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ABSTRACT

Breast cancer can be controlled and treated successfully when detected at 

early stages. Since survival rates are highest and recurrence as well as 

treatment costs are lowest if the cancer is detected and treated at an early 

stage, it is critical to diagnose breast cancer in its earliest stage.

However, the mammographic appearance of normal breast tissue varies 

widely and the signs of breast cancer are subtle. The evaluation of screening 

mammograms is a very difficult task where the radiologist must balance the 

requirement of high sensitivity for abnormalities (leading to high cancer 

detection) and high specificity for normality (keeping unnecessary biopsies 

to a minimum).

Computer Aided Detection of abnormalities in breast screening can 

potentially improve individual radiologists’ performance, however, despite a 

great deal of research literature on image processing in mammography, the 

detection of cancerous mass lesions is still very difficult for many reasons. 

Masses are often of varying size, shape and density, at the same time 

exhibiting poor image contrast. In addition, many mass lesions and normal 

parenchymal tissues surrounding them look similar on mammograms.

A novel method utilising dendronic analysis of mammograms has been 

carried out in this research. A dendrone is a hierarchical thresholding 

structure that can be automatically generated from a complex image. The 

dendrone structure captures the connectedness of objects and sub-objects 

during successive brightness thresholding. Based upon connectedness and 

changes in intensity contours, dendronic representations of objects in images 

capture the course to fine unfolding of finer and finer detail, which is 

invariant to lighting, scale and placement of the object within the image.
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Complex images can be autonomously analysed using the output of the 

dendrone to determine if they contain the signatures of particular target 

objects of interest, in this case, the signatures of stealth-like stellate mass 

lesions within mammograms. Dendronic analysis of mammograms has been 

overlooked due to the computational expense in the creation of the image 

dendrogram. Thus, in this research, a modified creation algorithm has been 

developed to dramatically decrease creation times. Further, a three

dimensional data visualisation implementation has been developed to better 

visualise and understand the dendronic representation of the image.

In the analysis of 50 mammogram images containing 15 cases of cancerous 

stellate mass lesions, the method proposed in this research detected 86.7% of 

the stellates. However, it is also evident that the number of false positives 

produced required further classification of the output.

These results indicate that dendronic analysis of digitised mammogram 

images has the potential to provide a robust tool to aid in the screening of 

breast cancer. The analysis is completely automated with very little a-priori 

information required and shows that dendronic analysis is an excellent tool 

in the detection of stellates. Moreover, the technique can now be performed 

within a clinically acceptable timeframe.

vi



TABLE OF CONTENTS

CERTIFICATE OF ORIGINALITY............................................................. II

ACKNOWLEDGMENTS............................................................................IV

ABSTRACT................................................................................................ V

TABLE OF CONTENTS.......................................................................... VII

LIST OF FIGURES.................................................................................... X

LIST OF TABLES................................................................................... XV

CHAPTER 1 INTRODUCTION................................................................ 1

1.1 Background ......................................................................................................... 1
1.1.1 Breast Screening------------------------------------------------------------------ 4
1.1.2 Mammography--------------------------------  7
1.1.3 Digitised Mammograms------------------------------------------------------- 1 1

1.2 Other Research in Breast Cancer Detection.........................................13
1.2.1 Pre-processing-------------------------------------------------------------------- 14
1.2.2 Pixel Level Features------------------------------------------------------------ 16
1.2.3 Features for Mass Detection------------------------------------------------- 16
1.2.4 Segmentation of Regions------------------------------- ----------------------18
1.2.5 Classification of Regions----------------------------------------------------- 18

1.3 Research Intent............................................................................................... 20

CHAPTER 2 DENDROGRAMS.............................................................23

2.1 What is a Dendrogram?............................................................................... 24

2.2 Spatial Image Dendrograms...................................................................... 26
2.2.1 Repetitive Thresholding------------------------------------------------------- 27
2.2.2 Spatial Image Dendrograms and the Image Histogram......... ........35

2.3 Properties of Image Dendrograms........................................................... 41
2.3.1 Discretisation Effects-----------------------------------------------------------41
2.3.2 Filtering Properties-------------------------------------------------------------41
2.3.3 Invariance Properties----- ------ 42

vii



2.3.4 Robustness-------------------------------------------------------------------------42
2.3.5 Significance Extraction ------------------------------------------------------- 43

CHAPTER 3 NEW IMAGE DENDROGRAM CREATION................. 51

3.1 Introduction..................................................................................................... 52

3.2 Initialisation..................................................................................................... 54
3.2.1 Histogram Creation------------------------------------------------------------- 54
3.2.2 Creation of the Label Matrix------------------------------------------------ 56

3.3 Segmentation....................................................................................................57
3.3.1 Segmentation of Histogram Bins------------------------------------------- 58

3.3.1.1 Segmentation Case One-------------------------------------------------- 59
3.3.1.2 Segmentation Case Two------------------------------------------- —61
3.3.1.3 Segmentation Case Three------------------------------------------------64

3.4 Copying Cluster Information.................................................................... 69

3.5 Accommodating \IIS.................................................................................... 71

3.6 Results................................................................................................................ 73

3.7 Discussion.......... -.......... ....... ........—------—-—.............—~—  80

CHAPTER 4 THREE DIMENSIONAL DENDROGRAM
VISUALISATION......................................................................................83

4.1 In trod net ion....................................................................................................... 83

4.2 Dendrogram Creation...................................................................................84
4.2.1 Programming Language------------------------------------------------------- 84

4.3 Visualisation of the Dendrogram.............................................................. 85

4.4 Application Environment............................................................................ 93

4.5 Discussion.......................................................................................................... 97

CHAPTER 5 BREAST BORDER DETECTION....................................99

5.1 Introduction....................................................................................................... 99

5.2 Dendrone Slenderness Ratio....................................................................102

5.3 Average Border Gradient........---------—-—-..............-................... 104

5.4 Breast Border Detection Process............................................................ 106

5.5 Results...............................................................................................................110

viii



5.6 Discussion......................................................................................................... 114

CHAPTER 6 STELLATE DETECTION............................................... 118

6.1 Introduction.....................................................................................................118

6.2 Stellate Suspect Detection.........................................................................119

6.3 Stripping......................................................................................................... 120
6.3.1.1 Compactness -------------------------------------------------------------  123

6.4 Image Database and Detection Criteria.............................................. 126

6.5 Stellate Suspect Detection Results......................................................... 128

6.6 Suspect Object Classification.................................................................. 139
6.6.1 Shape and Orientation Parameters------- ------ 139
6.6.2 Texture Parameters------------------------------------------------------------146
6.6.3 Artificial Neural Network--------------------------------------------------- 151

6.6.3.1 Neural Network Detection Results--------------------------------- 156

6.7 Discussion........................................................................................................ 159

CONCLUSION.........................................................................................162

APPENDIX.............................................................................................. 177

REFERENCES....................................................................................... 204

IX



LIST OF FIGURES

Figure 1-1 Typical Screening Process.----------------------------------------------------- 5

Figure 1-2 Typical Region of Interest with Stellate.-------------------------------- 8

Figure 1-3 Typical Mammogram Images - MLO views are in the top row 
and CC views are on the bottom row.-----------------------------------------------11

Figure 1-4 General framework for malignant mass detection methods.------ 13

Figure 2-1 Samples of Two Parameters (Left), and their Dendrogram 
(Right)---------------------------------------------------------------------------------------- 25

Figure 2-2 Image (Left) and Visualisation of Intensity as Topological 
Elevation. ----------------------------------------------------------------------------------- 28

Figure 2-3 An artificial 2-D Intensity Terrain - Initially Flooded with Water. 
-------------------------------------------- ------------------------- ----------------------------29

Figure 2-4 Water Level Decreases to Reveal First Island (Cluster of
Connected Pixels).----------------------------------------------------------------------- 30

Figure 2-5 The Original Island Remains and a New One Appears.--------- --31

Figure 2-6 Two Clusters Merge to Form One Cluster.--------------- ------------ 31

Figure 2-7 The Main Branch Grows and Another Island Appears.-------------32

Figure 2-8 The Next Four Levels of Segmentation.--------------------------------- 33

Figure 2-9 Hierarchically Segmented. Imaginary One Dimensional Dataset 
(a) and Corresponding Dendrogram (b). ---------------------------------------- 34

Figure 2-10 An artificial image consisting of a black background, two bright 
discs, one with a brighter rectangle and triangle within it (a). Its
corresponding dendrogram (b).----------------------------------------------------- 44

Figure 2-11 The same image with high amplitude noise added (a). The main 
branches of the corresponding dendrogram are still persistent (b).----45

Figure 2-12 The filtered dendrogram. In (a), the MIS is set to 100. In (b), 
the MIS is set to 1500, and the structure is nearly identical to that of the 
original image dendrogram without noise.-------------------------------------- 46

x



Figure 2-13 Image reconstructed from the filtered dendrogram (MIS =
1500).-----------------------------------------------------------------------------------------47

Figure 2-14 The four objects detected by the dendronic structure.-----------49

Figure 3-1 A matrix of pixel objects are created then pointers to each pixel 
object are stored in the histogram bins accordingly.------------------------- 55

Figure 3-2 Neighbourhood locations using 4-connectivity.----------------------58

Figure 3-3 Bini is segmented - There are no qualified labels in Q, therefore 
a new cluster, C/ is created, and pPu from Bini is added to the cluster. 
------------------------------------------------------------------- ------------------------------ 60

Figure 3-4 An empty Cluster, C2 is created on the next level. C2 becomes the 
parent of Cj, and C/ a child of C2.--------------------------------------------------60

Figure 3-5 The first pointer in H2 is segmented. Qi2 is found to have one 
neighbour cluster pointer, pCj. The uppermost parent ofpCj is found to 
be PC2. ---------------------------------------------------------------------------------------- 61

Figure 3-6 For location (3,4), there is no qualified label, and a new cluster, 
C3 is created and pixel pointer pP3,4 is added to it.--------------------------- 62

Figure 3-7 Clusters C4 and C5 are created in level 3, as parents of clusters C2 
and C3, respectively.--------------------------------------------------------------------- 63

Figure 3-8 H3 is completed, and most of H4.----------------------------------------- 65

Figure 3-9 Cluster C$ is merged into cluster C7 and pixel pointer pP3,3 is 
added to it.---------------------------------------------------------------------------------- 65

Figure 3-10 Location (1,3) is found to have two qualified labels, whose 
uppermost parents are pCs and PC9 . ------------------------------------------------ 66

Figure 3-11 Cluster C9 is merged into clusterC$ and cluster C7 becomes a 
child cluster of C$.--------------------------------------------  67

Figure 3-12 The completed dendrogram. Cluster Cg corresponds to the 
entire image, as it contains all the pixels held within its child clusters 
through heirarchical linkage.-------------------------------------------------------- 68

Figure 3-13 The dendrone branch with Cluster C7 as the base, the pixel
locations it contains and the cluster of pixels it correlates to within the 
image (red).-------------------------------------------------------------------------------- 68

Figure 3-14 Cluster C2 created on the next level, level 2. It becomes the 
parent of Cluster Cj, and then segmentation of H? can commence.----- 70

Figure 3-15 Benchmark Mammogram - ACGLCC.---------------------------------73

xi



Figure 3-16 Dendrogram Creation Times for Different Values of Stride. ---14

Figure 3-17 264x462 Pixel Image for comparison. --------------------------------- 75

Figure 3-18 Creation time comparison. Adjusted results are also presented 
to account for processor speed.----------------------------------------------------- 77

Figure 4-1 Two-dimensional Dendrogram and its Image.--------------------------85

Figure 4-2 Three-dimensional representation of a Dendrone branch .------- 87

Figure 4-3 Artificial mammogram with two objects present within the breast 
(a). Image coordinates for two-dimensions (b) and Warped with intensity 
(c). Dendrone created for first ten levels (d) and showing its three
dimensional axes (e).-------------------------------------------------------------------- 88

Figure 4-4 VTK Rendering Pipeline for Dendrogram Visualisation. ---------90

Figure 4-5 Document object in memory with two attached view objects, the 
Image and Dendrogram views.------------------------------------------------------- 94

Figure 4-6 Application Interface. Dendrogram View on the left and Image 
View on the right.-------------------------------------------------------------------------94

Figure 4-7 Dendrogram is zoomed and a branch has been selected (red). The 
cluster of pixels that the branch represents is highlighted in red in the
Image View also.--------------------------------------------------------------------------95

Figure 4-8 Application process for tumour detection.-----------------------------96

Figure 5-1 Mammogram (Right) and Corresponding Dendrogram (Left). 3 00 

Figure 5-2 Two examples of dendr ones. A ‘skinny’ dendrone (a), and a more
‘bushy’ dendrone (b).----------------------------------------------------------------- 102

Figure 5-3 Template for border gradient calculation.--------------------------  104

Figure 5-4 Exaggerated breast border profile of intensity. Three contours of 
the breast are shown in red. The gradient of the border at each of the
contours increases as the intensity increases.---------------- --------------- 106

Figure 5-5 Breast and marker detection comparison: Using Slenderness 
Ration alone - (a) and (c). Using Slenderness ratio as well as Average 
Border Gradient -(b) and (d).---------------------------------------------------- 108

Figure 5-6 ABQLML border Detection.------------- ----- ---------------------------- 110

Figure 5-7 ABULCC border Detection.------------------------------- ---------------- 111

Figure 5-8 ABRRML border Detection.---------------------------------------------- 111

Figure 5-9 ABWLCC border Detection. ---------------------------------------------- 112

xii



Figure 5-10 ACELCC border Detection. --------------------------------------------- 112

Figure 5-11 ADBRML border detection.--------------------------------------------- 113

Figure 5-12 Two examples of detected breast regions. A typical example (a) 
and an example of a mismatch in shape (b).---------------------------------- 115

Figure 6-1 A region of interest and its corresponding dendrogram.------- 120

Figure 6-2 Stripping sequence. Left to right, top to bottom. First image 
corresponds to the full dendrogram of the region. Last two images are 
the remaining mass, along with the red dendrone that encodes it in the 
otherwise yellow dendrogram. ---------------------------------------------------- 122

Figure 6-3 Original mammogram (a) and its normal tissue 'Stripped' 
revealing suspect objects (b). ----------------------------------------------------- 123

Figure 6-4 A Mass with two concentric circles - The Green embracing circle, 
and the Blue circle of equivalent area to the mass. ------------------------124

Figure 6-5 Removal of elongated suspects - Removed suspects are in green, 
remaining suspects are in red.------------------------------------------------------- 125

Figure 6-6 Initial Detection FROC Curves for Stride = /.--------------------- 130

Figure 6-7 Initial Detection FROC Curves for Stride = 2.----- 130

Figure 6-8 Best Case FROC Curves for Initial Detection.-------------------- 131

Figure 6-9 Initial Suspect Detection FROC by Case - A Comparison.— 133

Figure 6-10 Abwlml image with the results of 'Stripping'. Radiologist's 
outlines for the breast border (pink) and large stellate (yellow) can be 
seen. ---------------------------------------------------------------------------------------- 134

Figure 6-11 Aczlcc image with the results of 'Stripping'. Radiologist's
outlines for the breast border (pink) and large stellate (yellow) can be 
seen. -------------------------------------------------------------  135

Figure 6-12 Abqlcc with radiologist's outline (a). Stellate has been detected, 
however, it has been ruled out due to being incompact (b). Had the child 
cluster of that branch been selected, the stellate would not have been 
ruled out (c).-------------------------------------------------------------------------------137

Figure 6-13 Abtrml with radiologist's outline (a). Stellate has been detected, 
however, it has been joined with other objects and ruled out due to 
being incompact (b). Had one of the child clusters of that branch been
selected, the stellate would not have been ruled out (c). -----------------137

Figure 6-14 Hierarchical Repartment of Compactness of malignant tumours, 
plotted against the tumour dendrone branch length (log scale). ------ 141

xiii



Figure 6-15 Illustration of blood vessel and stellate distances from the
nipple. -------------------------------------------------------------------------------------  143

Figure 6-16 Illustration of blood vessel and stellate orientations relative to 
the nipple.----------------------------------    144

Figure 6-17 Histograms of Pixel Intensity for Normal Tissue (a). Malignant 
Mass (b). ----------------  146

Figure 6-18 Examples skewed distributions------------------------------------- 149

Figure 6-19 Feed Forward Artificial Neural Network. ------------------------- 152

Figure 6-20 Classification FROC, both by Image and by Case.------------- 156

Figure 6-21 FROC Area of Interest.-----------------------------------------------------157

Figure 6-22 Two examples of detected breast regions. A typical example (a) 
and an example of a mismatch in shape (b).---------------------------------- 168

Figure 6-23 Original image (a), Dendrogram with pectoral branch in red (b) 
and the corresponding region of the pectoral muscle (c).----------------170



LIST OF TABLES

Table 3-1 Benchmark Mammogram Details.......................................................... 74

Table 3-2 Creation time comparison for 264x462 pixel image.......................76

Table 3-3 Percentage of Time Spent in Each Creation Segment (Chen, 2000). 
...................................................................................................................................78

Table 3-4 Percentage of Time Spent in Each Creation Segment - New Image 
Dendrogram Construction Method................................................................... 78

Table 6-1 Mammogram Image Database............................................................. 126

Table 6-2 Dendrogram Creation Parameters for Initial Detection 
Optimisation.......................................................................  128

Table 6-3 Stripping Parameters for Initial Detection Optimisation........... 129

Table 6-4 Initial Detection Parameters............................................................... 132

xv



CHAPTER 1 INTRODUCTION

1.1 Background

Breast cancer has been a leading cause of fatality among all cancers for 

women. The American Cancer Society states that at least one out of every 

nine women is likely to get breast cancer during their lifetime. It is estimated 

that there are about 43,000 deaths and 178,700 new cases of invasive breast 

cancer among women in the United States in 1998 (Christoyianni, 2000). 

Nearly all breast cancers have an intraductal origin (Karssemeijer, 2002). It 

is when an intraductal cancer becomes invasive that it will often appear as a 

mass in a mammogram. In this phase it should be detected as small and as 

early as possible. Mammography is the main detection technique shown to 

reduce breast cancer mortality: in seven major studies, early detection of 

breast cancer through screening mammography resulted in reduced mortality, 

particularly in older women. Early detection means detection of a primary 

breast cancer when it is still small (less than approximately 1.5 centimetres 

in diameter). In such cases, the likelihood of the cancer having spread 

beyond the breast is low and the prognosis for women receiving proper 

treatment is good (Tabar, 1992). Early detection of breast cancer by 

screening mammography also affords a greater possibility of breast 

conservation.

For mammography to reduce mortality caused by breast cancer, the 

procedure must be sensitive enough to detect the disease and screening must 

be performed at regular intervals on a large fraction of the target population. 

In Australia, for the period 2001-2002, this was 57.1% of women aged 

between 50-69 years (The Australian Institute of Health and Welfare, 2005).
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Poor-quality mammography reduces the sensitivity and specificity of the 

screening test. Adverse effects of poor-quality mammography include missed 

breast cancers (especially early cancers for which the prognosis is good), a 

false sense of security, unnecessary biopsies, unnecessary anxiety and 

suffering, and unnecessary radiation exposure.

Since the introduction of breast screening programs worldwide, there has 

been concern over the manpower implications for both radiologists and 

radiographers (Astley, 2004). Radiologists are diverted from already hard- 

pressed areas in radiology to read mammograms and undertake assessment 

clinics. For instance, in the United Kingdom, a workforce survey found there 

to be insufficient numbers of trained breast radiologists (Field, 1998). The 

initial program was based on the recommendations of the Forrest Report 

(Forrest, 1986): Women aged 50-64 were invited for screening every 3 years, 

and a single-view mammogram was read by one radiologist. The program is 

now being extended to two views every 3 years in 50-69 year olds. This 

represents an increase in film reading by approximately 40% (Astley, 2004). 

The existing workforce is not able to absorb the additional workload, so 

alternative strategies for film reading, including the use of computer-based 

aids, are now being examined.

Another concern is the false negative cases, where cancers have been 

overlooked on the original screening examination and appear as either 

interval cancers or are detected at a subsequent screening examination 

(Astley, 2004). This is due to the fact that mammographic film reading is a 

highly demanding task, requiring a detailed visual search for very subtle 

signs that may only be small, and occur very infrequently. The introduction 

of double reading, whereby a set of mammographic films is read 

independently by two radiologists, can potentially overcome this problem, 

however, due to the lack of sufficient radiologists, it is not always possible.

One possible solution to these problems would be the use of computers to aid 

in the detection of abnormalities in mammograms. Computer-based methods 

have been used successfully in other screening applications, for example in
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cervical screening (Australian Health Technology Assessment Commission, 

1998). Computers have the advantage of defined performance characteristics, 

and they can continue processing images over prolonged periods without 

getting tired, bored or distracted. However, mammography presents a 

particular distinctive and challenging set of problems for image processing. 

Researchers have been developing algorithms to detect mammographic 

abnormalities for over 25 years, and it has become apparent that some signs 

of abnormality are much easier to detect than others. Microcalcifications, for 

example, can be detected automatically without difficulty, since there are 

few other mammographic features with similar shape, size, brightness and 

distribution. Current methods can achieve a sensitivity of more than 98% in 

detecting clusters of malignant microcalcifications (Brem, 2001). 

Corresponding performance figures for the detection of masses are 

considerably lower. Mass detection rates of between 67%-72% can be 

expected using commercially available detection systems (Gur, 2004). Also 

concerning, however, is the production of false positives in detecting the 

masses. Typically between 1.08 and 1.68 false positives per four-view 

examination can be expected to give the above mentioned detection rates 

(Gur, 2004). As cancer is only found in around three screening cases out of 

1000 (The Australian Institute of Health and Welfare, 2005), this rate of 

false positives is too high. A high rate of false positives in computer aided 

detection may lead to a degradation in radiologist’s performance through a 

few mechanisms, one of which is the lack of confidence in a computer aided 

detection system producing around 100 false prompts for every true prompt 

(Astley, 2004).

In order to detect masses in digitised mammograms, a new novel method has 

been developed in this thesis. The use of dendronic analysis in the detection 

of masses in digitised mammograms has been proposed as a possible 

technique to achieve the desired performance (Nguyen, 2001). The two main 

properties of image dendrograms lend the analysis technique to the detection 

of masses: The creation of image dendrograms is a data-driven, self

structuring process, requiring no a priori knowledge. As such, the creation of
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image dendrograms is well suited to the automatic nature that is desired of 

detection algorithms. The factorisation property of dendrograms allows them 

to recursively split a complex image into simpler objects, in a hierarchical 

structure. This structure is invariant under Euclidean transformations and is 

well suited to revealing objects disguised amongst noisy, cluttered 

backgrounds (Hanusse, 1990; Hanusse, 1992), such as masses in 

mammograms. However, the time taken in the creation of mammogram 

image dendrograms has rendered the technique impractical. Thus, a new 

algorithm for the creation of image dendrograms has also been developed in 

this thesis.

1.1.1 Breast Screening

A typical visit to a screening unit for breast screening* takes about half an 

hour. The woman is greeted by a receptionist or radiographer who checks her 

personal details (name, age and address). The radiographer asks the woman 

about any symptoms or history of breast disease, explains what will happen 

when the mammograms are taken, and answers any questions about breast 

screening. If the woman is happy to proceed, the radiographer then takes the 

mammogram.

The mammogram is a low dose X-ray. Each breast is placed in turn on the X- 

ray machine and gently but firmly compressed with a clear plate. The 

compression only lasts a few seconds and does not cause any harm to the 

breasts. Compression is needed to keep the breast still and to get the clearest 

picture with the lowest amount of radiation possible. Some women find

Description has been taken from discussions with breast cancer health professionals and 
information applicable to BreastScreen NSW (BreastScreen NSW, 2004)
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compression uncomfortable and some feel short-lived pain. The 

mammograms are examined and the results sent to the woman and her GP.

Open Biopsy

Results: Normal

Screening by 
Mammography

Invitation of 
Women

Invited Two 
Years Later

Film Processing: 
Read and Analysed

Results: Abnormal

Assessment may Include:
• Further Films
• Ultrasound
• Clinical Examination
• Cytology
• Core Biopsy

Treatment 
(if Cancerous)

Radiotherapy
Chemotherapy

Lumpectomy 
* Masectomy

Figure 1-1 Typical Screening Process.
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If the results were abnormal, more tests are carried out at the assessment 

clinic. These may include a clinical examination, more mammograms at 

different angles or with magnification, or examination using ultrasound. 

Fine-needle aspiration cytology may be carried out in which some breast 

cells or fluid is drawn off through a very fine needle for laboratory analysis. 

Another common technique used in the clinics is core biopsy, whereby some 

of the breast tissue can be removed and taken away for analysis. This is 

always done under local anaesthetic.

If a woman is found to have cancer, she is referred to a consultant surgeon 

for a discussion of the options available to her. This is essential before 

making any decisions on treatment. Many women have a choice about the 

type of treatment they receive depending on the type and location of their 

cancer.

Treatment usually involves some form of surgery: a lumpectomy where just 

the lump and a small amount of surrounding tissue is removed, or a 

mastectomy where the whole breast is removed. Surgery is likely to be 

followed by radiotherapy, chemotherapy or hormone therapy or a mixture of 

these. The exact course of treatment will depend on the type of cancer found 

and the woman's personal preferences. Women might also be offered the 

opportunity to participate in research trials.
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1.1.2 Mammography

Currently, X-Ray mammography is the single most effective, low cost, and 

highly sensitive technique for detecting small lesions (Christoyianni, 2000). 

There are two types of X-Ray mammography: Screening and Diagnostic.

Screening mammography is an x-ray examination to detect unsuspected 

breast cancer at an early stage in asymptomatic women (no signs or 

symptoms of cancer). Screening mammography is performed by a radiologic 

technologist, often without an interpreting physician present. Screening 

mammograms may be interpreted in batches; interpretation usually occurs 

within 2 weeks of the examination (BreastScreen NSW, 2004). Screening 

mammography can be provided in several ways; general mammography 

facilities, dedicated screening mammography fixed sites, and mobile units. 

The expected parameters of quality should be the same for each setting.

Diagnostic mammography (also called problem-solving mammography or 

consultative mammography) is an X-ray examination to evaluate abnormal 

physical findings in the breasts, abnormal findings on a screening 

mammogram, or other special cases. Abnormal physical findings include 

palpable masses, spontaneous nipple discharge, nipple retraction, and skin 

changes. Diagnostic mammography is usually performed under the onsite 

supervision of a qualified interpreting physician. Although online 

interpretation is desirable for diagnostic mammography, it may not be 

possible at all times, as in rural areas, or where requirements for online 

interpretation could affect accessibility.

Among the various types of breast abnormalities that are visible in 

mammograms, clustered micro calcifications (or “calcifications”), mass 

lesions, distortion in breast architecture, and asymmetry between breasts are 

the most important ones (Christoyianni, 2000). Masses and clustered micro
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calcifications often characterise early breast cancer that can be detected in 

mammograms before a woman or physician can feel a lump. The lesions can 

be circumscribed, spiculated or stellate, lobulated or ill-defined (irregular).

Figure 1-2 Typical Region of Interest with Stellate.

Circumscribed lesions usually have a distinct border and range from 2 to 

20mm (or greater) in diameter. High-density radiopaque circumscribed 

masses are the most likely to be malignant, whereas radiolucent and 

radiolucent/radiopaque combined masses are almost always benign 

(Christoyianni, 2000). Stellate masses have a rough, star-shaped boundary or 

margin with sharp fingers radiating from its centre, and are the focus of this 

thesis. Ill-defined masses appear to have an irregular shape and less 

distinctive borders. On the other hand, micro calcifications are tiny mineral 

deposits within the breast tissue and appear as small bright spots on the 

films.

The X-rays are inspected for signs of abnormality by expert radiologists, but 

complex structures in appearance and signs of early disease are often small 

or subtle, as they may be hard to distinguish from normal fibroglandular 

tissue patterns. The main causes of many missed diagnoses include, but are 

not limited to mainly human factors such as expertise and judgemental



ability, subjective or varying decision criteria, distraction by other image 

features, or simple oversight (Kalisher, 1979). Specifically, 30% of lesions 

will have subtle signs of malignancy that are difficult to detect (Kopans, 

1989). However, the consequences of errors in detection or classification are 

costly and since mammography alone cannot prove that a suspicious area is 

malignant, the tissue has to be removed for examination using breast biopsy 

techniques. A false positive detection causes an unnecessary biopsy. Thus 

only 20-30% of breast biopsy cases prove to be cancerous (Sickles, 1986). In 

a false-negative detection, an actual tumour remains undetected. 

Retrospective studies have shown that around 25% of visible cancers are 

undetected (Bird, 1992).

Variability among radiologists can actually be useful insofar as studies have 

shown that double reading, namely, having two radiologists read the same 

mammogram independently, could increase detection by as much as 15% 

(Thurfjell, 1994; Karssemeijer, 2002). Even if there were no shortage of 

experienced radiologists, however, the cost of true double reading as a 

standard practice is prohibitive for most facilities.

In recent years, major efforts have been expended to develop computer-aided 

detection (CAD) systems that will help radiologists with breast cancer 

detection (Karssemeijer, 2002). The hope is that these systems will serve as a 

second reader and will help improve sensitivity without a substantial increase 

in recall rates and at the same time possibly improve radiologists’ 

performance as well. These systems are currently aimed at the early 

detection of cancer and are accordingly designed to assist the radiologist in 

detection of suspicious regions depicted as clustered micro calcifications and 

masses (Tourassi, 2003; Gurcan, 2002; Roque, 2002). The United States 

Food and Drug Administration (FDA) has approved three commercial digital 

detection systems, R2’s ImageChecker® system (R2, 2005), ISSI’s

MammoReader® system (ISSI, 2005) and CADx’s Second Look® system 

(CADx, 2005), for routine clinical use, and Medicare and other insurance 

companies have approved re-imbursement for their use in clinical practice.
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Results of studies (Brem, 2003; Burhenne, 2000) suggest that the use of CAD 

systems could potentially increase cancer detection rates by as much as 20%. 

To date, however, there is limited data on the actual effect of the prospective 

use of such systems in the clinical environment (Freer, 2001; Gur, 2004). 

There is also some evidence that the performance of radiologists is affected 

by the performance of the CAD scheme itself (Astley, 2004). Hence, a high 

level of performance is an important factor in the ultimate clinical success of 

CAD.

A recent study (Gur, 2004) compared the performance of two computer-aided 

detection systems on a clinically representative set of mammograms. They 

found that the performance of the FDA approved CAD systems were at levels 

lower than publicly suggested in some retrospective studies. Other than the 

less than expected detection rates, the other substantial finding was that as 

long as detection rates are comparable, the false-positive rates may affect 

general radiologists’ reliance on the CAD results. High false-positive rates 

may result in low reader confidence in the CAD marking, since many cues 

have to be reviewed and discarded as negative findings. Because of the 

substantial difference in medicolegal liability between false-negative and 

false-positive interpretations, the effect of the CAD-generated false-positive 

cueing rate is a very important issue to consider.
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1.1.3 Digitised Mammograms

Each screening case usually consists of two views of each breast:

• Mediolateral Oblique (MLO) The X-ray source is placed above the 

upper inner quadrant of the breast and the film positioned on the 

lower, outer aspect of the breast. On well-positioned MLO views, the 

pectoral muscle is seen to the level of the nipple and its anterior 

margin is convex.

Figure 1-3 Typical Mammogram Images - MLO views are in the top row and CC views

are on the bottom row.
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• Craniocaudal (CC) The X-ray source is placed cranially to the breast 

and the film placed caudally. By convention, the left and right 

metallic markers are placed closest to the axilla. In the CC view, 

pectoral muscle is only seen in 30-40% of patients.

In order to take full advantage of digital technologies, the X-ray 

mammogram films are digitised at high resolution rates (eg 600dpi), 

producing an enormous amount of data. Although film mammography is the 

source for digitising at present, digital acquisition of mammogram data is 

starting to be trialed, and will produce greater quality in the digital image for 

analysis. A typical digitised mammogram with 3200 x 3200 pixels and 

intensity resolution of 12-bits per pixel results in approximately 15Mbytes of 

data per image. This amount of raw data necessitates a fast method for 

analysis within a clinically viable timeframe.
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1.2 Other Research in Breast Cancer Detection

Computer analysis of mammograms has been of interest to many researchers. 

Primary objectives of their research can be classified in two main categories. 

One includes researchers whose objectives are concentrated on identifying 

clustered micro calcifications. Automation of malignant mass lesion 

detection belongs to the other category, and forms one of the goals of this 

thesis. Attempts have been made to fully automate the detection of cancerous 

mass lesions, however, it is very difficult because the appearance of many 

mass lesions and normal parenchymal tissues surrounding them look very 

similar. There are various ways in which the researcher can achieve a mass 

detection algorithm, however most approaches have some aspects in common 

and it is worthwhile to view them in a general framework that includes only 

a few different phases, as in Figure 1-4 (Karssemeijer, 2002).

Classification 
of RegionsPre-processing Pixel Level 

Features
Segmentation 

of Regions

Figure 1-4 General framework for malignant mass detection methods.

Automatic mass lesion detection includes algorithms that perform all of the 

above phases, in one form or another, with no or little operator input. As 

mentioned, this process is a challenging one, due to the nature of 

mammograms. As such, not all research is based around automated lesion 

detection, rather segments of research can be found concentrated on one 

phase, for example Classification of Regions. As this concentrated research
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provides extremely useful information, it is better to draw it into the general 

detection problem, rather than just view it as purely classification. For 

example, a shape parameter found to be useful in the Classification of 

Regions might be of use adapted to the Pre-processing step. With the 

aforementioned aspects of mass lesion detection in mind, a commentary of 

some interesting detection techniques are discussed below.

1.2.1 Pre-processing

In the first phase, Pre-processing, the aim is to produce a reliable 

representation of the breast anatomy. The digitised mammogram is typically 

filtered and its gray scale normalised. In some cases, the image is down 

sampled so that the analysis does not take an extremely long time 

(Karssemeijer, 1996).

Furthermore, areas which are to be processed differently (e.g. background, 

breast region and pectoral muscle) can be segmented. Detection of masses is 

complicated by the rich structure of normal mammographic regions. A major 

component of this structure is composed of linear structures representing 

fibroglandular tissue, ducts, and blood vessels. Although these structures are 

very different in appearance from mammographic masses, they may easily 

reduce the performance of mass detection methods. To preserve the features 

related to a mass, Cerneaz (1995) suggested removing curvilinear structures 

in a pre-processing step, whereby regions found to have curvilinear 

structures are replaced using subtraction or interpolation of local background 

estimates.
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A different approach (Christoyianni, 2000) specified a pre-processing step 

consisting of a sharpening filter in order to maximise the contrast value 

between the masses and the local background, taking under consideration 

only the area where the breast tissue is present. It is not stated which 

sharpening filter is used, nor the method by which the breast tissue is 

identified. Results for the overall detection method are relatively successful, 

with a 72.7% true positive rate and a corresponding false positive rate of 

22.2%.

Another pre-processing issue faced with some techniques is the strong 

gradient of the image intensity perpendicular to the breast edge. Such a 

strong gradient may easily confuse a mass detection algorithm in the area 

near the skin line, when windowing or kernel methods are used, as a large 

supporting area of at least the size of a mass is needed, which will often 

overlap with the breast margin. Karssemeijer et al (1996) utilised a Gaussian 

smoothing filter in the detection of spiculated masses, and similarly, 

Groshong and Kegelmeyer (Groshong, 1996) corrected for the brightness 

“roll-off” near the breast edge in a method for the detection of circumscribed 

masses.

Although many enhancement techniques are reported to enhance specific 

details, they typically produce disturbing artefacts (Rangayyan, 2002). This 

is supported by the high rates of false positives evident in many of the 

techniques found in the literature ranging from many false positives per 

image to around 0.1 false positives per image (Karssemeijer, 2002). 

Therefore, in order to evaluate the performance of the technique proposed in 

this thesis, no pre-processing steps are performed. Discarding this step will 

give a better indication of the applicability of dendrograms in the detection 

of stellates in digitised mammograms.
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1.2.2 Pixel Level Features

A common phase in mass detection algorithms is the generation of candidate 

regions that are suspicious enough to pass the final classification stage. 

There are two basic approaches to this phase. The first uses segmentation 

methods not specific to mammography but based on some general 

assumptions about the regions that are searched for. For instance, regions 

should be brighter than their surroundings, have a compact shape, and should 

be more or less homogenous in intensity. The second approach uses more 

complex pixel-level features, often especially designed for mammography. 

These features generate a multi-dimensional map that represents the local 

image characteristics relevant for mass detection in an explicit way. Regions 

are often segmented in these maps instead of the original image in order to 

show detected regions. Different methods for defining pixel level features 

are at the heart of most detection algorithms, and there are a variety of them.

1.2.3 Features for Mass Detection

Features that signal masses in mammograms can be computed by band-pass 

filters, which selectively enhance areas brighter than their surroundings. One 

such technique is convolution of the image with a filter function possessing a 

positive centre and a negative surround. The shape of the convolution filter, 

however, influences the detection of masses due to their variability. In one 

application using a convolution neural network, a set of filter kernels learn 

from example patterns during a training phase (Sahiner, 1996). An important 

disadvantage of using convolution filters, however, is that the filter output is 

proportional to the contrast of a given region. Small masses with low
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contrast may only give a modest signal compared to edges of the pectoral 

muscle, for example. To avoid this, template matching or area correlation has 

been used (Lai, 1989), although another later method, uses the Hough 

transform in the analysis of gradient patterns. The idea behind this is that in 

a neighbourhood surrounding the centre of a mass, most of the brightness 

gradient vectors will be oriented towards the centre, especially when the 

mass is approximately circular (Groshong, 1996).

Malignant masses are often surrounded by a radiating pattern of linear 

spicules (Karrsemeijer, 2002). Several methods have been proposed to 

construct features that respond to such patterns. Kobatake (1996) suggested 

line skeleton processing to enhance the spinal axes of spicules and to reduce 

other skeletons. The modified Hough transform, or Iris filter, was then 

applied to the line skeletons and only the radiating line structures are 

obtained. Thus, regions with a strong pattern of lines radiating from a 

common point are detected as spiculated masses. The technique detected 

75% of the masses present in the data set, however, the process was designed 

around sub-images of mammograms as inputs, rather than the complete 

mammograms.

Another method is based on analysis of local histograms of gradient 

orientations (Kegelmeyer, 1994). These histograms are calculated in a square 

moving window 3cm wide. Stellate patterns give rise to histograms that are 

more or less flat, whereas normal tissue patterns give rise to histograms that 

are less than flat, due to the ductal pattern that is oriented from the chest wall 

to the nipple. This feature of normal ductal patterns oriented from the chest 

wall to the nipple is also used in the classification stage developed in this 

thesis.
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1.2.4 Segmentation of Regions

Evidence about the presence of a mass is thus accumulated at each site, 

which allows features to be combined into a map that represents the 

likelihood of a mass being present. Having a likelihood representation 

available, a simple peak detection procedure is sufficient to generate 

potentially suspicious sites. Starting from these sites, regions can be 

segmented in the original image or in feature space, using techniques such as 

region growing, active contours, or random field models.

1.2.5 Classification of Regions

Once reliable boundaries of potential masses have been obtained, region- 

based measures representing size, shape, texture and contrast can be 

computed to classify structures as normal, benign or malignant. Measures 

that have been used include morphological features like compactness, 

irregularity of the boundary and gray-level statistics computed inside the 

segmented region of interest. Most of these measures are not specific to 

mammography, and can be found in image processing textbooks. Once 

calculated, these measures can be combined and used in the classification of 

the region using various methods. Statistical methods can be employed, as 

well as artificial neural network classifiers.

Christojianni et al (2000) presents a complete method for fast detection of 

circumscribed mass in mammograms employing a Radial Basis Function 

Neural Network (RBFNN). From the central moments of the window 

histograms, the mean, variance, skewness and kurtosis are evaluated and 

used as the inputs in the RBFNN for classification. Two output neurons 

denote the presence of a circumscribed lesion or normal tissue. As previously
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mentioned, their true positive performance (72.7%), is relatively high, and 

gives credit to the ability of a very simple artificial neural network in the 

classification of a region as normal or as a mass.

Kimme et al. (1977) proposed an automatic procedure for detection of 

suspicious abnormalities. Ten normalised texture statistics were utilised in 

the classification of windows or sections of mammograms. A true positive 

rate of 99.4% with a false positive rate of 26% was achieved using 144 

windows per breast of 8 patients. Whilst the sample size for the study is very 

small, the ability of texture parameters in classification as normal or 

suspicious is demonstrated here as well.

Kilday et al. (1993) studied the use of tumour boundary roughness and other 

shape factors such as circularity for the classification of mammographic 

lesions as fibroadenomas, cysts and cancers. Their best results correctly 

classified 85% of the tumours, however, a false positive rate was not 

reported, and regions for classification were limited to sub-images of the 

complete mammogram. Discrimination coefficients were calculated and used 

to determine the significance of the individual features in discriminating 

between classes. Circularity was found to be the most significant shape 

feature, where Circularity is defined as:

where P is the tumour perimeter and A is the tumour area.
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1.3 Research Intent

Proposed in this research is a novel method for the detection of stellate 

masses in mammograms. Where other methods rely on more traditional 

methods of image processing to detect and segment potentially suspicious 

regions, the transformation of the image into its dendronic structure and 

subsequent analysis is suggested in an attempt to detect stellate masses with 

a high sensitivity.

The use of dendrograms in image analysis has been suggested to be powerful 

for recognising difficult to perceive objects within a noisy, cluttered 

background (Hanusse, 1990; Nguyen, 2001). However, their use in image 

analysis has been limited due to the computational expense in generating the 

dendrogram structure for images of any size. To enable image dendrograms 

to be created within an acceptable timeframe for image analysis, a new 

method for dendrogram creation has also been developed in this thesis. The 

new method is based upon the fact that previous creation methods 

repetitively segment the entire image, creating redundant information. 

Utilising this, and other computational techniques, the new algorithm creates 

the image dendrogram an order of magnitude faster than previous methods. It 

is hoped that this speed-up will lead to greater use of image dendrogram 

analysis.

The modelling of a mammogram image by transforming it into its dendronic 

representation is designed to extract the semantic content of its complex 

structure (Hanusse, 1990). It does not require a pre-defined model for the 

content of the image, and is thus a totally data-driven, self-structuring 

process. In a sense, this modelling describes the image in a more compact 

and relevant form, which exhibits the objects the image contains and their 

inter-relationships. Each object creates the space in which it lies as an object. 

In conventional image processing methods, this self-definition is not
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achieved because we often impose the space in which we ‘force’ the object to 

lie (Hanusse, 1990), such as only detecting objects that conform to a 

criterion of being approximately round and being composed of a uniform 

interior, for example.

The dendronic representation is thus in a very different form to the original 

image and traditional two-dimensional methods for viewing dendrograms do 

not provide much insight into their description of the image. As such, a 

three-dimensional dendrogram visualisation technique has also been 

implemented during the course of this thesis.

As the creation of the dendronic structure identifies the objects present in the 

image, along with their inter-relationships, the perception of the image is, in 

some way made explicit. The dendronic structure can be filtered using its 

structural properties and candidate objects can be found quickly and 

effectively. Proposed in this stage, is the sensitive detection of stellates 

utilising this dendronic analysis. Thus stellates can be detected, along with 

other suspicious objects. These individual objects, as entities in their own 

right, can be classified using other techniques of pattern recognition.

To accomplish this classification of suspect objects output from the image 

dendrogram, one of the many classification algorithms may be used. As a 

demonstration, the use of an Artificial Neural Network (ANN) is given as an 

example in this thesis. As mentioned, ANNs have been used in this mode for 

the classification of mammographic regions in the past (Christoyianni, 2000; 

Karssemeijer, 2002). Thus, the use of a simple ANN has been used to 

illustrate the effectiveness of the image dendrogram in its ability to 

decompose the complex, cluttered scene into its underlying objects.

Features extracted from the dendronic structure and used in the ANN were to 

be a combination of shape, texture and other dendronic descriptors. Texture 

information is used in a wide range of applications including natural scene, 

remotely sensed data and biomedical modalities. The perception of texture is
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believed to play an important role in human visual system recognition and 

interpretation. Others (Christoyianni, 2000; Kimme, 1977) have utilised the 

statistical category of texture information contained in the image histograms 

of the windows produced in a windowing step. The image histogram carries 

important information about the content of an image, and can be used in 

discriminating the abnormal tissue from the local healthy background. 

Therefore, it was proposed that a number of textural measures would also be 

features classification.

It is the aim of this thesis, therefore, to investigate the effectiveness of 

dendronic analysis of digitised mammograms in the detection of stellate 

masses. Due to the size of digitised mammograms, however, a new method 

for image dendrogram construction is also needed to create the structure in a 

clinically viable timeframe. Furthermore, a new three-dimensional 

visualisation method was to be developed to aid in the understanding of the 

dendronic image representation.

The use of spatial dendrograms for mass lesion detection was suggested by 

Professor B.S Thornton in 1998 and a mammogram initially tested with a 

program of Dr M. Berry in the Department of Computer Science at 

University of Tennessee, USA. The project was subsequently developed 

further in the present thesis (Nguyen, 2002; Mitchell, 2003; Mitchell, 2004).
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CHAPTER 2 DENDROGRAMS

The problem of mass detection in digitised mammograms has been a difficult 

problem to overcome due to the complexity of the images and the variability 

of the masses (Astley, 2004). As well as this, masses and the normal 

parenchymal tissues surrounding them look very similar on a mammogram 

(Kobatake, 1996). This difficulty is also observed in the performance of 

radiologists (Karssemeijer, 2002). The task of mass detection in 

mammograms can almost be described as an art-form, where the radiologist 

must try to detect ‘stealth-like’ malignant objects cleverly hiding amongst 

normal tissue.

The dendronic representation breaks down a complex image into a simplified 

form, whereby the objects within the image are made explicit (Hanusse, 

1992). Thus, the objects within the image are detected, however ‘stealth-like’ 

their presence may be. This ability of dendrograms to detect hard to perceive 

signals, has been used in other areas, such as the detection of stealth aircraft. 

Professor B. Thornton has United Stated Air Force experience with 

dendrograms and noticed the relationship between the stealth aircraft 

detection task and that of the detection of ‘stealth-like’ malignant masses in 

mammograms. The work described in this thesis is based upon this premise, 

as well as others developed by Professor H. Nguyen (Nguyen, 2001) and by 

the author.

Found in this chapter is a detailed look at what a dendrogram is, how its 

representation has been constructed from an image as well as its properties. 

In explaining the abilities of the image dendrogram, the author has exposed 

the dendrogram’s relationship with the image histogram, whose significance 

in image analysis has been known for a long time.
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2.1 What is a Dendrogram?

Dendrograms relate to the field of Cluster Analysis, in which sets of samples 

can be clustered into their ‘natural’ groupings. Consider a sequence of 

partitions of n samples into C clusters. An exhaustive enumeration would 

show that there are:

partitions of n items into C non-empty sets (Hall, 1979). This number is 

usually much too large to permit an exhaustive search. A special sequence of 

partitions of the possible subsets can be defined in the following way: The 

first of the sequence is a partition into n clusters with each cluster containing 

exactly one sample. The next is a partition into n-1 clusters, the next a 

partition into n-2, and so on until the nth step, in which all samples form one 

cluster. We shall say we are at level k in the sequence when the number of 

clusters C is

thus, k = 1 or level 1 corresponds to n clusters and level n corresponds to 1 

cluster.

C-i

C = n — k + 1
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Given any two samples or observations X2 and X3, at some level they will be 

grouped together in the same cluster. If the sequence has the property that 

whenever two samples are in the same cluster at level k, they remain together 

at all higher levels then the sequence is said to be hierarchical clustering 

(Hall, 1979).

For every hierarchical clustering there is a corresponding tree, called a 

dendrogram, that shows how the samples are grouped. In Figure 2-1, a 

dendrogram for 5 samples (of two parameters vi & v2) is shown. The 

groupings in levels 2, 3 & 4 appear natural, while the last level appears 

forced because of the large difference in similarity values. At level 3, 

samples X4 & X5 merge to form a cluster and stay together for all higher 

levels.

£
'C

.•2
I
(r> Cluster A

duster B
n_

Observations

Figure 2-1 Samples of Two Parameters (Left), and their Dendrogram (Right)

(Hall, 1979).

Let us now consider how to measure the distance between clusters. Any of 

several possible criteria may be used. Some of the simple criteria include 

nearest neighbour distance, furthest neighbour distance, and mean distance. 

When these measures of similarity are used to group clusters, the 

dendrogram is drawn to scale to show the similarity. The similarity values 

are used to tell whether a grouping is ‘forced’. Because of their conceptual
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simplicity, hierarchical clustering procedures are among the best-known 

methods for finding the ‘natural grouping’ within a set (Hall, 1979).

2.2 Spatial Image Dendrograms

Fundamentally, images are structured data sets, whereby pixels’ relative 

spatial locations can be calculated using only two (or three for a three

dimensional image) integer indices and pixel spacings for each dimension 

(Baxes, 1994). Each pixel contains a colour, or, if we constrain the 

discussion to gray-scale images such as mammograms, an intensity value. 

Therefore, for the creation of a dendronic structure representative of an 

image, two parameters can be used as similarities; intensity and spatial 

location (Hanusse, 1992). For specific goal of scene understanding, spatial 

location can be simplified to connectivity. What is meant by connectivity in 

this sense is the notion that pixels belonging to a particular object in a scene 

are all connected pixels (Hanusse, 1992).

The dendrogram of an image, therefore, can be created using the following 

conditions (Hanusse, 1992): The sample set, X, is the set of all pixels in the 

domain of the image:

x={xl,x2,-,x„]

where n is the number of pixels in the image. Let the clusters present in the 

sequence at level k be Pk C- Thus, at the beginning of creation, there are n 

Clusters present, each containing a pixel Xa (XcleX). The main scale of 

similarity is pixel intensity, and this can be used to partition the data set in
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the formation of new clusters of pixels, so long as the cluster made at each 

step contains a connected set of pixels within the image.

Therefore, at each level, k, in the sequence of partitioning, the clusters with 

the greatest similarity, or intensity, /, form a partition, or cluster in the next 

level Pk+,'C■ Let Pkj and PkiJ be clusters with the closest intensity values in 

the set of clusters present at level k. Therefore, if X/ is the set of pixels 

belonging to cluster Pkj, and Xj is the set of pixels belonging to cluster PkiJ, 

there exist pixels Xq and Xr, where:

Xq e X, and X,. e Xy

such that Xq and Xr are neighbours, spatially, in the image. Thus, the criteria 

that clusters are formed using intensity and spatial location are satisfied. The 

sequence is continued until there is but one cluster left, and in a hierarchical 

sense, it will contain all the pixels in the image (Chen, 2000).

2.2.7 Repetitive Thresholding

A digitised mammogram may consist of 2000 x 3000 pixels, each with an 8- 

bit intensity value. In order to cluster each pixel based on intensity and 

spatial location, a great deal of computation would be necessary. To make 

the first partition of two clusters, 6,000,000 spatial locations and intensity 

calculations and 5,999,999 comparisons would have to be made. This would 

be the first of 5,999,999 levels, and it can be seen that it would be 

prohibitive to continue in this fashion (See page 24). A different method is 

needed to create the dendrogram of a digitised mammogram.
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An alternative image dendrogram construction routine has been used 

previously (Hanusse, 1990; Chen, 2000) that allows multiple clusters to be 

partitioned together in each level of the sequence. It is based around 

repetitive, simple segmentation routines that can be found in any image 

processing library.

This alternative for creating a spatial image dendrogram can be described 

considering the image as a two-dimensional intensity field (Chen, 2000). In 

addition, if the intensity values of each pixel in the image are considered as 

elevations, and image can be viewed as a three-dimensional intensity terrain 

(see Figure 2-2). The brighter the pixel is, the higher the elevation. Brighter 

pixels form mountains with the brightest pixel as the peak. Darker pixels 

form valleys with the darkest pixel as the bottom. However, this imaginary 

terrain differs from real-world geographical terrains in that the imaginary 

terrain is solid, which means it has no subsurface features such as holes or 

caves (Chen, 2000).

Figure 2-2 Image (Left) and Visualisation of Intensity as Topological Elevation.

The construction process can be visualised as if the terrain is first flooded 

with water and then the water is slowly drained away. Figure 2-3 is an 

artificially generated two-dimensional intensity terrain that represents a one

dimensional structured dataset of pixels to aid in visualisation of this
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process. The intensity terrain has an elevation range from 0 to 180, being the 

lowest and highest elevations, respectively. Initially the water level is so 

high that no land is visible above the water.

Figure 2-3 An artificial 2-D Intensity Terrain - Initially Flooded with Water.

As the water level decreases, mountains associated with the higher elevations 

appear first, then plains, and then valleys. At any particular water (intensity) 

level, the image is segmented into islands (clusters of connected pixels). 

When the water level decreases, only three kinds of events can occur:

1. New isolated islands (clusters of connected pixels) appear above the 

water level.

2. Existing islands grow in size or remain the same (clusters grow or 

remain).

3. Multiple islands merge or coalesce and form a larger island (clusters 

merge into one cluster).

These three events can be seen in the following sequence of diagrams. As the 

water level is decreased to 180, the first island appears. A cluster is created
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by segmentation using a threshold of 180 and the connected pixels that form 

the island are placed in that cluster. In each image of the following sequence, 

clusters of pixels are represented by yellow circles, each placed at its 

cluster’s centre of mass.

Figure 2-4 Water Level Decreases to Reveal First Island (Cluster of Connected Pixels).

The amount by which the water level is dropped each time is called the 

‘Stride’ value (Hanusse, 1992). The smaller this Stride value, the more 

detailed the dendrone in terms of the length and number of clusters, or 

branches. For this example, the Stride value has been set at 20, such that the 

next level at which the water level is dropped to is 160 (Figure 2-5). At this 

level, the image is again segmented, this time using a threshold of 160, 

yielding the same cluster of connected pixels as the previous one; the 

original island’s size has remained unchanged. The same cluster is placed in 

the new level, and it is said to be the parent of the original cluster, as it is the 

superset of the original cluster of pixels. This hierarchical relationship is 

denoted by the link from the parent to the child cluster.

As well as this, another island has appeared, however, as it is not connected 

to the other island, a new cluster of pixels is created, and is added to the list 

of clusters at this level.
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Figure 2-5 The Original Island Remains and a New One Appears.

In Figure 2-6, segmentation at a threshold of 140 has revealed only one 

cluster of pixels or island above the water level. This cluster consists of the 

pixels contained in the previously created clusters (by virtue of its ownership 

of its child clusters) as well as a few more pixels that have been uncovered, 

and join them. This is the most interesting of the events that can occur, as it 

shows a qualitative change in the structure of the data i.e. one ‘Object’ 

consists of two sub-objects.

Figure 2-6 Two Clusters Merge to Form One Cluster.
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Once again, in Figure 2-7, the main branch grows a little and another island 
appears and a new cluster is created.

Figure 2-7 The Main Branch Grows and Another Island Appears.

If the same thresholding technique is continued for another four values of 

intensity, the process remains the same. It can be seen that there is one main 

branch, or dendrone that consists of two sub-objects, and to some extent, 

another sub-object that is joined to the main branch in Figure 2-8 (b), 

however, even from visual inspection, it seems to be artificially forced to 

join the main branch.
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Figure 2-8 The Next Four Levels of Segmentation.

The dendrogram representing the structured data set is practically completed, 

however, the final level of threshold (segmentation using a threshold of zero) 

can be applied, although it only yields the trivial set of all pixels, or one 

cluster representing the complete data set (Figure 2-9 (a)). The remaining 

dendrogram now has the hierarchical information and pixel data for further 

analysis (Figure 2-9(b)).
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Figure 2-9 Hierarchically Segmented. Imaginary One Dimensional Dataset (a) and

Corresponding Dendrogram (b).
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2.2.2 Spatial Image Dendrograms and the 
Image Histogram.

It has long been proven that the use of image histograms can reveal a great 

deal about an image, in particular its ability to discriminate between 

abnormal and healthy tissue in mammograms (Christoyianni, 2000). 

Research has also shown that thresholding of the image histogram can 

segment the breast region (Yin, 1994). Therefore, the use of the image 

histogram for the purposes of mammogram analysis is an important 

technique, and should not be overlooked.

Shown here is that the spatial image dendrogram implicitly contains the 

image histogram as well. When the creation of the spatial image dendrogram 

is viewed as a repetitive segmentation routine, its relationship with the image 

histogram can be seen:

Let A be the set of all pixels, pv---,pN in an image with x-bit gray-scale 

intensity resolution. Also, let the bins of the corresponding

histogram, where Bm is an element of the sequence. Therefore, assuming the 

highest resolution histogram of the given image, the number of bins, M in the 

image histogram will be:

M = 2r 

and,

1 <m< M such that me Z
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Now, the histogram is constructed by placing all the pixels within the image 

into bins according to their intensity:

Equation 2-1

where qv---,q {m) is any sequence of pixels, such that qe is an element of the 

sequence, and qe e A for all 1 < e < ju(m).

Furthermore, if ie is the corresponding intensity of pixel qe, then the 

following must also hold;

ie=M—m + 1 Equation 2-2

for all 1 < e < ju{m) 

and, as all the pixels are used;

= N
m

U {Ch’---^lJUUn)} = A
m

[J Biu = A Equation 2-3
m
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Now we consider the creation of the dendrogram using the repetitive 

thresholding routine. If a Stride of 1 is used, the highest intensity resolution 

of the image is utilised, as in the histogram creation. Therefore, there will be 

M levels, at which the image will be segmented. Thresholding the

image A at each level, m, will yield clusters of connected pixels at each 

level:

C ••• CV-'1 5 5 ^ y(m)

If Cg is an element of the above sequence, as mentioned, C consists of a

sequence of connected pixels, {r,,---,ra( )}. If rj is an element of this sequence

of pixels, and if is the corresponding intensity of pixel r/, the following 

holds;

if > M — m +1

for all 1 < g < y(m) and 1 <f<a{g)

Now, if we look at the previously segmented level, m-1,

if > M — (m -1) +1

or

if > M - m + 2
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Therefore, it follows that the clusters of pixels in each of the clusters in the 

previous level, m-1, must be subsets of the clusters of pixels segmented in 

level m, since;

M — m + 2 > M - m + 1

or

V 1 < g < y(m) 3 Cg- c C8 Equation 2-4

where Cg- e {C„-,Cnm_n

Contained within this expression, Equation 2-4, is the hierarchical nature of 

the dendrogram. Clusters of pixels in one level contain the same pixels as 

one or more of the clusters of pixels in the previous level. This rule is used 

extensively in CHAPTER 3 NEW IMAGE DENDROGRAM CREATION, for 

a refinement to the image dendrogram creation process.

Continuing on, if Lm is the complete list of pixels segmented at level m,

It is also true that the pixels in the previous level, Lm.], are a subset of the 

pixels segmented in level Lm.

g

That is,
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If we look at the pixels in level m that are not in level m-1, then the relative 

complement of Lm_i in Lm gives;

Where ^j,***, is a sequence of pixels such that ss e . If is is the

corresponding intensity of pixel ss,

is > M - m + \ AND is < M - m + 2

is = M — m + 1 Equation 2-5

for all 1 < s < a

Since the image is completely segmented at each level, the set of pixels 

is the complete set of pixels for which is =M—m +1.

Or

{A\ : is -M -m +1} = 0

This is the equivalent to the set of pixels contained in bin Bm, of the image 

histogram, as:

{A\{qv---,qM(m)}:ie =M -m +1} = 0

39



And thus,

B... = L \ L'm -1

This states, therefore, that the pixels segmented at each level of the 

dendrogram, in excess of those segmented in the previous level, are the 

equivalent to the bins of the image histogram. Thus, the dendrogram 

implicitly contains the histogram of the image that it represents.

Furthermore, as each level of the dendrogram contains the segmented 

clusters of pixels produced by a threshold at that level, the dendrogram also 

provides image segmentation information, for every intensity within the 

intensity resolution of the image.
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2.3 Properties of Image Dendrograms

2.3.1 Discretisation Effects

There are two effects due to the discrete nature of a digital picture, in space 

and intensity, but also to physical cut-offs related to noise amplitude. They 

can be controlled by two parameters of the analysis, namely, the Minimum 

Island Size (MIS) and the Stride (Hanusse, 1992). The MIS defines the 

smallest island area that is detectable, thus, if an island smaller that the MIS 

is segmented, it is removed from the dendronic representation of the image. 

This can be useful in that noise consisting of small, bright regions, for 

example, can be filtered out of the dendrogram if their area is less than the 

MIS set. This leaves only objects of interest within the dendrogram.

The Stride defines the intensity resolution, and controls the local contrast 

that is required to form an island (Hanusse, 1992). A Stride of 1 will give the 

greatest intensity resolution for the dendrogram, as the image will be 

segmented at every value of intensity within the image.

2.3.2 Filtering Properties

These very same parameters can also have a role at image comprehension 

level as they may be used to specify possible a priori knowledge of 

minimum object size and contrast (Hanusse, 1992). Consequently, they act as 

filtering parameters in the dendronic analysis itself. Filtering could act on 

the dendrone itself, to reduce the complexity and increase its significance. In 

this case we would speak of dendrone driven pattern recognition (Hanusse,
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1992). The efficiency of pattern recognition controlled by the dendronic 

structure is increased by its higher significance content as compared to the 

original image or region and contour segmentation (Hanusse, 1992).

2.3.3 Invariance Properties

The topology of a dendrone is not dependent on local intensity levels, so that 

two objects with the same structure located in different lighting or contrast 

conditions will appear with the same, simply shifted, dendronic contribution. 

The method is thus, naturally adaptive (Hanusse, 1992).

It is also easy to show that the same structural topology will be invariant 

under translation, rotation, and scaling (Hanusse, 1992). This is again a 

consequence, and benefit, of the separation between the structural content of 

the image and any local contextual dependence on lighting, position, 

orientation, and magnification (Hanusse, 1990).

2.3.4 Robustness

Its adaptive character also provides robustness to long range defects. The 

dendronic contribution of noise is unambiguously detectable (Hanusse, 

1992). It can be eliminated by adjusting the two already mentioned 

parameters, MIS and Stride. Finally, another reason for robustness is due to 

structural stability of the topology of the image. The dendronic structure 

emphasises the mutual topological relationship between regions, rather than
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the regions themselves (Hanusse, 1992). This is not much perturbed by 

random noise or context variance.

2.3.5 Significance Extraction

Filtering processes acting on a dendrone increase its significance (Hanusse, 

1992). However, the most important aspect of dendronic analysis resides 

certainly in self-building significance. By this, we mean that, besides being 

adaptive and robust, this method reveals the internal segmentation, or the 

hierarchical levels of description that are present in the image, without 

having to formulate explicitly a model of the scene and the objects it 

contains (Hanusse, 1992).

This last property is, perhaps, the most important property of image 

dendrograms. The technique lends itself to the general computer vision 

problem. The understanding of perception is by definition, the central 

problem of image analysis (Hanusse, 1990). If the perception of the image 

can be made as explicit as possible, then we are far ahead in this 

understanding.

As an example of the properties mentioned above, consider the image in 

Figure 2-10 (a). This image is an artificial image consisting of a black 

background and two bright discs, one of which contains a brighter rectangle 

and triangle overlaid on it. The corresponding dendrogram can be 

automatically created without any a-prior knowledge of the image. Without 

knowing anything about the dendrogram, it can be seen that the branched 

structure represents the two main discs in the image as two main branches, 

the left-hand branch (left-hand disc) being composed of another branch 

(rectangle) at a higher level. If pixel information is included in the
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dendrogram during its creation, we can separate, unambiguously, at different 

levels (intensities) the three objects present in the image. This is called self

detection (Hanusse, 1990).

This image is a simple one, and the three objects in the image could be found 

using a region or contour segmentation routine, however, the robust filtering 

abilities of the dendronic representation can also be shown.

Figure 2-10 An artificial image consisting of a black background, two bright discs, one 
with a brighter rectangle and triangle within it (a). Its corresponding dendrogram (b).
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Figure 2-11 The same image with high amplitude noise added (a). The main branches of 
the corresponding dendrogram are still persistent (b).

If noise is added to the image, the task of object detection becomes more 

difficult for standard techniques (Hanusse, 1990). However, the robust nature 

of the dendronic structure can be demonstrated. In Figure 2-11, the image 

has noise with higher amplitude than that of the objects contained in the 

image. The corresponding dendrogram, whilst again being constructed in an 

automated fashion, still exhibits the two main objects in the image as two 

main branches. In this way, the dendronic representation can be seen to be 

robust to noise.

Furthermore, if the MIS is increased, the branches representing noise (which 

have a low pixel count) are removed, revealing a dendronic structure very 

similar to that of the original image. This can be seen in Figure 2-12 (a) and 

(b), where the MIS has been set at 100 and 1500, respectively.
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Figure 2-12 The filtered dendrogram. In (a), the MIS is set to 100. In (b), the MIS is set 
to 1500, and the structure is nearly identical to that of the original image dendrogram

without noise.

Thus, the filtering properties of the dendronic representation can be seen to 

reduce its complexity and increase the significance content of the 

representation (Hanusse, 1990). By reconstructing the image from the 

filtered dendrogram, the background noise can be eliminated from the 

background, and the noise amplitude within the remaining objects is reduced 

(see Figure 2-13).
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Figure 2-13 Image reconstructed from the filtered dendrogram (MIS = 1500).

With the filtered dendronic representation, it is easy to see the significant 

branches, as in Figure 2-12 (b). Since these branches represent objects and 

sub-objects within the image, we can therefore easily detect the significant 

objects within the image. By selecting the branches in the dendrogram, the 

detected objects in the image can also be displayed, as in Figure 2-14. The 

four objects can be seen in (a) (c) (e) and (g), with their corresponding 

branch highlighted in (b) (d) (f) and (h), respectively.

47



48



Figure 2-14 The four objects detected by the dendronic structure.

It has already been stated that the image histogram contains a great deal of 

image information. It has also been shown that the image dendrogram also 

contains this information. However, more than that, the image dendrogram 

explicitly shows the relationship between objects and sub-objects within the 

image. In this sense, it is a major step towards a structure that describes the 

perception of the image.

In the case of detection of masses within digitised mammograms, the 

structure is ideal, for the image is a complex one, one that is sometimes 

confusing to even the radiologists who read them every day. The structure of 

the dendrogram produced by mammogram images depicts the hierarchical 

relationship between objects and sub-objects within the image. For example, 

one might perceive the mammogram to consist of a black background with a 

breast and a lead marker as foreground objects. The description might 

continue with the statement that the breast object also contains many sub

objects such as milk ducts, veins etc. In this case, the dendrogram of the 

same image will show the image consisting of two main branches or objects, 

one of which contains many sub-objects. This dendrogram, in the form of a
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tree-like structure provides the explicit description of the observation. 

Furthermore, its generation is data-driven, and automatic, as well as robust.

In this chapter, the concept of the image dendrogram and its applicability to 

mammogram analysis has been outlined. Further, the dendrogram’s 

relationship with the image histogram has also been developed and stated 

explicitly.
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CHAPTER 3 NEW IMAGE 
DENDROGRAM CREATION

It is evident that the dendronic representation of complex images goes some 

way in describing them, or explicitly representing the perception of the 

objects within an image as a tree-like structure. To the computer vision 

community, therefore, it has a great potential in scene understanding, not 

only for the detection of masses in digitised mammograms, but for all types 

of images as well (Hanusse, 1992; Chen, 2000). However, the construction of 

image dendrograms has been a time-intensive process for images of even 

small sizes. For example, in the creation of the image dendrogram for a fairly 

simple image, consisting 264 x 462 pixels, it took over 509 seconds with a 

167MHz Sun Ultra SPARC Station (Chen, 2000). With the size of digitised 

mammograms being much larger than this, and the small time-frame that is 

required in their analysis, a new method for the image dendrogram 

construction is needed. Described in this chapter is a new method of image 

dendrogram creation, developed by the author. The body of this chapter has 

been published (Mitchell, 2003), however, the algorithm has been developed 

further since, and these refinements are included here as well.

51



3.1 Introduction

It was noted in Equation 2-4 that clusters of pixels segmented in one level 

are supersets of clusters found in the previous level. In this way, the 

information acquired at each level due to segmentation is the same as that in 

the previous level, only with a modification to it.

Previous attempts at image dendrogram construction involved repetitive 

segmentation routines, such as the pixel labelling method (Chen, 2000; Jain 

1989). They repetitively re-create this redundant information through 

complete segmentation of the image at each level. The new method 

developed in this thesis attempts to deal with each image pixel once, rather 

than for every level of intensity within the image. In this way, the re-creation 

of information is avoided and the creation process is sped up.

The first stage in the new creation method transforms the image into the 

intensity domain by sorting pixels into the image histogram, whilst retaining 

the pixels’ locations. The image is then segmented utilising pixels in each of 

the histogram bins as the intensity threshold is decreased. At each of these 

intensity thresholds, the dendronic structure is updated and information is 

passed forward to the next intensity level, so that segmentation information 

need not be reproduced (Mitchell, 2003).

As mentioned previously, two variations to the complete dendrogram 

construction exist. One variation is to change the Stride of the threshold 

levels. A Stride of one would segment the image at every level of intensity, 

whereas a Stride of two would segment the image at every second level of 

intensity etc. Increasing the Stride of the creation process simply treats the 

image as though its intensity resolution was lower than the original image. 

This was used in previous algorithms as it decreased the time taken (Chen, 

2000). This reduction in creation time was due to the reduction in the amount

52



of levels at which the image was segmented. However, with this new method 

for dendrogram construction, the time taken is not so dependent on Stride, 

since each pixel is visited only once, regardless of how many levels are 

present.

The other variation of the complete dendrogram construction is the 

utilisation of a Minimum Island Size or MIS. The MIS can be stipulated such 

that branches containing fewer pixels than the MIS are not included in the 

dendrogram (Hanusse, 1990; Chen, 2000). This provides levels of filtering 

for different imaging problems. The MIS can be used, for instance, to filter 

noise by setting it to an area somewhat less than the objects of interest within 

the image, as shown in the previous chapter. Thus, unwanted noise is 

eliminated within the image and dendrogram, whilst still respecting the other 

objects within the image (See 2.3 Properties of Image Dendrograms). The 

MIS variation has been retained in the new dendrogram construction method 

as well. As with the other clusters in the new method, these clusters having 

fewer pixels than the MIS are subsets of clusters in the next level. Therefore, 

this information is utilised like all other clusters in the subsequent level, and 

does not pose a great overhead to the new construction process.

The new image dendrogram construction method relies on the properties 

mentioned above, as well as other computer data structures and techniques 

afforded by an object-oriented programming language. The method consists 

of four main components, the first used at the beginning of the algorithm and 

the last three carried out for each level in the dendrogram;

• Initialisation.

• Segmentation.

• Copying Cluster Information.

• Accommodating MIS.

The operations involved in each process are described in the remainder of 

this chapter.
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3.2 Initialisation

3.2.1 Histogram Creation

As mentioned, previous algorithms relied on a repetitive threshold routine, 

whereby every pixel was tested to see if it satisfied a threshold, for every 

threshold iteration (Mitchell, 2003). The new method places the image pixels 

into the intensity domain, such that they are in a list of bins according to the 

Stride value. In this way, they are tested only once as to which intensity 

threshold they satisfy .

Let A be an mxn matrix of data in a digital image, i.e. each entry Ay in 

matrix A is the gray-level of the pixel at location row i, column j, with values 

ranging from 0 -A G-l. Where G is the number of gray-levels achievable 

with the image’s intensity resolution.

Let Hi be the image histogram, such that 1 < I < L. L corresponds to the 

number of bins, where L can be found using the intensity resolution of the 

image and the Stride value, S',

L = G
S

where G & S are both powers of 2

The code for this operation can be seen in the Appendix - Creation of 

Histogram.
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Create mxn pixel objects P,j, where each pixel object Py stores its location 

if within the original image. Place a pointer' (Stroustrup, 1998) to each of 

these pixel objects, pPij, in their appropriate histogram bins Hi according to:

pPijE Hi where G-Sxl <A{j <G-S(l-\)

1 < / < m 

1 < j < n

As an illustration, consider Figure 3-1. A matrix of pixel objects, P,y is 

created with the same dimensions as image A (For code, see Appendix - 

Creation of Pixel Pointer Matrix). Iterating through all of the pixels, a

pointer to each is placed in its appropriate bin, Hi within the histogram.
Original Image

Histogram
A

Pixel Object 
Matrix

Figure 3-1 A matrix of pixel objects are created then pointers to each pixel object are 

stored in the histogram bins accordingly.

A pointer is a direct handle to an object in computer memory.
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Thus, we have the image histogram with each bin of the histogram 

containing pointers to pixel objects that have their spatial location stored 

with them. In this way, the thresholds under which every image pixel falls, 

are known, and need not be tested again.

Before the algorithm can proceed, a matrix needs to be created to store the 

locations of ‘Clusters’ created during construction. Clusters are objects 

containing lists of connected pixels within the image. They also hold the 

hierarchical linking information for the dendrogram.

In earlier attempts at image dendrogram construction, the labelling system 

used was that of an integer index into the Clusters present (Chen, 2000). This 

means that the label matrix was a matrix of integers, each being the identifier 

of the Cluster to which they belong. This form of Cluster storage requires 

mapping of Cluster addresses with their integer identifier and is very slow. 

As the addressing of each Cluster in the algorithm is needed frequently, a 

faster method was needed. The solution was to create the label matrix as a 

matrix of pointers, where each pointer holds the memory address of each 

Cluster as they are created. In this way, a Cluster can be addressed directly 

by the pointer to it.

Let Q be an mxn matrix of Cluster labels i.e. each entry Qjj in matrix Q is a 

pointer pCk,, to cluster C*, such that pPij e Ck . Where k is the Cluster number

which increases as the algorithm proceeds and Ck is the pixel pointer list of

3.2.2 Creation Label Matrix
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Cluster Ck- Initially, however, Q is zeroed and k = 0, as there are no Cluster 

present.

3.3 Segmentation

Now the segmentation and object linking operations can occur. This is 

executed by processing pixels in each of the histogram bins sequentially, 

creating and linking Clusters as they are created. Thus, for each histogram 

bin, three operations must occur:

For each bin Hi, such that 1 < l < L,

• Segmentation of Histogram Bins utilising each pixel pointer, for 

all rPij g H/ . This is where the pixels within a bin are segmented 

and placed into new or existing clusters.

• Copying Cluster Information from the current level, /, to the next 

level, /+/. This operation is executed after the pixels within a bin 

are segmented. Essentially, the clusters formed in the 

segmentation operation are copied to the next level, so as not to 

reproduce redundant information.

• Accommodating MIS, removing clusters with fewer pixels than 

MIS.

Details of these three operations are described in the following pages*.

* The code for this operation can be seen in the Appendix - Segmentation Function
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3.3.1 Segmentation of Histogram Bins

Segmentation at each threshold, or histogram bin Hi, is undertaken by 

investigating the neighbourhood of each pixel location Py that is pointed to 

within that bin. In doing so, it will be determined whether each pixel in the 

bin will become a member of an existing cluster, or form an entirely new 

cluster on its own. The neighbouring values are determined using 4- 

connectivity. Thus, the coordinates of the four neighbouring locations of P;7 

can be seen in Figure 3-2 and are found by;

A. -*P, MJ)

B. ->P(/,y-l)

C. ->P( ,-j+i )

D. ->P( ,-+i,j )

A

B Pr(U) C

D

Figure 3-2 Neighbourhood locations using 4-connectivity.
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There are three different cases that can be considered, depending on whether 

the neighbours, A, B, C and D already belongs to existing clusters:

• Segmentation Case 1: None of the pixels belong to an existing cluster.

• Segmentation Case 2\ There is one cluster that one or more of the 

neighbouring pixels belong to.

• Segmentation Case 3: There are two or more clusters to which a 

number of the neighbouring pixels belong to.

Let Q0. = { (2a, Qb, Qc, (2d } be the set of four entries in the label matrix Q, 

and one of the three cases described above, are carried out:

3.3.1.1 Segmentation Case One

• <2y = 0, there are no qualified labels, therefore, a new Cluster, Ck+i is

created and pixel pointer pPij is added to that Cluster. The set of pixel 

pointers in this Cluster becomes Cu+1) = {PP,,}, and Qij is updated as

the pointer to Q+y.

Following on from the example in Figure 3-1, the segmentation of the first 

bin, Hi can commence. There are no qualified labels in Q (Qn = 0),

therefore a new Cluster, Cj is created and pixel pointer pPij is added to it. 

Further, <2/,/ is updated as the pointer to C/ ( (2/,/ = pCj).
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-HC, i— Level 1

Histogram

Cluster Pointer 
Matrix - Q

— Level 2

— Level 3

— Level 4

— Level 5

>— Level 6

Figure 3-3 Bin, is segmented - There are no qualified labels in Q, therefore a new 
cluster, C, is created, and pP,j from Bin, is added to the cluster.

As pPu is the only pixel pointer in ///, the level is segmented (See

Figure 3-3) and this information can be related (see 3.4 Copying Cluster 

Information) to the next level as in Figure 3-4.

Histogram
PC,

Cluster Pointer 
Matrix - Q

Pointer,
to ( 

Parent'

Pointer
to

Child

i— Level 1

— Level 2

Level 3

— Level 4

— Level 5

L- Level 6

Figure 3-4 An empty Cluster, C2 is created on the next level. C2 becomes the parent of

C,, and C, a child of C2.
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33.1.2 Segmentation Case Two

• Qij * 0, only one qualified label exists and its uppermost parent is 

found to be Cluster Cr (where 1 < y< k). Pixel pointer pPtJ is added to 

Cr, such that Cy = Cy u {pp}. Qij is also updated as the pointer to

Cluster Cy.

Following on from Figure 3-4, for the first pixel location in //2, (1,2), 

there is one qualified label (Q, 2 * 0), pCj and its uppermost parent is

found to be C2. pPi,2 is added to C2 and Q\ 2 is updated as ;,C2 (See Figure 

3-5).

- Level 1

Level 2

- Level 3

Level 4

— Level 5

•— Level 6

Figure 3-5 The first pointer in H2 is segmented. Qiy2 is found to have one neighbour 

cluster pointer, PC2. The uppermost parent ofpC/ is found to be PC2.
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To finish segmentation of H2, pixel location (3,4) needs to be addressed. For 

the neighbourhood of Q.3,4, there are no qualified labels in Q (Q3Aa= 0),

therefore a new Cluster, C? is created and pixel pointer pPs,4 is added to it. 

Further, Q3 4 is updated as the pointer to Cj ( Q3,4 = PC3 ), as in Figure 3-6.

Histogram

Cluster Pointer 
Matrix - Q

1— Level 1

— Level 2

— Level 3

— Level 4

— Level 5

L Level 6

Figure 3-6 For location (3,4), there is no qualified label, and a new cluster, C3 is 

created and pixel pointer pP3>4 is added to it.

Once again, a level is completed and the information thus created can be 

related to the next level creating empty Clusters in the next level as in Figure 

3-7 (See 3.4 Copying Cluster Information).
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r— Level 1

Histogram

Cluster Pointer

— Level 2

— Level 3

— Level 4

— Level 5

L- Level 6

Figure 3-7 Clusters C4 and C5 are created in level 3, as parents of clusters C2 and C3,

respectively.
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3.3.1.3 Segmentation Case Three

• Qjj^ 0, and two or more qualified labels exist and their uppermost

parents are found to be Clusters Ca, Cp, Cx, C§ (where 1 < a,p,%,8 < k 

& Cz, Cs may or may not = 0). All of these referred Clusters are 

merged into one Cluster, Ca , pixel pointer pPjj is added to it and k is 

decremented by the number of Clusters deleted. Thus,

C(xn Ca„ ^JC UCr uj/P-}

All of the pixel pointer locations in Ca are used to update their 

corresponding entries in Q as the pointer to Ca.

Likewise, the lists of child Clusters Cp ,CX ,C5 are merged with that 

of Cluster Ca such that

C„ =C„ uCpc uCXc u CSe

Following the creation process from Figure 3-7, the dendrogram is created in 

the same manner until bin H3, and most of H4 are segmented (See Figure 

3-8).
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Histogram
▲

°p,2

■
PP,3 °P*2,4 PP'3.4

a T, PP“2.1 PP'1.2 Pp
' 1.1

--------

pc, PC2 PC,

pc4 PC, PC5

PC8 ro
Oa

Cluster Pointer 
Matrix - Q

r— Level 1

— Level 2

— Level 3

— Level 4

— Level 5

*— Level 6

Figure 3-8 H3 is completed, and most of H4.

However, when pixel pointer pP3j is considered, case three arises: Location 

(3,3) has more than one qualified label, PC7, pCg and /;Cj. The uppermost 

parents of these Clusters are found to be /?Cz and PC$. Therefore, Cluster C$ is 

merged into Cluster C7 and pP3j is added to it (See Figure 3-9).

Histogram

Cluster Pointer 
Matrix - Q

Level 1

— Level 2

— Level 3

— Level 4

— Level 5

>— Level 6

Figure 3-9 Cluster C8 is merged into cluster C7 and pixel pointer pP3 3 is added to it.
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As Cluster C$ did not have any child Clusters, it was not necessary to merge 

its list of child Clusters with that of Cluster C7. To illustrate this, the 

creation process is continued. Bin H4 is completed, therefore the information 

created thus far is related to the next level creating empty Clusters in the 

next level as in Figure 3-10 (See 3.4 Copying Cluster Information). Pixel 

pointer pPij in bin H5 is then considered. Location (1,3) has two qualified 

labels, PC2 and pCy. Their uppermost parents are found to be Ca and C9, 

respectively.

Histogram

Cluster Pointer 
Matrix - Q

r- Level 1

— Level 2

— Level 3

— Level 4

— Level 5

•— Level 6

Figure 3-10 Location (1,3) is found to have two qualified labels, whose uppermost

parents are pCs and PC9.

Therefore, Cluster Cg is merged into Ca and pixel pointer pPjj is added to 

Cluster Ca. This time, however, Cluster Cg does have a child Cluster and its 

hierarchical link to child Cluster C7 is merged into that of Ca, such that C7 

now becomes a child Cluster of Ca (See Figure 3-11).
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Level 1

Histogram

Cluster Pointer 
Matrix - Q

— Level 2

— Level 3

— Level 4

— Level 5

L- Level 6

Figure 3-11 Cluster Cv is merged into clusterCg and cluster C7 becomes a child cluster of

C8-

Following on from this, the process is continued: Bin H5 is completed with 

pixel pointer pP2,2 being placed into C«. An empty Cluster, Cg, is then created 

in the next level and pixel pointer pP_u is added to it, completing bin H6 and 

therefore the entire image. As can be seen in Figure 3-12, Cluster Cg is the 

base of the dendrogram, or dendrone branch. As such, Cluster Cg ‘owns’ all 

the information contained in its child Clusters. Therefore, it corresponds to 

the entire image, as all the pixels in the image are contained in that branch. 

Likewise, Cluster C7 ‘owns’ the information it contains, as well as that 

contained in Clusters C5 and Cj. The dendrone branch with Cluster C7 as the 

base is depicted in Figure 3-13. The pixel pointers it contains are outlined in 

red, and the corresponding group or Cluster of connected pixels that it 

represents is rendered red in the original image. Therefore, it can be seen that 

each dendrone branch of the dendrogram corresponds to a group or Cluster of 

connected pixels in the image that it was created from.
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Figure 3-12 The completed dendrogram. Cluster Cg corresponds to the entire image, as 

it contains all the pixels held within its child clusters through heirarchical linkage.

Cluster Pointer Original Image
Matrix - Q

Figure 3-13 The dendrone branch with Cluster C7 as the base, the pixel locations it 

contains and the cluster of pixels it correlates to within the image (red).

68



3.4 Copying Cluster Information

Once all the pixels in bin Hi of the histogram have been segmented, there 

exists a number of Clusters created utilising the threshold of ///. Therefore, it 

holds that the next level, //y+y with a lower intensity threshold will contain 

the segmented clusters of level Hi as well;

and Clusters in Hi must be children of Clusters in Hi+i (in a dendronic sense). 

We can utilise the segmentation performed thus far by copying the Clusters 

created in level Hi to level ///+/. In this way, the Clusters in level f/y+y inherit 

the information produced in all the previous levels, and this is reflected in a 

hierarchical sense through the parent and child Cluster members of each 

Cluster concerned*5.

Consider the example in Figure 3-3. The first bin Hi, in the histogram 

contains only pixel pointer pP]j. There are no qualified labels in matrix Q 

and thus, a new Cluster, C/ has been created. The pixel pointer pPy.y has been 

added to the list of Cj and <2i,i has been updated to the pointer to C/. Now, 

when the next lower intensity threshold //?, is applied, it is implied that pixel 

P/ i will be included, as its intensity is also greater than the threshold. To 

reflect this, Cluster Cy, already created, is copied to the next level, ready for 

H2 segmentation. Cluster C2 is now the parent of Cy, and in this way, it 

‘owns’ the information contained in Cluster Cy. In other words, through 

hierarchical linkage, Cluster C2 indirectly contains pPij. §

§ The code for this can be seen in the Appendix - Copy Cluster Function.

V pPij e Hi+1, Alj>G-Sx(l + 1),

VpPu e Hh A, > G - S x (/ +1),
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Figure 3-14 Cluster C2 created on the next level, level 2. It becomes the parent of 

Cluster Cj, and then segmentation of H2 can commence.
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3.5 Accommodating MIS

Any new Cluster created in level Hi must satisfy the MIS, that is, if its area 

is less than the number of pixels stated in MIS, then it cannot exist**.

If there exists a Cluster C7, such that Cy belongs to level /,

and (Cy )< MIS ,

suppose Cluster Ca is the parent of Cy . Thus, to remove the Cluster Cy, move 

its pixels into Ca. Therefore, the Cluster is empty and the pixels are retained 

for the parent level for which they must exist:

C„ = C uCy and Cy - 0

Once this is completed for level ///, the complete routine can be performed 

for the subsequent levels. When / = L, the dendrogram is complete and 

consists of Clusters linked to each other in a tree-like structure depicting the 

relationships between objects and sub-objects within the image. This process 

is based on intensity and connectivity of pixels within the image, and if S - 

MIS = 1, then the complete dendrogram is created. No a priori information 

has been used, so the process is a self-defining one, without the need for 

interaction. The dendronic structure thus created provides an excellent 

platform from which other analysis algorithms can extract useful information 

for the purposes of object classification.

The method presented, whilst fast and efficient in its ability to create the 

dendronic structure of images, is not very memory efficient. The use of

The code for this can be found in the appendix - Accomodating MIS - Remove Small 
Islands Function.

71



auxiliary data structures, such as the pixel pointer and cluster pointer 

matrices, means the memory required for dendrogram creation is a large 

overhead. However, the aim in developing the technique was for speed 

optimisation, not memory optimisation. Digitised mammogram images are 

typically large digital images, and the spatial image dendrogram can easily 

be created on a personal computer with a modest amount of RAM”, using 

this technique. Thus, whilst the technique is not memory efficient, it is not 

restrictive in regards to the hardware requirements for mammography.

" Random Access Memory requirements for mammogram dendrogram creation are 
typically above 512MB and up to 1024MB.
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3.6 Results

The main thrust of the new dendrogram creation method was to enable faster 

analysis of digitised mammogram images. Results for image dendrogram 

creation times are thus presented, as creation of the dendronic representation 

of the mammograms is integral to the overall processing time.

To evaluate the performance of the dendrogram construction algorithm, 

processing times were recorded for the mammogram image in Figure 3-15, 

its details tabulated in Table 3-1. This image was chosen as it represented a 

typical mammogram in the set for this study.

Figure 3-15 Benchmark Mammogram - ACGLCC.
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Image ACGLCC

Spatial Resolution 5906 Pixels per metre

Intensity Resolution 8-bit

Dimensions 1383 x 2080 Pixels

Table 3-1 Benchmark Mammogram Details.

Overall creation times for the dendrogram corresponding to the mammogram 

in Figure 3-15 were recorded for a range of Stride values from 1-128, using a 

MIS of 300 pixels. The computer used in the dendrogram creation was a Dell 

Latitude laptop computer, with a 2.00 GHz Pentium IV processor and 1GB of 

RAM. Larger values of Stride significantly decrease the information content 

of the dendrogram, and as such, only small values of Stride were used in this 

study. Thus, only the lower Stride values have been plotted in Figure 3-16.

Dendrogram Creation Times

26000

21000

16000

•4— MIS = 300

3 11000

Stride

Figure 3-16 Dendrogram Creation Times for Different Values of Stride.
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A comparison of creation times using the creation algorithm was published 

previously (Mitchell, 2003) and repeated here, comparing times for a similar 

sized image to that benchmarked by Chen (2000). These can be seen in Table 

3-2 and Figure 3-18. The results found by Chen were using a Sun Ultra 

SPARC Station 167MHz, and 256MB of RAM. The image used is a plan 

view of a biplane aircraft (Figure 9(a), Chen, 2000). Conversely, the results 

using the present method were found for the image in Figure 3-17, using a 

Toshiba Satellite 300MHz AMD K6-2 with 98MB RAM.

Figure 3-17 264x462 Pixel Image for comparison.
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As the results were created using different processor speeds and architecture, 

an attempt has been made to adjust the creation time to take into account the 

processor speed, as if the algorithm was run using a 167MHz processor. This 

is presented in Table 3-2 and Figure 3-18, as Mitchell (Adjusted). It is hard 

to compare results when the original image is not available, let alone results 

found using different processor architecture. Therefore, the accuracy in the 

comparison is not known exactly. However, the image selected was a 

structurally more complex one to that of Chen, and it is the author’s opinion 

that the results presented are extremely conservative.

Creation Times (s)

Stride Chen Mitchell Mitchell

(2000) (2003) (Adjusted)

1 509.62 47.29 84.95

5 213.28 9.83 17.66

10 78.21 5.16 9.27

20 74.46 2.41 4.33

30 61.18 1.75 3.14

50 23.08 1.1 1.98

Table 3-2 Creation time comparison for 264x462 pixel image.
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Figure 3-18 Creation time comparison. Adjusted results are also presented to account
for processor speed.

In previous work by Chen (2000), the relationship between the time spent in 

each of the creation steps using the pixel labelling technique was shown (See 

Table 3-3). It was indicated that dendrogram construction time was 

dominated by the time spent in the subject merging step. Although the 

profile in Table 3-3 is image dependent, it is compared to the profile in Table 

3-4, the relative time spent in each of the steps for the new image 

dendrogram construction, developed in this study.
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Stride
Segmentation

(%)

Merging

(%)
Indexing (%)

Object

Sorting

(%)

1 3.14 96.51 0.02 0.32

5 2.16 94.46 0.04 3.34

10 3.56 84.27 0.05 12.13

20 2.33 95.28 0.03 2.36

30 2.32 94.58 0.02 3.08

50 4.53 82.92 0.02 12.52

100 5.32 30.97 0.01 63.7

Table 3-3 Percentage of Time Spent in Each Creation Segment (Chen, 2000).

Stride
Initialisation

(%)

Segmentation

(%)

Copy

Levels (%)

Remove Small

Islands (%)

Set CM

(%)

1 18.4 75.9 2.1 2.4 1.3

2 25.8 69.3 1.3 2.5 1.0

4 39.7 56.4 1.4 1.5 1.0

8 49.3 48.2 0.5 1.0 1.0

16 57.4 41.3 0.2 0.4 0.7

32 63.0 35.9 0.2 0.2 0.6

64 69.6 29.6 0.0 0.3 0.5

128 94.6 5.4 0.0 0.0 0.0

Table 3-4 Percentage of Time Spent in Each Creation Segment - New Image 

Dendrogram Construction Method.
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Whilst the categories are not identical for the two methods in tables Table

3-3 and Table 3-4, the merits of each method can still be seen:

■ Copy Levels and Remove Small Islands for the new method constitute the 

main functionality present in Chen’s Merging. Likewise, although not 

identical, the Segmentation part provides the same functionality for both 

methods. This shows that the Merging process, the dominant process in 

Chen’s method has essentially been reduced to a minor process in the new 

method. In fact, due to the hierarchical nature of the dendrogram, it should 

not take a significant time to complete (See CHAPTER 3).

■ The price of fast construction in the new method is the Initialisation of 

the process, occupying a varying percentage of time for different values of 

Stride. For a Stride of one, the Initialisation takes nearly 20% of the 

construction time.
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3.7 Discussion

In CHAPTER 2, the qualities and usefulness of dendronic image 

representation were shown. The applicability not only to the detection of 

stealth-like masses in mammograms, but to the general image analysis 

community as a whole was also shown.

The method by which the dendronic structure of images has been created by 

others (Hanusse, 1992; Chen, 2000) in the past, was described as a repetition 

of a segmentation routine. However, the construction of image dendrograms 

has been a time-intensive process for images of even small sizes. With the 

size of digitised mammograms being much larger than most, and the small 

time-frame that is required in their analysis, a new method for image 

dendrogram construction was needed. Described in this chapter is a new 

method of image dendrogram creation, developed by the author.

The new creation algorithm is based mainly on the fact that repetitive 

thresholding algorithms such as those based on the pixel-labelling algorithm 

create redundant information at each level of the dendrogram. Thus, by 

utilising efficient hierarchical segmentation at each level within the 

dendrogram, this redundant information need not be re-created, providing 

significant time-savings.

The first stage in the new creation method transforms the image into the 

intensity domain by sorting pixels into the image histogram, whilst retaining 

the pixels’ locations. The image is then segmented utilising pixels in each of 

the histogram bins as the intensity threshold is decreased. At each of these 

intensity thresholds, the dendronic structure is updated and information is 

passed forward, or copied to the next intensity level. This is possible due to 

the fact that the pixels within any cluster are also pixels within its parent 

cluster in level above. This operation is effective, since it significantly
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decreases creation time, rather than reproducing the segmentation 

information at each subsequent level.

Another inefficiency in the previous creation algorithm is cluster 

manipulation, or modification. Previously, an integer index labelling system 

into the Clusters present was used. Thus the label matrix was a matrix of 

integers, each being the identifier of the Cluster to which they belong. This 

form of Cluster storage and access requires mapping of Cluster addresses 

with their integer identifier and is very slow. As the addressing of each 

Cluster in the algorithm is needed frequently, a faster method was needed. 

The solution was to create the label matrix as a matrix of pointers, whereby 

each pointer holds the memory address of each Cluster as they are created. In 

this way, a Cluster can be addresses directly by the pointer to it. This 

effectively reduces the time taken for a range of cluster operations, such as 

pixel addition during segmentation and cluster merging.

Times to create the image dendrogram for a complete mammogram were 

presented. Whilst the overall creation time is image dependant, a typical 

duration is around 20 seconds. As image dendrograms have not been created 

for complete mammograms in the past, there is no direct results with which 

to compare. However, Chen (2000) includes results for a 264x462 pixel 

image, and thus, results using the current algorithm with the same sized 

image are compared. The image used by Chen is that of a plan view of a 

biplane aircraft. The image has very uniform intensity for the objects within 

the image, and thus object merging operations are significantly reduced. The 

image used for comparison utilising the present algorithm is a region within 

a mammogram. The mammogram region is far less uniform, and thus, the 

time taken to create it leads to a conservative comparison of time taken for 

dendrogram creation.

It can be seen that the new method is far more efficient in creating the image 

dendrogram. A conservative speed-up from 509 seconds to 85 seconds is 

evident, and the manner in which this is achieved is shown in the relative
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times spent in each of the operations. Copy Levels and Remove Small Islands 

for the new method constitute the main functionality present in Chen’s 

Merging. It was shown that the Merging process, the dominant process in 

Chen’s method has essentially been reduced to a minor process in the new 

method. The price of fast construction in the new method is the Initialisation 

of the process, occupying a varying percentage of time for different values of 

Stride. For a Stride of one, the Initialisation takes nearly 20% of the 

construction time. Whilst this stage is not present in Chen’s method, it is an 

essential process that facilitates the overall speed-up that can be achieved by 

the new method.
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CHAPTER 4 THREE 
DIMENSIONAL DENDROGRAM 

VISUALISATION

4.1 Introduction

In CHAPTER 3, a new image dendrogram creation method was developed. 

Following development of the new method, a programming implementation 

of it, together with an environment for investigating the properties of the 

image dendrogram was needed. The programming implementation of the new 

method needed to be fast and efficient. Furthermore, a visualisation 

environment was necessary, one capable of displaying the underlying 

clusters of pixels within the dendrogram. Visualisation and investigation of 

the image dendrogram provided an extremely useful tool in developing ideas 

for subsequent steps in the analysis of the structure. As such, it is expected 

that such a tool will aid further research in this area.

A similar program, Dendronic Image Characterization Environment, (Chen, 

2000) provides a platform for the creation and analysis of the dendrogram, 

however, the time taken to create the dendrogram was not sufficient for the 

purpose of mammogram analysis, as noted in the previous chapters. As well 

as this, the visualisation of the dendrogram thus created can be improved. 

Described in this chapter, is an implementation of a new method for the 

visualisation of the image dendrogram, a method utilising three-dimensional 

data visualisation software.
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4.2 Dendrogram Creation

The use of an object-oriented programming language for dendrogram 

creation has already been mentioned (see CHAPTER 3). Whilst this might 

seem unimportant to the chapter heading, it is worth mentioning since it 

influenced the choice of software to utilise for dendrogram visualisation.

4.2.1 Programming Language

Originally, a simple version of the algorithm described in CHAPTER 3 was 

written using the prototyping script language, MATLAB. Whilst the language 

provided an alternative for testing the validity of the method, its execution 

was slow, as with most interpreted scripts, and it was decided to switch to a 

faster compiled language. As the method relies heavily on memory address 

referencing and pointer manipulation, the C++ language was chosen, due to 

its native ability in having intimate control over these data structures. In this 

way, the language is “close to the machine” (Stroustrup, 1998), so that all the 

important aspects of the machine are handled simply and efficiently. The 

language, however, is also “close to the problem to be solved”, so that the 

concepts of a solution can be expressed directly and concisely (Stroustrup, 

1998). Its ability for data abstraction is perhaps one of the most important 

reasons for its use in dendrogram creation, as there are a large number of 

objects to coordinate in the creation process.

The other reason for the use of C++ is the fact that it is used in the 

visualisation library of choice, Visualisation Tool-Kit, or VTK. VTK, 

together with the Microsoft Foundation Library, or MFC, and the 

programming implementation of the dendrogram algorithm are all capable of 

being pulled into a stand-alone application, whereby interfacing between 

different languages is not necessary. This, together with the fact that the
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author has prior experience with the programming language, made the choice 

an easy one to make.

4.3 Visualisation of the Dendrogram

In the visual representation of the dendrogram, two-dimensional plots of 

object connectivity have been used in the literature (Chen, 2001, Hanusse, 

1990). Whilst the barcode-like plots (See Figure 4-1) give a visually 

indicative representation of the connectivity within the dendrogram, it is 

difficult to correlate sections of the plot with their corresponding regions in a 

complex image. Plots of the dendrogram could be plotted for the image X- 

coordinate or the image Y-coordinate.

m ' ‘ ' 1 ' u 1 i6o """ ' ’ ' ' 1 1 * - 3fo‘ ... . . . . . . . . . . . . . . . . . 4o
X Cvonttaato

Figure 4-1 Two-dimensional Dendrogram and its Image.
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However, the author set about with the aim of providing an intuitive method 

for dendrogram visualisation, one that could be looked at visually in more 

detail than before and be correlated to the image it represents. In this way, a 

better understanding of the dendronic appearance of breast objects could be 

obtained. Therefore, the new method of dendrogram visualisation needed to 

be an interactive representation, where the representation of the clusters 

within the dendrogram could be selected by the user and the corresponding 

cluster of pixels in the image would be highlighted.

One of the most effective ways of representing data is in three dimensions 

(Kitware, 2000), and with the proliferation of three-dimensional computer 

graphics libraries available, it was seen as the best method for representing 

image dendrograms. A simple visualisation implementation was used in the 

three-dimensional representation of the dendrogram, with its Clusters 

represented by spheres and its connectivity represented as tubes, or line links 

between the spheres (See Figure 4-2). Thus, a dendrogram is represented 

appropriately by a tree like structure, whereby a branch correlates to an 

object in the image, its sub-branches correlating to sub-objects in the image.
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Figure 4-2 Three-dimensional representation of a Dendrone branch.

The image dendrogram is based upon spatial (two-dimensional) connectivity 

and pixel intensity within the image Therefore, the three-dimensional 

coordinates for each Cluster were based upon the Cluster’s corresponding 

group of connected pixels in the image: The first two dimensions locating the 

Cluster sphere are the coordinates for the pixel group’s centroid and the third 

dimension of the Cluster sphere is the intensity value at which the Cluster 

was created. The Clusters’ centroids were all calculated in the final operation 

of the dendrogram creation algorithm. The percentage time taken for this 

operation is the last column of the creation table in the previous chapter 

(Table 3-4).

An example of the three dimensional representation can be seen in Figure 

4-3. An artificial image was created. Essentially a smooth artificial breast 

shape with two denser or higher intensity regions are incorporated in the 

image (a). If the image is visualised as a three-dimensional intensity terrain, 

or landscape, the three axes of Width, Height and Intensity can be seen in (b) 

and (c). If the dendrogram is created as previously described it contains three
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branches, or objects initially. These branches form the one main branch and 

this main branch would persist for this particular image. However, only the 

first ten levels of the dendrogram are constructed for the sake of clarity, and 

the corresponding dendrogram can be seen in (d) with the original three

dimensional landscape translucent, and in (e) on its own.

(b) (c)

Id) (e)

Figure 4-3 Artificial mammogram with two objects present within the breast (a). Image 

coordinates for two-dimensions (b) and Warped with intensity (c). Dendrone created for 

first ten levels (d) and showing its three-dimensional axes (e).
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The variation in the centroid of each cluster can be seen in (d) and (e) also. 

Thus, at a bifurcation point, where two or more branches come together, the 

centroid changes abruptly. Visually this conveys that the smaller branches 

are separate entities, and are spatially distinct from the other branches. In 

this way, it is easy to visually inspect the dendrogram for discontinuities 

within the image, as the spatial dendrogram tends to exaggerate the 

difference between the objects. Whilst the two objects in the artificially 

created image are easily discerned, the dendrogram would look very similar 

had the star shaped object been blended stealthily within its surrounding 

area. Thus, even if the gradient at the border of the object were smaller than 

the human eye can perceive, the dendrogram would look identical, and the 

object could be picked up by simply inspecting the dendrogram.

Whilst the traditional two-dimensional display of a dendrogram can convey 

the same differentiation between objects within the image, the new three

dimensional environment enables the user to inspect the dendrogram with 

much greater flexibility, and the presentation is a great deal more intuitive. 

With the ability to zoom, rotate and pan the dendrogram in three-dimensional 

space, the user is free to look at the dendrogram in as much or as little detail 

as required. Furthermore, in order to see the pixels that are contained within 

a branch or cluster, interaction with the dendrogram was needed. Thus a 

cluster at the base of the branch in question can be selected with a mouse 

click, and the branch changes colour, whilst simultaneously the pixels it 

contains are highlighted in red on the original image.

The Visualisation Toolkit (Kitware, 2000) libraries satisfied the requirement 

for the three-dimensional display and interaction desired. VTK is an open 

source, highly object-oriented C++ visualisation code. Having the benefit of 

public domain input, VTK has developed into a visualisation package with a 

vast number of tools with which to represent data. In particular, the ability to 

pick on-screen objects such as individual spheres or clusters.
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In order to implement the three-dimensional display, the following flow of 

data, or pipeline within the VTK objects was set-up"":

Cluster Cluster Parent/
Coordinates Colour Child Links

vtkPoints vtkScalars vtkCellArray

vtkSphereSource vtktubeFilter

vtkPolyDataMappervtkPolyDataMapper

vtkActor vtkActor

vtkRenderer

vtkPolyData

vtkWin32RenderWindowlnteractor vtkWin32QpenGLRenderWindow

Figure 4-4 VTK Rendering Pipeline for Dendrogram Visualisation.

"" An example section of the code for the VTK pipeline can be seen in the 

Appendix - Creation of Dendrogram VTK Object Pipeline.
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For every cluster in the dendrogram, its three-dimensional coordinates are 

input into a vtkPoints object. For each point, or cluster, a scalar value can be 

associated with it. These associated scalar values are input into a vtkScalars 

object. The scalar value for each cluster value are passed through a colour 

lookup table and used to render the final cluster. The relevant scalars, and 

thus their corresponding Clusters are changed colour when the user selects a 

branch.

The hierarchical links, or lines between the clusters are input as cluster pairs 

into a vtkCellArray object. The vtkPoints, vtkScalars and vtkCellArray 

objects are then input into a vtkPolyData object, which essentially becomes 

the container for the dendrogram geometry.

This vtkPolyData object is then passed through two filters; a vtkGlyph3D 

and a vtkTubeFilter. With a vtkSphereSource as input into the vtkGlyph3D 

as well, the output of the vtkGlyph3D is a series three-dimensional spheres at 

each cluster location. Conversely, the vtkTubefilter takes the lines within the 

vtkPolydata and outputs a three-dimensional tube at each location.

The outputs of the vtkGlyph3D and vtkTubefilter objects each pass through a 

vtkPolyDataMapper. Essentially, the vtkPolyDataMapper is an interface 

between data and graphics primitives. It maps data through a lookup table for 

colour, as previously mentioned and controls the creation of rendering 

primitives that interface to the graphics library.

Each output of the vtkPolyDataMapper is then passed to its own vtkActor. 

Each vtkActor is used to represent an entity in a rendering scene, such as the 

spheres or the tubes in this application. These vtkActor objects are then 

inserted into a vtkRenderer object. A vtkRenderer is an object that controls 

the rendering process for objects, rendering being the process of converting 

geometry, a specification for lights, and a camera view into an image.
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The vtkRenderer object is associated with a 

vtk\Vin320penGLRenderWindow object. A rendering window is a window 

in a graphical user interface where Tenderers draw their images. In the case 

of the vtk\Vin320penGLRender\Vindow, the underlying Tenderer interfaces 

to the standard OpenGL graphics library in the Windows/NT environment, 

and thus displays the rendered image within a frame of a Windows window^.

Finally, a vtkWin320penGLRenderWindow is associated with the 

vtkWin32Render\VindowInteractor and is used to direct user input via the 

keyboard and mouse to the rendering process. It is via this object that the 

user can rotate, zoom and pan the dendrogram in three-dimensional space, as 

well as select clusters rendered in the window.

A window in this context refers to the common client area inside the frame of a Windows 
application.
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4.4 Application Environment

Some of the higher-level classes in the Visualisation Toolkit, such as the 

vtk\Vin320penGLRenderWindow previously mentioned, are directed at use 

in Windows* programming. As the author’s experience in application 

programming extended as far as Windows programming, it was a logical 

decision to base the application framework around the Microsoft Foundation 

Class Library, or MFC. The MFC library provides an integrated collection of 

C++ object-oriented software components that offers all that is needed for a 

generic application (Kruglinski, 1998). Whilst MFC provided a suitable 

framework for the Graphical User Interface (GUI) of the application, it was 

decided to keep the dendrogram creation algorithm in pure C++, as a 

standalone statically linked library'^, such that it would be platform 

independent.

The core abstraction of MFC is the notion of a Document/View architecture 

(Kruglinski, 1998). The Document/View architecture separates the data from 

the users view of the data. In the case of the current application, the data is 

the input mammogram image, and the dendrogram created from it. Both 

reside on the Document, and the Views of the document show the information 

that the user interacts with. One of the benefits of this architecture is the 

ability to have multiple views on the data. In this case, the Document has two 

Views attached to it, the Image View, so that the user can view the image, and 

the Dendrogram View, so that the user can look at the dendrogram created 

from the image (See Figure 4-5 and Figure 4-6).

Windows is a registered trademark of Microsoft Corporation. 
m A statically linked library is one that is compiled as a library in its own right, and 
subsequently linked to another library or executable at compile time.
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Document Image View

Mammogram
Image

Dendrogram

Dendrogram View

Figure 4-5 Document object in memory with two attached view objects, the Image and

Dendrogram views.

Figure 4-6 Application Interface. Dendrogram View on the left and Image View on the

right.
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The user can interact with the framework of the application by use of the 

various menus and toolbars, as well as manipulation of the Views themselves. 

The menus and toolbars facilitate methods such as reading in the 

mammogram, changing creation parameters or visualisation variables and 

creating the dendrogram of the image. Interaction with the Views is the main 

benefit of the application, however. By use of the mouse in the inside the 

Dendrogram Views’ window, the dendrogram can be rotated, zoomed, 

panned and translated in three-dimensional space. As well as this, the user 

can select a branch of the dendrogram and see the Cluster of pixels in the 

image that it represents (See Figure 4-7).

Figure 4-7 Dendrogram is zoomed and a branch has been selected (red). The cluster of 

pixels that the branch represents is highlighted in red in the Image View also.
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Whilst the application provides an excellent platform with which to manually 

investigate the dendrogram and its properties, it also provides the connection 

between the dendrogram and its analysis for the detection of stellate tumours. 

The process for detection of stellates in a mammogram using the application 

is simple, and requires only three steps, as depicted in Figure 4-8. Details of 

the detection process are described in the following chapters.

(j) Read Image 
J From File

^ Create Detect
r

^ Dendrogram
___ ► ^ Tumours

Figure 4-8 Application process for tumour detection.
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4.5 Discussion

In CHAPTER 3, a new image dendrogram creation method was developed. In 

this chapter, a new method for image dendrogram visualisation, devised in 

this research, has been shown. The development of a software application 

that brings together the creation algorithm and the visualisation technique 

was seen as a necessary component in this research. This was mainly due to 

the need for a platform on which to evaluate the detection performance of the 

methods devised in this research. However, it was realised early in the 

development of the application that the three dimensional visualisation of the 

dendrogram might provide more than just a verification tool for results. By 

utilising the Cluster centroid and intensity as the coordinates for the 

graphical representation, branching of the tree structure is made more 

pronounced than the traditional two-dimensional representation. Visually, 

this enhances the fact that the branches are separate entities, and are spatially 

distinct from the other branches within the tree. In this way, it is easy to 

visually inspect the dendrogram for discontinuities within the image, as the 

spatial dendrogram tends to exaggerate the difference between the objects 

within the image.

Thus, the new three-dimensional environment enables the user to inspect the 

dendrogram with much greater flexibility, and the presentation is a great deal 

more intuitive. With the ability to zoom, rotate and pan the dendrogram in 

three-dimensional space, the user is free to look at the dendrogram in as 

much or as little detail as required. Furthermore, in order to see the pixels 

that are contained within a branch or cluster, interaction with the dendrogram 

is possible.

Visualisation and investigation of the image dendrogram provided an 

extremely useful tool in developing ideas for subsequent steps in the analysis
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of the structure. As such, it is expected that such a tool will aid further 

research in this area.

Another interesting outcome is the apparent interest from radiologists in the 

representation of the image as a three-dimensional tree. It can only be 

speculated if the investigation of a dendronic tree by a radiologist might 

provide a useful tool in the detection of masses, however, this is merely 

anecdotal and outside the scope of this thesis.
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CHAPTER 5 BREAST BORDER
DETECTION

5.1 Introduction

In the previous two chapters, new methods for the creation and visualisation 

of the image dendrogram were described. Within in the following chapters is 

a description of how to utilise the information contained in the dendrograms 

thus created.

As mentioned in 1.2.1 Pre-processing, typically one of the first image 

analysis operations performed is segmentation of the breast area from the 

background (Karssemeijer, 2002). Shown in this chapter, is a simple means 

of determining the breast region from the image dendrogram. Essentially, 

this entails choosing one of the dendrones, or branches of the image 

dendrogram, and marking it as the breast area. The subject of this chapter 

has been published (Mitchell, 2004). However, the method has been 

improved and a more detailed description of the modified algorithm is 

contained herein.

According to Hanusse, the hierarchical and automated fashion in which the 

image dendrogram is created, leads to a meaningful depiction of the semantic 

information that “explains” the image, and exhibits the objects it contains, 

along with their relationships (Hanusse, 1992). Thus, various observations 

can be seen from the structure of the dendronic representation of the image. 

In Figure 5-1, an image and its corresponding dendrogram can be seen.
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Figure 5-1 Mammogram (Right) and Corresponding Dendrogram (Left).

In the image, our human vision system instantly recognises that there are two 

main objects present: One lead marker that is relatively uniform, and the 

other, a breast that is comprised of other objects and tissues within it. A 

partial description of this can be seen in the dendrogram as well. Here, there 

are two main branches: One long ‘skinny’ branch that corresponds to the lead 

marker, and another, ‘bushy’ branch that corresponds to the breast. The latter 

is comprised of other sub-branches or objects, hence its ‘bushy’ appearance.

The effectiveness of the dendrogram in this regard, enables us to very 

quickly discriminate between branches or objects in the image. Utilising the
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dendrogram as a structural description of the image, both the breast and lead 

marker branches can be found. Once they are found, all other extraneous 

objects can be discarded, as they represent only noise or other unwanted 

artefacts on the background. Given the breast branch of the dendrogram, the 

border can be shown, and the region in which to search for cancer is 

therefore also known. This is the first stage in the analysis of the created 

dendrogram.

In detecting the breast and lead marker branches within the dendrogram, two 

values are tested for the branches within it. Using these two values, coined 

here as Dendrone Slenderness Ratio and Border Gradient, a scheme utilising 

simple thresholds has been developed to discriminate between the breast and 

lead marker branches from the dendrogram, and thus their corresponding 

regions within the image.
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5.2 Dendrone Slenderness Ratio

Consider the two dendrones in Figure 5-2. It can be seen very quickly that 

the first dendrone, dendrone (a) depicts one main branch, or object, and 

appears to be rather ‘skinny’. The other dendrone, dendrone (b) consists of 

one gross object containing two sub-objects, and appears to be more ‘bushy’.

(a) (b)
Figure 5-2 Two examples of dendrones. A ‘skinny’ dendrone (a), and a more ‘bushy’

dendrone (b).

The description of these dendrones is similar to that of the description of a 

lead marker dendrone and a breast dendrone, respectively. One way in which 

this description can be interpreted by the dendrone is its value of Slenderness 

Ratio. The Slenderness Ratio gives the value of how ‘skinny’ a branch is. A
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branch that is one persistent branch has a value of 1, and more ‘bushy’ 

branches have a value less than unity. The Slenderness Ratio is found by the 

following:

SR-hm^L

Nc

where LMAx- maximum length of dendrone.

Nc = total number of clusters in dendrone.

For the two example dendrones above, both have a maximum length of 9. 

Their total number of clusters is 10 and 18 respectively. This gives the 

‘skinny’ dendrone, dendrone (a), a Slenderness Ratio of 0.9, whilst the 

‘bushy’ dendrone (b) has a Slenderness Ratio of 0.5.

It was found that dendrone branches representing the breast regions of the 

image had very low values for Slenderness Ratio. Likewise, dendrones 

corresponding to the uniform lead marker in the images had very high 

Slenderness Ratios. In the search for the breast and lead marker dendrones, 

the thresholds of Slenderness Ratio used in their detection were found to be 

0.4 and 0.7, respectively.

Thus, the image dendrogram could be very quickly searched, from the lowest 

level first, to see which branches corresponded to breast or lead marker 

Slenderness Ratios. Whilst the Slenderness Ratio alone gave the correct 

branches for the breast and marker in the images, it alone, was not sufficient 

in selecting the optimum cluster. Thus, another discriminator was needed. 

Initially, shape descriptors such as elongation and area ratio were used as 

this supplement (Mitchell, 2004). Subsequently, however, one single 

descriptor, Average Border Gradient was found to be faster and more 

effective as an extra descriptor.
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5.3 Average Border Gradient

Traditional image processing techniques used in object detection include 

Edge Enhancement/Detection. They are commonly implemented through 

spatial filters, such as Shift and Difference, Prewitt Gradient, Laplacian and 

Sobel operators. Their output produces borders based on gradients and can be 

used in subsequent image analysis operations for feature or object 

recognition.

In the case for breast detection using the dendronic representation of the 

image, the process is somewhat reversed. The dendronic structure 

corresponds to the objects within the image, and this implies that the border 

of each of those objects are also known. Thus, the border of a given object 

can be tested to see if it corresponds to that of the type being detected. 

Accordingly, a modified border gradient operator has been devised and 

applied to the dendronic representations of the mammograms in order to 

obtain the average gradient along the border of each candidate breast or lead 

marker branch.

In similarity to other spatial pixel group operators, the modified gradient 

operator relies on a marching template, however, it does not operate on the 

whole image, rather just the pixels on the border of the object of interest. 

The template for the operation can be seen in Figure 5-3.

Figure 5-3 Template for border gradient calculation.
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Here, the pixel X is the pixel on the border between the object (colour green) 

and the surrounding area (colour grey). In order to obtain the average pixel 

gradient at pixel X, the following expression is evaluated:

Gx

where IA and IB are the pixel intensities at A and B, respectively.

Once the gradient at each border pixel is found, the average border gradient 

is calculated. This value is then used to evaluate if the branch in question is 

the breast branch or not. It was found that threshold values for the breast 

border gradient were much less than the threshold for the lead marker. This 

is to be expected, as the lead marker possesses a very well defined edge. A 

value of Gx =0.4 gave a suitable threshold for deciding whether or not the

object in question was the breast region, whilst a value of Gx =1.0 gave a

suitable threshold for deciding whether or not the object in question was the 

lead marker.

It should be noted that this simple method only calculates the border gradient 

in one direction, along the horizontal. However, as a majority of the breast 

border is in a vertical direction, this simple method captures the gradient 

across the breast border well, and helps to discriminate it from other objects 

in a robust fashion.
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5.4 Breast Border Detection Process

In order to arrive at the threshold values for both Slenderness Ratio and 

Border Gradient, four mammograms were chosen randomly from the full data 

set, comprising two craniocaudal and two mediolateral oblique 

mammograms. From these images, the threshold values required to identify 

the breast and marker dendrone were found. A factor was applied to the most 

marginal threshold values in order for them to be more universal.

It is assumed that the breast region is of a higher intensity than that of the 

background. Thus, the dendrogram is searched starting with the cluster/s in 

the lowest intensity level. In this way, the lowest intensity outer contour of 

the breast region will be found. Should the breast branch not be found in the 

first level or two, detection will continue for higher intensities, and breast 

contours of higher intensities would be found, these corresponding to smaller 

radius contours as the breast thickness rapidly increases (Karssemeijer, 

2002).

co
C
CD

-+—c

Figure 5-4 Exaggerated breast border profile of intensity. Three contours of the breast 
are shown in red. The gradient of the border at each of the contours increases as the

intensity increases.
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It is desirable, however, to stop detection when the lowest intensity border is 

encountered, as this represents the edge between the breast and the 

background. In Figure 5-4, three contours in the vicinity of the breast border 

are depicted, each at a different intensity level. A cluster in the dendrogram 

will represent each of these contours. Starting with the lower intensity 

cluster, the border gradient is evaluated and if the Slenderness Ratio is less 

than 0.4 and the gradient is greater than 0.4, the cluster is labelled as the 

breast cluster. If not, the next intensity higher is tested. As can be seen in 

Figure 5-4, the gradient increases as the intensity increases, near the breast 

boundary. At some point close to the border, the gradient threshold will be 

overcome and the breast region will be detected.

It has been identified that generation of false alarms, such as lead markers 

should be avoided so as to prevent the radiologist losing confidence in the 

algorithm’s performance (Karssemeijer, 2002). Therefore, whilst the breast 

border identification process is underway, the lead marker is also identified. 

Since Slenderness Ratio is calculated for the objects in the dendrogram, this 

does not produce a large overhead in performance.

Identification of the marker did not seem necessary using the algorithm 

developed in this research, as no marker objects were identified as masses, 

However, some cases do arise whereby the lead marker overlaps the breast 

region and may be included as such. Therefore, by identifying the lead 

marker, it may be excluded from the subsequent mass detection algorithm. In 

this way, the possibility of a future false alarm caused by detection of the 

marker as a malignant mass is removed.

107



Figure 5-5 Breast and marker detection comparison: Using Slenderness Ration alone - 
(a) and (c). Using Slenderness ratio as well as Average Border Gradient - (b) and (d).

The effectiveness of the slenderness ratio, coupled with the average border 

gradient can be seen in Figure 5-5. The use of a Slenderness ratio threshold
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alone has identified clusters representing the breast and marker - (a) and (c). 

However, it has not made ideal selections, as there exists background 

artefacts attached to the objects. By using a threshold on the average border 

gradient as well, the next appropriate clusters are selected, and they 

correspond to visually better object representations - (b) and (d).

The following sequence is included as a short summary of the breast border 

detection routine:

For intensity levels (starting at the lowest intensity):

For every cluster in the level:

• Get the dendrone’s Slenderness Ratio

• Get the border pixels of the object

• Get the Average Border Gradient of the object

If Slenderness Ratio < 0.4 AND Average Border Gradient > 0.4 

-^Cluster is the breast region

If Slenderness Ratio > 0.7 AND Average Border Gradient > 1.0 

-^Cluster is the lead marker

If breast region and lead marker have been found ->Finish

END

END
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5.5 Results

The test set used to evaluate these threshold values and thus the breast area 

detection performance, was the remaining 46 mammograms in the database. 

The following figures, Figure 5-6 through to Figure 5-11, show a variety of 

examples of detected lead marker and breast regions. The first in each 

sequence, (a), shows the detected breast in green. Other objects in the image 

have been discarded, so that there are only the two detected objects present. 

The second in each sequence, (b), simply shows the detected breast border, 

overlaid on the original image. The breast boundary is found simply from the 

interface between the green region and the background in (a). The third in 

each sequence, (c), shows the original image with an overlaid tracing of the 

breast border by an expert radiologist, for comparison. The breast border 

tracings are courtesy of Dr. Mary Rickard, recorded at the Breast Screen 

NSW State Coordination Unit on Tuesday, 14/12/04. Tracing was facilitated 

by on-screen tracing of the images on a tablet personal computer.

(a) (b) (c)
Figure 5-6 ABQLML border Detection.
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Figure 5-7 ABULCC border Detection.

Figure 5-8 ABRRML border Detection.
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Figure 5-9 ABWLCC border Detection.

Figure 5-10 ACELCC border Detection.
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Figure 5-11 ADBRML border detection.
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5.6 Discussion

In this chapter, a breast and marker region detection method utilising 

analysis of the image dendrogram has been described. Essentially, this 

entails choosing one of the dendrones, or branches of the image dendrogram, 

and marking it as the breast area. For the sake of completeness, the marker 

on the image is also detected, and thus one of the other branches in the 

dendrogram is chosen as the marker branch.

The method relies on two parameters to make this decision, and they are 

calculated at the clusters of the dendrogram. One of the parameters, 

developed during this research, is the idea of a dendronic structural 

descriptor, Slenderness Ratio, and it has proven to be a simple but powerful 

parameter in the selection of dendronic branches as either breast or marker 

objects. The Slenderness Ratio gives the value of how ‘skinny’ a branch is. A 

branch that is one persistent branch has a value of 1, and more ‘bushy’ 

branches have a value less than unity. This description of branches as 

‘skinny’ or ‘bushy’ relates to the complexity of the branch, or object it 

represents within the image. A ‘skinny’ branch is essentially comprised of 

one gross object; itself. On the other hand, a ‘bushy’ branch is comprised of 

many other branches, which give it the ‘bushy’ appearance. The breast 

branch within the dendrogram of a mammogram was found to be a complex, 

‘bushy’ branch, as the breast contains many objects or sub-objects within it. 

It was found that the Slenderness Ratio of the breast branch within the 

dendrogram corresponded to a low value of less than 0.4. Conversely, the 

lead marker branches within the dendrograms were found to be ‘skinny’ 

branches with a Slenderness Ratio greater than 0.7.

Slenderness Ratio, whilst being a robust parameter in the detection of a 

breast branch, did not always select the optimum cluster in the branch to 

represent the breast region. Another parameter was utilised to refine the

114



decision, based on the border gradient of the object already selected. The 

Average Border Gradient, a pixel level feature of an object’s border pixels 

has been used to supplement the Slenderness Ratio, providing an effective 

combination. In this way, detection of the breast and marker dendronic 

branches is achieved.

The breast detection method was found to produce a general border that 

agrees well with a visual inspection of the image. It is also robust to noise 

and other image artefacts that are of little relevance to the breast region 

itself. When compared to the radiologist’s border outline, however it can be 

seen that the detection method does not agree exactly with the shape of the 

breast outined. Two further examples of detected breast regions are shown in 

Figure 5-12, together with the radiologist’s outlines.

(a) (b)

Figure 5-12 Two examples of detected breast regions. A typical example (a) and an 
example of a mismatch in shape (b).
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In (a), a typical detected breast region agrees fairly well with the 

radiologist’s outlining. Conversely, in (b), the shape detected by the method 

disagrees with the radiologist’s outline. It is the author’s opinion that the 

border detected by the algorithm is closer to the actual borderline of the skin. 

That having been said, it is not to take away from the radiologist’s 

experience or ability, rather, this can be explained due to the method by 

which the outlines were obtained. As mentioned previously, the outlines 

were obtained with the use of a tablet personal computer. It takes some time 

to become accustomed to the nuances of the pointing device, accounting for 

the pen pressure required etc. Therefore even with an expert radiologist, the 

accuracy is dependant on the experience of the radiologist with the 

technology, and in this case, some errors are likely to have occurred.

Furthermore, for the display of the digital image being traced, no brightness 

and or contrast controls were available, making the radiologist’s job even 

harder. Another factor to take into consideration is that the outlines should 

be continuous outlines, rather than broken segments. With the broken

radiologist’s outlines as exhibited in this research the exact accuracy of the 

border detection is difficult to quantify.

Furthermore the roughness of the curve does not correlate well with the 

smoothness of the real skin border. Other research in breast border detection 

provides methods for smoothing and obtaining border locations

(Karssemeijer, 2002), however, the regions detected using this method

envelope the breast area more than adequately for the detection of stellates 

within the breast. Further, as the complete stellate detection process is 

essentially automated, this method for breast detection provides a necessary 

robust framework for subsequent analysis. It is the automated and robust 

qualities of the Dendronic analysis that are of significance. Other methods 

will be able to achieve the same breast border, and perhaps slightly smoother 

and marginally more accurate, however, they are subject to variability in 

image contrast and other image variables and may not obtain a very good 

border representation in some cases. Whereas, the significance of the
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structure represented by the image dendrogram leads to the detection of the 

breast sub- structure extremely robustly.

As the test set comprised the remaining, unseen images in the database, the 

percentage of images used to derive the threshold values was very low at 

only 8% of the total images. The database of 50 images used in this research 

was sourced from two large breast screening clinics in a major western city. 

Therefore, it is expected that the threshold values would apply to 

mammograms from a similar source and digitised on the same equipment.

Should dendronic image analysis become combined with other mass 

detection algorithms in the future, a more accurate border detection method 

might be needed. In many mass detection algorithms, an accurate breast 

border detection method is required to avoid inaccurate results caused by 

kernels overlapping the background, for the analysis of architectural 

distortions or to warp corresponding images taken from other screenings of 

the same patient (Karssemeijer, 2002; Yin, 1994). In such cases, a pre

processing step might be implemented, or a more accurate edge detection 

integrated. As mentioned in 1.2.1 Pre-processing however, the emphasis of 

this research is the applicability of dendronic image analysis in the detection 

of stellates, and thus pre-processing is omitted in order to evaluate the 

effectiveness of raw dendronic analysis alone.
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CHAPTER 6 STELLATE 
DETECTION

6.1 Introduction

In the previous chapter, a breast and marker region detection method 

utilising analysis of the image dendrogram was described. Therefore, once 

the breast region has been found in the dendronic structure, detection of 

stellate breast masses within it can begin. This is done as a two-stage 

process, and is described in this chapter. The first stage, the Stellate Suspect 

Detection quickly performs ‘Stripping’ (Nguyen, 2001) of the breast region, 

whereby successive layers of normal breast tissues are removed to expose 

objects that are not part of the normal parenchymal tissue in the breast. This 

fast, efficient method, once again, utilises the image’s dendronic structure. In 

performing the ‘Stripping’ process, a number of ‘suspect objects’ are 

identified. At this stage, a very high sensitivity for stellate detection is 

achieved utilising the automated dendronic analysis, however the number of 

false positives generated is high. Thus, the suspect objects are processed 

further by input into the second stage of the detection, Suspect Object 

Classification. More shape and textural descriptors are evaluated for each of 

the suspect objects and passed through a trained neural network for 

classification as either normal tissue or a suspicious stellate mass.

Essentially, the first stage, Stellate Suspect Detection, reveals the 

effectiveness of dendronic analysis of mammogram images. Up to and 

including this stage, very little a priori information has been utilised. The 

breast region has been detected and a small list of suspect objects has been
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identified in a completely automated fashion. However, in an effort to 

further refine the detection process, the other process was necessary to 

classify the suspect objects as either normal tissue or a malignant mass. A 

very simple neural network was utilised, as mentioned, and it purely provides 

a demonstration of the results that can be achieved by simple classification 

of the dendronic analysis output.

6.2 Stellate Suspect Detection

As previously mentioned in CHAPTER 5, the dendrone branch corresponding 

to the breast can be described as ‘bushy’. Implied in this, is that the branch 

contains many other branches or sub-objects. These objects may be normal 

objects such as veins, milk ducts or other breast related objects. They might 

also correspond to ‘stealthy’ objects such as stellate masses. Upon 

investigation of the dendronic structure of the breast, it was found that it 

described the structural composition of the breast tissue extremely well, as 

initially thought. Surrounding these objects within the breast, exists a 

‘matrix’ of normal tissue that does not exhibit the slender branching like the 

other objects. Instead, the pixels that make up the ‘matrix’ of normal tissues 

within the breast accumulate on the main branch of the breast dendrone. By 

removing these pixels and retaining slender dendrones at each successive 

level, the ‘matrix’ of normal tissue is removed leaving only the suspect 

objects in the image.

As an example, in Figure 6-1, a mass surrounded by normal tissue is 

displayed, along with its dendrogram. The dendrogram has a ‘bushy’ 

appearance, except for the main slender branch that it contains.
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Figure 6-1 A region of interest and its corresponding dendrogram.

6.3 Stripping

It has been evident that a majority of the masses consist of a well-defined 

core, possessing contours of increasing diameter surrounding them as the 

value of intensity decreases. This image pattern produces a more slender 

dendrone. Thus, the aim is to ‘Strip’ clusters that correspond to normal tissue 

and keep branches that are slender branches within the dendrogram. Once 

again, the Slenderness Ratio is used to filter the dendrogram. The 

Slenderness Ratio (see 5.2 Dendrone Slenderness Ratio) quantifies how 

‘slender’ or ‘bushy’ a dendrone is, and thus a threshold of Slenderness Ratio 

of 0.98 is used in the decision to ‘Strip’ a cluster or not (See Table 6-4).

However, if all slender branches are kept, then there will be a vast amount of 

objects to classify later, as there are many other normal anatomical objects
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within the breast. Another observation that has helped to resolve this is the 

fact that mass dendrones tend to be fairly long. Therefore, by setting a 

Minimum Branch Length for the slender branches, short slender objects are 

‘Stripped' also. This can be explained by a short branch of length = 2. Such a 

branch may only have two clusters, and therefore its Slenderness Ratio 

would be 1.0, a very short, ‘slender’ branch. There are, however, many of 

these small branches on a typical breast dendrone, adding to its ‘bushy’ 

appearance. As they contribute to the structure of the normal breast tissue, 

they are unwanted, and can be filtered out of the dendrogram.

By varying the Dendrogram MIS and Stride, however, it was found that the 

relative slenderness or how ‘bushy’ branches are varies significantly. 

Therefore, in order to find the optimal values for detection, FROC curves 

were constructed for varying values of Stride, MIS, Slenderness Ratio and 

Minimum Branch Length. Since the intensity resolution within the 

dendrogram diminishes rapidly with increasing values of Stride, it was 

decided to test only Stride values of 1 and 2, giving the highest two intensity 

resolutions available for the dendrogram. For this stage of the detection 

algorithm, the amount of false positives per image was high (See the 

following section; 6.5 Stellate Suspect Detection Results), but the true 

positive detection rate was closely looked at, and maximised. Thus, the 

values of MIS, Stride and Minimum Branch Length were varied to establish 

their effect on detection rates of masses (detection using only dendronic 

structure).

Having decided upon values for Stride, MIS, Slenderness Ratio and 

Minimum Branch Length, the process of Stripping can begin. Starting from 

the base of the breast dendrone, the clusters that are ‘bushy’ are removed, 

whilst any long, slender branches are kept. Figure 6-2, depicts the sequence 

of Stripping for the same region of interest as in Figure 6-1. After Stripping, 

there only remains the long, slender branches that become the suspect masses 

in the image.
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Figure 6-2 Stripping sequence. Left to right, top to bottom. First image corresponds to 

the full dendrogram of the region. Last two images are the remaining mass, along with 

the red dendrone that encodes it in the otherwise yellow dendrogram.
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6.3.1.1 Compactness

At this stage, as mentioned previously, suspect objects have been identified 

within the breast region using automatic analysis of the dendronic structure. 

Furthermore, the parameters used in the algorithm rely on very simple 

dendrone metrics, such as branch length and slenderness ratio. In Figure 6-3, 

a completed example of Stripping for a complete mammogram is shown.

(a) (b)

Figure 6-3 Original mammogram (a) and its normal tissue 'Stripped' revealing suspect
objects (b).

However, some of these suspect objects are obviously too thin or elongated 

to be masses, as can be seen in Figure 6-3 (b). In order to reduce some of the 

most elongated candidates, the value of Compactness is found for each of the 

candidates.
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This Compactness or Circularity, is a measure of how circular an object 

boundary is, and has proved to be a significant descriptor in the correct 

classification of breast masses (Kilday, 1993; Ackerman, 1971; Adams, 

1989; Nguyen, 2001).

In Figure 6-4, an example of mass with two circles, concentric about its 

geometric centre are shown. One circle, the Embracing Circle has a 

diameter, Dem, sufficient to completely embrace the furthest pixel from the 

centre, whilst the Circle of Equivalent Area has a diameter, Dea, such that 

the area of the circle is equal to that of the mass.

Figure 6-4 A Mass with two concentric circles - The Green embracing circle, and the 

Blue circle of equivalent area to the mass.

External Compactness is calculated by the following:

EC =
DEA

DEM

Where DEa2 = Diameter of Circle of Equivalent Area.

DEm = Diameter of Embracing Circle.
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A compactness value of one is the highest value possible, and this 

corresponds to a perfect circle. Values less than one are obtained from 

objects that are less compact than a circle.

It was found that stellate masses, in general, posses a high value of 

compactness of around 0.6. A threshold of EC=0.2, significantly lower than 

that of a mass, was used in order to remove the incompact objects found after 

‘Stripping’. In Figure 6-5, the green objects have been removed from the list 

of suspect objects by virtue of their compactness values being less than 0.2.

Figure 6-5 Removal of elongated suspects - Removed suspects are in green, remaining

suspects are in red.
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6.4 Image Database and Detection Criteria

The images used in this study are courtesy of Breast Screen NSW, Australia. 

In total 50 images are used throughout this research. This database consists 

of 15 stellate mass cases with two unilateral views; craniocaudal and 

mediolateral-oblique of the breast with cancer. The other 5 are bilateral 

normal cases with the two same views; craniocaudal and mediolateral- 

oblique.

Stellate Cases Image Normal Cases Image

Cn0043
ABQLCC ACPLCC

ABQLML
CnMR68

ACPLML

Cn0044
ABRRCC ACPRCC

ABRRML ACPRML

Cn0046
ABTRCC ACQLCC

ABTRML
CnMR69

ACQLML

Cn0047
ABULCC ACQRCC

ABULML ACQRML

Cn0049
ABWLCC ACSLCC

ABWLML
CnMR7 1

ACSLML

Cn0050
ABXLCC ACSRCC

ABXLML ACSRML

Cn0051
ABYLCC ACULCC

ABYLML.
CnMR73

ACULML

Cn0053
ACARCC ACURCC

ACARML ACURML

Cn0055
ACCLCC ACWLCC

ACCLML
CnM R75

ACWLML

Cn0057
ACELCC ACWRCC

ACELML ACWRML

Cn0059
ACGLCC

ACGLML

Cn0060
ACHLCC

ACHLML

Cn0061
ACILCC

ACILML

Cn0078
ACZLCC

ACZLML

Cn0080
ADBRCC

ADBRML

Table 6-1 Mammogram Image Database.
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Of the 15 stellate cases in the database, stellate outlines as well as breast 

border outlines were provided by an expert radiologist, Dr Mary Rickard, 

from Breast Screen NSW, at the State Coordination Unit on Tuesday, 

14/12/04.

One of the issues to deal with in evaluating the performance of a mass 

detection algorithm concerns the characterisation of a computer detection as 

either true positive or false positive. To do this, the output of the algorithm 

must be compared with the “ground truth” information associated with the 

image. In the case for this research, the “ground truth” used is that of the 

expert radiologist’s interpretation or stellate outlining. The decision criteria 

used in determining a true positive against the radiologist’s outlines is as 

follows:

1. Centroid of “ground truth” stellate must be within the detected object 

boundary.

2. The area ratio of the detected object and the “ground truth” stellate 

must be greater than 75%.

The advantage in comparing the area of the detected object and the actual 

stellate is avoiding the labelling of oversized or undersized detections as true 

positives. For example, if a very large single detection (for instance the size 

of the breast region) was made, the centroid of the stellate will certainly be 

within it and the detection would be erroneously labelled as a true positive. 

Thus with the two criteria specified above, a true positive detection is limited 

to those with an accurate location and size.
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6.5 Stellate Suspect Detection Results

The initial suspect object detection stage of the process was concerned with 

Stripping most of the normal parenchymal tissue from the breast region in 

order to expose a number of objects that obstructed the ‘flow’, or normal 

structure of the tissue. As such, a relatively large number of objects are 

exposed, for example, milk ducts, blood vessels or stellates previously 

disguised within the tissue.

In optimising this initial stage of detection, values for Stride, MIS, 

Slenderness Ratio and Minimum Branch Length were required. In order to 

achieve these optimum values, a matrix of FROC curves were created for 

varying values of each parameter, to investigate the effect of each using the 

database of 50 images.

As the value of Stride increases, the structural information contained in the 

dendrogram degrades significantly. Therefore, it was decided that only 

values for Stride of one and two would be used, as these give the finest 

possible dendronic representations of the images. For each value of Stride 

used, the MIS was varied between 200 and 400, giving ten different 

dendrograms per image (see Table 6-2).

Creation Parameters

Stride = 1 Stride - 2

MIS 200 250 300 350 400 200 250 300 350 400

Table 6-2 Dendrogram Creation Parameters for Initial Detection Optimisation.
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For each of the dendrograms created, the Stripping parameters, Slenderness 

Ratio and Branch Length were varied. Values used for each of these 

parameters are tabulated in Table 6-3. The number of false positives per 

image and the true positive fraction (true positive fraction by image) were 

calculated for each of the detection parameters and used to construct FROC 

curves (See Appendix).

Values

Slenderness

Ratio

0.86 0.88 0.90 0.92 0.94 0.96 0.98 1.00

Branch

Length*""

6 8 10 12 14 16 18 20

Table 6-3 Stripping Parameters for Initial Detection Optimisation.

Using the most sensitive curves for each value of MIS and Stride, the FROC 

curves using Stride values of one and two are displayed in Figure 6-6 and 

Figure 6-7, respectively.

u+ Values of Branch Length used in dendrograms created using Stride= 1. For dendrograms 
created using Stride=2, Branch Length is half these values.

129



Initial Detection, Stride = 1

False Positives/Image

-------Stride = 1 MIS = 400

-------Stride = 1 MIS = 350

—a— Stride = 1 MIS = 300

-------Stride = 1 MIS = 250

Stride = 1 MIS = 200

Figure 6-6 Initial Detection FROC Curves for Stride = 1.

Initial Detection, Stride = 2

0 5 10 15 20 25 30 35

False Positives/Image

Stride = 2 MIS = 200 

Stride = 2 MIS = 250 

—♦—Stride = 2 MIS = 300

-------Stride = 2 MIS = 350

-------Stride = 2 MIS = 400

Figure 6-7 Initial Detection FROC Curves for Stride = 2.
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Of the FROC curves shown in Figure 6-6 and Figure 6-7, the best case for 

each has data points represented with triangles and circles. For each value of 

Stride, the optimum values of MIS and Slenderness Ratio were identical, at 

300 and 0.98, respectively. This shows that, for mammograms of similar 

resolution and noise levels, the significance content of the image 

dendrograms, with respect to stellate detection is greatest with a MIS of 300. 

More specifically, given a MIS equal to 300, the Slenderness Ratio of 0.98 

for long dendrone branches correlates to objects with similar dendronic 

structure of stellate masses.

FROC Best Case 
Stride = 1 & Stride = 2

Stride = 2 
MIS = 300

Stride = 1 
MIS = 300

False Positives/Image

Figure 6-8 Best Case FROC Curves for Initial Detection.
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It can be seen that the two curves in Figure 6-8 are very similar, with 

identical maximum values of true positive fraction, or sensitivity. However, 

as the maximum sensitivity using a Stride of one is reached with fewer false 

positives than Stride of two, it was decided that the initial detection would 

use the former. Further, a Stride value of one will give a greater dendronic 

resolution for the subsequent classification stage of the process.

Thus, given the mentioned choice of Stride, MIS and curve corresponding to 

a Slenderness Ratio of 0.98, the value of Minimum Branch Length that gives 

the maximum sensitivity and least amount of false positives is tabulated in 

Table 6-4.

Value

Creation Parameter

Stride 1

MIS 300

Stripping Parameter

Slenderness Ratio 0.98

Branch Length 8

Table 6-4 Initial Detection Parameters.

Using these values, the sensitivity is very high. A detection rate of 86.7% is 

achieved, albeit with a fairly high number of false positives. The results 

comparing the true positives by case with the true positives by image are 

given in Figure 6-9. Here, it can be seen that a 100% detection rate can be 

achieved with ten false positives per image. This is still a high number of 

false positives, however, it is to be kept in mind that up to this point, only 

three parameters have been specified, MIS = 300, Slenderness Ratio = 0.98 

and Branch Length = 8 (assuming the complete dendrogram is created where 

Stride = 1).
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The process has also been completely automated, without any user input 

required. The complete image has been utilised, rather than the use of pre

defined suspect regions, and no pre-processing step has been implemented. It 

can be concluded from these observations that dendronic analysis of 

mammogram images has a great potential in the detection of stellate breast 

masses.

FROC Results by Case

-B- By Case 
-A— By Image

Figure 6-9 Initial Suspect Detection FROC by Case - A Comparison.

Interestingly, two of the stellates missed by this dendronic analysis process 

were large masses. As mentioned previously, the decision criteria for an 

output object to be a true positive, the following two conditions must be met:

1. Centroid of “ground truth” stellate must be within the detected object 

boundary.

2. The area ratio of the detected object and the “ground truth” stellate 

must be greater than 75%.
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The images seen in Figure 6-10 and Figure 6-1 1 are the complete “stripped” 

images of abwlml and abxlcc, respectively.

Figure 6-10 Abwlml image with the results of 'Stripping'. Radiologist's outlines for the 
breast border (pink) and large stellate (yellow) can be seen.
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Figure 6-11 Aczlcc image with the results of 'Stripping'. Radiologist's outlines for the 
breast border (pink) and large stellate (yellow) can be seen.
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The radiologist’s stellate outlines and breast border outline are present in 

each image. Whilst in both cases the entire extent of the stellate was not 

detected, there exist objects within each stellate that were detected. They 

have been recorded in the results as false positives, since the decision criteria 

were not fulfilled on two counts: the centroid of the stellate was not within 

any of the objects detected, and the area of the detected objects were each 

less than the area of the stellate.

Even though the gross object, or stellate was not detected for each image, a 

sub-object of each stellate has been detected due to the hierarchical 

properties of the dendronic representation. The detected object is within the 

stellate boundary, and is obviously part of the stellate, or a sub-object of it. 

It is speculated that this sub-object may be representative of the necrotic core 

of the tumour, but this is pure speculation, and outside the scope of this 

thesis. Nevertheless, even though a representative outline of the stellate 

boundary was not detected, one could argue that detection of a partial stellate 

is as good as true detection in the case that the detection is utilised as a 

prompt for a radiologist (Woods, 2002) such as in a second reader system.

Of the remaining two undetected stellates in this research, both were found 

using the algoritm, although adjacent objects were included in the dendrone 

branch. This subsequently ruled them out as their compactness values were 

too low. In Figure 6-12 and Figure 6-13, these two stellate cases can be seen. 

For each figure (a), the radiologist’s stellate outline is shown. In (b), the 

output of the dendronic analysis is shown as green, since the object was 

detected and subsequently ruled out due to its being incompact. In (c), the 

object corresponding to a child cluster in each of the detected branches is 

shown in red.
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Figure 6-12 Abqlcc with radiologist's outline (a). Stellate has been detected, however, it 
has been ruled out due to being incompact (b). Had the child cluster of that branch been 

selected, the stellate would not have been ruled out (c).

(a) (b) (c)

Figure 6-13 Abtrml with radiologist's outline (a). Stellate has been detected, however, it 
has been joined with other objects and ruled out due to being incompact (b). Had one of 
the child clusters of that branch been selected, the stellate would not have been ruled out

(c).

Should the detection process have chosen these child clusters, the stellates 

would have been detected and labelled as true positives, however, the 

detection algorithm can only chose the root of any branch within the 

dendrogram. Another way around this problem would be the use of a pre

processing step before dendrogram creation. As previously mentioned, no 

pre-processing has been included in the method as the raw performance of
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dendronic analysis was to be evaluated. However, it is envisaged that the use 

of a simple gray-scale morphological operation such as opening of the 

original image before dendrogram creation might reduce the links between 

objects, reducing the chance of incorrect object merging.
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6.6 Suspect Object Classification

At this stage in the detection process, an initial detection of suspect masses 

has been performed based on dendronic structure. Thus, the effectiveness of 

dendronic analysis in the detection of breast masses is demonstrated. 

However, whilst this gives a very fast, efficient method to arrive at detected 

masses with high levels of sensitivity, its low specificity would require an 

additional analysis for a complete detection process. The next stage of a 

detection process might deal with this by a more in-depth analysis of the 

suspect masses. As an example of this, features of the suspect objects, based 

on dendronic structure, shape and texture can be extracted and used as input 

into a Neural Network that is trained to classify them as either normal 

objects or stellates masses. As mentioned previously, this stage in the 

detection algorithm provides an example of one classification method that 

might be used on the dendronic analysis output. As such, this final stage 

serves as a simple demonstration of how one might use the dendronic output, 

rather than a highly specific method for the purpose. A description of this 

example method, along with the various shape and texture measures used, is 

presented here (6.6 Suspect Object Classification).

used to detect and classify masses (Christoyianni, 2000). Specifically, shape 

information is used in a wide variety of other applications including natural 

scene, remotely sensed data and biomedical modalities, but more 

importantly, it is used in the every day radiological description of breast 

masses (Rangayyan, 1997). Therefore, it makes sense to utilise shape 

descriptors in the classification of the suspect objects. As such, the following 

measures of object shape, selected from those used in previous mass

6.6.1 Orientation Parameters

A great number of features and classification methods have already been
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detection/classification routines (Christoyianni, 2000; Giger, 1990; Giger, 

1994; Kilday, 1993) have been included as input into the Neural Network:

• Compactness

• Hierarchical Repartment of Compactness

• Elongation

• Distance from the Nipple

• Orientation Relative to the Nipple

• Hierarchical Repartment of Compactness

In the attempt to increase the specificity of observation classification, a 

technique, based on a hierarchy of properties, rather than relying on the use 

of conventional similarity of properties is utilised. The Hierarchical 

Repartment Index, which is closely related to information theory, has been 

largely overlooked in its potential applications (Nguyen, 2001).

In its application to this, as a descriptor of suspect masses, it uses the values 

of compactness for each contour within the suspect masses to give the index:

H{Q\,Q2... Q„) = -A(—In —+ —In —
’ ’ Q Q Q Q

Q„ Q„
+ —Mn-—^-)

Q Q

where Qi is the boundary compactness of the outer contour of the suspect 

object, and Qn is the compactness of the n,h contour. X is a positive constant 

and

Q - Q\ + Q2 + • • • + Qn
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It is noted that any contour parameter may be used in evaluating the 

hierarchical repartment, however, compactness has been chosen due to its 

reported applicability in the classification of breast masses (Kilday, 1993; 

Rangayyan, 1997).

Values for compactness of each contour of a suspect can be obtained by 

querying the dendrone branch for which it corresponds. As the index is based 

on successive contours within the one object, its significance content is much 

greater than that of the single visible border of the object. Investigations 

looking at the Hierarchical Repartment of Compactness showed that a trend 

exists for malignant tumours, as can be seen in Figure 6-14 (Nguyen, 2002). 

The Hierarchical Repartment of Compactness obtained for a suspect object 

was normalised by the log of its dendrone branch, and used in the subsequent 

classification process.

Heirarchical Repartment of Compactness

— 2.30

Length

Figure 6-14 Hierarchical Repartment of Compactness of malignant tumours, plotted 

against the tumour dendrone branch length (log scale).
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Elongation

Note that compactness alone is not a good discriminator of shape (Schalkoff, 

1989). Low values of compactness are not only associated with elongated 

objects, but they are also associated with involuted shapes. This ambiguity 

can be resolved by employing additional shape measures. For example, 

Elongation or Eccentricity of an object. Elongation measures the degree to 

which mass is concentrated along a particular axis.

A typical mass reporting description might include a shape description of the 

mass as ‘oval’ shaped or ‘circular’. Elongation, will go far in a numerical 

description of the ‘ovality’ of the mass, however, combined with 

compactness, the degree of involution or irregularity of the mass can be 

estimated somewhat as well. This is an important feature that distinguishes 

many malignant masses from benign ones. Round or ovaled masses tend to 

be indicative of benign masses, whereas lobulated or irregular masses such 

as stellates tend to suggest malignancy (Rangayyan, 1997).

• Distance From the Nipple

The distance between the nipple and the geometric centre of an object 

depicted in Figure 6-15 is obtained via the normal two-dimensional 

relationship:

-02+0„
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where (in,jn) and (is,js) are the pixel coordinates of the nipple and suspect 

mass, respectively.

This was then normalised by the size of the breast. However, in order to 

perform this normalisation, a measure of the size of the breast was necessary. 

Once the breast region had been detected, it was possible to determine on 

which side of the mammogram it was lying. This was found by determining 

which side of the middle of the mammogram the geometric centre of the 

breast region fell. Given the positioning of the breast, the largest distance 

towards the pectoral muscle was found as the distance by which all 

measurements are normalised.

Figure 6-15 Illustration of blood vessel and stellate distances from the nipple.

Of course, the location of the nipple is necessary to find these quantities. The 

nipple location is also needed to find the Orientation Relative to Nipple (See 

the following section). Methods for automatically finding the nipple location 

have been devised, based on average gradient strength perpendicular to the
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skin-air interface (Karrsemeijer, 2002), however, this has not been 

implemented in this study, and the nipple location needs to be manually 

specified before the classification operation.

• Orientation Relative to Nipple

Normal objects such as milk ducts and veins in general, tend to be oriented 

towards the nipple. Conversely, it was noticed that the trend for the 

malignant masses in this study was for their orientation to be perpendicular 

to their location relative to the nipple. In Figure 6-16, examples of a blood 

vessel (green) and a stellate (red) are depicted, along with their orientations 

relative to the nipple, a and p respectively.

Figure 6-16 Illustration of blood vessel and stellate orientations relative to the nipple.
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In order to obtain the absolute orientation of a suspect mass, the angle of the 

principle axis of inertia of the object is found using the moments of inertia:

6 = — tan-1 
2

2 mu
mo,2

where

mij = X ~ *)' “ ?)'

To find the angle relative to the nipple, the angle of the line between the 

nipple and the suspect mass is found, and the difference between the two is 

evaluated. The absolute value was then normalised by dividing the angle by 

n 12 and used as an input into the classification process.
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6.6.2 Texture Parameters

The perception of texture is believed to play an important role in human 

visual system recognition and interpretation (Christoyianni, 2000). 

Specifically, texture features have been utilised for many medical image 

applications, including mammography (Kimme-Smith, 1979; Miller, 1992), 

as well as other modalities for breast cancer detection.

Methods of image analysis for accomplishing texture classification may be 

roughly divided into three categories; statistical, structural and spectral. 

Regarding the statistical approach for describing texture, one of the simplest 

approaches uses the moments of the gray-level histogram and have been used 

successfully in the detection of masses before (Christoyianni, 2000).

Normal Breast Tissue Histogram Malignant Mass Hlat ogram

Increasing Intensity > Incraaalng Intensity >

(a) (b)
Figure 6-17 Histograms of Pixel Intensity for Normal Tissue (a). Malignant Mass (b).

146



In Figure 6-17, typical histograms of the pixels within branches 

corresponding to normal tissue and a mass are presented. Statistical 

descriptors can be obtained for any dendrone branch, and the following are 

included as input into the neural network:

• Range

• Mean

• Variance

• Standard Deviation

• Skewness

• Kurtosis

• Pixel Intensity Range

The pixel range is the simplest measure of spread or dispersion. It is equal to 

the difference between the largest and the smallest intensity values. Whilst 

the range of intensity within an object is a statistical measure, it is also a 

dendronic structural descriptor. That is, the pixel intensity range for a given 

branch is equal to the length of the branch. Branch length was used for 

Initial Suspect Object Detection, as a threshold for the minimum levels of 

contrast within the given branch. In the classification stage, the branch 

length is normalised through dividing by 255, as 255 is the maximum pixel 

intensity range of a given object.
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Pixel Intensity Mean

The mean is the sum of the pixel intensities divided by the number of pixels 

in a branch:

where * = pixel intensities, and n = number of pixels.

The mean is a good measure of central tendency for roughly symmetric 

distributions.

• Pixel Variance

The variance is a measure of how spread out the distribution is. It is 

computed as the average squared deviation of each pixel intensity from its 

mean:

• Pixel Standard Deviation

The formula for the standard deviation is very simple: it is the square root of 

the variance. It is the most commonly used measure of spread:

Mean = x = 2>
n

Variance - <J~ =
n

SD = <j =

148



Pixel Skewness

A distribution is skewed if one of its tails is longer than the other. The first 

distribution (a), shown in Figure 6-18 is symmetric and has no skew. 

Distribution (b) has a positive skew. This means that it has a long tail in the 

direction of higher intensity. The last distribution (c), has a negative skew 

since it has a long tail in the direction of decreasing intensity. In Figure 6-17, 

it can be seen that the normal tissue distribution has a positive skew.

Symmetric distribution 
(No skew)

(a)

Negative skew

(b) (c)

Figure 6-18 Examples skewed distributions

The Skewness of a Distribution is calculated using:

Skewness =
n
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Pixel Kurtosis

Kurtosis is based on the size of a distribution's tails. Distributions with 

relatively large tails are called Leptokurtic, those with small tails are called 

Platykurtic. A distribution with the same Kurtosis as a normal distribution is 

called Mesokurtic.

The following formula can be used to calculate Kurtosis:

n
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6.6.3 Artificial Neural Network

At this stage, the breast region has been detected in the mammogram, the 

normal parenchymal tissue has been Stripped away to expose suspect objects 

that have the potential to be classified as stellate masses or not. A percentage 

of the suspect objects were then discarded, as their compactness ratio was 

below the threshold typical of blood vessels.

This process is analogous to the human visual system, whereby with an 

initial scan of the image, regions of interest ‘pop up’ and the reader is cued 

to these suspicious areas. Similarly, the next step in processing of the image 

is in the closer inspection of the suspect regions already detected in the 

previous step, drawing upon years of experience in order to classify the 

regions as unimportant or showing attributes of malignant breast masses.

Initially, this type of pattern recognition was solved by linear and quadratic 

discriminants, or by k-nearest neighbour classifier etc. In the mid eighties, 

the Back-Propagation learning algorithm for neural networks was introduced. 

Since then, neural networks with one or more hidden layers can, in theory, be 

trained to perform virtually any regression or discrimination task (Egmont- 

Petersen, 2002).

A simple network has a Feed-Forward structure, where signals flow from 

inputs, forwards through any hidden units, eventually reaching the output 

units. A typical Feed-Forward Network has Neurons arranged in a distinct 

layered topology as in Figure 6-19. Here, there are four input Neurons, three 

Neurons in the hidden layer and two output Neurons.
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Output 1

Output 2

Figure 6-19 Feed Forward Artificial Neural Network.

The input layer is not really neural at all: these units simply serve to 

introduce the values of the input variables. The hidden and output layer 

Neurons are each connected to all of the units in the preceding layer by a 

weight matrix W whose elements are the weights Wij. When the network is 

executed (used), the input variable values are placed in the input units, and 

then the hidden and output layer units are progressively executed. Each of 

them calculates its activation value by taking the weighted sum of the 

outputs of the units in the preceding layer:

v ■ Z v.u»
i
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where xj is the total weighted input for the j!h unit, y, is the activity level of 

the ith unit in the previous layer and W„ is the weight of the connection 

between the ith and the jth units.

The value is then passed through the Activation Function to produce the 

output of the Neuron. Each unit calculates its activity yj using the sigmoid 

function:

l-e~Xj
1 +

Equation 6-1 Neuron Activation Function.

When the entire network has been executed, the outputs of the output layer 

act as the output of the entire network. Given a known pair of inputs and 

outputs, the sum-squared output error E can be found:

where yj is the activity level of the jth unit in the output layer and dj is the 

desired output of the jth unit.

An ANN working in this mode needs the appropriate weights, Wij for the 

correct outputs or classifications. This is done in a learning mode, by which 

pairs of known inputs and outputs are introduced: Inputs are introduced at 

the input layer and the signals are allowed to propagate through the network. 

The weights are then updated via the Back Propagation algorithm 

(Rumelhart, 1986), in order to reduced the sum-squared error E, of the 

outputs. Therefore, for a given problem, a subset of the feature vectors to be 

trained with are used, where the weights are updated each time an input
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vector is introduced, along with its corresponding output vector. This is 

executed for each training set pair and then the whole operation is repeated 

through a number of cycles, or Epochs, in order to reach a low error.

For classification of suspect objects as either normal or malignant tumours, a 

simple feed-forward neural network was implemented, using back 

propagation for training. The topology of the network was also 

straightforward, with an input layer, output layer and one hidden layer. The 

feature vector used as input to the input layer of the neural network consisted 

of the eleven shape and texture parameters previously described (See 6.6.1 

Shape and Orientation Parameters and 6.6.2 Texture Parameters). As well as 

these object descriptors, a bias of unity was appended to both the input 

vector and the hidden layer. Only one output Neuron was included, since the 

only decision necessary for detection is a positive or negative classification 

of the suspect tumour. A gradient descent method operating on the difference 

of the output values to the training data was used in the updating of the 

weights during training. As well as this, a learning constant factor was 

included such that the rate of learning could be controlled.

As mentioned, the mammogram set used in this research was comprised of 50 

images:

1. 15 cases consisting of 2 images each with stellate lesions (CC and ML 

view of breast with the stellate).

2. 5 normal cases of 4 views each without any lesions (CC and ML view 

of left and right breasts).

The 20 cases were divided into three sets, one for a training set for the neural 

network to be trained on, one for validation of the training to stop the 

network overtraining, and the last set to test the results of training. The 20 

cases§§§ were randomly partitioned as follows:

m The images were kept in cases, since results by case, as well as results by image were 
desired.

154



1. Training Set: 7 cases (18 images comprising 5 stellate lesion cases 

and two normal cases) for the training set.

2. Validation Set: 6 cases (14 images comprising 5 stellate lesion cases 

and one normal cases).

3. Test Set: 7 cases (18 images comprising 5 stellate lesion cases and 

two normal cases).

Random initial values were set for the weight matrices, and training was 

performed on the training set, whilst also monitoring the sum squared error 

of the validation set (“Early Stopping”). When the sum squared error of the 

validation set began to rise after reaching a minimum, the training was 

terminated, such that the network was not overtrained on the training set.

In order to arrive at the number of nodes for the hidden layer, a trial and 

error process was conducted to arrive at a minimum sum squared error for 

the validation set. It was found that eleven hidden nodes produced the best 

results with 850 Epochs of training and a learning constant of 0.25.

Thus, with a trained network a new input vector could be introduced at the 

input nodes and an output can be found. The values given at the output nodes 

range between -1 and 1. A value of close to -1 indicates that the input vector 

corresponds to a normal object, whilst values close to 1 correspond to a 

stellate mass. As the output activation function is continuous, the actual 

value output ranges somewhere between -1 and 1, and a threshold can be 

selected such that values higher than the threshold are classified as stellate 

masses and values below the threshold are classified as normal objects. By 

varying the output threshold, a characteristic curve can be constructed to 

evaluate the performance of the classification network.
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6.6.3.1 Neural Network Detection Results

The neural network was setup and trained as detailed previously and FROC 

curves were constructed by varying the detection threshold applied to the 

output neuron’s classification.

In normal breast screening practice, whereby two images are taken of each 

breast, sometimes a mass may be detected in one view, but not the other. A 

positive detection result in this situation is preferred, as the mass was indeed 

detected. Thus, the case level performance is a reasonable, if not preferred 

evaluation (Woods, 2002). Results are presented, therefore, with both true 

positives by image and true positives by case (Figure 6-20).

FROC Suspect Classification

— By Image

By Case

False Positives/Image

Figure 6-20 Classification FROC, both by Image and by Case.
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The area under the FROC curves is given as Az, and gives a measure of the 

detection performance. This can be calculated with a curve-fitting routine 

(Chakraborty, 1989) or by integration of curve points using the trapezoidal 

rule (Woods, 2002), as performed in these results.

Detection performance at very low sensitivities or very high false positive 

rates is not of practical interest. Therefore, it is more useful to analyse only a 

portion of the curve (McClish, 1989). Consider the FROC curve in Figure 

6-21, although, assume that breast screening requires the false positive rate 

to be no greater than 0.25 per image (one false positive for every four 

images) and the sensitivity to be greater than 75%. The value for Az now 

becomes the area under the curve, within the range of interest and normalised 

by the maximum possible area over the ranges of interest (Woods, 2002).

FROC

v 0.7

o 0.6

False Positives/Image

Figure 6-21 FROC Area of Interest.

In calculating Az for this study, two rules were used to define the operating 

area of interest. For the image level, only sensitivities greater than 50% and a 

false positive rate of 0.25 per image were considered. For the case level, only 

sensitivities greater than 75% and a false positive rate of 0.25 per image
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were considered. For the image and case level results, the values of Az were 

found to be 0.22 and 0.60, respectively.

Given the final FROC curve in Figure 6-20, a choice can be made to decide 

upon an operating point for use of this detection algorithm. If an output 

threshold of 0.9 is specified, the operating point on the curve corresponds to 

true positive fractions of 0.6 and 0.93 for the image and case levels, 

respectively. These detection rates are produced with an average rate of 0.06 

false positives per image, or one false positive for every 16 images.
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6.7 Discussion

It was found during the course of this research that the dendrone branch 

corresponding to the breast can be described as ‘bushy’. Implied in this, is 

that the branch contains many other branches or sub-objects. Some of these 

objects were found to be normal objects within the breast, as well as 

‘stealthy’ objects such as stellates. Surrounding these objects within the 

breast, exists a ‘matrix’ of normal tissue that does not exhibit the slender 

branching like the other objects. The pixels that make up the ‘matrix’ of 

normal tissues within the breast were found to accumulate on the main 

branch of the breast dendrone. By removing these pixels and retaining pixels 

w'ithin the slender dendrones at each successive level, the ‘matrix’ of normal 

tissue is removed leaving only the suspect objects in the image. This process 

of filtering the image dendrogram is referred to as ‘Stripping’, whereby 

successive layers of normal breast tissues are removed to expose objects that 

are not part of the normal parenchymal tissue in the breast. This fast, 

efficient method utilises the image’s dendronic structure, and in doing so, the 

aforementioned objects are exposed as ‘suspect objects’. At this stage, a very 

high sensitivity for stellate detection was achieved utilising the automated 

dendronic analysis. A detection rate of 86.7% by image is achieved with an 

average of just under 20 false positives per image. If the case level results 

are used, a detection rate of 100% is achieved with an average of 10 false 

positives per image generated.

Of the four stellates undetected using the analysis, two deficiencies were 

identified in the method. In the first instance, large stellates, consisting of 

multiple cores were not identified properly. It was found however, that sub

objects of the stellates were detected, and this does give credit to the 

analysis. In the second instance, stellates that have merged with adjacent 

objects have not been detected. Although they were not detected, they were 

identified as suspect objects, only to be ruled out due to their incompactness.
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Had the stellates not been merged with their adjacent objects during 

dendrogram creation, they would have been detected, leading to an even 

higher detection rate. It has also been suggested that a preprocessing stage, 

prior to dendrogram creation could reduce the likelihood of this incorrect 

object merging by the use of simple gray-scale morphological opening 

operations.

It is evident from the results presented in this chapter that the dendronic 

analysis of mammograms can be an extremely useful tool in the detection of 

stellate masses. The process is completely automated and requires few 

parameters with which to detect stellates with an extremely high sensitivity. 

The downside is the relatively high number of false positives generated at the 

same time. Given the high sensitivity, however, the method is well suited as 

an input into a separate classifier, as was demonstrated in the remainder of 

the chapter.

Since the number of false positives generated is high, the suspect objects are 

may be processed further by input into another stage: Suspect Object 

Classification. Given here as an example, features of the suspect objects, 

based on dendronic structure, shape and texture are extracted and used as 

input into a Neural Network that is trained to classify them as either normal 

objects or stellates masses. In all, eleven feature descriptors are input into 

the neural network:

• Compactness

• Hierarchical Repartment of Compactness

• Elongation

• Distance from the Nipple

• Orientation Relative to the Nipple

• Range

• Mean

• Variance
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Standard Deviation

Skewness

Kurtosis

Using the trained neural network, FROC curves were constructed by varying 

the output threshold to evaluate the detection performance. It was found that 

with an output threshold of 0.9, the operating point on the curve corresponds 

to true positive fractions of 0.6 and 0.93 for the image and case levels, 

respectively. These detection rates are produced with an average rate of 0.06 

false positives per image, or one false positive for every 16 images.

The inclusion of the neural network in this research is to provide an example 

of what can be achieved by simple classification of the dendronic analysis 

output. As can be seen from the results, a good detection rate can be 

achieved with a low rate of false positives. Thus, the benefits of dendronic 

analysis in the detection of stellates can be seen easily.
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CONCLUSION

As outlined in the introduction to this research, the evaluation of screening 

mammograms is a very difficult task where the radiologist must balance the 

requirement of high sensitivity for abnormalities and high specificity for 

normality. This is due to the fact that mammographic film reading is a highly 

demanding task, requiring a detailed visual search for very subtle signs that 

may only be small, and occur very infrequently.

The introduction of double reading, whereby a set of mammographic films is 

read independently by two radiologists, can potentially overcome this 

problem, however, due to the lack of sufficient radiologists, it is not always 

possible. One possible solution to these problems is the use of computers to 

aid in the detection of abnormalities in mammograms.

Computer-based methods have been used successfully in other screening 

applications, have the advantage of defined performance characteristics, and 

they can continue processing images over prolonged periods without getting 

tired, bored or distracted. However, mammography presents a particular 

distinctive and challenging set of problems for image processing. 

Researchers have been developing algorithms to detect mammographic 

abnormalities for over 25 years, and it has become apparent that some signs 

of abnormality are much easier to detect than others. Microcalcifications can 

be detected automatically without difficulty and current methods can achieve 

a sensitivity of more than 98% in detecting them (Brem, 2001). 

Corresponding performance figures for the detection of masses are 

considerably lower. Sensitivities of between 67%-72% can be expected for 

the detection of masses using commercially available detection systems (Gur,
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2004) with between 1.08 and 1.68 false positives per case (four-view 

examination).

In order to detect stellate masses in digitised mammograms with a high 

sensitivity, a new and novel method has been developed in this thesis. The 

use of dendronic analysis in the detection of stellates was proposed as a 

possible technique to achieve a high performance (Nguyen, 2001). The two 

main properties of image dendrograms lend the analysis technique to the 

detection of masses: The creation of image dendrograms is a data-driven, 

self-structuring process, requiring no a priori knowledge. As such, the 

creation of image dendrograms is well suited to the automatic nature that is 

desired of detection algorithms. The factorisation property of dendrograms 

allows them to recursively split a complex image into simpler objects, in a 

hierarchical structure, and makes the objects within the image explicit 

(Hanusse, 1992). This structure is invariant under Euclidean transformations 

and is well suited to revealing objects disguised amongst noisy, cluttered 

backgrounds (Hanusse, 1990; Hanusse, 1992), such as stellates in 

mammograms. Why this is so, has been investigated in this research.

It has long been proven that the use of image histograms can reveal a great 

deal about an image, in particular its ability to discriminate between 

abnormal and healthy tissue in mammograms (Christoyianni, 2000). 

Therefore, in CHAPTER 2, it was shown that the spatial image dendrogram 

implicitly contains the image histogram. When the creation of the spatial 

image dendrogram is viewed as a repetitive segmentation routine, its 

relationship with the image histogram was demonstrated. Thus, the ability of 

dendronic analysis to detect abnormal tissue in mammograms was apparent.

To the computer vision community, dendronic image analysis has a great 

potential in scene understanding for all types of images, not just 

mammograms. However, the time taken in the creation of mammogram 

image dendrograms has rendered the technique impractical. Thus, a new 

algorithm for the creation of image dendrograms was needed. Described in

163



CHAPTER 3 is a new method of image dendrogram creation, developed by 

the author.

The method by which the dendronic structure of images has been created by 

others (Hanusse, 1992; Chen, 2000) in the past, was described as a repetition 

of a segmentation routine. However, the construction of image dendrograms 

has been a time-intensive process for images of even small sizes. The new 

creation algorithm is based mainly on the fact that repetitive thresholding 

algorithms such as those based on the pixel-labelling algorithm create 

redundant information at each level of the dendrogram. Thus, by utilising 

efficient hierarchical segmentation at each level within the dendrogram, this 

redundant information need not be re-created, providing significant time- 

savings.

The first stage in the new creation method transforms the image into the 

intensity domain by sorting pixels into the image histogram, whilst retaining 

the pixels’ locations. The image is then segmented utilising pixels in each of 

the histogram bins as the intensity threshold is decreased. At each of these 

intensity thresholds, the dendronic structure is updated and information is 

passed forward, or copied to the next intensity level. This is possible due to 

the fact that the pixels within any cluster are also pixels within its parent 

cluster in level above. This operation is effective, since it significantly 

decreases creation time, rather than reproducing the segmentation 

information at each subsequent level.

Another inefficiency in the previous creation algorithm is cluster 

manipulation, or modification. Previously, an integer index labelling system 

into the Clusters present was used. Thus the label matrix was a matrix of 

integers, each being the identifier of the Cluster to which they belong. This 

form of Cluster storage and access requires mapping of Cluster addresses 

with their integer identifier and is very slow. As the addressing of each 

Cluster in the algorithm is needed frequently, a faster method was needed. 

The solution was to create the label matrix as a matrix of pointers, whereby
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each pointer holds the memory address of each Cluster as they are created. In 

this way, a Cluster can be addressed directly by the pointer to it. This was 

found to effectively reduce the time taken for a range of cluster operations, 

such as pixel addition during segmentation and cluster merging.

Times to create the image dendrogram for a complete mammogram were 

presented. Whilst the overall creation time is image dependent, a typical 

duration is around 20seconds (using a 2GHz Pentium IV processor). As 

image dendrograms have not been created for complete mammograms in the 

past, there is no direct results with which to compare. However, Chen (2000) 

includes results for a 264x462 image, and thus, results using the current 

algorithm with the same sized image were compared.

It was seen that the new method is far more efficient in creating the image 

dendrogram. A conservative speed-up from 509 seconds to 85 seconds was 

evident, and the manner in which this was achieved could be seen in the 

relative times spent in each of the operations. It was shown that the Merging 

process, the dominant process in Chen’s method was essentially reduced to a 

minor process in the new method. The price of fast construction in the new 

method is the Initialisation of the process, occupying a varying percentage of 

time for different values of Stride. For a Stride of one, the Initialisation 

takes nearly 20% of the construction time. However, this is insignificant 

compared with the time saved in the overall creation.

With readily available computing power in this present day, image 

dendrograms can be created even faster with the new algorithm. With an 

image the size of that used in the aforementioned comparison, the image 

dendrogram can now be created on a 2GHz Laptop within three seconds. 

Thus, through the development of the new creation algorithm in this 

research, it is hoped that dendronic image analysis can be available to a 

greater part of the computer vision community.
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Following development of the new creation method, a programming 

implementation of it, together with an environment for investigating the 

properties of the image dendrogram was needed. In CHAPTER 4, the 

development of a software application that brings together the creation 

algorithm and the visualisation technique was detailed. This was seen as a 

necessary component in this research. This was mainly due to the need for a 

platform on which to evaluate the detection performance of the methods 

devised in this research. However, it was realised early in the development of 

the application that the three dimensional visualisation of the dendrogram 

might provide more than just a verification tool for results. By utilising the 

Cluster centroid and intensity as the coordinates for the graphical 

representation, it was found that the branching of the tree structure is made 

more pronounced than the traditional two-dimensional representation. 

Visually, this enhances the fact that the branches are separate entities, and 

are spatially distinct from the other branches within the tree. In this way, it is 

easy to visually inspect the dendrogram for discontinuities within the image, 

as the spatial dendrogram tends to exaggerate the difference between the 

objects within the image.

With development of the new three-dimensional environment, a user is able 

to inspect the dendrogram with much greater flexibility, and the presentation 

is a great deal more intuitive. With the ability to zoom, rotate and pan the 

dendrogram in three-dimensional space, the user is free to look at the 

dendrogram in as much or as little detail as required. Furthermore, in order 

to see the pixels that are contained within a branch or cluster, interaction via 

mouse clicks with the dendrogram is possible. Thus, visualisation and 

investigation of the image dendrogram provided an extremely useful tool in 

developing ideas for subsequent steps in the analysis of the structure. As 

such, it is expected that such a tool will aid further research in this area.

According to Hanusse, the hierarchical and automated fashion in which the 

image dendrogram is created, leads to a meaningful depiction of the semantic 

information that “explains” the image, and exhibits the objects it contains,
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along with their relationships (Hanusse, 1992). In mammograms, our human 

vision system instantly recognises that there are two main objects present: 

One lead marker that is relatively uniform, and the other, a breast that is 

comprised of other objects and tissues within it. This partial description can 

also be seen in its corresponding dendrogram. Typically, there are two main 

branches; One long ‘skinny’ branch that corresponds to the lead marker, and 

another, ‘bushy’ branch that corresponds to the breast. The latter is 

comprised of other sub-branches or objects, hence its ‘bushy’ appearance.

It was found that the effectiveness of the dendrogram in this regard, enables 

us to very quickly discriminate between branches or objects in the image. 

Utilising the dendrogram as a structural description of the image, both the 

breast and lead marker branches can be found. Essentially, this entails 

choosing one of the dendrones, or branches of the image dendrogram, and 

marking it as the breast area. For the sake of completeness, the marker on the 

image was also detected, and thus one of the other branches in the 

dendrogram was chosen as the marker branch.

The method relies on two parameters to make this decision, and they are 

calculated at the clusters of the dendrogram. One of the parameters, 

developed during this research, is the idea of a dendronic structural 

descriptor, Slenderness Ratio, and it has proven to be a simple but powerful 

parameter in the selection of dendronic branches as either breast or marker 

objects. The Slenderness Ratio gives the value of how ‘skinny’ a branch is, 

and it can be found for any given dendrone very quickly. This efficiency is 

present since the Slenderness Ratio is not a pixel level feature, but rather a 

structural descriptor found from the already compressed dendrogram.

Slenderness Ratio, whilst being a robust parameter in the detection of a 

breast branch, it was found that it did not always select the optimum cluster 

in the branch to represent the breast region. Another parameter was utilised 

to refine the decision, based on the border gradient of the object already 

selected. The Average Border Gradient, a pixel level feature of an object’s
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border pixels has been used to supplement the Slenderness Ratio, providing 

an effective combination. In this way, detection of the breast and marker 

dendronic branches is achieved. Although the Average Border Gradient is a 

pixel level feature, its evaluation requires only the pixels on the border of the 

object to be tested. These interface pixels between the object and its 

surrounding region can be found easily since the object is already selected 

via the Slenderness Ratio

The breast detection method was found to produce a general border that 

agrees well with a visual inspection of the image. It is also robust to noise 

and other image artefacts that are of little relevance to the breast region 

itself. When compared to the radiologist’s border outline, however it can be 

seen that the detection method does not agree exactly with the shape of the 

breast. Two examples of detected breast regions are shown in Figure 6-22, 

together with the radiologist’s outlines.

(a) (b)

Figure 6-22 Two examples of detected breast regions. A typical example (a) and an 
example of a mismatch in shape (b).
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In (a), a typical detected breast region agrees fairly well with the 

radiologist’s outlining. Conversely, in (b), the shape detected by the method 

disagrees with the radiologist’s outline. As mentioned previously, it is the 

author’s opinion that the border detected by the algorithm is closer to the 

actual borderline of the skin. That having been said, it is not to take away 

from the radiologist’s experience or ability, rather, this can be explained due 

to the method by which the outlines were obtained: The outlines were 

obtained with the use of a tablet personal computer. It takes some time to 

become accustomed to the nuances of the pointing device, accounting for the 

pen pressure required etc, therefore, even with an expert radiologist, the 

accuracy is dependant on the experience of the radiologist with the 

technology, and in this case, some errors are likely to have occurred in 

tracing. Furthermore, for the display of the digital image being traced, no 

brightness and or contrast controls were available, making the radiologist’s 

job even harder. Thus, it is recommended that tracing of the breast borders 

be redone with dedicated digital mammography software in the future when 

the time of an expert radiologist becomes available again. Should this 

opportunity arise, another factor to take into consideration is that the outlines 

should be continuous outlines, rather than broken segments. With the broken 

radiologist’s outlines as exhibited in this research, the exact accuracy of the 

border detection is difficult to quantify.

Regardless of the accuracy of the breast border detection algorithm, 

however, the extent of the breast borders detected for the cases in this 

research were more than adequate for the subsequent stellate detection 

algorithm.

Using a similar technique to that described in the breast border detection, it 

may be possible to detect the pectoral muscle region as well. In Figure 6-23, 

an example of the pectoral branch in the dendrogram and its corresponding 

region in the image is shown. In order for the detection of the pectoral
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branch to become automated, like that of the breast detection, suitable 

parameters could be searched for inside the detected breast.

Figure 6-23 Original image (a), Dendrogram with pectoral branch in red (b) and the 

corresponding region of the pectoral muscle (c).

Whilst the detection of the pectoral region is not undertaken in this study, it 

might provide important information for future methods of analysis. Some 

methods for malignant mass detection make use of the position of the 

pectoral muscle to define different processing modes for the breast and the 

pectoral muscle. Another possible use for the pectoral muscle location is as a 

guide for the matching of mammogram image pairs.

The inspection of the dendronic structure of mammograms during the course 

of this research uncovered information that was extremely useful in the 

detection of stellates. It was found that the dendrone branch corresponding to
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the breast can be described as ‘bushy’. Implied in this, is that the branch 

contains many other branches or sub-objects. Some of these objects were 

found to be normal objects within the breast, and others were found to be 

‘stealthy’ objects such as stellates. Surrounding these objects within the 

breast, exists a ‘matrix’ of normal tissue that does not exhibit the slender 

branching like the other objects. The pixels that make up the ‘matrix’ of 

normal tissues within the breast were found to accumulate on the main 

branch of the breast dendrone. By removing these pixels and retaining pixels 

within the slender dendrones at each successive level, the ‘matrix’ of normal 

tissue is removed leaving only the suspect objects in the image. This process 

of filtering the image dendrogram is referred to as ‘Stripping’, whereby 

successive layers of normal breast tissues are removed to expose objects that 

are not part of the normal parenchymal tissue in the breast. This fast, 

efficient method utilises the image’s dendronic structure, and in doing so, the 

aforementioned objects are exposed as ‘suspect objects’. The effect of 

dendronic parameters in the detection performance were investigated. It was 

found that the highest detection rate of stellates was possible when the 

dendrograms were created with a Stride of 1 and MIS of 300. Furthermore, 

the Slenderness Ratio and a minimum branch length were used in the 

filtering of the dendrogram in order to expose the suspect objects. Using 

values of 0.98 and 8 for the Slenderness Ratio and minimum branch length, 

respectively, a very high sensitivity for stellate detection was achieved. A 

detection rate of 86.7% was achieved with an average of just under 20 false 

positives per image. Alternatively, with the case level results, a detection 

rate of 100% is achieved with an average of 10 false positives per image.

Of the four stellates undetected using the analysis, two deficiencies were 

identified in the method. In the first instance, two large stellates, consisting 

of multiple cores were not identified properly. It was found however, that 

portions of each stellate interior were unveiled by the ‘Stripping’ process. It 

was speculated that these portions make up the denser necrotic core of such 

stellates and as such, they are ‘part of’ the stellates, or sub-objects of the 

mass and this gives credit to the analysis, rather than degrading it. In such
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cases, it may be more appropriate to classify the objects as true positives, 

rather than the false positives as has been done in this research.

In the second instance, two stellates that have merged with adjacent objects 

have not been detected. In both these cases, the stellates together with their 

merged object were identified as suspect objects, only to be ruled out due to 

their incompactness. Had the stellates not been merged with their adjacent 

objects during dendrogram creation, the false negative interpretation would 

have been avoided, and the stellate detected. A possible solution to this 

problem of incorrect merging was discussed as a preprocessing step, such as 

gray-scale morphological openings prior to dendrogram creation. The 

opportunity is taken now to clarify the meaning of ‘incorrect object 

merging’. The phrase alludes to a break-down or error in the object merging 

process within the dendrogram creation algorithm. On the contrary, the 

dendrogram creation algorithm performs flawlessly. What is referred to by 

‘incorrect object merging’ in this instance, however, is the joining of two 

separate objects that are within close proximity but nevertheless different 

objects in reality. Thus, the preprocessing step would serve to break the 

loose connection between the objects, but preserve the two separate objects 

as separate branches in the dendrogram.

It is evident from the results presented that the dendronic analysis of 

mammograms can be an extremely useful tool in the detection of stellate 

masses. The process is completely automated and requires few parameters 

with which to detect stellates with an extremely high sensitivity. The 

downside is the relatively high number of false positives generated at the 

same time. Given the high sensitivity, however, the method has been found 

to be well suited as an input into a separate classifier.

For the sake of completeness, a demonstration of this classification of the 

dendronic output was undertaken. Features of the suspect objects, based on 

dendronic structure, shape and texture were extracted and used as input into 

a Neural Network that is trained to classify them as either normal objects or
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stellates masses. Using the trained neural network, FROC curves were 

constructed by varying the output threshold to evaluate the detection 

performance. It was found that with an output threshold of 0.9, the operating 

point corresponded to a detection rate of 60% and 93% for the image and 

case levels, respectively. These detection rates are produced with an average 

rate of 0.06 false positives per image, or one false positive for every 16 

images.

Whilst the virtues of dendronic analysis in the general image processing 

community have been known for some time, the computational overhead in 

creating the image dendrogram has been a limiting factor in its use to date. 

Thus, through the development of a new creation algorithm in this research, 

the time taken in creating the image dendrogram has been dramatically 

decreased. It is envisaged that as a consequence of the faster dendrogram 

creation times, dendronic analysis will be an increasingly utilised tool for 

object detection and the general scene understanding problem.

In an effort to better understand the relationship between the dendronic 

representation and the mammogram images it represents, a new visualisation 

method was also developed. Based on a three-dimensional graphics library, 

an application for dendronic investigation was created, and a tree-like 

representation of the dendrogram was devised. The combination of the three

dimensional representation with the ability to interactively explore the 

dendrogram and corresponding image led to the creation of a new dendronic 

structural descriptor. The Slenderness Ratio, which can be used to describe 

the appearance of a dendrone branch and quantify how complex an object 

within the image is, was used in the subsequent analysis of the dendrogram

The Slenderness Ratio was found to be extremely useful in the detection of 

the breast region within the mammogram. Based on the structural description 

of the breast dendrogram, it was found that the breast region of the 

mammogram could be found to within an acceptable accuracy for the 

purposes of subsequent stellate detection. It was discussed, however, that
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should the need for a very accurate breast border detection arise, the use of 

an edge detection method, used on the breast region output by the 

dendrogram would be needed.

Filtering of the dendrogram utilising structural descriptors was found to 

uncover otherwise hard to perceive objects within the breast, such as 

stellates. This method coined as ‘Stripping’ recursively removed, or stripped 

normal tissue from the dendrogram and corresponding regions in the image. 

This was made possible after the discovery that normal breast tissue pixels 

accumulate on the main branches of the dendrogram. Detection rates of 

86.7% producing an average of 20 false positives per image were recorded 

for the analysis on a database of mammograms courtesy of Breast Screen 

NSW. The number of false positives produced was found to be high, and 

therefore it was conceded that another classification stage would be 

necessary to reduce them. Thus, a simple neural network classifier was 

trained and utilised on the objects already found, producing a detection rate 

of 60% and an average of 0.06 false positives per image.

The main aim of this research was to investigate the suitability of dendronic 

analysis in the detection of stellates in digitised mammograms. It was found 

that the method not only produces very high sensitivities in the detection of 

stellates, but very little a-priori information is necessary and the process is 

completely automated. Thus, as an aid in the breast cancer detection 

problem, dendronic analysis has great potential. Furthermore enhancements 

have been suggested, such as bi-lateral comparison using the dendronic 

structure, and preprocessing of the image to avoid false negatives.
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Topics for Further Research

Dendronic analysis of images has not been utilised to a great extent in the 

literature. Dendronic properties in image analysis have been discussed and 

implemented in images by others (Hanusse, 1990; Chen, 2000). This research 

provides an initial investigation into the application of dendronic analysis in 

the detection of stellates in mammograms, and whilst the outcome is 

promising, further investigation is needed.

It is necessary to test the accuracy of the breast border as well as the stellate 

detection methods for a larger mammogram image database. This is the first 

stage that should be carried out in subsequent research. Further testing 

should be carried out using a variety of scanning equipment, in order to show 

how robust the method is under different signal to noise ratios.

In order to further enhance the analysis, the suggestion of a pre-processing 

step has been discussed. The use of a simple gray-scale morphological 

operation such as opening of the original image before dendrogram creation 

might reduce the links between objects, reducing the chance of incorrect 

object merging and possibly better detection rates.

Another possible addition is suggested that could have a large positive effect 

on the detection performance. The architectural symmetry generally 

encountered between normal right and left breast images is used by 

radiologists in the visual interpretation of mammograms at screening, as 

differences in normal parenchymal pattern can reveal tumour growth. This 

comparison of the same views of the left and right breast has also been used 

in the computer-aided detection of masses in digitised mammography. As 

both left and right breasts are imaged at screening time, it makes sense to 

utilise the information, as it could lead to greater sensitivity and/or greater 

specificity. Yin (1994) used a bilateral subtraction technique of the left and 

right breasts using the same view type of each, in order to expose masses. 

The use of the left/right image pairs should be integrated into the current
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method of detection as it has been shown to improve detection performance 

when used in combination (Karssemeijer, 2002). It is the suggestion of the 

author that a dendronic structural camparison could be devised for the 

dendrograms produced by the left and right breast images. It is envisaged 

that asymmetry between the two dendrograms could be detected relatively 

easily with the calculation of dendrone similarity, such as used by Chen 

(2000). Alternatively some direct comparison of the branching might reveal 

branches on one side that are simply not evident in the opposite dendrogram.
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Publications

Detection of Masses in Digitised Mammograms 
Using Dendronic Analysis

Paper: Nguyen H, Mitchell R, Thornton B, Hung W, Lee W, Rickard M, 

‘Detection of Masses in Digitised Mammograms Using Dendronic 

Analysis’, Proc. Second Joint IEEE EMBS, BMES Conference, Houston, TX, 

USA. October 23-26, pp 1051-1052, 2002.
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DETECTION OF MASSES IN DIGITISED MAMMOGRAMS USING DENDRONIC
IMAGE ANALYSIS
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Abstract- If detected early, breast cancer can be treated with better 
patient outcomes and significantly lower costs. Using the spatial 
dendronic structure and hierarchical repartment operator, difficult 
cases of spiculated and stellate tumours can be identified early. The 
techniques are robust to noise and can reveal various layers of 
biophysical and biomedical differences in a suspect tumour. In 
particular, the hierarchical repartment parameter of a mass in a 
digital mammogram can be obtained using compactness ratios of 
successive information peeling in this mass. This parameter alone 
was applied to distinguish all biopsied masses from normal 
parenchymal tissues in eight separate cases.
Keywords - Mammogram, stellates, dendrogram, hierarchical 
repartment, compactness.

I. Introduction

Breast cancer can be controlled and treated successfully when 
detected at early stages. Because survival rates are highest and 
recurrence and treatment costs are lowest if the cancer is detected 
and treated at an early stage, it is critical to diagnose breast 
cancer in its earliest stage [1-2].

The mammographic appearance of normal breast tissue varies 
widely and the signs of breast cancer are very subtle. The 
exaluation of screening mammograms is a very difficult task 
where the radiologist must balance the requirement of high 
sensitivity for abnormalities and high specificity for normality. 
Many screening errors are perception errors and it may be 
necessary to draw the attention of the radiologist to a tumour 
which might have been overlooked or to an abnormal area on a 
mammogram that needs careful attention [ 1 ].

Despite a large research literature on image processing in 
mammography, the detection of cancerous mass lesions is still 
very difficult for many reasons. Masses are often of vary ing size, 
shape, and density, at the same time exhibiting poor image 
contrast. In addition, many mass lesions and normal parenchymal 
tissues surrounding them look similar on mammogram [3-4], For 
these reasons, screening mammograms are usually read 
independent!) by two radiologists to reduce false negatives and 
interpretation errors [5].

II. Methodology

In order to detect mass lesions effectively, a two-stage 
process using advanced detection strategies is proposed. In 
general, malignant mammographic densities have an irregular 
appearance, often surrounded by a radiating pattern of linear 
spicules. Sometimes the density is very faint, and when it is 
embedded in the parenchymal tissue, it may be very hard to

perceive [6]. For this problem, we use a stealth-related 
dendrogram technology for extraction of “low observables” for 
detection of subtle signs of breast cancer. For the extraction of 
breast masses, a novel technique using hierarchical repartment 
identification will be used.

A. Dendrograms

A dendrone is a hierarchical thresholding structure which can 
be automatically generated from a complex image [7-8]. The 
dendrone structure captures the connectedness of objects and 
sub-objects during successive brightness thresholding. Based 
upon connectedness and changes in intensity contours, dendronic 
representations of objects in images capture the coarse-to-fine 
unfolding of finer and finer detail, creating a unique signature for 
target objects which is invariant to lighting, scale, and placement 
of object within the image. Sub-dendrones within the hierarchy 
are recognisable as objects within the picture. Complex 
composite images can be autonomously analysed to determine if 
they contain the unique dendronic signatures of particular target 
objects of interest.

The construction of dendrones involves segmenting the image 
into isolated objects and building the tree structure from these 
objects. The construction of dendrones is accomplished by 
thresholding the image in a repetitive fashion. At one particular 
thresholding intensity level, the image is processed in two stages: 
image segmentation and object merging [9]. This approach 
works particularly well for an image with a dark background and 
bright foreground as in mammograms. It can reveal the 
relationships among the objects in the image slowly, and allow 
faint objects such as stellates to show' up clearly.

Dendronic image analysis is a completely neutral, data- 
driven, self-structuring process. The dendrone is robust to noise, 
free of contextual information, and invariant under Euclidean 
geometric transformations.

Fig. 1. The dendrogram of an image
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The dendrone's ability is largely dependent upon the ‘stride' 
value which is the incremental thresholding reduction at which 
the image is segmented. If the stride corresponds closely to the 
optimum thresholding value (i.e. breakup of light intensity in the 
image) then the dendrone can work well but a preprocessing is 
desirable for achieving the starting region in mammograms 
within an acceptable time in clinical application. Given suitable 
parameters, a spatial dendrogram as shown in Fig. 1 can be used 
to usefully process a suspect region of interest in a mammogram.

B. Hierarchical Repartment

Based on the profile compactness, a dimensionless parameter 
which characterises the shape of an object, we propose to use a 
repartment hierarchical technique to provide successive peeling 
processes until the required object such as a stellate can be found 
[10-11]. This should be of particular value in cases with 
architectural distortion.

The hierarchical repartment is given by:

H(Q\,Qi... Qn) = ~K-\n—+—\n — +--- + — \n—)' ’ Q Q Q Q Q Q
where Q\ is the boundary compactness using the 1st peeling 
process, and Qn is the boundary compactness using the nth 
peeling. A is a positive constant, and Q = Q\ + H-----b Qn.

The hierarchical repartment technique has been developed for 
peeling successive layers of contrast boundaries from a suspect 
region of interest. The repartment parameter can provide a 
unique descriptor for a given object, since two completely 
different shapes might exhibit the same compactness for their 
boundary contour. However, those two different shapes would 
have different compactness values at successive ‘peelings' as 
shown in Fig. 2. The uniqueness of the repartment parameter is 
essential for the detection of mass lesions within an image, so 
that high sensitivity and high sensitivity can be achieved 
concurrently.

Fig. 2. Three peelings of a mass 

III. Results

Using a stride value of 5, the complete dendrograms of 
regions surrounding eight biopsied masses identified by expert 
radiologists were created. Each mass was identified from its 
dendrogram and the corresponding hierarchical repartment 
parameters were calculated. The distribution of these values 
against the length of the dendrone branch is shown in Figure 3.

Using the trendline calculated for these masses, the hierarchical 
repartment parameters have been found to provide a unique 
descriptor of mass lesions within mammograms. These values 
were applied successfully to distinguish all biopsied masses from 
normal parenchymal tissues in eight separate cases.

Mass Repartment Values (Stride = 5)

-Log (H)

Length

Fig. 3. Hierarchical repartment values of a mass

IV. Conclusion

The compactness ratio parameter has been seen to be a good 
descriptor of mass lesions within mammograms. However, it is 
not unique to mass lesions. To formulate a unique descriptor for 
mass lesions, the hierarchical repartment parameter is proposed. 
It can be constructed from successive 'peelings' of an object 
within the image. This approach has been developed to aid 
radiologists by providing the detection of difficult-to-perceive 
mass lesions within suspect regions of interest which might 
otherwise be missed in the breast screening process.
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Abstract— Dendronic image analysis has been shown to 
provide a robust technique in the detection of tumours 
within digital mammograms. It provides the capability 
of fully automated image analysis through hierarchical 
segmentation. However, its general acceptance in image 
analysis has not been realised due to computational 
intensity in creating the image dendrogram. We have 
developed an efficient technique that can create image 
dendrograms a great deal faster than traditional 
repetitive segmentation algorithms, making dendronic 
analysis of digital mammograms a viable tool in the 
detection of breast cancer.

Keywords—Mammogram, dendrogram, segmentation

I. INTRODUCTION

Breast cancer mortality and morbidity can be 
successfully reduced by early detection usrig 
mammographic screening. However the mammographic 
appearance of normal breast tissue varies widely and the 
mammographic signs of breast cancer are often subtle, 
overlapping with the normal, particularly in an 
asymptomatic population. The evaluation of screening 
mammograms is therefore difficult, and cancers are missed. 
The reporting radiologist must balance the requirement to 
maximise cancer detection, high sensitivity, and the need to 
avoid unnecessary investigations, high specificity.

There are a number of lesion types that can be detected 
on mammograms and these include mass lesions, 
asymmetric densities, architectural changes and 
microcalcifications. There are two stages in early cancer 
detection, firstly perception of an abnormality on a 
mammogram, and secondly analy sis of the lesion. As these 
lesion types may represent benign as well as malignant 
pathology, there are particular features of the lesions that 
need to be reviewed to ensure that cancers are detected and 
benign pathologies are not over-investigated. Important 
features include the shape of a lesion, the sharpness of the 
margin, density, and adjacent tissue alterations.

In order to assist radiologists to improve the detection 
rate of breast cancer, computer aided detection (CAD) 
systems have been developed. Currently there is evidence 
that some CAD systems can detect cancers with a high 
sensitivity in mammographic test sets with known 
pathology. The major limitation is the lack of specificity of 
such systems.

Dendronic analysis is one method of CAD analysis of 
mammogram images and has been shown to provide a 
robust technique in the detection of tumours within digital 
mammograms [1]. A dendrone is a hierarchical thresholding 
structure that can be automatically generated from a 
complex image. The dendrone structure captures the 
connectedness of objects and sub-objects during successive 
brightness thresholding. Based on connectedness and 
changes in intensity contours, dendronic representations of 
objects in images capture the course of unfolding of finer 
and finer detail. This creates a unique target object signature 
which is invariant to lighting, scale and placement of the 
object within the image. Complex images can be 
autonomously analysed to determine if they contain the 
unique dendronic signatures of particular target objects of 
interest, for example, the signatures of stealth-like mass 
lesions within mammograms.

Current attempts at image dendrogram construction 
require the image to he segmented at a number of intensity 
thresholds P). The number of segmentations is calculated 
from the 'Stride' value. A Stride of 1 means that the image 
will be segmented at every level of intensity, so for an 8-bit 
intensity resolution image, it will be segmented 256 times, 
and with a Stride value of 2, 128 times. At each of these 
levels, the image is segmented into clusters of connected 
pixels using a segmentation routine and labeled accordingly 
[3],

At the next threshold level, segmentation is again 
performed, however, cluster merging is then considered. 
The last segmented image is compared to the one created 
previously, and clusters of connected pixels are found to be 
'related' to the level above and named 'parent' clusters, or 
found to be new islands formed and named 'leaf clusters. 
This process is repeated until the last level has been 
completed and one parent cluster of pixels (all of the pixels) 
forms the root of the dendrogram.

In the process described above, information acquired at 
each level is being repetitively calculated and implied at 
every level below it, producing a great deal of redundant 
information, as outlined below:
• The 'Pixel Labeling' p] algorithm for segmentation

performs the testing for every pixel in the image, since
each pixel has to be determined if it is high1 er than or

This study was funded by an ARC SPIRT project grant (C10010018).
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equal to the threshold value, at each threshold instance. 
It is only necessary to test each pixel's brightness once.

• Segmentation information from a previous level is still 
valid for the present level being segmented, i.e. clusters 
of connected pixels formed in the previous level already 
form a subset of the current level being segmented, and 
need not be re-calculated.

• Rapid access of cluster information is necessary, and 
with an integer pixel labeling routine, a long list 
structure of pixel clusters has to be navigated in order to 
obtain access to them.

II. Methodology

From the three main points of algorithm bottlenecks 
described above, a faster routine has been developed. It is 
also to be noted that the use of a list structure for cluster 
storage is used as frequent and random erasure and insertion 
of clusters is necessary, and would be cumbersome and 
inefficient with the use of a vector structure.

Stepl. Organisation of Pixels into Intensity Bins 
(Creation of Histogram)

A once off pass over all pixels in the image to organise 
them into the intensity domain. The resolution of this step is 
according to the Stride value; the greater the Stride, the 
lower the resolution of intensity bins. Thus, all the pixels in 
the image have already been queried for threshold 
satisfaction, and this need not be performed again. Each 
pixel is stored with its original spatial location.

Step 2. Creation of Label Matrix
In the pixel labeling routine, this matrix was created and 

zeroed at each segmentation pass. It is used to store the 
cluster label for each pixel as the algorithm progressed as in 
integer, or index into the cluster stored in memory. The new 
technique, however, relies on a matrix of pointers to clusters 
that is likewise zeroed initially. As clusters are formed and 
created on the heap, their address is stored as a pointer in the 
matrix such that the cluster can be accessed directly, without 
indexing into a list structure.

Step 3, Segmentation of Binned Pixels
Starting from the highest intensity bin of pixels, the list 

of pixels is iterated through and clusters of pixels are thus 
created. A 4-connected technique is used to determine 
connected neighbours, however, unlike the pixel labeling 
routine whereby only upper and left neighbouring pixels are 
considered, we must consider all four neighbours as the new 1

1 A list is a bi-directional linked list of elements of varying 
length.
* A vector is a stored array, able to be indexed, although 
inefficient at insertion and deletion of elements.

order of pixels being considered is in the intensity domain, 
and may produce random spatial location.

Figure 1. Neighbours a & b need only be inspected as 
previously labeled pixels will only be to the left and/or 

above pixel X.

a
b X c

|d

Figure 2. Neighbours a-d need to be inspected as previously 
labeled pixels might be in any direction relative to the pixel 

X.

Each of the neighbour pixel locations are examined to see if 
they are pointing to a previously created cluster, and one of 
the following three situations may occur:
1. Neither a. b. c or d locations are pointing to a cluster. 

Therefore a new clister is created and pixel X is added 
to it. A pointer to the new cluster is then stored at that 
pixel's location in the pointer matrix.

2. One of the neighbours is pointing to a cluster. Therefore 
pixel X is added to that cluster, and the pixel’s location 
in the pointer matrix is set to point to that cluster.

3. Two or more clusters are pointed to by the neighbour 
pixels. The clusters are merged into one cluster and all 
the pixels contained in it are updated with the new 
pointer. Pixel X is also added and its location in the 
pointer matrix set to point to the new cluster.

Following completion of segmentation of a level, three 
things are done:
1. The current level is ‘copied' to the next level. 

Essentially, this is the heart of the new algorithm. This 
means that clusters are created on the new level, 
corresponding to the previous level, and connected to 
that previous level with parent and child pointers 
contained within each. Thus, with the creation of a new 
parent cluster with a pointer to its child cluster, all the 
information contained within the child cluster (and all
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previous levels of segmentation) can be obtained by the 
parent cluster (it inherits all of the information created 
thus far).

2. Clusters of pixels with less pixels than the minimum 
island size are deleted in the last level that was 
segmented. The pixels that are contained in the cluster 
being deleted are added to the list within the ‘copied' 
parent cluster, and their locations in the pointer matrix 
are updated to point to the parent cluster.

3. All the pixel locations contained within the clusters thus 
far are updated to point to the most parent cluster that it 
belongs to. This step is currently being used, however, 
future plans are to optimise this step also.

Once the algorithm has segmented the last level, the 
entire dendronic structure is held in memory. This is 
primarily as a ‘CDendrone‘ class object, secondly in a list of 
'CLevel's corresponding to each thresholding level of 
segmentation, and thirdly, as 'CCluster's that are contained 
in each level. The 'CCluster objects contain their pixels 
that were added at each segmentation and hold all the 
hierarchical information within the dendronic structure. This 
is achieved through the use of pointers to child and parent 
clusters stored within each cluster, and gives access to 
branches of the dendronic structure for analysis.

III. Results

To evaluate performance of the new dendrone creation 
algorithm, times for creation of a complete dendrone were 
recorded. One of the more challenging image types, a 
clipped region from a digital mammogram was used 
(clipped to the size similar to that benchmarked in [2]). All 
recordings were used on a Toshiba Satellite 2520CDT 
notebook with AMD K.6-2 300MHz processor and 98MB 
RAM.

Results for the new algorithm are presented with those 
for the previous algorithm described in Chen 2001 [2]. 
utilising the ‘pixel labeling’ routine. Results from [2] were 
recorded on a Sun Ultra SPARCstation with 167MHz 
processor and 256 MB RAM. Results are presented in Table 
I and Figure 3, below.

Creation Times (seconds)

Stride Chen2001 Our Results
1 509.62 47.29
5 213.28 9.83

10 78.21 5.16
20 74.46 2.41
30 61.18 1.75
50 23.08 1.1

Dendrone Creation Times (264x46 2)

Figure 3. Graph of Creation times for a 264x462 image. The 
algorithm described in Chen 2001 [2] is compared to the 

new algorithm presented here.

v. Conclusion

A new algorithm for image dendrone construction has 
been presented. Its strength lies in its execution speed 
compared to present methods. The increase in speed of the 
algorithm can be attributed to 3 main aspects:
• Presorting of the image data into the intensity domain
• Storing pointers to clusters in a matrix corresponding to 

pixel spatial locations for rapid cluster access.
• Copying of segmentation information by simple pointer 

assignment.

Results for dendrone construction times have been 
presented for a 264x462 image for comparison. The driving 
force behind faster creation times is the need for image 
dendrone construction and analysis of digital mammography 
within a clinically viable time-frame. Digital mammograms 
of size greater than 1500x2000 and 256 gray levels can now 
be processed on a mainstream 1 GHz Desktop computer 
within 120 seconds. Further, another aspect of the algorithm 
can be modified for another decrease in e)ccution time.
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Abstract - Breast cancer can be treated with better patient 

outcomes and significantly lower costs if detected early. Using the 

spatial dendronic structure, image masks can be obtained, showing 

regions in the mammogram image corresponding to the breast and 

lead marker. The technique is robust to noise and placement of the 

breast within the image. The technique not only reduces the size of 

the region to be analysed, but also provides the dendronic structure 

of the breast in which stealth-like masses can be found more easily.

Keywords - Mammogram, dendrogram, object detection, shape 

invariance.

I. Introduction

When detected at early stages, breast cancer can be controlled 
and treated successfully. As survival rates are highest and 
recurrence and treatment costs are lowest if the cancer is detected 
at treated early, it is critical to diagnose breast cancer in its 
earliest stage [1-2].

The sheer volume of information within each mammogram 
has proved a bottleneck for many applications of image 
processing to the detection of breast cancer. The technique 
developed in this research provides a means for narrowing down 
the size of the region in which stellates could be found. The 
region corresponding to the breast only needs to be analysed, and 
utilising this technique, the region as well as the dendronic 
structure of the breast are both provided.

The use of dendronic analysis in the detection of difficult-to- 
find stellates has proved successful [3-4], and its utilisation in the 
detection of the breast region provides a starting point for the 
detection of stellates in an automated fashion. At the same time, 
this technique reduces the number of objects to be analysed 
within the image. II.

II. METHODOLOGY

The dendronic structure of images to be analysed are firstly 
constructed [5], If only the breast border or region needs to be 
found, the initial intensity of the dendronic tree does not need to 
be very high. In this way, the dendrogram construction and breast 
detection are very fast. However, for the purposes of subsequent 
stellate detection, the full dendronic tree must be constructed.

A. Dendrograms

A dendrone is a hierarchical thresholding structure, which can 
be automatically generated from a complex image p-7]. The 
dendrone structure captures the connectedness of objects and

sub-objects during successive brightness thresholding. Based 
upon connectedness and changes in intensity contours, dendronic 
representations of objects in images capture the coarse-to-fine 
unfolding of finer and finer detail, creating a unique signature for 
target objects which is invariant to lighting, scale, and placement 
of object within the image. Sub-dendrones within the hierarchy 
are recognisable as objects within the picture. Complex 
composite images can be autonomously analysed to determine if 
they contain the unique dendronic signatures of particular target 
objects of interest.

The construction of dendrones involves segmenting the image 
into isolated objects and building the tree structure from these 
objects. The construction of dendrones is accomplished by
thresholding the image in a repetitive fashion. At one particular 
thresholding intensity level, the image is processed in two stages: 
image segmentation and object merging [8], This approach 
works particularly well for an image with a dark background and 
bright foreground as in mammograms. It can reveal the 
relationships among the objects in the image slowly, and allow 
faint objects such as stellates to show up clearly.

Dendronic image analysis is a completely neutral, data- 
driven, self-structuring process. The dendrone is robust to noise, 
free of contextual information, and invariant under Euclidean 
geometric transformations.

The dendrone’s ability is largely dependent upon the ‘stride’ 
value, which is the incremental thresholding reduction at which 
the image is segmented. If the stride corresponds closely to the 
optimum thresholding value (i.e. breakup of light intensity in the 
image) then the dendrone can work well. Given suitable 
parameters a spatial dendrogram as shown in Fig. 1 can be used 
to usefully process a mammogram. The construction of full 
image dendrograms has been a time-consuming process until 
recently, and they can now be constructed in a clinically viable 
timeframe [5],

B. Parameter Invariance

Dendronic parameters, such as branch slenderness, are 
already invariant under geometric transformations, and prove to 
be a useful tool for the effective discrimination of complex/non
complex objects within an image.

As the size, orientation and placement of breast borders 
within mammograms vary widely, parameters based on shape 
need to be invariant under these transformations, in order to be 
utilised effectively for border and object detection. Elongation 
and area ratio of objects (ratio of their area to the actual image 
area) have proved useful in the detection of the breast border. 
These, with other invariant shape parameters and their dendronic
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parameters, are used to provide discrimination between the 
objects within the image.

Fig. 1. The dendrogram of an image

C. Detection

Mammogram images can be generically described as a bright 
breast-like shape and very bright lead marker on a very dark 
background. As such, the objects within the dendrogram are 
analysed from the darkest level, or the root of the tree. Objects 
that fit the description given by the detection parameters are 
labeled as such until the analysis has finished. The two objects 
being detected as described here are the breast, and the lead 
marker. When each of these objects is detected, it is highlighted 
as a coloured region of pixels which corresponds to the actual 
object.

III. RESULTS

Using a stride value of 2, the complete dendrograms of 20 
mammograms were created. Each of the dendrograms was 
analysed to detect both the boundary of the breast image and the 
lead marker. Both CC and ML views were used, in order to have 
a larger spread of border shape to detect. Two examples are 
shown in Figures 2 ad 3. IV.

IV. Conclusion

A technique utilising dendronic analysis has been used to 
successfully segment both the boundary of the breast image and 
the lead marker from mammogram images in an automated 
fashion. As the classification is based on invariant dendronic and 
shape parameters, the breast does not need to be on one side of 
the image, nor the marker oriented at any particular angle. 
No a priori information is necessary for the process and the 
created dendronic structure can be subsequently used to analyse 
the breast region for stellate masses.

Fig. 2. Original images and their detected objects - 
marker (white), breast (grey)

Fig. 3. The breast does not need to be on the right of the image, 
since detection is invariant with placement
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Example Code

Creation of Histogram

//=======================
void CDendrogram::BinPixels() 
//======================:

int Intens, bin;
int nLevels = m_nStartIntensity/m_nStride;

// Only have amount of levels that are requested
nLevels = ( m_nRequestedLevels <= nLevels ) ? m_nRequestedLevels : 

nLevels;

// Allocate nLevels - lists of pixels 
m_Histo.resize(nLevels);

for(int row = 1; row<=m_nRows; row++)
{

for(int col = 1; col<=m_nCols; col++)
{

Intens = m_Pixels(row,col)->Intensity;
bin = ( m_nStartIntensity-( Intens+1 ) )/m_nStride;
if( bin < nLevels )
{

if (bincO) bin=0;
m_Histo[bin].push_back( m_Pixels(row,col) );

}

}

Creation of Pixel Pointer Matrix

//==========================================
void CDendrogram::CreatePixels(FMatUC& ImageMatrix) 
//==========================================
{

int rows = ImageMatrix.num_rows(); 
int cols = ImageMatrix.num_cols();

m_Pixels.newsize(rows, cols);

for (int i=l; i<=rows; i++)
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for (int j=l; j<=cols; j++)

CPixel *pPix = new CPixel();
pPix->i=i;
pPix->j=j;
pPix->Intensity = ImageMatrix(i,j); 

m_Pixels(i,j) = pPix;
}

}

}

Invocation of Dendrogram Creation Function

//=============================
bool CDenATDoc::CreateDendrogram() 
//=============================

CProgressDlg* pProgress = new CProgressDlgO;
pProgress->Create(IDD_PROGRESS);
pProgress->ShowWindow(SW_SHOW);
pProgress->m_nProgress.SetRange(0,m_nNumberOfLevels);
pProgress->m_TimeGetPixels.SetRange(0,100);
pProgress->m_TimeGetPixels.ShowWindow(SW_SHOW);

if( !PrepareDocForAnalysis() )
{
AfxMessageBox("Could not Prepare Document for Analysis”); 
return false;

m_bCreationStarted = true;

// Set solver parameters
m_pDendrogram->SetNumberOfRows(m_nRows); 
m_pDendrogram->SetNumberOfCols(m_nCols); 
m_pDendrogram->SetStride( m_nStride ); 
m_pDendrogram->SetStartIntensity( m_nStartIntensity ); 
m_pDendrogram->RequestNumberOfLevels( m_nNumberOfLevels ); 
m_pDendrogram->SetMIS( m_nMIS );

// Create Command
double STime = m_pDendrogram->CreateStructure2(m_ImageMatrix, 

pProgress);

pProgress->DestroyWindow();
pProgress->DeleteTempMap();
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m_bCreated = true;

AfxMessageBox("Dendrogram Created");

// Create VTK visualisation objects 
CreateDendroViewObjects();

AfxMessageBox("Dendrogram VTK Objects Created"); 

Update All Vie ws(NULL); 

return true;
}

Dendrogram Creation Function

//===============================================
double CDendrogram::CreateStructure2(FMatUC& ImageMatrix, 
CProgressDlg* pProgress)
//===============================================

// Zero cluster Pointer Matrix 
m_CPMatrix.newsize(m_nRows,m_nCols); 
for(int j=l; j<= m_nRows; j++) 

for(int k=l; k<= m_nCols; k++) 
m_CPMatrix(j,k) = 0;

// Create CPixels for every image pixel 
CreatePixels(ImageMatrix);

// Bin All the pixels in raster order 
BinPixelsQ;

// Create levels for each bin...
m_nCurrentIntensity = m_nStartIntensity-m_nStride/2; 
int nLevels = m_Histo.size(); 
for (int i=0; i<nLevels; i++)
{

CLevel *pCurrentLevel = new CLevel(m_CPMatrix, 
m_nCurrentIntensity);

pCurrentLevel->SetLevelId(i+l);
m_LevelList.push_back(pCurrentLevel);
m_nCurrentIntensity-=m_nStride;

}

m_nNumberOfLevels = m_LevelList.size();
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assert(m_nNumberOfLevels == nLevels);

// Segment each level
i=0;
Levellter LI;
CLevel* pLevel;
CLevel* pLevelDone = 0;

for (LI = m_LevelList.begin(); LI != m_LevelList.end(); ++LI)
{

m_nCurrentIntensity = m_nStartIntensity-m_nStride*i; 
pLevel = (*LI);
assert( pLevel->GetLevelNumber() == i+1 );

// Copy clusters from Done Level 
if (pLevelDone)
{

if (m_nMIS > 1)
pLevelDone->RemoveSmallIslands2( m_CPMatrix, m_nMIS );

}

pLevel->Segment4( m_Histo[i], m_CPMatrix, m_Pixels );

pLevelDone = pLevel; 
i++;

pProgress->m_nProgress.SetPos(i);

// Remove small islands from final level 
if (m_nMIS > 1)

pLevelDone->RemoveSmallIslands2( m_CPMatrix, m_nMIS );

// Update number of clusters in Dendrogram 
m_nNumberOfClusters = this->GetNumberOfClusters();

// Set Centre of mass for each cluster
this->SetCofM2();
return;



Segmentation Function

//====================================================
double CLevel::Segment4( PixList& Pixels, FMatCP& CPMatrix, const 
PixPMatrix pPixels)
//====================================================
{

// Segment the image with pixels in list and pre-labeled regions in 
// CPMatrix using 4-connected regions

int row, col; 
double Time = 0;
int Count = 0; // The number of labeled neighbourhood pixels

for (Pixellter PI = Pixels.begin(); PI != Pixels.end(); ++PI)
{

row = (*PI)->i; 
col = (*PI)->j;

Count = 0;

std::vector<CCluster*> ABCD(4); 
ABCD[0]=GetPointerA(CPMatrix,row,col); 
ABCD[ 1 ] =GetPointerB (CPMatrix,row,col); 
ABCD[2]=GetPointerC(CPMatrix,row,col); 
ABCD[3]=GetPointerD(CPMatrix,row,col);

std:;sort(ABCD.begin(),ABCD.end());

for (int k=0; k<4; k++)
{
if(ABCD(k])
{

Count++;
}

// SWITCH STATEMENT FOR PIXEL LABEL

switch(Count)
{
case NONE_LABELED:

{
// Create new cluster and add this pixel 
CCluster *pCluster = new CCluster(); 
pCluster->SetLevelNumber(this->m_LevelId); 
pCluster->AddPixel( pPixels(row,col)); 
CPMatrix(row,col) = pCluster;
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m_ClusterList.push_back(pCluster); 
m_NumberOfClusters = m_ClusterList.size();

break;
}

case ONE_LABELED:
{

// Add this pixel to that cluster(label)
CPMatrix(row,col) = ABCD[3];
ABCD[3]->AddPixel( pPixels(row,col) );

break;
}

case TWOJLABELED:
{

// If all labels are the same , simply add pixel(i.j) to that 
// cluster and then set label matrix @ (i,j) 
if (ABCD[3] == ABCD[2])
{
CPMatrix(row,col) = ABCD[3];
ABCD[3]->AddPixel( pPixels(row,col) ); 
break;

// Else Merge CLusters 
CCluster* Last;
CCluster* SecondLast; 
while (Count != 1)
{

Last = ABCD[ABCD.size()-l];
SecondLast = ABCD[ABCD.size()-2];

if(Last != SecondLast)
{
this->MergeClusters( CPMatrix, SecondLast,Last);

}
ABCD.pop_back();
--Count;

}

SecondLast->AddPixel( pPixels(row,col) ); 
CPMatrix(row,col) = SecondLast;

break;
}

case THREEJLABELED:
{

// If all labels are the same, simply add pixel(i,j) to that 
// cluster and then set label matrix @ (i,j)
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if (ABCD[3] == ABCD[2] && ABCD[3] == ABCD[1])
{

CPMatrix(row,col) = ABCD[3];
ABCD[3]->AddPixel( pPixels(row,col) ); 
break;

}

// Else Merge Clusters 
CCluster* Last;
CCluster* SecondLast; 
while (Count != 1)
{
Last = ABCD[ABCD.size()-l];
SecondLast = ABCD[ABCD.size()-2];

if(Last != SecondLast)
{
this->MergeClusters(CPMatrix, SecondLast,Last);

}
ABCD.pop_back();
--Count;

SecondLast->AddPixel( pPixels(row,col) );
CPMatrix(row,col) = SecondLast;

break;
}

case LOUR_LABELED:
{
// If all labels are the same , simply add pixel(i,j) to that 
// cluster and then set label matrix @ (i,j)
if (ABCD[3] == ABCD[2] && ABCD[3] == ABCD[1] && ABCD[3] 

ABCD[0] )
{

CPMatrix(row,col) = ABCD[3];
ABCD[3]->AddPixel( pPixels(row,col) ); 
break;

// Else Merge CLusters 
CCluster* Last;
CCluster* SecondLast; 
while (Count != 1)
{
Last = ABCDf ABCD.size()-l]; 
SecondLast = ABCD[ABCD.size()-2];

if(Last != SecondLast)
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this->MergeClusters(CPMatrix, SecondLast,Last);
}

ABCD.pop_back();
--Count;

SecondLast->AddPixel( pPixels(row,col) ); 
CPMatrix(row,col) = SecondLast;

break;
}

}// End of Switch Statement

return Time;
}

Copy Cluster Function

double CLevel::CopyClusters( FMatCP& Pointers, CLevel* pDoneLevel) 
//=====================================================

clock_t Start, Stop; 
double Time = 0.0;
std::list<CCluster*> DoneList = pDoneLevel->GetClusterList(); 

Clusterlter Cl;
for (Cl = DoneList.begin(); Cl != DoneList.end(); ++CI)

{
// Create a new cluster 
CCluster *pNew = new CCluster();
// Add it to clusterlist
pNew->SetLevelNumber(this->m_LevelId);
m_ClusterList.push_back(pNew);
// Set it as parent cluster 
PNew->AddChildCluster( (*CI) );
(*CI)->SetParentCluster( pNew );
// Update pointers to new clusters 
Start = clock();
//(*CI)->UpdatePointerMatrix2( Pointers, pNew);
Stop = clock();
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Time += (double) (Stop - Start)/CLOCKS_PER_SEC;
}

m_NumberOfClusters = m_ClusterList.size(); 
return Time;

Accomodating MIS - Remove Small Islands Function

//===== = = = = = = = = = = ======= = = = = = = = = = = = = = = ===== = = ====:
int CLevel::RemoveSmallIslands2( FMatCP& Pointers, int nMIS)

// Iterate through all clusters in list and remove ones with less than 
// nMIS pixels

bool stay = true; 
int pixels = 0; 
double dbl = 0;
int count = m_NumberOfClusters;
CCluster* pC, *iC;

Clusterlter Cl;

// Check for end of list or no clusters in this level 
while ( stay && count != 0 )
{

for ( Cl = m_ClusterList.begin(); Cl != m_ClusterList.end(); ++CI)

pixels = 0; 
iC - (*CI);
pixels = iC->GetNumPixelsInBranch( );

if ( pixels < nMIS )
{

pC = iC->GetParentCluster(); 
if(pC)
{

// Remove the child cluster pointer from parent 
pC->RemoveChild( iC );
// Merge the Island cluster into its parent 
// Therefore the parent will have its pixels 
// that would otherwise have been lost 
MergeClusters( Pointers, pC, iC,dbl );
// Island cluster is now deleted !!!

}

else // This level is the last one - islands dont have parents
{
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// Delete the Cluster then erase the pointer in the list 
delete iC;
m_ClusterList.erase( Cl );

}

count--;
break; // Iterator is invalid now

}

if ( *(CI) == m_ClusterList.back() ) 
stay = false;

}

}

// Update the number of clusters in the list 
m_NumberOfClusters = m_ClusterList.size();

// Return the number of clusters removed 
return count;

Creation of Dendrogram VTK Object Pipeline

//==================================
void CDenATDoc::CreateDendroViewObjects() 
//==================================

vtkCellArray
vtkCellArray
vtkPoints
vtkScalars
vtkLookupTable
vtkProperty
vtkSphereSource
vtkGlyphSource2D
vtkTubeFilter
vtkGlyph3D
vtkGlyph3D
vtkPolyDataMapper
vtkPolyDataMapper
vtkPolyDataMapper

*Lines =
*Verts =
*Points =
*Scalars -
*LUTable =
*Property =
*Sphere =
*Vertex =
*Tube 
*Glyph 
*VertGlyph 
*TubeMapper 
*SphereMapper 
*VertMapper

vtkCellArray: :New();
= vtkCellArray: :New();
= vtkPoints::New();
= vtkScalars: :New();
= vtkLookupTable::New();
= vtkProperty: :New();
= vtkSphereSource::New();
= vtkGlyphSource2D::New();
= vtkTubeFilter::New();
= vtkGlyph3D::New();
= vtkGlyph3D::New();
= vtkPolyDataMapper::New(); 
= vtkPolyDataMapper::New(); 
= vtkPolyDataMapper::New();

//----------------------------------------------------------------

m_pDendrogram->CreatePolyData(Points, Lines); 
//-------------------------------------------------

// Insert a Vertex at every point - the cells to be picked 
for (int j=0; j<Points->GetNumberOfPoints(); j++)
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Verts->InsertNextCell(l ,&j);

// Set scalars to zero for spheres - Yellow
Scalars->SetNumberOfScalars(Points->GetNumberOfPoints()); 
for (int i=0; i<Points->GetNumberOfPoints(); i++) 

Sealars->SetScalar(i,0.0);

m_PolyData->SetPoints(Points);
m_PolyData->SetVerts(Verts);
m_PolyData->SetLines(Lines);
m_PolyData->GetPointData()->SetScalars(Scalars);

// Create Lookup Table for Spheres and Tubes 
float Range[2]={0.0,1.5};
LUTable->SetNumberOfColors(4);
LUTable->SetTableValue(0,1,1,0,1.0); // RGB(1 1 0) - Yellow 
LUTable->SetTableValue(l,0,0,1,1.0); // RGB(0 0 1) - Blue 
LUTable->SetTableValue(2,1,0,0,1.0); // RGB( 1 0 0) - Red 
LUTable->SetTableValue(3,0,0,0,1.0); // RGB(0 0 0) - Black 
LUTable->SetTableRange(Range);
LUTable->Build();

// Set Properties for Spheres (default values initially) 
Property->SetAmbient(0.1);
Property->SetDiffuse( 1.0);
Property->SetSpecular(0.0);
Property->SetSpecularPower( 1.0);

Sphere->SetThetaResolution(4);
Sphere->SetPhiResolution(4);
Sphere->SetRadius(5.0);

Tube->SetNumberOfSides(5);
Tube->SetRadius(0.25);

Vertex->SetGlyphType( 1); 
Vertex->SetColor(0.0,0.0,0.0); 
Vertex->SetScale(20.0);

// Setup pipeline 
Glyph->SetInput(m_PolyData); 
Glyph->SetSource(Sphere->GetOutput()); 
Glyph->ScalingOff();

VertGlyph->SetInput(m_PolyData);
VertGlyph->SetSource(Vertex->GetOutput());

Tube->SetInput(m_PolyData);
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TubeMapper->SetInput(Tube->GetOutput());
TubeMapper->SetScalarVisibility(l);
TubeMapper->SetLookupTable(LUTable);

SphereMapper->SetInput(Glyph->GetOutput());
SphereMapper->SetLookupTable(LUTable);

VertMapper->SetInput(VertGlyph->GetOutput()); 
VertMapper->SetScalarVisibility( 1);

// Ends with member actors---------------------
m_TubeActor->SetMapper(TubeMapper);
m_TubeActor->PickableOff();

m_SphereActor->SetMapper(SphereMapper);
m_SphereActor->SetProperty(Property);
m_SphereActor->PickableOff();

m_VertActor->SetMapper(VertMapper);
m_VertActor->PickableOn();
m_VertAetor->GetProperty()->SetColor(0.0,0.0?0.0);

// Correct X coordinates of points to organise them properly 
m_pDendrogram->CorrectXPositions(GetPoints()); 
m_PolyData->Modified();

m_Props->AddItem(m_Sphere Actor); 
m_Props->AddItem(m__Tube Actor); 
m_Props->AddItem(m_Vert Actor);

//------------------------------------------------------

// Delete objects created (Decrement reference count) 
Points->Delete();
Lines->Delete();
Verts->Delete();
Scalars->Delete();
LUTable->Delete();
Property->Delete();
Sphere->Delete();
Vertex->Delete();
Tube->Delete();
Glyph->Delete();
VertGlyph->Delete();
TubeMapper->Delete();
SphereMapper->Delete();
VertMapper->Delete();



Strip Breast Layers Function

//=============================
void CDenATDoc::StripBreastLayers() 
//============================

// Clear the list of suspect masses
m_SuspectMasses.clear();
int nClusters,nTotal,nSat 1 ,nSat2;
int nSuspect = 0;
nTotal = 0; nSatl = 0; nSat2 = 0;

// Start from bottom level going up 
CCluster* pCluster;
CLevel* pLevel;
int nLevels = *m_pDendrogram->GetNumberOfLevels();

for (int i=0; icnLevels; i++)
{

pLevel = m_pDendrogram->GetLevel( nLevels - i ); 
nClusters = pLevel->GetNumberOfClusters();

for (int j=0; j<nClusters; j++)
{

nSuspect = 0;
pCluster = pLevel->GetCluster(j + l); 
int ID = pCluster->m_nClusterId;
if(pCluster->m_nType == CTYPE_BREAST) // If cluster is in breast 

region 
{
int nld = pCluster->m_nClusterId;

if( pCluster->GetSlenderness() > m_fSlenderness) // Test for 
slenderness 

{
pCluster->SetBranchType( CTYPE_NOTHING ); // Nothing for 

cluster & children
pCluster->m_nType = CTYPE_SUSPECT; // Suspect mass 
OnSimpleSelectCluster2(nId-l,5,m_ImageClusterData); // Show as 

suspect mass.
nSuspect = nId;//m_SuspectMasses.push_back( m__pDendrogram- 

>GetCluster2(nId-l) ); 
nSat2++;
if(m_bShowS tripping)
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RenderlmageViewQ;

if( pCluster->GetMaxLength() < m_nInitMassLength ) // Test for
length

pCluster->SetBranchType( CTYPE_NOTHING ); // Nothing for now 
OnSimpleSelectCluster2(nId-1,0,m_ImageClusterData); 
nSuspect = 0; 
if(m_bShowS tripping)

RenderlmageViewQ;
nSatl++;

}

else
{

pCluster->m_nType = CTYPE_NOTHING; // Nothing
OnStripCluster2(nId-1);
if(m_bShowStripping)

RenderlmageViewQ;
}

if(nSuspect)
m_SuspectMasses.push_back( m_pDendrogram- 

>GetCluster2(nSuspect-1) ); 
nTotal++;

//TransferMatrixToImage(m_ImageClusterMatrix,m_ImageClusterData);
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Stellate Suspect Detection FROC With Stride = 1

FROC Stride *1 MIS =200
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Stellate Suspect Detection - FROC With Stride = 2

FROC for Stride=2, MIS=200 FROC Stride=2 MIS=250

False Positives/Image

SRatio= 0.98 

SRatio= 0.96 

SRatio= 0.94 

SRatio= 0.92 

SRatio= 0.9
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