
ABSTRACT 

BARTLEY III, PAUL CARVER. Multidimensional Characterization of Horticultural Substrates. 
(Under the direction of Dr. Brian E. Jackson). 
 
Horticultural media may be simply defined as a conglomerate of particles or aggregate material 

used to provide support, water, air, and nutritional requirements essential to plant growth in 

containers. The characteristics of any substrate material can be attributed to its composition of 

particle characteristics. To elucidate these characteristics, commonly utilized substrate 

components were subjected to a variety of analyses, such as traditional test sieving, dynamic 

particle imaging, and three-dimensional tomographic characterization. Sieving accuracy and 

precision is determined by the length to width (L:W) ratio of the particles and the duration of 

agitation time. However, through sieve rate analysis, it was demonstrated that the process of 

sieving substrates was complete after ~5 minutes of agitation, regardless of material 

characteristics. The drawbacks of sieve analysis are exhibited in its simplicity and thus, a lack of 

particle shape and size characterization. A computerized particle analyzer (CPA), a two-

dimensional, dynamic imaging instrument, offered an accurate and high-throughput method for 

particle size and shape analysis. The results of the CPA were comparable to sieve analysis, but 

the combination of both techniques provided the most complete description of substrate 

characteristics. To further aid in the design and management of container production systems, X-

ray computed tomography (CT) was employed to characterize dynamic substrate, water, and 

plant interactions. The porosity for each component was characterized as a large, connected pore 

matrix. The spatial distribution of water within a container was indirectly quantified by analyzing 

the air-filled porosity before and after an irrigation event. Sufficient contrast was created 

between plant roots and an organic substrate material, allowing root segmentation and 

quantification in situ. These results ultimately demonstrate our current and future capacity to 



engineer rooting environments which promote the precision and efficiency of inputs like water 

and nutrients.  
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CHAPTER 1 

 

An Introduction 

The present concern for a consortium of interdisciplinary fields is associated with the 

projected expansion of the human population, an estimated 9.5 billion by 2050. One strategy, 

simply put, is to increase the efficiency of our finite functional systems, such as soil. For 

example, feeding future world populations necessitates an increase in agricultural production by 

~70% (FAO, 2009). The ability to increase agricultural production hinges our ability to combat 

the depletion of arable land, implement sustainable practices, and regenerate soil through bio-

mediated processes (DeJong et al., 2010; Lal, 2015; Lamb et al., 2005). An alternative strategy to 

reduce population-induced strain could focus on an increase in soilless container-based 

cultivation, such as that utilized extensively in horticultural crop production. As opposed to 

mineral soil-based systems, the rooting environment within a container can be engineered/ 

created for specific characteristics rather than amended and maintained. The capacity to design 

rooting environments within the confined space of a container may allow for greater precision of 

production inputs like water and nutrients.  

The materials (substrates) which serve as a medium to support plant growth in containers 

can be described as aggregate materials. Particle characterization is considered a principle 

component in numerous fields that handle aggregate or particulate materials, such as food 

science, biomaterial science, civil engineering, soil science, and pharmaceutical technology 

(Allen, 1997; Bitra et al., 2009; Brittain, 2002; Day, 1965; Kwan et al. 1999; Sun and Brosnan, 

2002). Researchers within these fields have employed a variety of techniques to characterize 

particles by shape and size such as mechanical sieves, digital imaging, light scattering, laser 



 

2 
 

diffraction, and X-ray tomography (Finsy, 1994; Paulrud et al., 2002; Vaezi et al., 2013; Zhou et 

al., 2015). Of these techniques, sieve analysis, digital imaging, and X-ray tomography appear 

most frequently in literature due to their traditional acceptance (sieves), accessibility (digital 

imaging), and unprecedented visualization (tomography). As an introduction to these three 

methods of characterization, a brief description of the method and summary of its past 

applications are presented. 

1.1. Mechanical sieving 

Mechanical sieving is one of the most basic tests for fractioning particle sizes of 

aggregate materials and is the predominate method for particle size analysis (PSA) of 

horticultural substrates, biomaterials, coarse soil particles, and powders (Allen, 1997; ASABE, 

2017; Day, 1965; Raviv and Lieth, 2008). A sieve consists of a wire mesh screen that is fixed to 

the base of an open cylindrical container. Screens are comprised of woven wires containing 

openings (apertures) of a fixed sized. The act of sieving involves agitating a sample within a 

sieve. The resulting agitation allows particles with dimensions smaller than the apertures to pass 

through the screen. Sieves can be stacked one on top of another, in decreasing aperture sizes, in 

what is called a “nest” of sieves which can be agitated mechanically. The process of passing a 

material through decreasing aperture sizes allows the sample to be fractioned by aperture size. 

The fraction of the initial sample retained in each sieve is collected by brushing or tapping and 

then weighed. Data may be more easily recorded by weighing the sieve before and after a sample 

is run. To accurately characterize a material, replications of the sample are required. In 

horticultural research, data is typically expressed as the mean fraction of the initial material’s 

mass (Fields et al., 2018; Gabriel et al., 2009; Jackson et al., 2010).  



 

3 
 

Unlike other methods of particle characterization, sieve analysis is unique in that it is the 

only method which physically separates particles by size (Allen, 1997). However, mechanical 

sieving is associated with numerous drawbacks, i.e. number of available standard sieves (56 

sieves) is finite, the tests are time consuming, and the selection of a sieve set involves guesswork 

(Igathinathane et al., 2008a). Additionally, this method has been reported to provide an 

unbalanced separation of particles, resulting in variable retention rates of elongated particles 

(Igathinathane et al., 2009; Womac et al., 2007). Although the distribution of particle shapes on 

sieves has been observed and speculated, the influence of particle shape, such as elongation, has 

not been directly quantified (Fernlund, 1998; Syvitski, 1991; Womac et al., 2007). Additional 

sources of error may include sample size and agitation time (Liu, 2009; Liu et al., 2018). 

However, it has been suggested that the accuracy of sieving analysis could be improved if 

standardized sieving procedures are considered (Gee and Or, 2002). Currently, standards have 

been implemented for “growing media and soil improvers” through the European Standards 

(EN), but not through a US standards system, such as the American Society for Testing and 

Materials (ASTM) Standards (EN, 2007). This lack of standardization has resulted in many 

different approaches to PSA from a diverse group of horticultural substrate researchers (Altland 

and Krause, 2012; Owen et al., 2007; Pokorny and Henny, 1984).  

1.2. Digital image analysis 

Image-based PSA was a technique developed to reduce the need for direct particle 

measurements and provide robust particle shape and size analysis (Igathinathane et al., 2009). 

The requirements for image-based particle analysis are an image acquisition device, a stage 

scene, and an image processing algorithm. Image capturing can be done using either a charge 

coupled camera (Kwan et al., 1999; Visen et al., 2004), a flatbed scanner (Shahin et al., 2006), or 
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a dynamic imaging particle analyzer, such as a computerized particle analyzer (CPA). If 

proprietary processing software doesn’t accompany the imaging systems, researchers have 

utilized alternative software, such as Image-J or MATLAB, for image analysis (Igathinathane et 

al., 2008b; Igathinathane et al., 2009; Li et al., 2007; Vaezi et al., 2013).   

Digital image analysis has been utilized to determine seed size uniformity of soybean and 

wheat (Pearson and Brabec, 2006; Shahin et al., 2006); perform leaf area measurement (Li et al., 

2007; O’Neal et al., 2002);  digitally simulate sieve analysis by biomass particle length 

(Igathinathane et al, 2009); and analyze the impact of particle shape and size with respect to 

flowability (Vaezi et al., 2013). As a result, the applicability of the technique for PSA is well 

established for agricultural materials with few disadvantages. Issues regarding image analysis 

can include poor contrast between stage and particles, the arrangement of particles, dusty 

materials, and the time-consuming nature of static imaging analysis (Igathinathane et al., 2009; 

Paulrud et al., 2002; Shahin and Symons, 2005; Wang and Paliwal, 2006; Vaezi et al., 2013). 

The advantages of computer-based image analysis comprise of large repeatability, small required 

sample sizes, robustness of characterization metrics, and non-destructive nature compared to 

traditional techniques (Shahin and Symons, 2005; Sun and Brosnan, 2002; Vaezi et al., 2013). 

The applicability of the technique for PSA is well established for agricultural materials (Sun and 

Brosnan, 2002). However, the suitability of the technique for particle shape and size analysis has 

not been evaluated for horticultural substrates.  

1.3. X-ray tomography 

The development of X-ray Computed Tomography (CT) is largely attributed to 

Hounsfield (1973). Briefly put, CT is a non-destructive, non-invasive technique that can be used 

to visualize the interior of objects in 2-D and 3-D based on the principles of X-ray attenuation 
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and detection. As an X-ray passes through an object, the density of the object will attenuate 

(alter) the X-ray wave and the degree of attenuation is detected by a panel. When a series of X-

rays are taken at different angles around an object and combined, the reconstruction of these 

images results in a 3-D rendering of the object. Excellent commentary is provided by 

Wildenschild et al. (2002) (hydrology), Stock (2008) (material science), and Pires et al. (2010) 

(soil science), describing more advanced principles of CT.  

As the aim of soil and substrate research is often analogous, this review of CT 

applications and contributions will focus on works conducted with mineral soils. Pioneering soil 

studies which explored the instruments capacity observed differences in bulk density and water 

content (Hainsworth and Alymore, 1983; Petrovic et al., 1982). As the capabilities of the 

instrument improved, researchers were capable of detected changes in soil structure and 

identifying plant roots (Gregory et al., 2003; Mooney, 2002). More recent advancements in 

computation power, software adaptation, and instrument availability have enabled researchers 

utilizing CT to make significant contributions in the field of soil-plant sciences. Combining 

macro- and micro-scale pore analysis, advanced pore metrics (i.e. spatial distribution, throat 

diameter, and connectivity) were used to reveal the impact of soil management practices on soil 

structure (Katuwal et al., 2015; Luo et al., 2010; Yang et al., 2018; Zhou et al., 2017). In 

hydrodynamic studies, imaging in quick succession provided dynamic, temporal quantification 

of water phase infiltration (Weller et al., 2018). The ability to extract data non-destructively 

unearthed rhizospheric interactions such as the influence of soil compaction on root development 

and provided evidence for root-induce soil compaction and macro-pore formation (Arevena et 

al., 2011; Helliwell et al., 2017; Tracy et al., 2012; Tracy et al., 2012).  These advancements can 

be attributed, in part, to the focused efforts on developing the technique for soil characterization 
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(Zappala et al., 2013a; Zappala et al., 2013b; Wildenschild and Sheppard, 2013; Iassonov et al., 

2009). 

The first horticultural materials, phenolic foams, were published by Brown et al. (1987). 

Twenty-one years later, Pálsdóttir et al. (2008) published their qualitative findings on the 

manipulation of water content within peat, rockwool, sand, and pumice. Perhaps the lack of 

publications utilizing CT for horticultural interest could be attributed to complications in 

obtaining quality data. Quantifying and segmenting roots within organic container substrates has 

been reportedly time consuming, or unsuccessful (Bauerle and Centinari, 2014; Karunakaran et 

al., 2015). To aid in the design and management of container substrates, a tool, such a CT, 

capable of in-situ, spatial quantification is needed to comprehend complex interactions between 

particle characteristics, hydrodynamic properties, and, ultimately, plant growth. These qualitative 

and unreliable results expose a deficiency in developmental and procedural research for the 

analysis of horticultural soilless container systems.  

1.4. Purposed work 

The shape, size, and arrangement of particles has a large impact on substrate physical, 

chemical, and hydrological properties. However, there is a considerable deficit in information on 

traditional and modern methods for particle characterization as it applies to substrates. This 

research aims to address these deficits through multidimensional analysis by 1) quantifying the 

effect of particle length on sieve analysis, 2) analyzing the sieve rate of common substrate 

components, 3) utilizing dynamic imaging for particle shape and size characterization, and 4) 

exploring the potential of CT to advance our understanding of complex interactions between 

particle characteristics, hydrodynamic properties, and plant growth.  
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Abstract 

The physical, hydrological, and physico-chemical properties of horticultural substrates are 

influenced by particle shape and size. Sieve analysis is the predominate method utilized to 

characterize the particle size distribution of horticultural substrates. However, the effect of 

particle length on sieve analysis results have only been speculated. Laser cut particles with eight 

different length to width (L:W) ratios were sorted by sieves for agitation times ranging from 1 

min to 5 min. To quantify the effect of L:W ratio and agitation time, the means (mid-point) and 

standard deviations of particle distributions were compared. Particles with a 1:1 L:W ratio were 

the most accurately sorted particles, containing midpoints most similar to true sieve size. As 

particle length increased, distribution midpoints and standard deviation increased. Elongated 

particles, 2:1 L:W ratio and greater, may cause the particle size distribution to skew positively. 

Increasing agitation time influences the probability of a particle and open sieve aperture 

converging in an orientation which allows it passage and can improve sieve accuracy and 

precision. By improving the consistency of sieving protocols, the accuracy of sieve analysis 

could potentially be improved. However, alternative instruments should be evaluated to improve 

the characterization of horticultural substrates. If, in the future, the characteristics of elongated or 
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complex-shaped particles are desired, it may prove more beneficial to refine engineering 

practices than rely on sieving to precisely sort and isolate them. 

  



 

17 
 

2.1. Introduction 

The effects of particle size on the properties of aggregate materials have been a focal point 

for a diversity of research fields from the tabletization of pharmaceutical drugs to the flowability 

of biomass materials for biofuels (Bitra et al., 2009; Brittain, 2002; Fernlund, 2005). 

Equivalently, horticultural container substrates could be classified as aggregate materials whose 

characteristics are affected by particle size (Handreck, 1983). The physical properties of 

substrates (i.e. bulk density and porosity) are, in major part, consequences of the particle size 

distribution (PSD) of the material (Anicua-Sanchez et al., 2008; Bunt, 1984, Pokorny and Henny, 

1984). Additionally, differences in the hydrological properties of substrates (i.e. water holding 

capacity and hydraulic conductivity) are mostly defined by the different pore characteristics 

imparted by particle size and arrangement (Bunt, 1984; Pokorny and Henny, 1984; Gabriel et al., 

2009; Jones and Or, 1998). For these reasons, particle size analysis (PSA) is widely used as a 

metric to indicate differences between materials or, for some researchers, as predictive models to 

derive a substrate’s physical and hydrological properties (Pokorny, 1993).  

The distillation of prior research draws on the implicit knowledge that substrate particle 

shape and size influence plant rooting environments. As the field of plant science progresses 

toward precisely engineered growing environments, our capacity to engineer rooting 

environments with specific properties must also progress. It would follow that our capacity to 

develop substrates of predictable properties parallels our ability to accurately measure and select 

for specific particle dimensions. By association, the instrumentation used to obtain these metrics 

must be investigated.  

Sieve analysis is one of the most basic tests for fractioning particle sizes of aggregate 

materials and is the predominate method for PSA of horticultural substrates (Handreck, 1983; 
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Pokorny, 1993). This method of characterization is the only method available to physically 

separate a material solely based on particle size (Pokorny, 1993; Allen, 1997). However, the 

exact means by which an individual particle interacts with open apertures on a screen is not fully 

understood. 

Sieves allow the passage of a particle by the second smallest dimension. This dimension is 

generally referred to as a particle’s width. From this point forward, a particle’s width will be 

referred to as the particle’s “true sieve size” as it is impossible for the particle to pass through an 

aperture of smaller dimensions. However, the probability of a particle being fractioned to its true 

sieve size is thought to be influenced by additional particle dimensions (Pokorny, 1993; Allen, 

1997; Syvitski, 1991; Fernlund, 1998; Igathinathane et al., 2009). The probability of a particle 

being retained on a sieve larger than its true sieve size is dependent on its shape, size, and 

likeliness (or unlikeliness) to obtain the proper orientation for passage (Syvitski, 1991; Fernlund, 

1998; Gee, 2002). The proper orientation for passage is relative to particle shape and length. 

Shapes and sizes which do not obtain the proper orientation may result in an apparent coarsening 

of the material during analysis (Syvitski, 1991).  

The complex interactions between particles, sieves, and shaking devices have led researchers 

to speculate differently as to what sieve analysis characterizes, particularly as it applies to 

particle length. Fernlund (1998) noted that the least cross-sectional dimension (width and height) 

of a particle is most important and that the longest dimension usually has little effect. Allen 

(1997) states that particle length does not affect the passage of particles unless they are 

excessively elongated while others simply note that elongated particles may necessitate increased 

agitation times in order to be sorted to their true sieve size (Gee, 2002). Syvitski (1991) 

considered sieve analysis a 2.5-dimensional measurement of particles and that the best values for 
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describing particle retention in a sieve may be the length and its area. These mixed hypotheses 

highlight the complexity of particle/sieve interactions and the difficulties in obtaining data to 

illuminate particle length’s influence.  

The potential for particle length to convolute sieve analysis may vary based on the physical 

nature of the material. Rocks and pharmaceutical powders would theoretically have consistent, 

spherical dimensions and length would have little influence on the sorting of the materials. 

Conversely, horticultural substrate components like perlite and wood fiber vary greatly from one 

another in particle length to width ratio (L:W). Other heterogeneous components, such as peat 

and pine bark, may contain a diverse range of particle shapes and sizes. Considering the 

innumerable particle shapes and sizes in substrate components, any investigation regarding sieve 

analysis’ ability to measure and sort particles accurately should include an expansive range of 

particle sizes and lengths.  

Thus, the objective of this study was to evaluate the ability of sieve analysis to measure and 

sort particles of various widths and lengths. To do so, durable acrylic particles were laser cut and 

etched to create a synthetic, aggregate material. Durable and easily recoverable, these particles 

proved a novel method to elucidate sieve’s ability to characterize heterogeneous and 

homogenous materials. 

2.2. Materials and Methods 

To evaluate the effect of particle length on sieve analysis, laser-cut particles with precise 

dimensions were created. Acrylic sheets (Inventables, Inc., Chicago, IL) of 2-mm, 3-mm, and 6-

mm thickness were cut using a laser cutter (Zing 24, Epilog Laser, Golden, CO). Three particle 

classes were developed based on each width: 2-mm class, 3-mm class, and 6-mm class (Fig. 2.1). 

Eight L:W ratios ranging from 1:1 to 8:1 were cut for each particle class. Thus, the smallest 
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particles evaluated were 2 x 2 x 2 mm (1:1) cubes and the largest were 6 x 6 x 48 mm (8:1) 

rectangles (Table 2.1). The height between consecutive sieves, 50 mm, limited the evaluation of 

higher L:W ratios. Each particle had its dimensions etched onto one surface to more effectively 

sort and count samples by particle length.  

The 2-mm, 3-mm, and 6-mm particle classes were evaluated independently. Each sample 

consisted of 800 total particles, 100 particles of each L:W ratio. The sieve sizes used were 19, 

16, 12.5, 9.5, 6.3, 5.6, 4.75, 4, 3.35, 2.8, 2.36, and 2 mm. Sieve sizes were selected to give each 

size class approximately 5 sieves in which to be captured (evaluated by preliminary hand 

sieving). Since only 6 sieves (plus a pan) could be agitated at a time, the series of sieves was split 

into two sieve nests. Samples were evenly dispersed onto the largest sieve of the coarsest sieve 

nest. Following agitation, the contents captured in the pan were transferred to the next sieve nest 

and the analysis continued. The samples were agitated using a Ro-Tap (Model B, W.S. Tyler, 

Mentor, OH) (278 oscillations and 150 taps per minute).  To assess the effect of agitation time, 

samples were agitated for 1, 2, 3, 4, and 5 minutes. Each particle class at each agitation time was 

replicated 3 times. After each run, the fractioned sample was hand-sorted and the number of 

particles by L:W ratio was recorded for each sieve (Fig. 2.2).  

Traditionally in horticulture, sieve analysis data are reported as a histogram, also known 

as a differential distribution. Data collected from the run depicted in Fig. 2.2 and two additional 

replications are graphically displayed in this traditional format (Fig. 2.3). This format allows 

readers to quickly determine differences in materials by sieve size. Alternatively, the same data 

can be displayed as a cumulative passing distribution. This format allows the distribution to be 

quantified in two forms, the midpoint and the standard deviation of the distribution.  
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Following this format, a logistic model, Eq. [1], within PROC NLIN (SAS 9.4, SAS, 

Cary, NC) was used to fit separate cumulative distribution curves for each L:W ratio, agitation 

time, and run combination.  

!"##$%& = 	 )**
)+,-.	(012343	1253678 )

                                                         [1] 

This model provides information regarding the position (K) of each distribution curve and 

the breath of the distribution (S). The variable “K” represents the mid-point of the distribution or 

the interpolated sieve size that would retain 50% of the particles (depicted in Fig. 2.3). From this 

point forward, the “mid-point” of the distribution will be discussed alternatively to “K”. The 

variable “S” is proportional to the standard deviation of the distribution. The standard deviation 

(σ) for each model was calculated from Eq. [2]. 

σ = (;	x	π)	/	√3                                                            [2] 

A distribution’s standard deviation describes the breath of the distribution around the 

mid-point. In cumulative distributions, the standard deviation can be visualized as points 13.6% 

(-A ) and 86.4% (+A ) on the y-axis in Fig. 2.3. All midpoint and standard deviation values were 

subjected to PROC GLM. Means separated by LSD (α = 0.05). 

2.3. Results and Discussion 

2.3.1. Sieve Analysis Accuracy 

The mid-point of a distribution is a valuable indicator of sieve analysis’ ability to sort 

particles to their true sieve size. Distribution mid-points within each particle class were affected 

by particle L:W ratio (p = <0.0001), agitation time (p = <0.0001), and their interaction (p = 

<0.0001) for all evaluated particle classes (Fig. 2.4). The significant interaction between L:W 

ratio and agitation time indicated that particles with different L:W ratios respond dissimilarly to 
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changes in agitation time. Distributions of 1:1 ratio particles had the lowest mid-points, closest to 

their respective true sieve size (width). Any change in sieve’s ability to sort and accurately 

measure 1:1 ratio particles by increasing agitation time were negligible. As L:W ratio increased, 

the distribution mid-point also increased and agitation time’s capacity to shift the mid-point 

became more distinct. Increasing agitation time resulted in lower distribution mid-points for 

elongated particles, drawing the distributions closer to the true sieve size within each respective 

particle class.  

The accuracy of sieve analysis to measure homogenous and heterogenous materials may 

be quantified by isolating the main effects, L:W ratio and agitation time. With agitation time 

fixed, the mid-points of each L:W ratio within their respective particle class were compared 

(Table 2.2). As particle length increased, the relative skew of the distribution mid-point 

increased. The relative skew was calculated as the change in the distribution mid-point from 1:1 

ratio particles within each particle class. As particle width (class) increased, the relative skew 

increased from 47% to 99% for 8:1 ratio particles of the 2-mm and 6-mm class, respectively.  

This effect could be attributed to an interaction between particle size and the force 

applied by the agitation device. The orientation a particle must achieve in order to pass a sieve 

screen is dependent upon its L:W ratio and form (the latter supported by Fernlund (1998)). As 

L:W ratio increases, greater angles relative to the plane of the screen are needed to allow it 

passage. As particle volume or mass increases relative to L:W ratio, more force must be applied 

for particles to achieve angles which would allow passage. However, the forces applied by 

mechanical agitation devices, such as a Ro-Tap, are constant. Thus, the disproportional effect 

observed within the same L:W ratio but different particle size could be a consequence of the 

disproportional force applied by the agitation device. With this considered, the accuracy of sieve 
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analysis to sort a homogeneous material is relative to the material’s L:W ratio, particle mass, and 

the force applied by the agitation device.  

With L:W ratio fixed, the mid-points at each agitation time within their respective 

particle class were compared (Table 2.3). These values are representative of the L:W ratios’ 

combined distributions and could be considered values of a heterogeneous sample. As agitation 

time increased, the mid-point decreased for each particle class. This suggests increasing agitation 

time improves the probability of a particle and an open aperture converging. Additionally, the 

probability of an elongated particle achieving an orientation which allows it passage could also 

improve. In essence, increasing agitation time allows greater opportunities for particles to be 

sorted accurately. However, the agitation times theoretically required to accurately sort elongated 

particles may result in the attrition of the material, particularly friable organics. Therefore, the 

coarsening effect of elongated particles within a heterogeneous material may be diminished by 

increasing agitation time but likely not eliminated.  

2.3.2. Sieve Analysis Precision 

If the mid-point of a distribution describes the accuracy of sieve analysis to characterize 

particle size, the standard deviation of the distribution indicates the precision in which particles 

of differing sizes can be sorted. A small standard deviation indicates the breadth of the PSD is 

narrow and, hence, has a greater probability of being sorted and recovered within fewer sieves. 

In order to calculate reasonable standard deviations, it was necessary for sieves to be selected in 

a logarithmic, evenly-spaced order. For this reason, the standard deviations of the 6-mm class 

were excluded. In the 2-mm and 3-mm classes, the standard deviation was affected by L:W ratio 

(p = <0.0001), agitation time (p = <0.0001), and their interaction (p = <0.0001).  
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The interaction between L:W ratio and agitation time affected standard deviation 

similarly to distribution mid-points (Fig. 2.5). Distributions of 1:1 ratio particles had the lowest 

standard deviation and were sorted most precisely with agitation time having little effect. As 

L:W ratio increased, standard deviation increased and agitation time’s capacity to affect the 

standard deviation was more pronounced.  

To illustrate the probability of recovering particles of specific lengths following sieve 

analysis, the standard deviations of each L:W ratio were compared within particle class (Table 

2.4). As L:W ratio increased, the standard deviation also increased. This implies that the more 

elongated a particle is, the higher its probability of being retained in multiple sieves. This 

incidence would decrease the probability of isolating and recovering elongated particles if a 

specific size is desired. Furthermore, this tendency may have implications for our interpretations 

of sieve analysis results. Following previous examples, the 8:1 ratio particles of the 3-mm class 

were agitated for 5 mins. Visually displayed in Fig. 2.2, sorting these particles revealed a 

distribution which span across four sieves. Given this distribution without cognizance of the 

sample’s true composition, a traditional interpretation of the PSA results would conclude that 

this sample, made of identical particles, was composed of four, distinct particle sizes. As particle 

size influences the physical properties of aggregate materials, these four distinct sizes could, 

theoretically, contribute four different characteristics. These two interpretations would be false. 

For sieves to precisely sort particles, the L:W ratio must be near 1:1. As particle L:W ratio 

increases, the validity of traditional interpretations of PSA could diminish. 

Comparing standard deviations of each agitation time (L:W ratio fixed) could delineate 

the ability of sieve analysis to precisely sort a heterogenous material. The standard deviation of 

particle distributions decreased as agitation time increased (Table 2.5). This suggests materials 
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comprised of an assortment of L:W ratios could be more precisely characterized by increasing 

the agitation time. However, there may be diminishing returns for improved sieve analysis 

precision by increasing agitation time. No differences in the standard deviations were observed 

between 3 min and 5 min in the 3-mm class of particles. While the mid-point of these 

distributions changed significantly by increasing agitation time, the standard deviation did not. 

This suggests that these distributions were parallel to one another along the x-axis and that 

relatively small increases in agitation time were unsuccessful in reducing the breadth of their 

PSD. 

2.4. Conclusion 

The ability of sieve analysis to sort a particle by its true sieve size is contingent upon the 

particle’s L:W ratio, mass of the particle, force applied by the agitation device, and agitation 

time. Particles with a 1:1 ratio were measured most accurately and with the highest precision. As 

particles increase in size and length, a sieve’s capacity to sort a material based on size 

diminishes. Additionally, elongated shapes reduced the precision of sieve analysis to capture 

particles of a specific size. The significance of these results directly impacts horticultural 

substrate research. Granular materials with low L:W ratios, such as perlite, should be considered 

an ideal material for accurate characterization by sieve analysis. Perlite’s spherical shape would 

allow it to be quickly and accurately sorted so long as other potential sources of error (i.e. 

damaged screens and sample size) are considered. Complex shapes and heterogeneous materials, 

such as sphagnum peat, wood fiber, and pine bark, may be difficult to accurately sort and 

characterize by sieve analysis. Though sieves have a long history of acceptance in the industry, 

alternative instruments should be evaluated for the industry to progress in the characterization of 

horticultural substrates. The utilization of digital image analysis has shown improvements in 
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particle shape and size analysis compared to sieve analysis (Womac et al., 2007). The suitability 

of this technique has not been evaluated for horticultural substrate components, though similar 

materials (biofuel feedstocks) have been studied. If, in the future, the characteristics of elongated 

or complex-shaped particles are desired, it may prove more beneficial to refine engineering 

practices than rely on sieving to precisely sort and isolate them. 
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Table 2.1. Particle dimensions evaluated by sieve analysis.  

  
Particle class 

 

L:Wz 2-mm 3-mm 6-mm 

1:1 y2 x 2 x 2y 3 x 3 x 3 6 x 6 x 6 

2:1 2 x 2 x 4 3 x 3 x 6   6 x 6 x 12 

3:1 2 x 2 x 6 3 x 3 x 9   6 x 6 x 18 

4:1 2 x 2 x 8   3 x 3 x 12   6 x 6 x 24 

5:1   2 x 2 x 10   3 x 3 x 15   6 x 6 x 30 

6:1   2 x 2 x 12   3 x 3 x 18   6 x 6 x 36 

7:1   2 x 2 x 14   3 x 3 x 21   6 x 6 x 42 

8:1   2 x 2 x 16   3 x 3 x 24   6 x 6 x 48 

zLength to width ratio. 

yHeight x Width x Length. All dimensions measured in millimeters. 
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Table 2.2. Particle length to width ratio (L:W) affects the particle size distribution 

midpoint of samples comprised of 2-mm, 3-mm, or 6-mm wide particles. 

 Particle class (width) 

 2-mmz 3-mm 6-mm 

L:W  Mid-point Skewy  Mid-point Skew  Mid-point Skew  

1:1  2.20hx --  3.15h --  6.20h --  

2:1  2.34g 6%  3.61g 15%  6.50g 5%  

3:1  2.56f 16%  3.97f 26%  8.70f 18%  

4:1  2.69e 22%  4.18e 32%  8.96e 44%  

5:1  2.82d 28%  4.33d 37%  9.53d 54%  

6:1  2.94c 34%  4.57c 45%  10.11c 63%  

7:1  3.10b 41%  4.83b 53%  11.20b 81%  

8:1  3.24a 47%  5.41a 71%  12.33a 99%  

zMeans within a column and row are averaged across five agitation times (1 min – 5 min). Samples agitated 

by a Rotap (278 oscillations and 150 taps/min). 

ySkew defined as the positive or negative shift in the distribution midpoint, expressed as a percentage, from 

1:1 ratio midpoints within each particle classes. 

xAll means reported in millimeters. Any two means within a column not followed by the same letter are 

significantly different at p ≤ 0.05. 
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Table 2.3. Agitation time affects the particle size distribution midpoint of samples 

comprised of 2-mm, 3-mm, or 6-mm wide particles. 

 
Particle class (width) 

Agitation time  2-mmz  3-mm  6-mm 

 1 miny  3.12ax  4.81a  10.91a 

2 min  2.88b  4.53b  10.38b 

3 min  2.78c  4.36c  10.28b 

4 min  2.71d  4.23d  10.28b 

5 min  2.59e  4.14e  10.00c 

zSamples within each particle class are comprised of 800 particles, 100 particles from each of eight length 

to width ratios (1:1 – 8:1). 

yA RoTap (278 oscillations and 150 taps/min) was used to agitate all samples. 

xAll means reported are in millimeters. Any two means within a column not followed by the same letter 

are significantly different at p ≤ 0.05. 
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  Table 2.4. Particle length to width ratio (L:W) affects the standard deviation of 

particle size distributions. 

  Particle class (width) 

L:W 
  

 2-mmz  
 3-mm  6-mm 

1:1  0.020gy  0.036g   --x 

2:1  0.069f  0.192f  -- 

3:1  0.151e  0.281e  -- 

4:1  0.219d  0.332d  -- 

5:1  0.252c  0.356d  -- 

6:1  0.279c  0.448c  -- 

7:1  0.308b  0.497b  -- 

8:1  0.336a  0.619a  -- 

zMeans within a column and row are averaged across five agitation times (1 min – 5 min). Samples 

agitated by a Rotap (278 oscillations and 150 taps/min). 

yAll means reported in millimeters. Any two means within a column not followed by the same 

letter are significantly different at p ≤ 0.05. 

xMeans unable to be calculated. 
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Table 2.5. Agitation time affects the standard deviation of particle size distributions.  

  Particle class (width) 

Agitation time  
 2-mmz  3-mm  6-mm 

 1 miny   0.280ax  0.403a    --w 

2 min  0.232b  0.356b  -- 

3 min  0.198c  0.322c  -- 

4 min  0.171d  0.311c  -- 

5 min  0.142e  0.306c  -- 

zSamples within each particle class are comprised of 800 particles, 100 particles from each of eight 

length to width ratios (1:1 – 8:1). 

yA RoTap (278 oscillations and 150 taps/min) was used to agitate samples. 

xAll means reported are in millimeters. Any two means within a column not followed by the same 

letter are significantly different at p ≤ 0.05. 

wStandard deviations were unable to be calculated. 
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Figure 2.1. Acrylic sheets were cut into three size classes of particles: 2-mm (top left), 3-mm (top right), and 6-mm (bottom center). 

Eight length to width ratio particles were cut in each size class from 1:1 to 8:1. The sizes were etched onto each particle for ease of 

identification and separation during analysis.  

  



   

 35 
 

 

Figure 2.2. A sample comprised of 800 particles, 100 particles each of the eight length to width (L:W) ratios, were distributed across 

five sieves following 5 minutes of agitation. Each of the 800 particles has a width and height of 3 mm. All 1:1 ratio particles (left, 

highlighted column) were captured in the 2.8-mm sieve. In contrast, the 8:1 ratio particles (right, highlighted columns) were 

distributed across 4 different sieves with the largest fraction (43%) retained in the 4-mm sieve. 
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Figure 2.3. Traditional, differential particle size distribution (top) and modeled cumulative 

passing distribution (bottom) of 3-mm particles with a length to width ratio of 1:1 and 8:1. 
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Figure 2.4. Changes in distribution mid-point as affected by particle length to width ratio (L:W) and agitation time. Particle width and 

height were equal and determined a particle’s classification (i.e. 2 x 2 mm (height x width) particles comprised the 2-mm Class).  
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Figure 2.5. Changes in the standard deviations of distributions as affected by particle length to width ratio (L:W) and agitation time. 

Particle width and height were equal and determined a particle’s classification (i.e. 2 x 2 mm (height x width) particles comprised the 

2-mm Class).  
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Abstract 

The physical, hydrological, and physico-chemical properties of horticultural substrates are 

influenced by particle shape and size. Sieve analysis is the predominate method utilized to 

characterize the particle size distribution (PSD) of horticultural substrates. However, a review of 

50 domestic and international studies utilizing sieves to characterize horticultural substrates 

revealed a diversity of techniques and procedures. To evaluate the effects of agitation time and 

sample size on PSDs, the sieve rates of common/traditional soilless substrate components, 

including coconut coir, sphagnum peat, perlite, and pine bark, were analyzed. At a sieve rate 

threshold of 0.1% g/min, the process of sieving was considered complete for coir, peat, perlite, 

and pine bark at 11 mins, 7 mins 18 secs, 10 mins, and 4 mins 47 secs, respectively. There was 

concern that attrition may influence the PSD of some materials, therefore the sieve rates at 

0.15% g/min were also reported. The end point of sieving was reached for  coir, peat, perlite, and 

pine bark, at 6 min 24 secs, 4 min 42 secs, 5 min 14 secs, and 3 min 10 seconds, respectively, at 

a sieve rate of 0.15% g/min. Increasing agitation time resulted in a decrease in distribution 

median, standard deviation, and graphical skewness for all materials. Sample sizes half and twice 
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the volume of the recommended initial charge did not influence PSDs to a degree considered 

significant. Agitation times and sample sizes should be specified for each material or collectively 

for all materials to insure consistency and to allow comparisons to be made between results. 
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3.1. Introduction 

The effects of particle size on the properties of aggregate materials have been a focal 

point for a diversity of research fields from the tabletization of pharmaceutical drugs to the 

flowability of biomass materials for biofuels (Bitra et al., 2009; Brittain, 2002; Fernlund, 2005). 

Equivalently, horticultural substrates could be classified as aggregate materials whose 

characteristics are affected by particle size (Handreck, 1983). The physical properties of 

substrates (e.g. bulk density and porosity) are, in major part, consequences of the particle size 

distribution (PSD) of a material (Anicua-Sanchez et al., 2008; Bunt, 1983; Pokorny and Henny, 

1984). Additionally, differences in the hydrological properties of substrates (i.e. water holding 

capacity and hydraulic conductivity) are mostly defined by the different pore characteristics 

imparted by particle size and particle arrangement (Bunt, 1983; Gabriel et al., 2009; Jones and 

Or, 1998; Pokorny and Henny, 1984). While the complexity of characterizing particle 

arrangement has prevented its use as a current characterization metric, particle size analysis 

(PSA) appears less complex and, thus, is commonly used as a metric to indicate differences 

between materials or, for some researchers, as predictive models to derive physical properties 

(Pokorny, 1993).  

Sieve analysis is one of the most basic tests for fractioning particle sizes of aggregate 

materials and is the predominate method for PSA of horticultural substrates (Allen, 1997; 

Handreck, 1983). A sieve consists of a wire mesh screen that is fixed to the base of an open 

cylindrical container. Screens are comprised of woven wires containing openings (apertures) of a 

fixed sized. The act of sieving involves agitating a sample within a sieve. The resulting agitation 

allows particles with dimensions smaller than the apertures to pass through the screen. Sieves 

can be stacked one on top of another, in decreasing aperture sizes, in what is called a “nest” of 
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sieves which can be agitated mechanically (Fig. 3.1). The process of passing a material through 

decreasing aperture sizes allows the sample to be fractioned by aperture size. The fraction of the 

initial sample retained in each sieve is collected by brushing or tapping, and then weighed. Data 

may be more easily recorded by weighing the sieve before and after a sample is run. To 

accurately characterize a material, replications of the sample are required. Typically, data is 

expressed as the mean of the mass collected for each sieve size or as a mean fraction of the initial 

material’s mass. To be more accurate, the values should always include the deviation around the 

mean.  

Due to its simplicity, sieve analysis remains the most popular method of determining 

PSD and, hence, one of the most mismanaged (Allen, 1997). Sieve analysis has been discussed 

as a rather crude method of PSA, with poor reproducibility and common misapplication (Allen, 

1997; Carpenter and Deitz, 1950; Syvitski, 1991). However, the accuracy and reproducibility of 

sieve analysis can be improved if standardized sieving procedures are considered (Allen, 1997; 

Gee and Or, 2002). Currently, standards have been implemented for horticultural substrates 

through the European Standards (EN), but not through a US standards system such as the 

American Society for Testing and Materials (ASTM) Standards (EN, 2007). This lack of 

standardization has resulted in many different approaches to PSA from a diverse group of 

horticultural substrate researchers.  

A review of 50 domestic and international studies assessing the physical properties of 

horticultural materials revealed a diversity of techniques and procedures utilized to conduct sieve 

analysis. For particle size analysis to be reproducible, it would be beneficial to know the 

material, method of agitation, agitation time, sieve sizes, and sample size (mass or volume). The 

variability in procedures from 20 out of 50 publications is contained in Table 3.1. Sample size 
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ranged from 100-150 g if reported by weight and 100-500 cm3 if reported by volume. The 

agitation times utilized to conduct PSA ranged from 1-20 minutes. Out of the 50 publications 

reviewed, only three publications from differing authors implemented the same procedures for 

sieve analysis (Bilderback, 1985; Drzal et al., 1999; Richard, 2006). Many authors were remiss 

in recording one or multiple criteria beneficial to the reproducibility of the work (Bachman and 

Metzger, 2007; Dumroese et al., 2011; Richards et al., 1986). Due to the lack of consistency in 

sieving protocols, inferences in the data between studies should be made with caution, if at all.  

This lack of consistency and reproducibility necessitates a review of the basics of sieve 

analysis to better understand its intricacies. Many publications and current standards which 

discuss these basics, such as ASTM (2009), describe the procedures for obtaining PSD 

(gradation) using sieve analysis for soils and “other objects.” However, horticultural substrates 

vary greatly in size and shape compared to soil and, thus, may necessitate additional work to 

create a standard of their own. While EN (2007) was developed specifically for obtaining PSD of 

organic materials, the methods practiced in Europe differ from those preferred in the US 

(discussed in more detail later). While the work required to develop a US or international 

standard in its entirety is beyond the scope of this work, at the very least, a review and evaluation 

of the potential sources of error should be conducted in order to increase reproducibly and 

consistency for future projects involving the PSA of horticultural substrates. The errors in sieve 

analysis originate from three primary sources: 1) the sieves, 2) the method of shaking, and 3) the 

sample (Allen, 1997; Syvitski, 1991). 

3.1.1. The Sieves   

Sieves are one of the only tools available that can sort an aggregate material solely based 

on particle size and independent of a material’s density, surface texture, or chemistry (Allen, 
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1997). The ideal sieve contains apertures that are perfectly square or round of a given size 

(Allen, 1997; Brittain, 2002). Aperture sizes were initially set on a progression of the square root 

of two (~1.414) based on 75 microns (Allen, 1997). In the square root of two progression, the 

aperture area of a sieve is twice that of the next finer sieve. Many modern aperture standards are 

based on the fourth root of two (~1.189) progression to allow for closer sizing between adjacent 

sieves (Allen, 1997; Brittain, 2002; ASTM, 2001; EN, 2007). The US Standard Sieve Series is 

based on an opening of 1 micron and is further described in ASTM E11 (2001). The EN (2007) 

follows the standards implemented by the ISO. The ISO recognizes four sieve series, R 20/3, R 

10, R 40/3, and R 20. The R 20/3 series is based on the original square root of two progression 

while the R 40/3 series is based on the modern fourth root of two progression (ISO, 1990). 

Hence, the US Standard Sieve Series and the R 40/3 sieve series are identical and could be used 

interchangeably (Brittain, 2002).  

Since particles are sorted by the apertures of screens, any deviation or variance in the 

apertures may result in error. Woven wires produce 3-D apertures with considerable tolerances 

allowed relative to the size of the aperture (Allen, 1997; ASTM, 2001; ISO, 2016). As aperture 

size decreases, relative tolerance increases which may result in several apertures of similar sizes 

on multiple sieves. For example, the ASTM (2001) permits a median in the range of 70-80 

microns with no more than 5% of the apertures in the range of 91-103 microns for a 75-micron 

sieve. Given this example, a particle with a limiting dimension (second smallest cross-sectional 

dimension) of 100 microns could be captured in a 75-micron, 90-micron, or 106-micron sieve.  

While sieve sizes in the range of 75-105 microns are rarely used in the PSA of horticultural 

substrates, studies have used sieves with equal or smaller aperture sizes (Fain et al., 2008; 
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Jackson et al., 2010). Due to tolerance ranges, the same material analyzed by two different sets 

of sieves may show differences in its PSD (Allen, 1997; Syvitski, 1991).  

Analytical variance between sieve sets could also be attributed to damaged screens. 

Damage to screens, as seen in Fig. 3.2A, may result in deviations of aperture sizes beyond the 

tolerated range and may reduce the precision of the sieve to separate particles appropriately. 

Screen damage can also manifest itself as dimpled or raised imperfections resulting in improper 

particulate distribution across the screen as seen in Fig. 3.2C. Particles will inadvertently 

congregate to depressions in the screen, reducing the area of open space encountered by the 

sample and introducing an error called the “blinding effect” (Carpenter and Deitz, 1950; 

Shergold, 1946). The blinding effect occurs when the sample load on a screen is such that all 

openings become plugged or blocked, preventing smaller particles from passing appropriately 

(Allen, 1997; Shergold, 1946). Since a particle’s probability of passage is relative to its 

encounter with an open space, any depletion of open space on the screen’s surface due to trapped 

particles or damaged screens would result in error in the analysis (Fig. 3.2B). 

To reduce error attributed to sieves, a methodical examination of potential sieve sizes 

prior to application is required. A well-lit background can be used to detect any screen defects 

such as creases, projections, and entrapped particles. These obvious defects can be detectable to 

the untrained eye but more detailed defects, such as aperture tolerance, may only be detectable 

by a skilled observer. A complete inspection procedure can be found in the annex of ASTM E11 

(2001). 

3.1.2. The Method of Shaking 

The method of shaking or agitation of a given sample can be either by hand or a 

mechanical instrument. By nature of standardizing protocols, any agitation instrument must be 
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able to reproduce the result of manual agitation. Mechanical instruments can agitate material by 

means of vibration or a combination of gyratory and jolting movement. The former method, 

vibration, is the agitation means utilized in EN Standards. The latter is generally preferred in 

horticultural research in the US due to the propensity of studies utilizing Tyler Ro-Taps (Altland 

and Krause, 2012; Pokorny and Henny, 1984; Drzal et al., 1999). The gyratory and jolting 

(tapping) movement may be preferred over other methods because it reduces aperture blockage 

and increases reproducibility (Allen, 1997). Due to differences between agitation techniques, the 

method utilized and the duration of agitation should always be reported. The duration of 

agitation is of importance because the probability of a particle passing in given time is dependent 

on the particle size, shape, and orientation relative to the sieve aperture (Day, 1965). Particle 

passage with respect to agitation time determines the “sieve rate” of a material (Carpenter and 

Deitz, 1950).  

The sieve rate is a calculation of percent material passed for each time variable at a given 

sieve size. The sieve rate of a material has been described to consist of two regions, the initial 

region and the “near-mesh particle size” region (Allen, 1997). Initially, the rate of change by 

time will decrease sharply as particles with dimensions much smaller than the screen’s aperture 

size readily pass. As time increases, sieve rate decreases as particles with near-mesh size 

dimensions must find the proper orientation in which to pass. The end-goal of sieving would be 

attained when all sieve rates are zero (i.e. no more material passed through any sieves). 

However, it would be unlikely for a complete sorting of a material to occur. Statistically, there 

will always be a chance that the ideal particle may find one aperture large enough to pass in the 

one orientation which may allow it (Allen, 1997).  
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For sieve analysis to be reproducible the sieve rate must be low enough so that one 

minute too long or too short would not affect the results significantly (ISO, 1988; Carpenter and 

Deitz, 1950). ASTM (2009) suggests a “standard shaking period” to be between 10 and 20 min 

for soils and includes a simplistic procedure to determine sieve rate. The sieve rate for soils is 

determined by first agitating a sample for 10 min for a single sieve-set. Beginning with the 

largest sieve in the set, fix a lid above and pan below the sieve and shake by hand for one minute. 

If the ratio of the material’s mass in the pan to the material retained in each sieve changes less 

than 0.5%, the analysis is deemed complete. If the ratio is greater than 0.5%, the shaking period 

must be increased and checked incrementally until the criterion is met. The EN (2007) standard 

suggests agitating a sample for 7 min with the use of a vibration table for “soil improvers and 

growing media.” In this method, sieve rate is not determined by time but instead from which of 

three amplitude settings (in a range between 0.5 mm and 1.5 mm) best sorted the material. 

3.1.3. The Sample 

Exhibited by the initial and near-mesh sized regions of sieve rates, the probability of a 

particle passing through a screen in a given time is dependent upon the particle’s shape and size. 

Thus, the physical characteristics of a sample are pivotal with respect to its sievability and 

interpretation of PSA (Allen, 1997). Sample characteristics that affect PSA can be attributed to 

the material or individual particles of the material. For example, high moisture content in a 

sample may cause particles to clump and be sorted improperly. Therefore, a moisture content of 

less than 15% is recommended for soils and organic materials (ASTM 2001; EN, 2007). 

Clumping of particles can also be observed if the sample contains a portion of fibrous particles 

which cling to one another during agitation (Fig. 3.3). Other characteristics that affect PSA 

include sample size and particle shape and size.  



   

 48 
 

The blinding effect on screens, previously discussed as influenced by screen damage, is 

primarily influenced by excessive sample sizes. Prohibitive sample loads on a given sieve reduce 

the probability of a particle’s passage in a way no extended amount of agitation time can 

compensate (Shergold, 1946). The load on a given sieve is considered ideal at a depth of a single 

or two particles (Allen, 1997; Carpenter and Deitz, 1950; Shergold, 1946). Carpenter and Deitz 

(1950) recommended a load of material no more than 6 particles deep in each sieve to reduce the 

blinding effect. Shergold (1946) observed that blinding increased in smaller aperture sizes, 

insinuating that a sample’s particle size should dictate sample size. European standards for 

soilless substrate also suggest the sample size be selected based on particle size (EN, 2007). If 

less than 50% of the sample passes an 8-mm screen, then the sample size should be 375 ml for a 

200-mm (8-inch) sieve. If greater than 50% passes, the sample size should be 125 ml for the 

same sized sieve. According to ISO 2591 (1988), the quantity of material to be placed on a sieve 

depends on the aperture size, bulk density of the material, area of the sieve, and the proportion of 

oversized material. Volumetric guidelines for initial sample size (charge) and maximum volume 

of residue are provided for each sieve size (ISO, 1988; Table 3.2). While the amount of sample 

to be used may be subjective to the material and its sievability, subjecting to consistent 

guidelines for sample size selection may result in increased consistency and reproducibility 

(Allen, 1997; ISO, 1988). 

Sieves allow the passage of a particle by the second smallest dimension or the 

intermediate dimension. This dimension is generally referred to as the particle’s width when it is 

at a steady state (most stable position). From this point forward, a particle’s intermediate 

dimension will be referred to as particle’s “true sieve size” as it is impossible for the particle to 

pass through an aperture of smaller dimensions. The probability of a particle being fractioned to 



   

 49 
 

its true sieve size is theoretically dependent on the particle form and largest of three dimensions, 

length (Allen, 1997; Fernlund, 1998; Syvitski, 1991). Therefore, the probability of a particle 

being captured on a sieve larger than its true sieve size is dependent upon its shape, size, and 

likeliness (or unlikeliness) to obtain the proper orientation for passage. The proper orientation for 

passage is relative to particle length (Gee and Or, 2002; Syvitski, 1991). As particle length 

increases, the angle of the largest dimension with respect to the plane of the screen must also 

increase to allow passage. Shapes and sizes which do not obtain the proper orientation result in 

an apparent coarsening of the material in the analysis (Syvitski, 1991).  

The degree to which particle length affects PSA was the focus of work discussed in 

Chapter 2. The results indicated that the sorting of a particle is dependent upon additional 

characteristics other than particle width. Particle L:W ratio, mass, the force applied by the 

agitation device, and agitation time were all observed to influence particle distributions. As 

particles increase in size and length, a sieve’s capacity to sort a material based on size 

diminishes. Additionally, elongated shapes reduced the precision of sieve analysis to capture 

particles of a specific size. These conclusions have implications for sieving horticultural 

substrates. Perlite’s spherical shape would allow it to be quickly and accurately sorted so long as 

other potential sources of error (i.e. damaged screens and sample size) are considered. Complex 

shapes and heterogeneous materials, such as peat, wood fiber, and pine bark, may be difficult to 

accurately sort and characterize by sieve analysis. Considering the diversity of horticultural 

substrates, it may prove beneficial should the protocols for sieve analysis reflect a material’s 

inherent sievability.  

Considering the variety of published sieving procedures, potential sources of error, and 

materials’ inherent sievability, it was hypothesized that a sieve rate analysis of common substrate 
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components could elucidate the effects of agitation time and sample size on PSA. Sieve rates 

have not been reported, even generically, for many horticultural substrate components and could 

be examined for optimization and reproducibility. For many fragile organic and inorganic 

materials like peat, pine bark, or perlite, the rate of sieving may continue to change significantly 

with time. In this case, it may be better to choose a shorter time interval. As agitation time 

increases, changes in particle distribution could not only be indicative of the sorting of near-

mesh sized particles but also particle attrition due to the machine’s energetics (Carpenter and 

Deitz, 1950). Although sieve rates may be material and sieve-set specific, a general 

understanding of a substrate component’s sieve rates could lead to better optimization and higher 

reproducibility of PSA by sieve analysis. 

3.2. Materials and Methods 

3.2.1. Sampling 

The materials evaluated are as follows: peat (BPP; Berger, Saint-Modeste, QC, Canada), 

pine bark (PM2; 0.32 cm screened, aged bark; Pacific Organics, Henderson, NC), coir (Oldcastle 

Lawn and Garden; Atlanta, GA), and perlite (Krum Horticultural Perlite; Carolina Perlite 

Company, Gold Hill, NC). Three sample sizes were evaluated for each material. The initial sample 

size was selected in accordance with ISO 2591 and will be referred to as the “1x” sample size. For 

pine bark, the 1x sample size was 500 cm3. For peat, coir, and perlite, the 1x sample size was 400 

cm3. Sample volumes of half (0.5x) and double (2x) the initial sample size were analyzed to 

determine the effect of sample size on PSA. Calculating the bulk density of the samples provided 

a metric to measure sample consistency. The moisture content of the sample was increased to 

improve sample homogeneity by reducing the incidence of stratification by particle size. Five 

replications were evaluated for each material at each sample size.  



   

 51 
 

Prior to analysis, the samples were oven dried at 105 °C for 72 hours. Following drying, the 

samples were allowed to equilibrate to the ambient humidity and temperature for a week. This 

procedure was adopted following observations of sample weight increases during sieve analysis. 

3.2.2. Sieve Selection 

All sieves were inspected for screen damage (depressions, holes, etc.) prior to use and 

washed thoroughly. Compressed air was applied to remove particles trapped in screen apertures. 

To reduce the incidence of static, anti-static sheets (Bounce Fabric Softener Sheets; Proctor & 

Gamble, Cincinnati, OH) were applied to the cylinder of the sieve prior to sieving. Twelve sieves 

plus a plan were used to evaluate materials. The range of sieve sizes was determined by sieving 

preliminary samples. Ideally, the entire sample should be captured within the largest and smallest 

sieve. However, the distribution of the materials evaluated were too broad to incorporate this 

strategy. Instead, the largest sieve selected for each material was one which allowed >95% of the 

sample’s initial mass to pass. Once the largest sieve size was determined, eleven sieves of 

decreasing aperture size were selected in logarithmic order. An additional 1x preliminary sample 

for each material was sieved to insure the maximum recommended residue within each sieve was 

not exceeded (ISO, 1988). 

3.2.3. Sieve Analysis 

Prior to sieving, the weights of each sieve (including the pan) were recorded. The nest of 

sieves was loaded into a Ro-Tap (Model B, W.S. Tyler, Mentor, OH) (278 oscillations and 150 

taps per minute) and charged with a sample. The progress of sieving was followed by weighing 

the sieves after measured intervals of agitation time. Eleven agitation times were evaluated 

beginning at 30 seconds, then 1 min, and every additional minute up to 10 min. Sieves were 

cleaned by compressed air and reweighed following the analysis of each sample. 
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3.2.4. Data Analysis 

The sieve rate of a material is calculated by the change in weight within a sieve as a 

function of time. The end point of sieving for protocols can be determined by analyzing the sieve 

rate of the material. For materials with unspecified sieving end points, it is recommended that the 

quantity passing through the sieve, or through any one sieve of a nest, in 1 min, is less 0.1% of 

the mass of the sample for non-friables (ISO, 1988). If the materials are determined to be friable 

in nature, the sieve endpoint should be by trial (ISO, 1988). It was observed that the sieve rate 

varied greatly from sieve to sieve for each material tested. Therefore, the sieve rate of a singular 

sieve may not be indicative of the true end point of sieving substrates. Instead, the sieve rate of 

each sieve in the nest was averaged within each agitation time. The averaged sieve rate values 

yielded reasonable results which appeared to correspond to the end point of sieving for each 

material. The sieve rate for a material was modeled as follows: 

!" = $%&                 [1] 

where sieve rate (!") is a function of %, agitation time (minutes), and fitting parameters $ and '. 

From the model, the agitation time required to achieve the recommended sieve rate threshold of 

0.1% change in mass/total mass per minute was determined. However, some materials did not 

achieve a sieve rate threshold of 0.1% within the tested agitation times. Thus, the agitation time 

required to achieve a sieve rate threshold of 0.15% was also reported. Only 1x sample sizes were 

evaluated to determine the sieve rate for each material.  

Log-normal distributions of each substrate at each agitation time were plotted as 

differential and cumulative mass retained. Mode particle size and frequency was obtained from 

differential mass retained distributions. Cumulative retained mass fraction data were regressed 
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using the Rosin-Rammler distribution function, a Weibull cumulative distribution function 

(Rosin and Rammler, 1933). The Rosin-Rammler function used is as follows: 

() = 1 − ,
(
./

0
)2                  [2] 

where, () is the cumulative retained mass as a fraction; 34 is the particle size, calculated 

similarly to geometric mean length, assumed to be equivalent to the mean aperture size of the 

retaining sieve and the next larger sieve (mm); $ is the Rosin-Rammler geometric mean length 

parameter (mm); and ' is the dimensionless Rosin-Rammler skewness parameter. The particle 

size for any percentile of cumulative retained mass was calculated by rearranging Eq. [2] as 

follows: 

34 = $[−log	(1 − ())]
;

2                            [3] 

From Eq. [3], the particle sizes in mm corresponding to 16%, 50%, 84% cumulative retained 

mass were evaluated to compare distribution medians (D50) and standard deviations (D84-D16/2), 

an indicator of distribution width. However, the standard deviation includes only 68% of the 

distribution. Mass relative span, "!<, is a dimensionless measure of distribution width and 

considers 90% of the distribution (Allais et al., 2006). The mass relative span was calculated as 

follows: 

"!< = (3=> − 3?>)3@>                          [4] 

where D10, D50, D90 are the particle diameters (mm) at the 10%, 50%, and 90% of the cumulative 

mass distribution, respectively.  

Skewness and kurtosis are descriptive characteristics of distribution shape. Skewness 

measures the degree of asymmetry of a normal distribution curve. Its sign is indicative of 

whether distributions have exaggerated tails to the right (negative; skewed toward coarser 
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particles) or the left (positive; skewed toward finer particles). Inclusive graphic skewness (A!B) 

was calculated from Folk (1974) and is as follows: 

A!B =
C;DECFGHICJK

I(CFGHC;D)
+

CJECMJHICJK

I(CMJHCJ)
   [5] 

where D5 and D95 are the particle diameters (mm) at 5% and 95% cumulative mass retained, 

respectively. The interval between D5 and D95 should be exactly 2.44 times the interval between 

D25 and D75 on a normal distribution curve. Kurtosis represents the departure of a distribution 

from normality (Folk, 1974). Graphical kurtosis (NO) was calculated as follows: 

NO =
CMJHCJ

I.QQ(CRJHCSJ)
                        [6] 

where D25 and D75 are the particle diameters (mm) at 25 and 75% cumulative mass retained, 

respectively.  

A non-linear regression procedure (PROC NLIN) was used to fit all sieve rate data and 

cumulative distributions (SAS 9.4, SAS, Cary, NC). To evaluate the effects of agitation time and 

sample size, distribution median, standard deviation, mass relative span, graphical skewness, and 

graphical kurtosis means comparisons were accomplished using a generalized linear model 

procedure (PROC GLM) and were analyzed by substrate. All significances were at α = 0.05. 

3.3. Results and Discussion 

3.3.1. Sieve Rate 

3.3.1.1. Size distributions 

The most frequent agitation time utilized in previously reported literature was five 

minutes. Thus, the mass fraction retained on each sieve after five minutes of agitation were 

graphed for each material of the 1x sample size for visualization (Fig. 3.4). Coir, perlite, and pine 

bark followed a log-normal distribution with primary modes found at 0.71 mm for coir and 2.8 

mm for perlite and pine bark. The distribution of peat could be considered tri-modal, with modes 
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located at 2.8, 0.355, and <0.125 mm, though no mode contained a fraction larger than 0.11. 

Cumulative distribution curves for each material showed positive skewness, apparent from the 

exaggerated left tails which are indicative of excess coarse particles (Folk, 1974). With broad 

distributions and varying fractions of material captured within each test sieve, it was difficult to 

justify the end point of sieving by any one sieve. Instead, the sieve rate of each sieve was 

averaged to distribute the influence of determining the end point of sieving to all sieves.     

3.3.1.2. Sieve rate analysis 

The process of sieving consists of two regions, the initial region and the “near-mesh 

particle size” region. The initial region is characterized by a rapid change in the weight of 

material in each sieve as particles with dimensions much smaller than aperture sizes readily pass. 

The initial phase of sieving substrate materials can be visualized in the first three to four minutes 

of agitation (Fig. 3.5). The “near-mesh particle size” region of the curves expresses the slower 

rate at which particles with dimensions slightly smaller than sieve aperture pass. It is suggested 

that the end point of the sieving process be reached when the rate of change in 1 min is less than 

0.1% of the initial sample’s mass for non-friable materials (ISO, 1988). Pine bark required the 

shortest agitation time to reach this threshold at 4 mins 47 secs, followed by peat at 7 mins 18 

secs. The agitation time required for perlite and coir extended to the limit of and beyond the 

tested agitation times at 10 min and 11 min, respectively. These prolonged agitation periods 

could be indicative of the friable nature of the tested materials, particularly perlite and coir. If the 

sieve rate threshold was increased from 0.1%/min to 0.15%/min, the agitation time required to 

reach the end point of sieving for pine bark, peat, perlite, and coir would be 3 min 10 secs, 4 min 

42 secs, 5 min 14 secs, and 6 min 24 seconds, respectively. The agitation times suggested from 
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these data are similar to agitation times utilized in previous research (Bilderback, 1985; Nemati 

et al., 2009; Owen et al., 2007; Richard, 2006). 

3.3.1.3. Distribution median, standard deviation, and mass relative span 

Means separation of distribution medians, standard deviations, and relative deviations 

indicated significant differences in distribution characteristics by agitation time (Table 3.3). As 

agitation time increased, the distribution median for each material decreased (Fig. 3.6). The 

difference in medians from 0.5 min to 10 min agitation time was 0.21 mm for coir. However, no 

differences were observed between 5 mins and 10 mins agitation time for coir.  Similar trends 

were observed for median values of peat, perlite, and pine bark. No differences in median values 

were observed when agitation time extended beyond 4 mins for pine bark and 7 mins for peat 

and perlite.  

As agitation time increased, the standard deviation decreased for all materials except for 

perlite (Fig. 3.7). In contrast, the mass relative span for peat, perlite, and pine bark increased with 

increasing agitation time (Fig. 3.8). A distribution’s standard deviation considers central two-

thirds of the distribution while the mass relative span considers 80% of the distribution. For peat, 

perlite, and pine bark, increasing the agitation time resulted in a tighter central distribution with 

more expansive tails. Increasing agitation time decreased coir’s standard deviation but did not 

affect the mass relative span. It is plausible that the decrease in deviation was offset by an 

increase in the more expansive regions considered by mass relative span.  

3.3.1.4. Graphical skewness and kurtosis 

All materials yielded strongly positive-skewed distributions, as the values for each 

material exceeded +0.30 (Folk, 1974). The mean separation of skewness followed a grouping 

trend similar to distribution medians. Perlite and pine bark distributions were more strongly 



   

 57 
 

skewed than coir and peat, indicative of their coarse texture and use as a component to increase 

air-filled porosity (Bilderback et al., 2005; Verdonck et al., 1983). The mean separation of 

graphic kurtosis followed a grouping trend similar to mass relative span. Coir and perlite 

distributions are classified as “mesokurtic”, as kurtosis was within 0.90 and 1.11, indicating the 

two materials followed a normal distribution (Folk, 1974). Peat and pine bark are classified as 

“leptokurtic” (1.11-1.50), signifying these distributions contained a larger spread in the tails than 

the in the central part. Thus, the distributions shapes for coir and perlite can be classified as 

“strongly fine-skewed mesokurtic” and “strongly fine-skewed leptokurtic” for peat and pine 

bark.  

3.3.2. Sample Size 

Sample sizes vary widely in previously reported literature (Table 3.1). The most 

frequently used volume sizes (if reported) are closer to the 0.5x sample size determined from 

ISO standards. A concern with undersized sampling is the inability to express the true 

characteristics of the material. On the other hand, oversized sampling may induce the sieve 

blinding effect and result in erroneous distributions. To induce sieve blinding, the 2x sample 

sizes were selected to double the recommended volume of charge (ISO, 1988). As a result, the 

volume of residue on at least one sieve exceeded the recommend maximum by more than 100%. 

Despite the concern with undersized and oversized sampling, the distributions of 0.5x and 2x 

sample sizes for coir, peat, perlite, and pine bark showed small and few differences (Table 3.4). 

Distribution medians were larger for 2x sample sizes of coir and pine bark, a difference of 0.02 

and 0.08 mm, respectively. However, the scale at which PSA is observed for substrates is 

unlikely to consider differences <0.1 mm to be significant. No interactions between sample size 
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and agitation time were observed, indicating distributions responded similarly to changes in 

agitation time despite a vast difference in sample volume. 

3.4. Conclusions 

As anticipated, the sieve rate of each substrate component varied. These differences could 

be attributed to particle shape, friability, or the inherent sievability of the materials. Despite the 

observed differences, these data suggest the end point of sieving for the evaluated materials falls 

into a relatively narrow range of agitation times, 4-7 minutes. The Rosin-Rammler equation fit 

well to the size distribution data for each substrate component (Pseudo-R2 >0.997). The 

parameters evaluated (median, standard deviation, mass relative span, graphical skewness, and 

graphical kurtosis) sufficiently characterized PSD location and shape. Increasing agitation time 

resulted in a decrease in the median, standard deviation, and graphical skewness. However, few 

differences were observed between 5-10 minutes of agitation time, supporting the results 

obtained from sieve rate analysis. Sample size did not affect PSD to a degree considered 

significant for most horticultural analyses. However, the manner in which a material is sampled 

could influence PSA and a sampling protocol should be considered in future work. Regardless of 

the liberties suggested from these data, agitation times and sample sizes should be specified for 

each material or collectively for all materials to insure consistency and to allow comparisons to 

be made between results.   
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Table 3.1. Variability in sieve analysis procedures implemented to characterize 

horticultural substrates. 

Publication Material 
Agitation 
methodz 

Agitation 
time 

Sieve sizes 
(yes/no)y Sample size 

Abad et al. (2005) Coir Vibration 10 min Yes 200 cm3 
Altland and Krause 
(2012) Pine bark/wood RoTap 3 min Yes 100 cm3 

Bachman and 
Metzger (2007) Compost  N/Ax N/A Yes 100 g 

Bilderback (1985) 
+w Bark RoTap 5 min Yes 100 g 

Buamscha et al. 
(2007) Douglas fir bark RoTap 5 min Yes N/A 

Bunt (1983) Peat N/A N/A Yes N/A 

Caron et al. (2005) Peat, pine bark, 
sand Hand 1 min Yes 500 cm3 

Drzal et al. (1999) + Blended 
materials RoTap 5 min Yes 100 g 

Dumroese et al. 
(2011) Peat, biochar N/A N/A Yes N/A 

Fain et al. (2008) Pine bark/wood RoTap 3 min Yes 100 g 
Jackson et al. 
(2008) Pine bark/wood RoTap 10 min Yes 150 g 

Nemati et al. (2009) Peat Vibration 6 min Yes 250 cm3 

Nemati et al. (2015) Biochar Vibration 2 min Yes 250 cm3 
Noguera et al. 
(2003) Coir Vibration N/A Yes N/A 

Northup (2013) Biochar N/A N/A Yes N/A 

Owen et al. (2007) Pine bark, clay RoTap 5 min Yes 500 cm3 
Pokorny and Henny 
(1984) Pine bark, sand RoTap 20 min Yes 250 cm3 

Richard (2006) + Pine bark RoTap 5 min Yes 100 g 
Richards et al. 
(1986) 

Pine bark, sand, 
coal Mechanical N/A Yes N/A 

Sambo et al. (2008) Peat, rice hulls N/A 2 min Yes 100 g 

zAgitation method is listed as reported in each publication.  

yA “Yes” or “No” indicates whether sieves sizes were reported in each publication. 

xNot reported in the publication. 

wA “+” signifies the same sieving procedure was implemented. 
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Table 3.2. Guide to quantity of material for test sieving on a 200 mm diameter round sieve. 

Aperture 
size (mm) 

Bulk volume of materialz  
Aperture 
size (μm) 

Bulk volume of material 
Volume of 

charge (cm3) 
Volume of 

residuey (cm3)  
Volume of 

charge (cm3) 
Volume of 

residue (cm3) 
22.4 1600 800  710 120 60 
16.0 1000 500  500 100 50 
11.2 800 400  355 80 40 
8.0 500 250  250 70 35 
5.6 400 200  180 60 30 
4.0 350 175  125 50 25 
2.8 240 120  90 42 21 
2.0 200 100  63 35 17 
1.4 160 80  45 30 15 
1.0 140 70  32 26 13 

zMasses of materials can be determined by multiplying the values specified in columns 2-3 and 

5-6 by the apparent bulk density (g cm-3) of the material to be sieved. 

yMaximum volume of material permitted on the sieve after sieving has been completed. 
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Table 3.3. Median, standard deviation, mass relative spanz, graphical skewnessy, and graphical 

kurtosisx of PSDs for coir, peat, perlite, and pine bark at increasing agitation times.w 

Agitation Time 
(min) 

Median  
(mm) 

Standard 
deviation (mm) 

Mass relative 
 span 

Graphical 
skewness 

Graphical 
kurtosis 

Coir          
0.5 0.97 Av 0.74 a 1.95 ns +0.79 a 0.99 ns 
1 0.91 b 0.69 b 1.93  +0.75 b 0.98  
2 0.87 c 0.65 bc 1.93  +0.72 c 0.98  
3 0.84 cd 0.63 cd 1.93  +0.70 cd 0.98  
4 0.82 de 0.62 de 1.93  +0.68 de 0.98  
5 0.81 d-f 0.61 d-f 1.93  +0.67 d-f 0.98  
6 0.79 e-g 0.60 d-f 1.94  +0.66 d-f 0.98  
7 0.78 e-g 0.59 fe 1.94  +0.66 d-f 0.98  
8 0.78 fg 0.59 fe 1.94  +0.65 fg 0.98  
9 0.77 fg 0.58 fe 1.94  +0.64 g 0.98  
10 0.76 f 0.58 f 1.95  +0.64 g 0.99  

          

Peat          
0.5 0.76 a 1.03 a 3.65 g +0.71 a 1.15 g 
1 0.69 b 0.99 a 3.88 f +0.69 b 1.18 f 
2 0.63 c 0.92 b 3.97 ef +0.66 c 1.19 ef 
3 0.60 d 0.90 bc 4.07 de +0.65 cd 1.20 de 
4 0.59 de 0.89 bc 4.15 cd +0.64 de 1.21 cd 
5 0.58 ef 0.89 bc 4.22 b-d +0.64 d-f 1.22 b-d 
6 0.57 e-g 0.88 bc 4.27 a-c +0.63 d-f 1.23 a-c 
7 0.56 f-h 0.88 c 4.32 ab +0.63 d-f 1.23 ab 
8 0.55 f-h 0.87 c 4.35 ab +0.63 ef 1.24 ab 
9 0.55 gh 0.87 c 4.39 a +0.63 ef 1.24 a 
10 0.54 h 0.87 c 4.41 a +0.62 f 1.24 a 

          

Perlite          
0.5 2.24 a 1.51 ab 1.73 h +1.16 a 0.97 g 
1 2.16 ab 1.49 b 1.77 gh +1.14 ab 0.98 g 
2 2.10 bc 1.50 ab 1.83 f-h +1.11 a-c 0.98 fg 
3 2.04 cd 1.51 ab 1.91 e-g +1.08 b-d 0.98 e-g 
4 1.99 c-e 1.53 ab 1.97 d-g +1.07 c-e 0.99 d-g 
5 1.95 d-f 1.54 ab 2.04 c-f +1.05 d-f 0.99 c-f 
6 1.90 e-g 1.55 ab 2.10 b-e +1.03 d-g 1.00 b-e 
7 1.87 f-h 1.56 ab 2.17 a-d +1.02 e-g 1.00 b-d 
8 1.83 gh 1.58 ab 2.23 a-c +1.00 fg 1.01 a-c 
9 1.79 gh 1.59 ab 2.30 ab +0.99 fg 1.01 ab 
10 1.76 h 1.60 a 2.37 a +0.98 g 1.02 a 

          

Pine bark          
0.5 1.82 a 2.28 a 3.33 d +0.94 a 1.12 d 
1 1.71 b 2.18 b 3.41 cd +0.93 b 1.13 cd 
2 1.63 bc 2.10 c 3.46 bc +0.92 bc 1.13 bc 
3 1.59 cd 2.06 cd 3.48 a-c +0.91 cd 1.13 a-c 
4 1.56 c-e 2.04 de 3.49 a-c +0.91 c-e 1.13 a-c 
5 1.54 c-e 2.02 d-f 3.51 a-c +0.91 c-e 1.14 a-c 
6 1.52 de 2.01 d-f 3.53 a-c +0.91 de 1.14 a-c 
7 1.51 de 2.00 ef 3.55 ab +0.90 de 1.14 ab 
8 1.50 de 1.99 ef 3.56 ab +0.90 de 1.14 ab 
9 1.49 e 1.98 ef 3.57 ab +0.90 e 1.14 ab 
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Table 3.3. (continued).     
     

10 1.48 e 1.98 f 3.58 a +0.90 e 1.15 a 
zMass relative span is a dimensionless measure of distribution width.  

ySkewness measures the degree of asymmetry of a normal distribution curve. 

xKurtosis represents the departure of a distribution from normality. 

wSamples agitated with a Ro-Tap (278 oscillations and 150 taps per minute). 

vMeans within material with different letters in each column are significantly different (α = 0.05). Means 

designated with the same letters or “ns” (not significant) are not significantly differently. 
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Table 3.4. Median, standard deviation, mass relative span, graphical skewness, and graphical 

kurtosis of PSDs for coir, peat, perlite, and pine bark at half and double recommended sample 

sizes.z 

Material 
Sample 

sizey 
Median 
(mm) 

Standard 
deviation 

(mm) 

Mass  
relative  

span 
Graphical 
skewness 

Graphical 
kurtosis 

Coir 0.5x 0.69 bx 0.60 b 2.14 b +0.57 b 1.00 ns 
2x 0.71 a 0.57 a 2.21 a +0.59 a 1.00  

Peat 0.5x 0.59 ns 0.96 ns 4.47 a +0.66 ns 1.25 a 
2x 0.60  0.92  4.23 b +0.66  1.22 b 

Perlite 0.5x 1.42 ns 1.63 ns 3.04 ns +0.90 ns 1.09 ns 
2x 1.40  1.60  3.03  +0.89  1.08  

Pine bark 0.5x 1.40 b 2.08 a 4.12 a +0.89 ns 1.21 a 
2x 1.48 a 1.97 b 3.57 b +0.90  1.14 b 

zRecommended sample size according to the International Standard Organization 
yA sample size of 0.5x = 200 cm3 for coir, peat, and perlite; 250 cm3 for pine bark. A sample size of 2x = 800 cm3 

for coir, peat, and perlite; 1,000 cm3 for pine bark. 

yMeans within material with different letters in each column are significantly different (α = 0.05). Means designated 

with the same letters or “ns” (not significant) are not significantly differently. 
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Figure 3.1. A nest of sieves (brass) and pan (steel) agitated by a Tyler Ro-Tap machine. 
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Figure 3.2. Variability in aperture size and obstructions within apertures may result in error 

when utilizing sieve for particle size analysis. (A) Damaged woven wire screens can decrease or 

increase aperture size beyond that of the tolerated deviation allowed in ASTM Standards. (B) 

Entrapped particles will diminish the percentage of open apertures. (C) Raised areas or 

depression on a sieve screen will result in poor sample distribution (photo credit David Suchoff).  
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Figure 3.3. Fibrous particles, like this Juniperus virginiana bark, commonly aggregate on a screen when agitated by a RoTap 

machine. This does not allow the material to be properly sorted for accurate particle size analysis. 
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Figure 3.4. Log-normal differential and cumulative particle size distributions of coir, peat, 

perlite, and pine bark determined by sieving with an agitation period of 5 mins. 
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Figure 3.5. Sieve rate for coir, peat, perlite, and pine bark. A sieve rate of 0.1 to 0.15 g/min may indicate the end point of sieving.
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Figure 3.6. Variation in distribution median of coir, peat, perlite, and pine bark with increasing 

agitation time.  
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Figure 3.7. Variation in distribution standard deviation of coir, peat, perlite, and pine bark with 

increasing agitation time.  
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Figure 3.8. Variation in mass relative span of coir, peat, perlite, and pine bark with increasing 

agitation time.  
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Abstract 

The characteristics of any substrate material can be attributed to its composition of particle 

characteristics. Sieve analysis is one of the most basic tests for fractioning particle sizes and the 

predominate method utilized for horticultural substrate characterization. However, advances in 

image analysis have improved particle shape and size analysis compared to sieve analysis. To 

better quantify particle shape and size, a Computer Particle Analyzer II (CPA) by W.S. Tyler 

Group was evaluated for its potential use in substrate science. Samples of known particle counts 

and dimensions were analyzed to determine the accuracy of CPA generated counts and 

measurements. Three different sand materials were analyzed to compare particle size 

distributions obtained from the CPA and traditional sieve analysis. The CPA consistently 

underestimated particle count, but this was negligible considering the slope (0.9889), intercept (-

0.33), and R2 values (0.99) associated with the linear model. Evidence of measurement error was 

recorded, yet the CPA measured particles with high fidelity and low relative error (<1.2%). 

Granulometric comparisons between projected area (mm2), volume (mm3), and mass (g) 

weighted distributions revealed similarities and differences. No observable trends were detected 
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by distribution weight. These findings indicate that dynamic imaging particle analysis, 

demonstrated by the CPA, offers an accurate and high-throughput method for particle size 

analysis, comparable to sieve analysis. The combination of image analysis and test sieving, may 

prove to be the most complete description of container substrates, lending valuable insight into 

the engineering and characterization of substrates materials. 
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4.1. Introduction 

The physical properties of substrates (e.g. bulk density and porosity) are, in major part, 

consequences of the particle size distribution (PSD) of the material (Anuca-Sanchez et al., 2008; 

Bunt, 1983; Pokorny and Henry, 1984). Additionally, differences in the hydrological properties 

of substrates (i.e. water holding capacity and hydraulic conductivity) are mostly defined by the 

different pore characteristics imparted by particle size and arrangement (Bunt, 1984; Gabriel et 

al., 2009; Jones and Or, 1998; Pokorny and Henry, 1984). Due to the influence of PSD in 

horticultural substrates, particle size analysis (PSA) is a common procedure utilized to evaluate 

substrate performance or ensure quality control. The widely used industry standard for 

characterizing PSD involves sieving, such as that outlined in a variety of standardizing 

organizations (i.e. ASTM D6913; EN 15428; ISO 3310-1). 

Sieve analysis is one of the most basic tests for fractioning particle sizes of aggregate 

materials and is the predominate method of PSA with horticultural substrates (Allen, 1997; 

Handreck, 1983; Nemati et al., 2009). Sieves are a unique tool that can sort a material solely 

based on particle size. Despite the familiarity and straightforward nature of conventional sieving, 

it has potential drawbacks, such as a lack of shape parameters, inaccurate measurements of 

irregularly shaped particles, potential for screen deterioration, attrition of the material, and the 

need for significant manual labor (Igathinathane et al., 2008). Though sieves have a long history 

of acceptance in the industry, alternative instruments could be evaluated for the industry to 

progress in the characterization of horticultural substrates. The utilization of digital image 

analysis has shown improvements in particle shape and size analysis compared to sieve analysis 

(Womac et al., 2007). The suitability of this technique has not been evaluated for horticultural 
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substrate components, though similar materials, such as corn stover and wheat straw, have been 

studied (Vaezi et al., 2013). 

In general, image analysis is a three-step process: 1) disperse a sample across a flat stage, 

making sure to separate individual particles, 2) use an image acquisition device to capture the 

sample digitally, and 3) utilize algorithms to process images and collect data. The benefits of 

image analysis are its capacity to utilize small sample quantities, provide a diverse range of 

characterization parameters (e.g. length, equivalent diameter, and maximum width), and deliver 

high repeatability (Fernlund, 2005; Paulrud et al., 2002; Vaezi et al., 2013). However, 

researchers have noted limitations due to the static nature of the image acquisition process 

(Fernlund et al., 2005; Paulrud et al., 2002). Dispersing the sample to acquire a quality image 

and, thus, quality data has been considered too time consuming to be a suitable production 

control technique (Paulrud et al., 2002). However, some commercially available instruments can 

perform all three steps simultaneously, thus providing dynamic imaging for particle analysis.   

W.S. Tyler’s parent company, Haver & Boecker, has developed a series of automated 

computerized particle analyzers (CPA) which differ slightly in size and preferable materials. The 

Computerized Particle Analyzer II is a self-contained device which houses an adjustable funnel, 

vibration feeder, conveyor, light source, line-scan camera, and sample catch basin (Fig. 4.1). A 

computer and proprietary software accompany the device, allowing the operator the flexibility to 

name the sample, determine which shape and size parameter(s) best characterize the material, 

and adjust the settings of the device before a sample is analyzed. Once the operator is ready, a 

sample can be loaded into the adjustable funnel. The height of the funnel will determine how 

much material is deposited on to the vibration feeder. The vibration feeder is a 6.4-cm wide 

metal channel with a gentle, downward pitch to the conveyor. The feeder vibrates [operator-
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selected setting from 0-21 (unitless)] to separate the particles, orient them in the most stable 

position, and gently load them onto the conveyor. The conveyor belt is 45 cm long and moves at 

constant 1 m/sec speed which propels each particle between a light source below the conveyor 

and a line-scan camera above the conveyor. The line-scan camera scans a line of 2,048 pixels 

(each pixel is 34 x 34 μm) up to 20,000 times per second. As a particle passes across the light 

source, it is detected by a drop in light intensity along the line of pixels and a digital image of the 

particle is produced and analyzed instantaneously. Once scanned, the material is collected in the 

catch basin.  

Data from a scanned sample is stored in .han and .ccd file format and can be viewed in 

two formats through the accompanying software. For each scanned sample, a particle library is 

created containing the identification number, image of each particle, and size parameters such as 

minimum and maximum Feret diameter (distance between the two parallel planes restricting the 

object perpendicular to that direction), length, width, length to width ratio, and equivalent 

diameter (diameter of a sphere with an equivalent parameter such as volume or surface area). 

The library also includes projected area, circumference, surface area, and volume calculated 

from each particle’s equivalent diameter or segmented rectangles models. Shape parameters 

listed for each particle include circularity, sphericity, roundness, and symmetry. Features such as 

size, circularity, and length to width ratio can be used to filter the particle library to deconstruct a 

material or exclude particles like dust which tend to float along the line of scanning pixels 

creating large streaks which could possibly skew data. In the Results Presentation tab of the 

software, a sample can be displayed according to size classes, similar to standard sieve series 

sizes. The operator can custom-select any number of size classes to analyze a material or use any 

of the standard sieve sizes such as the ISO or ASTM sieve series available in the software’s 
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interface. The data can be displayed in cumulative, passing or retaining, and differential 

distributions of the sample’s length, area, and volume. Selecting multiple samples allows the 

operator to compare sample distributions. Additionally, if further analysis is warranted, the data 

from each sample can be exported via .csv or .xls file format.  

The conveyor system and dynamic imaging of the CPA presents several challenges 

avoided by static image analysis. In both systems, touching particles results in erroneous particle 

counts and measurements. Static imaging allows the user the opportunity to manually separate 

particles at the cost of increased labor (Paulrud et al., 2002). Measuring particles in motion may 

reduce the accuracy of data obtained from instruments like the CPA. The ability of the CPA to 

accurately measure particles as they drop from the conveyor belt to the collection vessel is 

dependent on proper calibration and particle aerodynamics. The scan rate of the instrument 

should be properly calibrated to accurately scan the material(s). Proper calibration will allow the 

particle to travel ~34 µm, the height of each pixel, before each subsequent scan. With any new 

technical device, the results must be compared to traditional techniques, in this case, sieve 

analysis and hand measurements. The objective of this work was to systematically evaluate the 

accuracy of the CPA to count and measure particles and provide PSD results comparable to 

traditional methods.  

4.2. Materials and Methods 

4.2.1. Accuracy of CPA counts 

CPA counting accuracy was determined using hand counted tall fescue (Festuca 

arundinacea) and amaranth (Amaranthus palmeri) seed samples as a standard. The seed species 

were selected to determine if particle shape affected the CPA’s ability to count particles. In 

theory, spherical particles, like amaranth seeds, with a tendency to roll and bounce may be more 
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likely rejected as they bound beyond the camera’s range of measurement. Conversely, particles 

less spherical, like fescue seeds, would theoretically be less likely to roll and bounce but, due to 

their elongated shape, more likely to touch neighboring particles during measurement. Seeds 

were hand counted to 500; 1,000; 1,500; 2,000; 2,500; 3,000; 3,500; 4,000; 4,500; and 5,000 

quantities, and a minimum of five samples were prepared for each seed species at each quantity. 

The full data set was used to estimate parameters for a linear model describing the relationship 

between CPA count and hand count, described by the following equation:  

 !"#$%&'( = (+ × -+./$%&'() + 2   [1] 

Where CPAcount is the reported seed count produced by the CPA, Handcount is the seed number 

from hand counted samples, a is the slope, and b is the y-intercept.  

4.2.2. Accuracy of CPA measurements 

The accuracy of PSA is determined in the instruments ability to measure particle 

dimensions. To evaluate the CPA’s measurement accuracy, metal washers with a diameter of 

7.76 mm, 11.79 mm, and 17.70 mm were analyzed. If the analyzed particles appear elongated or 

shortened, the scan rate must be increased or decreased, respectively. A Feret diameter is a 

directional diameter measurement along the vertical axis which was used to evaluate the scan 

rate. Particle oscillation error is a result of the particle tilting along the measurement line. A 

Martin diameter is a direction diameter measurement along the horizontal axis which was used to 

evaluate the degree of error from particle oscillation.  

Each washer size was analyzed separately (n = 100). The mean and standard deviation of 

the Feret and Martin diameters for each washer diameter were recorded. CPA settings were held 

constant for all washer sizes. To compare the error associated with the CPA, the CPA measured 
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diameters were compared to hand measured diameters for each washer size. The relative error 

associated with each washer size was calculated using the following equation: 

 345+6784	4::;: = <=>??	@	AB'C??

AB'C??
× 100          [2] 

where !"#FF was measured Feret or Martin diameters in mm and -+./FF	was the hand 

measured diameter of washer in mm. 

4.2.3. Granulometric analysis 

Three sands of differing size distributions (materials obtained from T.H Blue Inc., Eagle 

Springs, NC) were analyzed via CPA and test sieves in order to compare distribution 

characteristic by method of analysis. The three sands will be referred to as “coarse”, “medium”, 

and “fine” sands from this point forward based on their relative size distributions. Mass weighted 

distributions were obtained via sieve analysis, the traditional method of PSA. Prior to sieving, 

the weights of each sieve (including the pan) were recorded. Samples were characterized by the 

following sieve sizes: 4, 2.8, 2, 1.4, 1, 0.71, 0.6, 0.425, 0.25, 0.18, 0.125, 0.063 mm. The nest of 

sieves was loaded into a Ro-Tap (Model B, W.S. Tyler, Mentor, OH) (278 oscillations and 150 

taps per min) and charged with a sample. Sample size for sieve analysis was 75 cm3 (n=5). Each 

sample was agitated for 10 mins. Sieves were cleaned by compressed air and reweighed 

following the analysis of each sample.  

Projected area (mm2) and volume (mm3) weighted size distributions were obtained from 

the CPA. Image analysis requires smaller samples sizes for analysis. The sample size for CPA 

analysis was 25 cm3 (n=5). Particles were sorted by width, the limiting dimension, into 

equivalent size classes to those used in sieve analysis. Commonly, size distributions are 

expressed by projected area, the raw form of data obtained by image analysis. However, by 

manipulating projected area data, size distributions can be expressed by alternative metrics. 
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Projected area data was transformed to a circle of equivalent area. The volume of an equivalent 

sphere was determined by the diameter of the equivalent circle. Thus, size distribution data were 

expressed by volume (mm3). Assuming particle density is consistent in each sand, volume 

weighted distributions should be comparable to mass weighted distributions. These assumptions 

may only be valid for spherical-form materials like sand as departure from this form may affect 

particle passage through a sieve aperture (Fernlund, 1998).  

Log-normal distributions of each sand were graphed as cumulative mass retained 

distributions. Cumulative retained mass fraction data were fitted using the Rosin-Rammler 

distribution function, a Weibull cumulative distribution function (Rosin and Rammler, 1933). 

The Rosin-Rammler function used is as follows: 

GH = 1 − 4(
JK
L
)M                      [3] 

where, GH is the cumulative retained mass as a fraction; NO is the particle size, calculated 

similarly to geometric mean length, assumed to be equivalent to the mean aperture size of the 

retaining sieve and the next larger sieve (mm); + is the Rosin-Rammler geometric mean length 

parameter (mm); and 2 is the dimensionless Rosin-Rammler skewness parameter. The particle 

size for any percentile of cumulative retained mass was calculated by rearranging Eq. [2] as 

follows: 

NO = +[−log	(1 − GH)]
U
M                          [4] 

From Eq. [4], the particle sizes in mm corresponding to 16%, 50%, and 84% cumulative retained 

mass were evaluated to compare distribution medians (D50) and standard deviations (D84-D16/2), 

an indicator of distribution width. However, the standard deviation includes only 68% of the 

distribution. Mass relative span, 3VF, is a dimensionless measure of distribution width and 
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considers 90% of the distribution (Allais et al., 2006). The mass relative span was calculated as 

follows: 

3VF = (NWX − NYX)NZX                            [5] 

where D10, D50, D90 are the particle diameters (mm) at the 10%, 50%, and 90% of the cumulative 

mass distribution, respectively.  

Skewness and kurtosis are descriptive characteristics of distribution shape. Skewness 

measures the degree of asymmetry of a normal distribution curve, and is indicative of whether 

distributions have exaggerated tails to the right (negative; skewed toward coarser particles) or the 

left (positive; skewed toward finer particles). Inclusive graphic skewness ([V\) was calculated 

from Folk (1974) and is as follows: 

[V\ =
]U^_]`a@b]cd
b(]`a@]U^)

+ ]c_]ec@b]cd
b(]ec@]c)

                                   [6] 

where D5 and D95 are the particle diameters (mm) at 5 and 95% cumulative mass retained, 

respectively. The interval between D5 and D95 should be exactly 2.44 times the interval between 

D25 and D75 on a normal distribution curve. Kurtosis represents the departure of a distribution 

from normality (Folk, 1974). Graphical kurtosis (fg) was calculated as follows: 

fg =
]ec@]c

b.ii(]jc@]kc)
                         [7] 

where D25 and D75 are the particle diameters (mm) at 25% and 75% cumulative mass retained, 

respectively.  

A non-linear regression procedure (PROC NLIN) was used to fit all cumulative 

distributions (SAS 9.4, SAS, Cary, NC). To compare mass, projected area, and volume weighted 

distributions, distribution median, standard deviation, mass relative span, graphical skewness, 

and graphical kurtosis means comparisons were produced using a generalized linear model 

procedure (PROC GLM) and were analyzed by sand size. All significances were at α = 0.05.  
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4.3. Results and Discussion  

4.3.1. Accuracy of CPA counts 

Particle counts generated by the CPA differed from hand-counted seed samples (P < 

0.0001). However, there were no differences between seed species. The relationship of CPA 

counts was described by a linear model with a slope of 0.9889 and an intercept of -0.3308 (Fig. 

4.2). The coefficient of determination was close to 1 (R2=0.99), indicating consistency in 

counting samples ranging from 500 to 5,000 particles. The linear model predicted a slope that 

was less than 1, indicating that CPA counts underestimate sample counts. Of the 100 samples 

analyzed, 99 samples reported fewer seeds from CPA counts. This trend is attributed to the two 

sources of error in particle counts, touching and rejected particles. However, the underestimation 

of CPA counts was negligible considering the slope, intercept, and R2 values associated with 

linear model. These findings indicate that the CPA offers an accurate determination of sample 

particle count. However, the results may differ for materials of contrasting shapes and 

characteristics. For example, a moist sample will inherently aggregate, possibly reducing the 

accuracy of the instrument to properly count particles. It is difficult to recommend an appropriate 

moisture content for sample preparation prior to image analysis as it may vary by the material 

and the objective of the study. Particle agglomeration may also result from surface texture or 

shape characteristics. More fibrous materials may require the operator to tease apart aggregates 

for accurate characterization. 

4.3.2. Accuracy of CPA measurements 

The CPA was capable of measuring particles with high fidelity (Table 4.1). Feret 

diameter was measured most accurately for washers with a diameter of 11.79 mm (0.02% error). 

These results indicate the scan rate of the instrument was ideal for the 11.79 mm washers. As 
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particle diameter decreased, the relative error in measured horizontal diameter (Feret diameter) 

increased from -0.18% to 1.18%. The overestimation of the smallest washer size could be 

attributed to the lower velocity at which it fell from the conveyor belt and across the 

measurement line. Additionally, the relative error in measurement is theoretically likely to 

increase as particle size decreases and nears the dimension of a pixel (34 x 34 μm). For example, 

a miscalculation of one pixel will result in a larger relative error for a particle with a diameter of 

1 mm than 10 mm. Martin diameters were consistently underestimated, an indication of particle 

oscillation along the horizontal axis. As washer diameter decreased, the relative error in CPA-

measured Martin diameters expanded from -0.66% to -0.92%. Again, this difference could be 

attributed to the increase in relative error associated with a miscalculated pixel as particle size 

decreases. Regardless of washer size, the CPA was capable of measuring particle dimensions 

with relatively low error, typically <1%, and high fidelity.  

4.3.3. Granulometric comparison 

The results obtained from PSA of each sand grade were expressed as cumulative retained 

distribution curves (Fig. 4.3). Each sand demonstrated characteristics of a typical log-normal 

distribution. Positive skewness is apparent in the coarse sand from the exaggerated left tails, 

indicative of excess coarse particles. Conversely, a slight negative skewness is detectable in the 

fine sand from the exaggerated right tail, indicative of excess fine particles. The distributions 

within each sand grade, weighted by mass (gram), projected area (mm2), and volume (mm3), 

appear visually similar, except for the coarse sand grade.  

Means separation of distribution medians, standard deviation, and mass relative span 

indicated differences in distribution characteristics by distribution weight (Table 4.2). In coarse 

sand, volume and mass weighted distributions medians were similar, but the projected area 
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weighted distribution median was 0.75 mm smaller, the largest difference among sand grades. 

The cause of this difference is unknown. In medium sand, no differences were recorded in CPA 

generated distribution means, yet both were larger than the mass weighted distribution median of 

0.55 mm. In fine sand, projected area and mass weighted distributions were similar, 0.32 mm and 

0.34 mm, respectively. Distribution breadth, indicated by the standard deviation and mass 

relative span, was different in coarse and fine sand by distribution type. However, no discernable 

trends were observed.  

Coarse and medium distributions yielded strongly positive-skewed distributions as most 

values for each distribution exceeded +0.30 (Folk, 1974). The mass weighted distribution of 

medium sand exhibited a slightly positive-skewed distribution, indicating a more balanced 

distribution of fine and coarse particles around the median. Fine sand distributions yielded 

strongly negative-skewed distributions. Means separation of skewness followed a grouping 

similar to distribution median and, hence, no trends by distribution weight were observed. 

Graphical kurtosis values indicate that all distributions, regardless of weight, reflect mesokurtic 

(normal) distributions.   

4.4. Conclusion 

These findings indicate that dynamic imaging particle analysis, demonstrated by the 

CPA, offers an accurate and high-throughput method for PSA. The error accrued by the 

instrument in considerably less than the tolerated error allowed by ASTM standards for the sieve 

analysis of soils, 5% (ASTM D6913). These results do not explicitly support the use of particle 

analyzers for the characterization of heterogeneous substrates but, instead, highlight the potential 

advantages of image analysis instruments for future work in substrate characterization. The 

combination of image analysis and test sieving, may prove to be the most complete description 
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of container substrates, lending valuable insight into the engineering and characteristics of 

substrates materials. 
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Table 4.1. Accuracy of the Computer Particle Analyzer II with respect to directional diameter 

measurements, Feret and Martin, of metal washers. 

Washer 
diameter 

 Feret diameter 
(mm) 

Relative errory 
(%) 

 Martin diameter 
(mm) 

Relative error 
(%) 

7.76 mm Meanz   7.85 1.18    7.69 -0.92 
SD   0.09 1.13    0.06  0.82 

11.79 mm Mean 11.79 0.02  11.69 -0.89 
SD   0.11 0.91    0.11  0.96 

17.70 mm Mean 17.67 -0.18  17.58 -0.66 
SD   0.09  0.53    0.04  0.24 

zMeans and standard deviation (SD) generated (n = 100) using output from a MEANS procedure in SAS 9.4. 

yRelative error for Feret and Martin diameters were expressed as a percent, relative to the true diameter. Relative 

error was determined using Equation 2.  
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Table 4.2. Median, standard deviation, mass relative span, graphical skewness, and graphical 

kurtosis of particle size distributions of coarse, medium, and fine grade sands weighted by 

sample projected area (mm2), volume (mm3), and mass (grams). 

Grade 
sand 

Distribution 
weightz 

Median 
(mm) 

Standard 
deviation 

(mm) 

Mass  
relative  
spany 

Graphical 
skewnessx 

Graphical 
kurtosisw 

Coarse 
 mm2v 1.04 bu 0.89 b 2.24 a +0.81 c 1.01 a 
mm3 1.79 a 0.99 a 1.41 b +1.21 b 0.96 b 

g 1.79 a 0.77 c 1.09 c +1.43 a 0.96 b 

Medium 
mm2 0.60 a 0.18 ns 0.79 ns +0.42 b 0.97 ns 
mm3 0.65 a 0.18  0.70  +0.64 a 0.98  

g 0.55 b 0.17  0.78  +0.23 c 0.97  

Fine 
mm2 0.32 b 0.13 c 1.05 b -1.07 c 0.96 ns 
mm3 0.40 a 0.19 a 1.22 a -0.31 a 0.96  

g 0.34 b 0.16 b 1.20 a -0.74 b 0.96  
zDistributions weighted by projected area (mm2) and volume (mm3) were determined by a computerized particle 

analyzer. Distributions weighted by mass (g) were determined by sieve analysis.  
yMass relative span is a dimensionless measure of distribution width.  

xSkewness measures the degree of asymmetry of a normal distribution curve. 

wKurtosis represents the departure of a distribution from normality. 

ySample size = 25 cm3 for area and volume weighted distributions. Samples size = 75 cm3 for mass weighted 

distributions. 

xMeans within material with different letters in each column are significantly different (α = 0.05). Means designated 

with the same letters or “ns” (not significant) are not significantly differently. 
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Figure 4.1. A computerized particle analyzer by Haver Boecker (parent company of W.S, Tyler), similar to the instrument utilized in 

this study to obtain dynamic imaging particle analysis.
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Figure 4.2. Linear relationship comparing hand counted and computerized particle analyzer (CPA) counted samples of fescue (Festuca 

arundinacea) and palmer amaranth seeds (Amaranthus palmeri). The slope of the fitted line was 0.9889 and indicates a consistent under 

estimation of count by the CPA. A perfect linear correlation with a slope of 1 and an intercept of 0 is denoted by a black dashed line. 
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Figure 4.3. Particle size distribution of three sands. Distributions weighted by projected area 

(mm2) and volume (mm3) were determine by a computerized particle analyzer. Distributions 

weighted by mass (gram) were determined by sieve analysis (agitated by a Ro-Tap shaker for 10 

mins).  
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Abstract 

The particle characteristics of aggregate materials, such as soilless container substrates, can 

affect the physical and chemical properties of the material. Image analysis is a commonly 

applied technique to characterize the particle shape and size of many agricultural materials but 

has been widely used for substrates. A computerized particle analyzer (CPA) was used to 

provide descriptive shape (i.e. elongation, circularity, and roundness) and size analysis of 

coconut coir, sphagnum peat, perlite, and pine bark substrate components. Particle size 

distributions weighted by area (mm2) and volume (mm3), generated by the CPA, were compared 

to those generated from traditional mechanical sieving. Coir and pine bark particle shapes were 

classified as slightly to moderately elongated (L:W of 1.25-2.5), with moderate to high 

circularity, and sub rounded to rounded shape. Perlite particles were the most uniform, consisting 

of slightly elongated, high circularity, and rounded particles. Peat can be considered the most 

fibrous with >14.5% of its composition comprised of particles with extreme elongation, very low 

circularity, and very angular shape. Visually, distributions weighted by mass, area, and volume 

appeared similar in shape and location with few exceptions. Though visually similar, means 
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separation of distribution medians, standard deviations, and mass relative spans indicated 

differences in distribution characteristics by distribution weight within each substrate. For each 

substrate, distributions followed an area, mass, volume order from least coarse to most coarse. 

The considerable discrepancy between pine bark and peat distributions are indicative of 

interactions attributed to their distinct particle shape and form. Evidence was presented of 

varying aspect ratios in pine bark by particle size. It was theorized that the aspect ratio of pine 

bark particles increased as particle size increased, resulting in a volume weighted size 

distribution erroneously skewed toward coarse particles. Larger peat particles (width >1 mm) 

were observed to be more circular in shape, and more elongated, fibrous particles were observed 

in finer size classes (<1 mm). Due to the differences in surface area to volume ratio of these 

particles, the area weighted distributions of peat were generated appropriately and skewed 

toward finer particle sizes. These preliminary results demonstrate the importance of 

characterizing substrate particle shapes in combination with size. Although size distributions 

from both methods can be affected by particle shape, understanding the influence of particle 

shape by method provides a more complete description and comprehensive understanding of 

substrate materials. 
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5.1. Introduction 

Soilless container cultivation is unique in that the rooting environment can be 

engineered/created for specific characteristics rather than amended and maintained as for soil-

based cultivation. The capacity to design rooting environments within the confined space of a 

container may allow for greater precisions of production inputs like water and nutrients. The 

materials (substrates) which serve as a medium to support plant growth can be described as 

aggregate materials. As such, soilless container cultivation is subject to many of the same 

principles which govern the physical and chemical properties in mineral soil and biomaterial 

systems. A principle component in the description of aggregate materials is particle size analysis 

(PSA), an evaluation of the dimensional and morphological characteristics of particulate 

materials (ASTM, 2009; ASABE, 2017; Day, 1965; Reviv and Lieth, 2008). 

Particle size distributions (PSD) can be obtained by a variety of analytical methods, such 

as traditional mechanical sieving, laser diffraction, and image analysis. Sieve analysis is the 

predominate method utilized for PSA of horticultural substrates (Handreck, 1983; EN, 2007; 

Reviv and Lieth, 2008). However, as discussed in Chapter 2, mechanical sieving is associated 

with numerous drawbacks, e.g. number of available standard sieves (56 sieves) is finite, the tests 

are time consuming, and the selection of a sieve set involves guesswork (Igathinathane et al., 

2008a). Additionally, mechanical sieving is reported to provide an unbalanced separation of 

particles, resulting in variable retention rates of elongated particles (Igathinathane et al., 2009; 

Womac et al., 2007). Womac et al. (2007) stated that measured particle length, compared to 

computed length, may vary up to 5 times for knife-milled ground switchgrass, wheat straw, 

and corn stover. This “fall-through” effect was attributed to the ability of elongated particles to 

pass finer screen apertures. As a result, mechanical sieving was considered an inappropriate 
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method for the separation of biomass materials (Vaezi et al., 2013). Considering the diversity of 

horticultural substrates, mechanical sieving, despite its acceptance, may not appropriately serve 

the purpose of characterizing and sorting substrate particles by shape and size.  

More advanced methods, such as laser diffraction, provide PSA of particles with a 

measuring area <2 mm. As with many indirect methods of particle characterization, the particles 

are assumed to be spherical, which may not be the predominant shape of substrate particles 

(Paulrud et al., 2002). Computer-based digital imaging is a widely utilized and accepted 

alternative approach to PSA and shape identification (Igathinathane et al., 2008b). Requirements 

for computer vision-based image processing are an image acquisition device and image 

processing algorithms. Image capturing can be done using either a charge coupled camera (Kwan 

et al., 1999; Visen et al., 2004), a flatbed scanner (Shahin et al., 2006), or a dynamic imaging 

particle analyzer, such as a computerized particle analyzer (CPA). If proprietary processing 

software doesn’t accompany the imaging systems, researchers have utilized free, open source 

software, such as Image-J, for image analysis (Igathinathane et al., 2008b; Igathinathane et al., 

2009; Vaezi et al., 2013). Issues regarding image analysis can include poor contrast between 

stage and particles, the arrangement of particles, dusty materials, and the time-consuming nature 

of static imaging analysis (Igathinathane et al., 2009; Paulrud et al., 2002; Shahin and Symons, 

2005; Wang and Paliwal, 2006; Vaezi et al., 2013). The advantages of computer-based image 

analysis comprise of large repeatability, small required sample sizes, robustness of 

characterization metrics, and non-destructive nature compared to traditional techniques (Shahin 

and Symons, 2005; Sun and Brosnan, 2002; Vaezi et al., 2013). 

Digital image analysis has been utilized to determine seed size uniformity of soybean and 

wheat (Pearson and Brabec, 2006; Shahin et al., 2006); perform leaf area measurement (Li et al., 
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2007); digitally simulate sieve analysis by biomass particle length (Igathinathane et al, 2009); 

and analyze the impact of particle shape and size with respect to flowability (Vaezi et al., 2013). 

As a result, the applicability of the technique for PSA is well established for agricultural 

materials. However, the suitability of the technique has not been evaluated for horticultural 

substrates. Utilizing a CPA and accompanying software, the present research aimed to compare 

PSDs of substrates generated from traditional mechanical sieving to those from image-based 

analysis. Additionally, shape parameters, such as elongation, circularity, and roundness, were 

evaluated to provide material specific shape characteristics. 

5.2. Materials and Methods 

5.2.1. Materials and sampling 

The substrate components evaluated are as follows: sphagnum peat (BPP; Berger, Saint-

Modeste, QC, Canada), pine bark (PM2; 0.32 cm screened, aged bark; Pacific Organics, 

Henderson, NC), coconut coir (Oldcastle Lawn and Garden; Atlanta, GA), and perlite (Krum 

Horticultural Perlite; Carolina Perlite Company, Gold Hill, NC). The sample size for each material 

was 200 cm3 (n = 3). This sample size was suitable for consistent results by image analysis and 

sieve analysis.  Prior to analysis, the samples were oven dried at 105 °C for 72 hours. 

5.2.2. Particle size analysis 

Twelve sieves plus a plan were utilized for sieve analysis. The range of sieve sizes was 

determined by sieving preliminary samples. Coir, peat, and perlite samples were characterized by 

the following sieve sizes: 5.6, 4, 2.8, 2, 1.4, 1, 0.71, 0.5, 0.355, 0.25, 0.18, 0.125 mm. Pine bark, 

being more coarse, was characterized by the following sieve sizes: 8, 5.6, 4, 2.8, 2, 1.4, 1, 0.71, 

0.5, 0.355, 0.25, 0.18 mm. Prior to sieving, the weights of each sieve (including the pan) were 

recorded. The nest of sieves was loaded into a Ro-Tap (Model B, W.S. Tyler, Mentor, OH) and 
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charged with a sample. The samples were agitated (278 oscillations and 150 taps per minute) for 

10 mins. The fraction residue retained in each sieve were recorded. The materials retained in 

each sieve were carefully recovered. Sieves were cleaned by compressed air and reweighed 

following the analysis of each sample. 

Following sieve analysis, the recovered samples were subjected to image analysis. 

Image-generated data were obtained from a CPA (Computerized Particle Analyzer II; W.S. 

Tyler, Mentor, OH). The instrument can be considered a dynamic imaging particle analyzer as 

opposed to static imaging systems, such as flatbed scanners or charged coupled cameras. The 

CPA utilizes a conveyor system which propels particles between a light source and a line scan 

camera. The line-scan camera scans a line of 2048 pixels (each pixel is 34 x 34 μm) up to 20,000 

times per second. As a particle passes across the light source, it is detected by a drop in light 

intensity along the line of pixels and a digital image of the particle is produced and analyzed 

instantaneously. However, there are limitations to the technique. It was observed that fine 

particles, those captured in sieves with apertures <0.035 mm, were problematic. Their size 

limited the conveyor’s capacity to propel the particle across the measurement line. Instead, these 

particles contributed erroneous data as they floated along the scanning line before settling on the 

light source located below the conveyor belt. To maintain data integrity, only the particles 

captured in ≥0.35 mm sieve sizes were utilized for analytical comparisons.  

Variation in particle shape characteristics are important to consider when identifying the 

inherent characteristics or the influence of engineering processes (Igathinathane et al., 

2008b; Vaezi et al., 2013; Viamajala et al., 2009). Three shape factors included in the CPA’s 

robust analysis were length to width ratio (L:W), circularity, and roundness. L:W ratio represents 

the ratio between major and minor axis dimensions. Circularity is defined as the ratio of the 
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circumference of a circle of equal area to the projected area of the particle. As the circularity 

value approaches from 1.0 (a perfect circle) to 0.0, it indicates an increasingly elongated 

polygon. The classification of particles by L:W ratio and circularity follow with the class system 

described in Blott and Pye (2008). Particle roundness has been characterized by numerous 

expressions to describe the shape of the corners of sedimentary particles (Blott and Pye, 2008). 

However, the CPA determined roundness as the ratio between the maximum inscribed and 

minimum circumscribed circles. The classification of particles by roundness follows the class 

system described by Powers (1953). 

Standard screening employs several sieves and measures the weight of materials retained 

on each sieve. Image analysis determines the number of particles by a given dimension through 

the entire range of particles, which is considered as a weighting factor in PSA. To compare the 

results obtained from image analysis to mechanical sieving, imaged particles were sorted into 

size classes (digital sieves) by maximum width, defined as the dimension orthogonal to the 

maximum extension (length). Maximum width was selected because it is the limiting dimension 

by which a particle is retained by a sieve aperture (Allen, 1997). Size classes can be selected 

within the CPA’s accompanying software to mirror sieve sizes. The weight of PSDs generated 

by image analysis is frequently expressed in area (mm2). The area of a particle is defined as the 

projected area of the particle in its stable position (Kwan et al., 1999). Through the CPA’s 

accompanying software, area fractions are converted to volume fractions using a segmented 

rectangular model based on the assumption that particle height = width. Although this 

assumption is often incorrect, the error in calculated volume can be distributed proportionally if 

the particles have similar shape characteristics, specifically, aspect ratio (ratio of particle width 

to height) (Mora et al., 1998). Fibrous, hook-shaped particles were misclassified under these 
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pretenses, resulting in exorbitant volumes for a small number of particles in coir (Fig. 5.1). These 

particles (10 to 25 in number for each sample) were digitally removed. Thus, PSDs weighted by 

mass (g), area (mm2), and volume (mm3) were generated for each material. 

5.2.3. Statistical analysis 

Log-normal distributions of each sample were graphed as cumulative mass retained 

distributions. Cumulative retained mass fraction data were fitted using the Rosin-Rammler 

distribution function, a Weibull cumulative distribution function (Rosin and Rammler, 1933). 

This distribution function was considered the most effective distribution function for the 

characterization of biomaterials for PSD derived from sieve and image analysis (Bitra et al., 

2009; Vaezi et al., 2013). The Rosin-Rammler function used is as follows: 

!" = 1 − &(
()
* )

,
                        [3] 

where, !" is the cumulative retained mass as a fraction; -. is the particle size, calculated 

similarly to geometric mean length, assumed to be equivalent to the mean aperture size of the 

retaining sieve and the next larger sieve (mm); / is the Rosin-Rammler geometric mean length 

parameter (mm); and 0 is the dimensionless Rosin-Rammler skewness parameter. The particle 

size for any percentile of cumulative retained mass was calculated by rearranging Eq. [2] as 

follows: 

	-. = /[−log	(1 − !")]
7
,                            [4] 

From Eq. [4], the particle sizes in mm corresponding to 16%, 50%, 84% cumulative retained 

mass were evaluated to compare distribution medians (D50) and standard deviations (D84-D16/2), 

an indicator of distribution width. However, the standard deviation includes only 68% of the 

distribution. Mass relative span, 89:, is a dimensionless measure of distribution width and 
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considers 90% of the distribution (Allais et al., 2006). The mass relative span was calculated as 

follows: 

89: = (-;< − -=<)-><                           [5] 

where D10, D50, D90 are the particle diameters (mm) at the 10%, 50%, and 90% of the cumulative 

mass distribution, respectively.  

Skewness and kurtosis are descriptive characteristics of distribution shape. Skewness 

measures the degree of asymmetry of a normal distribution curve. Its sign is indicative of 

whether distributions have exaggerated tails to the right (negative; skewed toward coarser 

particles) or the left (positive; skewed toward finer particles). Inclusive graphic skewness (?9@) 

was calculated from Folk (1974) and is as follows: 

?9@ =
A7BCADEFGAHI
G(ADEFA7B)

+ AHCAKHFGAHI
G(AKHFAH)

                                    [6] 

where D5 and D95 are the particle diameters (mm) at 5% and 95% cumulative mass retained, 

respectively. The interval between D5 and D95 should be exactly 2.44 times the interval between 

D25 and D75 on a normal distribution curve. Kurtosis represents the departure of a distribution 

from normality (Folk, 1974). Graphical kurtosis (LM) was calculated as follows: 

LM =
AKHFAH

G.OO(APHFAQH)
                                  [7] 

where D25 and D75 are the particle diameters (mm) at 25% and 75% cumulative mass retained, 

respectively.  

Relative error is calculated to compare relative differences between distribution 

parameters, such as median. It was calculated using the following equation: 

 8&R/STU&	&VVWV = XYZ@[\]	F	XYZ@[\^
XYZ@[\^

× 100       [8] 
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where !&aT/bc is the median value of an area weighted distribution and !&aT/bd is the median 

value of a volume weighted distribution. 

A non-linear regression procedure (PROC NLIN) was used to fit all cumulative 

distributions (SAS 9.4, SAS, Cary, NC). To compare mass, area, and volume weighted 

distributions, distribution median, standard deviation, mass relative span, graphical skewness, 

and graphical kurtosis means comparisons were produced using a generalized linear model 

procedure (PROC GLM) and were analyzed by substrate. All significances were at α = 0.05. 

5.3. Results and Discussion 

5.3.1. Particle shape characteristics 

The packing and arrangement of particles, both spherical and non-spherical in nature 

have been studied extensively (Chou et al., 2006; Yu and Zou, 1996; Zou et al., 1997). The 

synthesis of these endeavors is that particle shape is dominant in the packing characteristics of 

particulate materials. Indeed, the differences in the physical and hydrological properties of 

substrates (i.e. bulk density, water holding capacity, and hydraulic conductivity) have been 

attributed to the different pore characteristics imparted by particle arrangement and size (Anicua-

Sanchez et al., 2008; Bunt, 1983; Gabriel et al., 2009). As a result, the particle shape 

characteristics of coir, peat, perlite, and pine bark are an important piece of information in 

addition to particle size. The percent of sample area attributed by each shape factor class is 

shown in Tables 5.1-5.3. Of the four materials, coir and pine bark were most similar. The 

majority of coir and pine bark particles were slightly to moderately elongated (L:W of 1.25-2.5), 

with moderate to high circularity, and sub rounded to rounded shape. With >50% of its 

composition classified as slightly elongated, with high circularity, and rounded shape, perlite was 

the most homogeneous of the tested materials. Conversely, peat was the most heterogenous and 
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was comprised of a broad of range of particle shapes. Of the four materials, peat can be 

considered the most fibrous with >14.5% of its composition comprised of particles with extreme 

elongation, very low circularity, and very angular shape.  

Images of the most frequent particle shapes for each material by shape factor can be seen 

in Fig. 5.2-5.4. The same trend in particle shape can be seen for elongation, circularity, and 

roundness. As particle shape departs from a perfect circle, particle L:W increases and circularity 

and roundness decreases. The similarities observed between circularity and roundness can be 

attributed to the methods used to derive each value. The CPA determined roundness as the ratio 

between the maximum inscribed and minimum circumscribed circles. This definition is also 

utilized to describe particle circularity in sedimentology (Blott and Pye, 2008; Riley 1941). 

Alternative methods to characterize the smoothness of a particle’s perimeter are discuss in Blott 

and Pye (2008). However, images obtained by the CPA are non-transferable and, therefore, 

could not be used to determine roundness by alternative measures. 

5.3.2. Particle size distributions 

Size distributions are commonly expressed as a plot of particle frequencies by particle 

dimension, a histogram. Alternatively, size distributions can be expressed as a cumulative 

fraction by particle dimension, a summation curve. Cumulative distributions provide information 

of particle dimensions graphically, comparable to histograms, and enable several distribution 

related parameters to be derived, such as the median and distribution breadth. Thus, the results 

obtained from PSA of coir, peat, perlite, and pine bark were expressed as cumulative retained 

distribution curves, as seen in Fig. 5.5. Each distribution demonstrated characteristics of a typical 

log-normal distribution. Visually, distributions weighted by mass, area, and volume appear 

similar in shape and location with few exceptions.  
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Though visually similar, means separation of distribution medians, standard deviations, 

and mass relative spans indicated differences in distribution characteristics by distribution weight 

within each substrate (Table 5.4). Similar trends between mass, area, and volume weighted 

distributions were observed in Chapter 3 with various grades of sands. For each substrate, 

distributions followed an area, mass, volume order from least coarse to most coarse. For 

example, distribution median values for area, mass, and volume weighted distributions for coir 

were 0.77, 0.83, and 1.11 mm, respectively. A similar trend was observed for graphical 

skewness. Volume weighted distributions were most heavily skewed toward coarse particles. 

Area weighted distributions were the least skewed toward coarse particles, though still positively 

skewed. The mass relative span for volume and mass weighted distributions were similar for 

coir, peat, and perlite, indicating that they had a similar slope around the median.  

The relationship between surface area to volume ratio and particle size may explain the 

trends observed in distribution median and graphical skewness. As particle size decreases, 

surface area to volume ratio of particles increases, skewing area weighted distributions toward 

fine particles. As particle size increases, surface area to volume ratio decreases, skewing volume 

weighted distributions toward coarse particles. The relative differences between area and volume 

weighted distribution medians were lowest for coir, 25%, and perlite, 37% (Eq. 8). The relative 

difference between area and volume weighted distributions medians were greatest for pine bark 

and peat, both 59%. The considerable discrepancy between pine bark and peat distributions are 

indicative of interactions attributed to their distinct particle shape and form.  

Pine bark, though similar in shape to coir, can be considered a platy material created by 

layers of periderm and crushed phloem. Two pine bark particles, one coarse and one relatively 

fine, were selected from a sample, measured by digital caliper, and analyzed by the CPA. The 
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results and images of the two particles are displayed in Fig. 5.6. The calculation of particle 

volume from a two-dimensional image assumes particles from the same source have similar 

shape characteristics, specifically, aspect ratio. However, particles A and B have different aspect 

ratios, 4.1:1 and 2.6:1, respectively. The volume for each particle was calculated by projected 

area and height, measured by digital caliper. The CPA generated volumes for particle A and B 

were 2,495.63 mm3 and 17.94 mm3, respectively. The relative error between volume and CPA 

volume was 60.5% for particle A and 53.2% for particle B. As a result, volume measurements 

generated from the CPA are disproportionately skewed toward particle A and other particles with 

high aspect ratios. If the aspect ratio of pine bark particles increased as particle size increased, 

the resulting volume weighted size distribution would be strongly skewed toward coarse 

particles. The relationships between mass, area, and volume weighted distributions of pine bark 

indicate this scenario is plausible.  

The relationships between mass, area, and volume weighted distributions of peat differed 

from that of pine bark. Volume and mass weighted distributions of peat showed similar 

agreement. Area weighted distributions were heavily skewed toward fine particles relative to 

volume and mass weighted distributions. As previously stated, peat is comprised of diverse 

particle shapes. Of the evaluated substrates, peat had considerably more elongated particles. The 

surface area to volume ratio of fibers is greater than that of a sphere. It was observed that larger 

peat particles (width >1 mm) were more circular in shape, like the “slightly elongated” particles 

depicted in Fig. 5.2. More elongated, fibrous particles were observed in finer sieve seizes (<1 

mm). If the distribution of particle shapes varied by particle size (width), area weighted 

distributions would be skewed toward size classes which contained particles with greater surface 

area to volume ratios. The relationships between mass, area, and volume weighted distributions 
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of peat indicate that it is likely that particle L:W ratio increased as particle width decreased. 

Therefore, the area weighted distributions observed for peat were not erroneous, but indicative of 

the actual area weighted distribution of peat. 

5.4. Conclusion 

Though sieves have a long history of acceptance in the industry, digital imaging particle 

analysis was shown to provide improvements to substrate particle shape and size analysis 

compared to sieve analysis. These preliminary results demonstrate the importance of 

characterizing substrate particle shapes. The likeness of coir to pine bark regarding particle shape 

was unexpected, as coir is typically likened to peat. However, the differences between particle 

shape (two-dimensional) and form (three-dimensional) should be noted. To improve substrate 

shape characterization, future research should take advantage of more robust analytical software, 

such as ImageJ. The size distributions generated from image analysis compared well with those 

from sieve analysis. Information derived from volume weighted size distributions obtained from 

two-dimensional image analysis should be utilized with caution as variations in particle aspect 

ratio can errantly skew distributions. These results demonstrate that image analysis is well 

equipped to aid in the refinement and engineering processes of substrate development. However, 

it should be noted that both measurement techniques, mechanical sieving and image analysis, can 

be affected by particle shape and size. As discussed in Chapters 1 and 2, sieve analysis, a rather 

crude method of particle characterization, is affected by particle length and agitation time. These 

results also demonstrate that image analysis, though more advanced and robust in particle 

characterization, can be affected by hooked-shaped fibrous particles and platy materials. 

Understanding how shape and size influence PSA for each method provides a more complete 

description and comprehensive understanding of the materials.  
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Table 5.1. Classification of substrate components by their degree of particle 

elongation, expressed as the length to width ratio (L:W) of the particle.z 

    Elongation (L:W) 
   

    1    1.25    1.67    2.5    5    ∞ 
                              

Material  Not Slightly Moderately Very Extremely 
Coir  12.30%y 37.27% 31.87% 12.74% 05.77% 
Peat  06.91% 23.69% 29.13% 23.91% 16.36% 
Perlite  25.78% 51.38% 19.11% 01.95% 01.77% 
Pine bark  12.24% 35.41% 33.74% 15.37% 03.23% 
zBased on the classification system described in Blott and Pye (2008). 

yPercent composition was determined as the projected area of particles within a form class divided by 

the projected area of the sample, multiplied by 100. 
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Table 5.2. Classification of substrate components by their degree of particle 
circularity.z 

    Circularity 
   

    0    0.45    0.63    0.75    0.9    1 
                              

Material  Very low Low Moderate High Very high 
Coir   07.09%y 06.85% 29.76% 52.55% 03.74% 
Peat  14.57% 23.81% 37.36% 23.06% 01.20% 
Perlite  01.40% 00.66% 04.88% 68.44% 24.62% 
Pine bark  01.67% 06.28% 26.43% 63.37% 02.26% 
zCircularity was defined as the ratio of the circumference of a circle of equal area to the projected area 

of the particle. A value of 1.0 (a perfect circle) to 0.0 indicates an increasingly elongated polygon. 

yBased on the classification system described in Blott and Pye (2008). 

vPercent composition was determined as the projected area of particles within a form class divided by 

the projected area of the sample, multiplied by 100. 
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Table 5.3. Classification of substrate components by their degree of particle roundness.z 

     Roundness 
       

    0    0.17    0.25    0.35    0.49    0.7    1 
                                    

Material  Very 
angular Angular 

Sub 
angular 

Sub 
rounded Rounded 

Well 
rounded 

 

Coir   08.03%y 03.66% 09.79% 29.21% 45.24% 04.07%  

Peat  19.46% 12.04% 17.73% 25.54% 22.86% 02.37%  

Perlite  01.72% 00.32% 01.52% 11.05% 58.33% 27.06%  

Pine bark  03.66% 04.90% 10.86% 27.85% 45.43% 07.30%  

zRoundness was defined as the ratio between the maximum inscribed and minimum circumscribed circles.  

yBased on the classification system described in Powers (1953).  
vPercent composition was determined as the projected area of particles within a form class divided by the 

projected area of the sample, multiplied by 100. 
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Table 5.4. Median, standard deviation, mass relative span, graphical skewness, and graphical 

kurtosis of particle size distributions of coconut coir, peat, perlite, and pine bark substrates by 

sample mass (g), projected area (mm2), volume (mm3). 

Grade 
sand 

Distribution 
weightz 

Median 
(mm) 

Standard 
deviation 

(mm) 

Mass  
relative  
spany 

Graphical 
skewnessx 

Graphical 
kurtosisw 

Coir 
 g v 0.83 bu 0.50 b 1.54 a +0.71 b 0.96 ns 

mm2 0.77 b 0.40 b 1.32 b +0.67 c 0.96  
mm3 1.11 a 0.69 a 1.59 a +0.91 a 0.97  

Peat 
g  1.43 b 1.48 b 2.71 a +0.90 b 1.05 a 

mm2 0.72 c 0.41 c 1.46 b +0.60 c 0.96 b 
mm3 1.76 a 1.85 a 2.74 a +0.95 a 1.05 a 

Perlite 
g  1.86 b 1.13 b 1.54 b +1.16 b 0.96 b 

mm2 1.34 c 0.97 c 1.85 a +0.95 c 0.98 a 
mm3 2.14 a 1.24 a 1.47 b +1.24 a 0.96 b 

Pine bark 

g 2.28 b 2.32 a 2.65 b +1.01 b 1.04 b 
mm2 1.57 c 1.66 b 2.78 a +0.92 c 1.06 a 
mm3 3.85 a 2.30 a 1.52 c +1.37 a 0.96 c 

zDistributions weighted by mass (g) were generated by mechanical sieving. Distributions weighted by projected 

area (mm2) and volume (mm3) were generated by a computerized particle analyzer.  
yMass relative span is a dimensionless measure of distribution width.  

xSkewness measures the degree of asymmetry of a normal distribution curve. 

wKurtosis represents the departure of a distribution from normality. 

vSample size = 200 cm3 for area and volume weighted distributions. One particles retained in a 0.355 mm sieve or 

greater were considered for analysis. 

uMeans within material with different letters in each column are significantly different (α = 0.05). Means designated 

with the same letters or “ns” (not significant) are not significantly differently. 
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Figure 5.1. Examples of hook-shaped, fibrous particles images from coconut coir. Particles A 

and B were attributed 7% of the total calculated volume of the sample, but only 0.04% of the 

total projected area. Particle C and D had similar projected areas at 4.59 mm2 and 4.85 mm2, 

respectively. However, the calculated volume of C (59.21 mm3) was 40x greater than that of D 

(1.48 mm3). 
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Figure 5.2. The most frequent particle shapes, classified by their degree of particle elongation (length to width ratio; L:W), found in 

coir, peat, perlite, and pine bark substrates. 
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Figure 5.3. The most frequent particle shapes, classified by their degree of circularity (the ratio of the circumference of a circle of 

equal area to the projected area of the particle), found in coir, peat, perlite, and pine bark substrates.
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Figure 5.4. The most frequent particle shapes, classified by their degree of roundness (the ratio between the maximum inscribed and 

minimum circumscribed circles), found in coir, peat, perlite, and pine bark substrates. 
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Figure 5.5. The particle size distributions of coir, peat, perlite, and pine bark. Distributions 

weighted by mass (g) were generated by mechanical sieving (agitated by a Ro-Tap shaker for 10 

mins). Distributions weighted by projected area (mm2) and volume (mm3) were generated by a 

computerized particle analyzer. 

  

Coir

Particle size (mm)
0.1 1 10

Fr
ac

tio
n 

re
ta

in
ed

0.0

0.2

0.4

0.6

0.8

1.0

Peat

Particle size (mm)
0.1 1 10

Fr
ac

tio
n 

re
ta

in
ed

0.0

0.2

0.4

0.6

0.8

1.0

Perlite

Particle size (mm)
0.1 1 10

Fr
ac

tio
n 

re
ta

in
ed

0.0

0.2

0.4

0.6

0.8

1.0

Pine bark

Particle size (mm)
0.1 1 10

Fr
ac

tio
n 

re
ta

in
ed

0.0

0.2

0.4

0.6

0.8

1.0

Mass (g) Area (mm2) Volume (mm3)



   
 

 126 
 

 
Figure 5.6. Particle characteristics of a pine bark substrate exemplified by a coarse particle (A) and a relatively finer particle (B). The 

variability in particle aspect ratio, the ratio of a particle’s width to height, can result in disproportional volume estimations when 

analyzed by a computerized particle analyzer (CPA). 
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Abstract 

Soilless, container-based cultivation is unique in that the rooting environment can be engineered 

to efficiently supply water and nutrients to support plant growth. Recent advancements in 

computation power, software adaptation, and instrument availability have enabled researchers 

utilizing X-ray computed tomography (CT) to make significant contributions in the field of soil-

plant sciences. To aid in the design and management of container production systems, CT was 

employed to characterize dynamic substrate, water, and plant interactions. Commonly used 

organic container substrates of peat, pine bark, coir, and wood fiber were scanned and 

reconstructed. The porosity for each component was characterized as a large, connected pore 

matrix. The spatial distribution of water within a container was indirectly quantified by analyzing 

the air-filled porosity before and after an irrigation event. Sufficient contrast was created 

between plant roots and an organic substrate material, allowing root segmentation and 

quantification. While the technique is more developed for soil-based research, additional work is 

needed to develop protocols to effectively examine dynamic processes within a container. 
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6.1. Introduction 

Soil-based cultivation is presently confronted with challenges relating to soil degradation 

and feeding an increasing population. The ability to combat the depletion of arable land brought 

about by climactic changes and urbanization hinges on our ability to generate and implement 

restorative soil management strategies (Lal, 2015; Lamb et al., 2005). Feeding a world 

population estimate of 9.5 billion by 2050 necessitates an increase in agricultural production of 

~70% (FAO, 2009). One strategy, simply put, is to produce “more from less” by increasing soil, 

water, and nutrient use efficiency within these finite functional systems.  

Another strategy focuses on increased soilless container-based cultivation, such as that 

utilized extensively in horticultural crop production. As a science, soilless container cultivation is 

subject to many of the same principles that govern the physical and chemical properties in 

mineral soils. However, it is unique in that the rooting environment can be engineered/created for 

specific characteristics rather than amended and maintained as for soil-based cultivation. The 

capacity to design rooting environments within the confined space of a container may allow for 

greater precision of production inputs like water and nutrients. To aid in the design and 

management of container substrates, a tool capable of in-situ, spatial quantification is needed to 

comprehend complex interactions between particle characteristics, hydrodynamic properties, 

and, ultimately, plant growth. 

In soil science, x-ray computed tomography (CT) has been utilized as an instrument 

capable of qualitative and quantitative analysis of soil. Pioneering studies explored the 

instrument’s capacity to observe differences in bulk density and spatial changes in soil water 

content (Hainsworth and Alymore, 1983; Petrovic et al., 1982). As the sensitivity and resolution 

of CT improved, researchers detected changes in soil structure and porosity and observed plant 
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roots (Mooney, 2002; Gregory et al., 2003). Though the technique offered soil researchers 

expanding opportunities for spatial characterization, authors acknowledged its underdevelopment 

for soil and plant systems (Heeraman et al., 1997).  

Recent advancements in computation power, software adaptation, and instrument 

availability have enabled researchers utilizing CT to make significant contributions in the field of 

soil-plant sciences. Combining macro- and micro-scale pore analysis, advanced pore metrics (i.e. 

spatial distribution, throat diameter, and connectivity) were used to reveal the impact of soil 

management practices on soil structure (Luo et al., 2010; Katuwal et al., 2015; Yang et al., 2018; 

Zhou et al., 2017). In hydrodynamic studies, imaging in quick succession provided dynamic, 

temporal quantification of water infiltration (Weller et al., 2018). The ability to extract data non-

destructively unearthed rhizospheric interactions such as the influence of soil compaction on root 

development and provided evidence for root-induce soil compaction and macro-pore formation 

(Arevena et al., 2011; Helliwell et al., 2017; Tracy et al., 2012a; Tracy et al., 2012b). These 

advancements and many more not mentioned are a product of research focused on developing 

CT imaging techniques and procedures for soil characterization and multiphase segmentation 

(e.g. Zappala et al., 2013a; Zappala et al., 2013b; Wildenschild and Sheppard, 2013; Iassonov et 

al., 2009). 

The interest to utilize and develop CT for soilless container-based research has been 

intermittent. Shortly after researchers published the first soil-based CT images, the first 

horticultural materials, phenolic foams, were scanned (Brown et al., 1987). While monitoring 

water distributions within the foams, the authors conducted scans of Easter lily (Lilium 

longiflorum) bulbs (Fig. 6.1). The unpublished photos revealed the potential to evaluate the 

dynamic processes within a container non-destructively. However, no further studies on 
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horticultural container substrates were published until qualitative findings on the manipulation of 

water content within peat, rockwool, sand, and pumice were reported by Pálsdóttir et al. (2008). 

Quantifying and segmenting roots within organic container substrates has been reportedly time 

consuming, or unsuccessful (Bauerle and Centinari, 2014; Karunakaran et al., 2015). These 

qualitative and unreliable results expose a deficiency in developmental and procedural research 

for the analysis of horticultural soilless container systems.  

Our aim in this work was to study CT’s capacity as non-destructive tool to evaluate 

dynamic processes within soilless container-based production systems. Specifically, we wanted 

to determine how tomographic analysis could aid in the characterization of common organic 

substrate components, water distribution, and plant growth. The design and management of 

functional systems within containers have clear implications on how water and nutrients are 

applied to maximize plant productivity. 

6.2. Materials and Methods  

6.2.1. Sample Preparation 

Sphagnum peat (BPP; Berger, Saint-Modeste, QC, Canada), pine bark (Pinus palustris; 

0.32 cm screened, aged bark; T.H. Blue, Eagle Springs, NC), wood fiber (HydraFiber 065WB; 

Profile Products; Buffalo Grove, IL), and coconut coir (Oldcastle Lawn and Garden; Atlanta, GA) 

were air dried to contain 50% moisture by weight. Each material was packed into three polyacrylic 

cores of 7.60 cm, 6.35 cm, and 3.81 cm internal diameters. Peat and coir substrates were packed at 

traditional dry bulk density of 0.1 g/cm3; wood fiber at 0.2 g/cm3, and pine bark at 0.3 g/cm3. The 

open ends of the cores were sealed with PVC sheets held by rubber bands to prevent desiccation. 

These container sizes allowed us to visualize the materials at multiple resolutions while 

maintaining the entire sample in view.  
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To evaluate the influence and spatial distribution of water, two additional cores of pine 

bark substrate were prepared as previously described. A 1-mm mesh screen held by rubber bands 

covered the open ends of the cores. An overhead irrigation event of 500 ml at a rate of 100 ml/min 

was applied evenly to the open end of one core. The irrigated core drained freely for one hour. 

Prior to scanning, a paper towel was applied to the bottom of the irrigated core to absorb any 

additional fluid which could drain during scanning.  

Specific details on the cultivation and rooting of sampled geranium cuttings are described 

in Jahnke et al. (2018) and are only briefly described here. Geranium cuttings (Pelargonium x 

hortorum ‘Patriot Bright Red’) were rooted in a commercially available peat:vermiculite substrate. 

Four weeks after the rooting procedure began, irrigation was withheld for 48 hours to reduce the 

water content within the samples. The hypothesis was that if peat substrates and plant roots had 

similar attenuation values, the two materials could be distinguished by reducing the water content 

of the peat. Theoretically, the introduction of air in the intraparticle pore space could reduce the 

attenuation value of peat voxels. If the attenuation of peat could be reduced, the water within turgid 

plant roots might provide sufficient contrast for root segmentation. 

6.2.2. X-ray Imaging 

Samples were scanned using a high-resolution X-ray computed tomography scanner (XTH 

225 ST, Nikon, Melville, NY) housed in the Shared Material and Instruments Facility at Duke 

University (Durham, NC). The instrument utilized a tungsten target, white beam, conical beam 

with a detection panel containing 2000 x 2000 pixels. A Feldkamp cone-based CT algorithm was 

applied to convert the X-ray radiographs into 2-D reconstructed slices. The 7.6 cm cores were 

imaged at 105 kV, 120µA, 708 ms exposure. A total of 2,200 radiographs were collected by 

rotating the sample by 0.164 degrees (2x frame averaging to reduce image noise). The kV was 
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adjusted to 95 kV and 85 kV to acquire images for the 6.35 cm and 3.81 cm cores, respectively. 

These settings produced images at a voxel resolution of 50 µm (7.6 cm dia. cores), 35 µm (6.35 cm 

dia. cores), and 25 µm (3.81 cm dia. cores).  

X-ray settings were adjusted to improve the image quality when scanning geraniums. 

Geraniums were scanned at 100 kV, 85 µA, and exposure was increased to 1000 ms. A total of 

2,500 radiographs were collected for each sample (2x frame averaging). The images contain a 

voxel resolution of 20 µm. 

6.2.3. Image Analysis 

Two-dimensional horizontal cross sections of the samples were visualized using ImageJ, a 

public, java-based, image-processing program. Three-dimensional image processing, 

segmentation, and quantification were conducted using Avizo 9.2 (Visualization Science Group, 

Inc., Burlington, MA). For each core sample, a region of interest (ROI), 1000 x 1000 x 1000 

voxel3, was selected from the sample’s center to avoid potential artifacts around the boundary. The 

final size of the cubic region of interest for the 7.6 cm, 6.35 cm, and 3.8 cm diameter cores were 

125 cm3, 43 cm3, and 16 cm3, respectively.  

Grayscale images were converted into a binary image through an Interactive Thresholding 

module within Avizo to separate solids and void space. A Label Analysis module identified 

isolated and connected pores within the ROI. Porosity was determined as the percentage of pore 

volume to the total volume of the ROI. Total number of pores and volume fraction of the largest 

pore were also recorded. In an attempt to characterize connected solids and pores, a Separation 

module was applied to the binarized image. This module utilizes a marker-controlled watershed 

algorithm. Within the Separation module, three-dimensional interpretation and skeletal distance 
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map were selected. Local Neighborhood and Marker Extent (contrast factors) settings were 

adjusted to observe the effect on the resulting image separation.  

To quantify the spatial distribution of water, irrigated and non-irrigated pine bark samples 

were cropped to remove the core walls and converted into binary images as previously described. 

A two-dimensional volume fraction procedure was applied to the sample’s segmented, air-filled 

pores. This procedure outputs the porosity for each two-dimensional slice along the specified axis. 

For the z-axis, slice number was converted to container height by multiplying the slice number by 

the voxel resolution. This procedure revealed any changes in air-filled porosity by container depth. 

The analysis was also performed in the x- and y-axes (data not show). 

The separation of plant roots from the substrate material was accomplished via global 

thresholding. The contrast between roots and the peat substrate was sufficient to allow root 

segmentation without further manual manipulation. However, voxels on the edges of some 

vermiculite particles had similar gray-values as roots. Non-root materials were manually 

segmented from the image using the erasing tool within Avizo’s segmentation tab. 

6.3. Results 

6.3.1. Sample Visualization 

Each material was visualized two-dimensionally (Fig. 6.2). Qualitative differences in the 

inherent physical structures of each material were apparent. Pine bark appeared the coarsest and 

contains particles consisting of two layers, dense periderm layers and less dense layers comprised 

of crushed phloem and expanded parenchyma cells. Peat may be best described as a heterogeneous 

mixture of aggregates, fibrous particles, and partially decomposed stems. Coir, often thought to be 

similar to peat in texture, appeared more homogenous and consisted of granular shaped, sponge-

like particles. The elongated, fibrous network of the wood fiber substrate visually distinguished it 
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from other materials. Due to the irregularity of these particle shapes, the Separation module did not 

reliably distinguish individual particles. Voids within particles and aggregates further complicated 

attempts to obtain the particle size distribution for each sample. 

The resolution of the images was increased from 50 through 25 µm, providing more detail 

within particles. This effect was most notably observed in samples containing pine bark. At a 

resolution of 50 µm, the layers between denser periderm contain no disguisable form. As 

resolution increased to 25 µm, features of the expanded parenchyma and crushed phloem became 

visible (Fig. 6.3). An additional scan of individual pine bark particles at a resolution of 15 µm 

revealed the honeycomb-like nature of this layer. To best visualize the internal structure, a pine 

bark particle was rendered three-dimensionally (Fig. 6.4). A clipping plane was applied to the 

image to reveal its internal characteristics. 

6.3.2. Pore Analysis 

For each sample, solid and air-filled porosity fractions were segmented for analysis (Fig. 

6.5a). A Label Analysis module identified isolated and connected pore bodies (Fig. 6.5c). The 

porosity, number of pores, and volume fraction of the largest pore were recorded for each substrate 

component at each resolution (Table 6.1).  

The total porosity of organic substrate components typically range from ~80-95%. 

However, the measured porosity of pine bark, peat, and coir ranged from 40-56%, approximately 

half of the expected porosity. Increasing the resolution of the scans from 50 µm to 25 µm resolved 

10% more air-filled porosity for peat and wood fiber. At the resolutions evaluated, the measured 

porosity may be equivalent to the interparticle porosity. The intraparticle porosity may be resolved 

at higher resolutions, ~15 µm, the resolution required to reveal the internal structure of pine bark. 

However, the internalization of water may confound porosity measurements at higher resolutions.  
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Although thousands of pores were observed in each material, a single, labeled pore 

contained the vast majority of the measured porosity. This single pore was furthered observed to be 

an inter-connected pore matrix that extended throughout the subsamples and accounted for >98% 

of the measured air-filled porosity (Fig. 6.5c). The remaining isolated pores were predominately 

located within particles/aggregates and did not amount to a significant fraction of the porosity.  

To define the pore matrix further, a Separation module was applied to separate the matrix 

into individual, comprehensible components. Adjusting the user-selected Local Neighborhood 

setting within the module had no apparent effect on the module’s output. The user-selected Marker 

Extent within the module affected the separation of the pore matrix (Fig. 6.6). For example, when 

the Marker Extent was set to 1 or 24, the resulting separation identified >2,000 or 18 pores, 

respectively. As the marker extent increases, the size of seeds marking objects to be separated 

increases and the number of separations diminishes. Based on the Marker Extent selected in the 

module, the analysis of the pore matrix could change significantly.  

6.3.3. Spatial Quantification of Water 

The organic components frequently used in container production impose challenges in 

quantifying water via x-ray tomography. As the organic materials imbibe water, they “inherit” the 

attenuation characteristics of water. This reduces the distinctiveness of the solid and water phases 

to the point of being indistinguishable. However, air is easily distinguishable from solid and water. 

Therefore, comparing the distributions of air-filled porosity within a sample before and after 

irrigation or between irrigated and non-irrigated samples could reveal the distribution of water 

within a sample.  

The distribution of air-filled porosity was measured along the z-axis for non-irrigated and 

irrigated samples of pine bark (Fig. 6.7). In the non-irrigated sample, the mean porosity was 
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approximately 40% (0.4 cm3 cm-3), but decreased as container height decreased. The increase in 

bulk density toward the bottom of the container could be attributed to the increasing pressure 

exuded by the weight of the material above. The distribution of air within the irrigated sample may 

resemble a water retention curve. As container height decreased, air-filled porosity also decreased. 

However, two anomalies to this trend were observed. Sand particles were more numerous between 

the 60-70 mm range of the container, increasing the water holding capacity. This anomaly is likely 

due to stratification that occurred during packing. A sharp increase in water holding capacity 

occurs at approximately 22 mm. At 5 cm, the water holding capacity reverses trend and air-filled 

porosity increased toward the bottom of the container. This unexpected trend is likely the result of 

an absorbent paper towel applied to the bottom of the container prior to scanning to collect any 

additional drainage on the scanning platform. 

6.3.4. Root Segmentation 

A two-dimensional, horizontal cross section of a rooted geranium cutting depicted the 

contrast achieved between roots and substrate in this sample (Fig. 6.8). A color scale was applied 

to the gray-scale image to accentuate the contrast between vermiculite (white), peat (purple), and 

geranium (yellow). Within the geranium stem, anatomical features, such as the pith, vascular 

bundles, cortex, and callus tissue, were distinguishable (Fig. 6.9). 

Rendering the same sample three-dimensionally depicted the geranium and the rooting 

environment in its entirety (Fig. 6.10a). This view of the root system provides similar detail to 

horizotron root metrics, essentially a two-dimensional characterization of the root system’s 

exterior. The contrast between plant roots and substrate enabled the geranium stem and roots to 

be segmented from substrate materials in the image, spatially delineating root growth in fine, 

distinct detail within the container (Fig. 6.10b). Manual segmentation was necessary to remove 
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the stem and other non-root materials, further improving the detail of the rendered root system 

(Fig. 6.10c). The capacity to spatially characterize roots in situ revealed that the top third of the 

substrate was relatively uninhabited by roots. 

6.4. Discussion and Conclusion 

The materials evaluated in this study (pine bark, peat, coir, and wood fiber) are common, 

organic substrate components utilized in container production. Though qualitative differences 

between the materials’ solid fractions were observed, only basic quantitative data (i.e. volume, 

surface area, and specific surface area) were obtained. The complexity of organic particles and 

aggregates diminished the efficacy of Avizo’s Separation module. As particle characteristics 

shape pore dimensions and behavior, the ability to identify and characterize these components 

would pay dividends in efforts to research their engineering and design. To ascertain this critical 

information, it may be possible to indirectly characterize them via pore analysis.  

Given the number of resolutions at which each material was observed, this study could be 

considered a “multi-scale” analysis of organic substrate components. As materials were scanned 

at finer resolutions, greater structural visualization of the solid phase and increased porosity was 

observed. As the analysis of soils at multiple scales have become more common, determining the 

resolutions at which organic substrate components should be studied is important (Zhou et al., 

2017; Smet, 2018). Similar to well-structured mineral soils, organic substrate components may 

have a bimodal pore distribution (Zhou et al., 2017). At resolutions ranging from 50-25 µm, the 

textural porosity was segmented. Structural or intraparticle pores may be intrinsic characteristics 

unique to each organic substrate component. This range of pores may not be visible with images 

>15 microns in resolution, the resolution at which the internal structure of pine bark was resolved.  
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The unique pore spaces within organic substrates present additional challenges. Large, 

three-dimensional pore clusters have been reported in soils and rocks (Nakashima and Kamiya, 

2007). However, these organic substrates are unique in the sense that a single pore dominates 

(>98%) a total porosity of up 80%. In soils, the metrics used to quantify these pores (i.e. Euhler 

number, connectivity, length, etc.) enable researchers to differentiate soils, but some have 

expressed concern as to how these metrics correlate to traditional descriptions of soil properties 

(Smet et al., 2018; Roose et al., 2016). Similar concerns would be amplified by the pore 

characteristics of organic substrates if evaluated by similar metrics. To characterize and 

comprehend the details of an expansive pore matrix, we must be able to identify functional pore 

bodies within the pore matrix. The Separation module within Avizo displayed the capabilities 

necessary to divide the pore matrix, but concern was raised over the extent of separation required 

to appropriately characterize. Though technological advances, such as tomography, are allowing 

us to visualize pores in unprecedented manners, the challenge for future work will be integrating 

three-dimensional pore data in to predictable hydrodynamic properties.  

Being able to observe water within a material is critical in correlating pore characteristics to 

function. These results demonstrated the ability for water to be indirectly measured and spatially 

quantified in a soilless, organic substrate. Factors that may affect air and water status within 

containers are the substrate components, container height, and irrigation practices. Understanding 

how these factors influence the retention and distribution of water within a container is essential in 

promoting water-use efficient practices.  

To date, the characterization of plant roots utilizing CT has reportedly been challenging 

in mineral soil and unsuccessful in organic substrates (Karunakaran et al., 2015; Mooney et al., 

2012). Our results showed that root segmentation from an organic substrate is possible. The 
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geranium roots are the first reported asexually propagated herbaceous crop to be successfully 

segmented and rendered by CT imaging. Future work may provide a consistent procedure for 

root segmentation from organic substrates, the non-destructive, in situ nature of this analysis 

could aid in our understanding of the abiotic and biotic factors that affect this sensitive stage of 

production. 

In soils, root segmentation was most successful when soil water content was at field 

capacity (0.33 atm), a volumetric water content of ~0.25 cm3 cm-3 (Zappala et al., 2013b). In 

organic substrates, it is common for the volumetric water content to exceed 0.6 cm3 cm-3 at 

container capacity (0.01 atm). If the theoretical water content for successful root segmentation, 

regardless of the material, is 0.25 cm3 cm-3, the water within organic container substrates must be 

lowered significantly from container capacity. Further research should develop a protocol that 

consistently produces quality images with sufficient contrast. If water (or the absence of water) is 

key to producing sufficient contrast, the water content could be manipulated by precisely 

controlling irrigation or, theoretically, by applying tension to appropriately reduce the water 

content of the sample.  

These results demonstrate that CT can provide researchers with in-situ and spatial 

quantification of complex interactions between particle characteristics, hydrodynamic properties, 

and plant growth. Additional work in soilless substrates is warranted to develop protocols to 

effectively examine dynamic processes within a container. 
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Table 6.1. A summary of three-dimensional pore analysis of common organic substrate 
components.  

Material 
Resolution 

(µm) 
Porosity 

(ΦA) 
Number of 

pores 
Largest pore 
(% of ΦA) 

Pine bark 

50 40.83% 347,952 99.51% 

35 47.59% 416,233 99.27% 

25 45.98% 481,027 98.81% 

Peat 

50 46.53% 398,714 99.56% 

35 56.09% 285,871 99.59% 

25 56.58% 168,109 99.55% 

Coir 

50 43.44% 559,499 99.70% 

35 48.91% 681,102 99.63% 

25 45.01% 165,825 99.61% 

Wood fiber 

50 71.16% 26,108 99.98% 

35 70.08% 30,816 99.98% 

25 80.64% 11,631 99.99% 
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Figure 6.1. X-ray tomography images of a container-grown Easter lily in a peat-based substrate. Image resolution at the time (1986) 

was 1 mm x 1 mm x 1 mm.  
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Figure 6.2. Two-dimensional, cross-sectional images of common organic substrate components; 

(a) pine bark, (b) sphagnum peat, (c) coconut coir, (d) wood fiber.  

  



   
 

 147 
 

 

Figure 6.3. Two-dimensional, cross-sectional images pine bark particles observed at multiple resolutions; (a) 50 µm, (b) 35 µm, (c) 25 

µm. Pine bark particles consisted of two distinguishable layers, the periderm and a layer of crushed phloem and expanded 

parenchyma.
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Figure 6.4. A pine bark particle rendered three-dimensionally. The particle was clipped to reveal its structural complexity. Image 

obtained at a resolution of 15 µm. 
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Figure 6.5. Three-dimensional visualization of a pine bark subsample to display (a) the solid fraction (brown) and air-filled pore 

fraction (blue), (b) the solid fraction, and (c) the connected (blue) and isolated pores (multi-colored). 
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Figure 6.6. Resulting separation of a pore matrix with a marker extent of (a) 24, (b) 12, (c) 4, 

and (d) 1.   
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Figure 6.7. The distribution of air-filled porosity by container height in irrigated (left) and non-irrigated (right) pine bark substrates. 
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Figure 6.8. A two-dimensional cross section of a rooted geranium cutting. A color scale was 

applied to the image to accentuate the contrast between vermiculite (white), geranium (yellow), 

and peat (purple). 
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Figure 6.9. Two-dimensional cross-section images of a rooted geranium cutting displaying the lateral (left) and vertical (right) 

anatomy features of the stem. These features are the pith (a), vascular bundles (b), cortex (c), and callus tissue (d). Some anatomical 

features, such as dedifferentiated cells and callus tissue, characterize the regeneration processes critical to propagation success. 
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Figure 6.10. A rooted geranium cutting rendered in three-dimensionally (a). A color scale was applied to the image to contrast 

between vermiculite (orange), plant roots and stem (teal), and peat (blue). Geranium root and stems were segmented from the organic 

substrate (b). Manual segmentation was necessary to remove the stem and other non-root materials (c).
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CHAPTER 7 

 

Insights, Future Direction, and Applications 

The objectives of this research were to address the deficits in our understanding substrate 

particle shape and size through multidimensional analysis by 1) quantifying the effect of particle 

length on sieve analysis, 2) analyzing the sieve rate of common substrate components, 3) 

utilizing dynamic imaging for particle shape and size characterization, and 4) exploring the 

potential of CT to advance our understanding of complex interactions between particle 

characteristics, hydrodynamic properties, and plant growth. With the conclusions of this work, a 

more comprehensive description of substrate particles and their interaction with analytical 

methods has been presented. The following contains my insight from the analysis of each 

analytical method (mechanical sieving, digital imaging, and X-ray computed tomography) and 

discussion on the future direction and application of our research discoveries.   

7.1. Mechanical sieving 

The results from Chapter 2 indicated that particle length does affect the sorting and 

distribution of particles when sieved. Sieve analysis did not accurately characterize particles with 

a length to width ratio (L:W) greater than 2:1 by width, length, area, or volume. The length of 

elongated particles prevented it from being accurately sorted by width. The width of elongated 

particles prevented it from being accurately sorted by length, area, or volume as it allowed 

particles to pass finer aperture sizes. Increasing the agitation time shifted particle distributions 

toward finer sieves, increasing the accuracy of characterization by particle width. Given these 

results, one would expect to see large differences in the manner in which various substrates were 

sorted by sieves.  
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If the sorting of particles is influenced by particle elongation, one could assume that 

substrates, like perlite and peat, would have very different sieve rates. Given the shape 

composition of the materials, the order in which the materials should have completed the sieving 

process should have been 1) perlite, 2) pine bark, 3) coir, and 4) peat. The results from sieve rate 

analysis in Chapter 3 revealed the order to be 1) pine bark, 2) peat, 3) perlite, and 4) coir. This 

order could also be indicative of the friability of the materials, from least friable to most friable. 

In contrast to pine bark and perlite, aggregates of indistinguishable smaller particles are often 

found in peat and coir. As these aggregates are exposed to the forces applied by the agitation 

device, attrition occurs and the aggregate structures begin to break. This scenario may explain 

the extended agitation time required to complete the sorting of coir. Perlite, containing the most 

spherical and least elongated particles, should have been sorted rapidly. Instead, the distribution 

median decreased in a linear fashion as agitation time increased, an indication of particle 

attrition. For perlite, the mass of material gained in the sieve pan was 0.3-0.4 g min-1. For 

reference, the mass of material gained in the sieve pan for pine bark was 0.07 to 0.15 g min-1. 

Theoretically, it would be possible that, given the linear decrease in particle size by agitation 

time, perlite could be reduced to dust by agitating the sample for 3 hrs. Due to the potential 

friability of materials like perlite, the agitation time of substrates should be kept low. 

Only small differences were observed in the time required to complete the sorting of coir, 

peat, perlite, and pine bark by mechanical sieving. The rate of sorting for each material occurred 

rapidly. After only 1 min of agitation, ~95% of the sample was sorted. This is the reason why 

such small differences were observed between agitation times ranging from 1 to 10 mins. After 

raising the sieve rate threshold to 0.15 g min-1, the amount of time required to complete the 

sorting of the tested substrates ranged from 3-6.5 mins. Although previous studies have utilized 



   

 157 
 

agitation times ranging from 1 to 20 mins, the most frequent agitation time reported was 5 mins, 

in agreement with our results (Bilderback, 1985; Caron et al., 2005; Owen et al., 2007; Pokorny 

and Henny, 1984).  

In summation, the potential sources of error in sieve analysis (i.e. particle characteristics, 

agitation time, and sample size) had little effect on sieve analysis results. However minuscule, 

these potential sources of error should still be considered. The data generated from this work 

could be used to support the development of a sieving standard for horticultural substrates. 

Future work should focus less on the effects of test sieving horticultural substrates and more on 

the industrial use of screens to engineer and produce substrates with predictable characteristics.  

7.2. Digital imaging 

The results from Chapter 4 acknowledge the ability of a computerized particle analyzer 

(CPA) to provide accurate and robust data in a high-throughput fashion. With greater than 99% 

accuracy in particle counts and measurements, horticultural substrates were analyzed with 

confidence in Chapter 5. The shape factors provided by the CPA (i.e. L:W, circularity, and 

roundness) did little more than describe particle elongation in different terms. The size 

distributions generated from image analysis compared well with those from sieve analysis, with 

two exceptions. Without these exceptions, one could argue that it is unnecessary to utilize image 

analysis for substrate characterization. However, the relationships between mass, area, and 

volume weighted distributions, in conjunction with particle shape data, provided a more 

complete description of peat and pine bark substrates. It is also worth noting that the parameters 

selected to classify particles into size class (maximum width) were selected to provide similar 

results to sieve analysis. Should dimensions other than width be the focus of substrate particle 

characterization, digital image analysis is one of the only methods available to obtain that data.  



   

 158 
 

Though relatively expensive compared to other digital imaging systems, the CPA 

provided near-effortless PSA with an easy to interpret interface. However, the analysis could be 

improved. Future research should take advantage of more robust analytical software for particle 

shape characterization. Perhaps, more advanced image processing algorithms could be utilized to 

overcome some the issues encountered with the CPA, such as touching or hook-shaped, fibrous 

particles. Regardless of the device used to conduct image analysis, these preliminary results 

demonstrate that the method is well equipped to aid in the refinement and engineering processes 

of substrate development. 

7.3. X-ray computed tomography 

The quality of the images produced in Chapter 6 compared to those of Brown et al. 

(1986) are astonishing. The images produced of substrate particles and rooted geranium cuttings 

compared to those of previous horticultural research utilizing X-ray Computed Tomography 

(CT) is a testament to the rapid progression of tomographic analytical software. Our objective, 

initially, in subjecting substrates to tomographic characterization was to characterize particle 

shape three-dimensionally. Due to the irregularity of substrate particles, the separation 

algorithms could not reliably distinguish individual particles. Additionally, the porous nature of 

organic particles further complicated our attempts to characterize particle shape and size. 

Although particles were difficult to characterize, the spaces they created were much easier to 

characterize. By characterizing pore distributions, the spatial distribution of the solid and liquid 

fractions could be indirectly characterized. By manipulating the characteristics of the substrates, 

sufficient contrast was created between organic matter and herbaceous roots for root 

segmentation, something others had been unable to accomplish (Karunakaran et al., 2015). The 

results in Chapter 6 demonstrate that CT can provide researchers with in-situ and spatial 
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quantification of complex interactions between particle characteristics, hydrodynamic properties, 

and plant growth. 

Before the full capacity of CT characterization can be realized, significant contributions 

must be made to develop protocols for pore characterization and root segmentation. These results 

demonstrated the variability which may occur given any one of the user selected variables for 

pore matrix separation. The challenge for future works will be integrating three-dimensional pore 

data to predictable hydrodynamic properties. Additional research should develop a protocol that 

consistently produces quality images with sufficient contrast for root segmentation. If water (or 

the absence of water) is key to producing enough contrast, the water content could be 

manipulated by precisely controlling irrigation or, theoretically, by applying tension to 

appropriately reduce the water content of the sample prior to scanning.  
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