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1 Introduction and Executive Summary 
 

The strength and durability of asphalt pavements is directly affected by the 

characteristics of its main ingredient, mineral aggregate.  Besides material strength, 

research has shown that mixture properties such as particle shape and mixture gradation 

have a significant affect on the strength of the aggregate matrix. The Superpave asphalt 

mix design method sets forth standards for material selection and quality control for 

asphalt pavement construction [1].  Adherence to the Superpave standards requires 

stringent control and constant monitoring of aggregate properties, particularly gradation 

and particle shape. 

 Until very recently, all aggregate inspection for pavements has been done 

manually, using batch sampling methods.  The  primary tests done on the aggregate are 

gradation, measurement of particle angularity and determination of the proportion of flat, 

elongated particles.  Gradation is measured by standard mechanical sieving methods; the 

other two properties are measured by time-consuming visual inspection of individual 

particles or by packing tests.  No possibility for continuous monitoring or real-time 

process control feedback existed. This project was undertaken to evaluate the potential of  

developing a non-contact, automated method for performing the property measurements 

on mineral aggregates used in asphalt pavements.   

 This report describes a research project undertaken by students and faculty from 

the Department of Mechanical and Aerospace Engineering and the Department of Civil 

and Environmental Engineering at West Virginia University.  The objective of the project 

was to evaluate the feasibility of developing an optically-based instrument for aggregate 

size and shape evaluation.  This can lead to more frequent sampling and better precision 

in interpreting the sample statistics collected, leading to a more uniform product. 

 The research described in this report demonstrates that automation of coarse 

aggregate inspection is a feasible idea.  The system described here is based on a standard 

monochrome CCD video camera and a computer with a frame-grabber board, plus some 

simple ancillary equipment.  The total cost for equipment to set up such a system is less 

than $5,000.  With this simple setup, we have demonstrated the ability to automatically 

produce gradation plots for coarse aggregate particles, and are confident that tabulation of 

statistics on flat, elongated particles would be a very simple refinement.  We were unable 

to devote significant time to development of a method for measurement of coarse 

aggregate angularity, but believe with sufficient additional work this component could 

also be added.  It is likely that additional equipment would be needed to extend the 

capabilities of the system to make it a commercial product, but the total equipment cost 

should not be more than twice the figure given above. 

Development of the image processing algorithms for coarse aggregates turned out 

to be more complex than originally anticipated, and thus very little work was done on 

extending the work to measurement of fine particle characteristics.  We do not believe 

that such measurements are impossible, but they will require significantly more research 

and development. 

 The remainder of this report is divided into sections which describe the research 

plan, prior work related to the research, the final technical approach and algorithms used 
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to perform the measurements, and the results of the testing performed on the system.  

Concluding remarks, a list of references and some appendices complete the report. 

 

2 Research Plan 
The project proposal set forth a reseach plan that was comprised of ten tasks.  Those tasks 

are as follows: 

1. Literature Review 

2. Establish Functional Requirements 

3. Laboratory Setup and Training 

4. Develop Lighting Approach 

5. Select Edge Detection Algorithms 

6. Develop Size Measuring Algorithms 

7. Develop Shape Classifier 

8. Calibration and Testing 

9. Demonstration 

10. Project Management and Reporting 

 

Tasks 1-7 are complete.  Tasks 8 and 9 are not completed to the satisfaction of the 

researchers.  This shortfall was due to the emergence of tasks which were not on the list 

and to the occurrence of unexpected difficulties in developing some of the processing 

algorithms.  However, sufficient work has been performed in those areas to allow us to 

make a determination of the merits of the feasibility of the concept and thus to 

accomplish the objective of the research program as stated above. 

 

3 Existing Technology 
 

In searching for work related to this project, we discovered only two commercial 

products which perform the functions desired for Superpave quality control.  The 

EMACO corporation  of Montreal, Canada markets a device called the VDG 40
TM

, which 

uses optical methods to perform particle sieving.  Particles are placed on a conveyor and 

dropped in front of a camera.  Rather than an area scan camera, the VDG 40 uses a line-

scan camera and approximates particle boundaries by drawing successive cords across 

the falling particle.  The VDG 40 sells for $41,000.  The information below comes from 

the manufacturer’s literature [2], and some independent tests have cast doubt on the 

manufacturer’s claims for accuracy [3], but it is claimed to form the following functions: 

 Produce gradation curves for particles from 1 to 50 mm   

 Calculate mean elongation coefficient by class 

 Estimate of "flattening” coefficient 

 Test times less than 10 minutes 

 Uncertainty less than 1.7% for samples with enough particles in each class 
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 In addition to the VDG 40, several products are marketed by the WipWare 

Company in Bonfield, Ontario, Canada.   WipFrag
TM

 is a system which perform optical 

gradation on bulk materials on the ground or on moving conveyor belts.  The WipFrag 

system is based on area scan video cameras, as is our system.  Another product, 

WipShape, uses a conveyor and two video cameras to image one particle at a time and 

compute the percentage of flat, elongated particles. [4] 

An experimental system is under development by Dr. Erol Tutumluer at the 

University of Illinois.  He has developed an experimental laboratory device which uses 

three video cameras to capture orthogonal images of a single particle at a time.  Dr. 

Tutumluer’s objective is to improve the detection of flat, elongated particles, and he 

claims to be able to do so more accurately than either the VDG 40 or the WipWare 

system [3].  His tests have demonstrated volume measurement errors ranging from 5% to 

more than 10%, but detection of flat, elongated particles with approximately 1-2% 

accuracy.  His device is quite slow however, taking 70 minutes to process approximately 

1037 particles. This may or may not be faster than the manual methods currently in use, 

and unless processing speeds are improved we do not believe such a machine would be 

fast enough to provide adequate feedback for on-line process control.  The volume 

measurement errors are also very high when compared with our instrument, or with the  

published claims of other commercially available systems [2].  

The Micromeritics Corporation sells a device similar in design to the VDG 40.  The 

Optisizer PSDA
TM

  uses a vibrating feeder and a CCD camera to capture a 2-D image of 

particles from 40 micrometers to "greater than 10 mm" [5].  This device appears from its 

pictures and specifications to be more suited to pharmaceutical environments than 

construction work, however.  No mention of particle shape analysis is provided, nor are 

statistics on the sieving accuracy of the machine. 

Kim et al [6] mention another device, the "Particle Parameter Measurement 

System" produced by Scientific Industrial Automation in Australia.  Kim says that, 

 "While only a few PPMS machines have been installed, to our 

knowledge, this is the only commercially available image analyzer that 

has been specifically designed to operate unattended on an aggregate 

production line."   

No further information on the PPMS could be located as of this writing.   

   In addition to these devices, articles related to optical sieving or particle size and 

shape evaluation have been published in the technical literature by a variety of authors.  

Parkin et al published a proposal for a laser based aggregate scanning device in 1995, but 

no further references to their system have been found [7]. Other authors have worked 

extensively in the area of particle shape analysis, often for smaller particles, e.g. 

Castellini et al [8] and Clark [9-11].  As of this writing, however, no other commercially 

available systems are known for the optical evaluation of aggregate materials. 
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4 Research Methods 
 

4.1 General Approach 
 

Our general strategy in attacking the problem was to set up a small laboratory where we 

could develop computer algorithms for evaluating actual aggregate samples.  The 

laboratory consisted of equipment already owned by West Virginia University and was 

constructed on campus.  The lab consisted of a video camera housed in a curtained 

enclosure to allow control of the lighting, a computer with a frame grabber card, a box 

with translucent cover to allow backlighting of the aggregates, and miscellaneous 

equipment for scene lighting, fixing the camera position, measuring light levels, etc.  We 

also made occassional use of aggregate sieving equipment and a laboratory balance from 

the Asphalt Technology Laboratory in Civil Engineering.  Figure 4.1 is an overall view of 

the machine vision portion of the laboratory.   

  

 

Figure 4.1:  Image acquisition setup showing camera, light table and auxiliary light.  The setup is 

housed in a black plastic tent to allow control of lighting levels. 

 

 

 

Camera 

Light Table 

Curtain for 

light control 

Light source for  

top lighting 



 5 

 

4.2 Machine Vision 
Video cameras translate light levels focused on the image plane into electronic 

signals which can be transmitted and reproduced on a video display.  The most common 

type of video camera uses a charge coupled device (CCD) chip to translate the light into 

electrical signals.  The CCD chip is actually a grid of tiny individual light measuring 

devices which break the scene up into individual “dots” called pixels (picture elements).  

The camera used in this work breaks each scene into an array 512 pixels wide and 484 

pixels high.  Each pixel produces an electrical signal whose strength is proportional to the 

intensity of the light falling on that particular pixel.  To produce a television image, the 

rows are read one pixel at a time, across the image in a “raster” pattern.  Additional 

signals are added to the brightness information to synchronize the TV and camera signals, 

and the image can be reproduced by any standard television set. 

To process these signals using a computer, the light levels represented by the video 

signal must be digitized—translated into a series of numbers the computer can 

manipulate.  This is done by a “frame grabber” board, which takes the TV signal from the 

camera, strips off the synchronizing signals and performs very fast analog-to-digital 

conversion on the electronic signal.  The result is a grid (matrix) of numbers ranging from 

0 to 255, with one number for each pixel in the camera.  Low numbers represent dark 

parts of the image and high numbers represent bright parts of the image.     

 From the raw pixel data, computer algorithms must be developed which can 

rapidly extract the pertinent information and process it to determine particle shape and 

gradation characteristics needed for asphalt concrete quality control.  The problem was 

broken into several pieces for development of the machine vision algorithms, namely: 

 Particle discrimination:  determination of the boundaries of individual particles from 

the video image. 

 Particle size and shape determination:  this is the 2-D calculation and description of 

the projected size and shape of the individual particles. 

 Video sieving:  correlation of the 2-D size and shape characteristics with the 

particle’s sieving behavior.  This involves the estimation of the particle’s 3-D shape 

based on its 2-D outline, and the estimation of each particle’s sieve size from its size 

and shape characteristics. 

 Data organization and display:  translation of the sieving data into gradation plots for 

easier use by field operators. 

 

4.3 Particle Discrimination 
In order to properly “sieve” the aggregates, it is necessary to distinguish one 

particle from another in the video image.  Figure 4.2 is a video image of pieces of 

aggregate.  While it seems simple to the human observer to see where particle boundaries 

are, the information presented to the computer from this image is nothing more than a 

large grid of numbers, as was noted above.  Various methods have been developed to find 

the edges of objects in an image.  Most involve some sort of gradient detection—looking 

for places in the image where there are rapid changes from light to dark or vice versa.  As 

can be seen in Figure 4.2, some of the particle boundaries are clearly defined by contrast 

with the background or the existence of shadows.  But if particles overlap, the contrast 

between two particles may not be so distinct.  In addition, the existence of ridges or 
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corners on the particles can produce high-contrast edges which are not true particle 

boundaries in the 2-D sense.   

 

 

Figure 4.2:  Gray-scale image of aggregates.  Note that particle boundaries are sometimes distinct, 

sometimes not. 

 

 

 

Various edge-finding algorithms and lighting angles were explored to try to find a 

method that would reliably find only the bounding edges of each particle.  The simplest 

and most common edge detectors are simple first-order high-pass filters based on the 

Sobel Operator or variants thereof [10].  These filters tend to be highly sensitive to noise 

and are directional in nature, performing best on edges that are either vertical or 

horizontal.  Multiple passes are necessary to detect both edge orientations and oblique 

edges may be missed.  Sobel filters combined with top lighting were also prone to 

identifying edges from corners or shadows on the top surface of the rock, which represent 

false data with respect to particle edge detection. 

To eliminate interior edges, a small light table was constructed to allow 

backlighting of the aggregates.  This method of lighting produces extremely high contrast 

images with well-defined edges, as is shown in Figure 4.3.  Note that this image has been 

processed and reversed so the particles are white and the background is black.  Problems 
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exist where particles touch or overlap, but the overall quality of the image and the 

elimination of interior edges led us toward this lighting approach as the simplest method 

with the most promise for success.  We found that the best method was to capture the 

image and use a low-pass filter to eliminate the effects of uneven lighting or scratches 

and dust on the light table surface.  The resulting image was then thresholded to produce 

a binary image—one in which the background is purely black and the objects are white.  

This stage of processing is shown in Figure 4.3.   

 

Figure 4.3:   Binary image resulting from backlighting aggregates, low pass filtering to remove dust 

and scratch noise and thresholding 

 

4.4 Particle Separation 
Two problems still remained with this method.  First, if the particles were 

touching or overlapping, two stones would appear as one larger, irregularly shaped stone. 

Most of the particles in Figure 4.3 would be agglomerated in this way.  Second, each 

image must consist of many individual particles, all of which must be processed 

individually to determine sieve size, shape and mass.  A “bookkeeping” method was 

required to track the statistics of each particle, making sure each particle was measured 

but that none were measured more than once. 
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To solve the particle separation problem, a new approach was devised based on 

morphological image processing techniques.  Morphological processing is based 

primarily on two fundamental operations:  erosion and dilation [11].  A “processing 

element” is selected, based on the geometric characteristics of the problem, e.g. a 

horizontal or vertical line, a rectangle, a circle, etc.  In this work, it was desired to have a 

rotation-invariant processing element and a quasi-circle was thus employed.  The center 

of the circle was used as the reference point for the processing element. 

 The erosion process is performed by mathematically “moving” the processing 

element over the image object.  At each location a simple Boolean process is used.  If the 

processing element is completely contained in the original object, the pixel corresponding 

to the reference point of the processing element is contained in the new, eroded object.  

Otherwise, the the reference pixel becomes background in the new image.  Figure 4.4 

shows a group of particles under sequential processes of erosion.  The image has been 

color coded with blue bands being the first erosions and lighter colors being later 

erosions.  Note that the erosion process eventually separates the particles, but that it also 

changes their shape and size in the process. In order to preserve the size and shape 

characteristics of the particles, we use the erosion process only for finding the place 

where the particles touch or overlap.  At this point, a “cut” line is computed which 

separates two particles by artificially creating a border two pixels wide between the 

“blobs”.   

 The cut line is created by finding a “saddle point” in the sequence of eroded 

images.  Mathematically, a saddle point is a point where a 2-D function simultaneously 

reaches a (local) minimum in one direction and a (local) maximum in the orthogonal 

direction.  Examples would be the center of a saddle seat or the low point (gap) in a ridge 

between two mountains.   In our work, a distance function is created by tracking the steps 

in the erosion process.  Successive bands created by the erosions are assigned values, 

increasing with each erosion.  As was shown in Figure 4.4, the bands generate a contour 

for each particle, similar to a topographic contour map.  The contours are then easy to 

search for saddle points which indicate the best location to separate two overlapping 

particles.  Figure 4.5 shows how the touching and overlapping stones from the original 

image have been separated into individual particles. 
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Figure 4.4:   Sequential Erosion of a group of touching particles 

 

 

Figure 4.5:   Particles separated by cutting at saddle points 
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4.5  Particle size and shape description—2-D 

4.5.1 Scanning and area computation 

Once the particles have been separated, the size and shape of each one in the image must 

be computed.  At this point, the image is binary—all particles are white and the 

background is black.  Scanning is done in a raster fashion, starting at the upper left corner 

of the image.  Each pixel is checked to determine if it is black or white, and when a white 

pixel is encountered, a scanning process for that particle is begun.  The object is labeled 

with a particle number and the program checks the pixel immediately to the right of the 

first pixel.  If it is also a white pixel, it is considered part of the object and the algorithm 

moves on to the next pixel to its right.  This process continues until a black pixel denoting 

the right hand edge of the object is encountered.  During the process, the pixels are 

counted and the (x,y) location of each object pixel is used in a recursive scheme that finds 

the centroid of the object.  Pixels are also labeled by turning them gray, so they will not 

be counted again as part of succeeding objects. 

When the end of a line of pixels is found, the algorithm returns in raster fashion to 

the starting point and searches for the next edge pixel below the starting point.  An edge 

pixel is bordered on the outside of the object by black and on the inside by white.  The 

edge pixel location is also added to a list of edge pixels for later use in the shape 

description process.  A scan across the object is made in the same way as was done for 

the first row.  The process continues in counterclockwise fashion around the object until 

the starting point is reached.  At this point, all of the pixels in the object are turned gray, 

the number of pixels is known, the centroid of the object has been computed, and all of 

the edge pixel locations for the object are contained in a list.  The counterclockwise 

scanning method ensures that all of the pixels in a contiguous object are counted, even if 

the object is concave.  The algorithm is thus robust to rough particle shapes, but is 

dependent on all particles being separated by the morphological process described above.  

Figure 4.6 shows the scanning process for a single particle.  The edge pixels are shown in 

light gray and the rest in dark gray.  Figure 4.7 shows  a group of particles that have been 

scanned and labeled, with the centroid marked by a white cross. 

 

 
 

 
 

Figure 4.6:  The scanning process for a single particle 
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Figure 4.7:  Scanned and labeled particles 

 

 

4.5.2 Calibration 

The basic image processing steps described above are carried out using the pixel 

as the fundamental processing unit.  But to accurately “sieve” the particles, it is necessary 

to translate the pixel-based measurments into standard dimensions of millimeters.  To do 

this, two corrections are necessary.  The first involves correction for the “aspect ratio” of 

the pixels.  Each pixel is a physical element—an individual sensor in the CCD array.  

Pixels are in general not square, and so a unit of one pixel represents a different length in 

the x direction than it does in the y direction.  In addition, the object is projected optically 

onto the CCD array.  The size of the image of the object depends not only on the size of 

the object but also on its distance from the camera and on the focal length of the lens used 

to project the image onto the CCD sensor.   

A series of calibration tests was carried out using objects of known dimension, 

namely coins of different sizes.  Coins were placed on the light table at several locations 

over the field of view of the camera, and the images were processed in the same way as 

for aggregate particles to determine the diameters in units of pixels in the x and y 

directions.  Figure 4.8 is an image of one set of coins showing the distortion caused by 
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the camera aspect ratio.  Calibration curves were developed for both the x and y 

directions, relating the dimension in pixels to the dimension in millimeters as measured 

with a precision caliper.  Figure 4.9 shows the calibration curves for the x and y 

directions.  As can be seen from the curves, a small amount of scatter is present in the 

data, due to variations in the lens optics between the center and the edges of the field of 

view, and due to small digitization errors in the processing.  A straight line was fitted to 

each set of data (i.e. one each for x and y) using the least squares method, and the slope 

of the each best fit line was used as the calibration coefficient for the x and y directions. 

 

 

Figure 4.8:  Calibration setup.  Several sizes of coins were used, configured in this pattern 

 

 

 

Figure 4.9:  Calibration curves for x and y directions 
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4.5.3 Centroid calculation 

The centroid of an object is the geometric center of the object.  The centroid of each 

particle provides an important reference point for computations used to describe the 

particle size and shape.  During the particle scanning process described in section 4.5.1, a 

recursive algorithm is used to accurately locate the particle centroid.  The centroid is an 

(x,y) location, and is found using the following algorithm: 
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4.5.4 Shape discrimination 

The major reason for needing to know the approximate shape of the particles lies 

in the fact that they affect the strategy for converting the particle profile into an 

equivalent sieve size.  For example, rectangular particles will sieve to the smaller of the 

two dimensions, which can be found approximately using the minor eigen diameter.  On 

the other hand, a triangular shape particle will sieve to one vertex and the opposite side, 

the length that can be sieved to is greater than the minor diameter of the profile shape.  

This requires modification of the minor diameter.   

To develop the shape descriptions, we make use of the centroid and the list of 

edge points collected/calculated as described above.  The simplest calculation is to find 

the principal axes, or major and minor diameter.  To do this, the edge points are taken as 

a set of random variables from which a covariance matrix is calculated via the following 

algorithm: 

Consider a set P of edge points p(x,y) on the contour of interest, with P =[ P1 P2 … 

Pn] and                                                        

                                                        
y
x

i

ip
i

                                                    (4.7) 

The mean vector and the covariance matrix are defined as 
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where T indicates vector transpose and E is the expected value operator.  Because pi and 

mp are two dimensional, Cp must be a matrix of order 2 2.  Element  cii of Cp is the 

variance of x and  y in pi, and element cij  of Cp is the covariance between x and y.  The 

matrix Cp is real and symmetric. 

 For M vector samples, namely, M edge points, the mean vector and covariance 

matrix can be approximated as 
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Because the matrix Cp is real and symmetric, finding a set of orthogonal eigenvectors is 

always possible.  Let 1 and 2 be the eigenvalues of Cp, with 1> 2, and let e1 and e2 be 

the corresponding eigenvectors.  The direction of vector e1 indicates the orientation of  

the particle’s major axis, and likewise, the direction of e2 coincides with the direction of 

its minor axis.  The endpoints of the major and minor axes within the contour can be 

found, so that the maximum diameter and its orthogonal minimum diameter can thus be 

obtained.   

 The eigenvectors of the covariance matrix show the directions of the principal 

axes of the shape.  The actual principal axes are determined by passing two lines with the 

same directions as the two eigenvectors through the centroid of the shape, and finding the 

points at which the lines intersect the edges.  The length of each of these “principal axes” 

is then recorded as the major diameter (Dmaj) and minor diameter (Dmin).  Note that the 

term “diameter” is somewhat a misnomer, since the particles are not in general round, but 

has been used for convenience.  Once the major and minor diameters are found, the 

aspect ratio is simply the ratio of the two.  The minor diameter is important in 

determining sieve size.   

To characterize the particle shape, some additional calculations are carried out.  

Particle shape discrimination has been the subject of much research, as was noted in 

Section 3.  For our purposes, it is convenient to use a method which provides a descriptor 

which is independent of the size and orientation of the particle on the light table, i.e. a 

scale invariant and rotationally invariant feature, in the parlance of image processing.  

One of the most popular such methods is Fourier analysis.  In that method, vectors are 

drawn from the centroid to each edge point, and the length of each vector is calculated.  

The resulting ordered list is taken as a sampled 1-D function, upon which a Fourier 

transform is performed to give the frequency domain power spectrum.  The principal 

component of the spectrum is then usually taken to indicate the number of vertices in the 

shape.  While the Fourier method is in fact rotationally invariant, it is computationally 

more complex than desired for analyzing masses of aggregates.  In addition, the Fourier 

method can produce ambiguous results, especially for jagged particles. 
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 Figure 4.10:  Two  particle shapes showing major and minor diameters as calculated by the 

covariance method.  Note that edges appear stairstepped because images have been enlarged to show 

detail and that axes do not appear perpendicular because of aspect ratio effects.  Axes do not pass 

directly through centroid because endpoints were chosen to lie on discrete pixels on the contour. 

 

 

 

 We have developed a shape characterization method which works at least as well 

as the Fourier method but which is computationally much simpler.  We call it “shape 

signature analysis”.  The particle “shape signature” is formed by drawing vectors from 

the centroid to the edge points, just as in the Fourier method.  As in the Fourier method, 

the length of each vector is calculated and the lengths are stored as an ordered set of 

points, with the maximum length marked.  The set is normalized by dividing all of the 

lengths by the maximum length, and is ordered starting from the maximum length vector 

and proceeding counterclockwise.   The normalization step removes dependency on size 

and rotation but preserves the fundamental shape of the particle’s contour signature.  

Signatures are used to store and reveal the profile shape information.  Analyzing 

their patterns can give us certain shape characteristics.  For example, a relatively straight 

line parallel to the abscissa indicates that the object’s shape is quite circular.  If the 

signature of a convex shape has four sharp peaks of the same radius and four smooth 

valleys also of the same radius, and all are evenly spaced along the abscissa, it can be 

deduced that this object’s shape is square-like.  Three peaks and three valleys in a 

signature imply a triangular shape in a general sense, etc.   For a convex object, its shape 

can be characterized by its simplified contour obtained from connecting all the major 

vertices, provided these major vertices can be known.  Fig. 4.11 demonstrates this idea, in 

which the contour ABCD  can be used to characterize the object’s original shape.  
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 Figure 4.11:  Major vertices identified by the shape signature process 

 

Although all the vertices can be extracted from the signature by observing its first 

derivative quantities, identifying a few characteristic ones is not an easy task.  This is 

because the signature of an imaged object usually is very noisy.  In other words, many 

points that may not serve the characterizing purpose may be picked as representative 

vertices, making the shape feature description unnecessarily complex.  In order to 

efficiently find the characteristic vertices, noise must be removed. 

Polynomial curve-fitting can effectively approximate functions (interpolating 

polynomials) to smooth out noisy experimental and numerical data, and provide a simple 

analytical expression. The most common chosen form of g(x) is the polynomial 

 
                    g(x)=a0 x

p
+ a1 x

p-1
+ a2 x

p-2
+ a3 x

p-3
+ … + ap-2 x

2
+ ap-1 x+ap                     (4.12) 

 

Determination of the order of the polynomial, p, is problem dependent. For a 

given set of data points, an order too high may cause detection of insignificant vertices, 

while too low may lack the sensitivity of detection.  After trial-and-error, we selected 

p=18.  After the order is chosen, we take the first derivative of the polynomial to seek out 

all the significant vertices, using  

                                                     0
)(

dx

xdg
                                                               (4.13) 

to locate the vertices position on the original signature curve.  The number of maxima 

and minima is an indicator to the number of “corners” and “flat sides” that the particle 

has.  Those maximum points, which are desired for shape characterization, can be 

identified by simply checking the position of the neighboring points.  Fig. 4.12 (a) ~ (f) 

demonstrate the results for three particles.  The plots in the left column show the 

polynomial curve-fitting effect, and shapes identified are in the right hand column.  Note 

that the size is not calculated from the lines connecting the principal vertices, since this 

approach would severely underestimate all particle sizes.  The processes described here 

are for shape classification only. 
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(a)                                                                              (b) 

    

(c)                                                                              (d) 

    

(e)                                                                              (f) 

Figure 4.12: Shape signatures and their descriptions derived from images of aggregate particles.   In 

a)  the signature maxima are labeled to show how they correspond with the vertices in the particle 

shape, shown in b) 
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 Two other features are extracted from the shape signature:  the mean and variance 

of the signature points.  The mean is a number less than or equal to 1, and can be taken as 

a measure of particle “roundness”.  Note that a perfect circle will have a flat signature 

and a signature mean equal to one.  The smaller the particle mean, the less round is the 

object.  The signature variance is a measure of “jaggedness”.  Objects with pronounced 

vertices such as triangles and rectangles will have high variance, while smoother objects 

will have a smaller signature variance.  

  

4.6 Extension to 3-D properties 
To extend the 2-D properties to a useful sieving analysis, it was necessary to 

develop two distinct but related correlations.  First, the volume of a particle must be 

estimated based on its 2-D properties.  The volume forms the basis for estimating the 

particle’s mass, using an assumed constant material density.  Second, each particle’s 

sieve size must be estimated, so that gradation curves can be constructed.  The following 

sections describe the methods used to develop these correlations. 

4.6.1 Volume correlations 

To develop the volume correlations, a sample of 501 individual pieces of crushed 

limestone aggregate was collected.  All of the particles were chosen to be in the range of 

4.75 mm to 25 mm sieve size.  This size range was chosen because the Superpave 

methods for determining coarse aggregate angularity and “flat, elongated” particles only 

include materials retained on a 4.75mm or larger sieve.  The upper size limit was set 

because it proved difficult to accommodate very large particles in the same image with 

very small ones, because the smaller ones can easily be obscured by the larger ones.  This 

problem is not insurmountable, but was not dealt with in this feasibility assessment 

project. 

The rocks in the sample were arranged on the light table in several sets in a 

diagonal pattern that allowed each particle to be individually identified.  Figure 4.13 

shows one of the several data sets taken this way.  The data set was imaged and processed 

to find all of the 2-D parameters mentioned above.  Then the mass of each particle was 

individually found using a laboratory balance.  Finally, a bulk density for the material 

was calculated using the water displacement method and a graduated cylinder.  In this 

way, a sample of 501 individual particles was obtained in which the volume of each one 

could be compared against its 2-D properties.   

Many correlations were attempted, beginning with straightforward functions of 

the particle projected area and becoming more complex as necessary.  It was extremely 

difficult to obtain a close fit of any model to the data, due to the random nature of the 

particle shape and due to the fact that many particles have multiple stable poses from 

which they could be viewed.  That is, a single particle could be placed on the light table 

multiple ways and would provide multiple sets of size and shape characteristics to the 

camera.  Figure 4.14 is a plot of particle volume versus projected area, and shows that 

there is significant scatter in the data due to these random effects. 
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Figure 4.13:  One of  several aggregate particle images used to form database 

 

Figure 4.14:  Plot of particle volume versus projected area, showing data scatter 

 

 Because the aggregate particles can be considered independent random variables, 

what is really needed is a volume correlation that is a statistically unbiased estimator 

across the range of particle sizes.  Then if a measurement consists of an adequate sample 

size, the central tendency of the random variables should allow a reasonably accurate 

estimate of the aggregate sample statistics. 

 It was desired to construct an estimator which provides an accurate approximation 

of the particle volume across the entire range of sizes.  Thus our model is based on 

dimensionless forms of the particle features described above. We suspect that the flatness 

of the particles may be related to some other geometric attributes, such as elongation, 
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represented by the aspect ratio, roundness of the profile shape, and roughness of the edge 

line.  Note that all the mentioned variables are obviously size and volume independent.   

We first build the following multiple linear regression (MLR) model, then explain each 

terms in it thereafter. 

            

1

23
min

2

min

10

min

log
2

sig

sig

sig

majnom

M

V

M

D

D

D

D

H
              (4.14) 

where 

 Hnom : Nominal height (mm), as defined below 

 Dmin : Minor diameter (mm) 

 Dmaj : Major diameter (mm) 

 Msig : Mean value of the non-normalized signature (mm). 

 Vsig : Variance of the non-normalized signature (mm
2
). 

 : Random error.  

Definition and interpretation of the terms in Eqn. (4.14) are as follows: 

minD

H nom  : Flatness. See Fig. 4.15 (a). 

minD

Dmaj
 = Xelong : Aspect ratio.  Describes how elongated the particle is, as in Fig. 4.15 (b). 

sigM

D

2

min  = Xround : Roundness. Its value increases to 1 as the profile shape of the particle 

becomes more circular.  See Fig. 4.15 (c). 

2

sig

sig

M

V
: Roughness.  It describes the how jagged the edge line is of the particle profile             

shape.  For a perfectly smooth edge line, the value is zero, as demonstrated in Fig. 4.15 

(d).   

Three issues regarding 
2

sig

sig

M

V
 need to be mentioned here: first, the signature mean 

square in the denominator serves as a normalizing factor for eliminating the dimension.  

Second, the logarithmic transformation of 
2

sig

sig

M

V
 makes the very small ratio values more 

readable and meaningful and offsets the possible inaccuracy caused by numerical 

truncation in the computer system.  Third, the reciprocity of the negative logarithm 

transformation ensures a positive value that decreases to zero as the edge line becomes 

smoother.   
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Figure 4.15:  Definition of nominal height 
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Figure 4.16 Interpretation of Model Terms 

 

 With these definitions, a MLR was run on the data from the 501-rock sample set, 

and the following regressor variables were obtained: 
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 (4.15) 

 

 Using this model and the values calculated from the image for each particle, the 

estimated “flatness” for each particle can be obtained, where the the flatness is a 

normalized ratio of the estimated nominal height and the measured Dmin: 

                                           
minD

H
Y

nom
flat        (4.16)                                                        

 Recall that our final goal is to use this model to predict the volume of the particle.  Since 

the volume equals the projected area multiplied by corresponding nominal height, the 

volume estimate for each particle follows directly from (4.16):  

 

                                    partflatpartnom ADYAHV min                                   (4.17)  

where 

    Apart : Particle projected area (mm
2
).  
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This model was developed using multivariable regression techniques and 

represents the best fit of the data we have been able to obtain.  Figure 4.17 shows a plot 

of the model error for the 501 particles.  These values have not been normalized, so larger 

particles will show larger excursions, however the trend is clearly well tracked.  Note that 

this plot shows the error for the sample from which the model was developed, so it is 

expected to fit well.  The test of the model validity is in running the system against a new, 

“blind” sample.  That test was performed and will be discussed in Section 5. 

 

 

Figure 4.17:  Model error plot for the final volume correlation model 

 

4.6.2 Sieving Behavior and Gradation Curves 

Development of the volume model was only the first step in being able to 

optically sieve the aggregates.  To construct a gradation curve from the images of the 

particles, it is necessary to determine the sieve size of each particle.  The sieve sizes used 

in this work are the standard sizes from the Superpave literature:  4.75mm, 9.5 mm, 12.5 

mm, 19 mm, and 25 mm.  The gradation curve is constructed by finding the total mass 

retained on each sieve, and is a cumulative measure as explained earlier in this report.  

Thus, it is necessary to accurately predict both the volume and the sieving behavior of the 

particles. 

The sieving behavior of irregularly shaped particles is based on what we have 

labelled the minor diameter above.  The sieving model is more complex than the simple 

measurement of  the minor diameter, however.  Figure 4.18 shows why.  Particles 
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significantly larger than the nominal sieve size can pass through the sieve openings if 

they are fairly flat, since they can turn diagonally in the square sieve opening.  To 

account for this, we have developed a probabilistic model which estimates the probability 

of  “borderline” particles passing the sieve opening, based on the statistics of the 501-

particle sample. In addition to the nominal height, Hnom, we now define also a critical 

height, Hcrit, which is the maximum Hnom  allowable for a particle to pass the sieve.  Note 

that Hcrit is a function of Dmin. If Dmin is less than the sieve size, the particle is assumed to 

pass.  However, if Dmin is slightly greater than the sieve size, the particle may still pass, as 

shown in Figure 4.18.  As Dmin increases to 1.414 times the sieve size, the critical height 

decreases to zero. 
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Figure 4.18:  Sieving behavior showing effect of particles passing diagonally through the mesh.  The 

actual particle cross section, the nominal height and the critical height are also shown. 

 

 The basis of our sieving model is then to estimate whether or not the particle’s 

nominal height is less than its critical height.  We do this using statistics from our 501-

particle sample.  Recall from the volume modeling discussion that we actually estimate 

the “flatness” of each particle en route to the volume estimate.  The flatness is a random 

variable, which over the 501-particle sample exhibits a mean of approximately 0.4 and an 

approximately Poisson-shaped distribution.  Figure 4.19 is a histogram of the flatness 

values. 
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Figure 4.19:   Histogram of flatness values for the 501 particle sample 
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Figure 4.20:   Cumulative probability function fit to data from the histogram 

 From the histogram of the data, a cumulative probability function for the flatness 

can be constructed.  This function gives the probability that a particle from the 501 piece 

sample has a flatness less than the query value.  For example, in Figure 4.17, the 

probability that a particle from the sample has a flatness less than 0.4 is about 0.65.      

It is simple to convert the critical height to a critical flatness value by dividing 

Hcrit by the minor diameter.  The critical flatness is the entry to the cumulative probability 

function (CPF) shown above, i.e. the abscissa value.  The CPF gives the probability Ppass 

that the particle in question has a flatness less than or equal to the critical flatness.  For 

any particle, the true nominal height is a random variable, so we generate a random 

number between  0 and 1 using a uniform distribution and the random number generator 

in the Matlab™  software package. The random number is compared with Ppass. If the 

random number is less than Ppass the particle is considered to have passed the sieve size 

and its estimated volume is added to those in the bin for that size.  If the random number 

is greater than the probability found from the CPF, the particle is considered to have been 

retained on that sieve, and its volume is added to the appropriate sieve size “bin”.   The 

total volume of all the particles in each bin is then used to construct gradation curves for 

the samples.  Figure 4.21 is an example of a gradation curve constructed from an 

aggregate sample using this method. 
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Figure 4.21:  Example of gradation curve constructed using the optical sieving technique 

 
4.7 Sample Size Considerations 

Because we rely on statistical methods to correlate volume and sieving behavior, 

it is necessary to have a large enough sample for testing that the statistical assumptions 

are valid.  For any single particle, we may have significant errors in estimating its volume 

or its sieving behavior.  But over a large number of particles, the errors will cancel each 

other and accurate results will be obtained. The larger the sample size, the more accurate 

will be the results. The tests described in the next section were performed with 

approximately 1800 particles—roughly a five-pound coffee can full.  

 

5 Testing and System Performance 
 

5.1 Optical Sieving Performance 
To test the performance of the system, a new batch of aggregate was obtained.  The batch 

was sieved to remove particles less than 4.75 mm and greater than 25 mm, since at this 

time we are only dealing with particles in that range.  The total number of particles in the 

test sample was approximately 1900, and the sample was divided into smaller “batches” 

for testing since not all of the particles would fit onto the light table at once.  Each batch 

was imaged, the particles were randomly moved around and it was imaged again.  This 

process was repeated until there were five images of each batch.  The particles were then 

all combined and taken to the Asphalt Laboratory at WVU where the sample was 

mechanically sieved five times.  The images of the various batches were processed using 

the algorithms and methods described above, and the results of the optical sieving were 

compared with those of the mechanical sieving.  Figure 5.1 shows two plots representing 

the best and worst of the five trials.  A table showing the results of all five trials is given 

in Table 5.1.  As can be seen from the plots, the optical results agree very well with the 

mechanical benchmark.   
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Figure 5.1(a):  Sieve testing results, best of five trials (Sum of Squared Error = 2.45) 

 

Figure 5.1(b):  Sieve testing results, worst of five trials (Sum of Squared Error = 11.54) 
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Table 5.1:  Results of all five trials of the sieving test.  Maximum error for the trials was –2.21% 

 

 

 

 

 

5.2 Other Superpave Statistics 
As noted earlier in this report, there are two other Superpave statistics which are 

important in determining the suitability of aggregates for asphalt mixes.  Those measures 

are the particle angularity and the number of flat, elongated particles.  The latter can be 

readily estimated by dividing the major diameter by the expected thickness of the 

particle.  The expected thickness is found from taking the mean value of the flatness ratio 

(approximately 0.4) times the minor diameter.  If the ratio thus found is greater than 5, 

the particle is a flat, elongated particle.  Time limitations precluded the formal inclusion 

of this measure in the software, but it would be a simple addition to make. 

All of the aggregates that we tested were of crushed limestone, and were therefore 

composed of 100% particles with more than two fractured faces.  We have considered the 

problem of evaluating fractured faces and propose to do so using the signature curves 

described in Chapter 4.  Fractured faces on otherwise smooth particles produce vertices 

and flat faces.  As could be seen from the examples, vertices produce maxima in the 

signature curve, and flat faces produce minima between these vertices.   It should be 

possible to assess the presence of fractured faces by looking for these characteristic 

patterns in the signature curves.  This method would not find fractured faces on the 

bottom or on the top of the particle.  Other means would have to be developed to do that 

assessment. The algorithms to do this were not completed, due to time constraints and 

due to the perception that this measurement is of minor interest in West Virginia.  The 

fractured face evaluation is a straightforward and rapid procedure. Automation of this test 

would probably not be cost effective.  

Test 4.75 9.5 12.5 19 25 Trial

Number SSE

#1 1.04 -1.68 -0.32 0.76 0.00 4.57

#2 1.19 -0.18 -0.46 0.89 0.00 2.45

#3 1.04 -1.38 -1.04 2.16 0.00 8.71

#4 1.08 -1.02 -2.21 2.12 0.00 11.54

#5 1.04 -0.95 -1.32 -0.49 0.00 3.97

Mean Error 1.08 -1.04 -1.07 1.09 0.00

Percent-Passing Residual (%)

Sieve Size (mm)



 30 

6 Conclusions 
 

6.1 Feasibility 
We believe that the processes developed in this project constitute a feasible 

approach to the problem of optical sieving of aggregates.  Although the methods were 

only demonstrated for coarse aggregates, we believe that similar techniques could be 

applied to fine aggregates, simply by positioning the camera closer to the particles or by 

using a longer focal length lens to obtain greater magnification.  Since fine particles and 

dust tend to agglomerate into piles several layers thick, some additional methods may be 

necessary to evaluate the fines.  We believe that a combination of texture evaluation and 

gray-scale measurement of light transmission would give adequate information to 

perform those evaluations.  These suggestions have not been tested at this time.    

 

6.2 Strengths and Weaknesses 
Compared with other technologies available and under development, the approach 

undertaken in this work has several advantages and some weaknesses.  Our method 

provides a greater level of information on particle shape and thus the potential for more 

accurate and complete description of particle behavior and properties than does the VDG-

40, which relies on line scans of falling particles for its assessments.  The literature of the 

VDG-40 does not mention assessment of particle angularity.  The WipShape program 

marketed by WipWare uses two orthogonal cameras and a conveyor to provide two 

independent views of each particle.  While perhaps more accurate than our system, the 

WipShape system can process only one particle at a time, and is therefore necessarily 

slower.  We maintain that even two views are not adequate to perfectly characterize 

particle shape, and that processing a larger number of particles is a better means of 

constructing an accurate statistical representation of the population.  Our assertion is 

obviously untested, but the philosophy is shared by Kim et al [6].   

The system being built by Erol Tutumluer at the University of Illinois uses three 

separate cameras to image the aggregates, in an effort to improve yet on the WipShape 

system, which Tutumluer reports that he has accomplished [3].  His system also 

processes only one particle at a time, however, and thus incurs the same speed penalty as 

does the WipWare sytem.  Tutumluer reports a processing time of 70 minutes for a 

sample of 1037 particles.  While this is faster than manual methods, it does not approach 

the speed needed for on-line feedback control.  In addition, the accuracy of the Tutumluer 

system is not impressive.  Tutumluer reports errors in volume calculation in excess of 

10% [14].  Clearly, our system has demonstrated (in limited trials) a much greater 

gradation accuracy. 

The major weakness of our system is the lack of a developed method for 

determining angularity of predominantly round particles, particularly the problem of 

finding fractured faces on the top or bottom of the particles.  We believe these difficulties 

could be overcome, but it is not clear at present that this aspect is of significant interest to 

WVDOH to pursue more aggressively. 

 

6.3 Steps to Commercialization 
Significant further development of the system is required to produce a commercial 

system.  First, further testing with a broader array of aggregate types is required to verify 
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the performance of the coarse aggregate sieving accuracy.   Second, methods must be 

developed and verified for handling the fine particles.  A user interface must be 

developed and refined.  This level of additional work would lead to a product which 

would work reliably in the batch mode as does our current system.  We believe such a 

system would provide an adequate improvement over the current manual methods to be 

commercially attractive, especially if it could be done at price below the $41,000 cost of 

the VDG-40.  Further research should be aimed at developing a continuously sampling 

machine which could be used for on-line blending control.  Such a machine would 

provide unsurpassed performance and could profoundly improve the level of accuracy 

and quality in the blending of asphalt aggregate mixtures.   
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