to the whole problem of image segmentation, leading to a segmentation 

technique which would yield parametric models for the texture in each region and 

for the boundaries between regions. Such a technique would (hopefully) have similar 

advantages to the BLM algorithm in practical applications. In particular, it would 

cope, explicitly and correctly, with spatial variations within regions, and describe them 

in parametric terms, suitable for use by subsequent processes in three-dimensional 

interpretation of the scene. 

5.4 Use of the BLM algorithm in a machine vision system 

The BLM algorithm is, of course, not end in itself: it is useful only insofar 

as its results can be used by later processing stages, for performing such tasks as 

3-dimensional analysis of a scene, locating objects, and recognizing them. In this 

context, the BLM algorithm is potentially quite useful as it stands, but with the further 
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extensions described in section 5.3, it could be of even greater value. 

As it stands, the BLM algorithm would not replace other segmentation techniques, 

such as edge detectors or split-and-merge algorithms_ Instead, it would form a subse­

quent stage to obtain accurate boundary location estimates, after the initial segmenta­

tion technique had tentatively divided the image up into regions. The extended scheme 

described above, which forms a segmentation by obtaining the simplest consistent hy­

potheses for the regions and their boundaries, would do away with the need for the 

initial segmentation. 

Several advantages of using the BLM algorithm, rather than using the output of a.n 

edge detector or a split-and-merge algorithm, are listed below. Some advantages relate 

to the algorithm as it stands, a.nd some to extended versions. 

• The boundary reported by the BLM algorithm is generally simpler. This should 

simplify later processing, since there is less information to deal with. 

• The boundary reported by the BLM algorithm is generally more accurate .. Once 

again, this should simplify further processing. In particular, the absence of un­

necessary and incorrect undulations in the boundary should make recognition of 

objects considerably easier. The boundary shows neither the 'blockiness' present 

in the output of the split-and-merge technique, nor the following defects, present 

in the outputs of the convolution edge detectors used in chapter 4: · 

- Unnecessary undulations, due to the influence of variations in brightness 

within the textures 

- Breaking-up of the boundary 

- Problems at the edge of the image and at the junction of edges 

• There is no need to convert from an image-based or chain-coded representation 

to a parametric representation. Such conversion generally requires making ap­

proximations ( so that the parametric representation is not unduly complex). An 

important point is that these approximations are generally made without refer­

ence to the original image. In contrast, the BLM algorithm fits the parametric 

representation directly to the original image, and is thus much more accurate. 

For example, an edge map represents less information than is in the original im­

age ( assuming that a thesholding or non-maxmimum suppression step has been 
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performed). The BLM algorithm is therefore in a. position to use much more of 

the relevant information. 

• The results from the BLM algorithm are reliable; they are guaranteed to be 

consistent with the image data. Later processing can thus proceed with confidence 

that the reported boundary corresponds with what is in the original image. This 

is quite important, since subsequent stages would rarely go back to the original 

image, relying instead on the reported boundaries. 

• There is no need to combine the results over multiple scales to obtain results 

which are both accurate and reliable, as required for the convolution edge de­

tectors. There are, indeed, parameters for the BLM algorithm which relate to 

the maximum scale of variation which can be considered as te.."rlure, but the al­

gorithm does not give inaccurate results when this scale is large. In contrast, 

convolution edge detectors generally give inaccurate results at large scales, and 

unreliable results at small scales. 

• There are no critical parameter or threshold settings. There are only two impor­

tant parameters: the significance level in the consistency test, and the maximum 

scale of texture. The significance level can be set to a constant value, and the 

maximum scale of texture should depend on the sizes of the regions. 

• Other information, potentially useful to later processing stages, can be obtained. 

For example, the confidence contours and intervals ( section 3.4.5.4) should be 

useful, as an indication of the sharpness or clarity of the boundary, and also 

as an indication of the range of acceptable positions for the boundary. The 

latter could be very useful if some later process wishes to hypothesize a slightly 

different position for a boundary segment, in order to obtain a simple description 

at that level. For example, some later process may wish to hypothesize that two 

boundary segments are, in fact, collinear, even though their reported positions 

and orientations don't give collinearity. It should be possible to evaluate whether 

this hypothesis is consistent with the image data using the reported con:fiden.ce 

intervals and contours. Similarly, the 'cornerness' measure should be useful in 

guiding the interpretation of knots in a piece-wise linear boundary as representing 

corners in the true boundary, or as being a descriptive convenience. 
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• Parts of the BL1'f algorithm could be used in other ways: for example, the con­

sistency test could be used to test a. boundary hypothesis suggested at some later 

stage in the interpretation. Or, if ambiguity exists, the likelihoods of two slightly 

different boundary hypotheses could be compared. 

• The BLM algorithm is quite amenable to control by higher levels of processing. 

For example, in the version extended to hand.le multiple regions, it would be quite 

easy to place constraints on the angles that segments form at knots. Specifying 

that two segments must be collinear at a knot with three adjacent segments would 

give a. 'T' junction a.t that knot. 

• The BLM algorithm could easily be adapted to make use of statistical knowl­

edge about the forms of the pixel grey-level distributions. For instance, if the 

distributions were known to be Gaussian, the mean and variance of each region 

could be estimated rather tha.n the entire distribution. Likelihoods would then 

be calculated according to the Gaussian distribution. 

• The BLM algorithm could also be used to obtain an a.pproxima.te description of a 

boundary, if the consistency test was adapted to only consider those protrusions 

whose length perpendicular to the boundary is longer than a. given distance. 

This would a.llow the true boundary to deviate from the reported boundary by 

( at most) that distance, thus producing a simpler, but approximate, boundary 

description. 

• Where ambiguity exists, it should be possible to produce more tha.n one hypoth­

esis. In this context, the criteria of simplicity and accuracy should be seen as 

relative rather than absolute: that is, an acceptable hypothesis should. be rela­

tively simple, not necessarily the simplest; or of relatively high likelihood, not 

necessarily the highest. The likelihood should still be the highest for the given 

configuration of linear and cubic segments; however, if two boundaries were of 

similar complexity and likelihood but of different form, then they would both be 

tenable. Possible hypotheses must still, of course, be consistent. 
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Chapter 6 

Conclusions 

Existing approaches to the problem of segmentation do not give accurate, concise, 

or reliable information about the locations of boundaries in textured images. Inspection 

of sample results shows that current segmentation algorithms fall far short of human 

performance. In particular, the Marr-Hildreth and Canny edge detectors give boundary 

contours which are irregular and inaccurate when applied to test images containing 

smooth boundaries between regions of texture. 

These deficiencies are due to intensity variations within the textures. Textured 

regions may contain a broad range of intensities, and nearby pixels may be correlated. 

The intensity changes within a textured region can be larger than the intensity changes 

at the border of the region. Generally, edge-based methods tend to be perturbed by the 

intensity variations within the regions, and thus yield inaccurate results. Large-scale 

edge detectors can distinguish between local intensity variations due to texture and 

changes in average intensity at the border of a region, because the latter tend to persist 

over larger distances than the former. However, the textural intensity variations still 

affect the positioning of the edge elements along the region boundary. On the other 

hand, small-scale edge detectors cannot distinguish between textural variations and 

region boundaries; their results are so confused as to be virtually useless. 

Traditional region-based methods cannot give fine location information because the 

characterization of a block of texture becomes less reliable as the block becomes smaller. 

The classification of small blocks near the boundary between two textured regions can 

therefore be ambiguous, especially if the distributions of the properties of the two 

regions overlap. This ambiguity makes it difficult to obtain an accurate and reliable 

estimate of the boundary position. Consequently, most region-based methods impose 
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a minimum size on the blocks considered, and the boundaries of the regions obtained 

therefore tend to be "blocky" in outline. 

Many of the problems with region-based methods a.re due to the independent clas­

sification of pixels or small blocks of pixels. This deficiency can be overcome to some 

extent by usi~g statistical estimation methods which make the classification of a pixel 

dependent on the classification of its neighbours. These methods use statistical models 

for the shapes of the regions which express a. preference for having each pixel classi­

fied to the same region as its neighbours. However, practical considerations limit the 

neighbourhood size to the nearest four or eight pixels, which is insufficient to express 

a preference for boundary shapes which a.re globally simple. 

The approach presented in this study ( as embodied in the BLM algorithm)-over­

comes these difficulties. Use of a statistical model for the texture in the regions allows 

for the intensity variations within the regions, and use of a parametric representation 

of the boundary enables the BLM algorithm to determine the description which is 

the simplest possible in a global sense. Ambiguous pixels near the boundary cause 

few problems, because the maximum-likelihood estimate of the true boundary position 

takes account of the relative degree of ambiguity of all pixels near the boundary. Fi­

nally, the boundary estimate obtained by the BLM algorithm is reliable, because it has 

been tested for consistency with the image data. 

The results obtained with the BLM algorithm a.re consequently concise and accu­

rate, and generally correspond well with the results of human perception. The BLM 

algorithm has been applied to a wide range of imagery, including both real-world images 

and images that . have been artificially constructed from natural textures. The results 

display no more complexity than the observable level of detail in the image warrants, 

and represent a substantial improvement over conventional techniques. 

The BLM algorithm is driven by three criteria for a good boundary description: 

accuracy, simplicity, and consistency. These criteria were motivated by the charac­

teristics of human perception of boundaries in textured images, and are formulated in 

mathematical terms. The appropriateness and effectiveness of these criteria are demon­

strated by the excellent results obtained with the BLM algorithm. These three criteria 

together capture the essence of a good description of a boundary. 

The formulation of the accuracy criterion in terms of maximum-likelihood estima­

tion of the boundary position gives good results. Maximum-likelihood estimation takes 
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into account all of the relevant statistical information. The assumption of pixel inde­

pendence used in calculating likelihoods does not ca.use sign.incant problems, although 

it does require that the regions differ in their pixel intensity distributions. Regions with 

the same pixel intensity distribution but with different textures can be segmented by 

applying an appropriate texture filter before using the BLM algorithm. 

Use of a parametric representation for the boundary has several advantages. The 

parametric representation allows a natural measure of the complexity of a. boundary, 

which depends only its shape, not on its size or on the pixel resolution of the image. 

This complexity measure corresponds well to human assessment of the compl~-nty of a 

boundary. There is also a significant advantage in fitting a. parametric representation 

directly to the original image data, as the BLM algorithm does, rather than fitting it 

to some abstraction such as an edge map. Fitting a parametric representation to a.n 

edge map or other abstractions inevitably involves making approximations which a.re 

not tested against the image data, and which therefore may be inconsistent with the 
. 
image . 

Perhaps the single feature which most clearly distinguishes the present approach 

from previous approaches is the use of a consistency test. The likelihood-ratio test 

used in testing whether a boundary is consistent with the image data works well. 

One of its best features is that the false-alarm rate is controlled explicitly by a single 

threshold, yielding a test which is as powerful as possible, consistent with an essentially 

zero false-alarm rate, and which does not require critical setting of any thresholds. The 

test successfully takes the correlation between pixels into account. The results from 

the BLM algorithm show that the consistency test judges correctly, given the level 

of observable detail in the boundary. Thus, the BLM algorithm has the desirable 

characteristic of producing a less complex boundary description in situations where 

the regions a.re less distinct, because the consistency test is then less stringent. The 

approximation of normality of the log likelihood ratio statistic does not cause any 

significant problems. 

In contrast to most previous studies, the results obtained with the BLM algorithm 

demonstrate that it is possible to obtain good descriptions of boundaries without re­

quiring fine choice of values for critical parameters. The behaviour of the algorithm is 

controlled by two main parameters: the significance level in the consistency test, and 

the maximum sea.le of intensity variation which will be considered as texture. Both 

167 



were Jet at the .same valueJ for all the imageJ proce.sJed. The scale parameter is at the 

discretion of higher-level processes; however, large values do not cause the algorithm 

to give incorrect or inaccurate results on fine textures. 

The current implementation of the BLM algorithm assumes that there are only 

two regions, and that the regions are homogeneously te."rlured. The implementation 

adequately demonstrates the concept of using the three criteria. to drive the process 

of locating and describing boundaries, and is sufficient to obta.in excellent results on 

a wide variety of images. However, these assumptions are somewhat restrictive in 

dealing with real-world images, and the implementation needs to _be e.tjended for use 

in a general-purpose vision system. The necessary extensions to handle multiple regions 

are straightforward. 

The BLM approach has many implications for the overall image segmentation prob­

lem, and also for the problem of machine vision in general. The three criteria can be 

applied to descriptions of other entities, such a.s spatially-varying regions of an im­

age. The approach developed in this study not only makes a significant contribution 

to the problem of locating boundaries in textured imagery; it also provides a clear 

and coherent framework for characterizing regions a.swell, leading to a complete image 

segmentation procedure. 
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