
ABSTRACT 

AMIRNASR, ELHAM. Analysis of Basis Weight Uniformity of Microfiber Nonwovens and 

Its Impact on Permeability and Filtration Properties. (Under the direction of Prof. Behnam 

Pourdeyhimi and Dr. Eunkyoung Shim). 

 

It is widely recognized that nonwoven basis weight non-uniformity affects various properties 

of nonwovens. However, few studies can be found in this topic. The development of 

uniformity definition and measurement methods and the study of their impact on various web 

properties such as filtration properties and air permeability would be beneficial both in 

industrial applications and in academia. They can be utilized as a quality control tool and 

would provide insights about nonwoven behaviors that cannot be solely explained by average 

values.  

 

Therefore, for quantifying nonwoven web basis weight uniformity we purse to develop an 

optical analytical tool. The quadrant method and clustering analysis was utilized in an image 

analysis scheme to help define “uniformity” and its spatial variation.  Implementing the 

quadrant method in an image analysis system allows the establishment of a uniformity index 

that can be used to quantify the degree of uniformity. Clustering analysis has also been 

modified and verified using uniform and random simulated images with known parameters. 

Number of clusters and cluster properties such as cluster size, member and density was 

determined. We also utilized this new measurement method to evaluate uniformity of 

nonwovens produced with different processes and investigated impacts of uniformity on 

filtration and permeability.  

 



The results of quadrant method shows that uniformity index computed from quadrant method 

demonstrate a good range for non-uniformity of nonwoven webs. Clustering analysis is also 

been applied on reference nonwoven with known visual uniformity. From clustering analysis 

results, cluster size is promising to be used as uniformity parameter. It is been shown that 

non-uniform nonwovens has provide lager cluster size than uniform nonwovens. 

 

It was been tried to find a relationship between web properties and uniformity index (as a 

web characteristic). To achieve this, filtration properties, air permeability, solidity and 

uniformity index of meltblown and spunbond samples was measured. Results for filtration 

test show some deviation between theoretical and experimental filtration efficiency by 

considering different types of fiber diameter. This deviation can occur due to variation in 

basis weight non-uniformity. So an appropriate theory is required to predict the variation of 

filtration efficiency with respect to non-uniformity of nonwoven filter media. And the results 

for air permeability test showed that uniformity index determined by quadrant method and 

measured properties have some relationship. In the other word, air permeability decreases as 

uniformity index on nonwoven web increase. 
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     CHAPTER 1 

1. INTRODUCTION 
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It is well recognized that structural characteristics of nonwovens play important roles in 

properties and performance of nonwovens. There are numerous studies which introduce 

factors for nonwoven structural characteristics and investigate the effects of these 

characteristics variations on nonwovens properties based on their final applications (Backer 

and Petterson 1960),  (Chen and Papathanasiou 2008). Uniformity of nonwoven is one of 

these characteristics that researchers are paying attention for years (Cherkassky 1998). The 

term “Uniformity” of nonwoven fabrics is one of the most frequently used term when one 

discuss the web properties that cannot be otherwise explained or the poor performance of the 

nonwoven. 

 

 Nonwovens are generally defined as „a manufactured sheet, web or batt of directionally or 

randomly orientated fibers, bonded by friction, and/or cohesion and/or adhesion‟ (EDANA, 

The European Disposables and Nonwovens Association) (Russell 2007). Different from 

woven or other textiles, nonwovens are produced directly from fibers with diverse 

manufacturing processes which influence structures including uniformity of nonwovens.   

 

It is been claimed that the structure and composition of the nonwoven strongly affect the 

properties of the final fabric (Alrecht, Fuchs and Kittelmann 2003). There are many studies 

on relationship between the structural parameters and nonwoven characteristics and 

properties, but there are still some parameters such as uniformity of nonwoven webs missing 

due to the lack of definition. These parameters may have critical effect on nonwoven web 
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properties such as appearance, tensile properties, barrier properties, filtration and air 

permeability. 

 

One of the important applications for nonwovens is filtration. Filtration is a process that 

separate one substance from another. In most cases, it refers the process of separating 

contaminant from fluid stream (i.e. carrying media). Filtration industry is enormous diverse. 

Filtration is often categorized according to phases of contaminant and carrying media; 

solid/gaseous, gaseous/gaseous, liquid/ gaseous, solid/liquid or liquid/liquid filtration. There 

is variety of materials using in filtration industry such as industrial fabrics, paper, soft foam, 

sand, etc. Since nonwovens can be adapted to nearly all kind of filtration jobs, they are 

providing a huge and important segment of filter materials. Based on statistics in 1994 

nonwovens had 89% share of world filtration market (Smith and Smith 1996). The annual 

sales in 1995 for all nonwovens reported to US $ 1.4 billion worldwide, which has a growth 

of one hundred million dollars. By the year 2000 with an annual increase of 6% the market 

represented US $ 2 billion (Smith and Smith 1996).  

 

A filter media with significant efficiency can be produced by considering several 

characteristics. These characteristics are: 

- Fiber type 

- Basis weight 

- Thickness 

- SVF (Solid Volume Fraction) or solidity 
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- Pore size and distribution 

- Fiber orientation 

- Web uniformity 

- Particle size 

Based on these demands a suitable filter media can be produced. Usually this often includes a 

compromise due to the many different requirements which may include high pressure drop or 

sometimes relatively short running time (Hutten 2007).  

 

During the last decade, the attempts were made to produce high-quality products by 

improving textile products qualities in textile industry, but the properties of designed 

nonwoven for different purposes shows deviation from expected properties. In quality control 

purposes, perhaps none is more important than the uniformity of fabric properties (Suh and 

Gunay 2007). However, few studies can be found in this topic partly because lack of clear 

definition of web uniformity.  The development of uniformity definition and measurement 

methods and the study of their impact on various web properties will be beneficial both in 

industrial applications, where it can be utilized as a quality control tool and in academia, 

where it will provide insights about nonwoven behaviors that cannot be solely explained by 

average values. 

 

Despite numerous evidences indicate importance of web uniformity and its relation with web 

properties, little study can be found on these terms. One reason of this disconnection is 

complexity in defining web uniformity and lack of effective method to measure it. The 
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purpose of this study is to develop the nonwoven web basis weight uniformity analysis 

methodology, and to investigate the impact of web basis weight non-uniformity on filtration 

properties and air permeability of nonwoven webs. 

 

We pursue (1) to develop series of uniformity parameters, which are fully characterizing 

basis weight variations of nonwoven fabrics, and (2) to investigate the relationship of these 

parameters with filtration properties and air permeability of nonwovens. Therefore, new 

methodology to analyze the uniformity is presented, and then the effect of non-uniformity of 

nonwoven filter media on the filtration and permeability properties has been studied. 

Specific objectives are including: 

1) Develop test methods and parameters characterizing basis weight uniformity. 

2) Characterize basis weight uniformity in nonwoven webs with different manufacturing 

process. 

3) Investigate impacts of different uniformity characteristics on the properties of 

nonwoven webs. 

4) Identify essential uniformity characteristics affecting permeability and filtration 

efficiency 

 

1.1.Thesis Overview 

Despite numerous evidences indicate importance of web uniformity and its relation with web 

properties, little study can be found on these terms. One reason of this disconnection is 

complexity in defining web uniformity and lack of effective method to measure it. Therefore, 
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new methodology to analyze the uniformity is necessary to be presented, and then the effect 

of non-uniformity of nonwoven filter media on the filtration and permeability properties need 

to be studied. 

 

We aim to develop uniformity parameters which can fully characterize basis weight 

variations of a nonwoven fabric and to investigate their relationship with nonwoven 

properties. Since it is noted that the performance of nonwovens used for filtration 

applications are affected by non-uniformity and irregularity, the focus of our proposed study 

is analyzing uniformity of nonwovens and its effect on filtration and permeability properties. 

 

Uniformity is a poorly defined term that represents variations of properties at different point 

of samples. Development of  uniformity analysis methods involves four stages: (1) 

Identification of possible algorithms and data collection, (2) Determination of objective 

uniformity values from the data collected, (3) Optimization of algorithms and methodology 

parameters, and (4) Enhance and check for reproducibility, sensitivity and limitation of the 

methodology. 

 

Nonwoven uniformity can be defined in terms of the web characteristics (basis weight, 

thickness, density, fiber diameter) variation measured directly by sampling different regions 

of the fabric. Basis weight uniformity is any irregularity of weight per unit area along and 

across the nonwoven web. Quadrant method and clustering analysis are proposed to be used 

for monitoring, analyzing and determination of this irregularity in chapters 3 and 6 
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respectively. We used simulated images with known properties such as density, number of 

clusters and dispersion of clusters, for identify and develop uniformity analysis algorithm and 

methodologies. We also used a set of reference nonwovens with visual uniformity 

differences for further verify our methodologies and investigate/optimize image acquisition 

conditions.   In chapter 4, we applied quadrant based uniformity analysis method to 

nonwovens produced different processing method and conditions to evaluate the 

reproducibility, sensitivity and limitation of it. In chapter 5 the effect of bonding texture on 

uniformity index is investigated and some methodologies are introduced to remove this 

effect. It should be noted that optical density of fabrics acquired under transmitted light 

condition, is our primarily data collecting technique because of their ability to obtain high 

resolution data set and relatively fast data collection speed without any destruction of 

nonwoven webs. 

 

We have also developed a uniformity analysis algorithm based one Iso-data clustering 

analysis. By this modified algorithm, properties of clusters of fibers can be computed in the 

nearest cluster center to each point. In chapter 6 we provided empirical studies on both 

simulated images and real nonwoven images that show our approach has significant 

applicability. 

 

As described before clustering analysis extract some information about the clusters of fibers 

which are the blotchy areas in the image. This information includes number of clusters, 

cluster density, cluster size, distribution of cluster size and density and the coordinates of 
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centroids. Our purpose is to describe a uniformity factor to quantify basis weight non-

uniformity of nonwoven, from each parameter mentioned above or a combination of them. 

Therefore, the same as quadrant method, we studied the reproducibility, sensitivity and 

limitation of clustering analysis in chapter 7 using real nonwovens with different processing 

methods and conditions. 

 

After developing various measurement methods of web uniformity, we will investigate the 

relationship between web uniformity and web properties in chapter 8 and 9. In particular, we 

will focus on and aerosol filtration efficiency performance (chapter 8) and air permeability 

(chapter 9). 

 

A series of nonwoven webs will be used and their properties including air permeability and 

filtration efficiency will be analyzed. These are two properties of main interest in the 

proposed study. Uniformity of nonwoven web will be fully characterized according to 

methods developed above. 

 

Figure  1.1 shows the schematics of our approach. Based on our approach a nonwoven web is 

selected and its image is captured using a flatbed scanner with transmitted light. The 

uniformity analysis algorithm is applied to the captured image of selected nonwoven and the 

non-uniformity factor and properties are determined. At the same time web characteristics 

and their variation of selected web such as basis weight, thickness, and fiber diameter is 

measured. 
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Some web properties such as filtration and permeability of the selected nonwoven web are 

also tested. At the end the non-uniformity parameters and web characteristics and properties 

is mapped and compared to evaluate the effect of web non-uniformity on nonwoven web 

properties. 

 

Nonwoven Web 

Image Acquisition 

Non-uniformity factor:  

Quadrant Method Web property measurement 

• Filtration & permeability 

Evaluation uniformity effects on properties 

 UI  Characteristics and Property 

mapping 

 Property  Model vs. measurement   

Determination of Uniformity 

parameters (UI, fiber clusters, 

etc) 

Non-uniformity properties: 

Clustering Analysis 

Non- destructive, non- time consuming method: 

Image processing 
Web characteristics measurement 

 Basis Weight 

 Thickness 

 Fiber diameter 

Figure 1.1: schematic outlook of study approach 
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To investigate impact of basis weight web uniformity in filtration and air permeability, three 

different approaches will be taken. 

1- Compare properties of nonwovens having different uniformity character but 

otherwise similar (same fiber diameter, basis weight and solidity) and examine effect 

of each uniformity parameters on property difference. 

2- Compare measured properties values to the value expected by theoretical model 

assuming homogenous structure and explain the discrepancy between theoretical and 

experimental values with uniformity parameters developed. 

3- Measure properties of interest as the function of position, P(x,y) and compare basis 

weight map and outlier maps to examine size dependency of properties and 

uniformity.  
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2. LITERATURE REVIEW 
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2.1.Non-uniformity of nonwovens 

As mentioned before, uniformity of nonwoven fabrics is one of the most frequently used 

terms when one discuss the web properties that cannot be otherwise explained or the poor 

performance of the nonwoven. However, there no clear definition of term “nonwoven 

uniformity” that is universal accepted. Lack of proper definition of  nonwoven uniformity 

makes it hard to characterize all the relative properties that can be affected by basis weight 

variation. 

 

2.1.1. Uniformity definition 

The structure and dimensions of nonwoven fabrics are frequently characterized in terms of 

fabric weight per unit area, thickness, density, fabric uniformity, fabric porosity, pore size 

and pore size distribution, fiber orientation distribution, and bonding segment structure and 

the distribution. 

 

In this study the characteristic that we are focusing on, is fabric uniformity. Since the term 

“uniformity” in nonwoven refers to the variations in different aspect of nonwoven structures 

including fiber alignment and orientation, fiber size and shapes, and basis weight 

(combination of solidity and thickness), constancy of values for characteristics measured in 

different position in the web (Xij) can be mentioned as uniformity of nonwoven web 

(Figure  2.1a). Therefore, inconstancy of values for characteristics measured in different 

position in web (Xij) can be mentioned as non-uniformity of nonwoven web (Figure  2.1b). 

This can be defined in different area scale ranging from micro-scale uniformity to roll-to-roll 
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Xij = Characteristics 

measured (at Position i, 

Xij = Characteristics 

measured (at Position i, j) 

(a) 

(b) 

variations. Roll to roll variation or periodic variations of web uniformity at large area scale 

often becomes an indicator of process inconsistency. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

As mentioned in chapter 1, in this study we are focusing on basis weight uniformity of the 

nonwoven webs. Nonwoven fabric basis weight is defined as the “mass per unit area of the 

fabric and is usually measured in gram per square meter or gsm” (Russell 2007). Therefore in 

this study, the term uniformity indicates fabric basis weight uniformity which describe this 

Figure 2.1: nonwoven characteristics based on their position (a) 

uniform (b) non-uniform 
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term as the fabric weight (or fabric density) variation and can be measured directly by 

sampling different regions of the fabric.  

 

2.1.2. Parameter affecting uniformity of nonwovens 

As mentioned before, web characteristics such as basis weight usually varies in different 

locations along and across a nonwoven web. The variations occur because of a periodic 

nature with a recurring wavelength or non-periodic fiber clumps due to the mechanics of the 

web formation and/or bonding process. 

 

Nonwoven manufacturing process consists of web formation process, bonding method and 

fabric finishing processes and process parameters used in these steps are known to affect 

uniformity of nonwovens (Russell 2007). In web production process any process 

inconsistency can cause periodic or non-periodic variation of the web basis weight which can 

be controlled during the process by having better understanding of web uniformity and 

suitable measurement methodology. 

 

The first step of nonwoven production is web formation. Fibers or filaments are the structural 

elements of nonwoven webs which are either fed into a forming belt or condensed into a web 

and fed to a conveyor belt to form a web.  

 

Web formation can be categorized into three main categories: 

- The dry-laid system: includes carding or air-laying as a way to form the web; 



 

16 

- The wet-laid system; 

- The polymer-based system: includes spunlaying (spunbonding), meltblown, or 

flashspun fabrics etc. 

 

In all these three categories, any non-uniformity in fibers laydown on forming belt during 

web formation process can be one of the sources for nonwoven web non-uniformity. Other 

factors such as air flow distribution non-uniformity, fibers impurity, air temperature 

distribution non-uniformity, polymer through put distribution non-uniformity, etc can cause 

nonwoven web non-uniformity. 

 

There are some other processing parameters which effect web uniformity and by applying 

appropriate settings, the uniformity of the nonwoven web can be optimized. These 

parameters are belt speed, polymer through put, die to collector distance (in meltblown 

process), etc (Xiaomei 2008).   

 

The second step of nonwoven manufacturing process is web consolidation. Based on the 

definition of nonwoven, after the web is formed on the forming belt the fibers are bonded 

together by entangling fibers or filaments, by various mechanical, thermal and/or chemical 

processes (Russell 2007). The lack of sufficient frictional forces between the fibers can be 

compensated by the bonding of the fibers, which provides web strength.  

 

The same as web formation, web bonding can be categorized into three main categories: 
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- Chemical bonding: includes binders. These can be done by impregnating, coating or 

spraying or intermittently, as in print bonding. 

- Thermal bonding: includes the partial fusion of the constituting fibers or filaments. 

Such fusion can be provided by calendaring or through-air blowing or by ultra-sonic 

impact. 

- Mechanical bonding: includes needle punching, stitching, hydroentangling. 

 

Uniformity of nonwoven web characteristics can also be affected by bonding process. In all 

three mentioned categories of bonding process the type of bonding elements, the bonding 

interfaces between the fibers and binder elements (if present) may be the source of web non-

uniformity  (Russell 2007). But there are other processing parameters allocated to specific 

bonding process which effects nonwoven uniformity. These parameters can be type of 

patterning belt and water jet settings in hydroentangling process and bonding pattern, density 

of the bonding point, temperature and pressure of the bonding calender in thermal bonding 

process. 

 

2.1.3. Nonwoven properties affected by nonwoven web non-uniformity 

There are so many nonwoven products around us with various properties for a wide range of 

specific applications. Nonwovens can be produced for diverse applications with specific 

properties such as absorbency, breathability, drapability, flame resistance, heat sealability, 

low basis weight, lint-free, moldablility, softness, and tear resistance.  
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Lack of web uniformity often associated with large variations in nonwoven properties. As 

mentioned before, periodic variations of web uniformity at large area scale often becomes an 

indicator of process inconsistency. It is generally believed that non-uniformity of nonwoven 

causes not only variation of mentioned properties but also alternations of the property itself. 

This variation and alternation of the mentioned properties caused by nonwoven non-

uniformity can lead to poor performance of the designed nonwoven web for specific 

applications such as filtration, hygiene, wipes, etc. (Horrocks and Anand 2000). 

 

As stated, basis weight uniformity of nonwoven fabrics affects both the aesthetic and 

physical properties (Ericson and Baxter 1973). It has been reported that web non-uniformity 

affects permeability (Mohammadi and Banks-lee 2002), tensile properties, wettability, 

absorbency and some other properties. 

 

One of the most important fabric properties governing the functionality of nonwoven 

materials is mechanical properties including tensile, compression, bending and stiffness. 

Nonwoven web non-uniformity is one of the web characteristics that can affect tensile 

properties. Many studies attempted to find a prediction model close to real nonwovens. For 

this purpose they were considering fiber curl, fiber orientation distribution and some non-

uniformity factors in their models (Backer and Petterson 1960; Hearl and Stevenson 1964). 
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It has been also claimed that variations of either thickness or basis weight affect variations of 

local fabric packing density, local fabric porosity and pore size distribution, which influence 

the appearance (Ericson and Baxter 1973). 

 

Filtration and permeability properties are other properties affected by nonwoven non-

uniformity. Filtration is defined as a mechanism for separating one substance from another 

(Hutten 2007). Filtration action may be used to separate contaminants from fluid or separate 

value-added materials, such as, minerals, chemicals, or foodstuffs in a process operation 

(Butler 1999). Nonwoven filter media in their simplest forms are random fiber structures that 

are used to separate one or more phases from a moving fluid passing through the media. It 

has been shown that the nonwoven web weight and thickness determine the web solidity, 

which affects the movement of the fibers and governs the porosity in a nonwoven web 

structure. The freedom of movement of the fibers plays an important role in nonwoven 

filtration properties and the proportion of voids determines the fabric porosity, pore sizes and 

permeability in a nonwoven structure (Hutten 2007). 

Different models were developed to predict filtration performance and air permeability of 

fibrous porous media. Most studies assumed that the modeled porous media has a uniform 

structure (Kuwabara 1959; Fuchs and Krisch 1968). But some studies considered a non-

uniformity factor for the web to predict more precise model for both filtration and air 

permeability performance (Davies 1952; Brown 1984). 
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2.2.Uniformity evaluation techniques 

Lack of web uniformity often associated with large variations in nonwoven properties. It is 

been perceived that basis weight uniformity of nonwoven fabrics affects different properties 

of nonwoven web (Ericson and Baxter 1973) such as permeability (Mohammadi and Banks-

lee 2002), filtration properties (Davies 1952) and some other properties.  Therefore, it is very 

critical to find a robust uniformity analysis methodology which can characterize uniformity 

parameters. Moreover, a new evaluation technique needs to be developed to characterize 

uniformity of nonwoven web quantitatively.  

Numerous studies have been performed to find a robust method for nonwoven web 

uniformity determination. Some of them are off-line measurement in which the 

measurements cannot be provided while the machine is running, such as subjective test and 

cut and weight method. And some of them are on-line measurement in which all the 

measurements and analysis can be done while the machine is running, such as image base 

analysis.  

 

In following sections previous methodologies are discussed and their limitations are 

described. 
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2.2.1. Subjective test 

The simplest way mostly used in industry is subjective test. In this methodology the samples 

are cut from different positions of the web and placed on a black board, and then different 

expertise will rank the webs based on their visual uniformity. This method is an off-line 

methodology. The results can differ from one person to another.  

 

2.2.2. Cut and weight 

The simplest way to evaluate the basis weight non-uniformity or irregularity of a nonwoven 

fabric (Ericson and Baxter 1973) is simply measuring basis weight of fixed size samples 

selected randomly from different parts of a nonwoven fabric and analyzing variations of 

basis weight of large number of samples. Variations of basis weight can be described with 

several means- including their full distribution, standard deviation, variance, etc. One of most 

common measures used in this method to evaluate uniformity is the coefficient of variance 

(%CV) of the basis weight. The coefficient of variance (%CV) of the weight value is 

calculated using following equation:
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Where, S is standard deviation,   
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Where X is the mean of obtained values for basis weight, and N is the number of samples 

tested.  
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Even it provides normalized measure of basis weight variation of nonwovens; it is a 

destructive and very time consuming method and also cannot provide very fine scale of basis 

weight fluctuation. In addition, the major limitation of this method is size dependency of the 

measurement. It means that %CV of the basis weight values can easily changes by changing 

the sample size. Thus, variation occurring at micro- scale may not correlate that at a larger 

scale. 

 

2.2.3. Uniformity evaluation methodologies using image processing analysis 

To overcome time consumption and destructivity of off-line measurement, some researchers 

developed non-destructive optical based method to measure basis weight variations 

(Boekerman 1992; Lai and Lin 2005; Lien and Liu 2006).  This includes the use of image 

analysis for determining basis weight uniformity based on the variations of the optical 

density. 

 

Commercially, to enable on-line determination of fabric weight variation, the fabric 

uniformity is measured in terms of the variation in the optical density of fabric images (Lien 

and Liu 2006; Lai and Lin 2005) or the amount of electromagnetic rays absorbed by the 

fabric (Boekerman 1992), depending on the measurement techniques used. 

 

The most interesting work in the online basis weight measurement has been reported by 

Beokerman (Boekerman 1992). He described the specialized technology needed to make on-

line basis weight measurements practical for the production of lightweight nonwoven fabrics. 



 

23 

In this methodology transmittance light was used to capture a image. In transmission sensor 

designs, a source of radiation was located on one side of the fabric and a detector was located 

on the opposite side of the fabrics. He explained that as the radiation interacts with the sheet, 

a part of it will be absorbed or scattered by the web and the rest will pass through the web. In 

the other word, the detected radiation is reduced by absorption and scattering mechanisms. 

Therefore, as basis weight decreases, the transmitted light increases (Boekerman 1992).  

Figure  2.2 shows a scheme of the optical basis weight measurement. When nonwoven fabrics 

are uniformly illuminated through transmittance light, intensity of transmittance light 

collected by a camera will directly related to the optical density of nonwoven‟s image 

(Pourdeyhimi and Kohel 2002). Then,  nonwoven‟s image captured by a CCD camera has 

been used for online-basis weight measurement (Lien and Liu 2006).  

 

 

 

 

 

 

 

 

 

Basis weight variations in an image result in the formation of spatial details and specific 

textures. In other words, the mass variation appears as spatially varying signals superimposed 

Figure 2.2: scheme of the optical basis weight measurement using 

transmittance light 
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by high frequency texture, when properly illuminated. However, since any mass non-

uniformity will be reflected in variations in local image intensity, one can resort to methods 

that determine uniformity for a given area. Thus, the use of image analysis can be used for 

determining basis weight uniformity on the basis of variations of the optical density obtained 

by transmittance light setting (Pourdeyhimi and Kohel 2002).  

 

In comparison with the off-line measurement method, the image based system will provide 

the basis weight mapping in high resolution and it also provides fast and nondestructive 

evaluations. However, one should be noted that this is an indirect way of basis weight 

variations, and imaging system variables need to be controlled or normalized. 

Four main image processing based evaluation techniques which were described in previous 

studies are listed and discussed below. 

1) First order statistical analysis  (Lai and Lin 2005)  

2) local dominant orientations of fabric weight (Kallmes, Scharcanski and Dodson 2000) 

3) Analysis of random field (Johansson 2000)  

4) Quadrant method (Pourdeyhimi and Kohel 2002). 

 

These analysis methodologies are further discussed below.  

 

2.2.3.1.First order statistical analysis 

There are several approaches in defining uniformity in nonwovens. One of the approaches for 

determining nonwoven web basis weight non-uniformity is characterizing presence of defects 
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and analysis of their distribution. The amount and distribution of outlier, either positive or 

negative can be important attributions of web uniformity. Positive outlier is the area where 

fabric basis weight or density is abnormally high and negative outlier is the area with low 

fiber density, such as holes. Different ways to determine the outlier threshold have been 

reported.  

 

A defect based uniformity analysis is proposed by Lien (Lien and Liu 2006). They presented 

a novel technique based on image segmenting and watershed analysis to inspect defects in 

the nonwoven. The exact defect areas can be quantified and described through precise 

calculations. They developed the Nonwoven Defect Detecting Method (NDDM) by 

employing the Gradient Conversion and Watershed Transformations that segment the 

nonwoven images into several regions. 

  
       

    %     100
     

sumof areadefect regions
Defective percentage Def

areaof total region
   2.3 

The regions are further evaluated the Region Average which represents the thickness in the 

region-split image. When the gth (ith Region Average) of investigated nonwoven exceeds the 

normal range, the region will be treated as a defect. (Figure  2.3). 
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Figure 2.3: Nonwoven defect inspection (Lai and Lin 2005)  

 

The inspection technique of nonwoven basis weight as suggested in the study can be 

extensively applied to online detection of the average basis weight, uniformity, deviation 

C.V., basis weight statistics of web quality, as well as the basis weight variation of certain 

zones and the general area. In addition, basis weight serial variation can be used as Fourier 

spectral conversion to inspect whether the machine has any periodic deviation or abnormal 

operation so as to promote the research on the monitoring of web quality and inspection of 

manufacturing process (Lai and Lin 2005).  

 

Most of works performed in this area were focusing on defect analysis which is useful in 

analysis of non-uniformity impact on some web properties but not all. It is possible that 

different properties are affected by different aspects of web uniformity. For example, tensile 

failure is mostly determined by the weakest point of the web and distribution of web basis 
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weight may not have much impact. However, in case of fabric opacity, aggregations of thin 

areas and their size may have greater impact than small area of abnormally low density.  

 

Another interesting approach for uniformity measurement in anisotropic surfaces using 

coefficient of variation is performed by Suh (Suh and Gunay 2007). The work is about 

prediction of surface uniformity on a woven fabric. They developed a method for analyzing 

and predicting the surface uniformity of woven fabrics directly from yarn diameter 

measurements by using variance-area curves. The variance-length curves were first derived 

as a function of correlogram obtainable from the neighboring points within a yarn using 

following equation:  
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where CB is between area variance, m is the number of different warp yarns, n is the number 

of different weft yarns, wi is the i th warp, fi is the i th weft, rwi is the ratio of i th warp in the 

weft direction, and rfi is the ratio of i th weft in the warp direction. B(Li) is was defined as the 

standardized variance between the means of lengths L and can be determined using following 

equation:  
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Then the between-area variance curves (Figure  2.4) were obtained directly from the variance-

length curve and a correlation function. The anisotropy of surface irregularity was defined for 

woven fabrics, and a quantification method was proposed. 

 

 
Figure 2.4: Formation of between-area variance curve as unit area size varies (Suh and 

Gunay 2007) 

 

It was shown that different between-area variance curves can be obtained by defining the unit 

areas of rectangular shape in varying length/width ratios. In addition, an anisotropy index for 

fabric non-uniformity was defined analytically as an attempt to characterize and quantify the 

woven fabric surface non-uniformity. 

 

This entire interesting works used fixed size sampling to analyze and still didn‟t consider the 

size dependency of first order statistic methodology. As mentioned before, in non-uniform or 

randomly uniform fabrics coefficient of variation varies in different sample sizes.  
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2.2.3.2.Local dominant orientations of fabric weight 

The local anisotropy of mass uniformity in a nonwoven has also been defined by Kallmes 

(Kallmes, Scharcanski and Dodson 2000) in terms of the „local dominant orientations of 

fabric weight‟. They studied local density variability through the behavior of local gradients 

of stochastic structures. They calculated these gradients and the local averaging of grey 

(density) values. In their study, a local gradient function provides information on local 

anisotropy and its variability, from 2-dimensional density images for polymer sheets, 

nonwoven textiles, and paper. Such images can be captured by radiography or light-

transmission. They have estimated the gradient magnitudes and isotropy of the image then 

they have used this information to estimate the anisotropy of the sample and its spatial 

variability.  

 

At first they found the variance of local density for complete sampling using a range of sizes 

of square inspection zones. Then, they compared with this Poisson (i.e. random) structure. 

The variances are higher in the presence of particle clustering, while lower in the presence of 

particle dispersion. They indicate that the cloudy appearance of nonwovens in transmitted 

light is an example of a stochastic process in which the constituent elements, i.e. fibers, 

passes through entanglement and become flocculated. They considered local gradient 

magnitudes, as a representation for density variability in planar stochastic structures. They 

conluded that the distribution of the gradient angles over all image locations (x,y) represents 

structural anisotropy. In the case where all angles are equally probable, the sample is 

isotropic.  
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2.2.3.3.Random field analysis 

A random field is a list of random numbers whose indices are mapped onto a space (of 

n dimensions). Values in a random field are usually spatially correlated in one way or another 

(Besag 1974).  

 

One of the studies that used random field theory in nonwoven uniformity analysis was 

performed by Cherkassky (Cherkassky 1998). He used the method of two dimensional 

random fields to investigate nonwovens basis weight irregularity in all directions. He 

determined the influence of random field irregularity on the coefficient of variation in 

longitudinal and transvers direction and he estimated a “degree of influence”. He also used 

the concept of homogeneity and inhomogeneity of random filed to determine outlier. 

 

Another work in application of random field in nonwoven uniformity analysis was done by 

Johansson (Johansson 2000). He suggested that kurtosis can be used as a measure of 

homogeneity of any quantifiable property on a planar surface. Kurtosis is generally 

associated with measurements of peakedness of a distribution in a random field (Dodge 

2003). A two-dimensional, continuous and uniform distribution has kurtosis equal to 5.6. 

This value is also the limiting value for a discrete uniform distribution defined on a regular, 

rectangular grid when the number of grid points tends to infinity. Measurements of a planar 

surface, taken at regular grid points, are considered as realizations of random fields. These 

are associated with two-dimensional random variables from which the value of kurtosis can 

be computed and used as a measure of the homogeneity of the field. A deviation from 5.6 

http://en.wikipedia.org/wiki/Random_number
http://en.wikipedia.org/wiki/Dimensions
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indicates that the stochastic variable is not uniformly distributed and that the corresponding 

random field is not homogeneous. The model has been applied on the spatial variation of the 

roughness on the surface of newsprint, an application where homogeneity is very important. 

 

2.2.3.4.Quadrant method 

Other researchers have used quadrant method combined with image analysis. They believe 

that data obtained from digital images can characterize variation of mass by the gray level 

variation. Quadrant method, as it comes from its name, is about quadrates. In this method the 

images are divided in quadrates and analyzed. This method   is one of the techniques used in 

ecology to determine spatial characteristics of animals and plants (Greig-Smith 1964). 

 

The most interesting work is reported by Pourdeyhimi and Kohel (2002) who combined 

image analysis and quadrant method and developed uniformity index (UI), the value range 0 

to 100 to define uniformity of the sample. They showed this approached can overcome size 

dependence and measure overall uniformity of samples in a given image. However, 

sensitivity and applicability of these approached have not fully explored. One of limitation of 

their study is they have used binary image as their input and used area fraction of % of black 

in the image. Binary conversion process results loss of information since resulting images 

only contains distribution of thick parts (black pixels) where basis weight is higher than 

mean. In contrast, original grey scale image contains information of relative basis weight 

each points. In addition, uniformity measured can be influenced by binary conversion 
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processes. Therefore, we are modifying this methodology in this study and the detail of this 

methodology is described in chapter 3.   

 

Another study performed by Chhabra (2003) measured mass uniformity of fibrous structures.  

It has been mentioned that spatial mass uniformity in terms of a standardized index of 

dispersion (varying between -1 and +1) that is reasonably independent of mass density. The 

image was divided into N   M quadrats and the overall index of dispersion was calculated by 

pooling MD and CD variance as follows: 
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Where,  and  are the mean and variance of quadrant relief area respectively. 

 

Anisotropy of mass uniformity has been measured for different webs in his work. He showed 

combining with standardized index of mass uniformity, the anisotropy ratio can be a very 

useful tool to differentiate between different webs with a similar standardized index of 

dispersion. The anisotropic ratio is the ratio of index of dispersion in machine and cross 

direction. It has been shown that the methodology can be applied to any two-dimensional 

pattern or data set to quantify spatial uniformity. 

 

However, in this method, as the quadrant size increases, the surface relief variation in local 

regions starts averaging out, thereby exhibiting uniform distribution that may or may not be 

accurate.  This can lead to potential errors in evaluation. 
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2.2.4. Limitation of current measurements methodologies 

The methods and the tools mentioned above neither suggest a practical characterization 

method for uniformity features of nonwovens, nor provide standards for quantifying the 

nonwoven uniformity. The off-line measurements are destructive and time consuming. 

Regardless of measurement methods of basis weight variations, a major problem of using the 

coefficient of variations and defect detection as the measure of uniformity is the fact that the 

measurement is often size-dependent. The degree of variations varies as measurement size 

domain changes. The variations occurring at micro-scale may not correlate that at a larger 

scale. Moreover, previous methods were used random sampling for characterizing the 

uniformity of a fixed size sample. So, the fact that local aggregation of fibers can affects the 

web properties was not consider in previous works. So, additional work should be done to 

minimize dependency of the dispersion index on the local region size. 

 

2.3.Pattern recognition & Clustering Analysis 

One of the most basic abilities of living creatures involves the grouping of similar objects to 

produce a classification. The classification of animals and plants has clearly played an 

important role in the field of biology and zoology, but classification has also played a 

significant role in the theories development in other fields of science (Everitt, Landau and 

Leese 2001). 

 

Cluster analysis is an exploratory data analysis tool for solving classification problems.  Its 

object is to sort cases (people, things, events, etc) into groups, or clusters, so that the degree 
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of association is strong between members of the same cluster and weak between members of 

different clusters (Eisen, et al. 1998). 

 

2.3.1. What is a cluster? 

At one level, a classification scheme may simply represent a convenient method for 

organizing a large data set so that it can be more easily understood and information retrieved 

more efficiently. But prior to any analysis, the basic parameter should be defined. The main 

parameter involving in clustering analysis is the term „cluster‟ (Figure  2.5). Till now the 

terms „cluster‟, „group‟ and „class‟ was being used without any formal definition but „cluster‟ 

can be defined as „a set of objects that are similar to each other and separated from the other 

objects‟ (Kaufman and Rousseeuw 1990). 

 

 

 

 

 

 

 

Figure 2.5: Classification scheme of two clusters 
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2.3.2. Clustering analysis strategy 

Clustering algorithm group objects, or data items, based on indices of proximity between pair 

of objects. A set of objects comprises the raw data for cluster analysis and can be described 

by two standard formats: a pattern matrix and a proximity matrix (Jain and Dubes 1988). If 

each object in a set of n objects is represented by a set of d measurements, each object is 

represented by a pattern, or d-place vector. The set itself is viewed as n×d pattern matrix. 

Each row of this matrix is defines a pattern and each column denotes a feature. Clustering 

methods require that an index of proximity, or alikeness, or affinity association be 

established between pairs of patterns. This index can be computed from a pattern matrix. 

A proximity index is either a similarity or dissimilarity and it can be determined in several 

ways. The most common proximity index for a pattern matrix (xij) is Minkowski metric. The 

three most common Minskowski metrics, Euclidean, Manhattan, and correlation distance, are 

defined below. 

 

For given factors x = (x1, …, xn), and y = (y1, …, yn),  Euclidean distance, dE, is the most 

common in the Minskowski metrics. The familiar geometric notions of invariance to 

translations and rotations of the pattern space are valid only for Euclidean distance. 
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Manhattan distance, dM, is used when all features are binary and can be calculated as follow: 
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Correlation distance, dc, has been also used as a distance measure in cluster analysis and can 

calculated by following formulation. 
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Accepted practice in the application area strongly affects the choice of proximity index (Jain 

and Dubes 1988;Jain, Murty and Flynn 1999). 

 

2.3.3. Clustering algorithms  

Clustering algorithm is a procedure to group objects which minimize within-cluster distances 

and maximizes between-cluster distances. Cluster analysis defines the partitioning of data 

into meaningful subgroups, when the number of subgroups and other information about their 

composition may be unknown. Clustering methods range from those that are largely heuristic 

to more formal procedures based on statistical models. They usually follow either a 

hierarchical strategy or one in which observations are partitioning among tentative clusters 

(Kaufman and Rousseeuw 1990). 

 

Hierarchical methods proceed by stages producing a sequence of partitions, each 

corresponding to a different number of clusters as it is shown in  

Figure  2.6. They can be either „agglomerative‟, meaning that groups are merged, or 

„divisive‟, in which one or more groups are split at each stage. Hierarchical procedures that 

use subdivision are not practical unless the number of possible splitting can somehow be 

restricted. In agglomerative hierarchical clustering, however, the number of stages is 
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bounded by the number of groups in the initial partition. It is common practice to begin with 

each observation in a cluster by itself, although the procedure could be initialized from a 

coarser partition if some groupings are known. A drawback of agglomerative methods is that 

it requires memory usage proportional to the square of the number of groups in the initial 

partition. At each stage of hierarchical clustering, the splitting or merging is chosen so as to 

optimize some criterion. Conventional agglomerative hierarchical methods use heuristic 

criteria, such as single link (nearest neighbor), complete link (farthest neighbor) or sum of 

squares (Jain, Murty and Flynn 1999). 

 

 
Figure 2.6: hierarchical clustering analysis 

 

 

Partitioning methods move observations iteratively from one group to another, starting from 

an initial partition. The number of groups has to be specified in advance and typically does 

not change during the course of the iteration. The most common partitioning methods are 1) 

partitioning around medoids (PAM), 2) k-means which reduces the within-group sums of 
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squares and 3) Iso-data which has the modified k-means algorithm. For clustering via mixture 

models, partitioning techniques are usually based on the PAM algorithm. 

 

Prototype based clustering techniques create a one-level partitioning of the data objects. 

There are a number of such techniques, but two of the most prominent are k-means and Iso-

data. They define a prototype in terms of centeroid, which is usually the mean of group of 

points, and is typically applied to objects in a continuous n-dimensional space. In addition, 

they define a prototype in terms of a medoid, which is the most representative point for a 

group of points, and can be applied to a wide range of data since it requires only a proximity 

measure for a pair of objects. While a centroid almost never corresponds to an actual data 

point, a medoid, by its definition, must be an actual point. 

 

In k-mean algorithm k points is selected as initial centroids. k clusters is formed by assigning 

each point to its closest centroid. The centroid of each cluster is recomputed until centroids 

do not change. k-means and its variations have a number of limitations with respect to 

finding different types of clusters. In particular, k-means has difficulty detecting the “natural” 

clusters, when clusters have non-spherical shapes or widely different sizes or densities. k-

means also has difficulty to find the outliers. 

 

Iso-data generalizes the idea and can be used with any distance measure d (objects xi need 

not be vectors). The cluster centers/prototypes are required to be observations. 

Compared to the well - known k-means algorithm, Iso-data has the following features: 
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1- It operates on the dissimilarity matrix of the given data set or when it is presented 

with an n × p data matrix, the algorithm first computes a dissimilarity matrix 

(Venkateswarlu and Raju 1991). 

2- It is more robust, because it minimizes a sum of dissimilarities instead of a sum of 

squared Euclidean distances. It provides a novel graphical display, the silhouette plot, 

which allows the user to select the optimal number of clusters (Figure  2.7). 

 

 
 

Figure 2.7: partitioning clustering analysis 

 

 

In many clustering problems, one is interested in the characterization of the clusters by 

means of typical objects, which represent the various structural features of objects under 

investigation. The algorithm Iso-data first computes k representative objects, defined by 

centroid. After finding the set of centroids, each object of the data set is assigned to the 

nearest centroid (Jain and Dubes 1988). 
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In practice, agglomerative hierarchical clustering based on the classification likelihood with 

Gaussian terms often gives good, but suboptimal partitions. The Iso-data algorithm can refine 

partitions when started sufficiently close to the optimal value. Dasgupta and Raftery (1995) 

were able to obtain good results in a number of examples by using the partitions produced by 

model-based hierarchical agglomeration as starting values for an Iso-data algorithm for 

constant-shape. Gaussian models, determine the number of clusters. Their approach forms 

the basis for a more general model-based strategy for clustering. 

Clustering analysis can show the pattern of the non-uniformity, and find the number of 

cluster in a fabric. Clustering analysis can be used for quality control to detect artifacts/bad 

hybridizations of fibers. It also can identify new classes of defected samples such as shots in 

meltblown nonwoven fabric. By this method the pattern of the non-uniformity can be 

extracted from the captured images. That means it can identify whether samples are grouped 

according to known categories. 

 

2.4.Air Permeability and aerosol filtration properties of nonwovens 

Nonwovens filter media are growing rapidly in filtration industry. There are several principal 

filter types including membrane filters, granular filters, foam filters and fibrous filters. 

Among them, the most common method of removing particles from a gas and liquid stream 

is via fibrous filters, such as nonwoven or woven filter media. Their performance is generally 

evaluated by their collection efficiency and pressure drop for air and liquid filtration. 
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In this study, we are focusing on air filtration performance and air permeability of 

nonwovens. 

 

2.4.1. Theoretical modeling for nonwoven webs aerosol filtration efficiency 

performance prediction 

Aerosol filtration, unsurprisingly, refer to the removal of solid and liquid particles suspended 

in air. Assuming a spherical shape, the size of aerosol particle is usually given as the 

diameter of the particle. Figure  2.8 shows particle size of common air contaminants. 

 

 

 

 

 

 

 

Figure 2.8: Common air contaminants and their relative sizes (Hinds 1982) 

 

 

Theoretical filtration properties can be calculated with different theories with respect to fiber 

diameter distribution and different particle size. 
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Mechanical capture mechanisms are mechanisms that come into effect without the influence 

of attractive force between the airborne particles and the filter (Figure  2.9). 

 

 

Figure 2.9: Single fiber filtration mechanism scheme (Howard 2003) 

 

 

These mechanisms include: 

1) Direct interception, which involves a particle following streamline and being 

captured if this results in it coming into contact with the fiber 

2) Internal impaction, in which capture is effected by the deviation of a particle from a 

stream line because of its own inertia 

3) Diffusional deposition, in which the combine action of airflow and Brownian motion 

bring a particle into contact with a fiber 

4) Gravitational settling, in which particle is captured by gravitational force. 
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df= 2 m, V= 10 cm/s, SVF = 5%, t = 1mm

Figure  2.10 shows the collection efficiency curve of a fibrous filter with thickness (t=1mm), 

SVF (α = 5%), fiber diameter (df = 2 μm) and flow face velocity V = 0.1 m/s (Hinds 1982). 

 

 

 

 

 

 

 

 

 

 

Figure 2.10: mechanism of filtration in different particle size (Brown 1993) 

 

 

The combined effects of interception, inertial impaction and diffusion lead to a typical V 

shape in the collection efficiency curve. This is because big particles can be captured by 

interception and initial impaction mechanisms while diffusion is dominant for small particles. 

The bottom point in the efficiency curve is referred to as the Most Penetrating Particle Size 

(MPPS), in the range of 0.1 to 0.3 μm for neutral filters. 

 

The typical V-shape efficiency curve can shift based on the type of filter and flow velocity. In 

general, when the fiber diameter decreases, the efficiency curve will shift to left and size of 

the V shape will decrease and vice versa. For nano-particle filtration, which can be captured 
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by diffusion mechanism, the residual time for the particles and fibers to interact is extended 

with decreasing flow velocity (Kim 2005) and collection efficiency increases. Inertial 

impaction increases when flow velocity increases. 

In order to predict the filtration performance based on the structure of the filter the flow 

pattern should be considered. Once the basic flow pattern is known, the pressure drop across 

the media can be determined and the behavior of the injected particles inside the web can be 

modeled, which gives a better understanding of filtration process (Brown 1993). 

 

After a deriving mathematical model describing a fibrous filter, pressure drop and collection 

efficiency of the filter media can be calculated after particle injection. There are several 

studies, dealing with either a single fiber or a structured array of fibers, which have helped 

developing the filtration science and technology to its current level, during past decades. 

Happel 1959 (Happel 1959); Kuwabara 1959 (Kuwabara 1959); Stechkina and Fuchs 1965 

(Stechkina and Fuchs 1965); Lee and Liu 1982 (Lee and Liu 1982); Brown 1984 (Brown 

1984); Abdel-Ghani and Davies 1985 (Abdel-Ghani and Davies 1985); Overcamp 1985 

(Overcamp 1985); Jackson and James 1986 (Jackson and James 1986); Spurny 1986 (Spurny 

1986); Rodman and Lessmann 1988 (Rodman and Lessmann 1988); Ramarao et. al, 1994 

(Ramarao, Mohan and Tien 1994); Li and Park 1997 (Li and Park 1997); Termonia 1998 

(Termonia 1998); Dhaniyala and Liu 1999 (Dhaniyala 1999); Thomas et al., 2001 (Thomas, 

et al. 2001); Lisowski et al., 2001 (Lisowski, et al. 2001); Kirsh 2003 (Kirsh 2003) are 

researchers who various studies on this area. Researchers showed that there are several 

structural parameters affecting filtration performance of nonwoven web such as solidity, fiber 
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ordination, etc. However, most of the previous studies have been limited to systems 

consisting of isotropic uniform nonwoven web. Based on our knowledge, there has been no 

attempt in realistically simulating the filter‟s disordered structure by considering non-

uniformity of nonwoven filter media. Moreover, the role of the filter structure non-uniformity 

and its relationship with performance of the media has not yet been established. 

 

In following section we briefly described the models which is used for prediction the 

filtration properties of nonwoven webs. 

 

2.4.1.1.Single fiber model 

As mentioned before, there are three important mechanisms in pure aerosol filtration of 

nanoparticle, interception, inertial impaction and Brownian diffusion.  The mechanical single 

fiber efficiencies can be calculated as follow, as long as each mechanism acts independently 

and less than 1.0: 

 1 (1 )(1 )(1 )R D IE         2.10 

in which R , D  and I  are the single fiber efficiency due to the interception, diffusion and 

inertial impaction, respectively (Hinds 1982). 

 

The arithmetic sum of efficiencies for these mechanisms R D I       can also be 

considered as an approximation of efficiency for the single fiber although it is not 

theoretically correct (Hinds 1982).  
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One of the simplest models that theoretically connect mechanical filtration efficiency of filter 

media to web characteristics in diffusion area is (Brown 1993):   

 
4

1 exp( )t

f

E L
E

d




    2.11 

Where:  E is overall efficiency, Et is single fiber efficiency, α is solidity =
fiber

L
m


, L is web 

thickness, V is face velocity, df is fiber diameter. 

Another important filter property, pressure drop, ΔP, also can be theoretically calculated in 

similar way, which is,  

 
2

( )
f

VL
P f

d


   2.12 

Where,   is viscosity coefficient. 

 

Two most important theories which are used to calculate theoretical filtration efficiency are 

described below. 

 

2.4.1.2.Cell model 

The concept of Kuwabara flow cells can be described as a filter consists of parallel fibers 

spaced randomly perpendicular to the flow. Kuwabara model is based on is two dimensional 

viscous flow equations which obtained the velocity contour around a fiber. He assumed each 

fiber of radius Rf, shown in gray, was surrounded by an imaginary co-axial cylinder of radius 

b, shown in blue (Figure  2.11). 
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Figure 2.11: Cell model considers a fiber in finite space 

 

The areas outside imaginary cylinders are ignored, and SVF can be calculated as: 

 

2

2

fR
SVF

b
  2.13 

When the distance from the center of the particle to the center of the fiber is equal or less 

than the sum of the radius of the particle and the radius of the fiber, interception capture 

occurs. Figure  2.12 shows a particle, in green, which is intercepted by a fiber, in gray. The 

values of  and r of limiting streamlines at the interception point, are equal to 
2


and

f pR R , respectively (Davies 1973). 
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Figure 2.12: Definition of interception for a single fiber, 
f

y

R
   

 

It is been claimed that the interception of single fiber efficiency is equal to the ratio of the 

distance between two limiting streamlines of the flow, 2y, to the fiber diameter, 2 fR . For any 

point on the cell surface in the cell model, y  . 

 

By setting different boundary conditions, Kuwabara (Kuwabara 1959) and Happle in 1959 

(Happel 1959), independently, calculated the flow field in an ordered matrix of fibers in a so-

called cell. Both theories differ from the earlier isolated fiber models, since they consider the 

fiber in a finite space instead of an infinite space. For this reason, the effects of other fibers at 

the outlet are taken into account (Brown 1993). 

 

In this model the assumption is that all fibers in the filter experience the same flow field and 

all fibers are perfectly perpendicular to the main flow direction. Due to the more 

understandable  boundary conditions which are considered in their development, cell models 

have been widely used in the literature (Davies 1973), (Lee and Liu 1982), (Brown 1984).  
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Kuwabara model has been proved to be a better representation of the flow around fibrous 

filter than Happel model by a lot of studies (Lee and Liu 1982), (Stechkina and Fuchs 1965), 

(Davies 1973), (Lee and Liu 1982). 

 

Kuwabara (Kuwabara 1959) expresses the single fiber efficiency due to interception as 

follow:  

 31 1
[2(1 ) ln(1 ) (1 )(1 ) ( )(1 ) (1 ) ]

2 1 2 2
R R R R R

Ku R

 
          


 2.14 

Where,  is solidity and p

f

R
R

R
 . 

 

As mentioned before, another mechanism in filtration to cause the derivation is particle 

inertia. The influence of inertial impaction is determined by the Stokes number, which is 

defined as the ratio of the stopping distance of a particle to a characteristic dimension of the 

obstacle 
c

V
Stk

d


 , where   is the relaxation time of the particle, cd  is the characteristic 

dimension of the obstacle, which in the case of filtration is the fiber diameter fd . 

 

Lee and Liu (Lee and Liu 1982) express the single fiber efficiency due to interception as 

follow: 

 
2

( )

2
I

Stk J

Ku
   2.15 
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It is been claimed that inertial impaction will increase the Stk number by one of the following 

approaches: 1) increase the particle inertial 2) increase the face velocity (Hinds 1982). 

 

As stated before, in the aerosol filtration, the particles will be separated from their original 

streamline when they pass through a fibrous filter. We also described that when the particle 

size is extremely small the Brownian motion governs the particle capture, so called diffusion 

mechanism. Stechkina and Fuchs in 1965 (Stechkina and Fuchs 1965) first used cell model to 

determine the efficiency caused by Brownian motion. They tried to get the particle path due 

to the Brownian motion by solving convective diffusion in the dimensionless coordinates. 

The single-fiber efficiency for this mechanism (ηd) achieved by the method mentioned above, 

can be presented as follows (Fuchs and Krisch 1968). 

 

1 2

13 32.9 ( ) 0.624d ku Pe Pe
 

     2.16 

Where, Pe is Peclet number which can be calculated by: 

 
( )( )facevelocity Fiber diameter

Pe
Diffusioncoefficient

  2.17 

ku is Kawabara coefficient (

23
ln

2 4 4

 
    , where α is the solidity of the nonwoven 

web).  

 

2.4.1.3.Fan model 

Fan model or empirical model is a model which is derived from combination of theory and 

experiment. Filtration properties can be easily measured by cell model but it has been shown 
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that the structure of filter media is complicated and variable. Therefore, researcher tried to 

derive a model which considers irregularity of the filter media. There have been several 

researches which study the theory of air flow and pressure drop which depends critically on 

the packing fraction, but more weakly on the fiber arrangement. It has been shown that the 

filtration properties vary only by a factor of two between the instances where fibers are 

arranged parallel to and perpendicular to the airflow. 

 

Davis in 1973 (C. N. Davies 1973) showed an empirical prediction model of diffusion ηd by 

considering the arrangement of fibers: 

 

2

32.7d Pe


   2.18 

The difference between fan model and cell model is that, the fan model does not contain web 

characteristics and it is based on both experiment and theory, but cell model is only based on 

theory and contain both fiber diameter variation and web solidity which is web 

characteristics variation (Brown 1993).  

 

As mentioned before, in most previous studies a uniform structure was assumed for 

nonwoven filter media. Therefore, after theoretical and experimental determination of 

filtration efficiency of nonwovens filter media they conclude that experimental investigations 

fully confirm the expectation predicted by theory. Podgorski et al. (Podgorski, Balazy and 

Gradon 2006) produced an improved meltblown filter media with micrometer-sized fibers 

and also very porous structure composed of fibers as small as 200 nm in diameter. They 
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determined filtration efficiency theoretically and experimentally for their filter media. The 

results shown in Figure 2.13 indicate the agreement of theory and experiment. 

 

 

 

 

 

 

 

 

Figure 2.13: Comparison of the experimental data of the efficiency for the set of filter in 

series with theoretical results obtained for fiber diameter mean count, dFC, and for the 

resistance-equivalent diameters, dFD (Davies model) and dFK (Kuwabara model) (Podgorski, 

Balazy and Gradon 2006) 

 

 

In another study which was performed by Gougeon et al. (Gougeon, Boulaud and Renoux 

1996), they carried out some experiment using special filters with known structural 

characteristics and compared the results with published models. As shown in Figure 2.14 

their results also show the agreement between experiment and three different model (Lee and 

Liu 1982), (Liu, Van Osdell and Rubow 1990), (Payet, et al. 1992). 
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Figure 2.14: Penetration as a function of particle diameter for the model filter (Podgorski, 

Balazy and Gradon 2006) 

 

 

In previous studies, it is been observed that the dust can penetrate straight through filter 

medium by pinhole bypass. The presence of pinholes and their size affect the collection 

efficiency (Bach 2007).  

 

However pinhole effects are not the only uniformity factors affecting filtration properties. 

Most fibrous filter media are inherently inhomogeneous and this will affect particle capture 

characteristics and cause discrepancy between experimental values and theoretical 

predictions (S. L. Dhaniyala 2001). They also pointed out these inhomogeneities effect can 

become more significant in nano-particles filtration and filter media consisting of fine fibers. 

Some research tried to account filter media non-uniformity through a factor called 
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“inhomogeneity factor”, which is defined as the ratio of the theoretical pressure drop to the 

experimental value (Lee 1982). However, this can be affected by filtration testing condition 

greatly and not intrinsic value of the web. Therefore, it failed to provide the impact of non-

uniform nature of fibrous filter media on filtration performance. 

 

2.4.2. Theoretical modeling for nonwoven air permeability performance prediction        

Researchers also showed that there are several structural parameters affecting air 

permeability of nonwoven web. Structural characteristics affect filtration performance such 

as solidity (Bear 1972), fiber ordination (Chen and Papathanasiou 2008; Chen and 

Papathanasiou 2006), etc. Uniformity can be one of these structural characteristics may affect 

air permeability but have   not extensively studied previously. 

 

The specific permeability of a nonwoven fabric can be determined by nonwoven structural 

properties. Darcy‟s law theoretically connects air permeability of nonwovens to web 

characteristics using following equation (Russell 2007): 

 
k P

Q
h


   2.19 

where Q is the volumetric flow rate of the fluid flow through a unit cross sectional area in the 

porous structure (m/s),  is the viscosity of the fluid (Pa.s),  p is the pressure drop (Pa) 

along the conduit length of the fluid flow h (m) and k is the specific permeability of the 

porous material (m
2
). 
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Equation 2.19 shows that permeability of a system can be determined with given pressure 

drop, fluid viscosity and media thickness obtaining flow velocity. Numerous studies have 

been performed to develop theoretical and empirical models to predict permeability of the 

fibrous structures. 

 

It is been claimed that permeability is only a function of solid volume fraction and fiber 

diameter by using a dimensional analysis of the parameters affecting permeability which is 

shown below (Davies 1973): 

 ( , , , , , , ) 0
P

f U r
T r


  


  2.20 

By Buckingham‟s π theorem these seven parameters could be converted into four 

dimensionless units as follow: 

 
2

( , , , ) 0
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P r r
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Darcy‟s law is the first law which is written in terms of dimensionless permeability (k/r
2
), 

second dimensionless number is Reynolds number which could be ignored if velocity is low. 

Knudsen number can also be ignored if there is no molecular slip on fiber surface in this 

case. So, dimensionless permeability factor will be a function of SVF: 

 
2

( )
k

f
r

  2.22 

This shows that permeability k is only a function of geometrical parameters like SVF and 

fiber radius (Jackson and James 1986). 

 



 

56 

Jaganathan in 2008 (Jaganathan 2008) performed a study which introduce another key 

parameter which was left out in above analysis is the fiber orientation which markedly effects 

permeability. In Figure  2.15 he showed possible fluid flow through fibrous structure with 

different fiber orientation. He claimed that the permeability of the flow by the cylinder is 

much higher than when flow is along the fiber axis. 

 

 

 

 

 

 

 

 

 

Figure 2.15: Schematic of fluid flow direction through fibrous structure a) unidirectional b) 

layered c) random (same color represent same permeability) (Jaganathan 2008) 

 

 

There are several studies, dealing with theoretical models describing air flow through porous 

media, which have helped developing the permeability of porous media science and 

technology to its current level, during past decades. The existing theoretical models of 

permeability applied in nonwoven fabrics can be grouped into two main categories based on: 
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- Drag force theory (Cell Model), for example Brinkman (Brinkman 1949), Iberall 

(Iberall 1950), Happel (Happel 1959), Kuwabara (Kuwabara 1959), and Cox (Cox 

1970). 

- Capillary channel theory (Fan Model), for example Carman (Carman 1956), Davies 

(Davies 1973), Piekaar and Clarenburg (Piekaar and Clarenburg 1967). 

 

Two most important theories which are used to calculate theoretical air permeability are 

described below. 

 

2.4.2.1.Cell model 

Happel (Happel 1959) Kuwabara (Kuwabara 1959) and Drummond and Tahir (Drummond 

and Tahir 1983) worked on this type of model for the permeability in unidirectional fibrous 

materials using which is called „unit cell‟ theory, or „free surface‟ theory. 

 

Cell model is believed to be more applicable to highly porous fibrous media, such as 

nonwoven fabrics, where the single fibers can be observed as elements within the fluid that 

cannot be displaced (Scheidegger 1972).  

 

The permeability of unidirectional fibrous materials is then solved using the Navier-Stokes 

equation in the unit cell with appropriate boundary conditions. These models have shown 

good agreement with experimental results when the fabric porosity is greater than 0.5 

(Davies 1973),  (Happel 1959). The model accounted for the permeability on the basis of the 
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drag forces acting on individual elements in the structure. It was assumed that the flow 

resistivity of all random distributions of fibers per unit volume does not differ. The pressure 

drop was obtained by assuming the fabric has an isotropic and uniform structure in which the 

number of fibers in each axis is equal and one of the axes is along the direction of 

macroscopic flow (Russell 2007). 

 

As mentioned before the cell model consists of two concentric circles as shown in the 

Figure  2.16, inner circle represents fiber of radius fR  and the outer fluid envelope having 

radius b chosen such that it provides required SVF (Jaganathan 2008). 

 

 

 

 

 

 

Figure 2.16: Cell model of fibrous structure 

 

Appropriate boundary condition on the fiber surface Γ and at the fluid envelope far from the 

fiber surface Ω is needed to solve Stokes equation, based on cell model. Happel in 1959 

(Happel 1959) based on these boundary conditions obtained an analytical solution for 

permeability for the flow parallel to fiber axis as follow: 
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And the permeability analytical model with the same boundary condition for the flow 

perpendicular to fiber axis is as follow:  
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Kuwabara in 1959 (Kuwabara 1959) used similar kind of cell model but changing zero shear 

stress boundary condition to zero vorticity boundary conditions on Ω. Their solution for fluid 

flow perpendicular to fiber axis is given by: 
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      2.25 

At the end Kirsch and Fuchs in 1968 (Fuchs and Krisch 1968) showed through their 

experimental results that Kuwabara‟s assumption is better than that of Happel‟s. 

 

2.4.2.2.Fan model 

Many permeability models established for textile fabrics are based on fan model (Davies 

1952) (Carman 1956). The flow through a nonwoven fabric is considered as a medium flow 

between cylindrical capillary tubes. The Hagen - Poiseuille equation for fluid flow through 

such a cylindrical capillary tube structure is as follows:  

 

4

8

r P
q

h






  2.26 

where r is the radius of the hydraulic cylindrical tube. However, it has been argued that 

models based on capillary channel theory are not suitable for highly porous media where the 

porosity is greater than 0.8 (Carman 1956).  
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A widely used empirical correlation for perpendicular flow through layered fibrous structure 

was given by Davies in 1952 (C. N. Davies 1952): 

 1.5 3 1

2
[16 (1 56 )]

k

r
     2.27 

It has been claimed that unlike fan model, the unit cell model demonstrate the relationship 

between permeability and the internal structural architecture of the material. 

 

The same as filtration properties, air permeability models are also developed for nonwovens 

with uniform structure. After theoretical and experimental determination of air permeability 

of nonwovens porous media they conclude that experimental investigations fully confirm the 

expectation predicted by theory.  

 

In a study which was performed by Jackson and James in 1986 (Jackson and James 1986), 

they carried out some experiment using special fibrous porous media with known structural 

characteristics and compared the results with published models. As shown in Figure  2.17 

their results also show the agreement between experiment and three different models (Lee 

and Liu 1982), (Liu, Van Osdell and Rubow 1990), (Payet, et al. 1992). 
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(a)                                                                              (b) 

Figure 2.17: A comparison of theories for arrays of parallel rod (a) perpendicular to flow (b) 

aligned with the flow (Jackson and James 1986) 

  

 

For both modeled structure this statement can be conclude that experimental results are in 

agreement with the theories. However, most classical air permeability models ignored 

inherent non-uniformity of nonwoven media and assume uniform mass and thickness at all 

locations. 

 

As mentioned before, some research tried to account filter media non-uniformity through a 

factor called “inhomogeneity factor”, which is defined as the ratio of the theoretical pressure 

drop to the experimental value (Lee and Liu 1982). However, this can be affected by air 

permeability testing condition greatly and not intrinsic value of the web. Therefore, it failed 
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to provide the impact of non-uniform nature of fibrous porous media on air permeability 

performance. 

 

Many different models for filtration efficiency for filter media and air permeability for 

fibrous porous media have been reported in literature. However, most models were 

developed using idealistic structure where the uniform structure of filter media and fibrous 

porous media is assumed. The purpose is to evaluate the impact of nonwoven filter media 

and fibrous porous media non-uniformity, measured filtration efficiency and air permeability 

were compared with performance predicted by different models. 
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CHAPTER 3 

3. NEW METHODOLOGY FOR NONWOVEN WEB BASIS WEIGHT UNIFORMITY 

ANALYSIS: QUADRANT METHOD 
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3.1.Introduction 

If we assume that the term uniformity of nonwoven refers to the variations in different aspect 

of nonwoven structures including fiber alignment and orientation, fiber size and shapes and 

basis weight (combination of solidity and thickness), then, constancy of values for 

characteristics measured in different position in the web (Xij) can be mentioned as 

uniformity of nonwoven web.  

 

Lack of web uniformity often associates with large variations in nonwoven properties. 

Periodic variations of web at large scale – uniformity at large area scale – often become an 

indicator of process inconsistency. In addition it is generally believed that non-uniformity of 

nonwoven causes not only variation of properties but also alternation of the property itself. It 

is widely recognized that basis weight non-uniformity of nonwoven fabrics affects both the 

aesthetic and physical properties (Ericson and Baxter 1973) such as permeability 

(Mohammadi and Banks-lee 2002), tensile properties, wettability, absorbency and some 

other properties.  

 

Even though there is unanimous agreement on importance of web uniformity, and 

manufacturer and nonwoven machine producers have made tremendous effect to achieve 

production of uniform nonwoven, there is no standard way to measure it. The simplest way 

to measure the basis weight non-uniformity or irregularity of a nonwoven fabric which is 

used (1) is the coefficient of variance (%CV). In this method, significant number of fixed 

size of samples which are selected randomly from different part of nonwoven web is 
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weighted. Then the coefficient of variance (%CV) of the weight is calculated. Even if it 

provides normalized measure of nonwovens basis weight variations, it is a destructive and 

very time consuming method and also cannot provide very fine scale of basis weight 

fluctuation.  

 

To overcome these disadvantages, some researchers tried to develop non-destructive optical 

based method to measure basis weight variations (Boekerman 1992). This includes the use of 

image analysis for determining basis weight uniformity on the basis of the optical density 

variations. The most interesting work in basis weight measurement has been reported by 

Boekerman (Boekerman 1992). He described the specialized technology needed to make on-

line basis weight measurements, which is practical for the production of lightweight 

nonwoven fabrics. In this methodology transmittance light was used to capture images of 

fabrics. A source of illumination was located on one side of the fabric and a detector was 

located on the opposite side of the fabric. When nonwoven fabrics are uniformly illuminated 

through transmittance light, intensity of the image collected by camera will directly related to 

optical density of samples, or basis weight (Pourdeyhimi and Kohel 2002). Since the light 

interacts with the sheet, the detected light intensity is reduced by absorption and scattering 

mechanisms. As basis weight decreases, the transmitted light intensity increases (Boekerman 

1992). Thus, the use of image analysis can be applicable for determining basis weight 

uniformity on the basis of the optical density variations obtained by transmittance light 

setting. The optical density measurement has been used for online-basis weight measurement 
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(Lien and Liu 2006). Then, variation of optical density can be evaluated various measures- 

such as CV% of optical density.  

 

Regardless of measurement method of basis weight variations, a major problem of using the 

coefficient of variations or CV% as the uniformity measurement technique is the fact that the 

measurement is often size-dependent. The degree of variations varies as measurement size 

domain changes. The variations occurring at micro-scale may not correlate that at a larger 

scale.  

 

Some researchers have recognized the limitations associated with size dependency of 

uniformity measure and tried to develop domain size independent uniformity analysis 

methodology. The most interesting work is reported by Pourdeyhimi and Kohel  

(Pourdeyhimi and Kohel 2002) who combined image analysis and quadrant method. They 

showed this approached can overcome size dependence and measure overall uniformity of 

samples in a given image. However, sensitivity and applicability of these approached have 

not fully explored. One of limitation of their study is they have used binary image as their 

input and used area fraction of % of black in the image. Binary conversion process results 

loss of information since resulting images only contains distribution of thick parts (black 

pixels) where basis weight is higher than mean. In contrast, original grey scale image 

contains information of relative basis weight each points. In addition, uniformity measured 

can be influenced by binary conversion processes.   
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In this study we tried to clarify the concept of non-uniformity and quantify the results of 

uniformity analysis. We have adapted quadrant method and enhanced it to provide the web 

uniformity as a web characteristic using for quality control issues. We used gray level 

intensity instead of area fraction (% of black in the image) so we can keep the information 

from nonwoven web image. We applied the same statistics as Pourdeyhimi and Kohel 

(Pourdeyhimi and Kohel 2002) used but we interpreted it in much more easier way and 

quantified a factor called uniformity index which can simplify the process of quality control 

and product development. 

 

3.2.Methodology 

Quadrant method is one of the techniques used in ecology to determine spatial characteristics 

of animals and plants (Greig-Smith 1964). Previous research by Pourdeyhimi (Pourdeyhimi 

and Kohel 2002) combined image analysis and quadrant method to analyze nonwoven basis 

weight uniformity and developed uniformity index (UI). In this research, we adapted and 

modify this method as described below.  
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Figure 3.1: Procedure of uniformity analysis using quadrant method 

 

The quadrant procedure for uniformity analysis is shown in Figure  3.1. In this procedure, a 

sample image is broken up into number of windows, and basis weight data, ),( yxM k is 

collected. In this case, gray scale of each pixel in image is representing the basis weight of 

that pixel. x and y are window position and k is the size of windows. The number of windows 

is varied by n = i
2
 for i=2, …, N. At each i, the index of dispersion and chi-square value are 

calculated via equations 3.1 and 3.2 respectively at the size scale of the window size used. 

The index of dispersion, Ii, has been used to test departures from the randomness and 

presence of patterns in spatial distributions (Perry and Mead 1979). For random spatial 

distribution, index of dispersion becomes 1 as x (or density) has a Poisson distribution with 

Var (X) = E(X). I<1 indicates spatially uniform distribution. Then, uniformity can be tested 

using 
2
 statics.  

 

n=4 n=9 n=16 

1. The image is divided into a number of windows 

2. The mean and the variance are computed for each n  

3. Index of dispersion and chi-square values are computed for each value of n.  

4. Uniformity index is computed  
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Index of dispersion, and I>1 indicate presence of cluster or patterns. Then randomness can be 

testes using 
2
 statics the same as uniformity.  

 

2observed variance

observed mean

s
I

x
   3.1 

Chi square becomes:  

  2 1I n    3.2 

Where, n = number of quadrants, X = Mean of gray scale, s
2
 = Variance between the 

squares.  And 
2  is equal to value of a 

2  with n-1 degree of freedom.  

 

When the index of dispersion is small ( 2S x ) the distribution is randomly uniform, and 

when the index of dispersion is large ( 2S x ) the distribution is clustered. 

 

The degree of nonwoven web basis weight uniformity can be derived from the graph of 
2
 

values plotted versus degree of freedom, n-1, as illustrated in Figure  3.2. 

 

Figure 3.2: Chi-square vs. degrees of freedom 

Uniform Region 
Clustered Region 
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Chi-square values of uniform images would not be affected by degrees of freedom as in 

Pourdeyhimi et al study (Pourdeyhimi and Kohel 2002). We tried to find more realistic 

relationship between chi-square values and images uniformity, therefore, since in reality 

nonwoven webs are randomly uniformed, there is no absolute uniform region in chi-square 

graph. Based on our definition of nonwoven web basis weight uniformity, the chi-square plot 

area is divided into two regions which are separated by a reference line, in which index of 

dispersion I=1 and means the nonwoven web is perfectly random. As it is shown in 

Figure  3.2, one is the random-uniform region and the other one is clustered region. In the 

area below reference line chi square values of non-uniform images show stiff increases as 

degree of freedom increase and their values are above reference line, which is called 

clustered or non-uniform region.  

 

Regarding to this procedure to characterize the nonwoven web basis weight uniformity, 

uniformity Index (UI) has been developed using the area below the chi- square graph.  

 

0

1
100

1

UI
A

a

 



 3.3 

Where, a0: Area below reference line and A: Area below Chi-square of sample as showed in 

Figure  3.3.  
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Figure 3.3: chi-square curve using for UI 

 

 

Then,  UI = 100 indicate perferctly uniform sample, where A=0. UI higher than 50 incidates 

A>a0, where clusering may be present in samples. UI will becoms 0 for samples with infinite 

A. 

 

3.3.Material 

In order to test and verify uniformity measurement technique developed, sample images for 

known uniformity are needed. For this purpose, we have used two serious of images: a set of 

simulated images with varying uniformity through controlling cluster structures and a set of 

wet-laid nonwovens with apparent visual differences. 
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3.3.1. Simulated Images 

Since non-uniformity of nonwovens is about different degree of blotchiness and the mass 

non-uniformity results in variations in the local brightness of the image (Pourdeyhimi and 

Kohel 2002). Therefore, the first set of images consists of simulated binary images and 

variations of local brightness were created clustered of objects. 

 

Figure  3.4 illustrates an image with highly clustered objects and an image where objects are 

randomly/uniformly distributed without presence of any clusters. In both cases, area fractions 

covered by object are identical, 20%. Comparing these images clearly shows that image with 

clusters can model extreme non-uniformity of web while total random object distribution can 

model a uniform web. 

 

 

 

 

 

 

 

(a)                                                     (b) 

 

Figure 3.4: Images of (a) clustered objects (b) and random objects  
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Then next question we have is how to create a model image with different degree of 

clustering. We use dispersion or scattering of objects in a cluster to control the degree of non-

uniformity created by a cluster. Each cluster consisted of a certain number objectives and 

distance between objects and the center of the cluster related to dispersion of cluster. As 

variance of object-cluster center distribution increases, the cluster becomes more dispersive 

and spatial uniformity of images increases. This concept is demonstrated in Figure  3.5. It 

shows objects-cluster center distance distribution and image of the clusters. When 

distribution becomes flat and image becomes uniform. To control cluster dispersion, we have 

used normalized variance, CWF (Cluster width factor). In each cluster The distance between 

cluster center and members followed the normal distribution of (0, WCWF). Where, W is 

the image width and CWF is cluster width factor – the degree of scattering of the object in 

cluster normalized by the image size.  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.5: Center-to-object distance distribution of a cluster with different cluster width 

factor (Image size 600600 pixel) 

CWF=0.1 

CWF=1 CWF=0.5 
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Then we expand this concept to create images with multiple clusters and varying degrees of 

object scattering via following procedures: Binary image of 600600 pixel size are created 

and given number of points, Cn, are selected. Cn is number of clusters. We created two sub-

set images- uniform set where center points are uniformly distributed (Figure  3.6) and 

random set where a center points are selected randomly (Figure  3.7).  Then members for each 

cluster were added till reach the pre-determined area fraction, 0.2. The distance between 

cluster center and members followed the normal distribution of (0, WCWF). Where, W is 

width of average area that one cluster occupied (W =image area/Cn)
0.5

) and CWF (cluster 

width factor), representing normalized width of cluster center-member distributions. 
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Figure 3.6: Simulated images. Uniformly arranged clusters 
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Figure 3.7: Simulated images. Randomly arranged clusters 
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3.3.2. Reference Nonwovens 

As mentioned above, a second set of sample consists of four wet-laid nonwoven webs with 

visibly varying degrees of uniformity (Figure 3.8) were also used. Since uniformity 

differences are obvious in these samples, we used these as a reference set for guiding and 

checking uniformity analysis method we developed. It also has been tried to identify the 

effect of the image processing parameter and optimize them using the wet-laid reference 

sample set. 

 

 

Figure 3.8: Images of the wet-laid reference set 

 

5.3.2.1. Image acquisition 

As mentioned before, non-uniformity of nonwovens is about difference in degree of 

blotchiness. Since the mass non-uniformity results in variations in the local brightness of the 

image under the transmitting light (Pourdeyhimi and Kohel 2002), in determining mass 

uniformity, image properties such as gray scale value of each pixel in the image can be used. 

In this study, images representing optical density of fabrics acquired under transmitted light 

A B C D 



 

83 

condition is our primarily data collecting technique. The areas with high basis weight would 

produce darker shade in images while the area with low basis weight would produce bright 

area in the images as less material to absorb/scatter light transmitting through it.  However, 

there are two challenges to address in this approach. The first one is the required area. In 

determining basis weight uniformity of nonwovens, it is essential to obtain a sample large 

enough to be representative of the overall fabric structures. Most microscopic designed to 

resolve fine details of structure with a narrow field of view are not applicable in this 

application. For this we have utilized flatbed scanner working with transmittance light to 

obtain images (Figure 3.9). Abilities to obtain high resolution data set and relatively fast data 

collection speed. The scanner we have used is an EPSON EXPRESSION 1640 XL located in 

NCRC microscopy lab.  

 

 

 

 

 

 

 

 

Figure 3.9: scheme of the capturing image procedure 
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The second challenge on the image basis system is the possible artifacts and influences of 

lightening intensity and average sample thickness, fiber types on image brightness. To 

address this issue, before applying the uniformity analysis (quadrant algorithm) some 

preparation is needed for captured image. For this purpose normalization on the gray level 

intensities is performed to remove any deviations caused by the adjustment of the 

illumination system. This procedure is known as the equal probability quantization method 

commonly referred to as histogram equalization or histogram flattening (Lai and Lin 2005). 

The result of histogram equalization for one image is shown in Figure  3.10, before and after 

histogram flattening. 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 3.10: Original wet-lay sample (left) and after equalization (right) sand their gray 

scale distribution 
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From the image can conclude that the images after equalization will all have the same mean 

intensity and standard deviation. It should be noted that although the first-order statistics are 

all the same globally after equalization, their local blotchiness is preserved. Figure  3.11, 

images of wet-laid standard sample set after histogram equalization, demonstrate this. 

 

 

 

 

In addition, we have also investigated possible effects of image acquisition condition. 

Therefore, images with different resolution and size have been obtained All the images were 

digitized using the same settings at various resolution ranging from 100 dpi to 1200 dpi and 

the range for size of testing samples is from 1.31.3  cm
2
 to 20×20 cm

2
. It should be noted 

that all images were 8 bit gray scale images. 

 

A B C D 

Figure 3.11: images of the wet-laid standard set after histogram equalization 
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3.4.Result and discussion 

3.4.1. Methodology Validation: Uniformity analysis of simulated images  

As previously mentioned, we have alters dispersion of objectives in cluster to created varying 

uniformity. First we used the simplest case of image of one cluster to verify uniformity 

analysis methodology. Images of one cluster with varying CWF and center position are given 

in Figure  3.12. In the first set, cluster centers are always positioned at the center of the 

images, and in the second set, cluster center positions are picked randomly. 

 

 

 

 

CWF =0.1, center  CWF =0.5, center  CWF =1, center  CWF =10, center  

CWF =0.1, random  CWF =0.5, random  CWF =1, random  CWF =10, random  

Figure 3.12: Image of single cluster with different center position and CWF 
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Chi-square curves of them are given in Figure  3.13. As expected, the results of highly 

clustered (low CWF) images show sharp increases in chi-square value with increasing 

number of quadrant. As CWF increases, image becomes more uniform, slope of the curve 

decreases. This general trend was not influenced by position of cluster. However, it affects 

local variation of slope. When a cluster positioned at the center, it created periodic variations.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Since we use area of the curve instead of initial slope of curve to assess uniformity index, this 

variations would not affect the UI value. The uniformity indexes of single cluster images are 

Figure 3.13: Chi-square curve of simulated images with one cluster 
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shown in Figure  3.14. It shows uniformity index increases as CWF increases and it well 

agrees with visual assessment. As previously mentioned, spatial uniformity increased with 

dispersion of cluster object. Images with high CWF exhibit high uniformity and uniformity 

index detected successfully uniformity of these images. In addition, uniformity index was not 

affected by cluster position. At the given CWF, UI of a cluster with a random position is 

almost identical to that of a center cluster.  

 

 

 

 

 

 

 

 

 

 

 

Figure 3.14: Uniformity index of single cluster images 

 

 

Then, images having different number of clusters were analyzed to further confirm 

uniformity index accurately assessing special uniformity when multiple clusters are presents 
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(Figure  3.15). Results clearly demonstrated increase CWF lead to high uniformity index. 

This shows that our UI from quadrant method can be a suitable uniformity factor using in 

quality control purposes. The results from Figure  3.15 show that this is also true for all 

cluster number. 

 

Another interesting point shown in Figure  3.15 is the effects of cluster numbers. Cluster 

number does not affect uniformity index when it is less than 100. However when there are 

large number clusters present, uniformity index increases. This agrees well with visual 

observation. As shown in Figure  3.6 and Figure  3.7, when there large number of small 

clusters is present, images looks uniform regardless of cluster dispersion.  

 

 

 

 

 

 

 

 

 

 

Figure 3.15: Uniformity index of simulated images with different CWF and cluster number: 

random set 
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Next we compared uniformity analysis results of images between clusters with uniform 

spacing and random spacing (Figure  3.16). It demonstrates uniformity increases when 

uniform cluster spacing are present and therefore UI can detect presence of uniform features 

in images. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.16: Random and uniform cluster 
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Therefore uniformity index modified from quadrant method can accurate assess uniformity 

features of simulated images.  It detects non-uniformity caused by presence of dense cluster 

(low CWF yields low UI), and large cluster (small number of large cluster yield low UI), and 

arrangement of cluster (uniform arrangement of cluster yield high UI). These results 

generally agree with visual observations of images. 

 

3.4.2.  Methodology Optimization: Reference Nonwovens  

Real nonwoven webs with distinguishable uniformity were also tested using quadrant method 

described in this paper. As shown in Figure 3.8, it is obvious that sample D is most uniform 

while sample A is least uniform. Sample B and C appear to be in the middle. Uniformity 

analysis results of these samples showed in Table  3.1and Figure  3.17 agree well with visual 

observations.    

 

Table 3.1: Uniformity Index of reference nonwovens 

Sample Code A B C D 

UI% 20 30 48 79 
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Chi-square value sharply increases as “n” increase in sample A and results in low uniformity 

index of 20. This represents non-uniform nature of these samples. In other hand, chi-square 

curve of sample D are less affected by n and results in high uniformity index of 79.   Sample 

B and Sample C fell in between and have uniformity index 30, and 48 respectively. So we 

can conclude that our methodology works well and can distinguish nonwovens with different 

basis weight uniformity. 

 

As mentioned before, it is necessary to determine effects of imaging condition on uniformity 

analysis methodology. Therefore we have investigated effects of imaging parameters 

(resolution) and sample testing size. The uniformity index as a function of imaging resolution 

is shown in Figure  3.18. Note that the testing sample size is fixed at 15.2×15.2 cm
2
.  This 

Figure 3.17: Uniformity results for wet-lay reference nonwovens 
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result shows that the uniformity indices hardly changes as function of imaging resolution 

variation after 300 dpi. 

 

 

 

 

 

 

 

 

 

 

The uniformity index as a function of testing sample size is shown in figure 18. Note that the 

imaging resolution is fixed at 600 dpi. This result shows that the uniformity indices hardly 

changes as function of testing sample size variation after 15.2×15.2 in
2
 (232.26 cm

2
). 

 

 

 

 

 

 

Figure 3.18: UI for different resolution 
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In addition, we would like to note that in almost all testing condition, relativity of the ranking 

of these four samples UI% remains same. It implies that even absolute values of UI% may 

influenced by samples size resolution, in particular lower resolution and small size, it can be 

still used compare uniformity among samples if necessary. 

 

Based on all results obtained till now, the quadrant method seems to be a suitable method to 

determine the uniformity factor of nonwovens. 

 

 

3.5.Conclusion 

Quadrant method is applied to a series of samples. The image of the nonwovens was captured 

by a flatbed scanner using transmitted light. Gray scale of each pixel of the image has been 

Figure 3.19: UI for different sample size 
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used as the indirect measure of basis weight. Based on quadrant method, we have defined a 

uniformity index as a quantitative measure of nonwoven uniformity and this will be used to 

further analysis of the effects of uniformity web characteristics and physical properties.  
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CHAPTER 4 

4. UNIFORMITY ANALYSIS OF NONWOVENS WITH DIFFERENT 

MANUFACTURING PROCESS 
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4.1.Introduction 

Nonwovens are defined as „a manufactured sheet, web or batt of directionally or randomly 

orientated fibers, bonded by friction, and/or cohesion and/or adhesion‟ (EDANA, The 

European Disposables and Nonwovens Association) (Russell 2007). Previous studies showed 

that parameters such as fiber properties, web structures, and manufacturing processes of 

nonwovens strongly affect structural characteristics and properties of the final fabrics 

(Albrecht, Fuchs and Kittelmann 2003). 

 

As it is mentioned in chapter 2, every nonwoven webs have their structural characteristics 

such as basis weight and thickness. These characteristics usually vary in different locations 

along and across a nonwoven web. The variations occur because of a periodic nature with a 

recurring wavelength or non-periodic fiber clumps due to the mechanics of the web 

formation and/or bonding process. This variation, which is defined as web non-uniformity, is 

one of essential nonwoven web structural characteristics. 

 

Several parameters are known to affect uniformity of nonwovens (Russell 2007). In addition 

to the essential raw material, the structure of a nonwoven fabric is also influenced by the web 

formation process, bonding method and fabric finishing processes. In web formation process 

the arrangement of fibers in the web, specifically the fiber orientation, governs the isotropy 

of fabric properties which can be controlled during the process using machinery adapted 

from the textile, paper or polymer extrusion industries. Problems of laydown of fibers in web 

formation process can be one of the sources for nonwoven web non-uniformity. For example 
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in meltblown web formation processing parameter such as die to collector distance and belt 

speed affect web uniformity  (Xiaomei 2008). Even it is well known that process affect web 

uniformity greatly, little can be found on these subjects, mainly because of limited tools that 

can quantify uniformity of web as we described in Chapter 2. Previously in Chapter 3, 

quadrant method for uniformity analysis of nonwovens was introduced and details of its 

ability to quantify uniformity of nonwovens were discussed. This chapter is focused on the 

use of quadrant method. We would like to investigate feasibility of various applications for 

the developed UI%, such as processing condition optimization and continues monitoring of 

nonwoven quality in machine and cross direction. Its ability to distinguish differences in 

uniformity of nonwovens created by various web process and processing conditions were 

tested by producing and analyzing spunbonds and meltblown with different processing 

conditions. In addition to processing parameter effects, we also analyze uniformity changes 

in various web positions.  

 

4.2.Experiments 

4.2.1. Materials 

Quadrant method has been applied on different nonwoven webs produced with different 

manufacturing processes and conditions, to check the reproducibility and applicability of the 

algorithm on other nonwoven webs and find a range of UI for them. 

 

For this purpose, a series of polypropylene spunbond and meltblown nonwoven web with a 

range of basis weight (20-80 g/m
2
) and different processing conditions was produced. The 
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spunbond nonwoven webs are produced with a Hills-Nordson, Bicomponent Spunbond line 

and meltblown nonwoven webs are produced with a Hills-Nordson, Bicomponent meltblown 

line, both located in the Nonwovens Institute pilot facility (Raleigh, NC). To achieve 

different basis weight in meltblown webs, we changed the polymer throughput and speed of 

collecting belt. In addition, the distance between die and collector was altered. Table  4.1 

shows the list of produced meltblown samples with their variables.  

 

Table 4.1: Meltblown sample specifications 

Sample ID 
Basis weight 

(g/m
2
) 

Through put 

(g/hole/min) 

DCD 

(inch) 

Belt Speed 

(m/min) 

MB-20-0.3-7 20 0.3 7 1402.1 

MB-20-0.3-12 20 0.3 12 1402.1 

MB-20-0.8-7 20 0.8 7 3749.0 

MB-20-0.8-12 20 0.8 12 3749.0 

MB-30-0.3-7 30 0.3 7 944.9 

MB-30-0.3-12 30 0.3 12 944.9 

MB-30-0.8-7 30 0.8 7 2499.4 

MB-30-0.8-12 30 0.8 12 2499.4 

MB-40-0.3-7 40 0.3 7 701.0 

MB-40-0.3-12 40 0.3 12 701.0 

MB-40-0.8-7 40 0.8 7 1874.5 

MB-40-0.8-12 40 0.8 12 1874.5 

MB-60-0.3-7 60 0.3 7 487.7 

MB-60-0.3-12 60 0.3 12 487.7 

MB-60-0.8-7 60 0.8 7 1249.7 

MB-60-0.8-12 60 0.8 12 1249.7 

MB-80-0.3-7 80 0.3 7 381.0 
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 Table 4.1 Continued  

MB-80-0.3-12 80 0.3 12 381.0 

MB-80-0.8-7 80 0.8 7 944.9 

MB-80-0.8-12 80 0.8 12 944.9 

 

Similary, spunbond nonwovens with different basis weight (achieved by varying belt speed) 

and different polymer throughput were produced and uniformities of these webs are 

analyzed. Table  4.2 shows a list of produced spunbond samples with their variables. 

 

Table 4.2: Spunbond sample specification 

Sample ID 
Basis Weight 

(g/m
2
) 

Through put 

(g/hole/min) 
Belt speed (m/min) 

SB-20-0.4 20 0.4 2313.4 

SB-20-0.6 20 0.6 3355.8 

SB-20-1 20 1 5907.0 

SB-30-0.4 30 0.4 1566.7 

SB-30-0.6 30 0.6 2267.7 

SB-30-1 30 1 3925.8 

SB-40-0.4 40 0.4 1170.4 

SB-40-0.6 40 0.6 1630.7 

SB-40-1 40 1 2987.0 

SB-60-0.4 60 0.4 829.1 

SB-60-0.6 60 0.6 1115.6 

SB-60-1 60 1 1908.0 

SB-80-0.4 80 0.4 582.2 

SB-80-0.6 80 0.6 819.9 

SB-80-1 80 1 1456.9 
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4.2.2. Uniformity evaluation 

4.2.2.1.Processing condition comparison 

In this part of study, quadrant method which was presented in chapter 3 is applied on 

nonwovens as uniformity analysis methodology. As mentioned before, various nonwoven 

webs produced with different manufacturing processes and conditions, to check the 

reproducibility and applicability of the algorithm on other nonwoven webs and find a range 

of their UI%. 

 

To investigate the effect of processing condition variation on the web uniformity, from each 

role 10 replicates with the size of 12.7×12.7 cm
2
 is cut and scanned with flatbed scanner 

using transmitting light. The resolution of the images taken from samples was 600 dpi. Image 

acquisition and preparation is the same as shown in chapter 3. The gray level intensity of 

each image was equalized and the images prepared to be tested with quadrant analysis 

algorithm.  
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Figure 4.1: Sampling Methods  
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The average of UI% of 10 replicates represents the uniformity of each role. Samples have 

been selected with the pattern showed in Figure  4.1 from each role. 

 

4.2.2.2.Uniformity distribution in machine and cross direction 

We have utilized Quadrant method to investigate variations of uniformity of nonwovens 

through nonwoven rolls. One Spunbond fabric and one meltblown fabric were selected 

among webs reported in previous section where the effect of processing parameters on web 

uniformity was accessed. The spunbonded sample used for UI% distribution measurement is 

a 40 gsm polypropylene non-bonded spunbond produced with polymer through put of 1 

g/hole/min. The average UI% of this spunbond web measured in previous chapter is 34%. 

The meltblown sample used for this purpose is a 40 gsm polypropylene meltblown produced 

with polymer through put of 1 g/hole/min and DCD of 12 inches. The average UI% of this 

meltblown web measured in previous cahpter is 21%.  

 

Changes of web uniformity of these webs through MD (Machine direction) and CD (cross 

directions) were measured illustrates sampling method. 2.54×2.54 cm
2 

sample images were 

taken at 15 positions along the MD at 30.5 cm interval and at 10 positions along the CD at 

2.54cm (total of 150 points) and UI% were analyzed. At each MD position, average UI of 10 

replicate along the cross direction were reported similarly at each CD position, average UI% 

of 15 replicate along the MD were reported.  
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4.3.Result and discussion 

4.3.1. Uniformity index of meltblown nonwoven web 

In previous chapter it is been shown that UI% obtained from quadrant method is a good 

representative of nonwoven basis weight uniformity. In this section, we determined UI% for 

meltblown webs with different basis weight and processing conditions shown in Table  4.1.  

 

Table  4.3 shows images of the produced meltblown webs with their average UI% and 

standard deviation. From this table, it appears that UI% of meltblown webs are correctly 

measure the uniformity of samples which values our analysis methodology. 
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Figure 4.2: Sampling procedure of UI distribution analysis from each role  
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Table 4.3: Images and UI% of meltblown samples 
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Table  4.3 continued 

 

The effect of processing conditions on meltblown web uniformity is summarized in 

Figure  4.3. 
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Several conclusions can be made from Figure  4.3. This figure is discussing three different 

parameters of produced nonwoven webs which are basis weight, polymer through put and 

DCD. Results shows that UI% is lower in higher basis weight and this trend is more obvious 

when 7” DCD is used. In 12” DCD more slight reduction of UI% can be found as basis 

weight increases. This result is exactly opposite of what conventionally perceived. As 

mentioned in chapter 2, web non-uniformity is the blotches along the nonwoven web caused 

by agglomeration of the fibers. This blotchiness cannot be detected by human eyes in the 

higher basis weight of nonwovens. Therefore, it seems that the higher basis weight is more 

uniform. But in reality, when a machine is producing non-uniform web by increasing the 

basis weight we are making it progressively worst. 

Figure 4.3: UI% results for meltblown webs with basis weigh and different 

condition 
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The other conclusion from Figure  4.3 is the effect of polymer through put and DCD variation 

on UI%. It is a little bit complex but it looks like there is not much effect of polymer through 

put variation in 12” DCD and the UI% are in a relative similar ranges. But in 7” DCD, webs 

produced with 0.3 g/hole/min has wide fluctuation of uniformity. It seems that lower basis 

weights are much more sensitive to the processing conditions. As it can be seen from 

Figure  4.3, higher DCD causes non-uniformity for low basis weight. 

 

And to summarize we can indicate that the range of UI% for MB webs is between 15%-35%, 

which is in non-uniform region. 

 

As mentioned above, UI% decreases by increasing basis weight. To extract the statistical 

parameters such as mean and variance and to check the significance of the difference 

between obtained UI%, ANOVA and student t-test were performed using JMP statistic 

software. 

 

Table  4.4 shows the descriptive and test statistics of the meltblown webs with different 

processing conditions obtained from ANOVA test. In this table “BW”, “ghm”, and “DCD”, 

represents nonwoven web with basis weight g/m
2
, polymer through put (g/hole/min), and die 

to collector distance (inch), respectively and other parameters are the interaction of these 

variables. 
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Table 4.4: Results of ANOVA test for meltblown nonwovens with different processing 

condition 

Source Nparm DF Sum of 

Squares 

F Ratio Prob > F 

BW 4 4 2070.6379 23.9024 <.0001* 

ghm 1 1 22.2469 1.0272 0.3121 

DCD 1 1 445.5323 20.5720 <.0001* 

BW*ghm 4 4 184.0739 2.1249 0.0794 

BW*DCD 4 4 1233.9425 14.2440 <.0001* 

ghm*DCD 1 1 80.7212 3.7272 0.0551 

 

 

Based on the selected confident level (95%) any p-Value lower than 0.05 shows significant 

difference between variables. The p-Value marked by star in this table shows that the effect 

of that variable on the UI% of meltmlown nonwoven samples is significant. Therefore, basis 

weight (BW) and die to collector distance (DCD) and their interaction (BW*DCD) variation 

has significant effect on the uniformity of the produced meltblown nonwoven.  

 

One of the variables that had significant effect on UI% of produced meltblown nonwoven 

was basis weight. Figure  4.4 shows that how basis weight is affecting UI% of produced 

meltblown nonwovens. 
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Figure 4.4: ANOVA results for UI% of meltblown web with different basis weight, mean 

UI% and variance within 95% confidence interval 

 

Figure  4.4 clearly shows the UI% reduction as basis weight increase. But it looks like after 

40 g/m
2 

the changes are not considerable. So, another statistical test is needed to see whether 

the UI% means are different in different basis weight or not. The null hypothesis is that the 

UI% mean of two meltblowns with different basis weight are equal. Table  4.5 shows that in 

produced meltblown webs with 20 and 30 g/m
2
,UI% are different from each other and they 

have different UI% than 40, 60, and 80 g/m
2
, but UI% of 40, 60, and 80 g/m

2
 have no 

significant difference. 
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Table 4.5: Student t-test for meltblown with different basis weight 

Level       

Least Sq 

Mean 

20 A 

  

   31.0 

30 

 

B 

 

   22.4 

40 

  

C    17.2 

80 

  

C    16.6 

60 

  

C    16.6 

 

 

Another variable that was affecting UI% significantly was die to collector distance (DCD). 

Figure  4.5 shows that how DCD variation is affecting UI% of produced meltblown 

nonwovens. 
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Figure 4.5: ANOVA results for meltblown web with different DCD, mean UI% and variance 

within 95% confidence interval 

 

 

Table  4.6 clearly shows the UI% reduction as DCD increase. T-est results (Table  4.6) shows 

that in produced meltblown webs with 7 and 12 (in), UI% are different from each other and 

their difference is significant.  

 

Table 4.6: Student t-test for meltblown with different DCD 

Level       

Least Sq 

Mean 

7 A 

 

    31.0 

12 

 

B     23.7 
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4.3.2. Uniformity index of spunbond nonwoven web 

Spunbond web has been produced with throughput of 0.4, 0.6, 1 g/hole/min It should be 

noted that spunbond webs collected before the calender bonding. So there will be little effect 

of bonding points. Table  4.7 shows images of the produced spunbond webs with their UI% 

and standard deviation. From this table, again it appears that UI% of spunbond webs are 

correctly measure the uniformity of samples which values our analysis methodology. 

 

Table 4.7: Images and UI% of spunbond samples 

 

 

                                                 Polymer Through Put (g/hole/min) 

 0.4 0.6 1 

 

20 

33±5 34±4 31±4 

30 

35±5 29±9 27±5 

B
as

is
 W

ei
g
h
t 

(g
/m

2
) 



 

113 

Table  4.7 Continued 

 

 

The effect of Spunbond process conditions on UI% are shown in Table.  

 

The same as meltblown web several conclusions can be made from Figure  4.6. This figure is 

discussing two different parameters of produced spunbond webs which are basis weight and 

polymer through put. Results show that UI% is lower in higher basis weight and this trend is 
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more obvious when through put is 0.6 g/hole/min. Again the same as meltblown this result is 

exactly opposite of what conventionally perceived. 

 

 

 

 

 

 As mentioned in chapter 2, web non-uniformity is the blotches along the nonwoven web 

caused by agglomeration of the fibers. This blotchiness cannot be detected by human eyes in 

the higher basis weight of nonwovens. Therefore, it seems that the higher basis weight is 

more uniform. But in reality, when a machine is producing non-uniform web by increasing 

the basis weight we are making it progressively worst. 
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Figure 4.6: Images and UI% of meltblown samples 
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The other conclusion from Figure  4.6 is the effect of polymer through put variation on UI%. 

It is a little bit complex but generally higher polymer through put gives less web uniformity 

except in 80 g/m
2
. It seems each basis weight has its particular polymer through put to be 

more uniform. From this statement we can conclude that our UI% can be used for processing 

condition optimization. 

 

And to summarize we can indicate that the range of UI% for spunbond webs is between 

15%-45%, which is in non-uniform region. 

 

The same as meltblown, UI% of spunbond webs produced with different basis weight and 

processing conditions are tested and the descriptive and test statistics such as means, standard 

deviations, degree of freedom, obtained value of the test and the probability of the results 

occurring by chance (p value) is reported. 

 

Table  4.8 shows the descriptive and test statistics of the spunbond webs with different 

processing conditions obtained from ANOVA test. In this table “BW” and “ghm” represents 

spunbond web basis weight (g/m
2
) and polymer through put (g/hole/min) respectively and 

other parameter is the interaction of these variables. 
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Table 4.8: Results of ANOVA test for spunbond nonwovens with different processing 

condition 

Source Nparm DF 

Sum of 

Squares 

F Ratio Prob > F 

 

BW 4 4 2901.9232 20.0886 <.0001*  

ghm 2 2 213.7458 2.9593 0.0552  

BW*ghm 8 8 1304.9625 4.5168 <.0001*  

 

 

Based on the selected confident level (95%) any p-Value lower than 0.05 shows significant 

difference between variables. The p-Value marked by star in this table shows that the effect 

of that variable on the UI% of spunbond nonwoven samples is significant. This table shows 

that basis weight (BW) and its interaction with polymer through put (BW*ghm) variation has 

significant effect on the uniformity of the produced spunbond nonwoven.  

 

One of the variables that had significant effect on UI% of produced spunbond nonwoven was 

basis weight. Figure  4.7 shows that how basis weight is affecting UI% of produced spunbond 

nonwovens. 
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Figure 4.7: ANOVA results for spunbond web with different basis weight, mean UI% and 

variance within 95% confidence interval 

 

Figure  4.7 clearly shows the UI% reduction as basis weight increase. But it looks like 30 

and 40 g/m
2 

UI% variation is not considerable. So, another statistical test is needed to see 

whether the UI% means are different in different basis weight or not. The null hypothesis is 

that the UI% mean of two spunbond with different basis weight are equal. Table  4.9 shows 

that in produced spunbond webs with 20, 30, and 40 g/m
2
, UI% are not different from each 

other but they have different UI% than 60 and 80 g/m
2
, and their difference in UI% is 

significant. 
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Table 4.9: Student t-test for spunbond with different basis weight 

Level       

Least Sq 

Mean 

20 A 

  

   32.9 

30 A 

  

   30.2 

40 A 

  

   29.9 

60 

 

B 

 

   26.3 

80 

  

C    20.7 

 

Another variable that was considered as a parameter that affects UI% polymer through put 

(g/hole/min). It is interesting that, although polymer through put variation does not have 

significant effect on spunbond uniformity index, the UI% of the web with 0.4 and 0.8 are 

different. This can be found by running a student t-test (Table  4.10).  

 

The null hypothesis is that the UI% mean of two spunbond with different polymer through 

put are equal. Table  4.10 shows that in produced spunbond webs with 0.4 and 0.8 

(g/hole/min), UI% is different from each other and their difference is significant.  
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Table 4.10: Student t-test for spunbond with different polymer through put 

Level       

Least Sq 

Mean 

0.4 A 

 

    29.2 

0.6 A B     28.2 

1.0 

 

B     26.3 

 

These results also prove the previous statement that our UI% can be used for processing 

condition optimization. 

 

The conclusion so far is that Quadrant method is applicable for measuring the basis weight 

non-uniformity of meltblown and spunbonded samples.  

 

4.3.3. Uniformity distribution in machine and cross direction 

Uniformity index distribution of a spunbond and a meltblown nonwoven in both machine 

direction and cross direction is shown in Figure  4.8 and Figure  4.10 respectively. 
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(a) 

 

(b) 
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Figure 4.8: Uniformity index Distribution for 40 gsm spunbond 

(a) Machine direction (b) Cross direction 
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From this figure we can conclude that our spunbonded web shows no specific changes in 

machine direction except one point with lower UI%. It is also the same for cross direction but 

it seems that in the center of the web UI% increases. The lower UI% on the edges seems 

reasonable because of the edge effect. This analysis can help us to track the uniformity in 

both cross direction and machine direction separately. 

 

 

 

 

A gray map of measured UI% from different position of a spunbond is shown in Figure  4.9. 

This also shows another application of UI%, which gives of better understanding of UI% 

variation in different position of the web.  

 

Figure 4.9: Gray map of uniformity index along the spunbond web 
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Figure 4.10: Uniformity index Distribution for 40 gsm 

Meltblown (a) Machine direction (b) Cross direction 
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The results from UI% measurement for meltblown samples also show the same trend. But we 

have observed low uniformity index and high variation along both machine and cross 

directions. It indicates poor processing conditions. Again for cross direction as we proceed to 

the center of the web the UI% increases. The lower UI% on the edges seems reasonable 

because of the edge effect. 

 

 

 

 

A gray map of measured UI% from different position of a meltblown is shown in 

Figure  4.11. This also shows another application of UI%, which gives of better understanding 

of UI% variation in different position of the web.  

Figure 4.11: Gray map of uniformity index along the meltblown web 



 

124 

From both Figure  4.8 and Figure  4.10 can conclude that our UI has a narrow distribution 

around the average of the UI% for both spunbond and meltblown webs. Figure  4.9 and 

Figure  4.11 shows an example of continues monitoring of UI% for nonwoven webs.It can be 

stated that the uniformity index can monitor the changes in basis weight uniformity through 

the webs produced with different processing conditions. In the other word the UI% can be 

used as a quality control factor. 

 

4.4.Conclusion 

To check the reproducibility, sensitivity, applicability and limitation of uniformity analysis 

methodologies, sets of samples from meltblown and non-bonded spunbond have been tested 

for their UI. 

 

Results show that our UI is applicable on meltblown and spunbond. It gives a very significant 

range of UI for tested nonwovens for different basis weight and processing conditions. It also 

is observed increasing basis weight makes nonwoven more non-uniform.  

 

Some application was also introduced for the UI, such as processing condition (polymer 

through put and die to collector distance) optimization and continues monitoring of non-

uniformity in the web. 
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CHAPTER 5 

5. UNIFORMITY ANALYSIS OF NONWOVENS BONDED WITH DIFFERENT 

BONDING PROCESS 
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5.1.Introduction 

The second step of nonwoven manufacturing process is web consolidation. Based on the 

definition of nonwoven, after the web is formed on the forming belt the fibers are bonded 

together by entangling fibers or filaments, by various mechanical, thermal and/or chemical 

processes (Russell 2007). The lack of sufficient frictional forces between the fibers can be 

compensated by the bonding of the fibers, which provides web strength.  

 

Uniformity of nonwoven web characteristics can also be affected by bonding process. The 

type of bonding elements, the bonding interfaces between the fibers and binder elements (if 

present) may be the source of web non-uniformity  (Russell 2007). But there are other 

processing parameters allocated to specific bonding process which effects nonwoven 

uniformity. These parameters can be type of patterning belt and water jet settings in 

hydroentangling process and bonding pattern, density of the bonding point, temperature and 

pressure of the bonding calender in thermal bonding process. 

 

Nonwoven fabrics‟ bonds structures such as the type, shape, rigidity, size and density may 

affect web characteristics. There are numerous ways to bond nonwovens which include 

mechanical, thermal and chemical bonding. The bond points in a mechanically bonded 

fabric, for example needle punched or hydroentangled, are formed by either interlacing of 

individual fibers or loose fibrous strands. These bonds are flexible and the component fibers 

are able to slip or move within the bonding points. However, the bonds in thermally bonded 

and chemically bonded fabrics are formed by adhesion or cohesion between polymer 
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surfaces, in which a small portion of the fibrous network is firmly bonded and the fibers have 

little freedom to move within the bond points. 

 

As we assumed, bonding process itself does not affect basis weight uniformity but create 

different surface textures that might interfere with quadrant process which results in 

uniformity bias. Figure  5.1 shows the effect of bonding process on surface texture of a 

spunbond nonwoven web. 

 

 

(a)                                   (b)                                 (c) 

 

Figure  5.1a shows a non-bonded spunbond collected before the bonding calendar and 

Figure  5.1b shows a spunbond nonwoven thermally bonded via a calender with diamond 

shape bonding points. This process involves the use of a calender with a hot metal roll 

opposed by a wool felt, cotton or special composition roll. Two, three or four roll calenders 

can be used, depending on the weight of the web to be bonded and the degree of bonding 

desired. The three-roll calender has the heated roll in the middle while the four-roll 

configuration has the heated rolls on the top and bottom, with the two composition roll in the 

Figure 5.1: Spunbond nonwoven with diffrent surface texture (a) non-

bonded b) thermally bonded (c) hydroentangled 
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middle. Point-bond hot calendering is the main method of thermally bonding in disposables 

as diaper, sanitary products, and medical products. This method involves the use of a two-roll 

nip consisting of a heated male patterned metal roll and a smooth or patterned metal roll. 

This second roll may or may not be heated, depending on the application. In a typical 

production line, the web is fed by an apron leading to a calender nip and the fiber 

temperature is raised to the point at which tackiness and melting cause fiber segments caught 

between the tips of engraved points and the smooth roll to adhere together (Batra, Gilmore 

and Dharmadhikary 1995). The fabric properties are dependent on the process temperature 

and pressure and other parameters like the contact time, quench rate and calender pattern. 

The thermal bonding calender creates a pattern on nowoven which is quite visible to the 

naked eye.  

 

Figure  5.1c shows a spunbond nonwoven entangled with hydroentangling process using a 

belt with herringbone pattern. Hydroentanglement is used for mechanically bonding both 

staple and filament nonwovens as well as being used for post-treatment of fabrics. As 

hydroentangling uses fine, closely spaced, high-speed waterjets, they create ridges or streaks 

that are quite visible to the naked eye (Shim and Pourdeyhimi 2005). This may be 

undesirable if it interferes with other textures on the surface or if a smooth flat surface is 

desired. It can be seen that the surface texture is different than the non-bonded nonwoven due 

to the bonding pattern implanted from jet streaks. This alternation in surface texture may 

affect the UI% determined from quadrant method. 
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So, this section aim to access the amount of the effect of surface texture or bonding pattern 

on quadrant procedures to address possible bias in comparing uniformity index of webs 

produced with different process. This will eventually lead removing of any bias presence and 

it will be address in next section.   

 

5.2.Experiments 

5.2.1. Materials   

Quadrant method has been applied on different spunbond webs bonded with different 

bonding processes and conditions, of the effect of surface texture or bonding pattern on 

quadrant procedures and UI% determined with this methodology.  

 

For this purpose, a series of polypropylene spunbond nonwoven web with a range of basis 

weight (20-80 g/m
2
) and different bonding process and conditions was produced. The 

spunbond nonwoven webs are produced with a Hills-Nordson, Bicomponent Spunbond line, 

located in the Nonwovens Institute pilot facility (Raleigh, NC). To achieve different basis 

weight in spunbond webs, we changed the polymer throughput and speed of collecting belt. 

Uniformities of these webs were analyzed in chapter 4. Table  5.1 shows a list of produced 

spunbond samples with their variables. 
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Table 5.1: Spunbond sample specification 

Sample ID 
Basis Weight 

(g/m
2
) 

Through put 

(g/hole/min) 
Belt speed (m/min) 

SB-20-1 20 1 5907.0 

SB-30-0.4 30 0.4 1566.7 

SB-40-1 40 1 2987.0 

SB-80-1 80 1 1456.9 

 

 

These spunbond webs were bonded thermally with different bonding conditions such as 

patterns, temperature and pressure. Table  5.2 shows the bonding conditions applied to 

produce thermally bonded spunbonds with different basis weight. 

 

Table 5.2: Thermally bonded spunbonded nonwoven specifications 

Bonding Condition 

Temperature 

(C) 

Pressure (pli) 

Non-bonded - - 

Flat calendered 100 200 

Calendered with bonding point pattern 

(high temperature high pressure) 

130 200 

Calendered with bonding point pattern 

(low temperature low pressure) 

145 400 
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From the cold calendered spunbond web rolls mentioned in Table  5.2 were hydroentangled 

with different patterning belt. Table  5.3 shows the bonding conditions applied to produce 

hydroentangled spunbonds with different basis weight. 

 

Table 5.3: Hydroentangled spunbonded nonwoven specifications 

Forming 

Surface 

Number of 

manifolds 

Jet head1 

pressure 

(Bar) 

Jet head2 

pressure 

(Bar) 

Jet head3 

pressure 

(Bar) 

Jet head4&5 

pressure 

(Bar) 

Speed 

(m/min) 

Non-bonded - - - - - - 

Standard 

Hydro (100 

mesh) 

5 20 25-75 50-125 75-175 10 

Herringbone 5 20 75-125 75-125 25-100 10 

84 ribtek 5 20 100-125 100-125 75-100 10 

15 mesh 5 20 50-100 50-125 25-100 10 

6 mesh 4 20 25-75 50-100 25-100 10 

 

 

5.2.2. Method 

In this part of study, quadrant method which was presented in chapter 3 is applied on 

nonwovens as uniformity analysis methodology. As mentioned before, various nonwoven 

webs produced with different manufacturing processes and conditions, to access the amount 
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of the effect of surface texture or bonding pattern on quadrant procedures to address possible 

bias in comparing uniformity index of webs produced with different process. 

 

To investigate the effect of bonding process and condition variation on the web uniformity, 

from each role 10 replicates with the size of 12.7×12.7 cm
2
 is cut and scanned with flatbed 

scanner using transmitting light. The resolution of the images taken from samples was 600 

dpi. Image acquisition and preparation is the same as shown in chapter 3. The gray level 

intensity of each image was equalized and the images prepared to be tested with quadrant 

analysis algorithm.  

 

 

 

 

 

 

 

 

The average of UI% of 10 replicates represents the uniformity of each role. Samples have 

been selected with the pattern showed in Figure  5.2 from each role. 

 

1 

2 

3 

4 

5 
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7 

8 
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10 

CD 

MD 

Figure 5.2: Pattern of selecting sample set from each role 
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5.3.Result and Discussion  

In previous chapter it is been shown that UI% obtained from quadrant method is a good 

representative of nonwoven basis weight uniformity for webs with different processing 

conditions. In this chapter, we determined UI% for spunbond webs with different bonding 

process and conditions shown in Table  5.2 and Table  5.3. Table  5.4 shows images of the 

produced nonwovens with their average UI% and standard deviation. 

 

Table 5.4: UI% of thermally bonded spunbonded nonwoven 

                                   Basis weight (g/m
2
)-Polymer Through put (g/hole/min)  

20-1 30-0.4 40-1 80-1 

Non-

bonded 

31±4.5 35±4.6 27±3.9 22±4.1 

Cold 

Calendered 

29±4.7 33±8.8 32±4.3 29±7.4 

Flat 

Calendered 

28±4.9 23±5.6 29±7.2 25±4.4 
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Table  5.4 continued 

 

The effect of thermal bonding conditions on spunbond web uniformity is summarized in 

Figure  5.3. As results shows, thermal bonding can slightly increase the uniformity index of 

web. This is the results not indicating bonding process actually change web uniformity 

physically, but rather indication of optical perception. 

Temperature 

130   C  

pressure  

200 pli 39±4.2 46±7.6 42±5.6 41±7.7 

Temperature 

145   C  

pressure  

400 pli 39±6.7 45±10.3 37±6.3 40±7.4 
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Figure 5.3: UI% results for thermally bonded spunbond with diiferent bonding contidions 

 

The presence of uniform bonding pattern affect optical density distribution and interfere 

quadrant procedure. Further, evaluating the amount of bias caused by bond pattern, we have 

investigated the impacts of simulate bond points on standard web images covering wide UI% 

ranges in the next section of this chapter.  

It also reconfirms that addition of bonding pattern results in increase in UI%, but the effect is 

not huge. Especially webs with high uniformity, the presence of bonding pattern is almost 

negligible. However, webs with lower uniformity are more susceptible to presence of 

bonding pattern, UI% was increased even slightly. Yet, it is worthwhile to point out that even 
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uniform bond pattern has impact on uniformity analysis and increase uniformity slightly. 

Uniformity ranking of web has not changes as the results of bonding pattern.  

 

Another conclusion that can be made is that condition of bonding does not affect much at 

high temperature, but in case of cold bonding the impact is smaller due to bonding point is 

not clearly formed. 

 

As mentioned before, since in hydroentangling webs are consolidated mainly in the areas 

where the water jets impact, jet marks are formed on the fabric surface, which appear as 

visible „lines‟ on the jet-side of the fabric running in the machine direction.  Where the 

support surface is three-dimensional, fibers are displaced from the projections in the surface 

to form holes and other structural patterns (Connolly and Parent 1993). The structure of 

hydroentangled fabrics depends on process parameters and fiber properties. Therefore we 

produced hydroentangled spunbonds with different belt pattern to monitor the effect of 

texture resulting from patterns on nonwoven webs. 

 

This effectively produces local density variations in the fabric that can influence tensile and 

fluid flow properties as well as introducing variations in local fiber segment orientation. 

Therefore, even if the original web is isotropic, structural anisotropy is introduced during 

hydroentanglement that may be of a periodic nature. Table  5.5 summarizes the effect of 

different texture introduced through hydroentangling on uniformity index. 
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 Table 5.5: UI% of hydroentangled spunbond nonwoven 

 

 

 

 

 

 

Basis weight (g/m
2
)-Polymer Through put (g/hole/min)  

20-1 30-0.4 40-1 80-1 

Non-

bonded 

31±4.5 35±4.6 27±3.9 22±4.1 

Standar

d Hydro 

(100 

mesh) 33±3.3 32±3.5 27±6.1 23±4.9 
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Table  5.5 continued 

 

 

The effect of thermal bonding conditions on spunbond web uniformity is summarized in 

Figure  5.4. 

Herringbone 

31±4.9 51±6.7 37±4.7 31±7.7 

84 ribtek - 

61±5 40±6.3 36±6.7 

15 mesh - 

49±3.7 43±9.3 42±6.9 

6 mesh 

31±6.6 43±8.5 32±6.6 38±5.9 
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Figure 5.4: UI% results for thermally bonded spunbond with different bonding conditions 

 

This is the results not indicating bonding process actually change web uniformity physically, 

but rather indication of optical perception. The presence of uniform bonding pattern affect 

optical density distribution and interfere quadrant procedure. Hydroentangling jet streak does 

not have a significant effect on uniformity index (Mesh 100). It may increase uniformity 

slightly but the effect is negligible. But for the herringbone and ribtek pattern this increase is 

slightly larger than the standard mesh. This is because the streaks with these pattern belts are 

adding repeating pattern to the surface of sample and increase UI% slightly.  

For 15 and 6 mesh again there is a slight increase in uniformity index. These pattern belts are 

adding the repeating pattern but at the same time the density of the mesh decreases, so it 
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brings some non-uniformity to the surface texture of nonwoven. as the density of the mesh 

decreases the non-uniformity added by the jet streaks are increasing.  

 

From Figure  5.4 we can conclude that since hydroentangling changes the fiber orientation the 

uniformity may be changed. Higher density of the pattern belt gives slightly higher UI% 

because the bonding pattern is not interfereing the surface texture as a less dense pattern belt 

does. But it also reconfirms that addition of bonding pattern results in increase in UI%, but 

the effect is not huge. However, webs with lower uniformity are more susceptible to presence 

of bonding pattern, UI% was increased even slightly. Yet, it is worthwhile to point out that 

even uniform bond pattern has impact on uniformity analysis and increase uniformity 

slightly. Uniformity ranking of web has not changes as the results of bonding pattern. 

 

From obtained results, it can be conclude that the presence of uniform and repeatable pattern 

affects, even slightly, our uniformity index 

 

5.4.Bonding surface texture effect removal 

In previous section, we have found surface texture- the presence of uniform and repeatable 

pattern- affects, even slightly, our uniformity index. Therefore, we pursue to find whether 

this effect may affect the ranking of webs based on their uniformity. Wet-lay samples with 

simulated bond pattern were used to develop and verify bonding point effect on uniformity 

index.   
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To further evaluate the effect of bond pattern on uniformity analysis and develop bonding 

point effect removal technique, we have simulated bond pattern effects using a set of 

standard nonwoven web. These are four web-laid webs with different uniformity which 

previously was tested in terms of UI%. To access bond point effect on uniformity accurately, 

thermal bond points was added to the images of the standard samples, using simulation. The 

density and the width of bonding points are shown in Figure  5.5. It is been tried to simulate 

bonding points close to reality. Therefore, the bonds dimensions and density are measured 

from real thermally bonded nonwovens and applied to wet-laid set. 

 

Figure 5.5: simulate bonded standard samples characteristics 

Figure  5.6shows the wet-laid set before and after adding bonding points by simulation. 

0.254 cm 

0
.0

6
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Quadrant method was applied on standard samples which were bonded by simulation and the 

UI% was determined. Figure  5.7 shows the results for uniformity index of non-bonded and 

bonded standard set to check the effect of bonding on webs ranking. 

 

(a) 

(b) 

Figure 5.6: Wet-laid standard set (a) non-bonded (b) after simulated bonding 
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Figure 5.7: UI% of bonded and non-bonded wet-laid standard samples  

 

This figure shows the increase of UI% due to repeating pattern added by bonding texture. 

After access bond point effect, various strategies were tested to remove the effect of bond 

patterns on uniformity analysis results. These include one of the low pass filters named 

Gaussian filter and subtraction method. 

 

5.4.1. Fast Fourier Transform (FFT) 

In the cases of bonded nonwovens there may be some effect on the uniformity index due to 

the high frequency points remarked by bonding points. Since bonding patterns are repeated 

pattern using Fourier transform may be a good idea to remove or reduce the amplitude of 

frequencies which is higher than the average frequency of an image. So the procedure is to 

apply FFT(Fast Fourier Transform)  on an image to transform the gray scale function from 

real domain into frequency domain and then to find the frequencies with high amplitude. In a 
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frequency domain if an image random all the frequencies are around the mean frequency. But 

if a repeating pattern or a non-random part is added to the image, the frequency of that point 

in image increases. So, due to the repeating pattern given to the wet-laid webs via bonding 

points, the frequencies with high amplitude will be related to the bonding points. 

 

To remove bonding points we need to omit the high frequencies and since nonwoven web 

has random structure the frequency should be reduced to the mean of frequencies amplitude. 

So, next step is to replace the frequencies with high amplitude with the average value of 

amplitude. After all the iFFT (inverse Fourier transform) is applied to transform the modified 

image to the real domain. Figure  5.8shows the frequency plot before and after FFT 

application on an image. 

 

 

 

 

 

 

 

 

 

Figure 5.8: frequency plot of image a) non-bonded b) FFT applied on non-bonded c) after 

bonding d) FFT applied after bonding 

 

a b 

c d 
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But the problem is that, this method only works for uniform nonwovens. After applying the 

fast Fourier transform on non-uniform bonded non-woven the results showed lots of loss in 

data from image while inversing FFT. Because in non-uniform nonwovens the probability of 

finding points with the same frequency as bonding points are high.  

 

5.4.2. Low Pass Filter 

Therefore, it has been decided to use a low pass filter. A low-pass filter is an electronic 

filter that passes low-frequency signals but attenuates (reduces the amplitude of) signals with 

frequencies higher than the cutoff frequency. The actual amount of attenuation for each 

frequency varies from filter to filter. 

One of the efficient low pass filters is Gaussian filter where the filter function is defined by 

Gaussian function. In this filter, the amplitude of low frequencies will approximately stay the 

same while the high frequencies amplitude will be reduced significantly. The performance of 

the filter can be controlled by optimizing the Gaussian function parameter. 

 

This method has been applied on the reference wet-laid nonwovens with and without bond 

pattern. The results are shown in Figure  5.9. 

 

http://en.wikipedia.org/wiki/Filter_(signal_processing)
http://en.wikipedia.org/wiki/Filter_(signal_processing)
http://en.wikipedia.org/wiki/Frequency
http://en.wikipedia.org/wiki/Signal_(electrical_engineering)
http://en.wikipedia.org/wiki/Attenuate
http://en.wikipedia.org/wiki/Amplitude
http://en.wikipedia.org/wiki/Cutoff_frequency
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Figure 5.9: UI% of bonded and non-bonded reference nonwovens after bond pattern removal 

 

Figure  5.9 shows that the bonding point texture effect on UI% is removed successfully by 

using low pass filter, but at the same time it reduces the sensitivity of the measured UI%. It 

means that UI% of tested nonwovens decreases significantly and therefore difference 

between samples become very small and differentiation between them will be hard. 

 

5.4.3. Subtraction method 

To overcome the problem of sensitivity reduction, another method was introduced to remove 

or reduce the effect of bond pattern on measured UI%. Subtraction method is based on 

subtracting bonding points from the bonded web. In this method an image with black 

background is created and bonding point with the same size, shape and frequency as the 

bonded web is added to this image. The difference between bonding points in black image 

and bonded web is in their gray level intensity. The bonding point added to the black image 
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has random gray level intensity with normal distribution. So, after subtraction the image 

won‟t have a clear bond pattern and all bonding points are faded into the web. After creating 

the black image with bonding points, that image is subtracted from the image of bonded 

nonwoven web and the UI% of the final image is determined and compared to the UI% of 

non-bonded nonwoven. This procedure is shown in Figure  5.10. 

 

 
Figure 5.10: subtraction method procedure 

 

 

Figure  5.11shows the results of subtraction method for surface texture removal. Results of 

UI% after applying subtraction method on bonded web shows that this method can reduce the 

effect of bond pattern on UI% and keep the sensitivity of measured UI%. 

 

 

Adding bonding point 

and equalize the image Subtracting 
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Figure 5.11: Results of UI% after applying subtraction method on bonded web 

 

 

Results from both low pass filter and subtracting method shows that the effect of surface 

texture on measured UI can be reduced. But the sensitivity of measure UI% is also a 

parameter that should be taken into account. So, from the results we can conclude that 

subtraction method is more relevant for the purpose of reducing effect of surface texture on 

UI%. 

 

5.5.Conclusion 

Quadrant basis method for analyzing basis weight uniformity were developed and UI% for 

bonded spunbonded web was measured and the results showed that the presence of thermal 

bonding points slightly increases the UI% of the web. The effect of surface textures 

introduced by hydroentageling on UI% analysis was also investigated and the effect of 

different belt textures was analyzed. Even there is slight effect of bonding patterns, we still 
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can conclude that quadrant method can be a good and robust standard method to quantify 

nonwovens non-uniformity using for quality control.  

 

Also, a new methodology is introduced to remove or reduce the effect of bond pattern on 

UI%. The effect of surface texture introduced by bonding pattern on UI% is reduced using 

subtraction method while the sensitivity of UI% was kept the same. 
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CHAPTER 6 

6. IDENTIFICATION OF NON-UNIFORMITY PATTERN: CLUSTERING ANALYSIS 
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6.1.Introduction 

As mentioned in chapter (3), quadrant method is a good and suitable analysis methodology of 

the nonwoven web basis weight uniformity and yields a suitable range of uniformity index. 

Although uniformity index (UI%) determined by this method can be used as a parameter of 

nonwovens ranking, there is a limitation. 

 

This method becomes less sensitive in non-uniform region. That means, in non-uniform 

webs, big difference between uniformity indices can be hardly found. So, as it is shown in 

Figure  6.1, two non-uniform simulated images with approximately the same UI% may have 

different appearance which may result in difference in web properties.   

 

 

 

 

 

       

(a)                                                                  (b) 

 

Therefore, we decided to find another methodology to better characterize the non-uniformity 

of nonwoven webs. For this purpose, Pattern recognition through clustering analysis was 

chosen. 

Figure 6.1: samples with different properties but approximately the same uniformity 

(a) N=10, CWF=1, UI%=6.5 (b) N=100, CWF=0.1, UI%=6.3 
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The areas with huge deviations of basis weight from the average value of the web will have 

significantly lower uniformity and may be different in web properties. Thick spots resulted 

from aggregations of fiber, may block air flows and thin spot, such as holes or very low 

density areas. This can be a failure points in mechanical testing and reduce filtration 

collection efficiency through pinhole effects. Therefore, the analysis of these features that are 

called as outliers in statistics is essential in web uniformity characterization. For this purpose 

an appropriate PAM algorithm called Iso-data will be useful. 

 

We modified Iso-data algorithm to analyze the basis weight uniformity of nonwoven and a 

series of simulated images and reference nonwovens were used to test the algorithm.  

 

6.2.Methodology 

The progress of using the customized Iso-data algorithm is the same as quadrant method 

which was explained in chapter 3.The simulated images and reference nonwovens were used 

to develop and evaluate validity of this methodology. Details of simulated image generations 

and reference nonwoven used is given in chapter 3, section 3.3. . 

 

The methodology procedure and the parameters used in the modified algorithm are described 

in this section. 

 

Parameters used in modified Iso-data algorithm: 

kinit: initial number of clusters 
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r_coeff: a coefficient for distance between two cluster centers. 

nmin: minimum number of points that can form a cluster 

Imax: maximum standard deviation of points from their cluster center along each axis 

max : maximum standard deviation of points from their cluster center along each axis 

Lmin: minimum required distance between two cluster centers 

Pmax: minimum number of cluster pairs that can be merged per iteration 

n: number of points 

S: set of points to be clustered {x1, …, xn} 

xj: a vector in real d-dimentional space (xj1,…, xjd) 

Z: initial centers {z1, …, zk} 

 

It should be noted that kinit, r_coeff, and number of iteration are the input parameters of this 

algorithm. 

 

The concept of the methodology is not as complex as the algorithm itself. Therefore a 

simplified description of the procedure is provided in this section and the flow chart of the 

algorithm can be found in Appendix for more details. The input of the algorithm is an image 

from a nonwoven web, which is pre-processed as explained in chapter 3, section 3. 3. 2. 1. 

Before the algorithm starts analyzing the provided image, the gray scaled image is converted 

to a binary image to reduce the dimension of data points and obtain higher computation 

efficiency. As shown in Figure  6.2 the first step is to randomly distribute initial number of 

centroids in the image. In the next step our goal is to find objects that are close to a particular 
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centroid so we can form the initial group of objects (cluster). For this purpose we measure 

the distance between centroids and black pixels using Euclidian distance, which was, 

mentioned in chapter 2. Then each pixel is assigned to the closest centroid and initial clusters 

are formed. Based on application and desired cluster size some thresholds are defined to 

merge the small clusters to the closest cluster or split large cluster into clusters with proper 

size. These thresholds are defined using size of cluster, number of black pixel in each cluster 

and distance between centroids of clusters for merging process. After splitting and merging 

step, the number and location (coordinates) of the centroids update for each cluster to 

minimize average distance between centroid and members. If these two parameter, number 

and location of the clusters centroids, didn‟t change after splitting and merging step the 

algorithm will converge, but if they change, the algorithm will go back to the second step 

which is the measurement of the distance between centroid and black pixels. This loop will 

go on and on till both number and coordinates of the centroids do not change, so the 

algorithm will converge and the results are obtained. 
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The information that this methodology provides include, a color map of the nonwoven 

image, cluster size which is the average distance between black pixels and cluster centroids, 

cluster members which is the number of black pixel in each cluster, cluster density which is 

cluster members/(cluster size)
2
, coordinates of the clusters centroids, and standard 

deviation of cluster size, members and density among the obtained clusters of an image. 

 

6.3.Materials 

The same as quadrant method, in order to test and verify developed uniformity analysis 

technique, sample images for known uniformity are needed. For this purpose, we have used 

Figure 6.2: Scheme of Iso-data procedure 
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two serious of images: a set of simulated images with varying uniformity through controlling 

cluster structures and a set of wet-laid nonwovens with apparent visual differences. 

 

6.3.1. Simulated Images 

Simulated images are created with the same concept and procedure explained in chapter 3, 

section 3.3.1. So, the first set of images consists of simulated binary images and variations of 

local brightness were created clustered of objects. The variables to produce this set of 

samples are number of clusters and cluster width factor (CWF). 

 

As explained in chapter 3, dispersion or scattering of objects in a cluster is used to control the 

degree of non-uniformity created by a cluster. Each cluster consisted of a certain number 

objectives and distance between objects and the center of the cluster related to dispersion of 

cluster. As variance of object-cluster center distribution increases, the cluster becomes more 

dispersive and spatial uniformity of images increases. This concept is demonstrated in Figure 

3.5. It shows objects-cluster center distance distribution and image of the clusters. When 

distribution becomes flat and image becomes uniform. To control cluster dispersion, we have 

used normalized variance, CWF (Cluster width factor). In each cluster the distance between 

cluster center and members followed the normal distribution of (0, WCWF). Where, W is 

the image width and CWF is cluster width factor – the degree of scattering of the object in 
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(CWF) increases 

Cluster 

distribution 

 

 

Clustered Uniform 

cluster normalized by the image size.   Figure  6.3 shows the simulated images with different 

CWF. In this figure CWF varies from 0.1 to 5.  

 

 

 

 

 

 

 

Then we expand this concept to create images with multiple clusters and varying degrees of 

object scattering via following procedures: Binary image of 600600 pixel size are created 

and given number of points, Cn, are selected. Cn is number of clusters. We created two sub-

set images- uniform set where center points are uniformly distributed (Figure  6.4) and 

random set where a center points are selected randomly (Figure  6.5).  

 

Members for each cluster were added till reach the pre-determined area fraction, 0.2. The 

distance between cluster center and members followed the normal distribution of (0, 

WCWF). Where, W is width of average area that one cluster occupied (W = image 

Figure 6.3: Simulated images with different CWF 
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area/Cn)
0.5

) and CWF (cluster width factor), representing normalized width of cluster center-

member distributions. 

 

For the simulated images set with uniformly arranged clusters shown in Figure  6.4, number 

of clusters varies from 1 to 900 and the CWF varies from 0.1 to 50. Figure  6.4 represents the 

uniform simulated images set which has been tested.  
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1  9  100  900  

CWF  

0.1 

0.5 

1 

5 

10 

50 

Figure 6.4: Simulated images. Uniformly arranged cluster
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Since clusters are randomly distributed in real nonwovens, another set of images also been 

created to check the feasibility of the method for more realistic images. As mentioned above 

simulated images with randomly arranged clusters are created. It should be noted that in this 

set of images it is been tried to inhibit clusters overlap so we can check the feasibility of 

detecting individual cluster by the algorithm, although they are randomly distributed. As 

shown in Figure  6.5 simulated images with randomly arranged were created with different 

number of clusters in the range of 4, 25, 100, and 900 with CWF of 0.5.  

 

 

 

 

 

 

 

 

It should be noted that 10 replicate of each image in both uniformly and randomly arranged 

cluster image set is created and tested. 

 

We also compared the clustering analysis results to the UI% of these images which were 

determined in chapter 3. 

Cluster number  

1  25  100  900  

CWF  

0.5 

Figure 6.5: Simulated images. Randomly arranged cluster
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6.3.2. Reference Nonwovens 

As mentioned in chapter 3, a second set of sample consists of four wet-laid nonwoven webs 

with visibly varying degrees of uniformity (Figure 3.8) were also used. Since uniformity 

differences are obvious in these samples, we used these as a reference set for guiding and 

checking uniformity analysis method we developed. It also has been tried to identify the 

effect of the image processing parameter and optimize them using the wet-laid reference 

sample set. 

 

The image acquisition process is the same as we explained in chapter 3, section 3.3.2.1. 

Images representing optical density of fabrics acquired under transmitted light condition is 

our primarily data collecting technique. The areas with high basis weight would produce 

darker shade in images while the area with low basis weight would produce bright area in the 

images as less material to absorb/scatter light transmitting through it. For this we have 

utilized flatbed scanner working with transmittance light to obtain images (Figure 3.9). 

Abilities to obtain high resolution data set and relatively fast data collection speed. The 

scanner we have used is an EPSON EXPRESSION 1640 XL located in NCRC microscopy 

lab. 
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As explained in chapter 3, the second challenge on the image basis system is the possible 

artifacts and influences of lightening intensity and average sample thickness, fiber types on 

image brightness. Also, as mentioned at the beginning of this chapter to reduce the dimension 

of data points and get better efficiency from the algorithm the image used as input is a binary 

image. Therefore, to address these issues, before applying the uniformity analysis (clustering 

algorithm) some preparation is needed for captured image. For this purpose first, 

normalization on the gray level intensities is performed to remove any deviations caused by 

the adjustment of the illumination system. This procedure is known as the equal probability 

quantization method commonly referred to as histogram equalization or histogram flattening 

(Lai and Lin 2005). The result of histogram equalization for one image is shown in Figure 

3.10, before and after histogram flattening. Then, the equalized images of the real nonwovens 

were converted to the binary image with the threshold of the gray level intensity mean (gray 

level >128=1 and gray level<128=0). Figure  6.6 shows images of wet-laid standard sample 

set after histogram equalization and gray scale to binary conversion. 

 

 

 

 

 

 

Figure 6.6: Binary images of reference nonwoven webs
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In addition, we have also investigated possible effects of image acquisition condition. 

Therefore, images with different resolution and size have been obtained All the images were 

digitized using the same settings at various resolution ranging from 100 dpi to 600 dpi and 

the range for size of testing samples is from 1.31.3  cm
2
 to 20×20 cm

2
. It should be noted 

that all images were 8 bit gray scale images. 

 

6.4.Result and discussion 

6.4.1. Uniformity analysis of simulated images  

The results of clustering analysis application on uniform simulated images can be seen in 

Figure  6.7, which contain the contour of the simulated images with known number of cluster 

and CWF which was shown in Figure  6.4. In this figure each color shows a cluster with 

different cluster members (density of fibers in nonwoven) and the number of various colored 

cluster indicate the variation rate of the basis weight with respect to the whole fabric. 
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Figure 6.7: clusters contours for simulated images with uniformly 

arranged cluster and known cluster parameters, color bar shows color 

range assigned to particular cluster members range
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As it can be seen from Figure  6.7, clusters are detected by the algorithm. In each image 

contour, colors have been changed from red to blue. A color bar shown in this figure gives a 

better understanding of amount of black pixels in each cluster and their assigned color based 

on the average and intervals of cluster members.  In an image contour of provided images 

dark red shows cluster with highest amount of members (dense fiber cluster), dark blue 

shows the background (pores in nonwovens) and as the color changes from red to blue the 

number of black pixels in the cluster decreases. In other words, a cluster in dark red or red 

clusters has higher cluster members (i.e. Image with Cn=1 and CWF=0.1) than a cluster in 

yellow, green or light blue clusters. These image contours can help us to locate the clusters of 

fibers and differentiate between different sizes of cluster, visually. 

 

As mentioned before, the web density in all simulated image is constant and it is equal to 0.2. 

And also the area in which the members can be distributed is constant. By knowing the 

clusters properties which was used to generate the clusters we can compare them to the 

output of algorithm and evaluate our methodology. If they match, it means that our 

methodology is reliable. Table  6.1, shows the value of output number of clusters which is 

obtained from the algorithm applied on simulated images with uniformly arranged clusters.  
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Table 6.1: Output number of cluster for simulated images with uniformly arranged clusters 

  Number of Clusters  

  1 9 100 900 

 0.1 1 9 100 900 

 

 

CWF 

0.5 1 9 102 818 

1 5 9 100 5 

5 5 6 6 6 

 10 4 5 6 6 

 50 4 5 6 6 

 

This table shows that the obtained number of cluster from the algorithm and the generating 

number of clusters match as long as clear cluster can be found. When the clusters start to 

disappear the obtained number of cluster are decreasing except the image with 1 number of 

cluster. In this case by increasing CWF, the chance of finding more clusters is higher up to a 

point but after the optimum point the number of clusters decreases like other number of 

cluster. Figure 6.8 shows the relationship between generating and obtained number of cluster. 
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Figure  6.8: obtained number of cluster as a function of generating number of cluster 

 

The expected results is that the number of clusters for all CWFs should lie down on the x=y 

line or reference line, which means number of clusters obtained from Iso-data algorithm 

matches generating number of clusters.  As mentioned previously, in low CWF clusters are 

sharp and as CWF increases the clusters become highly dispersed and it is hard to detect 

almost any cluster. This can be observed clearly from Figure 6.8. This figure shows that 

results from images with CWF=0.1 which has sharp clusters are matching our expectations, 

and images with CWF=0.5 till 100 number of cluster are still following the expectation 

which shows the algorithm works perfectly. But after 900 number of cluster the obtained 

number of cluster drops down from the reference line.  This happens because in a uniform 



 

169 

image of web, clusters hardly can be found, so the number of clusters cannot reach the 

expected number of cluster which was used to generate images. This also shows that 

algorithm works in uniform region by showing that clusters cannot be found in uniform 

regions. Therefore we can conclude that the algorithm can detect right number of clusters. 

 

In addition to image contour and number of clusters, Iso-data algorithm provides more 

information about cluster properties, such as cluster size, cluster members and cluster 

density. The average cluster size for each simulated image with uniformly arranged cluster 

can be found in Table  6.2. 
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Table 6.2: Average Cluster Size (pixel) for simulated images with uniformly arranged 

clusters 

  Number of Clusters  

  1 9 100 900 

 0.1 63180.2 32.52 9.97 3.33 

 

 

CWF 

0.5 55584.92 64.22 19.16 6.90 

1 16325.06 70.27 21.11 20.34 

5 14811.34 99.16 95.04 96.81 

 10 16154.28 110.89 101.61 101.73 

 50 15496.15 108.08 102.33 103.94 

 

As mentioned previously, the increase in number of clusters leads to clusters with smaller 

size and the increase in CWF causes increase in cluster size. This table shows that the cluster 

size obtained from the algorithm increases as the clusters are gradually dispersing. As soon 

as the clusters start to disappear, the obtained cluster size increases, except for the image with 

1 number of clusters. In this case by increasing CWF, the chance of finding the same cluster 

with smaller size is higher during the member‟s dispersion. But this happens up to a point 

and after the optimum point the cluster size increases like other number of cluster. From this 
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table we can conclude that the Iso-data algorithm can detect the actual size of the cluster in 

an image. 

 

As stated above, increase in CWF causes increase in cluster size for constant number of 

cluster in a constant area. Figure 6.9, shows obtained cluster size as a function of CWF. 

 

 

Figure 6.9: Obtained cluster size as a function of CWF 
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This figure approves the explanation given above. So, as CWF increases cluster size 

increases and become constant in the region than any cluster can hardly be found. The jump 

in the curves shows the CWF from which no cluster can be found in the image. This figure 

also shows the exception of the image with 1 cluster. As it could be seen from the image 1 

cluster with CWF=0.1 is the largest cluster among other images and as CWF, due to cluster 

dispersion the detected cluster is smaller. 

 

Previously, it is been mentioned that increase in number of clusters leads to clusters with 

smaller size. Figure  6.10 shows the obtained cluster size as a function of generating number 

of clusters. 
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Figure  6.10: Obtained cluster size as a function of generating number of clusters 

 

This figure clearly shows that that by increasing number of cluster, size of clusters with the 

same CWF decrease for low CWF.. This figure also shows that in higher CWF the difference 

between images with different number of clusters is very small, in other words the variation 

between cluster sizes in high CWF is not considerable. These results also approve that the 

results obtained from this algorithm are reliable. 
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The other information that Iso-data provides is cluster density which is defined previously. 

The average cluster density for each simulated image with uniformly arranged cluster can be 

found in Table  6.3.  

 

Table 6.3: Average Cluster density (count/pixel
2
) for simulated images with uniformly 

arranged clusters 

  Number of Clusters  

  1 9 100 900 

 0.1 6.346991861 6.262147561 6.343216011 6.38385566 

 

 

CWF 

0.5 1.741712252 1.820462325 1.809263002 1.756993135 

1 1.183838395 1.438364848 1.432614659 1.311271584 

5 1.193207799 1.237036105 1.225342167 1.226541371 

 10 1.216084839 1.240201585 1.228452682 1.232864534 

 50 1.235212642 1.236089271 1.227019189 1.232256951 
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As mentioned previously, by increasing CWF in a constant area and constant number of 

clusters, clusters will become more dispersed the density of the clusters decreases. 

Figure 6.11 shows the relationship between obtained cluster density and CWF. 

 

 

Figure  6.11: Obtained cluster density as a function of CWF 

 

This figure also shows an agreement with the explanation given above. So, as expected CWF 

increases cluster density decreases and become constant in the region that any cluster can 

hardly be found. This means that in the images with high CWF cluster property will be the 

same, which is expected, since they are optically uniform. 
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Again, as declared above, created images has constant cluster density while CWF is constant, 

even the number of cluster increase. Figure 6.12 shows the obtained cluster density as a 

function of generating number of clusters. 

 

 

Figure  6.12: Obtained cluster density as a function of generating number of clusters 

 

Again as expected the results show that by increasing number of clusters, cluster density 

stays constant. So the algorithm is been verified for uniform simulated images. 
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6.4.2. Uniformity analysis of simulated images  

The same procedure that was used for testing simulated images with uniformly arranged 

clusters was used to test simulated images with randomly arranged clusters to finalize the 

verification of the methodology.  

 

The results of clustering analysis application on simulated images with randomly arranged 

clusters can be seen in Figure  6.13, which contain the contour of the simulated images with 

known number of cluster and CWF=0.5 which was shown in Figure  6.5. In this figure each 

color shows a cluster with different cluster members (density of fibers in nonwoven) and the 

number of various colored cluster indicate the variation rate of the basis weight with respect 

to the whole fabric. 

 

 

 

 

 

 

 

 

Figure 6.13: clusters contours for simulated images with randomly arranged cluster and 

known cluster parameters, color bar shows color ranged assigned to particular cluster 

members range 
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As it can be seen from Figure  6.13, clusters are detected by the algorithm. In each image 

contour, colors have been changed from red to blue. The meaning of each color was 

explained in previous section. A color bar shown in this figure gives a better understanding 

of amount of black pixels in each cluster and their assigned color based on the average and 

intervals of cluster members These image contours can help us to locate the clusters of fibers 

and differentiate between different sizes of cluster, visually. 

 

As mentioned before, the web density in all simulated image is constant and it is equal to 0.2. 

And also the area in which the members can be distributed is constant. By knowing the 

clusters properties which was used to generate the clusters we can compare them to the 

output of algorithm and evaluate our methodology. If they match, it means that our 

methodology is reliable. Table  6.4, shows the value of output number of clusters, which is 

obtained from the algorithm applied on simulated images with uniformly arranged clusters. 

 

Table 6.4: Output number of cluster for simulated images with uniformly arranged clusters 

Generating Number of cluster 

 4 25 100 900 

CWF=0.5 6 47 102 587 
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The expected results is that the results of number of clusters should lie down on the reference 

line, which means number of clusters obtained from Iso-data algorithm matches generating 

number of clusters. Figure  6.14 shows that results are matching with the generating number 

of clusters. Therefore we can conclude that the algorithm can detect right number of clusters. 

 

 

Figure 6.14: obtained number of cluster as a function of generating number of cluster 

 

As mentioned in previous section, in addition to image contour and number of clusters, Iso-

data algorithm provides more information about cluster properties, such as cluster size, 

cluster members and cluster density. The average cluster size for each simulated image with 

randomly arranged cluster can be found in Table  6.5. 
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Table 6.5: Average Cluster Size (pixel) for simulated images with randomly arranged 

clusters 

Generating Number of cluster 

 4 25 100 900 

CWF=0.5 99.75 27.99 19.96 7.97 

 

As mentioned previously, the increase in number of clusters leads to clusters with smaller 

size. This table shows that the cluster size obtained from the algorithm decreases as the 

number of cluster increases. From this table we can conclude that the Iso-data algorithm can 

detect the actual size of the cluster in an image. 

 

Previously, it is been mentioned that increase in number of clusters leads to clusters with 

smaller size. Figure  6.15 shows the obtained cluster size as a function of generating number 

of clusters for images with randomly arranged clusters. 
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Figure 6.15: Obtained cluster size as a function of generating number of clusters 

 

This figure clearly shows that by increasing number of cluster, size of clusters with the same 

decrease. These results also approve that the results obtained from this algorithm are reliable. 

 

The other information that Iso-data provides is cluster density which is defined previously. 

The average cluster density for each simulated image with uniformly arranged cluster can be 

found in Table  6.6.  
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Table 6.6: Average Cluster density (count/pixel2) for simulated images with randomly 

arranged clusters 

Generating Number of cluster 

 4 25 100 900 

CWF=0.5 1.51 1.62 1.73 1.78 

 

Again, as declared above, created images have constant cluster density while CWF is 

constant, even when the number of clusters increases. Figure  6.16 shows the obtained cluster 

density as a function of generating number of clusters. 

 

 

Figure 6.16: Obtained cluster density as a function of generating number of clusters 
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Again as expected the results show that by increasing number of clusters, cluster density 

stays constant. So the algorithm is also been verified for simulated images with randomly 

arranged clusters. 

 

6.4.3. Uniformity index and cluster properties 

Now, the question is that how clustering analysis helps us to analyze uniformity of an image 

or a web. There are several outputs of this algorithm such as images contour, cluster size, 

cluster density (cluster members/ (cluster size)2), mean and standard deviation of cluster 

size and cluster density. By looking at the image contour and and analysis of outputs 

obtained from simulated images, following conclusions is made. 

 

One of the variables that were used to create simulated images was number of clusters. As a 

reminder the effect of generating number of clusters variation on UI% is shown in 

Figure 6.17. 

 



 

184 

 

Figure  6.17: UI% and number of clusters, simulated images with uniformly arranged cluster  

 

This figure shows that UI% increases as the number of cluster increases for a constant CWF. 

The reason is that when number of clusters increases in a constant area, size of cluster 

decreases. Therefore, the image will contain large number of small clusters distributed in the 

image which gives us more uniform structure. 

 

Now, to confirm that the output obtained from our methodology gives us the same 

conclusion, UI% of simulated images with uniformly arranged clusters is plotted as a 

function of output number of clusters (Figure  6.18).  

 

1

10

100

1 10 100 1000

U
I%

 

Number of clusters 

CWF=0.1
CWF=0.5
CWF=1
CWF=5
CWF=10
CWF=50



 

185 

 

Figure 6.18: UI% as a function of ouput number of clusters. Simulated images with 

uniformly arranged clusters 

 

This figure clearly confirms the above statement. As the number of clusters increases UI% 

increases for images with constant CWF and in very high CWF number of cluster is not 

affecting UI% because the structure became uniform.  

 

It is been mentioned that as number of clusters increases in a constant area and with constant 

CWF, cluster size decreases and therefore UI% increases. To confirm this statement UI% of 

simulated images with uniformly arranged clusters is plotted as a function of output cluster 

size in Figure  6.19. 
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Figure 6.19: UI% as a function of output cluster size. Simulated images with uniformly 

arranged clusters 

This figure confirms the above statement and shows that as cluster size increases UI% 

decreases. this figure also shows that images with close UI% has large difference in cluster 

size. So this conclusion can be made that cluster size is another non-uniformity parametr that 

can be used in uniformity determination. 

 

Another variable that were used to create simulated images was CWF (cluster width 

distribution factor). As explained previously in chapter 3, as CWF increases cluster density 

decreases. As a reminder the effect of CWF on UI% is shown in Figure 6.20. 
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Figure  6.20: UI% and CWF, simulated images with uniformly arranged cluster 

 

As previously reported, images becomes more uniform when CWF increase. So UI% 

increases as CWF increases and this figure shows that.  

It is been mentioned that as CWF increases in a constant area and with constant number of 

cluster, cluster density decreases and therefore UI% increases. To confirm this statement 

UI% of simulated images with uniformly arranged clusters is plotted as a function of output 

cluster density in Figure 6.21. 
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Figure  6.21: UI% as a function of output cluster density. Simulated images with uniformly 

arranged clusters  

 

This figure confirms the above statement and shows that as cluster density increases which 

means as CWF decreases, UI% decreases. this result is in a good agreement with results from 

Figure 6.20. So this conclusion can be made that cluster size is another non-uniformity 

parametr that can be used in uniformity determination. 

For final confirmation, UI% of simulated images with randomly arranged cluster is compared 

with the output of clustering analysis. Therefore, UI% of these images is plotted as a function 

of size since the only variable that is changing in this set of image is number of cluster 

(Figure 6.22). 
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Figure  6.22: UI% as a function of output cluster size. Simulated images with randomly 

arranged clusters 

 

This figure shows that as cluster size increases, UI% decreases, which is another 

confirmation of our conclusion. From this figure we can also conclude that cluster size is a 

suitable uniformity parameter, because it can easily differenctiate the images with close UI% 

in non-uniform region. 

 

To summerize and for better understanding of how to interprete outputs obtained from 

clustering analysis following garph was created (). 
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Figure 6.23: clustering analysis output interpretation 

 

 

This figure shows that presence of dense cluster and/or large cluster both can cause non-

uniformity. And an image with less dense clusters and/ or small clusters will have a uniform 

structure. 

 

6.4.4. Uniformity analysis of real nonwovens via  clustering anlaysis  

A set of wet-laid nonwoven introduced in chapter 3 was used to check the applicability of 

clustering analysis methodology on real nonwoven. Then different imaging conditions such 

as resolution and testing size were applied to evaluate the influence of testing conditions on 
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the results.  Wet-laid nonwoven with different optical uniformity were used as a reference set 

to optimize the image processing parameters and investigate the reproducibility, sensitivity 

and limitation of the algorithms in reality.  

 

The image contour of wet-laid nonwovens is shown in  

Figure 6.24. This image contains the cluster contour of the set of wet-laid nonwoven webs 

with different UI%. 

 

 

 

 

 

 

 

Figure  6.24: Image contours and UI% for wet-laid nonwovens 

 

This figure shows that the algorithm is detecting the clusters in the real nonwovens with 

different uniformity.  
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Other clusters parameters such as their number, size, density and members are also 

determined. Following table shows summary of outputs for the wet-laid webs. 

 

Table  6.7: Reference nonwoven‟s Table of output 

 Number 

of clusters 

Cluster 

Size (mm) 

Members per 

Cluster (count) 

Cluster Density 

(count/pixel)
2 

A 36 9.39 4319 3.56 

B 59 7.45 2939 3.79 

C 62 7.37 2768 3.51 

D 400 2.91 428 3.56 

 

As it can be seen from Table 6.7 number of clusters is increasing as we move from sample A 

to sample D. it is been shown in chapter 3 that sample D has highest uniformity in this set 

and sample A has the lowest uniformity. From previous conclusions in previous section, as 

number of clusters increases size of the cluster decreases and the structure become more 

uniform if the cluster density remain constant. And from this table we can see that the non-

uniform nonwovens show larger clusters than uniform nonwoven. This statement can be 

proven by following graph. 
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Figure  6.25: cluster size in wet-laid nonwovens 

 

Figure 6.25 shows that the nonwoven A with UI%=17 has larger cluster size than others and 

nonwoven D with UI%=77 has lower cluster size. This shows that clustering analysis 

methodology is applicable on real nonwovens.  

 

As mentioned before, it is necessary to determine effects of imaging condition on uniformity 

analysis methodology. Therefore we have investigated effects of imaging parameters 

(resolution) and sample testing size. The uniformity index as a function of imaging resolution 

is shown in Figure  6.26. Note that the testing sample size is fixed at 15.2×15.2 cm
2
.   
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(a) 

 

 (b) 

Figure 6.26: cluster properties for different resolution (a) cluster size (b) cluster denisty 
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This result shows that the cluster properties hardly changes as function of imaging resolution 

variation and the relativity of the measurement stays the same. 

 

Cluster size and cluster density as a function of testing sample size is shown in figure ??????. 

Note that the imaging resolution is fixed at 200 dpi.  
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(b) 

 

 

This result shows that the cluster size changes as function of testing sample size variation and 

that is because in larger testing area larger cluster may be found which changes the average 

of the determined cluster size. 

 

In addition, we would like to note that in almost all testing condition, relativity of the 

measurement of these four samples cluster properties remains same. It implies that even 

absolute values of cluster size may influenced by samples size resolution, in particular lower 

resolution and small size, it can be still used compare uniformity among samples if 

necessary. 
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At the end we can conclusde that clustering gives better idea why we get high or low UI%.  

 

6.5.CONCLUSION 

Clustering analysis algorithm (Iso-data) is introduced and modified to be suitable for 

uniformity analysis purposes. Uniform and random simulated sets of images were used to 

verify the algorithm and methodology. Image contour, cluster size, cluster members, cluster 

density and centroid coordinates are the output parameter of this methodology. Cluster size 

and cluster density seems to be a suitable parameter for uniformity factor among the cluster 

properties. For images with random cluster an image with larger cluster size is more non-

uniform.  
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CHAPTER 7 

7. NON-UNIFORMITY PATTERN IDENTIFICATION OF NONWOVENS WITH 

DIFFERENT MANUFACTURING PROCESS 
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7.1.Introduction 

As mentioned before, clustering analysis can show the pattern of the non-uniformity, and 

find the number of cluster in a fabric. Clustering analysis can be used for quality control to 

detect artifacts/bad hybridizations of fibers. It also can identify other classes of defected 

samples such as shots in meltblown nonwoven fabric. By this method the pattern of the non-

uniformity can be extracted from the captured images.  

 

In web formation process the arrangement of fibers in the web, specifically the fiber 

orientation, governs the isotropy of fabric properties which can be controlled during the 

process using machinery adapted from the textile, paper or polymer extrusion industries. 

Problems of laydown of fibers in web formation process can cause local aggregation of fibers 

which can be one of the sources for nonwoven web non-uniformity. For example in 

meltblown web formation processing parameter such as die to collector distance and belt 

speed affect web uniformity (Xiaomei 2008). Even though it is well known that process 

affect web uniformity greatly, little can be found on these subjects, mainly because of limited 

tools that can quantify uniformity of web as we described in Chapter 2. Previously in Chapter 

6, clustering analysis was introduced for obtaining more information about non-uniformity of 

nonwovens. An Iso-data algorithm was modified properly for this purpose and details of its 

ability to quantify uniformity of nonwovens were discussed. This chapter is focused on the 

use of clustering analysis. We would like to investigate feasibility of various applications for 

the developed methodology such as processing condition optimization. Its ability to 

distinguish differences in uniformity of nonwovens created by various web process and 
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processing conditions were tested by producing and analyzing spunbonds and meltblown 

with different processing conditions. The UI% of these nonwovens was determined 

previously in chapter 4 and in this chapter fibers cluster properties such as cluster size and 

density is reported. 

 

7.2.Experiments 

7.2.1. Materials 

Modified Iso-data has been applied on different nonwoven webs produced with different 

manufacturing processes and conditions, to check the reproducibility and applicability of the 

algorithm on other nonwoven webs and find a range of fiber cluster parameters such as 

cluster size and density. 

 

Alike chapter 4, a series of polypropylene spunbond and meltblown nonwoven web with a 

range of basis weight (20-80 g/m
2
) and different processing conditions was produced for this 

purpose. The spunbond nonwoven webs are produced with a Hills-Nordson, Bicomponent 

Spunbond line and meltblown nonwoven webs are produced with a Hills-Nordson, 

Bicomponent meltblown line, both located in the Nonwovens Institute pilot facility (Raleigh, 

NC). To achieve different basis weight in meltblown webs, we changed the polymer 

throughput and speed of collecting belt. In addition, the distance between die and collector 

was altered. Table  4.1 shows the list of produced meltblown samples with their variables.  
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Table 7.1: Meltblown sample specifications 

Sample ID 

Basis weight 

(g/m
2
) 

Through put 

(g/hole/min) 

DCD 

(inch) 

Belt Speed 

(m/min) 

MB-20-0.3-7 20 0.3 7 1402.1 

MB-20-0.3-12 20 0.3 12 1402.1 

MB-20-0.8-7 20 0.8 7 3749.0 

MB-20-0.8-12 20 0.8 12 3749.0 

MB-30-0.3-7 30 0.3 7 944.9 

MB-30-0.3-12 30 0.3 12 944.9 

MB-30-0.8-7 30 0.8 7 2499.4 

MB-30-0.8-12 30 0.8 12 2499.4 

MB-40-0.3-7 40 0.3 7 701.0 

MB-40-0.3-12 40 0.3 12 701.0 

MB-40-0.8-7 40 0.8 7 1874.5 

MB-40-0.8-12 40 0.8 12 1874.5 

MB-60-0.3-7 60 0.3 7 487.7 

MB-60-0.3-12 60 0.3 12 487.7 

MB-60-0.8-7 60 0.8 7 1249.7 

MB-60-0.8-12 60 0.8 12 1249.7 

MB-80-0.3-7 80 0.3 7 381.0 

MB-80-0.3-12 80 0.3 12 381.0 

MB-80-0.8-7 80 0.8 7 944.9 

MB-80-0.8-12 80 0.8 12 944.9 
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Similarly, spunbond nonwovens with different basis weight (achieved by varying belt speed) 

and different polymer throughput were produced and uniformities of these webs are 

analyzed. Table  4.2 shows a list of produced spunbond samples with their variables. 

 

Table 7.2: Spunbond sample specification 

Sample ID 

Basis Weight 

(g/m
2
) 

Through put 

(g/hole/min) 

Belt speed (m/min) 

SB-20-0.4 20 0.4 2313.4 

SB-20-0.6 20 0.6 3355.8 

SB-20-1 20 1 5907.0 

SB-30-0.4 30 0.4 1566.7 

SB-30-0.6 30 0.6 2267.7 

SB-30-1 30 1 3925.8 

SB-40-0.4 40 0.4 1170.4 

SB-40-0.6 40 0.6 1630.7 

SB-40-1 40 1 2987.0 

SB-60-0.4 60 0.4 829.1 

SB-60-0.6 60 0.6 1115.6 

SB-60-1 60 1 1908.0 

SB-80-0.4 80 0.4 582.2 

SB-80-0.6 80 0.6 819.9 

SB-80-1 80 1 1456.9 
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7.2.2. Non-uniformity pattern identification of nonwovens with different processing 

condition 

In this part of study, Iso-data algorithm which was presented in chapter 6 is applied on 

nonwovens as non-uniformity pattern identification methodology. As mentioned before, 

various nonwoven webs produced with different manufacturing processes and conditions, to 

check the reproducibility and applicability of the algorithm on other nonwoven webs and find 

a range of fibers clusters properties. 

 

To investigate the effect of processing condition variation on the clusters of fibers, from each 

role 10 replicates with the size of 12.7×12.7 cm
2
 is cut and scanned with flatbed scanner 

using transmitting light. The resolution of the images taken from samples was 600 dpi. Image 

acquisition and preparation is the same as shown in chapter 3. The gray level intensity of 

each image was equalized and the images were converted to binary and prepared to be tested 

with Iso-data algorithm.  
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Figure 7.1: Sampling Methods  
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The average of fibers clusters properties of 10 replicates represents the uniformity of each 

role. Samples have been selected with the pattern showed in Figure  4.1 from each role. 

 

7.3.Result and discussion 

7.3.1. Non-uniformity pattern identification of meltblown nonwoven web 

In previous chapter it is been shown that fibers clusters properties obtained from clustering 

analysis are good representatives of nonwoven basis weight non-uniformity pattern. In this 

section, we determined these properties for meltblown webs with different basis weight and 

processing conditions shown in Table  4.1. Gray scale images and UI% of these webs are 

shown in chapter 4. 

 

As mention in chapter 6, the information that this methodology provides include a color map 

of the nonwoven image, cluster size which is the average distance between black pixels and 

cluster centroids, cluster members which is the number of black pixel in each cluster, cluster 

density which is cluster members/(cluster size)
2
, coordinates of the clusters centroids, and 

standard deviation of cluster size, members and density among the obtained clusters of an 

image. But the information that we used in chapter 6, for non-uniformity pattern 

identification, was a color map of the nonwoven image, number of clusters, average cluster 

size and average cluster density. 
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Table  7.3 shows clusters color map of the produced meltblown webs with their average 

number of clusters. From this table, it appears that the algorithm is detecting clusters properly 

which values our analysis methodology. 

 

Table  7.3: clusters color map and average number of clusters of meltblown samples 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

0.3 0.8 

7 12 7 12 

20 

    

30 

    

40 

    

B
as

is
 W

ei
g
h
t 

(g
/m

2
) 

DCD 

(in) 



 

206 

Table  7.3 continued 

 

 

By comparing the clusters color maps in this table with the meltblown web images in 

Table  7.3 we can conclude that the modified Iso-data algorithm can detect clusters of fibers 

in produced meltblown web with different manufacturing process. 

 

In addition to image contour, Iso-data algorithm provides number of clusters in the image. 

The average number of clusters for each produced meltblown web with different 

manufacturing process can be found in Table  7.4 . 
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Table 7.4: Average Number of Clusters for meltblown samples 

 Polymer Through put (g/hole/min) 

 0.3 0.8 

DCD (in) 7 12 7 12 

 
20 29 122 86 34 

 30 57 27 65 41 

 40 66 55 62 30 

 60 59 51 64 30 

 80 96 186 113 41 

 

 

The conclusion that we can make is that the value of number of clusters provided in this table 

doesn‟t show difference among web produced with different processing conditions. The only 

meltblown web that show different results than others is 80 g/m
2
 with different polymer 

throughput and DCD. The significance of this difference may be achieved by a statistical 

analysis. 

 

Alike chapter 4, to extract the statistical parameters such as mean and variance and to check 

the significance of the difference between obtained number of clusters, ANOVA and student 

t-test were performed using JMP statistic software. 
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Table  7.5 shows the descriptive and test statistics of number of clusters in the nonwovens 

with different processing conditions obtained from ANOVA test. In this table “GSM”, 

“GHM”, and “DCD”, represents nonwoven web basis weight (g/m
2
), polymer through put 

(g/hole/min), and die to collector distance (inch), respectively and other parameters are the 

interaction of these variables. 

 

Table 7.5: Results of ANOVA test on number of clusters in meltblown nonwovens with 

different processing condition 

Source Nparm DF Sum of 

Squares 

F Ratio Prob > F 

GSM 4 4 89802.225 2.9467 0.0216* 

GHM 1 1 28230.151 3.7052 0.0558 

DCD 1 1 292.487 0.0384 0.8449 

GSM*GHM 4 4 21026.692 0.6899 0.5998 

GSM*DCD 4 4 13907.601 0.4563 0.7677 

GHM*DCD 1 1 81775.247 10.7331 0.0013* 

 

 

As mentioned in chapter 4, based on the selected confident level (95%) any p-Value lower 

than 0.05 shows significant difference between variables. The p-Value marked by star in this 
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table shows that the effect of that variable on the number of clusters in meltblown nonwoven 

samples is significant. Therefore, basis weight (GSM) and the interaction between DCD and 

polymer throughput (DCD*GHM) variation has significant effect on the number of clusters 

in the produced meltblown nonwoven.  

 

One of the variables that had significant effect on number of clusters in the produced 

meltblown webs was basis weight. Figure  7.2 shows that how basis weight is affecting 

number of clusters in produced meltblown webs. 

 

 

Figure 7.2: ANOVA results for number of clusters in meltblown web with different basis 

weight, mean number of clusters and variance within 95% confidence interval 

 

 

This figure clearly shows that produced meltblown web with basis weight of 80 g/m
2
 has 

higher number of cluster but other basis weight are not different from each other in number 
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of clusters.  But, as mentioned in chapter 6, clustering analysis can identify non-uniformity 

pattern by providing different parameters. And a final conclusion can be made when all these 

parameters are analyzed. Therefore, further clarification can be done by analysis of these 

parameters. 

 

In addition to image contour and number of clusters, Iso-data algorithm provides more 

information about cluster properties, such as cluster size and cluster density. The average 

cluster size for each produced meltblown web with different manufacturing process can be 

found in Table  7.6. 

 

Table 7.6: Average Cluster Size (pixel) for meltblown samples 

 Polymer Through put (g/hole/min) 

 0.3 0.8 

DCD (in) 7 12 7 12 

 
20 84.28 55.54 86.96 102.89 

 30 71.59 81.61 76.43 77.97 

 40 78.20 95.53 72.12 89.48 

 60 90.04 64.63 116.70 90.89 

 80 63.94 38.22 71.30 67.22 
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Several conclusions can be made from Table  7.6. This table is discussing three different 

parameters of produced nonwoven webs which are basis weight, polymer throughput and 

DCD. Results show that cluster size is different in different basis weight but it doesn‟t have 

specific trend. Webs with basis weight of 20, 40 and 60 g/m
2
 has close cluster size and webs 

with basis weight of  30 and 80 g/m
2
 has lower cluster size than them. DCD variation doesn‟t 

show any effect on cluster size, but increase in polymer throughput increases the cluster size. 

If we assume that cluster density is the same for all produced meltblown based on Figure 

6.23, we can conclude that meltblown web with 60 g/m
2
, 0.8 g/hole/min polymer through put 

and 7 inch DCD has more non-uniformity and meltblown web with 20 g/m
2
, 0.3 g/hole/min 

polymer through put and 12 inch DCD has less non-uniformity. This conclusion is in 

agreement with UI% results obtained from chapter 4. 

 

To extract the statistical parameters such as mean and variance and to check the significance 

of the difference between obtained cluster size, ANOVA and student t-test were performed 

using JMP statistic software. 

 

Table  7.7 shows the descriptive and test statistics of cluster size in the produced meltblown 

web with different processing condition, obtained from ANOVA test. In this table “GSM”, 

“GHM”, and “DCD”, represents meltblown web basis weight (g/m
2
), polymer through put 

(g/hole/min), and die to collector distance (inch), respectively and other parameters are the 

interaction of these variables. 
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Table 7.7: Results of ANOVA test on cluster size in meltblown nonwovens with different 

processing condition 

Source Nparm DF Sum of 

Squares 

F Ratio Prob > F 

GSM 4 4 35355.824 3.8501 0.0050* 

GHM 1 1 20795.552 9.0581 0.0030* 

DCD 1 1 7581.836 3.3025 0.0708 

GSM*GHM 4 4 10869.708 1.1837 0.3195 

GSM*DCD 4 4 14856.215 1.6178 0.1716 

GHM*DCD 1 1 8846.884 3.8535 0.0511 

 

 

Based on the selected confident level (95%) any p-Value lower than 0.05 shows significant 

difference between variables. The p-Value marked by star in this table shows that the effect 

of that variable on the cluster size in meltmlown nonwoven samples is significant. As 

expected, basis weight (GSM) and polymer throughput (GHM) variation has significant 

effect on the cluster size in the produced meltblown nonwoven. 

 

One of the variables that had significant effect on cluster size in the produced meltblown 

nonwoven was basis weight. Figure  7.3 shows that how basis weight is affecting cluster size 

in produced meltblown webs. 
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Figure 7.3: ANOVA results for cluster size in meltblown web with different basis weight, 

mean number of clusters and variance within 95% confidence interval 

 

 

This figure clearly shows that average cluster size in produced meltblown web increases by 

increasing basis weight except 80 g/m
2
. And it looks like difference between 30 and 80 g/m

2 

is not considerable. So, another statistical test is needed to see whether the cluster size means 

are different in different basis weight or not. The null hypothesis is that the means of cluster 

sizes in two meltblowns with different basis weight are equal. Table  7.8 shows that in 

produced meltblown webs with 20, 40 and 60 g/m
2
, cluster sizes are not different from each 

other but they have different cluster size than 30 and 80 g/m
2
, and cluster size of 30 and 80 

g/m
2
 have no significant difference. 
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Table 7.8: Student t-test for cluster size in meltblown with different basis weight 

Level     Least Sq 

Mean 

60 A    90.563751 

40 A    83.832646 

20 A    82.419792 

80  B   60.167585 

30  B   58.011893 

 

 

If we assume that cluster density is constant then the produced web with 80 g/m
2
 will have 

higher uniformity than other basis weights. This is opposite of what we concluded from UI% 

results. But the clustering analysis is not completed yet. Based on Figure 6.23 shown in 

chapter 6, if this web has higher cluster density than others it will be more non-uniform and 

the results agrees with UI% results. Therefore, analysis of cluster density is necessary. But 

before that the effect of polymer throughput on cluster size is analyzed. 

 

Another variable that was affecting cluster size significantly was polymer throughput 

(GHM). Figure 4.5 shows that how polymer through put variation is affecting cluster size of 

produced meltblown nonwovens. 
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Figure 7.4: ANOVA results for cluster size in meltblown web with different polymer 

throughput, mean number of clusters and variance within 95% confidence interval 

 

 

This figure clearly shows that average cluster size in produced meltblown web increases by 

increasing polymer through put. It means that by increasing polymer through put non-

uniformity increase.  

 

T-test results (Table  7.9) shows that in produced meltblown webs with 0.3 and 0.8 

(g/hole/min) polymer throughputs, cluster sizes are different from each other and their 

difference is significant. 
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Table 7.9: Student t-test for cluster size in meltblown with different polymer throughput 

Level       Least Sq 

Mean 

0.8 A      85.196082 

0.3  B     64.802185 

 

 

The other information that Iso-data provides is cluster density which is defined previously. 

The average cluster density for each produced meltblown web can be found in Table  7.10. 

 

Table 7.10: Cluster Density of meltblown samples 

 Polymer Through put (g/hole/min) 

 0.3 0.8 

DCD (in) 7 12 7 12 

 
20 3.57 3.79 3.75 3.72 

 30 3.78 3.66 3.67 3.79 

 40 3.69 3.59 3.71 3.74 

 60 3.57 3.79 3.75 3.72 

 80 3.78 3.66 3.67 3.79 
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The same as Table  7.6, this table is also discussing three different parameters of produced 

meltblown webs which are basis weight, polymer through put and DCD. As it can be seen 

from the results, cluster density for produced meltblown webs doesn‟t show that much 

difference by changing processing conditions. To confirm that and to extract the statistical 

parameters such as mean and variance of the difference between obtained cluster size, 

ANOVA and student t-test were performed using JMP statistic software. 

 

Table  7.11 shows the descriptive and test statistics of cluster density in the produced 

meltblown web with different processing condition, obtained from ANOVA test.  

 

Table 7.11: Results of ANOVA test on cluster density in meltblown nonwovens with 

different processing condition 

Source Nparm DF Sum of 

Squares 

F Ratio Prob > F 

GSM 4 4 0.50729319 2.7620 0.0291* 

GHM 1 1 0.08215417 1.7892 0.1827 

DCD 1 1 0.00497580 0.1084 0.7424 

GSM*GHM 4 4 0.08018490 0.4366 0.7821 

GSM*DCD 4 4 0.14329225 0.7802 0.5394 

GHM*DCD 1 1 0.00258471 0.0563 0.8127 
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In this table “GSM”, “GHM”, and “DCD”, represents produced meltblown web basis weight 

(g/m
2
), polymer through put (g/hole/min), and die to collector distance (inch), respectively 

and other parameters are the interaction of these variables. 

 

As mentioned before, based on the selected confident level (95%) any p-Value lower than 

0.05 shows significant difference between variables. The p-Value marked by star in this table 

shows that the effect of that variable on the cluster density in meltblown web samples is 

significant. The only variable that has significant effect on cluster density variation is basis 

weight (GSM). Figure  7.5 shows that how basis weight is affecting cluster density in 

produced meltblown nonwovens. 

 

 

Figure 7.5: ANOVA results for cluster density in meltblown web with different basis weight, 

mean number of clusters and variance within 95% confidence interval 
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From this figure we can see that cluster density is not different for meltblown produce with 

20, 30, 40, and 60 g/m
2
, but the produced meltblown web with 80 g/m

2
 has higher cluster 

density. If this difference is significant it means that the produced meltblown web with 80 

g/m
2
 is more non-uniform than other basis weights which reconfirm the UI% results. To 

check the significance of this difference another statistical test is needed which is student t-

test. The results of this test are shown in Table  7.12. 

 

Table 7.12: Student t-test for cluster density in meltblown with different basis weight 

Level       Least Sq 

Mean 

80 A      3.8306675 

30  B     3.7259088 

60  B     3.7242135 

20  B     3.7094707 

40  B     3.6832335 

 

 

This table clearly shows that the produced web with 80 g/m
2
 has significantly higher cluster 

density and based on Figure 6.23, a web with small cluster size but high cluster density is 

located in non-uniform region. 
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After all these analysis on parameters provided by Iso-data algorithm, the overall conclusion 

for meltblown web produced with different manufacturing process can be made as follow: 

 produced meltbolown with 40 and 60 g/m
2
 are not different in uniformity 

 produced meltbolown with 80 g/m
2
 has lower uniformity than others 

 produced meltbolown with 20 and 30 g/m
2
 are more uniform among other basis 

weights 

 Generally higher basis weight is more non-uniform. 

These conclusions are in agreement with results of UI%. 

 

7.3.2. Non-uniformity pattern identification of spunbond nonwoven web 

As mentioned before, the information that we used in chapter 6, for non-uniformity pattern 

identification, was a color map of the nonwoven image, number of clusters, average cluster 

size and average cluster density. 

 

In this section, we determined these properties for spunbond webs with different basis weight 

and processing conditions shown in Table  4.2. Gray scale images and UI% of these webs are 

shown in Tbale 4.7, in chapter 4. 

 

Spunbond web has been produced with throughput of 0.4, 0.6, 1 (g/hole/min). It should be 

noted that spunbond webs collected before the calender bonding. So there will be little effect 

of bonding points.  
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Table  7.13 shows clusters color map of the produced spunbond webs with their average 

number of clusters. From this table, it appears that the algorithm is detecting clusters properly 

which values our analysis methodology. 

 

By comparing the clusters color maps in this table with the meltbolwn web images in Tbale 

4.7 we can conclude that the modified Iso-data algorithm can detect clusters of fibers in 

produced spunbond web with different manufacturing process.  

 

Table  7.13: clusters color map and average number of clusters of spunbond samples 

Polymer Through put (g/hole/min) 

 0.4 0.6 1 

20 

   

30 

   

 

 

 



 

222 

Table  7.13 continue 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In addition to image contour, Iso-data algorithm provides number of clusters in the image. 

The average number of clusters for each produced meltblown web with different 

manufacturing process can be found in Table  7.13. 
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Table 7.14: Average Number of Clusters for meltblown samples 

 Polymer Through put (g/hole/min) 

 0.4 0.6 1 

 
20 223 276 145 

 30 300 237 278 

 40 268 248 256 

 60 200 141 183 

 80 219 140 138 

 

 

The conclusion that we can make is that the value of number of clusters provided in this table 

shows difference among web produced with different processing conditions. It can be seen 

that the webs produced with 0.6 (g/hole/min) polymer through put has less number of 

clusters and webs with different bases weight has different number of clusters but a specific 

trend cannot be found. The significance of this difference may be achieved by a statistical 

analysis. 

 

Alike chapter 4, to extract the statistical parameters such as mean and variance and to check 

the significance of the difference between obtained number of clusters, ANOVA and student 

t-test were performed using JMP statistic software. 
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Table  7.15 shows the descriptive and test statistics of number of clusters in the spunbond 

webs with different processing conditions obtained from ANOVA test. In this table “GSM” 

and “GHM”, represents nonwoven web basis weight (g/m
2
) and polymer through put 

(g/hole/min), respectively and other parameters are the interaction of these variables. 

 

Table 7.15: Results of ANOVA test on number of clusters in spunbond nonwovens with 

different processing condition 

Source Nparm DF Sum of 

Squares 

F Ratio Prob > F 

GSM 4 4 273068.24 4.0329 0.0040* 

GHM 2 2 49694.89 1.4679 0.2341 

GSM*GHM 8 8 120967.84 0.8933 0.5241 

 

 

As mentioned in chapter 4, based on the selected confident level (95%) any p-Value lower 

than 0.05 shows significant difference between variables. The p-Value marked by star in this 

table shows that the effect of that variable on the number of clusters in spunbond nonwoven 

samples is significant.  

 

The only variable that has significant effect on number of clusters in the produced spunbond 

webs is basis weight. Figure  7.6 shows that how basis weight is affecting number of clusters 

in produced spunbond webs. 
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Figure 7.6: ANOVA results for number of clusters in spunbond web with different basis 

weight, mean number of clusters and variance within 95% confidence interval 

 

 

This figure clearly shows that number of clusters in produced spunbond web decreases as 

basis weight increases after 40 g/m
2
. But before that point they are not different from each 

other in number of clusters.  But, as mentioned in chapter 6, clustering analysis can identify 

non-uniformity pattern by providing different parameters. And a final conclusion can be 

made when all these parameters are analyzed. Therefore, further clarification can be done by 

analysis of these parameters. 

 

In addition to image contour and number of clusters, Iso-data algorithm provides more 

information about cluster properties, such as cluster size and cluster density. The average 

cluster size for each produced spunbond web with different manufacturing process can be 

found in Table  7.16. 
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Table  7.16: Average Cluster Size (pixel) for spunbond samples 

 Polymer Through put (g/hole/min) 

 0.4 0.6 1 

 
20 37.78942 20.94197 46.5582 

 30 28.64559 30.65403 27.74342 

 40 22.05728 22.3752 26.5947 

 60 27.70607 50.29501 44.05601 

 80 33.62692 62.54327 43.97409 

 

 

Several conclusions can be made from Table  7.16. This table is discussing two different 

parameters of produced nonwoven webs which are basis weight and polymer through put. 

Results show that cluster size is different in different basis weight but it doesn‟t have specific 

trend. Webs with basis weight of 20, 30 and 40 g/m
2
 has close cluster size and webs with 

basis weight of 60 and 80 g/m
2
 have larger cluster size than them. If we assume that cluster 

density is the same for all produced spunbond webs, based on Figure 6.23, we can conclude 

that spunbond web with 20 g/m
2
, 0.6 g/hole/min polymer through put has less non-uniformity 

and spunbond web with 80 g/m
2
, 0.6 g/hole/min polymer through put has more non-

uniformity. This conclusion is in agreement with UI% results obtained from chapter 4. 
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To extract the statistical parameters such as mean and variance and to check the significance 

of the difference between obtained cluster size, ANOVA and student t-test were performed 

using JMP statistic software. 

 

Table  7.17 shows the descriptive and test statistics of cluster size in the produced spunbond 

web with different processing condition, obtained from ANOVA test. In this table “GSM” 

and “GHM”, represents spunbond web basis weight (g/m
2
) and polymer through put 

(g/hole/min) respectively and other parameters are the interaction of these variables. 

 

Table 7.17: Results of ANOVA test on cluster size in spunbond nonwovens with different 

processing condition 

Source Nparm DF Sum of 

Squares 

F Ratio Prob > F 

GSM 4 4 10008.967 2.7207 0.0322* 

GHM 2 2 1934.140 1.0515 0.3523 

GSM*GHM 8 8 8643.429 1.1747 0.3188 

 

 

Based on the selected confident level (95%) any p-Value lower than 0.05 shows significant 

difference between variables. The p-Value marked by star in this table shows that the effect 

of that variable on the cluster size in spunbond nonwoven samples is significant. As 

expected, basis weight (GSM) variation has significant effect on the cluster size in the 

produced spunbond nonwoven. 
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The only variable that had significant effect on cluster size in the produced meltblown 

nonwoven was basis weight. Figure  7.7 shows that how basis weight is affecting cluster size 

in produced spunbond webs. 

 

 

Figure 7.7: ANOVA results for cluster size in spunbond web with different basis weight, 

mean number of clusters and variance within 95% confidence interval 

 

 

This figure clearly shows that average cluster size in produced spunbond web increases by 

increasing basis weight after 40 g/m
2
. And it looks like difference between 20, 30 and 40 

g/m
2 

is not considerable. So, another statistical test is needed to see whether the cluster size 

means are different in different basis weight or not. The null hypothesis is that the means of 

cluster sizes in two spunbond with different basis weight are equal. Table  7.8 shows that in 

produced spunbond webs with 40 and 30 g/m
2
, cluster sizes are not different from each other 
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but they have different cluster size than 60 and 80 g/m
2
, and cluster size of 20 g/m

2
 has no 

significant difference with other basis weights. 

 

Table 7.18: Student t-test for cluster size in spunbond with different basis weight 

Level       Least Sq 

Mean 

80 A      46.714758 

60 A B     40.685698 

20 A B C    35.096527 

30  B C    29.014343 

40   C    23.675729 

 

 

If we assume that cluster density is constant then the produced webs with 30 and 40 g/m
2
 will 

have higher uniformity than other basis weights and the 20 g/m
2
 web has close uniformity to 

them. This is in agreement with what we concluded from UI% results. But the clustering 

analysis is not completed yet. Based on Figure 6.23 shown in chapter 6, if the web has higher 

cluster density than others it will be more non-uniform. Therefore, analysis of cluster density 

is necessary.  

 

The average cluster density for each produced meltblown web can be found in Table  7.19. 
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Table  7.19: Cluster density of spunbond samples 

 Polymer Through put (g/hole/min) 

 0.4 0.6 1 

 
20 3.722971 3.773062 3.750559 

 30 3.713589 3.776098 3.828941 

 40 3.762695 3.816185 3.835633 

 60 3.756592 3.716597 3.805366 

 80 3.773803 3.648635 3.783951 

 

 

The same as Table  7.16, this table is also discussing two different parameters of produced 

nonwoven webs which are basis weight and polymer through put. As it can be seen from the 

results, cluster density for produced spunbond webs doesn‟t show that much difference by 

changing processing conditions. To confirm that and to extract the statistical parameters such 

as mean and variance of the difference between obtained cluster size, ANOVA and student t-

test were performed using JMP statistic software. 

 

Table  7.20 shows the descriptive and test statistics of cluster density in the produced 

spunbond web with different processing condition, obtained from ANOVA test.  
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Table 7.20: Results of ANOVA test on cluster density in spunbond nonwovens with different 

processing condition 

Source Nparm DF Sum of 

Squares 

F Ratio Prob > F 

GSM 4 4 0.08428641 0.7639 0.5505 

GHM 2 2 0.10034787 1.8189 0.1662 

GSM*GHM 8 8 0.16058769 0.7277 0.6668 

 

 

In this table “GSM” and “GHM”, represents produced spunbond web basis weight (g/m
2
) and 

polymer through put (g/hole/min) respectively and other parameters are the interaction of 

these variables. 

 

As mentioned before, based on the selected confident level (95%) any p-Value lower than 

0.05 shows significant difference between variables. The p-Value marked by star in this table 

shows that the effect of that variable on the cluster density in spunbond web samples is 

significant.  And this table shows that any processing conditions have significant effect on 

cluster density in produced spunbond nonwovens. 

 

After all these analysis on parameters provided by Iso-data algorithm, the overall conclusion 

for spunbond web produced with different manufacturing process can be made as follow: 

 produced spunbond with 20, 30 and 40 g/m
2
 are not different in uniformity and has 

higher uniformity than others 



 

232 

 produced spunbond with 60 and 80 g/m
2
 has lower uniformity than others 

 Generally higher basis weight is more non-uniform. 

These conclusions are in agreement with results of UI%. 

 

At the end by comparing the results of clustering analysis for meltblown and spunbond, we 

can conclude that since spunbond has lower cluster size but approximately the same cluster 

density as meltblown web, spunbond process produces more uniform web than meltblown. 

This confirms the general believe and UI% results obtained in chapter 4. 

 

7.4.Conclusion 

To check the reproducibility, sensitivity, applicability and limitation of non-uniformity 

pattern identification methodology, sets of samples from meltblown and non-bonded 

spunbond have been tested for their non-uniformity properties. 

 

Results show that our pattern recognition methodology (Iso-dat) is applicable on meltblown 

and spunbond. It gives valuable information of non-uniformity of tested nonwovens for 

different basis weight and processing conditions.  

 

It is been observed increasing basis weight makes nonwoven more non-uniform. This result 

is exactly opposite of what conventionally perceived. Web non-uniformity is the blotches 

along the nonwoven web caused by agglomeration of the fibers. This blotchiness cannot be 

detected by human eyes in the higher basis weight of nonwovens. Therefore, it seems that the 
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higher basis weight is more uniform. But in reality, when a machine is producing non-

uniform web by increasing the basis weight we are making it progressively worst. 
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CHAPTER 8 

8. EVALUATION OF THE EFFECT OF NONWOVEN BASIS WEB UNIFORMITY ON 

FILTRATION PROPERTIES 
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9.1.Introduction 

It is been claimed that the structure and composition of the nonwoven strongly affect the 

properties of the final fabric (Alrecht, Fuchs and Kittelmann 2003). There are many studies 

on relationship between the structural parameters and nonwoven characteristics and 

properties, but there are still some parameters such as uniformity of nonwoven webs missing.  

 

During the last decade, the attempts were made to produce high-quality products by 

improving textile products qualities in textile industry, but the properties of designed 

nonwoven for different purposes shows deviation from expected properties. In quality control 

purposes, perhaps none is more important than the uniformity of fabric properties (Suh and 

Gunay 2007). 

 

It is generally believed that non-uniformity of nonwoven causes not only variation of 

mentioned properties but also alternations of the property itself. This variation and 

alternation of the mentioned properties caused by nonwoven non-uniformity can lead to poor 

performance of the designed nonwoven web for specific applications (Horrocks and Anand 

2000). 

 

One of the important applications for nonwovens is filtration. Filtration is a process that 

separate one substance from another. 

 



 

236 

As mentioned before, a wide range of study was performed on the effect of web 

characteristics variation on web properties (Hutten 2007), but some critical parameters such 

as nonwoven web uniformity were not considered. Studies performed on nonwoven web 

filtration properties modeling, mostly considered a uniform structure for the web. Since real 

nonwoven web has non-uniform structure, filtration properties may be affected by this 

structural characteristic. 

 

In this chapter, we aim to evaluate filtration properties of nonwoven filter media with 

different uniformities and investigate the effect of nonwoven web basis weight non-

uniformity of its filtration properties.  For this purpose, we pursue to determine and compare 

(1) the basis weight and filtration efficiency variation along selected media and (2) the results 

of theoretically calculated filtration efficiency and experimental results. We will also 

measure the uniformity index of the webs and will use it for better understanding of 

characteristics and properties variation. It may also help us to explain the difference between 

theory and experiment. 

 

The models that we have used to theoretically determine filtration efficiency are including 

both cell model (Kuwabara 1959) and fan model (Davies 1952) described in chapter 2. It 

should be noted that, since filtration efficiency theories get more complex as the particle size 

increase, due to the interference of different types of capturing mechanism, the decision has 

been made to focus on mechanical filtration properties in the range of particles which follow 

diffusional deposition mechanism. 
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8.2.Experiments 

8.2.1. Materials 

Two meltblown filter media with approximately the same web characteristics were selected 

to be evaluated for their basis weight and filtration property variation. As mentioned before, 

the goal is to determine and compare the basis weight and filtration efficiency variation along 

selected media. The filter media specifications are listed in Table  8.1: 

 

Table 8.1: Specification of meltblown filter media tested for filtration properties 

 Sample #1 Sample #2 

Production process Meltblown Meltblown 

Material PP PP 

Basis weight (g/m
2
) 37 41 

Thickness (mm) 0.35 0.35 

 

 

8.2.2. Characterization Method 

8.2.2.1.Basis weight and filtration efficiency variation  

To determine and compare basis weight and filtration efficiency variation along the web, 

characteristic and property of interest are measured as a function of position, P(x,y).  

 



 

238 

Basis weight of meltblown webs is fully characterized by mapping of basis weight at each 

point. The sample has been cut in 2.54×2.54 cm
2
, and weighted systematically. The 

procedure has been showed in Figure  8.1. 

 

 

Figure 8.1: Basis weight mapping procedure 

 

 

The same as basis weight, filtration properties of selected meltblown webs is fully 

characterized by mapping of filtration efficiency at each point. Filtration efficiency is 

measured in different effective area, 2.54×2.54 cm
2
 an 5.08×5.08 cm

2
 For this purpose we 

proposed a new setup which is shown in Figure  8.2. In this new set up we modified the 

sample holder of TSI AFT 3160 automated filter tester to reduce effective testing area for the 

designated size from the standard 100 cm
2
 and construct filtration property map.  
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In this study we are focusing on mechanical filtration properties. Therefore, to eliminate any 

interference of electrostatic charges in filtration process, the filter media should become clear 

of any electrostatic charges, therefore, a bath of isopropyl alcohol (IPA) used to discharge the 

sample. The samples have been soaked into the bath for 30 min then they are dried in room 

temperature for 24 hours. 

 

TSI 3160 is been used to measure the filtration performance. This machine is an automated 

filter tester that measures particle penetration versus particle size, as shown in Figure  8.3. 

TSI 3160 has the electrostatic classifier, the top right part of the machine shown in 

Figure  8.3, and the classifier produces particles of specific sizes. It classifies particles by 

their electrical mobility from the poly-disperse DOP and NaCl aerosols generated by 

atomizers. The particle sizes range from 15 nm to 400 nm (TSI 3160 Manual 2003). In this 

study we used DOP for our testes. 

k = 2.54 and 5.08 cm 

Figure 8.2: scheme of modified sample holder 
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A filter test can be initiated by installing a nonwoven media on the sample holder. 

Challenging flow with a known particle size is achieved by using atomizers and the 

electrostatic classifier. Upstream and downstream particle detection is accomplished by using 

two 3760A condensation particle counts (CPC), and filter penetration can be obtained. TSI 

3160 is capable of measuring efficiencies better than 99.999999%. 

 

8.2.2.2.Comparison of theoretical and experimental filtration efficiency 

The second objective of this chapter is to compare measured properties values to the value 

expected by theoretical model assuming homogenous structure. The experimental results of 

filtration efficiency are determined as explained in previous section. 

 

Figure 8.3: The model 3160 automated filter tester (TSI 3160 Manual 2003) 
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As mentioned previously, both cell model (Kuwabara 1959) and fan model (Davies 1952) 

described in chapter 2 were used to predict the filtration efficiency of the meltblown samples. 

Cell model which is shown in following equation is a model that assumed filter media as a 

uniform structure. 

 

1 2

3 3
1

2.6( )d Pe
Ku





   8.1 

Where α  is web solidity, ku is kuwabara factor and Pe is peclet number. 

 

But unlike cell model, some non-uniformity factors is considered in fan model (equation 8.2) 

 

2

32.7d Pe


   8.2 

As mentioned before, in nonwoven filter media, weight and thickness determine the web 

solidity, which affects the movement of the fibers and governs the porosity in a nonwoven 

web structure. In both models, web solidity and fiber diameter are considered as parameters 

that play an important role in nonwoven filtration properties.  

 

Solidity for each position is calculated along the meltblown filter media using following 

equation:

 

 
fiber

m
L


 8.3 

Where m is basis weight, L is web thickness, and ρfiber is fiber density. 
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Fiber diameter mapping of samples are fully characterized by mapping of fiber diameter at 

each point. The sample has been cut in 2.54×2.54 cm
2
, and the image of the samples is taken 

using SEM (Quanta FEG 200, FEI, Netherlands). Samples were first sputter coated with gold 

using a JEOL JFC-1600 Auto Fine Coater before capturing the image with SEM. Figure  9.3 

shows an SEM image of a meltblown nonwoven web. 

 

 

Figure 8.4: SEM image of a meltblwon nonwoven web 

 

 

Then the fiber diameter has been measure in 150 points for each highlighted position of 

2.54×2.54 cm
2 

samples of sample #1 using Image J software. The procedure has been showed 

in Figure  9.4. 

 

 

 

 

 



 

243 

  13    

  14    

3 9 15 18 27 33 

  16    

  17    

  18    

 

 

 

 

8.3. Result and discussion 

8.3.1. Basis weight and filtration efficiency variation  

Before testing the sample for basis weight and filtration efficiency mapping image of the 

meltblown webs were capture and UI% of them are measured as explained in chapter 3. 

Table  8.2 shows the image and UI% of these webs. 

 

 

 

 

 

 

 

 

Cut 

Fiber diameter 

distribution 

Fiber diameter 

Figure 8.5: Fiber diameter mapping procedure 
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Table 8.2: UI% of meltblown filter media 

 Image Fiber diameter Basis Weight UI% 

Sample #1 

 

4.35±1.5 37.5±3.6 15 

Sample #2 

 

4.07±1.55 41.2±1 32 

 

 

From this table we can conclude that sample #2 has higher uniformity than sample #1. 

 

Mapping of the measured weight for sample #1 is given in Figure  8.6. This figure shows the 

variation of basis weight in meltblown nonwoven filter media (sample #1).  

 

This figure shows that basis weight has large variation as we move from left to right side of 

the web. Higher variation in basis weight can be found in left side of the image than right 

side. This result should be compared to filtration efficiency result to find out the effect of 

basis weight variation on them. 
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Figure 8.6: Sample #1 web basis mapping  

 

Mapping of the measured filtration efficiency for sample #1 is given in Figure  8.7. This 

figure shows the variation of filtration efficiency in meltblown nonwoven filter media 

(sample #1). 

 

Figure 8.7: filtration efficiency mapping for sample #1 (particle size = 0.3µm) 
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This figure also shows that filtration efficiency has large variation as we move from left to 

right side of the web. Higher filtration efficiency in the left side and lower filtration 

efficiency in the right side confirm the hypothesis that basis weight non-uniformity leads to 

not only filtration efficiency variation but also poor performance of the filter media. 

 

Mapping of the measured weight for sample #2 is given in Figure  8.8. This figure shows the 

variation of basis weight in meltblown nonwoven filter media (sample #2).  

 

 

 

 

 

 

 

 

Figure 8.8: Sample #2 web basis mapping  

 

 

From this figure smaller variation in basis weight than sample #1 can be found. this 

reconfirms the UI% results that sample #2 is more uniform. Therefore we expect smaller 

variation in filtration efficiency results.  
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Figure  8.9 shows some accommodation with the basis weight mapping results. It can be seen 

that in the lower basis weight, the filter media has smaller filtration efficiency. And it shows 

that the variation in basis weight has effect on filtration properties. 

 

 

 

 

 

 

 

 

Figure 8.9: filtration efficiency mapping for sample #2 (particle size = 0.3µm)  

 

Comparing results of sample #1 and sample #2 we can see that the range of filtration 

efficiency is higher than sample #1. Since the UI% of sample #1 is lower and has higher 

basis weight variation, we can conclude that basis weight non-uniformity leads to not only 

filtration efficiency variation but also poor performance of the filter media. 

 

Further clarification can be achieved by comparing filtration efficiency in different particle 

size and different sample area ( 

Figure  8.10). The results of 2.54×2.54 cm
2
 an 5.08×5.08 cm

2
 effective area are compared by 

averaging out the result of 2.54×2.54 cm
2
 (same region of four results) to 5.08×5.08 cm

2
. 
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 (a) 

 

(b) 

Figure  8.10: filtration efficiency in different particle size and sample area 

(a) sample #1 (b) sample #2 
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As it can be seen in this figure, the filtration efficiency data has deviation from standard line. 

The standard line indicates consistency of filtration efficiency in local and global area of 

measurement. So we can conclude that the filtration efficiency is dependent on effective 

measurement area. It can be noted that in non-uniform filter media the smaller effective area 

has higher efficiency. The reason may be the smaller variation in smaller effective area. We 

can also conclude that the smaller the particle size the more dispersed of filtration efficiency, 

which means smaller particle size has lower chance to be captured by filter media if it is non-

uniform 

 

By comparing filtration efficiencies of two filter media, one could notice that in the sample 

which has less variation in basis weight the distribution of the filtration efficiency decreases. 

These graphs also show that sample #2 has smaller deviation n than sample #1 from standard 

line. According to the uniformity of samples, as it mentioned before, sample #2 is more than 

uniformity of sample #1. 

 

8.3.2. Comparison of theoretical and experimental filtration efficiency: a study of 

filtration efficiency of nonwoven filter media in different uniformity web 

Comparison is done between measured properties values to the value expected by theoretical 

model assuming homogenous structure. Table  8.3 shows theoretical and experimental 

filtration efficiency, their difference and UI% in each position shown in Figure  9.4. 
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Table 8.3: theoretical and experimental filtration efficiency (particle size: 0.04 m) 

 Solidity 

Fiber 

Diameter 

(m) 

Cell 

model 

(%) 

Fan 

model 

(%) 

Experiment (%) 

Δ(Experiment-

Cell model) 

Δ (Experiment-

fan model) 

UI% 

3 0.132 7.24E-06 59.65 45.24 54.11 5.54 8.86 10 

9 0.136 7.41E-06 59.57 44.91 52.22 7.36 7.31 13 

13 0.137 7.25E-06 59.19 44.47 52.84 6.35 8.37 13 

14 0.130 6.68E-06 58.96 44.80 46.90 12.06 2.10 16 

15 0.124 6.63E-06 59.44 45.67 47.82 11.62 2.15 13 

16 0.133 6.84E-06 58.89 44.48 47.24 11.65 2.76 20 

17 0.135 6.94E-06 58.84 44.27 51.85 6.99 7.58 23 

18 0.134 7.09E-06 59.26 44.78 55.33 3.93 10.56 14 

21 0.128 6.81E-06 59.38 45.33 49.25 10.13 3.92 16 

27 0.134 6.89E-06 58.87 44.38 41.75 17.11 2.62 11 

33 0.120 5.79E-06 58.28 44.93 37.45 20.83 7.49 37 
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The deviation between theoretical and experimental filtration efficiency can be because of 

variation in basis weight or basis weight non-uniformity. It can be seen that in samples with 

close web characteristics such as solidity and fiber diameter theoretical filtration efficiency 

were approximately close to each other while the experimental results shows more difference 

in the results.  

 

As mentioned before, in previous studies, it is observed that the dust can penetrate straight 

through filter medium by pinhole bypass. The presence of pinholes and their size affect the 

collection efficiency (Bach 2007). However pinhole effects are not the only uniformity 

factors affecting filtration properties. Unfortunately our UI% is not sensitive to pinholes. 

Most fibrous filter media are inherently inhomogeneous and this will affect particle capture 

characteristics and cause discrepancy between experimental values and theoretical 

predictions (S. L. Dhaniyala 2001). They also pointed out these inhomogeneities effect can 

become more significant in nano-particles filtration and filter media consisting of fine fibers. 

Some research tried to account filter media non-uniformity through a factor called 

“inhomogeneity factor”, which is defined as the ratio of the theoretical pressure drop to the 

experimental value (Lee 1982). However, this can be affected by filtration testing condition 

greatly and not intrinsic value of the web. Therefore, it failed to provide the impact of non-

uniform nature of fibrous filter media on filtration performance. This means that currently 

there is no appropriate theory to predict the variation of the filtration properties with respect 

to non-uniformity of the nonwoven media. 
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8.4.Conclusion 

A nonwoven meltblown filter media made of PP fibers was tested for its filtration properties 

and the results show that basis weight non-uniformity leads to not only filtration efficiency 

variation but also poor performance of the filter media. It also shows some deviation between 

theoretical and experimental filtration efficiency by considering different types of fiber 

diameter. This deviation can be because of variation in basis weight non-uniformity or pin-

hole existence. So an appropriate theory is required to predict the variation of filtration 

efficiency with respect to non-uniformity of nonwoven filter media. 
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CHAPTER 9 

9. EVALUATION OF THE EFFECT OF NONWOVEN BASIS WEB UNIFORMITY ON 

AIR PERMEABILITY 
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9.1.Introduction 

As mentioned before, it is been claimed that the structure and composition of the nonwoven 

strongly affect the properties of the final fabric (Albrecht, Fuchs and Kittelmann 2003). 

There are many studies on relationship between the structural parameters and nonwoven 

characteristics and properties, but there are still some parameters such as uniformity of 

nonwoven webs missing.  

 

It is generally believed that non-uniformity of nonwoven causes not only variation of 

mentioned properties but also alternations of the property itself. This variation and 

alternation of the mentioned properties caused by nonwoven non-uniformity can lead to poor 

performance of the designed nonwoven web for specific applications (Horrocks and Anand 

2000). 

 

A wide range of study was performed on the effect of web characteristics variation on web 

properties (Hutten 2007), but some critical parameters such as nonwoven web uniformity 

were not considered. Studies performed on nonwoven web air permeability modeling, mostly 

considered a uniform structure for the web. Since real nonwoven web has non-uniform 

structure, air permeability may be affected by this structural characteristic. 

 

In this chapter, we aim to evaluate air permeability of nonwoven porous media with different 

uniformities and investigate the effect of nonwoven web basis weight non-uniformity of its 

air permeability.  For this purpose, we pursue to determine and compare the results of 
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theoretically calculated air permeability and experimental results. We will also measure the 

uniformity index of the webs and will use it for better understanding of characteristics and 

properties variation. It may also help us to explain the difference between theory and 

experiment. 

 

The models that we have used to theoretically determine air permeability are including both 

cell model (Kuwabara 1959) and fan model (Davies 1952) described in chapter 2.  

 

9.2. Experiments 

9.2.1. Materials 

Two spunbonded nonwoven webs were selected to be evaluated for their air permeability 

variation. As mentioned before the goal is to determine and compare the results of 

theoretically calculated air permeability and experimental results. Table  9.1 shows the 

specifications of spunbond webs which were tested. 

 

Table 9.1: Specification of spunbonded samples tested for air permeability 

Sample 

ID 

Polymer type Process Basis weight 

(g/m
2
) 

Polymer through put 

(g/hole/min) 

SB20-0.6 PP cold calendared 20 0.6 

SB40-1 PP cold clendared 40 1 
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9.2.2. Characterization Method: Comparison of theoretical and experimental air 

permeability 

To compare measured air permeability values to the value expected by theoretical model 

assuming homogenous structure, characteristic of interest such as basis weight, thickness, 

fiber diameter, and web uniformity and air permeability are measured as a function of 

position, P(x,y). 

 

Basis weight of meltblown webs is fully characterized by mapping of basis weight at each 

point. The sample has been cut in 2.54×2.54 cm
2
, and weighted systematically. The 

procedure has been showed in Figure  9.1. 

 

 

Figure 9.1: Basis weight mapping procedure 
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The same as basis weight, air permeability of selected spunbond webs is fully characterized 

by mapping of air permeability at each point. For this purpose we proposed a new setup 

which is shown in Figure  9.2. In this new set up we modified the sample holder to reduce 

effective testing area for the designated size and construct air permeability map.  

 

 
 

 

TEXTEST FX3300 was used to measure air permeability of the selected webs. A round 

sample holder with the size of 5 cm
2
 was used and the testing pressure was 125 Pa. 

 

The nonwoven webs shown Table  9.1 in were used for permeability test. From each role 10 

replicates with the size of 15.2×15.2 cm
2
 are cut which represent the uniformity of each role. 

The purpose of this test is to evaluate the air permeability properties and study the impact of 

nonwoven filter media non-uniformity on the results. To achieve this goal, Basis weight, 

thickness, uniformity and air permeability was measured for each sample. 

 

Figure 9.2: scheme of modified sample holder 



 

258 

As mentioned previously, both cell model (Kuwabara 1959) and fan model (Davies 1952) 

described in chapter 2 were used to predict the air permeability of the spunbond samples. 

Cell model which is shown in following equation is a model that assumed fibrous porous 

media as a uniform structure.
 
  

 

2

2

1 3
( ln 2 )

8 2 2

k

r


 


      9.1 

Where α  is web solidity, ku is kuwabara factor and Pe is peclet number. 

 

But unlike cell model, some non-uniformity factors is considered in fan model (equation 9.2) 

 1.5 3 1

2
[16 (1 56 )]

k

r
     9.2 

As mentioned before, in nonwoven media, weight and thickness determine the web solidity, 

which affects the movement of the fibers and governs the porosity in a nonwoven web 

structure. In both models, web solidity and fiber diameter are considered as parameters that 

play an important role in nonwoven air permeability.  

 

Solidity for each position is calculated along the spunbond nonwovens using following 

equation: 

 
fiber

m
L


 9.3 

Where m is basis weight, L is web thickness, and ρfiber is fiber density. 
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Fiber diameter mapping of samples are fully characterized by mapping of fiber diameter at 

each point. The sample has been cut in 2.54×2.54 cm
2
, and the image of the samples is taken 

using SEM (Quanta FEG 200, FEI, Netherlands). Samples were first sputter coated with gold 

using a JEOL JFC-1600 Auto Fine Coater before capturing the image with SEM. 

Figure  9.3shows an SEM image of a meltblown nonwoven web. 

 

 

Figure 9.3: SEM image of a spunbond nonwoven web 

 

Then the fiber diameter has been measure in 150 points for each highlighted position of 

2.54×2.54 cm
2 

samples of sample #1 using Image J software. The procedure has been showed 

in Figure  9.4. 
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In this study, we aim to measure properties of interest as the function of position, P(x,y) and 

compare basis weight map and outlier maps to examine size dependency of properties and 

uniformity. We also would like to compare properties of nonwovens having different 

uniformity character but otherwise similar (same fiber diameter, basis weight and solidity) 

and compare measured properties values to the value expected by theoretical model assuming 

homogenous structure. 

 

Theories we used to calculate the theory air permeability, used solidity variation to predict 

nonwoven web air permeability. We‟ve tried to find samples with the same solidity therefore 

the predicted air permeability will be constant in selected position. Then we tested the 

selected samples for their air permeability. 

 

Cut 

Fiber diameter 

distribution 

Fiber diameter 

Figure 9.4: Fiber diameter mapping procedure 
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9.3. Result and discussion 

The spunbond samples were tested for their web characteristics and air permeability. 

Table  9.2 shows web characteristics measured for spunbonds. 

 

Table 9.2: Spunbond web characteristics 

Sample ID Fiber diameter (µm) Basis weight (g/m
2
) Uniformity index 

SB20-0.6 17.09±1.11 20.71±1.25 39% 

SB40-1 19.18±1.23 39.43±3.73 31% 

 

 

This table shows that spunbond with higher basis weight has lower uniformity. The 

theoretical and experimental air permeability of SB-20-0.6 web were determined and shown 

in Table  9.3. 
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Table 9.3: Theoretical and experimental air permeability of SB 20-0.6 

Position solidity UI 

Davies model 

(Fan Model) 

Kuwabara 

model 

(Cell Model) 

dimensionless 

k/r
2
  

(k/r
2
)- (fan model) 

(k/r
2
)- (cell 

model) 

3 0.099 22.65 1.899 1.266 2.011 0.112 0.744 

9 0.099 33.84 1.902 1.269 1.801 -0.101 0.532 

13 0.099 31.68 1.902 1.269 1.718 -0.183 0.449 

14 0.098 40.77 1.909 1.274 1.494 -0.414 0.220 

15 0.102 27.07 1.791 1.188 1.803 0.012 0.614 

16 0.101 37.86 1.838 1.222 1.701 -0.136 0.478 

17 0.102 45.6 1.810 1.202 1.594 -0.215 0.392 

18 0.101 36.81 1.812 1.204 1.736 -0.076 0.532 

21 0.102 42.98 1.786 1.185 1.638 -0.148 0.452 
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Value provided in this table shows difference between air permeability in experiments and 

theories. As mentioned before, theories we used to calculate the theory air permeability, used 

solidity variation to predict nonwoven web air permeability. We‟ve tried to find samples with 

the same solidity therefore the predicted air permeability will be constant in selected position. 

Then we tested the selected samples for their air permeability. It seems that solidity is not the 

only web characteristic that is affecting air permeability of nonwoven web. Other web 

characteristics may be interfering air permeability performance. One of these characteristics 

can be web basis weight non-uniformity.  

 

Figure  9.5 shows the variation of the experimental and theoretical air permeability with 

respect to the uniformity variation for the nonwoven media with the same solidity.  

 

 

 

 

Figure 9.5: Results of experimental and theoretical air permeability for the SB-20-0.6 

samples with the same solidity and different uniformity 
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From this figure we see that the models predicted constant air permeability for samples with 

the same solidity. But the experiments show difference in the same solidity. Form this figure 

we can also see that kuwabara model has underestimated the air permeability but Davies 

model which is more empirical model has closer prediction to the reality. But both models 

cannot explain the variation of air permeability in samples with the same solidity. We can 

also conclude that in lower web uniformity the experimental air permeability is higher; and 

as UI% increases the air permeability decreases. However theoretical air permeability does 

not change with respect to uniformity. 

 

As mentioned before, another spunbond web with higher basis weight and lower uniformity 

is been tested. The theoretical and experimental air permeability of SB-40-1 web were 

determined and shown in Table  9.4. 

 

 

 

 



 

265 

Table 9.4: Theoretical and experimental air permeability of SB 40-1 

 

Sample 

position 

solidity UI 

Davies model 

(Fan Model) 

Kuwabara model 

(Cell Model) 

dimensionless 

k/r
2
 

(k/r^2)-Davis(fan 

model) 

(k/r^2)-

Kuwabara 

(cell model) 

3 0.1960 34.86 0.506 0.320 0.796 0.290 0.476 

9 0.1964 33.37 0.504 0.318 0.817 0.313 0.498 

13 0.1972 20.51 0.499 0.316 0.825 0.325 0.508 

14 0.1978 31.71 0.495 0.313 0.827 0.331 0.513 

15 0.2018 34.42 0.472 0.299 0.692 0.220 0.393 

16 0.2000 22.93 0.482 0.306 0.879 0.397 0.573 

17 0.2008 33.07 0.477 0.302 0.6044 0.126 0.301 

18 0.2033 32.66 0.463 0.294 0.799 0.335 0.505 

21 0.2000 34.61 0.482 0.305 0.755 0.273 0.449 

27 0.2034 28.35 0.463 0.294 0.699 0.236592004 0.405 
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Value provided in this table shows difference between air permeability in experiments and 

theories. In this web also, it seems that solidity is not the only web characteristic that is 

affecting air permeability of nonwoven web. Other web characteristics may be interfering air 

permeability performance. One of these characteristics can be web basis weight non-

uniformity.  

 

Figure  9.6 shows the variation of the experimental and theoretical air permeability with 

respect to the uniformity variation for the nonwoven media with the same solidity for SB-40-

1.  

 

 

Figure 9.6: Results of experimental and theoretical air permeability for the SB-40-1 samples 

with the same solidity and different uniformit
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From this figure we see that the models predicted constant air permeability for samples with 

the same solidity. But the experiments show difference in the same solidity. Form this figure 

we can also see that kuwabara model has underestimated the air permeability but Davies 

model which is more empirical model has closer prediction to the reality. The same as 

previous web, both models cannot explain the variation of air permeability in samples with 

the same solidity. We can also conclude that in lower web uniformity the experimental air 

permeability is higher; and as UI% increases the air permeability decreases. However 

theoretical air permeability does not change with respect to uniformity. 

 

This means that there is no appropriate theory to predict the variation of the air permeability 

with respect to non-uniformity of the nonwoven media. 

 

9.4. Conclusion 

Spunbond nonwovens were tested for their air permeability, and the results show that there is 

a relationship between web non-uniformity and air permeability. Therefore, a sample with 

higher uniformity will have lower air permeability. 
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CHAPTER 10 

10. OVERALL CONCLUSION AND RECOMMENDATION FOR FUTURE WORK 
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10.1. Overall conclusion 

This research is focused on development series of uniformity parameters, which are fully 

characterizing basis weight variations of nonwoven fabrics, and investigating the relationship 

of these parameters with filtration properties and air permeability of nonwovens. Therefore, 

new methodology to analyze the uniformity is presented, and then the effect of non-

uniformity of nonwoven filter media on the filtration and permeability properties has been 

studied. Some of the major conclusions are summarized below: 

 

 Based on quadrant method, we have defined a uniformity index as a quantitative 

measure of nonwoven uniformity and this will be used to further analysis of the 

effects of uniformity web characteristics and physical properties. 

 

 UI% is applicable on meltblown and spunbond. It gives a very significant range of UI 

for tested nonwovens for different basis weight and processing conditions.  

 Some application was also introduced for the UI, such as processing condition 

(polymer throughput and die to collector distance) optimization and continues 

monitoring of non-uniformity in the web. 

 

 UI% for bonded spunbonded web was measured and the results showed that the 

presence of thermal bonding points slightly increases the UI% of the web. The effect 

of surface textures introduced by hydroentageling on UI% analysis was also 

investigated and the effect of different belt textures was analyzed. Even there is slight 
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effect of bonding patterns, we still can conclude that quadrant method can be a good 

and robust standard method to quantify nonwovens non-uniformity using for quality 

control.  

 

 A new methodology is introduced to remove or reduce the effect of bond pattern on 

UI%. The effect of surface texture introduced by bonding pattern on UI% is reduced 

using subtraction method while the sensitivity of UI% was kept the same. 

 

 Clustering analysis algorithm (Iso-data) is introduced and modified to be suitable for 

uniformity analysis purposes. Uniform and random simulated sets of images were 

used to verify the algorithm and methodology. Image contour, cluster size, cluster 

members, cluster density and centroid coordinates are the output parameter of this 

methodology. Cluster size and cluster density seems to be a suitable parameter for 

uniformity factor among the cluster properties. For images with random cluster an 

image with larger cluster size is more non-uniform. 

 

 Results show that our pattern recognition methodology (Iso-dat) is applicable on 

meltblown and spunbond. It gives valuable information of non-uniformity of tested 

nonwovens for different basis weight and processing conditions.  

 A nonwoven meltblown filter media made of PP fibers was tested for its filtration 

properties and the results show that basis weight non-uniformity leads to not only 

filtration efficiency variation but also poor performance of the filter media. It also 
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shows some deviation between theoretical and experimental filtration efficiency. This 

deviation can be because of some other parameter that was not considered in previous 

studies. One of these parameters can be variation in basis weight non-uniformity. So 

an appropriate theory is required to predict the variation of filtration efficiency with 

respect to non-uniformity of nonwoven filter media. 

 

 Spunbond nonwovens were tested for their air permeability, and the results show that 

there is a relationship between web non-uniformity and air permeability. Therefore, a 

sample with higher uniformity will have lower air permeability. 

 

10.2. Recommendation for future work 

 Further parametric studies on clustering analysis based on desired application  

 Clustering analysis of nonwovens 3D image for analysis of thickness uniformity for 

high loft nonwovens 

 Investigation clustering analysis outputs and nonwoven properties relationship 

 An appropriate theory to predict the variation of filtration efficiency  and air 

permeability with respect to non-uniformity of nonwoven filter media 

 


