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  I 

Abstract 

The development of an automated surface characterization system/method is of 

great importance to engineering and also to medicine. Such system, once 

developed, would be able to replace human experts engaged in quantifying the 

surface textures and assist medical personnel in the diagnosis and prognosis, 

for example, of joint diseases. The system would also improve the efficiency, 

reliability, accuracy and also reduce costs of monitoring or diagnosis. Various 

methods of 3D surface characterization have been reported in literature but 

they only seem to perform well when applied to isotropic surfaces at a single 

scale. However, real biological or engineering surfaces are not only anisotropic 

but also multiscale objects. Therefore, there is an urgent need for the 

development of a new system that characterizes surfaces at different scales, i.e. 

in a multiscale manner.  

 

This thesis is divided into three parts. In the first part, three new surface 

characterization methods were developed and their accuracy, in measuring 

surface roughness and anisotropy, was investigated using fractal surfaces and 

X-ray bone images. The newly developed methods are: a fractal signature Hurst 

orientation transform (FSHOT), a variance orientation transform (VOT) and a 

blanket with rotating grid (BRG). Unlike other methods, they have a unique 

ability to characterize surfaces at different scales in all possible directions. The 

results from this research have demonstrated that, amongst methods tested, the 

VOT method is most reliable and accurate. This part of the thesis is described in 

detail in Paper 1. 

 

The second part contains a series of works in which the performance of the VOT 

method was evaluated using medical and engineering surface images. 
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Databases of trabecular bone (TB) texture images from osteoarthritic (OA) and 

non-OA subjects were constructed. It was shown that the VOT method can 

successfully differentiate between OA and non-OA TB textures with 

reproducibly and accuracy higher than those of, commonly used, benchmark 

methods (Paper 2). This method was also successful in quantifying the 

differences in TB textures between non-OA subjects with and without cartilage 

defects (Paper 3). Results obtained showed that the VOT method could be a 

vital tool not only in potential detection but more importantly in the prediction 

of knee OA. The success of the VOT method was also confirmed by its ability to 

detect minute changes occurring in surface topographies of real isotropic and 

anisotropic engineering surfaces, surfaces of adhesive wear particles generated 

under different operating conditions and trabecular bone textures (Paper 4).  

 

In the final part of this work (Paper 5), optimal partitioned iterated function 

system (PIFS) models were developed and used in the characterization of 

textured surfaces in hydrodynamic contacts. The PIFS models were successful 

in encapsulating surface texture features that affect the load capacity and 

friction in hydrodynamic bearings. The results of this research indicate that the 

PIFS models constructed for the textured surfaces are not only accurate but also 

can be used in calculations of bearing load and friction. They have also a 

potential for applications in automated optimization and classification of 

textured surfaces. 

 

In conclusion, the VOT method developed can accurately characterize/describe 

both engineering and medical surfaces. This method could find applications, in 

medicine, e.g. in the diagnosis and prognosis of knee diseases, and also in 

engineering, e.g. surface characterization of engineering components, machine 

condition monitoring systems, etc. The optimal PIFS models of 3D surface 

topographies can encapsulate almost the entire 3D surface information and they 
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might become useful tools in the characterisation of engineering surfaces 

including textured surfaces, i.e. surfaces with tessellated patterns. 
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Chapter 1 

Introduction 

 

This thesis is organized as a series of five journal papers. Papers 1, 2 and 4 have 

already been published, while papers 3 and 5 have been submitted for 

publication. The papers are presented in chronological order and represent a 

development and progression of ideas towards the completion of this PhD 

project.  

 

1. Automated surface texture characterization system – 
background 

Automated surface texture characterization system can be defined as a method 

used to quantify digital images of surface textures. Although many methods 

have been reported and described in the literature, there is no generally 

accepted method that could provide an accurate and full characterization of 

surface textures. Most of the methods seem to work well only with isotropic 

surfaces at a single scale. However, real engineering and biological surfaces are 

anisotropic and multiscale objects. Thus, a system that could characterize 

surfaces at different scales and directions is required.  

 

Surface texture characterization methods can be divided into two groups: non-

fractal and fractal methods. The first group include methods that calculate 

statistical parameters such as average roughness (Ra, Sa), root mean square 

deviation (Rq, Sq) or ten-point height (Rz, Sz), and methods that calculate 

autocorrelation, structure or power spectral density functions [1]. The non-

fractal methods were used to characterize ground surfaces [2, 3], bearing 

surfaces [4], wear surfaces [5], trabecular bone (TB) textures [6, 7] or surfaces of 
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bone implants [8]. Although they are useful in some cases, the main 

disadvantage of these methods is that they are scale-dependent, i.e. values of 

the parameters calculated depend on measurement scale [1, 9].  

 

In contrast, the fractal methods are scale-independent [1, 9]. The popular fractal 

methods used are: e-blanket [10], box counting [11], triangular prism [12] and 

variation [13] methods. Although they are relevant in characterization of 

surfaces, these methods have a major limitation in that they work well only 

with isotropic surfaces, i.e. surfaces that exhibit the same statistical 

characteristics in all directions [9]. Since majority of real surfaces are 

anisotropic, methods that calculate a fractal dimension (FD), the most popular 

fractal measure, in different directions have been developed. Examples of these 

methods are: a Fourier transform [14], a structure function [15] and a modified 

Hurst orientation transform (HOT) [16]. However, information provided by the 

fractal methods about surface texture is rather limited. This is because they 

calculate only a single value of FD at each direction, while real engineering and 

medical surfaces exhibit a multiscale nature in different directions [9, 10]. Thus 

new methods, that calculate FDs at different scales (i.e. fractal signature (FS)) 

and in different directions, were developed. Currently, to the best of the 

author’s knowledge, only two methods have this unique ability to fulfill this 

goal: a fractal signature analysis (FSA) [17] and an augmented HOT method 

[18]. Both methods were already used for quantification of X-ray images of TB 

in subjects with and without knee osteoarthritis (OA) [18, 19]. However, these 

methods do not provide detailed information about the surface texture. This is 

because they calculate FSs only in two directions (vertical and horizontal). 

Therefore, to overcome this limitation a new method that is able to calculate FSs 

in many directions needs to be developed and evaluated on medical and 

engineering surface images. These issues will be addressed in this thesis. 
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In medicine, the method developed would find the applications in the analysis 

of TB textures. There is growing need to develop a cheap, non-invasive and 

reliable decision-support system for the detection and prediction of OA in knee 

joints based on texture descriptors of TB [20-22]. In engineering, detailed 

information about surface textures is of great value in the characterization of 

isotropic and anisotropic surfaces, surfaces of wear particles and textured 

surfaces. Current research is focused on finding the relationships between 

texture features of isotropic and anisotropic surfaces and their friction 

coefficients [3, 4, 23], developing wear particles classification systems [24, 25], 

and optimizing the textured surfaces [26]. 

 

Thus, this thesis is directed towards the development and subsequent 

evaluation of a new system for the characterization of surfaces in both medical 

and engineering practical applications.  

 

Although several attempts have been reported in the literature aiming to 

develop various surface characterization systems, a limited amount of work has 

been conducted, so far, on the practical applications of such systems in both 

medicine and engineering. 
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2. Thesis objectives 

The objectives of this thesis are following: 

 

I. Development of a new surface characterization system which 

includes 

 Methods for calculation of FDs at individual scales in many 

directions, 

 Evaluation of the methods accuracy and performance under 

varying imaging conditions, 

 Method selection. 

 

II. Evaluation of the newly developed system on medical and 

engineering images of TB and anisotropic surfaces including textured 

surfaces, which includes  

 Characterization of TB textures, 

 Characterization of isotropic and anisotropic engineering 

surfaces and wear particles, 

 Characterization of textured surfaces. 
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3. Thesis overview 

The thesis overview is schematically illustrated in Figure 1. 

 

3.1. Chapter 2 (Paper 1): Directional fractal signature analysis of 
trabecular bone. Evaluation of different methods to detect early 
osteoarthritis in knee radiographs 

In this chapter, three new fractal methods for automated surface texture 

characterization were developed and evaluated. The new methods developed 

are:  

 

• fractal signature Hurst orientation transform (FSHOT),  

• variance orientation transform (VOT) and  

• blanket with rotating grid (BRG) methods.  

 

These methods have a unique ability of calculating FSs in all possible directions. 

This ability is important, because most biological and engineering surfaces are 

anisotropic and multiscale objects. In contrast, currently used methods provide 

limited information on the surface textures since they calculate a single value of 

FD for the entire surface image (e.g. box counting [27] or triangular prism [12] 

methods), or calculate FSs in only two directions (e.g. FSA and an augmented 

HOT methods [18]).  

 

The accuracy of the newly developed methods in measuring surface texture 

roughness and anisotropy at individual scales was investigated. For this 

purpose, computer generated fractal surface images with known FDs were 

used. These images are commonly employed in the assessment of surface 

characterization methods for both medical and engineering applications [28-30]. 

The fractal images generated were also used to evaluate the effects of image 

blur and image noise on the performance of these newly developed methods. 

Additionally, the effects of varying radiographic exposure, magnification and 
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projection angle, and effects of translation of the bone region of interest (ROI) 

on the performance of the new methods were investigated using X-ray images 

of a frozen human tibia head.  

 

The results obtained showed that the VOT method is more accurate in 

measuring surface roughness than the other two methods and it is accurate in 

assessment of surface anisotropy. The results also showed that the newly 

developed method is equally sensitive to image noise, blur, magnification and 

projections angle, and is the least affected by the translation of the bone ROI 

than the other methods. 

 

From the work conducted and described in this chapter, it was clear that the 

VOT method is the most accurate method for the analysis of surface textures. 

Thus, the VOT method has a potential to be a valuable tool for characterization 

of both medical and engineering surface textures. This method will be used in 

our next works. 

 

3.2. Chapter 3 (Paper 2): Differences in trabecular bone texture 
between knees with and without radiographic osteoarthritis detected 
by directional fractal signature method 

In this work, the VOT method was used to find the differences in tibial TB 

texture between subjects with and without knee OA. If differences can be 

found, this would indicate that the VOT method can quantify TB bone changes 

occurring in OA knees. The study of TB textures is a part of the on-going 

research on the development of a cheap, reliable and non-invasive system for 

detection and prediction of early knee OA [18, 19, 22].  

 

TB structure changes are related to the development and progression of knee 

OA [31, 32]. It was shown that changes in TB occur in the early stages of OA [32, 

33]. Thus, accurate quantification of TB structure could lead to a development 
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of a reliable decision-support system for early detection of knee OA that could 

assist the medical experts. The most promising approach seems to be a fractal 

analysis of X-ray images of TB [18, 19, 22]. This is because TB exhibits fractal 

properties, i.e. it is self-similar over a wide range of scales [34, 35], and 

radiography is the cheapest and most popular imaging technique used in daily 

clinical practice [36], and X-ray images of TB, called TB texture images, contain 

information that relates to the 3D structure of TB [37].  

 

A cross-sectional case-control study design was used to evaluate differences 

between OA and non-OA TB texture images using the VOT method. Cases (i.e. 

subjects with OA) and controls (i.e. subjects without OA) were individually 

matched by sex, age, body mass index and knee compartment. All cases had 

meniscectomy performed about 20 years earlier. Standing anteroposterior film 

radiographs were acquired from all subjects, digitized and TB ROIs were 

selected on each X-ray image. 

  

The VOT method was applied to the ROIs selected. The results obtained were 

compared against those from a benchmark augmented HOT method. The 

augmented HOT method was chosen, since it is currently the most accurate 

method for the analysis of TB texture images [18]. The results obtained showed 

that the VOT method can successfully differentiate between OA and non-OA 

TB textures. It has also been shown that the VOT and the augmented HOT 

methods are comparable in the reproducibility and in the ability to discriminate 

between non-OA and OA TB textures. Also, the results demonstrated that the 

VOT method produces a more detailed description of OA changes in TB than 

benchmark method since it quantifies TB texture roughness along the roughest 

part of the tibial bone, TB texture anisotropy at individual scales and it works 

over a larger range of scales.  
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In conclusion, the results described in this chapter showed that the VOT 

method can be used for OA detection and it provides more detailed information 

about OA bone changes than other methods. 

 

3.3. Chapter 4 (Paper 3): Trabecular bone texture detected by plain 
radiography and variance orientation transform method is different 
between knees with and without cartilage defects 

The aim of this work was to evaluate the differences in TB texture between non-

OA subjects with and without tibiofemoral cartilage defects using the VOT 

method. If the differences can be detected, this will indicate that the VOT 

method can be used to identify healthy subjects on a pathway to knee OA 

development. The reason is that cartilage defects are important factors in the 

development and progression of knee OA [38-41]. Studies showed that cartilage 

defects are predictive of cartilage loss and knee joint replacement [38, 40]. It was 

also suggested, that subjects with prevalent cartilage defects should be targeted 

for early risk factor modification before the development of clinical knee OA 

[38, 42].  

 

A cross-sectional case-control study design was employed. Cases (i.e. subjects 

with cartilage defects) and controls (i.e. subjects without cartilage defects) were 

individually matched by sex, body mass index, age, knee compartment and 

meniscectomy. Radiographs and magnetic resonance images (MRIs) were 

acquired from all subjects. TB ROIs were selected on the digitized X-ray images, 

while cartilage defects were assessed using MRIs. The VOT method was 

applied to the ROIs selected.  

 

The results obtained showed that the VOT method can be used to quantify the 

differences in TB textures between non-OA subjects with and without cartilage 

defects. This indicates that the VOT method can be a useful tool in not only 



CHAPTER 1 

 

  9 

 

detection but more importantly in the prediction of knee OA, i.e. in the 

identification of subjects who are on a development pathway to knee OA. 

 

3.4. Chapter 5 (Paper 4): Applications of the variance orientation 
transform method to the multiscale characterization of surface 
roughness and anisotropy 

In the previous two chapters it was shown that the VOT method could become 

a valuable tool for detection and prediction of OA in knee joints. However, 

performance of this method in engineering applications has not been yet 

evaluated. Thus, the purpose of this chapter was to evaluate this method. 

Specifically, the sensitivity of the VOT method to minute changes occurring in 

textures of real isotropic and anisotropic 3D engineering surfaces, and surfaces 

of adhesive wear particles generated under different operating conditions were 

investigated. The performance of VOT method was also evaluated on TB 

textures obtained from OA and non-OA knee compartments that were not 

subjected to meniscectomy.  

 

There has been much research conducted on finding a relationship between 

texture of engineering surfaces and friction coefficient based on surface 

parameters [3, 4, 23]. This is, however, a challenging task since most 

engineering surfaces are multiscale and anisotropic objects. This is one reason 

why commonly used surface parameters (e.g. Ra, Rq, or a single FD value 

calculated for the entire surface image) are inadequate [2, 3]. The VOT method 

appears as a promising solution to this problem since it can characterize 

surfaces at different scales and directions. Therefore, the VOT method was 

applied to isotropic and anisotropic real 3D engineering surfaces. The surfaces 

used exhibited the same 3D average roughness Sa. The results obtained showed 

the VOT method could successfully quantify differences in both roughness and 

anisotropy between the surfaces tested.  
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Adhesive wear is a common cause of failure in metal sliding contacts [9, 43]. A 

promising way of its monitoring is through the automated classification of wear 

particles generated during the wear [24, 25].  However, the progress in the 

development of a reliable classification system has been, so far, slow. One 

reason is that commonly used parameters and methods used in the 

characterization of wear particles cannot fully differentiate between adhesive 

particles generated under different operating conditions [24]. This could be 

associated with the fact that the parameters and the methods available do not 

characterize surfaces of wear particles in all possible directions at different 

scales or are not sensitive enough to the minute changes in wear particle 

morphology. Thus, the VOT method was applied to surfaces of adhesive wear 

particles generated under two different loads and sliding times. The results 

showed that the VOT method successfully detects minute changes occurring in 

surface morphologies of wear particles. 

 

The VOT method was also applied to TB texture images from OA and non-OA 

knee joints. TB ROIs were selected in knee compartments without 

meniscectomy. This is an important study since it is unknown to what extent 

the results obtained in Chapters 2 and 3 were affected by this surgery. It was 

found that the differences between TB textures from OA and no-OA subjects 

were similar to those reported in the Chapter 2, suggesting that meniscectomy 

had small effects on OA changes in TB as quantified by the VOT method.   

 

In conclusion, the work described in this chapter shows that the VOT method is 

able to detect minute changes occurring in surface topographies of real 3D 

engineering surfaces, surfaces of adhesive wear particles generated under 

different operating conditions and TB textures. Therefore, the VOT method can 

be eventually used in characterization/description of engineering surfaces, as 

well as in classification of wear particles. The success of the VOT method has 
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also been highlighted by the fact that the meniscectomy had small effects on OA 

TB changes detected by the method.  

 

3.5. Chapter 6 (Paper 5): Effects of information loss in texture details 
due to the PIFS encoding on load and friction in hydrodynamic 
bearings 

In the previous chapters it was shown that the VOT method is the most 

promising tool for applications in the characterization of surface textures in 

medicine and engineering. However, during this PhD study it was realized that 

the VOT method does not provide full information about the individual surface 

features and overall surface texture, especially about the heights, dimensions, 

localizations or orientations of surface features. Such information is crucial in 

the characterization and optimization of textured surfaces (i.e. surfaces with 

tessellated patterns) [26]. These surfaces contain artificially generated 

features/dimples of different shapes, sizes or depths. It was shown that once the 

surface features/dimples are optimized they may significantly improve the 

tribological performance of hydrodynamic bearings, i.e. increase load capacity 

and/or reduce friction. Therefore, a method that can characterize surfaces with 

such features, i.e. textured surfaces, is required. A possible solution is a 

partitioned iterated function system (PIFS) method [26].   

 

In the method, a textured surface image is represented as a set of affine 

transformations, called a PIFS model. This model encapsulates information 

about 3D topography of the textured surface (e.g. dimples depths, sizes, shapes 

and orientation/localization). The model can be iteratively applied to any initial 

image and the original surface image can be reconstructed. However, the 

reconstructed image is not an ideal copy of the original since some loss in 

textured surface details occurs. Therefore, before the PIFS model could be used 

in automated characterization and optimization of textured surfaces in, e.g. 
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bearings, the effects of this information loss on load capacity and friction force 

need to be evaluated first. This issue was addressed in this chapter. 

 

For this evaluation, a fully textured hydrodynamic parallel pad bearing with 

elliptical dimples was used. Examples of textured surfaces were generated, and 

for each surface, the optimal PIFS model that minimizes the information loss 

effects was found.  

 

The results obtained showed that optimal PIFS models were successful in 

encapsulating detailed information about surface texture features that are 

affecting the load capacity and friction in hydrodynamic bearings. This 

indicates that the PIFS method can be used effectively in the characterization 

and optimization of textured surfaces. 

 

3.6. Concluding remarks 

The work presented in this thesis began with the development of three new 

methods (FSHOT, VOT and BRG) for the reliable and accurate characterization 

of surface textures at different scales and directions. The aim was to determine 

whether any of the new methods developed could be used in practical 

applications, e.g. medical and engineering. After initial evaluation, it was clear 

that the VOT method outperformed the other methods. 

 

Good performance of the VOT method was further confirmed by the results 

obtained for both medical and engineering surface images. In particular, the 

VOT method could successfully quantify the differences in TB textures between 

OA and non-OA TB textures, and between non-OA subjects with and without 

cartilage defects. The success of the VOT method was also highlighted by its 

ability to detect the minute changes in surface topographies of real 3D 

engineering surfaces, and surfaces of adhesive wear particles generated under 
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different operating conditions. The VOT method’s ability to calculate FSs in all 

possible directions means that it can be used to characterize anisotropic surfaces 

in a multiscale manner. This is of great importance to both medicine and 

engineering, as real biological and engineering surfaces are anisotropic and 

multiscale objects. However, it was later realized that for characterization of 

textured surfaces, the PIFS model is more suitable than the VOT method. This is 

because the PIFS model is able to encapsulate detailed information about 

individual surface features/dimples.  

 

In conclusion, the VOT method developed can be a useful tool in both medicine 

and engineering. For example, the method can be used to build a decision-

support system based on TB textures for early detection and prediction of joint 

diseases such as OA, or an automated system based on wear particle surface 

morphology analysis for machine condition monitoring. In addition, the VOT 

method can also be used in characterization/description of engineering surfaces. 

Also, the optimal PIFS might be essential in the description of surfaces with 

tessellated patterns (textured surfaces) and their optimization for tribological 

applications.  
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Abstract 

There is ongoing research directed towards the development of cheap and 

reliable decision-support systems for the detection and prediction of 

osteoarthritis (OA) in knee joints. Fractal analysis of trabecular bone texture X-

ray images is one of the most promising approaches. It is cheap and non-

invasive. However, difficulties arise when the fractal signature methods are 

used to quantify bone roughness and anisotropy at individual scales. This is 

because the fractal methods are able to quantify bone texture only in the vertical 

and horizontal directions, and previous studies showed that OA bone changes 

can occur in any direction. To address these difficulties, three directional fractal 

signature methods were developed in this study, i.e.: a fractal signature Hurst 

orientation transform (FSHOT) method, a variance orientation transform (VOT) 

method and a blanket with rotating grid (BRG) method. These methods were 

tested and the best performing method was selected. Unlike other methods, the 

newly developed techniques are able to calculate fractal dimensions (FDs) at 

individual scales (i.e. fractal signature) in all possible directions. The accuracy 
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of the methods developed in measuring texture roughness and anisotropy at 

individual scales was evaluated. The effects of imaging conditions such as 

image noise, blur, exposure, magnification and projection angle and the effects 

of translation of the bone region of interest on texture parameters were also 

evaluated. Computer generated fractal surface images with known FDs and X-

ray images obtained for a human tibia head were used. Results obtained show 

that the VOT method performs better than the FSHOT and BRG methods. 

 

Keywords: knee osteoarthritis, trabecular bone, fractal signature, radiographs 
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1. Introduction 

Trabecular bone (TB) changes its composition, structure and organization with 

the progression of osteoarthritis (OA) in knee joints [1-4]. For example, when 

thickening of TB occurs then its bone volume fraction increases and its mean 

orientation aligns along the vertical direction [2, 5]. Recent findings indicate 

that these changes in bone structure occur in the early stages of OA, even before 

cartilage loss occurs [4, 6, 7]. Hence, there is great interest in the development of 

a bone-based decision support system for the early detection and prediction of 

OA. Such system, when fully developed would provide an objective and 

observer-independent quantification of OA. It could be used for clinical studies 

such as the evaluation of effects of medication, intra-articular injections or 

surgical interventions on the progression of OA. The development of such a 

system has been so far hindered, because currently used methods do not fully 

describe the anisotropy and complexity of TB structure, i.e. they are not able to 

calculate fractal dimensions (FDs) at different scales in all possible directions. 

Subsequently, information provided by these methods may not be sufficient for 

the reliable detection and prediction of OA. In this study, this problem is 

addressed using directional fractal signature methods. 

 

TB has been visualized using various imaging techniques, such as plain [8-10] 

and macro-radiographies [7, 11], magnetic resonance imaging [12, 13], 

scintigraphy [14], micro computed tomography [15, 16] and ultrasound [17]. 

Although all techniques have certain advantages, the plain radiography 

remains the most important imaging technique used in routine clinical 

screening. Main reasons are that the technique is cheap and easy to use [18] and 

it produces 2D projections, called X-ray images of TB texture, containing data 

directly related to the 3D bone structure [13, 15, 16]. Thus, X-ray images will be 

used in this study.  
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Images of TB texture have been quantified by non-fractal and fractal methods. 

The popular non-fractal methods used are co-occurrence matrix [8], 

morphological gradient [19], line fraction deviation [20], mean intercept length 

[21] and Fourier transform analysis [22]. As TB exhibits a fractal property, i.e. it 

is self-similar over a wide range of scales [23-25], fractal methods gained more 

attention. 

 

The most popular measure of TB texture is fractal dimension (FD). Box counting 

[26] and “skyscraper” methods [27] have been used to calculate the dimension 

for the entire texture image. However, a single value of FD provides limited 

information. This is because of the anisotropic nature of TB texture, i.e. its 

statistical characteristic changes with direction [12, 28]. Attempts were made to 

rectify this problem by calculating FDs in different directions. For example, a 

maximum likelihood estimator method and a Minkowski dimension analysis 

have been used to calculate FDs in 36 directions (i.e. every 10 ) [29, 30], and a 

power spectrum method has been used to calculate FDs in 360 directions (i.e. 

every 1 ) [10]. In another method, called a modified Hurst orientation transform 

(HOT) method, FDs are calculated in all possible directions [31]. These 

directions are not predefined, but automatically selected by the algorithm. 

 

Although the above methods correctly characterize the anisotropy of TB, they 

return a single numerical value of FD for each direction over a wide range of 

scales. However, TB changes not only with direction but also with scale [25, 32, 

33]. To account for this, methods that are able to calculate FDs at individual 

scales and in different directions were developed. Currently, to the best of our 

knowledge, two methods have this unique ability, i.e.: a fractal signature 

analysis (FSA) [11] and an augmented HOT method [9]. However, both 

methods calculate a fractal signature (FS) (i.e. FDs at individual scales) only in 

the vertical and horizontal directions. 
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To address this problem, three new directional fractal signature methods, i.e. a 

fractal signature Hurst orientation transform (FSHOT), a variance orientation 

transform (VOT) method and a blanket with rotating grid (BRG) method, were 

developed during this study. These methods produce FDs at different scales 

and in all possible directions. The accuracy of the methods in measuring surface 

roughness and anisotropy at individual scales was also investigated. The effects 

of imaging conditions such as noise (quantum mottle), blur (modulation 

transfer function), exposure, magnification and projection angle and the effects 

of translation of bone regions on texture parameters calculated were evaluated. 

Computer generated fractal surface images with known FD and bone regions 

selected on X-ray images of a human tibia head were used. Results obtained 

from each method were compared and the best performing method was 

selected.  

 

2. Material and methods 

2.1. Directional fractal signature methods 

For the calculation of FSs in different directions three fractal methods have been 

developed, i.e. FSHOT, VOT and BRG methods. The FSHOT and VOT methods 

are based on a HOT method. For clarity, the HOT method will be described 

first. 

 

2.1.1. Surface representation 

Surface data is represented by a digital image of  pixels, where  and 

 are the number of pixels in the horizontal and vertical directions, 

respectively. Assuming that ,  are spatial 

domains ,  and  is the gray-scale level domain , the image 

can be defined as a function which assigns a brightness value  to a pixel at 

location , i.e. .  and  are integer numbers 
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representing coordinates of pixels in  and  spatial domains and  is the 

number of gray-scale level values. 

 

2.1.2. Hurst orientation transform (HOT) method 

The HOT method is a generalization of the rescale range analysis to two 

dimensions [31, 34]. The method involves searching the greatest absolute 

difference between gray-scale values of all pairs of pixels in each direction. The 

search is performed within a circular region. As the region moves across the 

entire image a table of the greatest absolute differences calculated in all possible 

directions is constructed. Based on the table, a Hurst coefficient  is calculated 

for each direction in the following steps: 

 

1. First, a search region  centred at pixel  is selected. Absolute 

differences of gray-scale values of all pairs of pixels  and  

within  are then calculated. These differences together with 

corresponding directions  and Euclidean distances  between the 

pixels are saved in a set 

, where  is the number of 

directions and  is the number of pixels in the direction . The 

direction is defined as an angle between a line running through the pair 

of   and  pixels and the image horizontal x-axis.  

2. Next, a new search region centred at another pixel is selected and the 

step 1 is repeated. Any differences in gray-scale values that are larger 

than those obtained from the previous search region are saved in the set 

. The whole process is repeated until the entire image is analysed.  

3. The resulting set  can be presented as a 2D table  in which rows 

represent directions and columns represent distances: 

 



CHAPTER 2 

 

 25 

 

 

Using this table, a log-log plot of the greatest differences  versus 

distances  is constructed for each direction . A line is fitted to the log-log 

data points using a linear regression and the slope  of this line is calculated. 

This produces a set of Hurst coefficients . The Hurst coefficient 

relates to the  as  [31, 34]. 

 

As an example, the HOT method was applied to the fractal surface images 

shown in Fig. 1(a), (c) and (e). Figure 1(a) represents an isotropic fractal surface 

image with theoretical FD denoted  equal to 2.7. This image was generated 

using a spectral synthesis technique [35]. An anisotropic fractal surface image 

with FDs of 2.6 and 2.2 in the directions of 120  and 30 , respectively (i.e. 

=2.6(2.2) in 120 (30 ) direction) is shown in Fig. 1(c), while a fractal surface 

with =2.6(2.2) in 30 (120 ) direction is shown in Fig. 1(e). These images were 

generated using an inverse Fourier transform method  [36]. The search region 

used in the HOT method was a circular ring that had the inner and outer radii 

equal to 4 and 16 pixels ( ), respectively. The inner radius of 4 

pixels was selected in order to minimize errors due to digitization [31, 34]. The 

Hurst coefficient was calculated in directions containing at least 4 pixels 

( ) [31]. In the above example, 24 directions ( ) had this number of 

pixels. The rose plots of the Hurst coefficients obtained are shown in Fig. 1(b), 

(d) and (f). Since images of fractal surfaces shown in Fig. 1 are small discrete 

samples of continuous fractals, there are differences between the theoretical 

( ) and the calculated ( ) fractal dimensions. 
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2.1.3. Fractal signature Hurst orientation transform (FSHOT) method 

In this method, the number of pixels is first increased in all directions to  (i.e. 

to the number of pixels in the horizontal direction ) and then FSs are 

calculated. The increase in the number of pixels has been achieved in the 

following steps:  

 

I. A search region  centred at pixel  is selected. For this region, a set 

 of absolute differences is obtained using the HOT method. 

II. Using , a new set  is constructed.  is a set of 

pixels in the direction , i.e.  where 

 and . An example of pixels 

that belong to the set  is shown in Fig. 2(a). 

III. For each direction  containing fewer than  pixels, number of  

points , where , are generated along solid lines 

running through the pixels belonging to the sets . The points are 

uniformly spaced along the solid lines and  are real numbers 

representing the horizontal and vertical coordinates, respectively. An 

example of solid lines and points generated is shown in Fig. 2(b). 

IV. Let , i.e. the first direction to be analysed is . The flow chart of steps 

IV, V and VI is shown in Fig. 3(a). 

V. If direction  contains fewer than  pixels,   new pixels are 

added to . These new pixels are selected using points  in three 

steps: 

1. Let . 

2. A 3 3 pixel neighbourhood set centred at the pixel containing 

 is selected. These pixels are ordered in ascending order by 

their distance from the point . Let the ordered set be 

. A new pixel is chosen in the following 

manner: 

(a) Let . 
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(b) If then go to step 3.  

(c) If  &  then  and go to step (b).  

(d) If  &   then direction  is discarded (all 

entries for this direction are removed from the sets  and ) and 

go to step VI. 

(e) Pixel  is added to . 

3. If   then  and go to step 2. 

VI. The next direction is selected (i.e., ) and step V is repeated. This 

procedure continues until . As a result, a set of  ( ) 

directions containing each of  pixels is obtained (Fig. 2(c)). 

VII. For the set of pixels, the absolute differences between gray-scale values 

and the Euclidean distances from the centre of the search region are 

calculated, and then added to the set . 

VIII. Next, the search region  is centred at another pixel, all steps from I to 

VII are repeated and the differences in gray-scale level values that are 

greater than those previously obtained are replaced in the set . The whole 

process is repeated until the entire image is analysed.  

IX. The set  obtained can be represented by the  matrix: 

 

 

 

Using this matrix, for each direction   Hurst coefficients are calculated at 

individual scales. This operation is done in the following manner. First, a log-

log plot of the greatest differences  versus distances  is 

constructed and the plot data points are divided into overlapping sets shifted 

by one data point. Each set contains  (odd number) neighbouring points. 

The middle point of the set is identified and its corresponding distance  

represents an individual scale. A line is then fitted to each set. A slope of the 



CHAPTER 2 

 

 28 

line fitted is a local Hurst coefficient. This produces a set of local Hurst 

coefficients in direction , i.e., , where  

represents the scale number. All coefficients calculated can be presented as the 

matrix: 

 

 

 

The FSHOT method was applied to the fractal surface images shown in Fig. 1(a) 

and (c). A set of five ( ) neighbouring log-log data points was used to 

calculate the local Hurst coefficient. Based on the coefficients calculated rose 

plots were constructed as shown in Figs. 4 and 5. 

 

2.1.4. Variance orientation transform (VOT) method 

The difference between the FSHOT and VOT methods is that the greatest 

absolute differences are replaced in the VOT method (steps VII and VIII) by 

variances. The local Hurst coefficients are calculated as  where  is the 

slope of a line fitted to a log-log plot of the variance against distance [37, 38]. As 

an example, the VOT method was applied to the fractal surface images shown 

in Fig. 1(a) and (c), resulting in the rose plots shown in Figs. 4 and 5. 

 

2.1.5. Blanket with rotating grid (BRG) method 

The BRG method is a generalization of the FSA method [32, 33] into all possible 

directions. Before details of the BRG method are provided, the FSA method will 

be described first.  
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FSA method 

This method is used to calculate FSs in the horizontal and vertical directions as 

follows: 

 

1. Let . 

2. First, the image data is dilated and eroded with a horizontal rod-shape 

(i.e. line) structuring element (SE) of length  pixels and then, the 

dilation and erosion processes are repeated with the SE of length  

pixels. 

3. Next, the surface area  is calculated as 

, where  is the volume enclosed between the 

dilated and eroded images obtained in the step 2. 

4. This process is repeated for increasing lengths , where , 

, and  is the total number of lengths .  

5. A log-log plot of the surface areas   against lengths  is 

constructed and the log-log plot data points are divided into overlapping 

sets ( ) shifted by one data point. A line is fitted to each set. A local 

Hurst coefficient is calculated from the equation , where  is a 

slope of the line fitted. The middle point of each set is identified and the 

length  associated with this point represents an individual scale.  

6. Steps 1 to 5 are repeated using a vertical rod-shape SE. 

7. As a result, a matrix of Hurst coefficients is obtained 

 

 

 

BRG method 

The BRG method involves dilating and eroding the image data at arbitrary 

directions with a horizontal rod-shape SE. Dilated and eroded images are saved 

and then, used to calculate FSs. In the vertical and horizontal directions, the 

calculation of FSs is performed in the same way as with the FSA method. The 
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flow chart of the BRG method is shown in Fig. 3(b). In other directions, the BRG 

method is executed in the following steps: 

 

1. A grid of  pixels is first generated, where  is defined as 

.  

2. The grid is then superimposed on the image in such a way that the image 

and grid are concentric and their borders are parallel.  

3. Let . 

4. The grid is rotated by an angle  around its centre, and all image pixels 

covered by the grid are copied into a new matrix  of size . This 

rotation is performed using a rotating grid procedure developed by 

Geraets [20]. 

5. Surface areas  of  are calculated for each length  using 

horizontal rod-shape SE, where  .  

6. If , then  and go to step 4.  is the total number of 

directions.  

7. The surface areas can be presented in the matrix form:  

 

 

 

Finally, a matrix of Hurst coefficients in different directions is obtained 

from the matrix  as: 
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As an example, the BRG method was applied to the fractal surface images 

shown in Fig. 1(a) and (c). The length of the SE was set to be in a range from 3 to 

16 pixels ( ). For the comparison study, the grid was rotated by 

angles corresponding to these used by the FSHOT and VOT methods ( ). 

This resulted in rose plots of Hurst coefficients shown in Figs. 4 and 5. 

 

2.1.6. Texture parameters 

The newly developed methods produce rose plots of Hurst coefficients at 

individual scales. Since visual quantification of these plots is difficult an ellipse 

is fitted to each rose plot and three texture parameters are calculated [31, 34]: 

 

 Texture minor axis  is a parameter describing the most significant 

roughness component of a surface. It is defined as half the minor axis 

length of the ellipse fitted. The  parameter is used to calculated FD 

using formula , where  denotes calculated FD. 

 Texture aspect ratio  measures texture anisotropy. It is defined as the 

ratio of the minor axis to the major axis of the ellipse. For surface 

exhibiting the same FDs in all direction (i.e. isotropic surface) a circle is 

obtained instead of an ellipse. In this case, the  parameter is one. On 

the contrary, a surface with one dominating direction (i.e. anisotropic 

surface) exhibits lower values of the  parameter. 

 Texture direction  indicates dominating direction of a surface. It is 

defined as the angle between a line parallel to the horizontal axis of the 

image and the major axis of the ellipse.  

 

2.2. Evaluation of the methods 

In order to evaluate the performance of the newly developed methods their 

accuracy in measuring surface roughness and anisotropy was evaluated. The 

effects of imaging conditions such as noise (quantum mottle), blur (modulation 
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transfer function), exposure, magnification and projection angle and the effects 

of translation of bone regions on texture parameters calculated were also 

evaluated. Computer generated fractal surface images with known FDs and TB 

texture regions, selected on X-ray images of a human tibia head were used. All 

images were of size 256  256 pixels with 256 gray-scale levels. The FSHOT and 

VOT methods were applied to the images with the following settings:  

 

 The search region was a ring of inner and outer radii of 4 and 16 pixels 

( ), respectively. 

 Local Hurst coefficients were calculated using five neighbouring log-log 

data points ( ) in directions containing at least four pixels ( ) 

within a range from 0  to 180 . The Hurst coefficients in directions 

between 180  and 360  were assumed to be identical to those between 0  

and 180 . The total number of directions was 24 ( ).  

 

For the BRG method, the length of the SE was ranking from 3 to 16 pixels 

( ) and the grid was rotated at the same angles as those used in the 

FSHOT and VOT methods. Other settings were the same. 

 

In this study, individual scales were numbered from 1 to 9, in ascending order 

using distances  (FSHOT and VOT methods) or lengths  (BRG method). 

Corresponding rose plots of Hurst coefficients were produced by the fractal 

methods developed, i.e. one plot per scale. The , , and  parameters 

were calculated at each individual scale. 

 

3. Results 

3.1. Measurement of surface roughness 

For the evaluation of the accuracy of the newly developed methods in 

measuring FD, 150 isotropic fractal surface images with known FDs were used. 
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These images had  equal to 2.1, 2.3, 2.5, 2.7 and 2.9, respectively. For each 

dimension, 30 images were generated by the spectral synthesis method [35]. As 

an example, an isotropic fractal surface image with =2.7 is shown in Fig. 1(a).  

 

The FSHOT was applied to each image generated and the  parameter was 

calculated at nine scales. For each , the mean and standard deviation (SD) 

values of the  obtained were calculated. This process was repeated for the 

VOT and BRG methods. Mean values of the  were plotted against the scale 

number; as shown in Fig. 6(a-c). It can be seen from this figure that  

increased monotically with increasing  and increasing scale number. The 

exception were the  values calculated using the FSHOT method for the 

images with =2.7 and 2.9. Figure 6(a-c) shows that values of  differ from 

. The maximum differences between  and  were found at the largest 

scale of 9 for the images with =2.1. Mean and SD values of these differences 

were 0.409 0.086, 0.244 0.058 and 0.384 0.122 for the FSHOT, VOT and BRG 

methods, respectively. The SDs obtained for the VOT method exhibited the 

lowest values. The maximum values of SDs were 0.108, 0.058 and 0.122 for the 

FSHOT, VOT and BRG methods, respectively. 

 

Results obtained showed that the VOT method gives the best performance, 

followed by the BRG and FSHOT methods. 

 

3.2. Measurement of surface isotropy and anisotropy  

3.2.1. Isotropy 

To evaluate the accuracy of the FSHOT, VOT and BRG methods in measuring 

surface isotropy, the isotropic fractal surface images previously generated were 

used. 
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The newly developed methods were applied to the surface images and the  

parameter was calculated at nine scales. For each , the mean and SD values 

of  were calculated. The mean values obtained were plotted against the scale 

number; as shown in Fig. 6(d-f). It can be seen from this figure that the highest 

values of  were obtained for the VOT method. The FSHOT method produced 

the lowest values of the parameter. The maximum SD values of 0.198, 0.103 and 

0.186 were obtained for the FSHOT, VOT and BRG methods respectively. 

 

The data obtained indicate that the VOT method is more accurate in measuring 

isotropy than two other methods. 

 

3.2.2. Anisotropy 

The performance of the newly developed methods in measuring surface 

anisotropy was evaluated on two sets of anisotropic fractal surface images. First 

set contained 30 images with =2.6 in the 120  direction and =2.2 in the 30  

direction, while the second set had 30 images with =2.6 in the 30  direction 

and =2.2 in the 120  direction. These images were generated using an inverse 

Fourier transform method [36]. Examples of fractal surface images taken from 

the sets are shown in Fig. 1(c) and (e). 

 

 was calculated for all anisotropic images. For each set of images, the mean 

values of the parameter calculated were plotted against the scale number, as 

shown in Fig. 7(a,b). It can be seen from this figure that the mean values 

calculated for the BRG method were lower than values calculated for the 

FSHOT and VOT methods.  was also calculated for the anisotropic images 

(Fig. 7(c,d)). It was found that the values of the  parameter calculated for the 

VOT and BRG methods were closer to the known directions of 30o and 120o than 

the values calculated for the FSHOT method. The maximum values of SDs of  
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and  calculated were 0.184 and 59.8 , 0.171 and 25.1 , and 0.173 and 20.7  for 

the FSHOT, VOT and BRG methods respectively. 

 

From these results, it appears that the BRG method, followed by the VOT 

method is well suited for the measurement of surface anisotropy. 

 

3.3. Effects of imaging conditions 

3.3.1. Noise 

Radiographic mottle (i.e. noise) affects the calculation of texture parameters 

[38]. There are three components of the mottle: quantum mottle, structural 

mottle and film granularity. In this study, only the effects of quantum mottle on 

texture parameters were investigated. The reason is that quantum mottle is the 

major contributor to the radiographic noise [39, 40]. The mottle was simulated 

by adding Poisson noise to the isotropic and anisotropic fractal surface images 

[31, 38]. Five levels of noise were used, i.e. 5%, 10%, 15%, 20% and 25% [31].  

 

a) Isotropic fractal surface images 

Poisson noise was added to 30 isotropic images with =2.1. These images 

were chosen because low FDs represent the most sensitive case for the study of 

noise effects [38]. The total number of images corrupted by noise was 150, i.e. 30 

images per noise level. 

 

The FSHOT, VOT and BRG methods were applied to these images and the  

and  were calculated. Differences between values of the parameters 

calculated for the images with and without noise were also computed. For each 

noise level, the mean values of the differences obtained were plotted against the 

scale number (Fig. 8). It was found that  increased proportionally to the 

noise level (Fig. 8(a-c)), especially for the noise levels greater than 5%. At these 

levels, changes in the  values were greater than 0.05. A change by 0.05 was 
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considered significant, because previous study showed that the differences in 

FDs calculated for the X-ray images of OA and non-OA tibia bones are about 

0.05 [9]. For the surface images containing 5% of noise, the largest mean SD 

values of the differences calculated for the  were 0.024 0.034, 0.020 0.009 

and 0.019 0.009 for the FSHOT, VOT and BRG methods respectively. The  

parameter decreased proportionally to the noise level (Fig. 8(d-f)). For all 

methods, mean values of  calculated at noise levels greater than 10% 

decreased by more than 0.05. At the 10% level of noise, the greatest mean SD 

values were -0.047 0.072, -0.024 0.022 and -0.028 0.024 for the FSHOT, VOT 

and BRG methods respectively. 

 

b) Anisotropic fractal surface images  

To investigate the effects of quantum mottle on  and , anisotropic images 

previously generated were used. These images had =2.6 in the 120  direction 

and =2.2 in the 30  direction. Poisson noise was added to these images, 

resulting in 150 images corrupted by noise, i.e. 30 images per noise level. 

 

The mean and SD values of the differences in  and  for the images with 

and without noise were calculated and then mean values obtained were plotted 

against the scale number; as shown in Fig. 9. It can be seen from this figure that 

values of  increased for the VOT method (Fig. 9(b)) and decreased for the 

BRG method (Fig. 9(c)), while they changed randomly for the FSHOT method 

(Fig. 9(a)). For all noise levels used, the mean differences in the  parameter 

were lower than 0.05. The exception was the VOT method for the noise level of 

25%, for which a change of 0.052 0.022 was obtained at only first scale. For the 

FSHOT and BRG methods, the maximum values of mean SD obtained at 25% 

noise level were -0.045 0.129 and -0.029 0.036 respectively. Figure 9(d-f) shows 

that the values of  changed considerably for the FSHOT method, while they 

were almost constant for the VOT and BRG methods. The greatest means SD 
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obtained for  were -18.6 66.9 , 1.4 7.2  and 4.9 29.5  for the FSHOT, VOT 

and BRG methods respectively.  

 

The results obtained for images with noise indicate that the fractal methods 

give poor results for noise levels greater than 5%, especially for isotropic fractal 

surface images. The FSHOT method is the most sensitive to the noise presence.  

 

3.3.2. Blur 

Image blur in radiographs is caused by the spread of the light emitted by the 

intensifying screen before it is captured by the film. This effect was simulated 

using a modulation transfer function (MTF) [31, 38]. In this study two MTFs 

were used. The first function models a relatively sharp Kodak Lanex Fine/OG 

screen-film system. The second function models an unsharp Kodak Lanex 

Regular/OG screen-film system. These functions were implemented using 

image convolution with 9  9 kernel operators [31].  

 

a) Isotropic fractal surface images 

MTFs were applied to the 150 isotropic fractal surface images previously used. 

This resulted in 300 images, i.e. two blurred images for each surface image.  

 

 and  were calculated for all images. For each , the mean values of the 

differences between the parameters calculated for the blurred and original 

images were plotted against the scale number; as shown in Fig. 10. It can be 

seen from this figure that the  values decreased at all scales (Fig. 10 (a-f)) 

and the  values increased (Fig. 10(g-l)). For the VOT and BRG methods, 

changes in  and  were proportional to . It can also be seen from this 

figure that the mean differences in  were greater than 0.05. Values of  

parameter calculated by the VOT method were less affected by the blur than the 

values calculated by the other methods. The greatest mean SD values obtained 

for  and  were as follows: for the FSHOT method, -0.401 0.063 and 
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0.325 0.215 respectively; for the VOT method, -0.445 0.010 and 0.068 0.055 

respectively; for the BRG method, -0.421 0.018 and 0.308 0.141 respectively. 

 

b) Anisotropic fractal surface images 

MTFs were also applied to the anisotropic images with =2.6 in the 120  

direction and =2.2 in the 30  direction. Figure 11(a,c) shows that  

calculated considerably increases at all scales. The exception was the VOT 

method, for which a decrease in the parameter values was observed at only 

three largest scales. The differences for the VOT method were the smallest, 

while the largest differences were for the BRG method. The maximum changes 

in  were found for the FSHOT method (Fig. 11(b,d)). The  values obtained 

for the VOT and BRG methods were relatively unaffected by the image blur. 

The greatest mean SD values obtained  and  were as follows: for the 

FSHOT method, 0.301 0.155 and -49.0 74.2  respectively; for the VOT method, 

0.228 0.066 and -4.1 2.7  respectively; for the BRG method, 0.401 0.068 and -

4.5 22.0  respectively. 

 

The results obtained for the isotropic and anisotropic images indicate that the 

VOT and BRG methods are less affected by blur than the FSHOT method. It 

was also observed that the regular screen-film system exhibited greater 

influence on the parameters than the fine screen-film system. 

 

3.3.3. Exposure 

The effects of exposure on the calculation of texture parameters were studied 

using X-ray images of a frozen human tibia bone head stripped from soft tissues 

[31]. Seven X-ray images of the bone taken at the exposures of 2.5, 5, 7.5, 10, 16, 

24, and 30 mAs were used [31]. These images had a pixel resolution of 0.05  

0.05 mm. 44 regions of interest (ROIs) of size of 256  256 pixels were selected 

within the medial compartment on each X-ray image; giving in total 308 TB 

texture ROIs. The ROIs were selected in the following way. First, a reference 
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ROI (the black square shown in Fig. 12) was placed manually under the medial 

cortical plate [9]. Next, 43 ROIs were obtained by translating the reference ROI 

within a rectangle of 456  316 pixels (the white rectangle shown in Fig. 12). The 

size of the rectangle was chosen in such a way that the ROIs translated were 

situated under the cortical plate. Translations were done in steps of 20 pixels. 

 

All methods were applied to the bone ROIs and ,  and  were calculated 

at nine different scales. For each exposure, the mean and SD values of the 

parameters were calculated at different scales, and the mean values obtained 

are shown in Fig. 13. It can be seen from this figure that the texture parameters 

calculated by the FSHOT method varied considerably with exposure (Fig. 

13(a,d,g)), while the parameters calculated by the VOT and BRG methods 

remained at the same level. The exceptions were  and  calculated by the 

VOT method for the X-ray images taken at the exposure of 30 mAs (Fig. 

13(b,e)), and  calculated by the BRG method at the largest scale (Fig. 13(i)). 

The maximum values of SDs obtained for ,  and  were as follows: for 

the FSHOT method 0.076, 0.175 and 80.0  respectively; for the VOT method, 

0.014, 0.066 and 11.9  respectively; for the BRG method 0.039, 0.159 and 40.6  

respectively.  

 

Obtained results showed that the BRG and VOT methods are the least sensitive 

to exposure.  

 

3.3.4. Magnification  

To study the effects of magnification on the texture parameters, 44 bone ROIs 

were selected, in the same way as previously described, on X-ray images of the 

tibia bone taken at magnifications: 1.13, 1.23 and 1.35 [31]. This resulted in 

132 TB texture images, i.e. 44 images per magnification.  
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For each magnification the mean values of ,  and  at nine scales are 

shown in Fig. 14. It can be seen from this figure that the parameters produced 

by the FSHOT method changed rapidly with magnification (Fig. 14(a,d,g)). For 

the VOT and BRG) method, a change in magnification from 1.35 to 1.13 

caused an increase in mean  values by about 0.1 and 0.05 respectively (Fig. 

14(b,c)).  and  remained virtually unchanged. The exceptions were values 

of  calculated at scales 6 to 9 (Fig. 14(e,f)) and the values of  calculated by 

the BRG method (Fig. 14(i)). The maximum values of SDs obtained for ,  

and  were as follows: for the FSHOT method, 0.098,  0.186 and 73  

respectively; for the VOT method, 0.015, 0.093 and 8.5  respectively; for the BRG 

method, 0.035, 0.161 and 40.6  respectively. 

 

The results obtained indicate that the VOT and BRG methods are much less 

affected by the change in magnification than the FSHOT method.  

 

3.3.5. Projection angle  

44 ROIs were selected, in the manner previously described, on X-ray images of 

the tibia bone taken at 0 , 5 , 10 , and 15  [31]. This resulted in 176 TB texture 

images, i.e. 44 images per angle. 

 

For each angle the mean values of ,  and  calculated at nine scales are 

shown in Fig. 15. It was found that the parameters calculated by the FSHOT 

method varied rapidly with projection angle (Fig. 15(a,d,g)). The mean  

values calculated for the VOT and BRG methods changed by about 0.05 with 

projection angle, especially at higher scales (Fig. 15(b,c)).  and  changed 

noticeably (Fig. 15(e,f,h,i)). The maximum values of SDs obtained for ,   

and  were as follows: for the FSHOT method, 0.167, 0.196 and 73.4o 
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respectively; for the VOT method, 0.038, 0.118 and 8  respectively; for the BRG 

method, 0.073, 0.197 and 61.4  respectively.  

 

The results obtained showed that the FSHOT method is most affected by 

changes in projection angle.  

 

3.4. Translation of the region of interest 

The effects of translation of the ROI on texture parameters were investigated 

using a reference ROI shown in Fig. 12. The ROI was translated in the same 

manner as previously described, but with the step of 1 pixel instead of 20 pixels. 

As a result, 12 260 translated versions of the reference ROI were obtained. 

 

,  and  were calculated at nine scales for all ROIs. The mean values of 

the differences between the parameters calculated for the translated ROIs and 

those calculated for the reference ROI are shown in Fig. 16. It can be seen from 

this figure that the differences calculated for the VOT method were smaller than 

the differences calculated for the FSHOT and BRG methods. The greatest 

mean SD values obtained for , and  were as follows: for the FSHOT 

method 0.036 0.033, -0.103 0.093 and 77.2 81.3  respectively; for the VOT 

method, 0.008 0.006, 0.020 0.032 and 0.8 3.1  respectively; for the BRG 

method, -0.021 0.027, 0.106 0.150 and -16.8 14.5  respectively.  

 

These results indicate that the VOT method is the least affected by translation of 

the ROI. 

 

3.5. Global texture parameters 

The accuracy of the VOT method was compared with commonly used fractal 

methods in terms of measuring single global ,  and  values for the 

entire image. The global values were calculated by averaging values of the , 
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 and  parameters obtained at individual scales. The global parameters 

were used since other fractal methods do not produce FDs at different scales in 

all possible directions. 

 

The mean and SD values of  were 2.309 0.044, 2.419 0.041, 2.550 0.041, 

2.694 0.024, and 2.811 0.019 for the isotropic fractal surface images with  

values of 2.1, 2.3, 2.5, 2.7, and 2.9 respectively. The mean values of  and  

calculated for the anisotropic fractal surfaces with =2.6 in the 120  direction 

and =2.2 in the 30  direction, and =2.6 in the 30  direction and =2.2 in 

the 120  direction,  were 0.414 and 28.2 , and 0.457 and 120.2  respectively.  

 

3.6. Computational times 

The computational times required for the newly developed methods to process 

an image were about 3.5 s, 4 s and 33.5 s for the FSHOT, VOT and BRG 

methods, respectively. The methods were implemented in Matlab and they 

were executed on Unix computer (Solaris Sun-Fire-V440) with 1.2 GHz clock. 

 

4. Discussion 

For the characterization of trabecular bone texture images, three new methods 

were developed, i.e. a FSHOT, a VOT and a BRG method. Unlike other 

methods, these newly developed methods are able to calculate FDs at 

individual scales (i.e. FS) in all possible directions. For these methods, special 

algorithms were developed to ensure that there are sufficient data points for the 

calculation of FS in different directions. 

 

The accuracy of the newly developed methods in measuring surface roughness 

was investigated using computer generated isotropic fractal surface images 

with known . The results obtained showed that the VOT method is more 

accurate in measuring FSs than the FSHOT and BRG methods. The poor 
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performance of the FSHOT method can be explained by the fact that in this 

method the greatest differences in gray-scale level values are used, and the 

presence of even a single pair of pixels with “unusually large difference” can 

considerably alter the calculation results of FDs [36]. This problem could be 

overcome in two ways, i.e.: by discarding any large differences [36] or by 

calculating differences between averaged gray-scale level values in 3  3 pixel 

regions [31]. The first approach is not used since it is not practical. It would 

require the manual examination of an image and the rules by which “unusually 

large differences” would be recognized are not defined. The second way is also 

not used in this study. This is because the use of 3  3 pixel regions lying in one 

direction can affect the calculation of FDs in other directions. The weaker 

performance of the BRG method, compared with the VOT method, may be 

attributed to the fact that the rotating grid is smaller than the image and during 

its rotation it does not cover the same part of the image area, i.e. some parts of 

the image (e.g. corners of the image) are not covered [20]. One possible solution 

could be through the rotation of an image around its centre [30], instead of the 

use of the rotating grid. Other possible solution could be through the dilation 

and erosion of an image in arbitrary directions using either the interpolated 

line-structuring elements or the band-limited line-structuring elements [41]. 

However, rotation of an image could lead to errors in the calculation of FDs 

since for this solution interpolated data are required [42]. For the same reason, 

using the interpolated elements could lead to errors in the calculation of FDs. 

 

Although the VOT method is more accurate in measuring surface roughness 

than the FSHOT and BRG methods, the calculated  differed from . 

Ideally, the  values should be equal to . However, the values of the  at 

individual scales differed from . The differences between  and  arise, 

first, because computer generated fractal surface images are discrete samples of 

continuous fractals and consequently, the values of  are only approximately 

known, and second, because the methods developed use different image 
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characteristics in the calculation of FDs. However, it is generally accepted that 

the accuracy per se with the  is of secondary interest, as long as  changes 

monotonically with  and the relative comparison between surface texture 

images exhibiting different roughness is of prime interest [31, 43-45]. The results 

obtained showed that the VOT method clearly separates surfaces of different 

roughness. 

 

The accuracy of the VOT method was compared to commonly used fractal 

methods. It was found that the global parameter  values are comparable to 

the results obtained using the modified HOT [31], blanket  [38], box counting 

[44, 46], intensity variance [38], triangular prism [47], or isarithm [47] methods. 

When computing  a linear regression calculated on variance data along a 

certain direction (similar to the HOT method) or a median value can be used 

instead of the average value. They may provide a more robust measure than the 

average value. 

 

The accuracy of the newly developed methods in measuring surface anisotropy 

was also investigated. The result obtained showed that the texture aspect ratio 

 and texture direction  parameters are correctly calculated by the VOT. 

The accuracy of the VOT method in measuring surface anisotropy was 

compared with the modified HOT method [31]. In the previous study [31], the 

calculated values of  and  for the anisotropic fractal surface images with 

=2.2 in the 30  direction and =2.8 in the 120  direction, and =2.8 in the 

30  direction and =2.2 in the 120  direction, were 0.325 and 32.0 , and 0.223 

and 122.7  respectively. These results indicate that the accuracy of the VOT and 

modified HOT methods in measuring surface anisotropy is comparable.  

 

The VOT method, however, has some limitations. The first limitation is 

associated with the fact that the VOT method uses results obtained from the 
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HOT method (Section 2.1.3). Specifically, some directions returned by the HOT 

method might not be used for the calculation of FDs at individual scales. This 

happens when no more pixels can be added in a given direction, since all 

potential pixel candidates have been already used in other directions. This 

limitation can be overcome if same pixels are used twice or more times. 

However, this produces overlapping data between different directions and 

subsequently, it could be difficult to detect precisely directions in which OA 

changes in TB structure might occur. The second limitation is that new pixels 

added do not lie precisely along one direction. Consequently, the individual 

scales (distances ) can be different from those scales used in the horizontal 

and vertical directions. These limitations could be overcome by interpolation. 

Specifically, instead of adding pixels in different directions in the VOT method, 

the method could be modified in such a way that FDs at individual scales are 

calculated from the points generated along solid lines (marked as full circles in 

Fig. 2(b)). This would require the interpolation of gray-scale level values at 

locations occupied by these points. Another possibility is to directly interpolate 

Hurst coefficients at locations occupied by the points. However, these 

interpolations could lead to errors in the calculation of FDs for both fractal 

surfaces and TB texture images, since artificially generated data (i.e. 

interpolated data) are used instead of the actual gray-scale values of pixels. 

 

Effects of quantum mottle (i.e. noise) on the texture parameters were 

investigated. The results showed that the  values calculated for the isotropic 

fractal surface images increased at all scales, especially for the noise levels 

greater than 5%. The increase in  was expected, since noise adds high 

frequency components to the image spectrum [38]. Opposite effects (i.e. 

decrease in ) were observed when the newly developed methods were 

applied to the blurred isotropic fractal surface images. The reason is that the 

image blur attenuates high frequency components and this causes a decrease in 

FDs [38]. It was also observed that the effects of blur and noise were more 
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prominent at lower scales than at higher scales. This is because lower scales are 

associated with high frequency components [48]. From the results obtained, it 

appears that for the comparison studies of knee trabecular bone texture, 

radiographs should be taken using the same screen-film system and the level of 

radiographic noise should be as low as possible (i.e. less than 5%). 

 

The effects of exposure on the FDs calculated by the VOT method were 

marginal. The visible changes (i.e. the increase in mean  values by about 

0.03) were observed only for the X-ray images taken at the maximum exposure 

of 30 mAs. The reason is that at high exposures the transmission of light 

through the film is low, which causes an increase in digitisation noise [31, 49]. 

However, the effects of exposure were small enough to be confident that the 

VOT method can be successfully applied to X-ray images taken at different 

exposures. 

 

The effects of magnification on the calculation of the FDs using the VOT 

method were also investigated. The results showed that a change in 

magnification from 1.35 to 1.13 caused an increase in the mean  values by 

about 0.1. The reason is that the images taken at higher magnifications contain 

detailed information about TB texture [31]. Results obtained show that for the 

comparison studies of TB bone texture knee radiographs should be acquired 

with the same magnification. 

 

The effects of projection angle on the calculation of the FDs using the VOT 

method were also investigated. It was found that the change in projection angle 

by 15  caused a decrease in the mean  values by about 0.05. From the results 

obtained, it appears that all possible precautions should be taken to ensure that 

radiographs are taken at similar projection angles (i.e. less than 15 ). 
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Translation of the ROI had marginal effects on the calculation of FDs using the 

VOT method, i.e. the mean  values were changed by less than 0.01. This 

indicates that the VOT method would produce consistent results for ROIs that 

were either manually [9], semi-manually or automatically [50] selected on X-ray 

image. 

 

The computational time required for the VOT method to process an image is 

about 4 s on Unix computer with 1.2 GHz clock. Although this time is small, it 

can be further reduced by using a faster computer and by optimising source 

code. This indicates that the real-time application of the VOT method is possible 

on PC computers. 

 

It might be argued that the application of the fractal methods developed in a 

clinical setting may be limited due to image blur associated with the positioning 

of subjects (e.g. small movements at the time of the radiographic examination) 

and the presence of soft tissues. One possibility, which could help to overcome 

this problem, is the use of a standardized rig for the acquisition of trabecular 

bone radiographs. Such rig has already been developed and used in a 

radiological clinic [51]. 

 

The ultimate goal is to develop a fully automated decision support system for 

the early detection and prediction of OA in knee joints based on X-ray images of 

TB texture. The newly developed methods will be a part of such a system. 

However, before this system could be use in practice, the fractal methods 

should be thoroughly evaluated using knee radiographs taken in a routine 

clinical setting. Future research will focus on a further development of bone 

texture parameters, including studying correlations between trabecular bone 

and cartilage defects and building regression models for the prediction of OA in 

a clinical setting. 
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5. Conclusions 

From the work conducted the following conclusions can be drawn: 

 

 Three new methods, i.e. FSHOT, VOT and BRG methods, were 

developed for the directional FS analysis of TB texture (i.e. based on the 

calculation of FDs at individual scales in all possible directions). The 

performance of the methods was evaluated using computer-generated 

fractal surface images and X-ray images of a frozen human tibia head 

stripped from soft tissues.  

 The accuracy of the newly developed methods in measuring surface 

roughness and anisotropy at individual scales was investigated. The 

results obtained showed that the VOT method is more accurate in 

measuring surface roughness than the other two methods and it is 

accurate in assessment of surface anisotropy. 

 The effects of imaging conditions on the performance of the methods 

were investigated. It was found that the methods are sensitive to noise 

(>5%), blur, magnification and projection angle. The VOT and BRG 

methods are less affected by the varying exposure, magnification and 

projection angle than the FSHOT method. 

 The effects of translation of TB ROI selected on X-ray images were 

studied. The VOT method is the least affected by the region translation. 

 From results obtained it appears that the VOT is the most accurate and 

reliable method for the analysis of X-ray images of TB texture. 
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(a) (b) 

  
(c) (d) 

  
(e) (f) 

Figure 1. (a) Isotropic fractal surface image with =2.7, (c,e) anisotropic 

fractal surface images with  =2.6 in the 120  direction and =2.2 in 

the 30  direction, and =2.6 in the 30  direction and =2.2 in the 120  

direction respectively. (b,d,f) Rose plots of Hurst coefficients calculated 

using the HOT method for the images shown in (a), (c) and (e) 

respectively.  
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(a) (b) 

 
(c) 

Figure 2. Schematic illustration of the algorithm used to add pixels to 

different directions: (a) Sets of pixels (marked as ) produced by the 

HOT method in directions , (b) points (marked as ) generated 

along solid lines in the directions , (c) new pixels (marked as ) 

added to directions . An asterisk (*) denotes the pixel located in 

the centre of the search region. A quarter of the search region is shown.  
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(b) 

Figure 3. Flow charts of (a) the algorithm steps IV-VI used in the 

FSHOT method and (b) the BRG method. 
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(a) Scale 1 (b) Scale 2 (c) Scale 3 

   
(d) Scale 4 (e) Scale 5 (f) Scale 6 

   
(g) Scale 7 (h) Scale 8 (i) Scale 9 

Figure 4. Rose plots of Hurst coefficients at nine scales calculated for the 

isotropic fractal surface image with =2.7 shown in Fig. 1(a) using the 

FSHOT ( ), VOT ( ) and BRG ( ) methods. 
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(a) Scale 1 (b) Scale 2 (c) Scale 3 

   
(d) Scale 4 (e) Scale 5 (f) Scale 6 

   
(g) Scale 7 (h) Scale 8 (i) Scale 9 

Figure 5. Rose plots of Hurst coefficients at nine scales calculated for the 

anisotropic fractal surface image with =2.6 in the 120  direction and 

=2.2 in the 30  direction shown in Fig. 1(c) using the FSHOT ( ), 

VOT ( ) and BRG ( ) methods. 
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(a) FSHOT (b) VOT (c) BRG 

   
(d) FSHOT (e) VOT (f) BRG 

Figure 6. (a-c) The FDs  and (d-f) the texture aspect ratios  

calculated at nine scales for the isotropic fractal surface images using the 

FSHOT, VOT and BRG methods. Markers denote the mean values and 

whiskers denote the SD values of  and  calculated for the images 

with  values of 2.1 ( ), 2.3 ( ), 2.5 ( ), 2.7 ( ), and 2.9 (

). 30 images were used per . 
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(a)  (b)  

  
(c)  (d)  

Figure 7. Mean values of the texture aspect ratios  and the texture 

directions  calculated at nine scales for the anisotropic fractal surface 

images (a,c) with =2.6 in the 120  direction and =2.2 in the 30  

direction, and (b,d) =2.6 in the 30  direction and =2.2 in the 120  

direction, using the FSHOT ( ), VOT ( ) and BRG ( ) 

methods. 30 images were used per anisotropic surface. 
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(a) FSHOT (b) VOT (c) BRG 

   
(d) FSHOT (e) VOT (f) BRG 

Figure 8. Effect of Poisson noise on (a-c) the FDs  and (d-f) the texture 

aspect ratios  calculated at nine scales for the isotropic fractal surface 

images with =2.1 using the FSHOT, VOT and BRG methods. Markers 

denote the mean values of the differences in the  and  values 

calculated for the surface images with and without noise at noise levels of 

5% ( ), 10% ( ), 15% ( ), 20% ( ), and 25% ( ). 30 images 

were used per noise level. 
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(a) FSHOT (b) VOT (c) BRG 

   
(d) FSHOT (e) VOT (f) BRG 

Figure 9. Effect of Poisson noise on (a-c) the texture aspect ratios  and (d-f) 

the texture directions  calculated at nine scales for the anisotropic fractal 

surface images with =2.6 in the 120  direction and =2.2 in the 30  

direction, using the FSHOT, VOT and BRG methods. Markers denote the mean 

values of the differences in the  and  values calculated for the surface 

images with and without noise at noise levels of 5% ( ), 10% ( ), 15% (

), 20% ( ), and 25% ( ). 30 images were used per noise level. 
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Figure 10. Effect of image blur (Lanex Regular/OG and Lanex Fine/OG) on (a-f) 

the FDs  and (g-l) the texture aspect ratios  at nine scales calculated for 

the isotropic fractal surface images using the FSHOT, VOT and BRG methods. 

Markers denote the mean values of the differences in the  and  values 

calculated for the surface images with and without blur. Images had  

values of 2.1 ( ), 2.3 ( ), 2.5 ( ), 2.7 ( ), and 2.9 ( ). 30 images 

were used per . 
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Figure 11. Effect of image blur (Lanex Regular/OG and Lanex Fine/OG) 

on (a,c) the texture aspect ratios  and (b,d) the texture directions  at 

nine scales calculated for the anisotropic fractal surface images =2.6 in 

the 120  direction and =2.2 in the 30  direction, using the FSHOT (

), VOT ( ) and BRG ( ) methods. Markers denote the mean 

values of the differences in the  and  values calculated for the 

surface images with and without blur. 30 images were used per blur. 
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Figure 12. A reference ROI (black square) selected on X-ray image of a 

human tibia head. The white rectangle is constructed by enlarging the black 

square by 200 and 60 pixels in horizontal and vertical directions 

respectively.  
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(a) FSHOT (b) VOT (c) BRG 

   
(d) FSHOT (e) VOT (f) BRG 

   
(g) FSHOT (h) VOT (i) BRG 

Figure 13. Mean values of (a-c) the FDs , (d-f) the texture aspect ratios  

and (g-i) the texture directions  calculated at nine scales for TB texture 

images using the FSHOT, VOT and BRG methods. Markers denote the mean 

values of the parameters calculated for the images taken with exposures of 2.5 

mAs ( ), 5 mAs ( ), 7.5 mAs ( ), 10 mAs ( ), 16 mAs ( ), 24 

mAs ( ), 30 mAs ( ). 44 images were used per exposure. 
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(a) FSHOT (b) VOT (c) BRG 

   
(d) FSHOT (e) VOT (f) BRG 

   
(g) FSHOT (h) VOT (i) BRG 

Figure 14. Mean values of (a-c) the FDs , (d-f) the texture aspect ratios  

and (g-i) the texture directions  calculated at nine scales for TB texture 

images using the FSHOT, VOT and BRG methods. Markers denote the mean 

values of the parameters calculated for the images taken with magnifications 

of 1.35 ( ), 1.23 ( ), 1.13 ( ). 44 images were used per 

magnification. 
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(a) FSHOT (b) VOT (c) BRG 

   
(d) FSHOT (e) VOT (f) BRG 

   
(g) FSHOT (h) VOT (i) BRG 

Figure 15. Mean values of (a-c) the FDs , (d-f) the texture aspect ratios  

and (g-i) the texture directions  calculated at nine scales for TB texture 

images using the FSHOT, VOT and BRG methods. Markers denote the mean 

values of the parameters calculated for the images taken with projection 

angles of 0  ( ), 5  ( ), 10  ( ), 15  ( ). 44 images were used per 

angle. 
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(a)  (b)  (c)  

Figure 16. Effect of translation of the ROI on (a) the FDs , (b) the texture 

aspect ratios , and (c) the texture directions  calculated at nine scales for 

TB texture images using the FSHOT ( ), VOT ( ) and BRG ( ) 

methods. Markers denote the mean values of the differences in the 

parameters calculated for the translated ROIs and the reference ROI. 12 261 

images were used. 
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Abstract 

Objective: To evaluate differences in tibial trabecular bone (TB) texture between 

subjects with and without radiographic knee osteoarthritis (OA) using a 

variance orientation transform (VOT) method.  

 

Design: Subjects with knee OA (Kellgren & Lawrence grade 2) and controls 

without OA (both n=26, seven women) were matched by sex, age, body mass 

index and compartment. The VOT method was applied to TB X-ray images and 

fractal signature and dimension in horizontal ( , ) and vertical ( , ) 

directions and along the roughest part of TB ( , ), texture aspect ratio 

( ) and signature ( ), and mean FD ( ) were calculated. The VOT 

method was compared against an augmented Hurst orientation transform 
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(HOT) method using paired t-tests, intraclass correlation coefficients (ICCs) and 

coefficients of variation (CVs%). Longitudinal sensitivity to OA bone changes 

was not assessed. 

  

Results: For the reproducibility of texture parameters, ICCs were >0.75 and 

CVs% were <8.2% for both methods. Compared with controls, , , 

 and  for OA knees were lower (P<0.001), while  was higher in both 

medial (P=0.03) and lateral (P=0.02) compartments. ,  were lower for 

OA knees than for controls at sizes 0.3–0.7 mm (P<0.001) in both compartments. 

In lateral compartment,  for OA knees was lower than for controls at sizes 

0.3–0.5 mm (P<0.001) and 0.55-0.70 mm (P<0.02), while in medial compartment 

at sizes 0.3–0.7 mm (P<0.001). Compared with controls,  for OA knees was 

higher at sizes 0.3, 0.55-0.70 mm in medial (P<0.03) and lateral (P<0.04) 

compartments. 

 

Conclusions: The VOT method is comparable to HOT method in the 

reproducibility of texture parameters and the ability to discriminate between 

non-OA and OA TB textures. However, unlike the HOT method, it quantifies 

texture roughness along the roughest part of the tibial bone, texture anisotropy 

at individual trabecular sizes and it works over a larger range of trabecular 

sizes. The VOT method may be a valuable tool for studying OA changes in TB. 

 

Keywords:  plain radiography, trabecular bone, fractal analysis, osteoarthritis 
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1.  Introduction 

Trabecular bone (TB) structure and organization changes are associated with 

the development and progression of osteoarthritis (OA) [1-3]. Studies indicate 

that changes in TB structure occur in early stages of OA [3, 4]. Therefore, there 

is a growing interest in quantifying OA bone changes for diagnostic and 

prognostic purposes. The most promising approach appears to be a fractal 

analysis of radiographic images of TB. The reasons are following: (i) TB exhibits 

fractal properties, i.e. it is self-similar over a wide range of scales [5, 6], (ii) 

radiography is the cheapest and most popular imaging technique used in 

routine clinical screening [7], (iii) radiography is a 2D projection technique 

containing data directly related to the underlying 3D TB structure (TB texture 

image) [8, 9], (iv) differences in trabecular bone structure between non-OA and 

OA knees can be quantified using fractal methods [10, 11], and (v) TB texture 

images contain information that is useful for the prediction of knee OA [12]. 

 

Of the many fractal methods used to analyse bone textures, a fractal signature 

analysis (FSA) and an augmented Hurst orientation transform (HOT) method 

were found particularly useful [10, 11]. Unlike other methods, they provide 

measures of TB texture roughness at different scales in the vertical and 

horizontal directions. In addition, the HOT method provides a measure of 

texture roughness along a direction of the roughest part of the tibial bone and a 

degree of TB anisotropy [10]. Although these methods are useful, they do not 

measure TB structure at different trabecular sizes in all directions. Since 

morphometric and anisotropy measures of TB change with spatial resolution 

[13], and TB changes in OA knee joints might occur in directions other than 

vertical and horizontal [2], methods that are able to calculate fractal dimensions 

(FDs) at individual scales (i.e. at individual trabecular sizes) in all possible 

directions are required. 
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Recently, three new methods have been developed and used to calculate FDs at 

individual scales (i.e. fractal signature) in all possible directions, i.e.: a fractal 

signature Hurst orientation transform (FSHOT) method, a variance orientation 

transform (VOT) method and a blanket with rotating grid (BRG) method [14]. 

The accuracy of these methods in measuring texture roughness and anisotropy 

was evaluated using computer generated fractal surface images and X-ray 

images of a proximal human tibia. The VOT method performed better than 

other two methods when radiographic conditions were varied, i.e.: noise (5%-

25%), blur (regular and fine screen-film systems), exposure (2.5-30 mAs), 

magnification ( 1.13, 1.23 and 1.35), and projection angle (0 -15 ) [14]. 

However, the VOT method was not evaluated for quantifying differences in the 

structure of TB in subjects with and without radiographic OA.  

 

The present study evaluates the VOT method to quantify differences in TB 

texture between X-ray images of OA and non-OA tibia bones that were 

matched by age, sex, body mass index (BMI) and knee compartment. The 

results obtained were compared against results published for the augmented 

HOT method [10]. 

 

2. Subjects and methods 

2.1. Subjects and radiographic technique 

A cross-sectional case-control study design was used. The study sample and 

radiographs were identical to our previous study [10]. In brief, case and control 

subjects (both n=26, seven women) were individually matched by age, sex, BMI 

and medial or lateral compartment. All cases had medial meniscectomy and 

medial compartment radiographic knee OA. Meniscectomy was performed 17-

22 years earlier [15]. Controls were randomly selected from the general 

population but they were without knee surgery, meniscal or cruciate ligament 

injury and radiographic knee OA (no signs of osteophytes or joint space 
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narrowing (JSN) on anteroposterior radiographs) (Table 1) [10, 15]. Knee 

symptoms were not part of the criteria used for sampling or matching, neither 

for cases nor controls. 

 

Standing anteroposterior film radiographs were acquired from all subjects. 

Knee joints were assessed for JSN and osteophytes [10]. Radiographic knee OA 

was defined as Kellgren & Lawrence (K&L) grade 2 or worse. Radiographs 

were digitized to 256 bit gray-scale with 0.05 mm  0.05 mm resolution. 

 

2.2. Regions of interest (ROI) 

TB ROIs were 256  256 pixels, located in the mid-tibial plateau and identical to 

those used in the Ref. [10]. The ROIs were selected manually on the 

subchondral bone immediately under the medial and lateral cortical plates of 

the tibia. The landmarks used for this selection were: tibial borders, tibial spine, 

fibula head and cortical plates. Epiphyseal bone and physis were not 

considered in the selection of ROIs. Knee radiograph with selected TB regions is 

shown in Fig. 1.  

 

2.2. VOT method 

The VOT method calculates FSs in all possible directions. The FSs calculated are 

used to obtain texture roughness and anisotropy parameters at individual 

scales [14]. This method is based on calculating absolute differences in gray-

scale level values for all pairs of pixels within a circular search region (the inner 

and outer radii were 4 and 16 pixels, respectively) that moves across the ROI. 

The differences obtained from each search region, along with the corresponding 

directions and distances between the pixels, are stored in a set. Variances of the 

differences stored are calculated for each direction and distance. For each 

direction, variances obtained are plotted using log-log coordinates against 

distances. The log-log data points are divided into overlapping sets shifted by 
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one data point and a line is fitted to each set (each set has five data points). 

From the slope of the line fitted, a Hurst coefficient ( ) at individual scale is 

calculated. The coefficient relates to fractal dimension (FD) as . Hurst 

coefficients obtained at each scale are plotted using polar coordinates as a 

function of direction. Based on ellipses fitted to the rose plots of Hurst 

coefficients, the following nine texture parameters are calculated: 

 

 Fractal signature along a direction of the roughest part of the tibial bone 

( ). This parameter is defined as the set of FDs calculated at 

individual scales (i.e. trabecular texture image sizes) in directions of the 

roughest parts of the tibial bone. This direction is the angle between a 

line parallel to the horizontal axis of the image and the major axis of the 

ellipse fitted. The FD at individual scale is calculated using the formula 

, where  is half the minor axis length of the ellipse fitted at a 

given scale.  characterizes changes in TB texture roughness at 

different trabecular image sizes and it is associated with the principal 

loading direction of the TB. Characterization of TB texture at different 

scales provides valuable information on TB changes in OA [10, 11]. 

 Fractal signature in the horizontal ( ) and vertical ( ) directions. 

These parameters are defined as the set of FDs calculated at individual 

scales in the horizontal or vertical directions. OA changes in TB at 

different scales in these two directions are significant [10, 11]. 

 Texture aspect ratio signature ( ) is defined as the set of ratios of the 

minor axes to the major axes of the ellipses fitted. It measures a degree of 

bone texture anisotropy at different trabecular image sizes. It takes 

values between 0 and 1. The lower the values of this parameter, the 

higher the TB anisotropy is. TB anisotropy changes with OA [4, 10]. 
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 Minor axis fractal dimension ( ). This parameter is calculated as the 

mean of .  represents the overall roughness of TB texture along 

a direction of the roughest part of the tibial bone.  

 Mean ( ), horizontal ( ) and vertical ( ) fractal dimensions. 

 measures the overall roughness of TB texture and is defined as 3 

- (the mean of all Hurst coefficients).  and  are calculated as the 

mean of  and , respectively.  and  measure the overall 

roughness of TB texture in the horizontal and vertical directions, 

respectively. 

 Texture aspect ratio ( ) is calculated as the mean of  . It measures 

the overall degree of TB texture anisotropy.  

 

The VOT method was applied to TB ROIs and Hurst coefficients were obtained 

for scales ranging from 0.3 to 0.7 mm in steps of 0.05 mm. 

 

2.3. Augmented HOT method 

The VOT method was compared against an augmented HOT method [10] using 

statistical analyses listed in the next section. The latter method is an augmented 

version of the modified HOT method [16]. The augmented HOT method was 

chosen since it produces a more detailed description of OA changes than a FSA 

benchmark method [10]. This augmentation to the modified HOT method was 

achieved by adding  and . The modified HOT method is based on 

searching the greatest absolute differences of gray-scale level values of all pairs 

of pixels within a circular search region that moves across the entire ROI [10]. 

The greatest differences, along with corresponding distances between the pixels 

and directions are used to build a HOT image. The image is used to construct a 

log-log plot of the greatest differences versus distances for each direction. Based 

on the log-log plots, Hurst coefficients are calculated. The Hurst coefficients are 

plotted using polar coordinates as a function of direction and an ellipse is fitted 
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to this plot. Based on the ellipse fitted and the Hurst coefficients the following 

five texture parameters are calculated: , , ,  and . To add 

 and , first, data points of the HOT image that correspond to the 

horizontal and vertical directions are extracted. For each direction, these data 

points are then divided into overlapping data sets (each set has seven data 

points) that are shifted by one data point. From the slope of the line fitted to 

each set, a Hurst coefficient at individual scale is calculated and  and  are 

obtained. 

 

The augmented HOT method was applied to TB ROIs and Hurst coefficients 

were obtained for scales ranging from 0.3 to 0.65 mm in steps of 0.05 mm. 

 

2.4. Data analysis 

The following statistical analyses of the texture parameters were performed 

[10]: 

 

 Reproducibility of texture parameters was evaluated using intraclass 

correlation coefficient (ICC) and a coefficient of variation (CV%). For this 

purpose, bone ROIs were selected by three investigators. One 

investigator was trained for the selection of bone ROIs, while two others 

were not trained. To assess intra-rater reproducibility, each investigator 

selected the bone ROIs twice at different times. 

 Ability to discriminate between non-OA and OA TB textures was 

evaluated using paired samples t-tests and Wilcoxon signed-rank tests. 

The tests were two tailed and P<0.05 was considered significant. Shapiro-

Wilk tests were used to check normality in texture parameters and 

P<0.01 was assumed non-normal. Longitudinal sensitivity to OA change 

was not assessed in this study. 
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 The VOT and augmented HOT method methods were also compared 

using Bland and Altman plots [17], 95% limits of agreements (LOAs) 

[17], CVs% and biases for  and  at sizes 0.3–0.65mm, , 

, ,  and . A weighted least products regression (WLPR) 

analysis was used to test for the presence of fixed and proportional 

biases [18]. LOA was defined as d±2s, where d is the mean difference of 

pairs of values of texture parameters, and s is the standard deviation of 

the differences. However, a good agreement between the methods is 

assumed if LOA lies between -0.05 and 0.05. The assumption is based on 

results obtained in previous studies [10, 19]. It was showed that 

differences in FDs for OA and non-OA knee joints are about 0.05.  

 

SPSS 16 software (SPSS Inc., Chicago, IL, USA) was used for statistical 

calculations.  

 

3. Results 

3.1. Reproducibility 

The ICC values of intra-rater and inter-rater reproducibility of texture 

parameters were 0.94 or higher (Table 2), except for the  parameter (ICC from 

0.76 to 0.86). The values of CV% were between 0.44% and 1.62% for , 

,  and , and between 5.21% and 7.67% for  (Table 2). 

 

3.2. Controls vs. cases 

The Shapiro-Wilk tests indicated that differences between parameters were 

approximately normally distributed (P>0.01), except for differences calculated 

for  and  at size 0.30 mm in the medial tibial plateau ROI, and for  

at size 0.30 mm in both medial and lateral tibial plateau ROIs. For these 

parameters, Wilcoxon signed-rank tests were used. 
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Compared with controls, the values for OA knees of , ,  and 

 calculated using the VOT method were significantly lower (P<0.05) over 

trabecular image sizes 0.3–0.7 mm in both ROIs (Table 3). In both ROIs, the 

values of  calculated for the OA knees were significantly higher (P<0.05) than 

those obtained for controls over sizes 0.3–0.7 mm (Table 3). 

 

In both medial and lateral tibial plateau ROIs, ,  and  calculated 

using the VOT method for OA knees were significantly lower (P<0.05) than 

those obtained for controls at sizes 0.3–0.7 mm (Table 4). Compared with 

controls, TB in OA knees showed significantly higher  (P<0.05) at sizes 0.3 

and 0.55–0.70 mm (Table 4). 

 

3.2. VOT method vs. augmented HOT method 

The best agreement between the methods was obtained for . The LOA 

calculated was -0.02 0.2 and the corresponding Bland and Altman plot is 

shown in Fig. 2.  

 

For the VOT method, the lowest (3.8%) and highest (17.9%) values of CV% were 

obtained for  at size 0.70 mm and , respectively. For the augmented HOT 

method, the values of CV% were 5.1% and 21.6% for  and , 

respectively (Table 5). 

 

The WLPR analysis showed positive fixed biases (95% confidence intervals do 

not include 0) and proportional biases less than 1 (95% confidence intervals do 

not include 1) for all parameters calculated by the VOT method, except for 

,  and  at sizes 0.30 and 0.35 mm (Table 6).  
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4. Discussion 

In this study, the VOT method was used to quantify the differences in TB 

texture between subjects with and without medial compartment radiographic 

knee OA. The performance of the method was compared against the 

augmented HOT method using paired t-tests, ICCs, CVs%, Bland and Altman 

plots, 95% LOAs and WLPR analyses. 

 

The ICC values of >0.75 for bone ROIs selected by three investigators show that 

the texture parameters are reproducible and the coefficients are comparable to 

those obtained for the augmented HOT method. Generally, values of ICC>0.75 

indicate agreement beyond chance [20]. The CVs% obtained for the VOT and 

HOT methods were comparable and they were less than 4%, except for . 

The reproducibility of the  parameter was the lowest. This can be explained 

by the fact that the  parameter is a mean of  values calculated for the 

entire image and TB structure exhibits local changes in anisotropy [21]. 

 

Using the VOT method, the values of overall FDs (i.e. , ,  and 

) calculated for TB textures of OA knees were lower and the values of  

were higher than controls. These differences were found in ROIs for both tibial 

compartments over trabecular image sizes 0.3–0.7 mm. Similar results were 

obtained using the augmented HOT method with the one exception, i.e. no 

significant change in  values was detected in the lateral compartment. One 

possible explanation is that in the VOT method, the calculation of  is based 

on TB texture roughness quantified at each individual trabecular image size, 

while in the augmented HOT method, this calculation is based on the texture 

roughness quantified over all sizes.  

 

Compared with controls, TB in OA knees exhibited lower  and  in both 

medial and lateral tibial plateau ROIs at trabecular image sizes 0.3–0.7 mm. 
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Similar results were obtained using the augmented HOT method at sizes 0.3–

0.55 mm. The difference in trabecular image size ranges could be explained by 

the fact that the augmented HOT method was specifically designed to detect TB 

changes occurring at small trabecular image sizes [10]. 

 

The VOT method produced two new texture parameters (i.e. , ) and the 

new scale of 0.7 mm as compared to the HOT method. Using these parameters 

and the scale additional differences were found in tibial TB texture between 

subjects with and without medial OA: 

 

1.  calculated for OA knees were found to be lower than controls at 

sizes 0.3–0.7 mm. A recent study showed that there are more plates than 

rods in TB, a majority of plates are oriented along the principal direction 

of loading, and they are major determinants of mechanical properties of 

TB [22]. Therefore, it can be hypothesized that the change found in  

indicates OA changes in TB plates of different sizes due to abnormal joint 

loading in the OA knee. This possible explanation requires further 

verification. 

2.  were higher in subjects with OA than in controls at sizes 0.3 and 

0.55–0.70 mm. This could indicate a realignment of larger TB plates along 

either the vertical direction of tibia or the direction perpendicular to the 

articular surface of tibia. This explanation is based on a study by 

Kamibayashi et al., who found that, compared with controls, OA tibia 

bones have trabeculae aligned mostly along these two directions [2]. 

3.  and  were lower in both compartments in subjects with OA than 

in controls at size 0.7 mm. This decrease could be associated with the 

thickening of large trabeculae in OA knees. This hypothesis has some 

support from previous study, where it was showed that trabeculae is 
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thicker in OA tibial bones than in non-OA tibia bones [1]. However, to 

determine whether this is the case further studies are required. 

 

Although the cases investigated had medial compartment knee OA, both 

medial and lateral tibial plateau ROIs exhibited similar changes in texture 

parameters. One possible explanation is that a loss of joint space in the medial 

compartment is also associated with changes in both loading and TB structure 

in the lateral compartment. It was shown that there is a strong correlation 

between a loss of cartilage volume and thickness in medial compartment and 

changes in TB structure (i.e. an increase of bone separation and a decrease of 

bone thickness, volume and number) in lateral compartment [23, 24]. Another 

possible explanation is that changes in texture parameters found in the lateral 

tibial plateau ROI are due to the medial meniscectomy. Previous studies 

showed that after medial meniscectomy, both TB density and compressive 

strains in the bone decrease in the lateral compartment [25-27]. 

 

The FSs in the VOT and augmented HOT methods were calculated for sizes 0.3–

0.7 mm and 0.3–0.65 mm, respectively. The difference in ranges is because the 

Hurst coefficients in the VOT method are calculated using five neighbouring 

log-log data points, while in the augmented HOT method, seven points are 

used. Therefore, the VOT method is able to quantify more trabecular image 

sizes than the augmented HOT method within the same search region. The 

overall texture parameters (i.e. , ,  and  and ) were 

calculated over sizes 0.3–0.7 mm (VOT method) and 0.2–1.1 mm (HOT method). 

The difference may be explained by the fact, that in the VOT method these 

parameters are calculated using the rose plots constructed for each individual 

trabecular image size, while in the augmented HOT method, they are obtained 

from a single rose plot constructed for all sizes. 
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CVs% of texture parameters calculated for the HOT method were higher than 

those calculated for the augmented VOT method (Table 5). Biases between the 

VOT and HOT methods were evaluated. Most of the texture parameters 

calculated by the VOT method had higher values and were progressively lower 

than those calculated by the HOT method (Table 6). This is likely explained 

based on the search for the greatest differences in gray-scale values (HOT 

method). The presence of a single pair of pixels with "unusually large 

difference" can significantly alter values of the parameters calculated. However, 

this is not the case for the VOT method since variances of differences of all pairs 

of pixels are used instead. Differences between the methods are high-lighted by 

the fact that the 95% LOAs of texture parameters were lying outside the range 

of -0.05 to 0.05 as shown, for example, in the Bland-Altman plot in Fig. 2. 

However, agreement per se between the texture parameters calculated by these 

methods is of secondary interest. It is more important whether the method is 

sensitive to differences between OA and non-OA TB textures and at the same 

provides reproducible results. The results obtained in this study showed that 

the texture parameters calculated by the VOT method are reproducible and able 

to detect statistically significant differences between TB textures as good or 

better than the HOT method. 

 

This work has some limitations. Firstly, this is a study of the VOT method’s 

cross-sectional performance to differentiate between OA knees and non-OA 

knees. Longitudinal sensitivity to OA bone changes was not assessed. However, 

based on the results obtained, it appears that the VOT method has potential to 

be used in studies of OA changes in TB. Such TB changes may even precede the 

typical radiographic findings of OA, and thus, they might be used to identify 

subjects at high risk of radiographic progression, e.g. this is important in the 

recruitment of subjects for clinical trials. As our next step we plan, using a 

longitudinal study design, to evaluate whether the VOT method can be used to 
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predict development and progression of the disease. Secondly, in the VOT 

method, scales used in the vertical and horizontal directions are not the same as 

those in the remaining directions [14]. Consequently,  and  are 

calculated over trabecular image sizes that are different that those used for  

and . Thirdly, the OA cases underwent medial meniscectomy about 20 years 

earlier and it is unclear to what extent TB changes detected are affected directly 

by the altered load distribution in the knee due to meniscectomy, or by 

subsequent OA development [10]. Fourthly, the sample size used in this work 

was relatively small and it might not be adequate for making generalized 

statements about TB changes in knee OA.  

 

The VOT method can be applied to X-ray images with pixel resolutions other 

than 0.05  0.05 mm. Typical spatial resolutions of digital radiographs obtained 

from computed radiography or digital radiography plates are between 0.16 mm 

and 0.2 mm. For these resolutions the image size of TB ROI, that covers the 

bone area of 12.8  12.8 mm, used in study will be smaller than 256  256 pixels. 

For example, for the 0.2 mm pixel resolution the range of scales provided by the 

VOT method will be from 1.2 mm to 2.8 mm in steps of 0.2 mm. Further studies 

are required to confirm whether this range of scales is adequate for detecting 

OA changes in knee joints. 

 

In conclusion results obtained from the texture parameters calculated by the 

VOT method and the augmented HOT method are comparable in the 

reproducibility of texture parameters and the ability to discriminate between 

non-OA and OA TB textures. The VOT method produces a more detailed 

description of OA changes in TB texture than the HOT method, since it 

quantifies both TB texture roughness and anisotropy at individual image sizes. 

The texture parameters calculated by the VOT method exhibit less variation 

between individual subjects than the HOT method.  
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List of tables 

  

Table 1. Subject characteristics of cases and controls. Data reported 

are the mean (standard deviation), except for sex. 

 Cases (n=26)  Controls (n=26) 

Age (years) 55.1 (12.1)  55.2 (11.0) 

BMI (kg/m2) 25.1 (3.0)  25.9 (3.1) 

Sex (no. of women) 7  7 
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Table 2. A comparison of intra- and inter-rater reproducibility of texture 

parameters calculated using the VOT method and the augmented HOT 

method (given below in parentheses). The reproducibility were assessed 

using the intraclass correlation coefficient (ICC) and coefficient of variation 

(CV%). The results are reported as ICC, CV%. 

Texture 

parameter 

Intra-rater reproducibility  Inter-rater reproducibility 

At1At2 Bt1Bt2 Ct1Ct2  At1Bt1 At1Ct1 Bt1Ct1 

FD
Sta

 
0.97, 1.16  

(0.97, 0.74) 

0.96, 1.35 

(0.90, 1.60) 

 0.95, 1.50 

(0.86, 1.73) 

 
0.96, 1.24  

(0.94, 1.18) 

0.95, 1.47 

(0.91, 1.48) 

 0.94, 1.62 

(0.91, 1.46) 

FD
MEAN

 
0.98, 0.83   

(0.98, 0.54) 

0.97, 0.97 

(0.95, 1.16) 

 0.96, 1.03 

(0.91, 1.58) 

 
0.97, 0.87    

(0.96, 0.98) 

0.96, 1.00 

(0.96, 1.00) 

0.96, 1.03 

(0.96, 0.02) 

FD
H

 
0.98, 0.59 

(0.97, 1.57) 

0.99, 0.53 

(0.92, 2.72) 

 0.98, 0.44 

(0.89, 3.10) 

 
0.98, 0.60 

(0.94, 2.20) 

0.98, 0.66 

(0.95, 1.98) 

 0.98, 0.63 

(0.94, 2.37) 

FD
V

 
0.99, 0.47  

(0.98, 1.35) 

0.98, 0.59 

(0.96, 2.0) 

0.99, 0.49 

(0.91, 2.86) 

 
0.99, 0.52 

(0.96, 1.80) 

0.99, 0.49 

(1.00, 0) 

 0.99, 0.49 

(0.96, 1.80) 

 
0.86, 5.65 

(0.95, 4.22) 

0.86, 5.21 

(0.88, 6.72) 

0.80, 7.34 

(0.83, 8.15) 

 
0.86, 5.95 

(0.91, 5.86) 

0.80, 6.94 

(0.90, 6.13) 

 0.76, 7.67 

(0.91, 5.67) 

Investigators: A = trained technician for the selection of ROIs; B,C = 

untrained technicians. Intra-rater reliability was calculated for texture 

parameters of bone ROIs selected by the individual investigator at time t1 

and t2 (t2 - t1 = week). Inter-rater reliability was calculated for three pairs 

of investigators at time t1.  

ICCs for the augmented HOT method were taken from Ref. [10]. 
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Table 3. Mean  standard deviation (P value) differences of  , 

, ,  and  parameters between cases and controls in the 

medial and lateral compartments calculated by the VOT and augmented 

HOT methods. 

Texture 

parameter 

Medial compartment  Lateral compartment 

VOT HOT  VOT HOT 

 
-0.17  0.12 

(<0.001) 

-0.14  0.17 

(0.001) 
 

-0.14  0.12 

(<0.001) 

-0.11  0.15 

(0.001) 

 
-0.18  0.13 

(<0.001) 

-0.14  0.17 

(0.001) 
 

-0.14  0.14 

(<0.001) 

-0.10  0.14 

(0.001) 

FD
H

 
-0.17  0.14 

(<0.001) 

-0.18  0.27 

(0.002) 
 

-0.16  0.12 

(<0.001) 

-0.21  0.31 

(0.003) 

 
-0.22  0.14 

(<0.001) 

-0.20  0.26 

(0.001) 
 

-0.16  0.17 

(<0.001) 

-0.14  0.32 

(0.04) 

 
0.06  0.13 

(0.03) 

0.12  0.22 

(0.008) 
 

0.09  0.18 

(0.02) 

0.05  0.21 

(0.25) 

Differences calculated for the augmented HOT method are based on 
data used in Ref. [10]. 
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Table 4. Mean  standard deviation (P value) differences of , ,  

and  parameters between cases and controls in the medial and lateral 

compartments calculated by the VOT and augmented HOT methods.  

Texture 
parameter 

Trabecular 
image size 

(mm) 

Medial compartment  Lateral compartment 

VOT HOT  VOT HOT 

       

 

0.30 
-0.22  0.17 

(<0.001) 
-0.20  0.25 

(<0.001) 
 

-0.25  0.18 
(<0.001) 

-0.23  0.26 
(<0.001) 

0.35 
-0.19  0.15 

(<0.001) 
-0.17  0.25 

(0.002) 
 

-0.21  0.15 
(<0.001) 

-0.20  0.27 
(0.002) 

0.40 
-0.16  0.14 

(<0.001) 
-0.14  0.23 

(0.005) 
 

-0.17  0.13 
(<0.001) 

-0.19  0.24 
(0.001) 

0.45 
-0.15  0.13 

(<0.001) 
-0.11  0.21 

(0.02) 
 

-0.14  0.12 
(<0.001) 

-0.19  0.23 
(0.001) 

0.50 
-0.15  0.13  

(<0.001) 
-0.10  0.22 

(0.03) 
 

-0.15  0.11 
<0.001) 

-0.18  0.24 
(0.001) 

0.55 
-0.17  0.14 

(<0.001) 
-0.08  0.26 

(0.05) 
 

-0.16  0.11 
(<0.001) 

-0.15  0.29 
(0.02) 

0.60 
-0.17  0.14 

(<0.001) 
-0.07  0.29 

(0.22) 
 

-0.15  0.11 
(<0.001) 

-0.09  0.32 
(0.17) 

0.65 
-0.15  0.14 

(<0.001) 
-0.08  0.34 

(0.26) 
 

-0.12  0.11 
(<0.001) 

-0.01  0.35 
(0.85) 

0.70 
-0.14  0.14 

(<0.001) 
--  

-0.11  0.11 
(<0.001) 

-- 

       

FS
V

 

0.30 
-0.27  0.20 

(<0.001) 
-0.18  0.20 

(<0.001) 
 

-0.25  0.19 
(<0.001) 

-0.22  0.23 
(<0.001) 

0.35 
-0.24  0.17 

(<0.001) 
-0.18  0.23 

(0.001) 
 

-0.20  0.17 
(<0.001) 

-0.23  0.23 
(<0.001) 

0.40 
-0.22  0.15 

(<0.001) 
-0.16  0.25 

(0.004) 
 

-0.17  0.16 
(<0.001) 

-0.20  0.30 
(0.003) 

0.45 
-0.21  0.14 

(<0.001) 
-0.16  0.30 

(0.01) 
 

-0.15  0.16 
(<0.001) 

-0.12  0.31 
(0.07) 

0.50 
-0.21  0.13 

(<0.001) 
-0.19  0.34 

(0.009) 
 

-0.14  0.17 
(<0.001) 

-0.05  0.34 
(0.45) 

0.55 
-0.21  0.13 

(<0.001) 
-0.15  (0.37) 

(0.05) 
 

-0.13  0.18 
(0.001) 

-0.03  0.38 
(0.73) 

0.60 
-0.21  0.13 

(<0.001) 
-0.15+ 0.39 

(0.06) 
 

-0.12  0.19 
(0.004) 

0.06  0.39 
(0.48) 

0.65 
-0.21  0.13 

(<0.001) 
-0.14+ 0.44 

(0.11) 
 

-0.12  0.20 
(0.01) 

0.10  0.39 
(0.20) 

0.70 
-0.21  0.13 

(<0.001) 
--  

-0.11  0.21 
(0.02) 

-- 

       

 

0.30 
-0.22  0.17 

(<0.001) 
--  

-0.23  0.18 
(<0.001)  

-- 

0.35 
-0.19  0.14 

(<0.001) 
--  

-0.19  0.16 
(<0.001) 

-- 

0.40 
-0.17  0.13 

(<0.001) 
--  

-0.16  0.14 
(<0.001) 

-- 

0.45 
-0.15  0.12 

(<0.001) 
--  

-0.13  0.13 
(<0.001) 

-- 

0.50 
-0.15  0.12 

(<0.001) 
--  

-0.12  0.12 
(<0.001) 

-- 
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0.55 
-0.15  0.11 

(<0.001) 
--  

-0.13  0.11 
(<0.001) 

-- 

0.60 
-0.15  0.11 

(<0.001) 
--  

-0.12  0.11 
(<0.001) 

-- 

0.65 
-0.15  0.11 

(<0.001) 
--  

-0.11  0.10 
(<0.001) 

-- 

0.70 
-0.14  0.11 

(<0.001) 
--  

-0.10  0.10 
(<0.001) 

-- 

       

 

0.30 
0.04  0.09 

(0.03) 
--  

0.06  0.13 
(0.04) 

-- 

0.35 
0.03  0.11 

(0.12) 
--  

0.05  0.14 
(0.07) 

-- 

0.40 
0.03  0.12 

(0.18) 
--  

0.05  0.17 
(0.18) 

-- 

0.45 
0.03  0.12 

(0.24) 
--  

0.04  0.19 
(0.28) 

-- 

0.50 
0.04  0.13 

(0.11) 
--  

0.08  0.22 
(0.10) 

-- 

0.55 
0.08  0.15 

(0.02) 
--  

0.13  0.23 
(0.01) 

-- 

0.60 
0.09  0.17 

(0.01) 
--  

0.14  0.23 
(0.005) 

-- 

0.65 
0.09  0.19 

(0.02) 
--  

0.13  0.22 
(0.007) 

-- 

0.70 
0.08  0.19 

(0.03) 
--  

0.11  0.21 
(0.02) 

-- 

-- denotes values that are not calculated by the augmented HOT method. 

Differences calculated for the augmented HOT method are based on data 

used in Ref. [10]. 
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Table 5. Coefficients of variation (CVs%) of  , , , ,  

, , and  parameters calculated for the VOT and augmented 

HOT methods. 

Texture parameter 
Trabecular 

image size (mm) 
VOT HOT 

FD
Sta

 0.30 – 0.70†  4.6 5.2 

FD
MEAN

 0.30 – 0.70† 5.3 5.1 

FD
H

 0.30 – 0.70† 4.5 10.1 

FD
V

 0.30 – 0.70† 6.2 10.6 

 0.30 – 0.70† 17.9 21.6 
    

 

0.30 7.1 8.7 

0.35 5.9 8.4 

0.40 4.9 7.5 

0.45 4.4 7.2 

0.50 4.3 7.7 

0.55 4.3 9.1 

0.60 4.2 10.2 

0.65 3.9 10.4 

0.70 3.8 -- 
    

FS
V

 

0.30 8.1 7.8 

0.35 7.0 7.7 

0.40 6.4 8.2 

0.45 6.1 8.5 

0.50 6.1 9.2 

0.55 6.1 9.9 

0.60 6.1 10.5 

0.65 6.1 10.8 

0.70 6.1 -- 

† - trabecular image sizes 0.30 to 0.65 mm were used for the HOT 
method. 
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Table 6. Outcomes of WLPR analyses for biases of , , , 

,  , , and  parameters between the VOT and augmented 

HOT methods. Single and double asterisks denote fixed and 

proportional biases (P<0.05), respectively.  

Texture 
parameter 

Trabecular 
image size 

(mm) 
Intercept a 95% CI  Slope b 95% CI 

FD
Sta

 0.30 – 0.70†  0.32 0.00 – 0.60  0.94 0.83 – 1.07 

FD
MEAN

 0.30 – 0.70† -0.05 -0.44 – 0.28  1.01 0.88 – 1.16 

FD
H

 0.30 – 0.70† 1.50* 1.29 – 1.69  0.50** 0.42 – 0.59 

FD
V

 0.30 – 0.70† 1.26* 1.0 – 1.47  0.53** 0.44 – 0.64 

 0.30 – 0.70† 0.17* 0.06 – 0.26  0.78** 0.65 – 0.95 
       

 

0.30 0.44* 0.13 – 0.71  0.84** 0.72 – 0.97 

0.35 0.76* 0.47 – 1.00  0.72** 0.61 – 0.84 

0.40 0.87* 0.58 – 1.11  0.69** 0.59 – 0.80 

0.45 1.04* 0.76 – 1.27  0.63** 0.54 – 0.74 

0.50 1.21* 0.95 – 1.44  0.57** 0.48 – 0.77 

0.55 1.40* 0.13 – 1.62  0.50** 0.42 – 0.60 

0.60 1.64* 1.41 – 1.84  0.41** 0.34 – 0.50 

0.65 1.82* 1.60 – 1.99  0.36** 0.30 – 0.44 
       

FS
V

 

 

0.30 -0.09 -0.47 – 0.23  1.03 0.59 – 1.18 

0.35 0.25 -0.13 – 0.57  0.87 0.74 – 1.02 

0.40 0.58* 0.23 – 0.88  0.73** 0.62 – 0.87 

0.45 0.71* 0.35 – 1.00  0.68** 0.57 – 0.82 

0.50 0.91* 0.57 – 1.19  0.60** 0.50 – 0.73 

0.55 0.11* 0.72 – 1.33  0.55** 0.45 – 0.67 

0.60 1.10* 0.77 – 1.36  0.54** 0.44 – 0.65 

0.65 1.00* 0.65 – 1.29  0.57** 0.57 – 0.69 

The regression equation is E(VOT) = a + b(HOT).  

† - trabecular image sizes 0.30 to 0.65 mm were used for the HOT 

method. 
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Figure 1. A sample X-ray image with selected TB region of interests. 
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Figure 2. A Bland and Altman plot of  calculated by the VOT and 

HOT methods. Agreement between the methods is assumed to be good if 

LOA lies in the range of -0.05 to 0.05. 
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Abstract 

The objective of this work is to evaluate differences in trabecular bone (TB) 

texture between subjects with and without tibiofemoral cartilage defects using a 

variance orientation transform (VOT) method. A case–control study was 

performed in subjects without radiographic knee OA (K&L grade<2) matched 

on sex, BMI, age, knee compartment and meniscectomy where cases (n=28) had 

cartilage defects (grade≥2) and controls (n=28) had no cartilage defects 

(grade<2). Cartilage defects were assessed from MRI using validated methods. 

The VOT was applied to TB regions selected on medial and lateral

 compartments in knee X-rays and fractal signatures (FS) in the horizontal ( ) 

and vertical ( ) directions, and along the roughest part of TB ( ), at 
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different trabecular image sizes (0.30-0.70 mm) were calculated. Compared with 

controls,  for cases were higher (P<0.011) at image sizes 0.30-0.40 mm and 

0.45–0.55 mm in the medial compartment. In the lateral compartment,  and 

 for cases were higher (P<0.028) than those for controls at 0.30-0.40 mm and 

0.45–0.55 mm, while  was higher (P<0.02) at 0.30-0.40 mm. TB texture 

roughness was greater in subjects with cartilage defects than in subjects 

without, suggesting that thinning and fenestration of TB occur early in OA and 

that the VOT identifies changes in TB in knees with early cartilage damage. 

 

Keywords: plain radiography, osteoarthritis, tibiofemoral, fractal analysis, 

cartilage defects 
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1. Introduction 

Early knee osteoarthritis (OA) is characterized by degenerative changes in 

articular cartilage and simultaneous changes occurring in underlying trabecular 

bone (TB) [1-3]. In daily clinical practice, knee OA is predominantly assessed by 

grading joint space narrowing (JSN) and osteophytes on knee joint radiographs. 

This is because, unlike MRI, radiography is the cheapest and fastest imaging 

technique [4]. However, the radiographic grading of OA has been criticized for 

being not sensitive for the detection of early changes in knee joints related to 

OA, such as cartilage defects or onset of cartilage loss [1, 5-7]. For example, 

about 13% of cartilage volume is lost and cartilage defects are present in knee 

joints before any changes in JSN can be observed [1]. Also, JSN may be affected 

by meniscal extrusion rather than by cartilage loss [6], and osteophytes may be 

secondary to bone changes in early OA [2]. Therefore, there is a need to develop 

accurate radiographic measures for the study, prediction and detection of early 

knee OA [8-10].  

 

One promising approach for assessing early knee OA employs fractal analysis 

of radiographic images of TB [8, 10]. The reasons are: (i) TB exhibits fractal 

properties, i.e. it is self-similar over a wide range of spatial scales [11], (ii) 

radiographic technique produces 2D projections of TB, called TB texture 

images, that contain data directly related to the underlying 3D bone structure 

[12], (iii) differences in TB structure between non-OA and OA knees can be 

quantified using fractal methods [8, 10].  

 

Several different fractal methods have been used to analyze TB texture images 

[8, 9]. Recently, a variance orientation transform (VOT) method was developed 

[13]. Unlike other methods, the VOT method is able to calculate a fractal 

dimension (FD) at individual scales (i.e. fractal signature (FS)) in all possible 

directions. This ability is of importance, because previous studies showed that 
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the structure of TB exhibits anisotropic and multi-scale nature, i.e. it changes 

with direction and scale [14, 15]. Therefore, methods that calculate a single 

value of FD for the entire TB texture image (e.g. box counting method [16]) and 

methods that calculate FDs at individual scales in two directions (e.g. a fractal 

signature analysis (FSA) and an augmented Hurst orientation transform (HOT) 

method [9]) provide rather limited information about changes in the bone 

structure. In a recent study, the VOT method was used to quantify differences 

in TB structure between subjects with and without radiographic knee OA [10]. 

Differences that had not been detected by other methods were found. For 

example, it was found that TB texture roughness along the roughest part of the 

tibial bone was significantly lower in OA tibial bones than in control bones. 

However, the following question still remains: Can fractal TB texture 

parameters, calculated by the VOT method, be used to identify those knees that 

are on the development pathway to knee OA? 

 

There is a continuum from the healthy knee through to the radiologically 

identified knee OA. MRI is able to identify early structural changes to the 

cartilage, well before radiological OA is present [2, 7, 17, 18]. One such 

structural change is the presence of cartilage defects detected using either 

SGPR/FLASH or FSE sequences [7, 19-21]. Using these methods cartilage 

defects are identified in asymptomatic, radiologically normal populations [2, 7, 

17, 18]. There is evidence that SGPR/FLASH images, together with semi-

quantitative scoring system, can detect cartilage defects which are associated 

with knee pain [22], predict longitudinal cartilage loss independent of cartilage 

volume in asymptomatic, pre-radiological subjects [17] and predict knee joint 

replacement in those with radiological OA [23]. Thus we can identify knees that 

have pre-radiological OA, but are on, or not on, a pathway to OA and we 

wanted to examine if we can identify early bony changes using the TB texture 

in the proximal tibia. 
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In the present study, we approached this by studying the differences in TB 

texture in subjects without radiographic OA, but with and without cartilage 

defects, identified using MRI. Therefore, the existence of significant differences 

in TB texture between subjects who are on, or not on, a pathway to OA, 

determined using the presence of cartilage defects, may indicate that the VOT 

method has a potential to become useful for studies investigating the onset, 

development and early progression of OA in knee joints. Hence, the aim of this 

study is to quantify differences in TB texture in knee radiographs with and 

without cartilage defects using the VOT method. 

 

2. Subjects and methods 

2.1. Subjects 

A case-control study design was used. All participants in this study were 

selected from a database of 153 arthroscopic partial meniscectomy (APM) 

subjects and 47 non-APM healthy individuals. The initial pool of APM subjects 

in the database was comprised of approximately 1600 individuals who 

underwent APM, identified from their surgical billing codes, at one of the two 

orthopaedic clinics between July 2000 and May 2001 or July 2005 and January 

2008. Surgical and clinical records of these individuals were reviewed and 

potential participants excluded if they were younger than 30 or older than 55 

years; if their surgical records indicated that they had >33% of their meniscus 

resected; >2 tibiofemoral cartilage lesions; a single tibiofemoral cartilage lesion 

greater than 10 mm in diameter or exceeding 50% of cartilage thickness (i.e. >2a 

cartilage lesion); concomitant knee ligament damage or signs of knee OA. 

Selected 280 individuals meeting these initial inclusion criteria and were 

contacted by telephone and underwent further screening, in which the 

following exclusion criteria were used: body mass index (BMI)>30 kg/m2; 

previous lower limb bone or joint injury; history of knee pain; clinical or 

structural signs of OA; post-operative complications; cardiac, circulatory or 
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neuromuscular conditions; diabetes; stroke; multiple sclerosis and 

contraindication to MRI. One hundred sixty individuals met both primary and 

secondary inclusion criteria and agreed to participate in the study. The non-

APM subjects were recruited by advertisements in the local press and 

university-wide emails. Exclusion criteria for the non-APM group were 

identical to that for the APM group, with the exception of the baseline surgical 

criteria. All procedures were approved by the University of Western Australia 

Human Research Ethics Committee and all participants gave their informed 

written consent. Participant inclusion/exclusion flow diagram is shown in Fig. 

1. 

 

Data for the present case-control study were selected from the database to 

obtain cases and controls (28 in each group with six women in each group) that 

were matched by sex, BMI, knee compartment (medial or lateral compartment), 

age, whether APM was performed or not, and localisation of APM (i.e. medial 

or lateral compartment). Cases were subjects with cartilage defects of ≥ grade 2 

in any tibiofemoral compartment (see MRI acquisition and cartilage defects 

assessment for grading criteria). Controls did not have cartilage defects 

(grade<2). The diagnosis in both groups was made either at the time of a knee 

arthroscopy or in the MRI. Both cases and controls were without radiographic 

knee OA (i.e. Kellgren & Lawrence (K&L) <2). X-ray images were acquired at 

the time of MRI scans.  

 

2.2. Plain radiographs of knees and OA grading  

For each subject, radiographs of both knees were obtained in semi-flexed (30°) 

position using a Toshiba KXO medium frequency generator at 65 kV and 38 mA 

with a film-focus distance of 1 m. Each subject was locked in a standardized 

standing position using specially developed apparatus [24]. All radiographic 

films obtained were digitized using a Linotype Saphir Ultra 2 scanner with a 
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scan mode of 16-bit RGB and an optical resolution of 512 dpi. Digitized films 

were converted to 8-bit gray-scale level images with a pixel resolution of 0.05  

0.05 mm [9].  

 

For each knee osteophytes and JSN were graded at four-point scale by one 

examiner (co-author: K.K. Stoffel). Specifically, the following OA features were 

graded: medial (lateral) JSN (scale 0-3), medial (lateral) femoral osteophytes 

(scale 0-3) and medial (lateral) tibial osteophytes (scale 0-3). Knee was 

considered as osteoarthritic if any of the following criteria was satisfied in 

either the medial or lateral compartment: JSN grade 2, sum of marginal 

osteophyte grades from the same compartment 2, or grade 1 JSN in 

combination with a grade 1 osteophyte in the same compartment. These criteria 

correspond to a grade 2 knee OA based on the K&L scale [9]. OA was assessed 

according to the atlas from Osteoarthritis Research Society International [25].  

 

2.3. MRI acquisition and cartilage defects assessment 

MRI scans were obtained for all knees that underwent APM and 18 randomly 

selected knees from subjects without APM. Scans were performed using a 1.5-T 

whole body magnetic resonance unit (Magnetom Symphony, Siemens, 

Erlangen, Germany). The sequence and parameters used were: a T1-weighted, 

fat-suppressed 3D spoiled gradient-recalled echo (GRE) acquisition in the 

steady state (i.e. 3D SPGR/FLASH); echo time 12 ms; flip angle 55°; field of view 

16 cm; 60 partitions; repetition time 58 ms; 512  512 matrix. Sagittal images 

were taken with a partition thickness of 1.5 mm and an in-plane resolution of 

0.31  0.31 mm (512  512 pixels). One acquisition time was 11 min 56 s.  

 

Cartilage defects were graded at four knee joint sites (i.e. medial femoral, 

medial tibial, lateral femoral, and lateral tibial) using a five-point scale (Fig. 2) 

[17]. These were grade 0: normal cartilage, grade 1: focal blistering (i.e. focal 
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swelling or focal increase in cartilage thickness) and intracartilaginous low-

signal intensity area with an intact surface and bottom, grade 2: irregularities on 

the surface or bottom and loss of thickness of less than 50%, grade 3: deep 

ulceration with loss of thickness of more than 50%, and grade 4: full-thickness 

cartilage wear and exposure of subchondral bone. 

 

The assessment of cartilage defects was performed by one trained researcher 

(co-author: Y. Wang) with more than 5 years experience in the semi-

quantitative assessment of MRI images. A cartilage defect was deemed to be 

present if observed in at least two consecutive MRI slices. The classification 

method took into account the depth of cartilage defects only, but not the area 

extent of cartilage defects. Studies suggest that blistering or low intrachondral 

signal as assessed by MRI are indicative of early cartilage lesions related to knee 

OA [26, 27]. A person was placed in the case group if they had a cartilage defect 

of grade 2 or higher at any site within the same tibiofemoral compartment.  

 

2.4. Trabecular bone regions of interest 

Medial and lateral TB texture region of interests (ROIs) were selected on each X-

ray image using a specially developed automated bone region selection 

algorithm (Fig. 2(f)) [28]. The ROIs had a size of 256  256 pixels and they were 

located under medial and lateral cortical plates. Each ROI covered an image 

area of 12.8  12.8 mm. Image filtering was applied to the ROIs to reduce low 

and high frequency noise that is present in X-ray images [9].  

 

2.5. VOT method and TB fractal signatures 

The VOT method was applied to TB ROIs. First, FDs were calculated at 

trabecular image sizes ranging from 0.3 to 0.7 mm with steps of 0.05 mm [10]. 

The FSs were calculated in three directions, i.e. the horizontal ( ) and vertical 

( ) directions and along a direction of the roughest part of the tibial bone 
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( ). The image sizes were then divided into groups of small (0.30–0.40 mm), 

medium (0.45–0.55 mm) and large (0.60–0.70 mm) sizes, respectively. Within 

each group, FDs were averaged resulting in FDs calculated at small, medium 

and large sizes, respectively. The total number of FDs calculated was nine, i.e. 

three FDs per direction and this is equivalent to one FS per direction. 

 

2.6. Statistics 

Shapiro-Wilk tests were used to check normality in FSs. P<0.05 was considered 

as significant. Paired sample two tailed t-tests were used to compare values of 

FSs calculated for cases and controls in the medial and lateral compartments. 

The total number of tests conducted was 18, i.e. 9 per compartment. To account 

for the multiple testing of FSs calculated, for each compartment a post hoc 

Benjamini and Hochberg analysis with the false discovery rate set to 5% was 

used [29]. For texture parameters for which statistically significant differences 

were found, effect sizes were calculated using the Cohen's d statistic for 

matched samples [30]. Analyses were performed using SPSS statistical software 

(version 16.0, SPSS, Cary, NC).  

 

3. Results 

Nineteen patients of the total 28 in each group underwent APM (18 medial, 1 

lateral) in one knee no more than 75 months prior to MRI (Table 1). Mean 

(standard deviation) and median (range) time intervals between MRI and 

arthroscopy for controls were 16.3 (19.1) and 4.0 (3–51) months, respectively. 

For cases, the time intervals were 21.3 (26.6) and 4.0 (3–75) months, respectively. 

 

The Shapiro-Wilk tests showed that the differences between FSs calculated for 

cases and controls were normally distributed (P>0.05). Based on the Benjamini 

and Hochberg analysis, P-values obtained from paired t-tests lower than 0.011 
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and 0.028 could be considered as statistically significant for the medial and 

lateral compartments, respectively. 

 

In the medial compartment,  calculated for cases were significantly higher 

(P<0.011) than those calculated for controls at small and medium image sizes 

(Table 2). The mean ± standard deviation values of  obtained at small 

(medium) sizes for control and case subjects were 2.67±0.09 (2.74±0.08) and 

2.74±0.09 (2.80±0.08), respectively. 

 

In the lateral compartment,  and  at small and medium sizes, and  at 

small sizes were significantly higher (P<0.028) for cases than those for controls 

(Table 2). For example, the mean ± standard deviation values of  obtained at 

small sizes for control and case subjects were 2.73±0.10 and 2.79±0.08, 

respectively. 

 

Values of effect sizes  calculated for FSs that showed statistically significant 

differences ranged from 0.65 to 0.77.  

 

4. Discussion 

In this study, different TB texture quantified by the VOT method in non-

radiographic-OA subjects with and without cartilage defects was found. It was 

found that the FSs were higher for cases than controls at small and medium 

image sizes (i.e. 0.30–0.40 mm and 0.45–0.55 mm). These FSs had effect sizes 

>0.6, which are suggested by Cohen to reflect medium size of the effects [31]. 

Generally, TB texture roughness was greater in subjects with cartilage defects 

than in subjects without, suggesting thinning and fenestration of TB in knees 

with cartilage defects [32].  
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Previous studies showed that early OA TB changes in dog anterior cruciate 

ligament transection models have decreased trabecular thickness, bone volume 

ratio [33] and bone mineral density [34], and increased connectivity through 

plate perforations [35]. It was also shown that bone resorption is increased in 

patients from the Chingford study with progressive knee OA [36]. Therefore, 

the results obtained in this study provide a further support for the relationship 

between bone and cartilage changes early in the pathogenesis of knee OA.  

 

Although causes of the increase in trabeculae roughness are not yet known, one 

possible explanation could be the thinning, fenestration or breakage of small 

rod-shaped trabeculae, caused by altered loading patterns occurring in knees 

with cartilage defects. This hypothesis has some support from previous studies 

[2, 7, 37, 38], where, for example, it was suggested that cartilage defects are 

preceded by tibial subchondral bone expansion (i.e. increase in tibial plateau 

bone area) [2, 7]. The tibial bone expansion may result in cartilage being spread 

over larger area, thus changing the load distribution placed upon TB, and in 

particular upon the short rod-shaped trabeculae. It was shown that the short 

trabeculae are characterized by larger strain gradients than long trabeculae [37] 

and failure in TB (i.e. bone yielding in tension or compression) is due to applied 

load initiated in rod-shaped trabeculae [38]. The failure of TB might lead then to 

the cascade of events that result in development of knee OA. Another 

explanation of the increase in trabeculae roughness may be that subjects with 

cartilage defects might already have early stages of knee OA.   

 

An additional possibility is that TB texture roughness in knees with cartilage 

defects is due to bone marrow lesions (BMLs). Studies have shown that BMLs 

are: prevalent in subjects without radiographic OA [39], associated with 

cartilage defects and tibial bone expansion [40] and predictive of cartilage defect 

progression and cartilage volume loss in subjects without clinical OA [41]. In 

OA knees, BMLs have been characterized by necrotic and remodeled trabeculae 
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[42]  with increased bone volume fraction, trabecular spacing and thickness, 

and decreased bone mineral density [43]. These findings indicate that BMLs are 

an important, early factor related to cartilage degeneration and OA 

development. However, whether BMLs contributed to the differences found 

between TB textures is uncertain because the MRI images used in this study (i.e. 

T1-weighted fat-suppressed) are not suited for the assessment of BMLs. 

Additional studies are required to clarify this issue. 

 

Selecting the best MR sequence for the assessment of cartilage defects is the 

subject of ongoing research [19, 44, 45]. While it has yet to be established 

whether SGPR/FLASH or FSE sequence is more suitable for the assessment of 

cartilage defects, in this study, MR imaging of cartilage has been performed 

using SGPR/FLASH sequence. This fat-suppressed 3D SPGR imaging has been 

shown to be more accurate than standard spin-echo MRI in the detection of 

cartilage defects in the knee, with sensitivity and specificity ranging higher than 

80%, as compared with arthroscopic results [20, 46]. The potential 

disadvantages of SPGR sequence are its relative sensitivity to artefacts (e.g. 

susceptibility, truncation and motion) and its low contrast-to-noise ratio [45, 

47]. Nevertheless, it has been shown that cartilage defects measured from 

SGPR/FLASH images exhibit reproducibility with intraclass correlation 

coefficients for intra-rater and inter-rater values of 0.85 and higher [48]. 

Furthermore, cartilage defects as measured in this study have been shown to 

predict clinically important outcomes in longitudinal studies. These include 

cartilage loss in asymptomatic subjects pre-OA [17] and in those with OA [23], 

and knee joint replacement [23]. 

  

The study conducted has several limitations. First, trabecular image sizes in the 

vertical and horizontal directions might not be the same as those in the other 

directions [10]. Second, the case group used in this study included subjects with 

cartilage defects of grade≥2 in medial, lateral or both compartments, rather than 



CHAPTER 4 

 

 112 

subjects with cartilage defects of grade≥2 in medial or lateral compartment only. 

We would expect the results to be stronger if subjects with cartilage defects in 

both compartments were selected. Third, the number of cases and controls used 

in this work was modest. However, the subject selection was based on the 

objective measures with tight initial and secondary exclusion criteria with pair 

matching of controls to cases in the relation to age, sex, BMI and APM that 

would have reduced the effect of potential confounders. Fourth, the 

SGPR/FLASH images we used may have resulted in misclassification of 

cartilage defects, for the reasons discussed previously. However, this would 

have only weakened our results since it would have resulted in the cases and 

controls being more similar and thus non-differential misclassification would 

dilute the relationship between cartilage defects and TB texture. Fifth, 

differences in the period of time elapsed from meniscectomy between cases and 

controls were up to 24 months and the extent of TB changes associated with the 

time is not clear. Finally, although TB plays an important role in OA 

development, currently there is no reference standard for bone texture analysis. 

Because of the lack of the standard direct comparisons between different bone 

texture methods are difficult. Also, evaluation of diagnostic accuracy 

(sensitivity and specificity) and biases of the methods is difficult. Despite these 

limitations, to the best of the authors’ knowledge, this is the first work, in which 

differences in TB texture between subjects with and without cartilage defects 

were found and investigated.  

 

Our ultimate goal is to develop a fully automated decision support system for 

the prediction and detection of knee OA based on TB texture images. This 

problem was partially addressed by Kraus et al. [8]. A regression model was 

used to predict OA progression over a 3 year period and OA progression was 

defined as a change in JSN or osteophyte of 1 grade. It was found that the shape 

parameters of polynomial curves fitted to FSs calculated in horizontal and 

vertical directions for the medial tibial plateau at baseline are good predictors of 
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medial knee JSN progression (an area under ROC curve [AUC] = 0.75). 

However, the method lacks in describing TB in directions other than vertical 

and horizontal which were shown to be important in evaluating OA changes [9, 

10, 49]. Additionally, the shape parameters do not have physical interpretation 

and this makes the study of bone changes in OA knees difficult. These 

limitations can be overcome using the VOT method. Our future plan is to 

evaluate the effectiveness of the VOT method for prediction of OA progression 

and development in prospective, long term studies. 

 

In conclusion, our findings indicate that there are significant differences in TB 

texture between subjects with and without cartilage defects. Specifically, it was 

found that TB texture roughness was greater in subjects with cartilage defects 

than in subjects without, suggesting thinning and fenestration of TB in knees 

with cartilage defects.  
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List of tables 

 

  

Table 1. Subject characteristics of cases and controls. Data reported 

are the mean (standard deviation), except for sex, APM, JSN and 

osteophytes. 

 Cases (n=28)  Controls (n=28) 

Age (years) 43.5 (6.2)  42.7 (5.6) 

BMI (kg/m2) 25.8 (2.8)  25.6 (2.9) 

Sex (no. of women) 6  6 

APM (no. of subjects) 

Medial 

Lateral 

 

18 

1 

 

 

18 

1 

JSN (no. of subjects with 

maximum grade 1) 

Medial 

Lateral 

 

 

4  

0 

 

 

 

3 

0 

Osteophytes (no. of subjects 

with maximum grade 1) 

Medial tibial 

Medial femoral 

Lateral tibial 

Lateral femoral 

 

 

6 

0 

1 

0 

 

 

 

3 

0 

2 

1 
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Table 2. Mean ± standard deviation (P value) differences of ,  

and  between cases and controls in the medial and lateral 

compartments calculated by the VOT method. P<0.011 and P<0.028 were 

considered as statistically significant in medial and lateral 

compartments, respectively. 

Fractal 

signatures 

Trabecular 

image size*  

Medial 

compartment 

 
Lateral 

compartment  

     

 

small 0.05±0.10 (0.02)  0.05±0.10 (0.01) 

medium 0.04±0.09 (0.03)  0.04±0.09 (0.02) 

large 0.02±0.07 (0.10)  0.02±0.06 (0.06) 

     

 

small 0.05±0.13 (0.03)  0.07±0.13 (0.01) 

medium 0.03±0.11 (0.14)  0.04±0.08 (0.02) 

large 0.02±0.11 (0.35)  0.03±0.08 (0.11) 
     

 

small 0.07±0.13 (0.01)  0.07±0.13 (0.01) 

medium 0.06±0.10 (0.01)  0.04±0.10 (0.05) 

large 0.03±0.08 (0.05)  0.02±0.09 (0.38) 

* Small, medium and large represent ranges of image sizes 0.30–0.40 

mm, 0.45–0.55 and 0.60–0.70, respectively. 
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Figure 1. Participant inclusion/exclusion flow diagram. 
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(a) (b) 

  
(c) (d) 

  
(e) (f) 

Figure 2. Examples of MRI images of non-radiographic OA knee 

joints with (a) grade 0, (b) grade 1, (c) grade 2, (d) grade 3, and (e) 

grade 4 cartilage defects. Arrows show localization of cartilage 

defects with grades. Image (f) shows examples of the TB regions 

selected on X-ray image of a knee joint. 
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Abstract 

There is no generally accepted method that could provide a full description of 

3D surface topography (ST). Most of the currently used methods work well 

with isotropic surfaces at a single scale. Recently new method, called a variance 

orientation transform (VOT), has been developed for ST characterization. In this 

work, the usefulness of the VOT and its sensitivity to minute changes in ST 

have been tested. Images of real engineering surfaces, surfaces of adhesive wear 

particles and trabecular bone were used for the tests. The results obtained show 

that the VOT can be useful in both engineering and medical applications. 

 

Keywords:  topography, roughness, fractal, numerical analysis
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Nomenclature 

Del a (mrad) Average slope of a surface profile 

 Dominating fractal dimension 

H Hurst coefficient 

P Statistical significance 

Pc (1/mm) Peak count  

r Correlation coefficient 

Ra (μm) Average roughness 

Rsk Skewness 

Rq (μm) Root mean square roughness 

Rz (μm) Ten-point height 

Sa (μm) 3D average roughness 

Sal (μm) Fastest decay auto-correlation rate 

Str Non-fractal texture aspect ratio 

Std (degree) Non-fractal texture direction 

 Texture minor axis 

 Texture aspect ratio 

 (degree) Texture direction 

 Fractal signature  

 Texture aspect ratio signature 

  (degree) Texture direction signature 

Sq (μm) 3D root mean square roughness 

Sz (μm) 3D ten-point height  

  

Abbreviations  

2D Two-dimensional 

3D Three-dimensional 

FD Fractal dimension 

FS Fractal signature 

HOT Modified Hurst orientation transform method 

K&L Kellgren & Lawrence 

OA Osteoarthritis 

ROI Region of interest 

SEM Scanning electron microscope 

ST Surface topography 

TB Trabecular bone 

VOT Variance orientation transform method 
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1. Introduction 

3-D surface topography (ST) plays an important role in engineering, especially 

in: 

 

1. Advanced components manufacturing (e.g. controlling coefficient of 

friction in operating machinery and during metal forming processes 

e.g. [1, 2], increasing load capacity of bearings [3], improving bonding 

between bone and implant [4], etc.) 

2. Machine condition monitoring systems (e.g. determination of 

“health” status of a system [5, 6], prediction of machine failure [7]), 

3. Surface inspection systems (e.g. detection of defects in machined 

surfaces, textile fabric or natural wood [8]), 

4. Machine failure analysis (e.g. determination of overloads of faulty 

components exposed to oscillatory loads [9] or determination of 

fracture toughness of fault dental ceramics [10]), and many others. 

 

Many ST characterisation methods have already been developed. They can be 

grouped to non-fractal (e.g. average roughness (Sa), structure or power spectral 

density functions [11]) and fractal methods. The main disadvantage of the non-

fractal methods is that they are scale-dependent, i.e. values of the parameters 

calculated depend on measurement scale [11, 12]. In contrast, the second group 

of methods are scale-independent [11, 12]. The popular fractal methods used 

are: box counting [13], triangular prism [14], Hurst orientation transform (HOT) 

[15] and a structure function [16] methods. Although they can sometimes be 

useful, their major limitation is that they work well only with isotropic surfaces 

(e.g. box counting methods) or they calculate only a single value of FD at each 

direction (e.g. HOT). Since, many engineering surfaces exhibit a multi-scale 

nature [12, 17], there is a need for a method that is able to calculate FDs at 

different scales (i.e. fractal signature) in many directions. 
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This problem has recently been addressed by the development of a variance 

oriented transform (VOT) method [18]. This method has a unique ability to 

accurately characterize surface roughness and anisotropy in all possible 

directions at individual scales [18]. However, usefulness of the VOT method in 

applications to the characterization of real 3D engineering surfaces and its 

sensitivity to minute changes in ST have not yet been tested. 

 

In this study these issues are addressed using range-images of real isotropic 

and anisotropic 3D engineering surfaces and scanning electron microscope 

(SEM) images of adhesive wear particles generated under different operating 

conditions. Isotropic and anisotropic engineering surfaces were chosen because 

there is on-going research focused on finding a relationship between ST and 

coefficient of friction based on surface roughness parameters [2, 19, 20]. 

Adhesive wear particles were used to show the ability of the VOT method in 

detecting minute changes occurring in ST of wear particles generated under 

different operating conditions. Previous study showed that the particle 

classification problem still remains unresolved [21]. However, it was also found 

that the VOT method might not only be useful in engineering, but it could also 

be a valuable tool in medicine, especially in characterization of trabecular bone 

(TB) [18]. The reason is that the range-images are similar to X-ray images of TB, 

in that the former contain information related to 3D topography of engineering 

surfaces, while the latter contain information that relates to the 3D structure of 

TB. Therefore, to test the sensitivity of the VOT method to changes in TB, the 

VOT method was also applied to X-ray images of TB of healthy and 

osteoarthritic (OA) knee joints. 
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2. Description of the VOT method 

2.1. The VOT method 

Schematic illustration of the VOT method is shown in Fig. 1. In the VOT 

method absolute differences in grey-scale level values for pairs of pixels within 

a circular search region (the inner and outer radii are 4 and 16 pixels, 

respectively) that moves across the entire image are calculated (Fig. 1(a)). The 

absolute values of the differences from each search region are stored in a set, 

along with the corresponding directions and Euclidean distances between the 

pixels (Fig. 1(b)). The direction is defined as an angle between a line running 

through the pair of pixels and the image horizontal x-axis. For each direction 

and distance, variances of the differences stored are calculated. For each 

direction, the variances are plotted using log-log coordinates against distances 

(Fig. 1(c)). The log-log data points obtained are divided into overlapping sets 

(each set has five data points) and a line is fitted to each set (Fig. 1(d)). There are 

nine sets in each log-log plot. A Hurst coefficient (H) at individual scale is 

calculated from the slope of the line fitted. A Hurst coefficient relates to FD as 

FD=3-H. The coefficients obtained are plotted on polar coordinates as a function 

of direction at each scale (nine scales in total) (Fig. 1(e)). A full description of the 

VOT method is given in Ref. [18]. 

 

2.2. Testing of the VOT method 

To test the VOT method, two computer generated fractal surface images were 

used. The first surface was an isotropic fractal surface with theoretical FD of 2.5 

(Fig. 2(a)). The surface was generated using a spectral synthesis technique [22]. 

The second one was an anisotropic fractal surface with FD=2.6 in the 30° 

direction and FD=2.2 in the 120° direction (Fig. 2(b)). This surface was generated 

using an inverse Fourier transform method [23]. The rose plots obtained for 

these two fractal surface images are shown in Fig. 3. It can be seen from this 

figure that the rose plots obtained for the isotropic fractal surface image have 
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approximately circular shape at all scales, while the rose plots obtained for the 

anisotropic fractal surface have approximately elliptical shape with the major 

axis align along 120° direction. These plots indicate that the fractal surface 

shown in Fig. 2(a) has approximately the same FDs (about 2.6) at all scales and 

in all directions, while the fractal surface shown in Fig. 2(b) has FDs of about 2.7 

(about 2.9) in 120° (30°) direction at all scales. Differences between the 

theoretical FDs and those obtained using the VOT method are expected, since 

computer generated fractal surface images are discrete samples of continuous 

fractals and consequently, their FDs are only approximately known [18].  

  

2.3. VOT texture parameters 

An ellipse is fitted to each rose plot and the following VOT texture parameters 

are calculated: 

 

 Texture minor axis  . The parameter is defined as half the minor axis 

length of the ellipse fitted. It represents dominating roughness 

component and it relates to FD by .  

 Texture aspect ratio  . It is calculated as the ratio of the minor axis and 

the major axis of the ellipse fitted. It measures surface anisotropy. For 

isotropic surfaces (i.e. surfaces exhibiting the same FDs in all directions) 

 is equal to one. For anisotropic surfaces  is less than one. 

 Texture direction  . It is defined as an angle between major axis of the 

ellipse fitted and the X-axis of the image. The parameter indicates 

dominating surface direction. 

 

A schematic illustration of the VOT method and the texture parameters 

calculated is shown in Fig. 1. 
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Sets of  ,  and  parameters calculated at nine scales are called fractal 

signature  ( ), texture aspect ratio signature ( ) and texture direction 

signature ( ), respectively. The VOT texture parameters calculated are 

divided into groups of small (scales 1-3), medium (scales 4-6) and large (scales 

7-9) scales. Within each group, an average value of the VOT texture parameters 

is calculated.  

 

As an example, the ellipses were fitted to the rose plots obtained for fractal 

surface images shown in Fig. 2(a,b) and ,  and  were calculated. 

The values obtained are listed in Table 1. It can be seen from this table, that 

 and  calculated for the fractal surface image shown in Fig. 2(a) are 

about 2.60 and 0.90 at all scales, respectively. These results indicate that the 

surface exhibits similar roughness (2.60) in all directions (  close to 1). For the 

fractal surface image shown in Fig. 2(b),  and  obtained are about 2.90 

and 0.40 respectively, while  is about 120° at all scales.  These results show 

that the roughness of the surface changes significantly with direction (low 

values of ), dominating direction on the surface is 120° and its dominating 

roughness component is 2.90 in 30° (i.e. direction perpendicular to the 

dominating surface direction of 120°).   

 

3. Applications of the VOT method 

The VOT method was applied to range-images of isotropic and anisotropic real 

3D engineering surfaces, SEM images of adhesive wear particles generated 

under different operating conditions, and TB texture images of OA and non-OA 

tibial bones. 

 

3.1. Real 3D engineering surfaces 

There has been much research conducted on study relationships between ST of 

engineering surfaces, both isotropic and anisotropic, and coefficient of friction 



CHAPTER 5 

 

130 

 

using numerical surface parameters [2, 19, 20]. Recent studies showed that 

commonly used surface parameters, such as Ra, Rsk and Rq cannot fully explain 

variations in friction coefficient of engineering surfaces [1, 2]. However, it was 

found that a mean slope of the profile (Del a) and a product of Del a and peak 

count (Pc) parameters (Pc × Del a) correlate well (r ≈ 0.9) with coefficient of 

friction [2]. Although these parameters are useful in some cases they have 

limitations in that they characterize surface roughness at only one scale and 

they do not characterize surface anisotropy. These limitations are significant 

because most engineering surfaces are multiscale and anisotropic objects. 

Therefore, a new surface characterisation method is required. The VOT method 

appears to be promising approach, since it calculates FSs in all possible 

directions.  

 

The accuracy of the VOT method in characterization of engineering surfaces 

was evaluated on one isotropic (S1) and two anisotropic (S2, S3) surface 

topographies that were produced on steel plates. The surface S1 was obtained 

by sandblasting. The surfaces S2 and S3 were obtained by grinding with dry 

emery paper in different directions. Specifically, the surface S2 was obtained by 

rubbing the emery paper against the steal plate along a circular path, while the 

surface S3 was obtained by rubbing the paper in one direction. Continuous 

axonometric plots of these surfaces are shown in Fig. 4. The average roughness 

parameter Ra (a cut-off value of 0.8 mm) calculated for the surface S1 (S2, S3) 

was 0.15 μm (0.14 μm, 0.18 μm) along the horizontal centreline and 0.15 μm 

(0.15 μm, 0.16 μm) along vertical centreline. A 3D average roughness parameter 

(Sa) was calculated and it was the same value of 0.16 μm for all three surfaces. 

The fastest decay auto-correlation rate (Sal), texture aspect ratio (Str), and 

texture direction (Std) parameters were also calculated, and they were 15 μm, 

0.59, and 90° for surface S1; 5 μm, 0.15, and 59° for surface S2; 5 μm, 0.03, and 



CHAPTER 5 

 

131 

 

164° for surface S3, respectively. The Std values are calculated with respect to 

the x-axis of the image. 

 

3D ST of the surfaces was measured using optical profilometer (AltiSurf 520, 

Altimet, France). Surface scans were performed on the steel plate samples of 

size 5.12  5.12 mm. Sampling intervals were 5 µm in perpendicular directions. 

The 3D data obtained for each surface was encoded into 256 gray-scale level 

images, called range-images, in such a way that the brightest pixel value of 255 

and the darkest pixel value of 0 represent the highest and the lowest elevation 

points on the surface, respectively. The range-images obtained are shown in 

Fig. 5. Each range-image was split into 256  256 pixels non-overlapping sub-

images resulting in 48 sub-images (16 sub-images per surface). Examples of the 

sub-images are shown in Fig. 6.  

 

The VOT method was applied to all sub-images, and ,  and  

parameters were calculated at small (30–40 µm), medium (45–55 µm) and large 

(60–70 µm) scales.  

 

3.2. Adhesive wear particles 

Adhesive wear is the most common cause of failure in metal sliding contacts 

[12, 24]. A promising approach to the wear monitoring is through the analysis 

of wear particles generated. However, analysis of wear particles is still a 

challenging task as the results cannot be reliably used [21]. One reason is that 

traditional boundary parameters (e.g. elongation, area) cannot be used to 

reliably differentiate between adhesive wear particles generated under different 

operating conditions [21], e.g. different loads or contact stresses. Also, even a 

relatively complex surface characterization method (i.e. a combination of 

Discrete Wavelet Transform and statistical co-occurrence) produced a high 

classification error rate of 33% [21]. This could be because the parameters and 
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the method used do not characterise ST of wear particles in all possible 

directions at different scales. A promising solution to this problem is to 

characterize ST of wear particles using the VOT method. A sensitivity of VOT in 

detecting minute changes occurring in ST of wear particles generated under 

different operating conditions was thus tested. 

 

To evaluate sensitivity of the VOT method, adhesive wear particles were 

generated using pin-on-disk apparatus with stainless steel pin (hardness 186 

HV, type 303) and mild steel disk (hardness 21 HV) [21]. Three sets of the wear 

particles were obtained under different operating conditions: 

 

 Set A1: load of 19.62 N (rounded to 20 N) with sliding time of 180 s,  

 Set A2: load of  39.24 N (rounded to 40N) with sliding time of 180 s, 

and  

 Set A3: load of 19.62 N (rounded to 20 N) with sliding time of 460 s. 

 

Sets A1 and A2 represent particles generated under increasing wear severity, 

i.e. increasing load levels. Sets A1 and A3 represent particles generated by wear 

occurring for “running-in” and “steady-state” conditions, i.e. for the periods of 

high and low friction coefficients, respectively [21].  

 

2-D surface topography images of the wear particles generated were acquired 

using secondary electron SEM with SUPRA 55VP variable pressure [21]. The 

images were 256 gray-scale level images with size of 1024  786 pixels and the 

pixel resolution of 0.77 µm. For each set, ten images of wear particles were 

acquired. Each image was split into 64  64 pixels non-overlapping sub-images, 

and sub-images that contained particle edges and parts of the image 

background were removed [21]. 150 sub-images per set were obtained. Example 

images of the particles and sub-images are shown in Figs. 7 and 8, respectively. 
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The VOT method was applied to the sub-images of adhesive wear particles, and 

 and   VOT parameters were calculated at small (4.6–6.2 µm), medium 

(6.9–8.5 µm) and large (9.2–10.8 µm) scales. Texture direction signature   

was not calculated, since reference directions were not defined during SEM 

image acquisitions.  

 

3.3. Trabecular bone 

Osteoarthritis is the most common form of joint disease causing chronic 

disability in elderly [25]. Studies showed, that changes in TB structure and 

organization are associated with progression and development of OA [26, 27]. 

Since TB changes occur in early stages of OA, there has been growing interest in 

their in-vivo quantification for diagnostic and prognostic purposes. In daily 

clinical practice, knee OA is assessed mainly by scoring joint space narrowing 

and osteophytes on X-ray images of knee joints. However, it has been shown 

that these measures are not sensitive enough for the detection and prediction of 

early stages of OA [28, 29]. Therefore, new methods for detection and 

prediction of OA are needed. The tests have shown that the VOT method could 

also be applied to analysis of X-ray images of TB (called later TB texture images) 

[18]. The reason is that TB texture images contain data directly related to the 

underlying 3D TB structure [30, 31].  

 

To support this claim, 17 controls (i.e. subjects without OA) and 34 cases (i.e. 

subjects with OA) were used [32]. Controls did not have signs of radiographic 

knee OA in both knees (Kellgren & Lawrence (K&L) grade=0), while cases had 

K&L grade≥2 in at least one knee. Subject characteristics for cases and controls 

are listed in Table 2. 
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Each subject had standing anteroposterior radiographs of both knees taken 

using a specially developed rig for the acquisition of standardized radiographs 

[33]. Radiographs obtained were digitized to 256 gray-scale levels with 0.05  

0.05 mm resolution using Linotype Saphir Ultra 2 scanner. For each non-OA 

subjects, 256  256 pixels region of interests (ROIs) were selected under medial 

and lateral tibial plates on X-ray images of both knees [32]. For OA subjects, 

ROIs were selected under compartments with OA [32] and compartments with 

K&L grade<2 were not used.  Some subjects had meniscectomy performed in 

medial or lateral compartments. Therefore, to reduce possible effects of the 

operation on results, bone ROIs selected for the menisectomized compartment 

of the knee were not used. The region selection was performed using a specially 

developed automated algorithm [34]. In total, 48 OA and 60 non-OA bone ROIs 

were obtained from 69 OA and 68 non-OA TB texture images, respectively. 

Examples of knee X-ray images and TB ROIs are shown in Figs. 9 and 10, 

respectively. 

 

The VOT method was applied to TB ROIs, and ,  parameters were 

calculated at small (0.30–0.40 mm), medium (0.45–0.55 mm) and large (0.60–0.70 

mm) scales. Texture direction signature  was also calculated at those scales, 

since the reference x-axis of TB texture images corresponds to the transverse 

body plane.  

 

3.4. Statistical analysis of data 

Shapiro-Wilk tests were used to evaluate normality in the VOT texture 

parameters. Independent-sample t-tests and Mann-Whitney U tests were used 

to evaluate differences in texture parameters between: 

 

 engineering surfaces S1-S2, S1-S3 and S2-S3, 

 wear particle sets: A1-A2, and A1-A3, 
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 TB textures of OA and non-OA tibial bones. 

 

Twenty seven, twelve and nine statistical tests for differences in the VOT 

texture parameters were conducted for engineering surfaces, bone textures and 

wear particles, respectively. Bonferroni procedure was used to account for the 

multiple testing. Analyses were performed using the SPSS statistical software 

(version 16.0, SPSS, Cary, NC). 

 

4. Results 

4.1. Real 3D engineering surfaces 

Shapiro-Wilk tests showed that the VOT texture parameters calculated for sub-

images of engineering surfaces were normally distributed (P>0.05) and 

subsequently independent-sample t-tests were used. The exception were  

and   at medium scales calculated for S2,  at large scales calculated for 

S2,   at medium scales calculated for S3 and    at medium and large 

scales for S3 (P<0.05). For these VOT texture parameters Mann-Whitney U tests 

were used instead. Based on the Bonferroni procedure it was found that P-

values lower than 0.0019 could be considered as statistically significant. 

 

Values of   calculated for engineering surface S1 were significantly lower 

(P<0.001) than those calculated for S2 and S3 surfaces at small and medium 

scales, while  were higher (P<0.0019) at all scales (Tables 3 and 4). 

Compared to surface S3, values of  and  calculated at small and 

medium scales for surface S2 were lower and higher (P<0.001), respectively 

(Tables 3 and 4). Values of  calculated for S3 were about 160° and they were 

significantly different (P<0.001) than those calculated for S1 (about 80°) and S2 

(about 60°) at all scales (Tables 3 and 4). 
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4.2. Adhesive wear particles  

Shapiro-Wilk tests showed that all VOT texture parameters calculated for ST 

images of wear particles were not normally distributed (P<0.05). The exception 

was  at medium scales calculated for wear particles A2. Therefore, Mann-

Whitney U tests were used to evaluate differences in all VOT texture 

parameters calculated. Based on the Bonferroni procedure it was found that P-

values lower than 0.0042 could be considered as statistically significant. 

 

ST images of wear particles A2 exhibited significantly lower (P<0.001)  and 

higher (P<0.001)   at small scales than ST images of wear particles A1 (Table 

5). The ST images of wear particles A3 exhibited lower (P<0.004)  at small 

and medium scales than ST images of wear particles A1 (Table 5). 

 

4.3. Trabecular bone texture 

Shapiro-Wilk tests showed that all VOT parameters calculated for non-OA TB 

textures, except ,   at medium scales, and OA TB textures, except  

at medium scales and  at large scales, were not normally disturbed (P<0.05). 

Therefore, Mann-Whitney U tests were used to evaluate differences in all VOT 

texture parameters, except  at medium scale. For the parameter  an 

independent-sample t-test was used. Based on the Bonferroni procedure it was 

found that P-values lower than 0.0056 could be considered as statistically. 

  

Compared to TB texture images of non-OA knees,  calculated for OA knees 

was significantly lower (P<0.001) and   was significantly higher (P<0.001) at 

medium and large scales (Table 6).  

 

5. Discussion 

In this study, statistical significant differences were found between surface 

topographies of real 3D engineering surfaces exhibiting the same surface 
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roughness Sa, surfaces of adhesive wear particles generated under different 

loads and sliding times, and TB textures in knee joint compartments with and 

without radiographic OA. 

 

5.1. Real 3D engineering surfaces 

The  showed that there are statistically significant differences in roughness 

between surfaces S1, S2 and S3 at small and medium scales, although the 

surfaces exhibit the same Sa. One possible explanation is that the   

parameter measures the dominating roughness component of a surface, rather 

than the overall roughness. Thus, even though surfaces tested exhibit the same 

overall roughness (Sa), their dominating roughness components can be 

different. For example, calculated values of  for surface S1 were lowest at 

small and medium scales while Sal parameter calculated for S1 was higher than 

those calculated for S2 and S3. Explanation for not detecting statistically 

significant differences at large scales is currently unknown. Further research is 

required to clarify a relationship between ST of sandblasted and ground 

surfaces, and their multiscale roughness.  

 

The results obtained using the VOT method also showed that surface S1 

exhibits statistically significantly lower anisotropy than S2 and S3 at all scales. 

This is expected as the surface S1 was sandblasted, i.e. it is isotropic, while 

surfaces S2 and S3 were abraded in different directions, i.e. they are anisotropic. 

Additionally, the results showed that surface S2 is statistically significantly less 

anisotropic than S3 at small and medium scales. The results obtained at all 

scales agree with changes observed for the Str parameters, i.e. Str calculated for 

S1 was higher than those calculated for S2 and S3. The differences in anisotropy 

can be explained by the fact that surface S2 contains grinding marks in various 

directions, while S3 contains the marks in one direction. The reason for not 
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detecting statistically significant differences in anisotropy at large scales could 

be because most of the variation in the directions of grinding marks occur at 

small and medium widths.  

 

Using the VOT method, statistically significant differences were found in 

dominating texture directions between the three surfaces tested. In particular, it 

was found that surfaces S3 and S2 exhibit median dominating directions of 

about 160° and 60°, respectively, at all scales. These values are in good 

agreement with the directions of grinding marks on these surfaces as measured 

by the Std parameter (i.e. 164° and 59°, respectively). Visual examination of the 

range-images of these surfaces (Fig. 5(b,c)) indicates that grinding marks on 

surface S3 are aligned along approximately 160° with regard to the horizontal 

X-axis of the range-images, while majority of grinding marks on surface S2 are 

aligned along directions between 30° and 90°. It needs to be mentioned that as 

3D ST of S1 was scanned using finite step size and the range-images have a 

finite number of gray-scale levels this could result in some errors, especially 

when dealing with sandblasted surface. No dominating directions should be 

present on isotropic surface, however, due to discrete nature of pixel array, ST 

points that do not lay at 0°, 90°, 180° and 270° are poorly represented, especially 

at small scales [35]. Thus, some anisotropy could be introduced during 

discretization of ST of surface S1. This issue will be further investigated.  

 

In this study, surfaces with groves in one and various directions, and 

sandblasted surface were used. Therefore, it should be investigated further to 

find out whatever the VOT method can be used in large variety of engineering 

surfaces produced during grinding, turning, milling, etc.  Therefore, the future 

research will involve studying engineering surfaces produced during different 

manufacturing processes. 
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5.2. Adhesive wear particles 

Statistically significant differences between adhesive wear particles (A1-A2 and 

A1-A3) were found and the differences were the greatest for A1-A2. These 

findings agree with the classification results reported in the previous study [21]. 

Specifically, in the study it was found that 73% of ST images of wear particles 

A1 were classified as A1, none were classified as A2, and 22% were classified as 

A3. This means that there is a better distinction between A1 and A2 than 

between A1 and A3. Using the VOT method, it was found that those results can 

be attributed to the differences found in surface roughness and anisotropy 

between the sets of wear particles. It needs to be mentioned that this 

information is not available in the classification results presented in Ref. [21]. 

The reason is that in the classification system used, wear particles were first 

quantified using 44 texture parameters and then reduced to a few “texture 

features” using a non-linear Fisher dimension reduction technique [21]. The 

features obtained are the largest eigenvalues of a between-class scatter matrix 

and they have no direct link with values of the original texture parameters. 

 

Statistically significant differences between adhesive wear particles were found 

at small scales. A possible explanation could be that the ST of wear particles 

reflects changes in the number of small contact spots between surfaces of the 

pin and disk used in this study. This hypothesis has some support from the 

previous study [36], where it was demonstrated that the adhesion between two 

surfaces is controlled mainly by high frequency components of surfaces. The 

frequency components were associated with small contact spots [36]. However, 

this hypothesis requires further study, since the relationship between contact 

spots and wear particle topographies is yet to be determined.  

 

The wear particles A2 exhibited lower surface roughness and anisotropy than 

wear particles A1. This is in contradiction with visual examination of the wear 
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particles images. A possible explanation of this discrepancy is that roughness 

and anisotropy are quantified by the VOT method at small scales while the 

visual examination is performed by looking at surface features over all scales. 

To verify this claim, roughness and anisotropy of the wear particles were 

evaluated using modified HOT method [15]. This method quantifies surface 

roughness and anisotropy over all scales. Median (range) values of   

obtained for the wear particles A2 were 2.90 (2.73-2.98) and for A1 they were 

2.86 (2.67-2.99). These differences were statistically significant (Mann-Whiten U 

test, P<0.001) indicating that wear particles A2 are rougher than wear particles 

A1. This result agrees well with the visual examination of the particles. Using 

the HOT method, no statistically significant differences were found in 

anisotropy. 

 

One possible criticism of the work conducted is that conventional SEM images 

were used instead of stereoscopy SEM images. As a consequence, information 

about heights of surface features of the wear particles is not readily available. 

Second possible criticism is that the size of sub-images (i.e. 64  64 pixels) is 

relatively small and this can lead to errors in the analysis of wear particles [21]. 

Third possible criticism is small number of adhesive wear particles used. This 

may limit generalizability of the results obtained about changes in ST of 

adhesive wear particles generated under different operating conditions.  

 

Despite the criticism, the results obtained indicate that the VOT method has a 

potential to be useful in engineering applications, especially in machine 

condition monitoring. Therefore, further research will focus on development of 

a pattern recognition system for automated classification of wear particles 

based on VOT texture parameters.  
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5.3. Trabecular bone texture 

The results obtained showed that OA TB textures were statistically significantly 

less rough than non-OA TB textures at medium and large scales. A possible 

explanation might be thickening of medium and large trabecular structures in 

OA. This hypothesis has some support from previous studies, where it was 

demonstrated that TB in OA tibial bones is thicker than in non-OA bones [37]. 

This thickening of TB could be manifested by less rough appearance of TB in X-

ray images. 

 

Anisotropy of OA TB textures was lower than non-OA TB textures at medium 

and large scales. This may indicate realignment of medium and large trabecular 

structures in OA tibial bones. This interpretation agrees with Wolff’s law, which 

states that TB adopts itself to changes in mechanical loading placed upon it [38]. 

Studies showed that subjects with OA exhibit higher knee adduction moments 

than subjects without OA [39, 40], indicating increase loading in diseased knee 

joints.  

 

Although, in this study TB ROIs selected in compartments without 

meniscectomy were used, results obtained are similar to those obtained for 

meniscectomized knee joints [41, 42]. Specifically, it was found that TB textures 

in OA knees were less rough and anisotropic than in non-OA knees. This 

similarity in results may indicate that effects of meniscectomy on TB changes 

during OA are small. However, to determine whether this is indeed the case, 

more research is required. 

 

The study conducted has some limitations. Firstly, 27 subjects had 

meniscectomy in one compartment. Thus, changes in knee joint due to 

meniscectomy in one compartment might affect TB structure in the other 

compartment. Secondly, the number of subjects used was relatively small, and 
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it might not be adequate for making generalized statements about alterations of 

TB structure due to OA. 

 

Despite the limitations, the results obtained indicate that the VOT method could 

be use in prognosis and diagnosis of OA. Therefore, our further research will 

focus on OA prediction that will involve building a regression model based on 

the VOT texture parameters. 

 

6. Conclusions 

From the work conducted the following conclusions can be drawn: 

 

 The VOT method is able to characterize surface roughness and 

anisotropy at different scales.  

 The VOT method was applied to the images of real 3D engineering 

surfaces, both isotropic and anisotropic. Differences were found in both 

surface roughness and anisotropy, indicating that the VOT method can 

effectively differentiate between real 3D engineering surfaces. 

 The VOT method was applied to ST images of adhesive wear particles 

generated at different operating conditions. Differences were found at 

small scales, which may reflect changes in the number of small contact 

spots between surfaces of the pin and disk used in this study. Changes in 

load have greater effect on ST of adhesive wear particles than changes in 

sliding time.  

 The VOT method was also applied to TB texture images from OA and 

non-OA tibial bones. OA TB texture was found to be less rough than 

non-OA TB texture suggesting thickening of trabeculae in OA bones.  

 It appears that the VOT method might become a useful tool in both 

engineering and biological applications. 
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List of tables 
 

Table 1. Values of ,  and  parameters calculated for 

isotropic and anisotropic fractal surface images shown in Fig. 2(a) and 

(b), respectively. 

Fractal 

signatures 
Scales Isotropic  Anisotropic 

 small 2.57  2.90 

 medium 2.60  2.91 

 large 2.65  2.90 

 small 0.92  0.38 

 medium 0.93  0.33 

 large 0.89  0.42 

 small 120°  118° 

 medium 72°  122° 

 large 21°  118° 
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Table 2. Subject characteristics of cases and controls. Data reported 

are the mean (standard deviation), except for sex. 

 Cases (n=34)  Controls (n=17) 

Age (years) 44.5 (7.5)  40.8 (7.4) 

BMI (kg/m2) 27.1 (4.0)  24.6 (4.5) 

Sex (ratio of 

men/women) 
0.69  0.7 
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Table 3. Median and range of  ,  and  parameters calculated 

for engineering surfaces S1, S2 and S3. 

Fractal 

signatures 
Scales 

S1  

(isotropic) 
 

S2 

(multidirectional) 
 

S3 

(unidirectional) 

Median Range  Median Range  Median Range 

 small 2.88 
2.84-

2.89 
 2.96 

2.95-

2.98 
 2.98 

2.97-

2.99 

 medium 2.93 
2.91-

2.95 
 2.97 

2.96-

2.98 
 2.99 

2.96-

2.99 

 large 2.98 
2.97-

2.99 
 2.98 

2.97-

2.99 
 2.98 

2.96-

2.99 

 small 0.86 
0.77-

0.94 
 0.22 

0.13-

0.41 
 0.07 

0.05-

0.11 

 medium 0.55 
0.44-

0.81 
 0.23 

0.07-

0.64 
 0.05 

0.03-

0.21 

 large 0.33 
0.16-

0.48 
 0.17 

0.09-

0.45 
 0.15 

0.05-

0.41 

 small 74° 22-137°  62° 31-77°  159° 
157-

162° 

 medium 79° 62-109°  58° 
28-

133° 
 160° 

157-

162° 

 large 92° 72-114°  65° 19-98°  154° 
110-

160° 
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Table 4. P-values of the differences in ,  and  parameters calculated 

for engineering surfaces S1, S2 and S3. P<0.0019 was considered statistically 

significant. 

Surface 
             

Small Medium Large  Small Medium Large  Small Medium Large 

S1 S2 <0.001 <0.001 0.11  <0.001 <0.001 0.001  0.08 0.005 <0.001 

S1 S3 <0.001 <0.001 0.6  <0.001 <0.001 <0.001  <0.001 <0.001 <0.001 

S2 S3 <0.001 <0.001 0.5  <0.001 <0.001 0.6  <0.001 <0.001 <0.001 
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Table 5. Differences in and  calculated for three sets of adhesive wear 

particles A1, A2 and A3. P<0.0042 were considered statistically significant. 

Fractal 

signatures 
Scales 

A1 (20N/180s)  A2 (40N/180s)   A3 (20N/460s)  

Median Range  Median Range 
P 

value† 
 Median Range 

P 

value‡ 

 small 2.96 
2.69 – 

2.99 
 2.94 

2.80 – 

2.99 
<0.001  2.95 

2.61 – 

2.99 
0.002 

 medium 2.96 
2.68 – 

2.99 
 2.95 

2.80 – 

2.99 
0.04  2.95 

2.67 – 

2.99 
0.003 

 large 2.95 
2.73 – 

2.99 
 2.95 

2.81 – 

2.99 
0.08  2.95 

2.75 – 

2.99 
0.006 

 small 0.32 
0.06 – 

0.81 
 0.41 

0.10 – 

0.85 
<0.001  0.31 

0.07 – 

0.85 
0.08 

 medium 0.31 
0.07 – 

0.82 
 0.36 

0.09 – 

0.77 
0.01  0.37 

0.08 – 

0.78 
0.01 

 large 0.31 
0.08 – 

0.72 
 0.36 

0.11 – 

0.74 
0.008  0.34 

0.12 – 

0.67 
0.15 

† - Differences between A1 and A2 

‡ - Differences between A1 and A3 
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Table 6. Differences in ,  and  calculated for OA and non-

OA knee joints by the VOT method. P<0.0056 were considered 

statistically significant. 

Fractal 

signatures 
Scales 

Non-OA knees  OA knees 
P value 

Median Range  Median Range 

 small 2.76 2.69 – 2.90  2.73 2.51 – 2.89 0.08 

 medium 2.88 2.76 – 2.95  2.81 2.64 – 2.92 <0.001 

 large 2.94 2.83 – 2.98  2.89 2.77 – 2.96 <0.001 

 small 0.80 0.60 – 0.93  0.85 0.61 – 0.94 0.03 

 medium 0.57 0.31 – 0.87  0.73 0.33 – 0.94 <0.001 

 large 0.36 0.12 – 0.77  0.51 0.27 – 0.88 <0.001 

 small 69° 5 – 175°  77° 15 – 175° 0.06 

 medium 89° 10 – 158°  87° 14 - 158° 0.9 

 large 90° 40 - 159°  88° 40 - 155° 0.7 
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List of figures 

  

Figure 1. A schematic illustration of the VOT method: (a) a search region 

that moves across the image, (b) values calculated for a pair of pixels 

within the region, (c) a log-log plot, (d) lines fitted to the plot, (e) a rose 

plot of Hurst coefficients and (f) texture parameters calculated from the 

plot. 
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(a) (b) 

Figure 2. Computer generated (a) isotropic fractal surface image with 

FD=2.5 and (b) anisotropic fractal surface image with FD=2.6 in the 30° 

direction and FD=2.2 in the 120° direction. 
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(a) Scale 1 (b) Scale 2 (c) Scale 3 

   

(d) Scale 4 (e) Scale 5 (f) Scale 6 

   

(g) Scale 7 (h) Scale 8 (i) Scale 9 

Figure 3. Rose plots of Hurst coefficients at nine scales calculated for the 

isotropic fractal surface (bold line) image shown in Fig. 2(a), and the 

anisotropic fractal surface (thin line) shown in Fig. 2(b). 
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(a) 

 
(b) 

 
(c) 

Figure 4.  Continuous axonometric plots of (a) isotropic surface S1 and 

anisotropic surfaces (b) S2 and (c) S3. 
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(a) 

 

(b) 

 
(c) 

Figure 5. Range-images of (a) isotropic surface S1 and anisotropic surfaces 

(b) S2 and (c) S3 shown in Fig. 4. 
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(a) (b) (c) 

   
(d) (e) (f) 

   
(g) (h) (i) 

   
(j) (k) (l) 

Figure 6. Example sub-images of real 3D engineering surfaces S1 

(a,d,g,j), S2 (b,e,h,k) and S3 (c,f,i,l). Each image area is 1.28  1.28 mm. 
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(a) (b) 

 
(c) 

Figure 7. Example SEM images of adhesive wear particles from sets (a) 

A1, (b) A2 and (c) A3, respectively.  
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(a) (b) (c) 

   
(d) (e) (f) 

   
(g) (h) (i) 

   
(j) (k) (l) 

Figure 8. Example SEM surface images of adhesive wear particle from sets 

A1 (a,d,g,j), A2 (b,e,h,k) and A3 (c,f,i,l). Each image area is 49.4  49.4 μm. 
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(a) (b) 

Figure 9. Example X-ray images of (a) OA and (b) non-OA knee joints. 

Black squares are TB regions selected on X-ray images. Each region area is 

12.8  12.8 mm. 
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(a) (b) 

  
(c) (d) 

 

  
(e) (f) 

  

(g) (h) 

Figure 10. Examples of (a,c,e,g) OA and (b,d,f,h) non-OA TB texture 

images. Area of each TB texture image is 12.8  12.8 mm. 
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Abstract 

Textured surfaces can significantly improve performance of hydrodynamic 

bearings. However, there is no generally accepted method for their accurate 

and automated 3D characterization. A promising solution to this problem is 

partitioned iterated function system (PIFS) model, which encapsulates 

information about 3D topography of textured surfaces. However, some loss in 

surface details can occur. Therefore, before PIFS could be used, effects of this 

information loss on load and friction need to be investigated. In this study, this 

issue was addressed using a textured hydrodynamic pad bearing. The results 

obtained showed that PIFS models might become useful in characterization of 

textured surfaces. 

 

Keywords: surface characterization, PIFS, textured surfaces, numerical analysis  
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Nomenclature 

 [m] Side length of a unit cell 

 [m] Slider width 

 Dimensionless slider width,  

d Vertical and horizontal spacing of domains 

 [N] Friction force 

 Dimensionless friction force,  

 Percentage difference in friction force 

g Number of domain classes 

 [m] Local film thickness 

 Dimensionless film thickness,  

 [m] Minimum film thickness 

 [m] Dimple depth  

 Dimensionless dimple depth,  

m, M Minimum and maximum recursion depths 

 Number of dimples in  direction 

o Offset coefficient 

 [Pa] Local pressure 

 Dimensionless local pressure  

[m] Dimple radii 

 Dimensionless dimple radii, ,   

s Scale coefficient 

 Dimple density,  

t Tolerance 

U [m/s] Sliding velocity 

 [N] Load carrying capacity 

 Dimensionless Load carrying capacity,  

 Percentage difference in load capacity 

 [m] Cartesian coordinates 

 Dimensionless Cartesian coordinates,  

 [m] Unit cell Cartesian coordinates 

 Dimensionless unit cell Cartesian coordinates,   

 [rad] Dimple orientation 

 Dimensionless clearance,  

 Dimple aspect ratio,  

 [Pa·s] Dynamic viscosity 
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1. Introduction 

Engineering surfaces with artificially generated dimples of different shapes, 

depths, widths or orientations are called textured surfaces. Studies showed that 

these surfaces can significantly improve performance of mechanical 

components operating under hydrodynamic lubrication. Examples of positive 

effects include increase in load carrying capacity of thrust bearings [1-4], 

reduction of coefficient of friction in journal bearings [5, 6], improvement of 

wear resistance of mechanical seals [7] and friction reduction between piston 

rings and cylinder liner [8]. Despite their importance in hydrodynamic 

lubrication, there is no generally accepted method/standard that could provide 

a reliable and automated 3D characterization of the textured surfaces [9]. 

Currently, characterization of textured surfaces involves using mathematical 

formulas and/or parameters that describe dimple’s geometry [1, 3, 10], or 

imaginary surface structures (e.g. a grid superimposed on a surface) that 

describe dimples spacing and  localization on the surface [1]. These methods, 

however, have several limitations. Firstly, they are not automated, since the 

functions and the imaginary surface structures have to be constructed 

manually. This process is time consuming and cumbersome. Secondly, these 

methods are best suited for textured surfaces that exhibit identical, uniformly 

distributed dimples of basic geometrical shapes such as circle or square. For 

more complicated shapes, non-identical or non-uniformly distributed dimples 

on the surface, the construction of the functions and imaginary structures can 

be a challenging and difficult task. Thirdly, these methods cannot be directly 

used for automated classification, inspection and segmentation of textured 

surfaces. Because of these limitations a new surface characterization method is 

needed.  

 

One possible way to address this problem is through the use of model-based 

methods which encapsulate the entire surface texture data. Popular methods 
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are wavelets [11], Gabor filters [12], ring-shape filters [13], wave atoms [14], 

ridgelets [15], curvelets [16] or conturlets [17]. For example, wavelets were used 

to characterize waviness of hard-turned, ground and stone-honed surfaces [11], 

Gabor filters were used for automated quality assessment of etched and 

polished surfaces [12] while the ring-shaped filters found applications in 

classification of cast surfaces [13]. Wave atoms, ridgelets, curvelets and 

conturlets were shown to be particularly useful in characterization of oriented 

textural surfaces (e.g. surfaces obtained by grinding, milling or polishing) [14-

17]. However, these methods have limited use in characterization of textured 

surfaces. For example, wavelets tend to ignore geometric properties of objects 

with edges [14], ridgelets, curvelets and conturlets are suited for surfaces with 

scratches [14] and Gabor filters have low spatial resolution [18]. In a recent 

study, the potential of partitioned iterated function system (PIFS) method in the 

3D characterization, evaluation and optimization of textured surfaces has been 

discussed [9]. The method appears to be a promising way to characterize 

textured surfaces [9]. PIFS is based on the idea that surface images are self-

transformable, which means that one part of the surface image can be 

transformed into another part of the same surface, reproducing it almost exactly 

[9]. Specifically, the calculation of PIFS involves searching for square self-

transformable parts and describing transformations between them using 

mathematical formulas. A set of these transformations, called a PIFS model, 

encapsulates information about 3D topography of textured surfaces such as 

dimples spacing, size, orientation, localization and depth [9]. Once the PIFS 

model is constructed for an image of textured surface, it is possible to 

reconstruct this surface image using iterative decoding procedure. However, 

the reconstructed image is not an exact copy of the original and some details are 

lost, i.e. they are not encapsulated in the transformations. Subsequently, when 

textured surface characterized by PIFS is used in the evaluation and 

optimization of hydrodynamic bearings errors can occur in the calculations of 



CHAPTER 6 

 

168 

 

load capacity and friction force. Therefore, before PIFS could be used as a 

surface characterization method for 3D analyses of textured surfaces in 

hydrodynamic bearings, effects of the information loss in texture details in PIFS 

model on load and friction need to be investigated. 

 

In this paper, the information loss effects were investigated for a fully textured 

hydrodynamic parallel pad bearing with elliptical dimples. This surface texture 

was chosen because the hydrodynamic pressure is generated by individual 

dimple effects only (i.e. local cavitation in each dimple [1, 19]) and elliptical 

dimples are difficult to encode into PIFS model using square self-transformable 

surface parts. This bearing was modeled as parallel square sliders, with one 

surface being flat while the other surface being textured. The pressure 

distribution was calculated by solving 2D Reynolds equation for steady-state 

incompressible Newtonian fluid in a laminar flow. The investigation involved 

generating four examples of textured surface images, calculations of the 

differences in load and friction obtained for the original and the reconstructed 

images, and finding optimal PIFS model for each surface that minimizes the 

information loss effects. 

 

2. Methods 

2.1. Analytical model of the bearing 

2.1.1. Bearing geometry  

A geometrical model of a single, fully textured parallel square slider is shown 

in Fig. 1(a,b). In this model there are two parallel pads, i.e. one pad is perfectly 

smooth, while the second one exhibits a textured surface with uniformly 

distributed elliptical dimples (Fig. 1(a,b)). The dimples are located in the centres 

of square cells, called unit cells, of an imaginary grid superimposed on the 

whole surface (Fig. 1(b)). A side length  of the unit cells is defined as , 

where  is the pad length and  is the number of dimples/cells in the sliding 
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direction . Dimensionless dimple depth  at a point on the surface area 

covered by a dimple is given by:  

 (1) 

where  are dimensionless dimple radii,  and  are local coordinates 

with their origin at the centre of a unit cell and  is the orientation of the dimple 

(Fig. 1(c)).   

 

2.1.2. Reynolds equation 

A 2D Reynolds equation in a dimensionless form for steady-state 

incompressible Newtonian fluid in a laminar flow is used, i.e. 

 (2) 

 

where  is the dimensionless clearance and  is the dimensionless film 

thickness given by: 

 (3) 

  

2.1.3. Load and friction 

When the dimensionless pressure distribution  is obtained from Eq. (2), the 

dimensionless load carrying capacity  and friction force  can be calculated as 

follows:  

 (4) 

 (5) 

 



CHAPTER 6 

 

170 

 

2.2. Numerical methods  

2.2.1. 3D surface characterization using PIFS model 

Numerical characterization of 3D topography of textured surfaces involves 

encoding surface data into a 256  256 pixels gray-scale level image (called a 

range-image) and construction of a mathematical model of the image obtained. 

In this image, 3D surface topography data is encoded into 256 gray-scale level 

values in such a way that the brightest pixel value of 0 and the darkest pixel 

value of 255 represent  of 0 and 1, respectively. The mathematical model is 

constructed by searching for square, self-transformable parts of the surface 

image and affine transformations between the parts [20, 21]. These 

transformations are used to convert larger parts of the surface image (i.e. 

domains) into half smaller parts (i.e. ranges) located elsewhere on the same 

image. As a result, the surface image is encoded into a set of affine 

transformations, called a PIFS model. Once the PIFS model is constructed, it can 

be iteratively applied to any initial image (i.e. it can be decoded) and the 

original surface image is obtained [20, 21].  

 

The search for self-transformable ranges and domains is performed using 

quadtree partitioning algorithm [20, 21]. In this algorithm, an image is 

represented as a tree in which each node (i.e. called a range) may have four 

square sub-nodes. Each sub-node corresponds to one quadrant of its parent’s 

node and the root of the tree is the image itself. This tree is characterized by 

minimum (m=4) and maximum (M=6) number of times that the image can be 

recursively partitioned (i.e. recursion depths). Consequently, the depths 

determine range sizes, i.e. 4  4, 8  8 and 16  16 pixels for the 256  256 pixels 

image. For the search of ranges and domains, a pool of domains is constructed 

by selecting 8  8, 16  16 and 32  32 pixels parts of the image with vertical and 

horizontal spacing d, equal to 8, 16 and 32 pixels (i.e. d=(8,16,32)), respectively. 

All domains from the pool are classified into 72 classes based on their gray-scale 
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level values. For each range a domain from the pool constructed is found in the 

following way. Firstly, a single domain class (g=1) out of 72, i.e. the nearest to 

the range, is identified based on averages and variances of gray-scale level 

values of pixels. Secondly, from the class identified the domain which has the 

root mean square (RMS) distance from the range less than a predefined 

tolerance (t = 8) is selected. Thirdly, if such domain cannot be selected, the range 

is subdivided into four quadrants, and the search for domain is repeated for 

each quadrant. This process continues until either the depth of the tree is equal 

to 6 or the RMS distance calculated is below 8. Finally, for each pair of the range 

and domain found, positions, sizes, rotation numbers, and scale and offset 

coefficients are stored in a file. The first three variables represent spatial 

transformations of domains into ranges, while scale and offset coefficients 

represent transformations of their gray-scale values (i.e. contrast and 

brightness, respectively). There are eight rotation numbers, i.e. four 90° 

rotations for the original image and four rotations for its mirror version. Scale 

and offset coefficients are uniformly quantized using o=5 and s=7 bits, 

respectively. The number of iterations used for the decoding of PIFS model is 

10. 

 

2.2.2. Solution of the Reynolds equation 

The Reynolds equation (Eq. 2) is solved numerically using a MultiLevel method 

[22], with the finest and courses grids of 256  256 and 32  32 points, 

respectively. For this method, the boundary conditions are p=0 at the edges of 

the bearing. The Reynolds condition is used at the cavitation regions in each 

dimple.  

 

2.3. PIFS evaluation methodology 

Effects of information loss in surface texture details in PIFS model on load and 

friction are evaluated in the following steps:  
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1. Four textured surfaces (denoted by S1, S2, S3 and S4) with 64 elliptical 

dimples ( ) are generated and represented as range-images (Fig. 2). 

Surface S1 exhibits dimples ( , , and ) 

aligned along x direction (Fig. 2(a.b)). All dimples on this surface are 

identical. Surface S2 differs from S1 in that one half of the dimples is 

deeper ( ) than the second half ( ) (Fig. 2(c,d)). Surface S3 is 

the same as S1, except that half of the dimples is aligned along y 

direction (  (Fig. 2(e,f)). Finally, surface S4 exhibits random 

dimples of different shapes, depths and orientations, i.e. , , , and  

are randomly selected for each dimple from the following intervals: 

, , , and  (Fig. 2(g,h)). This 

surface was deliberately chosen to check the effectiveness of PIFS in its 

3D description. These surfaces are examples of textured surfaces with 

increasing complexity.  

2. The range-images are encoded into PIFS models and then decoded. 

3. The load capacity and the friction force are calculated for the original 

and decoded range-images. 

4. Percentage differences between the load capacity (  and the friction 

force ( ) obtained for the original and decoded range-images are 

calculated. 

 

3. Results  

3.1. Finding optimal PIFS models 

Texture surface images are encoded into PIFS models. Parameters used in each 

model were initially set to the default values used in [20], i.e. (i.e. t=8, m=4, M=6, 

d=(8,16,32), g=1, s=5 and o=7). Since the accuracy of the PIFS models depends on 

these parameters, an incorrect selection of their values may lead to a significant 

loss of surface texture details and subsequently, to errors in the load and 

friction calculations. Thus, values of PIFS parameters that minimize the loss in 
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texture details need to be found. For this purpose, for each surface, an 

exhaustive search on PIFS parameters was performed by minimizing a 

Baddeley distance (BD) [23] between the original and decoded range-images. 

BD was used, since it measures, unlike other distances, differences between 

images in both gray-scale and spatial domains [23]. This allows a measure of 

distortions in gray-scale levels representing the dimples shape, width and 

depth and spatial shifts of the dimples on the image area. 

 

The exhaustive search involves all possible combinations of PIFS parameters. 

Since computational times for this type of search are prohibitively long, some of 

the PIFS parameters values were preselected. Specifically, the vertical and 

horizontal spacing of the domains d was set to 1 pixel (i.e. d=(1,1,1)) and the 

number of domain classes used was 72 (i.e. g=72). Thus, during PIFS encoding, 

each range is matched with all possible domains, not only with domains taken 

from a single class (g=1). This improves chances of finding the best possible 

matches between domains and ranges. 

 

Values of other PIFS parameters were varied as follows:  

 

 Tolerance t: 0≤t≤8 in steps of 0.1. This range allows for a use of low 

values of t that in general, lead to well matched self-transformable parts 

of the dimples on the image. 

 Minimum m and maximum M recursion depths: 4≤m≤7 and 6≤M≤7 in 

steps of 1. These ranges were selected since values of m>4 and M>6 may 

increase accuracy in encoding of fine dimple details (e.g. dimple edges). 

The upper limit 7 represents the highest possible recursion depth (i.e. 

range of 2  2 pixels).  

 Scaling s and offset o bits: 5≤s≤8 and 7≤s≤8 in steps of 1. These ranges 

were used since higher numbers of the bits may improve encoding of 
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gray-scale level values representing dimples depths and shapes. The 

upper limit is set to 8 because the range-images have 256 brightness 

values. 

 

Optimal values of PIFS parameters obtained from the exhaustive search for 

surfaces S1, S2, S3 and S4 are tabulated in Table 1. From this table it can be seen 

that, for example, optimal PIFS model for S1 is obtained when t=1.0, m=6, M=7, 

s=7, and o=7, while for S2, the optimal model is constructed when t=1.8, m=7, 

M=7, s=5, and o=7. 

 

3.2. Evaluation results 

The  and  obtained for the default and optimal PIFS models are listed in 

Table 2. It can be seen from this table that for the default models,  and  

ranged from -7.3% to -4.0%, and from -0.4% to -0.1%, respectively. However, 

when optimal models was used, the differences decreased and they ranged 

from -1.9% to -1.3%, and from -0.04% to 0.02%, respectively.  

 

3.3. Computational times 

The computational times required for construction of the default  PIFS models 

with default parameters were about 0.5 s on a Linux server (CentOS 5.5, Sun-

Fire-X4450 with 24 x 2.4 GHz CPUs and 24 GB of RAM) for all surfaces. The 

times increased to about 480 s for the optimal models. The exhaustive search 

took about 4 days to complete. The PIFS was implemented in ANSI C. 

 

4. Discussion 

In this study, PIFS models were used to encode 3D textured surfaces. The 

effects of information loss in texture details in these models on load capacity 

and friction force were investigated for a fully textured parallel pad bearing. In 

this investigation, textured surface images with 64 elliptical dimples were 
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encoded into PIFS models, and then each model was optimized using an 

exhaustive search for the minimal BD between original and decoded surface 

images. The effects of information loss in texture details in the models 

optimized were evaluated on load capacity and friction force. It was found that 

the optimal PIFS models were able to retain texture details so that changes in 

load and friction were less than 2%. 

 

The load capacities calculated using default and optimal PIFS models were 

underestimated by no more than 8% and 2%, respectively. This suggests that for 

all surfaces, the pressure distributions calculated for the decoded range-images 

decreased as compared to that of the original range-images. This is confirmed 

by visual examination of the pressure distributions shown in Figs. 3 and 

4(a,c,e,g), and the pressure profiles taken along x direction (Fig. 5). The decrease 

in pressure distributions can be explained by loss in texture details in decoded 

textured surfaces. 3D views of the decoded surfaces obtained from the default 

and optimal PIFS are shown in Fig. 4(b,d,f,h) while surface profiles extracted 

from these surfaces are shown in Fig. 6. These figures show that the use of the 

default PIFS models resulted in significant detail loss of dimple shape and 

depth and even in loss of whole dimples (i.e. dimples that were not encoded by 

PIFS). For example, in Fig. 6(d) it can be seen that the dimple profiles obtained 

for the default PIFS model of surface S4 are not elliptical. The figure also shows 

that the surface profile taken at positions 0<x<1 (y=4.5) is constant, while it 

should exhibit a dimple. When the optimal PIFS models were used, the loss in 

texture details was not observed (Fig. 7).  

 

The friction forces calculated for default and optimal PIFS models differed from 

those calculated for original range-images (<0.4%). Unlike in the case of load 

capacities, the changes in friction forces might be entirely attributed to the loss 

in texture details. A possible reason is that pressure gradient component of the 
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friction force is often negligible in textured bearings [8, 24]. To support this 

claim, the friction forces were calculated for the default and optimal PIFS 

models with and without the pressure gradient component. For all models it 

was found that the friction forces decreased by about 2% when the component 

was disregarded. This finding agrees with previous studies which showed that 

surface texturing does not affect significantly friction force under 

hydrodynamic lubrication conditions [25, 26].  

 

The computational times required for the construction of the optimal PIFS 

models were lengthy, i.e. up to 480 s. One reason is that all possible domains 

were searched for a match with range. A possible solution could be the use of 

elliptical ranges and domains instead of the square ones. This is because the 

textured surfaces have elliptical dimples and therefore, a small number of 

elliptical ranges and domains would be sufficient for their encoding. Another 

solution could be a search of the domains within a neighbourhood of each 

range instead of the entire surface images. The reason is that the dimples are 

similar to each other and a possible domain for the match could be found on 

neighbouring dimples. Finally, using a faster computer, optimising a source 

code and scaling it for multicore CPUs could reduce the computational times.  

 

Our ultimate goal is to develop an automated system for reliable and accurate 

3-D characterization, optimization and classification of textured surfaces in 

different types of lubricated contacts. The results obtained in this study indicate 

that the PIFS might be a valuable part of the system. However, before the 

system can be developed more research is required. Our further work will focus 

on evaluating PIFS in elastohydrodynamic and boundary lubrication regimes. 

The evaluation of PIFS in these regimes is important, because textured surfaces 

can deform during bearing operation. Thus, loss in texture details in PIFS 

models may not only affect load and friction calculations in these lubrication 
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regimes, but also it can affect the calculations of the surface deformations. 

Therefore, new PIFS models that take into account the surface deformations will 

be required. 

 

5. Conclusions 

From the work conducted in this study, the following conclusions can be 

drawn: 

 

 A textured surface image can be represented as a set of mathematical 

formulas (i.e. affine transformation) in the form of PIFS model. This 

model can be iteratively applied to any initial image, and the original 

textured surface image then can be reconstructed. However, as the 

reconstructed image is not an exact copy of the original, some texture 

details are lost. 

 Effects of the information loss in textured surface details on load capacity 

and friction force were investigated for a fully textured hydrodynamic 

parallel pad bearing with elliptical dimples. 

 Optimal PIFS models were found that minimize the loss, and 

subsequently, minimize its effects on calculated load and friction. The 

load and friction calculated for the optimal PIFS models differed slightly 

(i.e. <2% and <0.04%, respectively) from those calculated for the original 

surface images.  

 PIFS might be a valuable tool in the 3D characterization of textured 

surfaces for applications in hydrodynamic bearings. 
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Table 1. Optimal values of t, m, M, s and o PIFS parameters obtained for 

surfaces S1, S2, S3 and S4.  

Surface t m M s o 

S1 1.0 6 7 7 8 

S2 1.8 7 7 5 7 

S3 1.0 6 7 7 7 

S4 0.6 6 7 5 8 
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Table 2. Percentage differences in load ( ) and friction ( ) between 

decoded and original range-images obtained for default and optimal PIFS 

models of surfaces S1, S2, S3 and S4. 

Surface 
Default  Optimal 

     

S1 -7.3% -0.3%  -1.2% -0.01% 

S2 -6.7% -0.4%  -1.4% -0.04% 

S3 -5.6% -0.3%  -1.9% -0.01% 

S4 -4.0% -0.1%  -1.3% -0.02% 
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Figure 1. A schematic illustration of a fully textured parallel square slider 

model: (a) a cross section, (b) a partial top view of a textured surface and 

(c) unit cell and elliptical dimple geometry. 



CHAPTER 6 

 

185 

 

 

 

  

(a) (b) 

  

(c) (d) 

  

(e) (f) 

  
(g) (h) 

Figure 2. (a,c,e,g) Range images of textured surfaces S1, S2, S3 and S4, 

respectively, and (b,d,f,h) their 3D views. 
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(a) (b) 

  

(c) (d) 

Figure 3. Pressure distributions obtained for the range-images of surfaces (a) 

S1, (b) S2, (c) S3 and (d) S4. 
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(a) (b) 

  
(c) (d) 

  
(e) (f) 

  
(g) (h) 

Figure 4. (a,c,e,g) Pressure distributions and (b,d,f,h) corresponding 3D 

views of surfaces S1, S2, S3, and S4, respectively, obtained for default PIFS 

models. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 5.  Comparison of pressure profiles in x direction (y=4.5) taken from 

the decoded default PIFS models of surfaces (a) S1, (b) S2, (c) S3 and (d) S4, 

with those taken from the original surfaces.   
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(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 6. Comparison of surface profiles in x direction (y=4.5) taken from 

the decoded default PIFS models of surfaces (a) S1, (b) S2, (c) S3 and (d) S4, 

with those taken from the original surfaces.   
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(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 7. Comparison of surface profiles in x direction (y=4.5) taken from 

the decoded optimal PIFS models of surfaces (a) S1, (b) S2, (c) S3 and (d) 

S4, with those taken from the original surfaces. 
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Chapter 7 

Conclusions and future work 

 

In this chapter, a summary of main findings and observations from the 

chapters/papers that are the core of this thesis are first presented. Then, general 

conclusions drawn from the work conducted are listed. Finally, possible future 

work related to potential applications of the new system developed is 

discussed. 

 

1. Summary of main findings and observations 

i. The main findings and observations from Chapter 2/Paper 1 are following: 

 

 Three new methods, i.e. fractal signature Hurst orientation transform 

(FSHOT), variance orientation transform (VOT), and blanket with 

rotating grid (BRG) methods, were developed for the directional fractal 

signature (FS) analysis of surface textures. The performance of the 

methods was evaluated using computer-generated fractal surface images 

and X-ray images of a frozen human tibia head stripped from soft 

tissues.  

 The accuracy of the newly developed methods in measuring surface 

roughness and anisotropy at individual scales was investigated. The 

results obtained showed that the VOT method is more accurate in 

measuring surface roughness than the FSHOT and BRG methods and it 

is accurate in the assessment of surface anisotropy. 

 The effects of imaging conditions on the performance of the methods 

developed were investigated. It was found that the methods are sensitive 

to noise (>5%), blur, magnification and projection angle. The VOT and 
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BRG methods are less affected by the varying exposure, magnification 

and projection angle than the FSHOT method. 

 The effects of translation of bone region of interest selected on X-ray 

images were studied. The VOT method is the least affected by the region 

translation. 

 From results obtained it appears that the VOT is the most accurate and 

reliable method for the analysis of X-ray images of TB texture. 

 

ii. The main findings and observations from Chapter 3/Paper 2 are following: 

 

 The VOT method was used to evaluate differences in tibial TB texture 

images between subjects with and without radiographic knee OA, and 

was compared against an augmented HOT method. 

 The VOT and the augmented HOT methods are comparable in the 

reproducibility of texture parameters and the ability to discriminate 

between non-OA and OA TB textures.  

 The VOT method produces more detailed description of OA changes in 

TB texture than the augmented HOT method, since it quantifies the 

texture roughness along the roughest part of the tibial bone, texture 

anisotropy at individual trabecular sizes, and it works over a larger 

range of scales.  

 The texture parameters calculated by the VOT method exhibit less 

variation than that calculated by the augmented HOT method. 

 The VOT method could be a valuable tool for studying OA changes in 

TB and for OA detection. 

 

iii. The main findings and observations from Chapter 4/Paper 3 are following: 
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 The VOT method was used to evaluate differences in tibial TB texture 

images between non-OA subjects with and without tibiofemoral cartilage 

defects. 

 Significant differences in TB texture between subjects with and without 

cartilage defects were found. 

 TB texture roughness was greater in subjects with cartilage defects than 

in subjects without, suggesting thinning and fenestration of TB in knees 

with cartilage defects. 

 The VOT method might identify non-OA subjects on their pathway to 

knee OA development. 

 

iv. The main findings and observations from Chapter 5/Paper 4 are following: 

 

 The VOT method was applied to the images of real 3D engineering 

surfaces, both isotropic and anisotropic. Differences were found in both 

surface roughness and anisotropy, indicating that the VOT method can 

effectively differentiate between real 3D engineering surfaces. 

 The VOT method was applied to surface images of adhesive wear 

particles generated at different operating conditions. Differences were 

found at small scales, which may reflect changes in the number of small 

contact spots between surfaces of the pin and disk used in this study. 

Changes in load have greater effect on surface of adhesive wear particles 

than changes in sliding time.  

 The VOT method was also applied to TB texture images from OA and 

non-OA tibial bones. OA TB texture was found to be less rough than 

non-OA TB texture suggesting thickening of trabeculae in OA bones.  

 It appears that the VOT method might become a useful tool in both 

engineering and biological applications. 
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v. The main findings and observations from Chapter 6/Paper 5 are following: 

 

 A textured surface image can be represented as a set of affine 

transformations, called a PIFS model. This model can be iteratively 

applied to any initial image, and the original textured surface image then 

can be reconstructed. However, as the reconstructed image is not an 

exact copy of the original, some texture details are lost. 

 Effects of the information loss in textured surface details on load capacity 

and friction force were investigated for a fully textured hydrodynamic 

parallel pad bearing with elliptical dimples. 

 Optimal PIFS models were found that minimize the loss, and 

subsequently, the effects on load and friction. The load and friction 

calculated for the optimal PIFS models differed slightly (i.e. <2% and 

<0.04%, respectively) from those calculated for the original surface 

images.  

 PIFS might be a valuable tool in the 3D characterization of textured 

surfaces for applications in hydrodynamic bearings. 

 

2. General conclusions 

Based on the work conducted in this thesis, the following general conclusions 

can be drawn: 

 

 Detailed characterization of engineering and biological surfaces must 

involve calculation of fractal dimensions (FDs) at individual scales in 

many directions.  

 The VOT method developed has a unique ability of calculating FDs at 

individual scales in all possible directions and it is more reliable and 

accurate that the other methods tested. 
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 The VOT method could successfully detect differences between TB 

textures from subjects with and without knee OA, and between non-OA 

subjects with and without cartilage defects.  

 The VOT method can also successfully detect the minute changes 

occurring in surfaces of real 3D isotropic and anisotropic engineering 

surfaces, and surfaces of adhesive wear particles generated under 

different operating conditions.  

 For characterization of textured surfaces, PIFS is more suited than the 

VOT method, as it encapsulates detailed information about 3D 

topography such as depths, sizes, shapes and localizations of dimples. 

 The VOT method might eventually be used in practical medical and 

engineering applications, e.g. in the diagnosis and prognosis of knee 

diseases, characterization of surfaces of engineering components, and 

machine condition monitoring systems, etc.  

 

3. Future work 

In this thesis, a new automated surface characterization system/method was 

developed and its performance evaluated using medical and engineering 

surfaces/textures. Future work could focus on expanding the applicability of the 

new system developed in medicine and engineering, and also in other areas 

such as textile or food industries. 

 

3.1. Medicine 

The results of this study showed that the VOT method has a potential for 

applications in the detection and prediction of OA in knee joints. Current 

research is focused on detecting and predicting OA using biomarkers (e.g. 

sVCAM-1, uCTX-II), magnetic resonance or computed tomography imaging [1-

8]. These approaches are often invasive, time consuming and expensive, and 

they require highly trained medical personnel and specialized equipments. 
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Thus, their usefulness in daily clinical practice is rather limited. Because of this, 

the future work could focus on the development of a reliable decision-support 

system for OA detection and prediction based on the VOT method and X-ray 

images. Once develop, the system would allow for a fast, inexpensive, non-

invasive and easy to use prediction and detection of OA that could be 

employed in routine OA screening.  

 

The future work could also focus on the use of the VOT method in the diagnosis 

and prognosis of osteoporosis (OS) or rheumatoid arthritis (RA). For example, 

the method could be used to assess the risk of bone fractures due to OS [9-11], 

or quantify structural damage to trabeculae due to RA [12]. Since the VOT 

method provides detailed descriptions of TB texture roughness and anisotropy, 

it could also be a valuable tool for the examination of surfaces of fault dental 

ceramics [13], the characterization of TB structure on dental radiographs [14, 

15], the description of surfaces of bone implants [16], and the detection of lung 

nodules in chest radiographs [17, 18]. 

 

3.2. Engineering 

In this PhD study it was found that the VOT method can be used in the 

characterization of real 3D engineering surfaces. Thus, the method could find 

use in many engineering applications, such as metrology, surface inspection 

systems or machine failure analysis based on worn surfaces. Of particular 

interest is the application of the VOT method to the problem of finding a 

relationship between textures of engineering surfaces and their friction 

coefficient. Currently, some studies aiming to solve this problem are underway 

[19-21]. However, these studies are limited in that they use only basic surfaces 

parameters such as Ra, Rq, or a single FD value that do not characterize the 

entire surface image, completely omitting the surface anisotropy and roughness 

at different scales. Thus, future work will focus on finding the relationship 



CHAPTER 7 

 

197 

 

between topographies of engineering surfaces and their friction coefficient 

using the VOT texture parameters. When such relationship is found, full 

description of engineering surfaces in terms of their texture and frictional 

properties will be possible. 

 

In this PhD study it was found that the texture parameters based on the VOT 

method can be used in the classification of wear particles. Therefore, future 

work will be focused on an automated wear particle classification system based 

on the VOT method. Once developed, the classification system will find 

applications in machine condition monitoring. 

 

In the final part of this thesis, it was shown that optimal PIFS models can 

become valuable tools in the analysis of textured surfaces in hydrodynamic 

bearings. However, it is unknown whether the PIFS models can be applied to 

textured surfaces of bearings operating under elastohydrodynamic or boundary 

lubrication regimes. The reason is that in these lubrication regimes textured 

surfaces can deform. Subsequently, loss of texture details in PIFS models can 

lead to errors in the calculation of surface deformations. Thus, future work will 

be carried out on the development of optimal PIFS models that are suited for 

these lubrication regimes. If successful, this would allow for the building of an 

automated system for characterization and optimization of textured surfaces in 

all lubrication regimes. 

 

3.3. Other areas 

The VOT method can also find applications in areas other than medicine and 

engineering, e.g.: textile [22-24] and food [25-27] industries, forestry or 

agriculture [28-31]. In textile industry the method could be used in the 

characterization of a porosity and the prediction of a permeability of textile 

fabrics [22] or the automated control of a fabric quality [23]. In food industry, 
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the method can be used to predict the shrinkage and rehydration of dried foods 

[26] or the amount of oil absorption during deep frying [25]. In forestry and 

agriculture, the method could find application in plant identification [30, 31]. 
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