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(54) SCRAP SORTING METHOD AND SYSTEM

(57) A system and a method of sorting scrap particles
includes imaging a moving conveyor containing scrap
particles using a vision system to create an image. A
computer analyzes the image as a matrix of cells, iden-
tifies cells in the matrix containing a particle, and calcu-
lates a color input for the particle from a color model by
determining color components for each cell associated
with the particle. A light beam is directed to the particle

on the conveyor downstream of the vision system, and
at least one emitted band of light from the particle is iso-
lated and detected at a selected frequency band to pro-
vide spectral data for the particle. The computer gener-
ates a data vector for the particle containing the color
input and the spectral data, and classifies the particle
into one of at least two classifications of a material as a
function of the vector.
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Description

[0001] The technical domain of the invention relates to
scrap sorting systems.

TECHNICAL FIELD

[0002] Various embodiments relate to a method and a
system for sorting scrap particles in a line operation.

BACKGROUND

[0003] Scrap metals are currently sorted at high speed
or high volume using a conveyor belt or other line oper-
ations using a variety of techniques including: hand sort-
ing by a line operator, air sorting, vibratory sorting, color
based sorting, magnetic sorting, spectroscopic sorting,
and the like. The scrap materials are typically shredded
before sorting and require sorting to facilitate separation
and reuse of materials in the scrap, for example, by sort-
ing based on classification or type of material. By sorting,
the scrap materials may be reused instead of going to a
landfill or incinerator. Additionally, use of sorted scrap
material leads to reduced pollution and emissions in com-
parison to refining virgin feedstock from ore or plastic
from oil. Sorted scrap materials may be used in place of
virgin feedstock by manufacturers if the quality of the
sorted material meets a specified standard. The scrap
materials may be classified as metals, plastics, and the
like, and may also be further classified into types of met-
als, types of plastics, etc. For example, it may be desir-
able to classify and sort the scrap material into types of
ferrous and non-ferrous metals, heavy metals, high value
metals such as nickel or titanium, cast or wrought metals,
and other various alloys.

SUMMARY

[0004] In an embodiment, a method of sorting scrap
particles is provided. A moving conveyor containing
scrap particles is imaged using a vision system to create
an image corresponding to a timed location of the con-
veyor. A computer is employed to analyze the image as
a matrix of cells, identify cells in the matrix containing a
particle by distinguishing the particle from a background
indicative of the conveyor, and calculate a color input for
the particle from a color model by determining color com-
ponents for each cell in the matrix associated with the
particle, the color input calculated by inputting two color
components from each cell of the matrix associated with
the particle as a pair of discriminants into a calibration
table, flagging the cell if the pair of discriminants is one
of a predefined pair of discriminants, and calculating the
color input by normalizing a summation of the flagged
cells by a total number of cells associated with the par-
ticle. A light beam is generated and directed to the particle
on the conveyor downstream of the vision system and
within a target area using a scanner assembly including

a beam deflector. At least one emitted band of light from
the particle in the target area is isolated and measured
at a selected frequency band using a detector to provide
spectral data for the particle. The computer is employed
to generate a data vector for the particle containing the
color input and the spectral data, and classify the particle
into one of at least two classifications of a material as a
function of the data vector.
[0005] In a further embodiment, the color input is a first
color input. The computer is employed to calculate a sec-
ond color input for the particle by inputting another two
color components from each cell associated with the par-
ticle as another pair of discriminants into another calibra-
tion table. At least one of the color components of the
first color input differs from at least one of the another
color components of the second color input. The data
vector is generated for the particle using the first color
input, the second color input, and the spectral data.
[0006] In a yet further embodiment, the computer is
employed to create the calibration table via a calibration
process using a known particle from one of the at least
two classifications by: imaging the known particle and
conducting a multiple discriminant analysis of the color
components of each cell of the image of the known par-
ticle to provide two discriminants, and assigning at least
one contiguous region of a plot of the two discriminants
to the one of the at least two classifications of the material
to define the set of predefined pairs of discriminants for
the one of the at least two classifications of the calibration
table.
[0007] In a further embodiment, the at least one con-
tiguous region relates to an associated classification of
the material. Another region of the plot is assigned to
another associated classification of the material.
[0008] In another embodiment, a method of sorting
scrap particles is provided. A moving conveyor contain-
ing scrap particles is imaged using a vision system to
create an image corresponding to a timed location of the
conveyor. A computer is employed to analyze the image
as a matrix of cells, identify cells in the matrix containing
a particle by distinguishing the particle from a background
indicative of the conveyor, and calculate a color input for
the particle from a color model by determining color com-
ponents for each cell in the matrix associated with the
particle. A light beam is generated and directed to the
particle on the conveyor downstream of the vision system
and within a target area using a scanner assembly in-
cluding a beam deflector. At least one emitted band of
light from the particle in the target area is isolated and
measured at a selected frequency band using a detector
to provide spectral data for the particle. The computer is
employed to generate a data vector for the particle con-
taining the color input and the spectral data, and classify
the particle into one of at least two classifications of a
material as a function of the data vector.
[0009] In a further embodiment, calculating the color
input for the particle further comprises averaging at least
one color component for the particle across the cells in
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the matrix associated with the particle.
[0010] In a yet further embodiment, calculating the
color input for the particle further comprises averaging
three color components for the particle across the cells
in the matrix associated with the particle.
[0011] In a further embodiment, calculating the color
input for the particle further comprises assigning a color
component of each cell in the matrix associated with the
particle into a bin to obtain a histogram of each color
component for the particle.
[0012] In a yet further embodiment, each histogram is
normalized by an area of the particle determined by a
number of cells in the matrix associated with the particle.
[0013] In a further embodiment, the color input com-
prises at least three color components.
[0014] In a yet further embodiment, the computer is
employed to reduce noise on the image by transforming
the image via a fast Fourier transform to create a repre-
sentation of the image in a frequency domain, removing
at least one specified frequency from the representation,
and transforming the representation back to the image
via an inverse fast Fourier transform.
[0015] In a further embodiment, the particle is identified
on the matrix by applying a threshold on at least one
channel of the matrix and flagging a cell when a value of
the at least one channel exceeds the threshold to indicate
the presence of a particle.
[0016] In a yet further embodiment, the computer is
employed to determine at least one feature of the particle
from the matrix, a feature including a texture, a shape, a
color component standard deviation, and a grayscale vol-
ume. The data vector is further generated using the com-
puter to contain the at least one feature.
[0017] In a further embodiment, the computer is em-
ployed to classify the particle into one of the least two
classifications of the material as the function of the data
vector by inputting the data vector into a machine learning
algorithm.
[0018] In a yet further embodiment, the machine learn-
ing algorithm comprises at least one of a support vector
machine, a partial least squares discriminant analysis, a
neural network, a partial least squares discriminant anal-
ysis, a random forest of decision trees.
[0019] In a further embodiment, the light beam is a la-
ser shot directed to the particle in the target area for a
predetermined time.
[0020] In a yet further embodiment, the light beam is
a plurality of sequential laser shots directed to the particle
in the target area. A corresponding data vector is gener-
ated for each laser shot using the color input and the
spectral data from the associated laser shot. The particle
is classified into one of the at least two classifications of
the material as the function of the corresponding data
vector for each shot, and the classifications associated
with each of the plurality shots are arbitrated by the com-
puter to determine an overall classification for the parti-
cle.
[0021] In a further embodiment, the computer is em-

ployed to transform the image via a fast Fourier transform
(FFT) and create a one-dimensional array representing
an average of a log-scaled magnitude in different fre-
quency regions in the FFT image to represent texture
information associated with the particle.
[0022] In a yet further embodiment, the light beam is
targeted on a region of the particle based on a chess-
board distance transform applied to the image.
[0023] In a further embodiment, the particle is sorted
by controlling a separator device based on the classifi-
cation for the particle and the timed location of the con-
veyor.
[0024] In a yet further embodiment, each cell in the
matrix corresponds to a pixel in the image.
[0025] In a further embodiment, the computer is em-
ployed to calculate the color input for the particle from
the color model by determining color components for
each cell in the matrix associated with the particle further
comprises employing the computer to input two color
components from each cell of the matrix associated with
the particle as a pair of discriminants into a calibration
table, flag the cell if the pair of discriminants is one of a
predefined pair of discriminants, and calculate the color
input by normalizing a summation of the flagged cells by
a total number of cells associated with the particle.
[0026] In a yet further embodiment, the color input is
a first color input. The computer is employed to calculate
a second color input for the particle by inputting another
two color components from each cell associated with the
particle as another pair of discriminants into another cal-
ibration table. At least one of the color components of
the first color input differs from at least one of the another
color components of the second color input. The compu-
ter is employed to generate the data vector for the particle
containing the first color input, the second color input,
and the spectral data.
[0027] In a further embodiment, the computer is em-
ployed to create the calibration table via a calibration
process using a known particle from one of the at least
two classifications by: imaging the known particle and
conducting a multiple discriminant analysis of the color
components of each cell of the image of the known par-
ticle to provide two discriminants, and assigning at least
one contiguous region of a plot of the two discriminants
to the one of the at least two classifications of the material
to define a set of predefined pairs of discriminants for the
one of the at least two classifications of the calibration
table.
[0028] In yet another embodiment, a scanning system
for sorting randomly positioned scrap material particles
on a moving conveyor is provided. A vision system has
a sensor and an illuminated predefined viewing area to
image a conveyor passing therethrough at a time interval.
A beam director receives a light beam from a source and
redirects the beam to a target scanner assembly having
a beam deflector mounted in the path of the light beam
to further direct the beam to a selected location within a
two-dimensional target area. A focusing optical element
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mounted in the path of the light beam focuses the light
beam and provides a generally uniform light power den-
sity along a focal surface. A spectral sensor is adjacent
to the target. At least one controller receives and proc-
esses image data acquired from the vision system to
identify a scrap particle on the conveyor in the viewing
area, calculate a color input from a color model for the
particle from an image taken by the visions system by
applying a color criteria to the image, target a scrap par-
ticle in the target area and control the light beam director
and target scanner assembly to direct the beam at the
targeted scrap particle, determine spectral data for the
particle based on a signal indicative of one or more se-
lected frequency bands of light emitted from the particle
in response to the light beam interacting with the particle,
and classify the particle into a classification of material
using a data vector containing the color input and the
spectral data.

BRIEF DESCRIPTION OF THE DRAWINGS

[0029]

FIGURE 1 illustrates a side schematic view of a sort-
ing system according to an embodiment;

FIGURE 2 illustrates a top schematic view of the
sorting system of Figure 1;

FIGURE 3 illustrates a diagram of a laser system
employing at least two synchronized lasers for use
with the sorting system of Figure 1 according to an
embodiment;

FIGURE 4 illustrates a perspective schematic view
of the laser system for use with the sorting system
of Figure 1;

FIGURE 5 illustrates a flow chart illustrating a meth-
od for classifying scrap material using the system of
Figure 1;

FIGURE 6 illustrates a flow chart for a method of
providing a color input for use with the method of
Figure 5, with the left side showing the calibration
procedure and the right side showing the sortation
process;

FIGURE 7 illustrates a calibration table for use with
the method of Figure 6;

FIGURE 8 illustrates a simplified example of a par-
ticle image and the steps associated with the method
of Figure 6;

FIGURE 9 illustrates a flow chart for a method of
providing a color input for use with the method of
Figure 5;

FIGURE 10 illustrates a histogram resulting from the
simplified example of a particle image from Figure 8
using the steps associated with the method of Figure
9; and

FIGURE 11 illustrates a neural network for use in
classifying the particle using a data vector and the
method of Figure 5.

DETAILED DESCRIPTION

[0030] As required, detailed embodiments of the
present disclosure are provided herein; however, it is to
be understood that the disclosed embodiments are ex-
amples and may be embodied in various and alternative
forms. The figures are not necessarily to scale; some
features may be exaggerated or minimized to show de-
tails of particular components. Therefore, specific struc-
tural and functional details disclosed herein are not to be
interpreted as limiting, but merely as a representative
basis for teaching one skilled in the art to variously em-
ploy the present disclosure.
[0031] It is recognized that any circuit or other electrical
device disclosed herein may include any number of mi-
croprocessors, integrated circuits, memory devices (e.g.,
FLASH, random access memory (RAM), read only mem-
ory (ROM), electrically programmable read only memory
(EPROM), electrically erasable programmable read only
memory (EEPROM), or other suitable variants thereof)
and software which co-act with one another to perform
operation(s) disclosed herein. In addition, any one or
more of the electrical devices as disclosed herein may
be configured to execute a computer-program that is em-
bodied in a non-transitory computer readable medium
that is programmed to perform any number of the func-
tions as disclosed herein.
[0032] Figures 1-2 illustrate a system 100 or apparatus
for classifying scrap materials into two or more classifi-
cations of materials, and then sorting the materials into
their assigned classification.
[0033] A conveyor belt 102, or other mechanism for
moving objects along a path or in a direction, shown here
as the y-direction, supports particles 104 to be sorted.
The particles 104 to be sorted are made up of pieces of
scrap materials, such as scrap materials from a vehicle,
airplane, a recycling center; or other solid scrap materials
as are known in the art. The materials 104 are typically
broken up into smaller pieces on the order of centimeters
or millimeters by a shredding process, or the like, before
going through the sorting system 100 or a larger sorting
facility. The particles 104 may be randomly positioned
and oriented on the conveyor 102, have random and
widely varying shapes, and have varying properties, such
as a wide range of reflectivity.
[0034] The system 100 classifies and sorts the parti-
cles into two or more selected categories of materials. In
one example, a binary sort is performed to sort the ma-
terials 104 into two categories. In another example, the
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materials are sorted into three or more categories of ma-
terials. The conveyor belt 102 extends width-wise in the
x-direction, and pieces or particles of material 104 are
positioned at random on the belt 102. In various exam-
ples, different scrap materials may be sorted, e.g. types
of mixed metals, cast versus wrought, alloys, etc.
[0035] The system 100 has a vision system 106 that
images the belt 102 as it passes through a viewing area
of the vision system 106. In one example, the vision sys-
tem 106 provides a color image in the visible spectrum.
In other examples, the vision system 106 provides an-
other multi-channel image. A control unit 108 receives
the images from the vision system 106, and uses the
images to locate particles 104 of material on the belt and
track the particles as they move along the belt. The con-
trol unit 108 also uses the imaging data to determine
color data associated with each particle 104 on the belt
102. The control unit 108 may be provided by a networked
computer system employing a plurality of processors to
achieve a high-speed, multi-tasking environment in
which processing takes place continuously and simulta-
neously on a number of different processors. In the con-
trol unit 108, each processor in turn is capable of provid-
ing a multi-tasking environment where a number of func-
tionally different programs could be simultaneously ac-
tive, sharing the processor on a priority and need basis.
The choice of implementation of hardware to support the
functions identified in the process groups may also de-
pend upon the size and speed of the system, as well as
upon the categories being sorted.
[0036] The system 100 has a laser spectroscopic sys-
tem 110 that has one or more lasers and a beam steering
system. Light pulses from the lasers are directed by the
beam steering system to known particle locations as the
particles pass through the system 110 on the belt 102.
A laser beam or pulse interacts with the particle to form
a plasma. The system 110 measures light emitted by the
plasma, for example, in one or more specified frequency
bands, to provide a signal indicative of spectral data to
the control unit 108.
[0037] The control unit 108 uses the color data and the
spectral data for each particle and conducts a multi-dis-
criminant analysis for the particle to classify the particle
into one of two or more preselected classifications. Based
on the classification outcome, the control unit 108 con-
trols a sorting device 112 to sort the particles 104 based
on their associated classifications. The control unit 108
may also include one or more display screens and a hu-
man machine interface 114, for use in controlling the sys-
tem 100 during operation and also for use in calibration
or system setup.
[0038] The particles 104 of scrap material are provided
to a first end region 116 of the belt 102. The belt 102 is
moved using one or more motors and support rollers 118.
The control unit 108 controls the motor(s) 118 to control
the movement and speed of the belt 102. The control unit
108 may include one or more position sensors 120 to
determine a location and timing of the belt 102 for use

locating and tracking particles 104 as they move through
the system on the belt. In one example, the conveyor 102
is linearly moved at a speed on the order of 200 to 400
feet per minute, although other speeds are contemplated.
[0039] The particles 104 on the belt 102 may pass un-
der a cleaning system or device 122. The cleaning sys-
tem 122 extends across the width of the belt 102 and
may include a pressurized air source to remove dust
and/or a wetting device to provide a spray of liquid, e.g.
water, onto the surface of the conveyor 102 to create a
darkened, more uniform surface of the conveyor as the
background.
[0040] The belt 102 passes through a vision system
106, which includes an imaging device 124 to image the
material as it moves through the system 106. The vision
system 106 creates an image of a region of the belt 102
based on a viewing area of the associated imaging device
124, and associates the image with the belt 102 timing.
[0041] The vision system 106 includes an imaging de-
vice 124 and a lighting system 126 that the belt 102 and
particles 104 pass under. The imaging device 124 may
be a camera that has a digital color sensor, such as a
charge coupled device (CCD) or complimentary-metal-
oxide-semiconductor (CMOS) sensor. In one example,
the imaging device 124 is a linescan camera that scans
with sufficient frequency to provide a continuous feed of
sequential image frames of the conveyor 102, and is a
three chip, RGB color CCD camera. In other examples,
the imaging device may include a CMOS sensor or an-
other sensor, or may provide an image with using another
color model, such as HSV and HSL or other channels.
The camera 124 has an associated viewing area that is
focused on the belt 102. The camera 124 may be a mul-
tispectral or hyperspectral camera providing ultraviolet,
visible, and/or infrared channels.
[0042] The vision system 106 may also include a three-
dimensional (3-D) imaging device 125 with its own light-
ing system 127. The 3-D imaging device 125 may be a
camera or pair of cameras that views a laser line profile
generated by a line laser 127 and uses the vertical dis-
placement of the line laser to determine the top surface
profile of the particle 104. In another embodiment, it may
be a time-of-flight laser ranging system coupled to a rapid
one dimensional (1-D) scanning mirror that scans the
width of the belt 102. Alternatively, a stereo/dual camera
3D system or any other 3D imaging system may be used
as is known in the art.
[0043] The lighting system 126 illuminates the viewing
area of the belt 102 to provide a controlled uniform illu-
mination of the viewing area for the imaging device 124.
The lighting system 126 may be provided with a shroud
128 that includes a frame that supports one or more lights
emitting broadband visible light, such as fluorescent light
bulbs, broadband LEDs or halogen light bulbs. The light-
ing system 126 may also include a cylindrical lens for
collimation and uniform illumination and/or one or more
diffuser panels positioned between the lights and the con-
veyor 102.

7 8 



EP 3 263 234 A1

6

5

10

15

20

25

30

35

40

45

50

55

[0044] The control unit 108 controls the vision system
106 using information regarding the position of the con-
veyor 102, for example, using inputs from the position
sensor 120, to determine the linear advancement of the
conveyor belt 102 and the associated advancement of
the scrap particles 104 on the belt. The control unit 108
may control the vision system 106 to acquire an image
of the viewing area when the conveyor belt 102 has ad-
vanced a distance equal to the length of the viewing area.
[0045] The imaging device 124 includes an image de-
tector or sensor that electronically records an image of
the viewing area through which the scrap particles are
conveyed by the conveyor 102. An image processing unit
130 is provided in the control unit to periodically acquire
and process the images. The processor unit 130 includes
logic for assembling each image from the linescan cam-
era. The processor unit 130 may divide each image of
the viewing area into a matrix of cells, and analyze the
digital data corresponding to the image to determine lo-
cations of particles 104 on the conveyor 102 for use in
the laser spectroscopic system 110 and separator device
112, and to determine a color input for each particle 104
for use in the classification and sorting process. The im-
age processing unit 130 receives signal indicative of the
position of the conveyor 102 and when to acquire an im-
age such that the conveyor belt is imaged in a series of
sequential images of discretized sections of the conveyor
as it passes through the viewing area. The controller 132
and processor 130 of the control unit 108 may perform
various analyses on each of the digital pixel values re-
corded for an image as described below. An example of
a color-based visual sorting system is provided in U.S.
Patent No. 5,676,256, issued October 14, 1997, the dis-
closure of which is incorporated in its entirety by refer-
ence herein.
[0046] The belt 102 then passes through the laser
spectroscopic system 110. The laser spectroscopic sys-
tem 110 may operate as a Laser-Induced Breakdown
Spectroscopy (LIBS), Laser Spark Spectroscopy (LSS),
or Laser-Induced Optical Emission Spectroscopy (LI-
OES) system, and uses a focused laser beam to vaporize
and subsequently produce spectral line emissions from
a sample material, such as a particle 104, to analyze the
chemical composition of the particle 104. The LIBS sys-
tem 110 provides optical emission data of the laser-in-
duced plasmas of the particles after a LIBS interrogation
to the control unit 108 for use in classifying and sorting
the particles 104. An example of a laser-induced spec-
troscopy sorting system is provided in U.S. Patent No.
6,545,240 B2, issued April 8, 2003, the disclosure of
which is incorporated in its entirety by reference herein.
[0047] The laser spectroscopic system 110 provides a
laser system 134 with at least one laser generating a
laser beam including at least one laser pulse, and in some
examples a stream of a plurality of laser pulses, within a
selected time interval, and at least one scanner assembly
136. The scanner assembly 136 is positioned between
the laser 134 and the conveyor 102 with a positionable

beam deflector to direct the laser pulses at a selected
particle at any location in a selected target region on the
conveyor 102 and a focusing element mounted to focus
the beam and provide uniform laser power density along
a plane generally coinciding with the conveyor. The sys-
tem 110 further includes at least one light collector or
detector for collecting light emitted by plasma produced
from the particles 104 as they are irradiated by the laser
pulses.
[0048] The laser system 134 includes at least one laser
for providing at least one laser pulse, and in some exam-
ples a plurality of laser beam pulses, within a preselected
time interval. In one example, the laser system 134 is
provided by a pair of solid-state fixed frequency pulsed
Q-switched Neodymium-yttrium aluminum garnet (com-
monly known as Nd-YAG) lasers 138, 140, a synchro-
nizing unit 142, a pair of mirrors 144, 146, and a polarizing
beam splitter 148 for combining suitably polarized pulse
streams from each of lasers 138, 140 into a single se-
lected path 150. Each of the lasers 138, 140 may be
operated in a double pulse mode producing two pulses
separated by 1-200 microseconds by Q-switching the la-
ser twice during a flashlamp cycle. In one example, the
laser pulses in a double pulse are separated by about 50
microseconds such that the laser system 134 with two
lasers 138, 140 provides four pulses fired over a period
of 150 microseconds. Based on the speed of the con-
veyor belt 102, the translational movement of a particle
104 during this time period is negligible such that all four
pulses are directed to the same location and the same
particle using a single scanner position. In further exam-
ples, the system 100 includes more than one laser sys-
tem 134, or a laser system 134 delivering fewer or greater
than four pulses to a particle. In another example, the
laser system 134 delivers a laser shot from the two lasers
with two pulses spaced by two microseconds, with the
laser shots at 100 Hertz, or 50 Hertz interlaced.
[0049] In one example, the lasers 138, 140 are oper-
ated in a fixed frequency mode to generate pulses of
predictable characterizations. In other examples, other
lasers may be used that also generate sufficient laser
pulses in a time span in a fixed frequency mode for use
with the system 100 and without requiring repositioning
the scanner.
[0050] The scanner assembly 136 is controlled by the
control unit 108 to direct multiple laser pulses along a
path to a target location associated with a particle in the
target area. The scanner assembly 136 may include one
or more sub-assemblies that are associated with different
functions of the scanner assembly. In one example, each
laser system 134 has an associated scanner assembly
136. The scanner assembly 136 may be configured to
direct the laser beam both in the direction of travel of the
conveyor 102 as well as transversely across the width of
the conveyor 102 to provide for flexibility in targeting the
particles 104 as they move with the conveyor 102.
[0051] The scanner assembly 136 includes a beam de-
flector sub-assembly 152 that includes at least one beam
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deflector 154 having a scanner with a controllable, posi-
tionable mirror. In one example, the beam deflector 154
is a positionable galvanometric scanner with a mirror.
Each mirror may be rotated by the control unit 108 be-
tween a non-interfering position and an operable position
where the laser pulses interact with the mirror. The beam
deflector sub-assembly 152 directs and focuses laser
beam pulses available at constant intervals from the laser
134 to selected positions at uniform power densities
along a plane within a target area on the conveyor 102.
The preselected time interval is chosen to be short
enough to ablate a selected target spot on a detected
scrap particle 104 that has been conveyed to that location
with multiple pulses without repositioning the scanner
136. The mirror 154 of the detector sub-assembly 152
directs the laser pulses from an associated laser system
134 along a fixed path to a scanner sub-assembly 156.
When no laser pulses are required by the system, the
detector sub-assembly may redirect the laser pulses to
a laser dump. If a set of laser pulses is required sooner
than the pulses can be supplied by a first laser system,
the mirror 154 may be repositioned to direct a set of mul-
tiple pulses from a second laser system along the same
fixed path to one of the scanner sub-assemblies 156. By
providing more than one, or a pool, of laser systems as
well as more than one deflector sub-assembly, the fre-
quency of laser pulses for use in the spectroscopic sys-
tem may be increased beyond an available frequency
rate of one multiple-pulse laser system.
[0052] The scanner sub-assembly 156 also includes
beam deflectors 158 that receive the laser pulses along
a fixed path from the beam deflector sub-assembly 136.
In one example, multiple scanner sub-assemblies 156
are provided based on the density and speed of the par-
ticles 104 in the target area. Each scanner sub-assembly
156 may have an overlapping target area with an adja-
cent scanner sub-assembly. The scanner sub-assembly
156 includes beam deflectors 158, for example, position-
able galvanometric scanners 160 which position associ-
ated mirrors 162 to direct laser pulses from the deflector
sub-assembly 136 to a selected location and selected
particle 104 within the target area as it moves on the
conveyor 102 through the target area. The scanner sub-
assembly 156 also includes a focusing element 164, such
as a lens to focus the laser pulses. The lens 164 may be
an F-Theta lens or similar focusing element that includes
a distortion characteristic such that the image distance
is proportional to the field angle and the scan is linear
with the angular displacement of the scanning mirrors.
In one example, the lens 164 is a telecentric F-Theta lens
that also provides focusing of the laser pulses along an
axis that is perpendicular to the scanning plane of the
target area throughout the target area such that the an-
gular relationship between the laser pulse stream and
the particles’ surface is consistent and does not depend
upon the particles’ location and uniformity of results is
increased. In another example, the lens is part of a tele-
scope typically consisting of at least one moving lens and

one fixed lens. Using the surface profile information from
the 3-D imaging device 125, together with the geometri-
cal target distance, the focus point in the z-direction is
adjusted for improved, uniform LIBS performance. More-
over, the selected location on the particle 104 may be
chosen to be in a flat sub-region of the particle with min-
imal surface roughness, or other features known in the
art to provide superior LIBS signals.
[0053] The system 100 may include one or more light
collectors 166. The light collector 166 includes optical
fibers distributed to collect light from the generated plas-
ma, and is connected to a light distribution and spectral
analyzer unit 168 to isolate and measure selected spec-
tral components of the collected light. In one example,
the light collector 166 includes a plurality of ultraviolet
grade fused-silica optical fibers that are positioned to col-
lect light from a plasma created as a result of laser pulses
interacting with material of the scrap particles 104. The
optical fibers may be supported by the scanner housings
and are distributed to collect light over each of the target
areas. The optical fibers provide the light emitted by the
plasma to the light distribution and spectral analysis unit.
[0054] The light distribution and spectral analysis unit
168 may include an integrating chamber to provide a uni-
form distribution of the collected light to the one or more
spectral filters. In one example, the spectral filters are
provided by monochromator systems 170 that transmit
a narrow band of light (approximately 0.05 to 0.1 nanom-
eters wavelength) centered around a selected frequency
to a detector 172. In another example, the spectral filters
are provided by a polychromator. The detector 172 pro-
vides a signal to a spectral processor 174 in the control
unit 108 that is indicative of the intensity of the emission
from the associated monochromator. In various exam-
ples, each detector 172 is provided by a photomultiplier
tube (PMT), a photodiode, an intensified diode array, a
CCD detector, or the like. In one example, the light col-
lectors 166 are used for a spectral analysis unit 168 with
a PMT detector 172. In another example, the light col-
lectors 166 are omitted or replaced with a mirror for an
open air connection to a CCD detector 172.
[0055] The control unit 108 uses at least the color input
and the spectral data as described below to classify each
particle 104 into one of a plurality of classifications. The
control unit 108 then controls the separator unit 112, us-
ing the classification for each particle 104, the location
of the particles, and the conveyor 102 position to sort and
separate the particles 104.
[0056] The system 100 includes a separator unit 112
at a second end 180 of the conveyor 102. The separator
unit 112 includes a system of ejectors 182 used to sep-
arate the particles 104 based on their classification. The
separator unit 112 has a separator controller 184 that is
in communication with the control unit 108 and the posi-
tion sensor 120 to selectively activate the appropriate
ejectors 182 to separate selected scrap particles located
on the conveyor which have reached the discharge end
180 of the belt. The ejectors 182 may be used to sort the
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particles 104 into two categories, three categories, or any
other number of categories of materials. The ejectors 182
may be pneumatic, mechanical, or other as is known in
the art. In one example, the ejectors 182 are air nozzles
that are selectively activated to direct a jet of air onto
selected scrap particles to alter the trajectory of the se-
lected particle as it leaves the conveyor belt so that the
particles are selectively directed and sorted into separate
bins 184, for example using a splitter box 186.
[0057] A recycle loop may also be present in the sys-
tem 100. If present, the recycle loop takes particles 104
that could not be classified and reroutes them through
the system 100 for rescanning and resorting into a cat-
egory.
[0058] Referring to Figure 5, a method is shown for
classifying particles using the control unit 108 of the sys-
tem 100 as shown in Figures 1-2. In other embodiments,
various steps in the method may be combined, rear-
ranged, or omitted. The control unit 108 provides a line
trigger signal to the camera to acquire a single line based
on the position of the conveyor 102. In response to re-
ceiving the line trigger signal, the camera acquires a line
scan image at 200.
[0059] The control unit 108 forms a matrix associated
with the line scan image that is also linked to the position
or coordinates of the belt 102 for use by the separator
unit 112. The matrix overlays the image such that each
cell in the matrix is associated with one or more pixels in
the image. In one example, the matrix may have a cell
associated with each pixel. In other examples, the matrix
may have one cell associated with multiple adjacent pix-
els.
[0060] The image processor 130 receives a signal from
the camera 124 that includes a series of RGB signals
corresponding to each of the red, green and blue seg-
ments or color components of the viewing area as de-
tected by the sensor in the camera 124. In other exam-
ples, other color signals may be provided to the image
processor that are based on a different color space and
color model to indicate a color for the image that includes
at least three color components or other channels may
be provided from the camera, e.g. grayscale, non-visible
spectra, and the like. The RGB signals from the camera
124 are assembled or converted by the image processor
130 to three arrays, with each array corresponding to one
of the red, green, and blue images. The image processor
130 may assemble the line scan image data to form a
larger, composite image or matrix as the array. Each ar-
ray may be 1024 x 1024 digital pixel values (from 0 to
255) for each of the red, green and blue images, and may
be 24 bit. The arrays may be overlaid to provide a color
image with three channels, or RGB channels, for each
pixel or for each cell in the matrix. The RGB values are
provided as a dataset of [R, G, B] values, each value
ranging from 0 to 255, to the pixel or cell.
[0061] At 202, the image processor 130 may transform
the arrays, image, or matrix using a fast Fourier transform
(FFT), reject high frequency noise and/or reject specific

frequencies in the X- and/or Y-directions representing
belt pattern noise, and then apply an inverse FFT to re-
store the improved arrays, image or matrix. The control
unit 108 is employed to reduce noise on the image by
transforming the image via a FFT to create a represen-
tation of the image in a frequency domain, remove at
least one specified frequency from the representation,
and transforming the representation back to the image
via an inverse FFT.
[0062] At 202, the control unit 108 may additionally nor-
malize each of the color channels for the image, e.g. the
R image or array, the B image or array, and the G image
or array for an RGB color space, to correct any spectral
imbalances in the light sources. For example, each pixel
in the image may have the R value, G value, and/or B
value modified using look-up or calibration tables asso-
ciated with each color. The calibration or look-up tables
for the color correction of the image may be obtained
based on a calibration process using a neutral back-
ground, a calibration card, or the like.
[0063] At 204, the control unit 108 identifies cells in the
matrix or pixels in the image that may contain a particle
104 by distinguishing the particle from a background in-
dicative of the conveyor 102. The particle 104 is distin-
guished from the background by applying a threshold on
at least one channel of the image or matrix and flagging
a pixel or cell when a value of the at least one channel
exceeds the threshold to indicate the presence of a par-
ticle 104.
[0064] The image processor 130 additionally deter-
mines targeting information for each particle 104 for use
by the laser system 110. In one example, the image proc-
essor 130 determines a target location based on an es-
timated center of gravity of the particle 104 using the
shape of a particle and values of a color or grayscale
channel being above a threshold value. In another ex-
ample, the image processor 130 determines a target lo-
cation using a distance transform algorithm such as a
chessboard transform by calculating a distance from
each pixel to the nearest edge of the particle 104 and
biasing the target location to the pixel(s) farthest from an
edge. Note that any hole or other discontinuity in the par-
ticle 104 may create an edge. In another example, the
image processor 130 may use 3-D imaging information
to select a flat and smooth target location on the particle,
provided the target location is sufficiently far from any
edge.
[0065] The image processor 130 or control unit 108
may use a matrix with cells and arrays of the matrix in-
cluding [R, G, B] color channel data, and additional in-
formation regarding particle location, and particle prop-
erties as determined below. The image processor 130 or
control unit 108 may alternatively use an imaging library
processing tool, such as MATROX, to create a table or
other database populated with pixel data for each particle
including [R, G, B] values, boundary information, and oth-
er particle properties as determined below.
[0066] At 206, the control unit 108 adjusts the image
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and matrix for each region associated with or assigned
as a particle 104 to enhance the particle. In other exam-
ples, step 206 is omitted, and the method proceeds from
step 204 directly to step 208. At step 206, the region of
the image or matrix associated with a particle 104 may
be modified by the control unit 108 and image processor
130 using various machine vision processing techniques
to erode, dilate, fill holes, or otherwise modify or correct
the region of the image or matrix associated with the iden-
tified particle 104.
[0067] At 208, the control unit 108 calculates a color
input for the particle 104 from a color model by using
color components for each pixel in the image or cell in
the matrix associated with the particle. The control unit
108 may apply color criteria to the pixels of the image or
the cells of the matrix associated with the particle 104 to
determine the color input for the particle. In other exam-
ples, the control unit 108 may evaluate groups of pixels
or cells of the image associated with the particle 104. For
example, the control unit 108 may analyze the frequency
and/or distribution of color components in neighboring
pixels or cells in determining an overall color input for the
particle 104. Figures 6 and 9 below provide examples of
methods of determining a color input.
[0068] At 210 in Figure 5, the control unit 108 may com-
pute shape, texture features, a color component standard
deviation, a grayscale volume, an aspect ratio, or another
visual characteristic of the identified particle from the im-
age or matrix as a visual feature for the particle. Texture
features may include rank, dimensionless perimeter (pe-
rimeter divided by square root of area), number of holes
created by thresholding the particle or by subtracting one
rank image from another, total hole area as a proportion
of total area, largest hole area as a proportion of area,
and Haralick texture features. In other examples, step
210 is omitted, and the method proceeds from step 208
directly to step 212.
[0069] The control unit 108 may assign texture values
to the particle by transforming the image via a fast Fourier
transform (FFT). The average log-scaled magnitude in
different frequency bands in the FFT magnitude image
may be used as distinguishing texture features
[0070] At 212, the laser spectroscopic system 110 tar-
gets a particle 104 using target location information pro-
vided from the visual system 106 and the location or co-
ordinates of the particle 104 on the conveyor 102, and
the position of the conveyor 102. The control unit 108
controls the scanner assembly 136 and beam deflectors
to direct light pulses generated by the laser system 134
to the particle 104 on the conveyor 102 downstream of
the vision system 108 and within the target area of the
laser spectroscopic system 110. The control unit 108
controls the laser system 134 and scanner assembly 136
to direct the light beam or a laser shot to the particle in
the target area for a predetermined time. The laser spec-
troscopic system 110 may use shape and feature infor-
mation from the vision system to identify preferred loca-
tions for ablating the particle.

[0071] The laser spectroscopic system 110 isolates
and measures at least one emitted band of light from the
particle 104 in the target area at a selected frequency
band using the detector 172 to provide spectral data for
the particle associated with a laser shot directed to the
particle. The control unit 108 determines the spectral data
for the particle 104 based on a signal indicative of a se-
lected frequency band of light emitted from the particle
in response to the light beam or laser shot interacting
with the particle. Note that a laser shot may include a
plurality of laser pulses, and includes four laser pulses
for a two laser, double shot laser system.
[0072] In other examples, the control unit 108 may con-
trol the laser spectroscopic system 110 to direct more
than one laser shot to the particle 104, or direct a plurality
of sequential laser shots to the particle in the target area.
The control unit 108 determines spectral data for each
laser shot directed to the particle, such that each laser
shot provides distinct spectral data. In another example,
the spectral data may be averaged or combined in a way
in which the spectral data would not be distinct for each
shot. The spectral data may include intensities relating
to one or more selected narrow bands of spectral emis-
sion recognized by the monochromators or detectors. In
one example, spectral data is collected for each one of
four laser pulses. The specific spectral lines that are ob-
served, the delay time (gate delay) from the firing of the
pulse when observations begin, and the time duration
(gate width) during which data is collected, all depend on
the elements to be identified in the scrap particles. The
spectral data may include any number of emission lines
at specified wavelengths and may be based on the de-
sired classifications for the particle 104. For example, the
spectral data may include eight element lines, sixteen
element lines, or any other number of element lines. The
spectral data may be normalized or otherwise modified
using a calibration technique. In one example, with PMT
detectors 172, the spectral data is provided by a peak
value for each line. For multi-shot spectral data from a
particle 104, the spectral data for a given line may be
compared and averaged, weighted, scored, discarded,
or otherwise processed. In another example, with a CCD
detector 172, one or more CCD detectors 172 may be
provided in various spectral bands, e.g. broadband or
ultraviolet to infrared, or any sub-set of the broadband
spectra. The spectral data for a particle 104 may be pro-
vided using a machine learning algorithm such as a Par-
tial Least Squares Discriminant Analysis (PLSDA) using
histograms weighting pixels and comparisons or chan-
nels, and the like, a Support Vector Machine (SVM), or
another algorithm. The spectral data may be sampled
from the monochromators or detectors output at a sam-
pling interval of ten to twenty nanoseconds.
[0073] The laser pulses may be separated or spaced
in time by the control unit 108 to provide a sufficient wait-
ing period to allow the spectral excitation from the plasma
emitted as a result of the previous pulse to subside suf-
ficiently so that the spectral data acquired from the sub-
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sequent pulses directed to the particle 104 is not affected
by excitation from the previous pulse. For example, the
laser pulses may be separated by about 50 microsec-
onds.
[0074] At step 214, the control unit 108 generates a
data vector for the particle 104 for the laser shot that
contains both the color input and the spectral data. The
vector may also include additional visual data associated
with the particle, for example, one or more visual features
as determined at step 210.
[0075] At step 216, the control unit 108 classifies the
particle 104 into one of at least two classifications of a
material as a function of the data vector by inputting the
data vector into a machine learning algorithm. The control
unit may use a Support Vector Machine (SVM), a Partial
Least Squares Discriminant Analysis (PLSDA), a neural
network, a random forest of decision trees, or another
machine learning and classification technique to evalu-
ate the data vector and classify the particle 104. In one
example, a neural network is used to classify each of the
scrap particles 104 as one of a preselected list of alloy
families or other preselected list of materials based on
elemental or chemical composition based on the analysis
of spectral data and color input data.
[0076] The spectral data may be analyzed at 216 for
the multiple pulses for each particle 104 in one or more
data vectors. For example, the spectral data for two cat-
egories of particles may be distinguished and sorted by
isolating one or two spectral bands and utilizing simple
ratioing techniques by comparing the intensities of one
or more analyte spectral lines to the intensity of a refer-
ence line, and then comparing these ratios to different
ranges of values corresponding to different alloys to cat-
egorize the particle in conjunction with the color input in
the data vector.
[0077] In an example, when sorting several categories
of particles 104 that have similar constituents, such as
several different aluminum alloys, the method may use
a complex classification regime, such as a neural net-
work, which uses the data vector which includes a plu-
rality of selected spectral lines, the color input, and may
include other particle characteristics such as shape, tex-
ture, and the like to categorize the particles. The data
vector may also include other data for use in classifying
the particle such as inputs from the monochromator in-
cluding a value corresponding to the amount of scattered
radiation at the operating wavelength of the lasers and
the selected emission lines monitored by other mono-
chromators/detectors, laser energy produced, and parti-
cle location on the conveyor.
[0078] For a control unit 108 implementing a neural
network for classifying the particle 104 using the data
vector, the neural network program may be "trained" to
"learn" relationships between groups of input and output
data by running the neural network through a "supervised
learning" process. The learned relationships may then
be used to predict outputs and categorize a scrap particle
104 using a data vector containing spectral data such as

emission intensities and scatter produced from repre-
sentative samples of scrap having known chemistry, a
color input, and other particle characteristic data. An ex-
ample of a neural network is shown and described below
with reference to Figure 11. The neural network may be
configured to provide a known generalized functional re-
lationship between sets of input and output data. Algo-
rithmic techniques such as back propagation and com-
petitive learning may be used to estimate the various
parameters or weights for a given class of input and out-
put data.
[0079] In order to combine LIBS and machine vision
classification, each may separately provide a score for
each material to be separated, and then the scores com-
bined in a separate final step. Alternately, the data vec-
tors from LIBS and machine vision may be appended,
forming a single longer data vector, before applying the
classifier, which may be a neural network, PLSDA, SVM,
Discriminant Analysis, or other machine learning and
classification method. In the former approach, different
techniques can be used for the LIBS, machine vision,
and final combination steps. For example the LIBS data
may be evaluated with PLSDA to generate a numeric
score for each class of material, while the Vision data is
evaluated with Multiple Discriminant Analysis to generate
a score for each class; then these scores may be eval-
uated by a Support Vector Machine to generate the final
classification.
[0080] In one example, the classification of a particle
104 may be a multiple stage classification. For example,
a binary SVM may be used to classify two larger groups
of materials in a binary sort, and then a PLSDA may be
used with each group to classify individual metals within
each group of materials. In one example, these multiple
stages may be used with only the LIBS data vector, even
before combining the result with Vision data. In another
example, both LIBS and Vision data (as a single long
vector) may be used in each stage, in which case the
result is a final decision.
[0081] At step 218, the control unit 108 may arbitrate
multiple classifications for a particle 104 if the particle is
interrogated by more than one laser shot and/or is inter-
rogated at more than one target location, as each laser
shot may results in an associated classification. The con-
trol unit 108 combines the classification verdicts for all
laser shots on each particle 104 to reach a final classifi-
cation decision using one of a number of arbitration tech-
niques, including a weighted average of scores, or voting,
or other methods known in the art of machine learning.
[0082] For example, when two laser shots are directed
to the same particle 104, a data vector may be generated
for each laser shot using the color input and the spectral
data from the associated laser shot. The particle 104 is
classified into one of the at least two classifications of
the material as the function of the corresponding vector
for each shot, such that the particle has two associated
classifications. The control unit 108 then arbitrates the
two classifications for the particle 104 from each of the
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two shots to determine an overall classification for the
particle 104.
[0083] At step 220, the control unit 108 controls the
separator unit 112 to selectively activate an ejector to
eject a particle into a desired bin based on the classifi-
cation for the particle. The control unit 108 controls the
ejectors based on the classification of the particle that is
assigned to the cells in the matrix associated with the
particle and based on the position and timing of the con-
veyor.
[0084] Figure 6 illustrates a method 250 employed by
the control unit 108 to determine the color input for the
particle at step 208 of Figure 5. In other embodiments,
various steps in the method 250 may be combined, re-
arranged, or omitted. In one example, control unit 108
uses the method 250 to calculate the color input for the
particle from the color model.
[0085] At 252, the control unit 108 receives the color
components from each pixel of the image or cell of the
matrix associated with the particle. Each pixel of the im-
age may have three or more color components, for ex-
ample, the three RGB channels as described above. For
each pixel of each identified particle 104, the control unit
108 therefore obtains the color components, e.g. R,G,B;
or H,S,V; or other color space bases such as those from
multispectral camera data with more than 3 color com-
ponents.
[0086] At 254, the control unit 108 employs a multiple
discriminant analysis (MDA) to reduce the three (or more)
color components or dimensions down to two color com-
ponents that provide a pair of discriminants. The control
unit 108 uses the MDA to identify the more relevant two
color components for each pixel based on the two clas-
sifications and materials to be sorted. The control unit
108 may conduct more than one MDA for the pixels or
cells associated with the particle 104 for multiple classi-
fications. Each MDA is used to classify all of the particles
104 into two groups, i.e. it is used for a binary classifica-
tion.
[0087] At 256, the control unit 108 inputs the pair of
discriminants provided by the two color components
identified for each pixel or cell associated with the particle
using the MDA into a calibration table, calibration chart,
look-up table, or the like stored in a memory unit associ-
ated with the control unit. The control unit 108 determines
if the pair of discriminants is a predefined pair of discri-
minants in the calibration table. If the pair of discriminants
is one of a series of predefined pairs of discriminants, as
determined via a calibration process described below,
the control unit 108 flags the pixel or cell in the image,
for example, with a 1 value. If the pair of discriminants is
not one of the series of predefined pairs of discriminants,
the control unit 108 leaves the pixel or cell in the image
unflagged, for example, as a 0 value.
[0088] At 258, the control unit 108 calculates a color
input for the particle 104. The control unit 108 sums all
of the flagged pixels or cells associated with the particle
104 to provide a summation of the flagged pixels. The

control unit 108 calculates the total number of pixels or
cells associated with the particle 104. The control unit
108 calculates a fill fraction for the particle 104 by nor-
malizing or dividing the summation of the flagged pixels
by the total number of pixels associated with the particle.
The control unit 108 then sets the fill fraction as the color
input for the particle 104 into the data vector.
[0089] The control unit 108 may provide more than one
color input for the particle 104 by repeating the method
250 and using another two color components from the
particle as another pair of discriminants into another cal-
ibration table to determine a second fill fraction and sec-
ond color input for the particle. And so forth: the control
unit 108 may calculate a third color input for the particle
104 using a third pair of discriminants, a third calibration
table, and third fill fraction; etc. The first pair of discrimi-
nants for a first color input determination has at least one
different color component compared to a second pair of
discriminants for a second color input determination. For
example, [R, G] may be used as a pair of discriminants
for a first color input, and [R, B] or [G, B] may be used
as another pair of discriminants for a second color input.
One of the color components in a pair of discriminants
may be another value such as grayscale, brightness, and
the like. If more than one fill fraction and associated color
input is determined for the particle, each color input may
be a separate scalar value that is included in the data
vector in method 200. One common reason for adding
second, third, etc. pairs of discriminants would be to dis-
tinguish between more than two materials. However, ad-
ditional pairs of discriminants along with associated cal-
ibration tables and fill fractions might help to improve the
accuracy of a simple binary classification.
[0090] A calibration method 260 is shown in Figure 6
to provide the calibration or look up table for use in step
256.
[0091] At 262, first and second particles formed from
known materials of each of the selected classifications
for the binary MDA is imaged using the same vision sys-
tem 106 as used in system 100, which includes the same
imaging device and lighting conditions. The images of
the particles may be processed for example, using steps
202, and/or 206 in method 200. The control unit 108 re-
ceives the color components from each pixel of the image
or cell of the matrix associated with the known particle.
Each pixel of the images may have three or more color
components such that the control unit 108 receives the
color components, e.g. R,G,B; or H,S,V; etc.
[0092] At step 264, an MDA is conducted for the im-
ages to reduce the three (or more) color components or
dimensions down to two color components to provide a
pair of discriminants for each pixel or cell for each particle.
The control unit 108 uses the MDA to identify the more
relevant two color components for each pixel. The pairs
of discriminants are then plotted by the control unit 108,
as shown in Figure 7. The plot may be viewable to a user,
for example, via the displays and HMI of the control unit.
[0093] Figure 7 plots the pairs of discriminants, as
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shown by a first color component or first discriminant on
one axis and a second color component or second dis-
criminant on the other axis, with each axis having a range
of 0-255. The pairs of discriminants from the first particle,
or associated with the first classifications fall within region
266. The pairs of discriminants from the second particle,
or associated with the second classification fall within
region 268. Note that the two regions 266, 268 may over-
lap in one or more contiguous areas, as shown by region
270. At step 280 of method 260, region 272 is drawn or
selected as a contiguous region by the user and assigned
to the targeted classification of material, or one of the
classifications in a two classification binary sort, e.g. for
the first particle material. The region 272 may be a single
contiguous region, or region 272 may include more than
one contiguous region assigned by the user for a classi-
fication. As the user selects the region 272, the resulting
look-up table or calibration table may be nonlinear, which
allows for additional flexibility for the classification proc-
ess.
[0094] In the present example, the pairs of discrimi-
nants may only be plotted if they occur in at least three
pixels or cells associated with the particle. In other ex-
amples, the pairs of discriminants may be plotted or input
to the table if they occur in at least one pixel or cell of the
particle image, or in more than four pixels or cells of the
particle image.
[0095] The fill fraction may be calculated as the per-
centage of pixels or cells of the particle that fall with the
region 272. At step 282, the control unit 108 saves the
calibration or look-up table with the predefined sets of
discriminant pairs that are associated with a classification
and are in defined region 272.
[0096] Figure 8 illustrates a simplified example of a fill
fraction calculation for a particle. Matrix or array 290 rep-
resents an image of a particle. The image of the particle
includes 9 total pixels, although arrays of other sizes are
contemplated for use with the present disclosure. Each
cell or pixel in the image has an associated R, G, and B
value, as shown in the Figure. Image 290 corresponds
with step 252 in method 250.
[0097] The control unit 108 processes the image 290
at step 254, which results in a discriminant pair for each
pixel in the image. Representative discriminant pairs are
listed for each pixel in matrix 292. In one example, the
first component of the discriminant pair is calculated as
a function of the [R, G, B] values for the associated pixel,
and may be based on an equation such as aR+bG+cB+d,
where a, b, c, and d are constant values. In the example,
the second component of the discriminant pair is calcu-
lated as another function of the [R, G, B] values for the
associated pixel, and may be based on an equation such
as eR+fG+gB+h, where e, f, g, and h are constant values.
[0098] Each of the discriminant pairs in matrix 292 are
inputted into a lookup table at step 256. In the present
example, each of the discriminant pairs in matrix 292 is
entered into the lookup table shown in Figure 7. If the
pair of discriminant is one of a series of predefined pairs,

such as those in region 272, a value of one is assigned
to the cell. If the pair of discriminants is not one of the
predefined pairs, a value of zero is assigned to the cell.
The results of entering matrix 292 into the lookup table
of Figure 7 are illustrated in matrix 294.
[0099] The control unit 108 may then calculate a fill
fraction for the particle. In the present example, the fill
fraction of the particle is 0.111 based on one cell of nine
total cells having a flagged value. The fill fraction may
then be provided to the data vector for the particle for
use in classification. In further examples, the control unit
108 may additionally compare the calculated fill fraction
to a threshold value. For example, as the particle’s fill
fraction is below a threshold value of 0.65, the control
unit 108 may determine that the particle is not of a clas-
sification associated with the fill fraction above the thresh-
old value.
[0100] The control unit 108 may additionally extract fur-
ther parameters, such as texture and other particle and
image data for use in the data vector. For example, the
image 290 in Figure 8 has a perimeter of 8 pixels, and
an area of 9 pixels. The image 290 also has the following
texture features: a rank of 69.0, a perimeter over the
square root of the area (P/sqrt(A)) of 2.667, zero holes,
zero pixels as the largest hole area, and zero pixels as
the total hole area for the image. Additional parameters
and texture features may also be extracted from the im-
age for use in the data vector and classification of the
particle.
[0101] Figure 9 illustrates a method 300 employed by
the control unit 108 to determine a color input for the
particle 104 at step 208 of Figure 5. In other embodi-
ments, various steps in the method 300 may be com-
bined, rearranged, or omitted. In one example, control
unit 108 uses the method 300 to calculate the color input
for the particle from the color model.
[0102] At 302, the control unit 108 receives the color
components from each pixel of the image or cell of the
matrix associated with the particle 104. Each pixel of the
image may have three or more color components, for
example, the three RGB channels as described above.
For each pixel of each identified particle, the control unit
108 therefore obtains the color components, e.g. R,G,B;
or H,S,V; or other color space bases such as those from
multispectral camera data with more than 3 color com-
ponents.
[0103] The method may provide a color input via a first
variation A of method 300 or a second variation B of meth-
od 300.
[0104] For variation A, the method proceeds from block
302 to block 304. At block 304, the control unit 108 av-
erages each color component across all of the pixels or
cells associated with and identified as the particle. For
example, the control 108 unit may average the R values
for all pixels associated with the particle, the B values for
all pixels associated with the particle, and the G values
for all pixels associated with the particle, resulting in a
color dataset for the particle with three scalar values, as
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[Raverage, Baverage, Gaverage]. In other examples, the con-
trol unit 108 may calculate average color component val-
ues for the particle based on another color model or
space, such as HSV, etc.
[0105] At step 306, the control unit 108 sets the color
input for the particle 104 as the dataset identified in step
304, and proceeds to step 308 where the method 300
ends, and the color input is used with method 200.
[0106] In an example, the control unit 108 applies
method 300, variation A to the particle image 290 as
shown in Figure 8. The control unit 108 calculates the
[Raverage, Baverage, Gaverage] values for the particle as
shown at step 304 using the image 290 in Figure 8, which
in the present example, results in a color dataset for
[Raverage, Baverage, Gaverage] of [189, 83, 133].
[0107] For variation B, the method proceeds from block
302 to block 310. At block 310, the control unit 108 cre-
ates a histogram for each color component of the particle
104, such that there is an R histogram, a G histogram,
and a B histogram for a particle using a RGB color space.
Alternatively, the control unit 108 creates a single histo-
gram for the particle 104 with three sets of bins, with each
set of bins associated with a different color component
of the color space. In one example, 8-bit color compo-
nents are used for the histogram, such that the bins for
a color component have an associated value that falls
within one of the bins. For example, with an 8-bit Red
component, the R value of a pixel or cell in the image
would fall into one of 10 bins having a range of 0-25,
26-50, ..., and 230-255. For a single histogram using the
RGB color space, the resulting histogram therefore has
thirty bins. Of course, the bins may be defined otherwise,
for example, for a 16-bit color, a 32-bit color, as bins with
unequal ranges or different sizes, and the like.
[0108] The control unit 108 examines each pixel of cell
of the image associated with the particle 104, and bins
the values of the color components for that pixel by in-
creasing the appropriate histogram bin value by one. The
control unit 108 repeats this for all of the pixels or cells
associated with the particle.
[0109] Once the histogram(s) are populated based on
the particle color data, the control unit 108 may normalize
the histogram(s) at step 312 by the area of the particle
104 on the image. The area of the particle 104 may be
calculated by the control unit by summing the number of
pixels or cells that are identified as the particle or asso-
ciated with the particle.
[0110] At step 314, the control unit 108 sets the color
input for the particle 104 as the histogram identified in
step 312. The color input is therefore a dataset containing
a number of scalar values based on the values associ-
ated with each bin. In one example, the normalized his-
togram contains 30 bins based on an 8-bit RGB color
space, and the color input would therefore be a dataset
with 30 normalized scalar values. The method 300 then
proceeds to step 308 where the method 300 ends, and
the color input is used with method 200.
[0111] In an example, the control unit 108 applies

method 300, variation B to the particle image 290 as
shown in Figure 8. The control unit 108 creates a histo-
gram as shown in Figure 10, using step 310, with the [R,
G, B] values of each pixel in the image 290 appropriately
assigned to a bin of the histogram. For example, only
one pixel in image 290 has a R value between 50-75,
and therefore the associated bin count is one. The his-
togram as shown in Figure 10 may further be normalized
by the control unit 108 at step 312, and the normalized
or unnormalized histogram is provided as the color input
at step 314.
[0112] The particle may be classified using a data vec-
tor that incorporates both color data and spectral data
according to the present disclosure, and as described
with respect to the method of Figure 5. In one example,
the method illustrated in Figure 5 inputs the data vector
into a neural network at step 216 to classify the particle.
A diagram of a neural network for use with the method
of Figure 5 is illustrated in Figure 11. The neural network
program may be "trained" to "learn" relationships be-
tween groups of input and output data by running the
neural network through a "supervised learning" process.
The relationships thus learned could then be used to pre-
dict outputs (i.e., categorize each of the scrap particles)
based upon a given set of inputs relating to, for example,
color and spectral inputs produced from representative
samples of scrap having known chemistry.
[0113] In Figure 11, the control unit 108 uses a neural
network 340 and analyzing/decision-making logic to pro-
vide a classification scheme for selected scrap materials
to classify the materials using a binary classification sys-
tem, or classify the particle into one of three or more
classifications. Commercially available neural network
configuration tools may be employed to establish a
known generalized functional relationship between sets
of input and output data. Known algorithmic techniques
such as back propagation and competitive learning, may
be applied to estimate the various parameters or weights
for a given class of input and output data.
[0114] The neural network 340 uses the data vector
determined at step 214 as the input to the neural network,
with the data vector containing color input data, spectral
data, etc. As described above, the data vector includes
spectral data from the LIBS, as well as a color input. The
data vector may contain additional data representative
of other particle or system parameters.
[0115] As illustrated in Figure 11, the neural network
340 has inputs from the data vector that are based on
the spectral data obtained during the LIBS process. In
one example, the spectral data includes sixteen lines,
with each line represented by an intensity value. In other
examples, the spectral data may include a greater or few-
er number of spectral lines based on the desired classi-
fications of materials, or associated with different laser
pulses in the stream of laser pulses. The data vector pro-
vided to the neural network therefore includes the spec-
tral data acquired by the control unit from the light distri-
bution and spectral analysis system 28 as data inputs.
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For example, the multiple inputs 350 corresponding to
the spectral data for a selected particle might include a
series of data inputs corresponding to intensity readings
from a detector for a selected spectral band (L) over a
selected period of time (t) following the first pulse (P)
(LIPItI, L1P1t2... LIPItn), data corresponding to detector
readings for the same selected band following the second
pulse (L1P2t1, L1 P2t2 ... LIPztn), and similar data inputs
for that selected spectral band for each additional pulse
directed to the particle (LIPntI, L1Pnt2... LIPztn), as well
as additional of these sets for each of the selected bands
(L2P1t1... LZPntn, LnPIt1 ... LnPntn), and so on.
[0116] The neural network 340 has inputs from the data
vector that are based on the color input 352 for the particle
contained in the data vector. In one example, the color
input 352 is a fill fraction scalar value determined for the
particle, as described with respect to Figure 6. Alterna-
tively, the color input 352 may be a dataset of an averaged
[R, G, B] values for the particle, as shown and described
with respect to Figure 8, variation A. The color input 352
may also be a dataset of scalar values based on normal-
ized bin values from a histogram, for example with 30 bin
values provided as the color input in the data vector, as
shown and described with respect to Figure 8, variation B.
[0117] The neural network 340 has inputs from the data
vector that are based on other image characteristics 354
for the particle contained in the data vector, for example,
as determined at step 210 including shape, texture, and
other characteristics.
[0118] The neural network 340 may also be provided
with a variety of other desired inputs, including data re-
lating to laser energy scattered 358, and data related to
laser energy produced 360. The position of the particle
on the belt may be provided to the neural network as a
part of the data vector, as indicated by position X and
position Y at 362. Similarly, other inputs 362 deemed
influential to the decision-making process may be includ-
ed in the data vector.
[0119] As previously described, using known neural
network programming techniques, the network can be
trained by providing sets of the inputs along with the de-
sired one of possible outputs 370-376. Once the specific
functional relationships between the inputs and outputs
are obtained, the network may be used with new sets of
input to predict output values. It will be appreciated that
once developed, the neural network may incorporate in-
formation from a multitude of inputs into the decision-
making process to categorize particles in an efficient
manner.
[0120] While exemplary embodiments are described
above, it is not intended that these embodiments de-
scribe all possible forms of the disclosure. Rather, the
words used in the specification are words of description
rather than limitation, and it is understood that various
changes may be made without departing from the spirit
and scope of the disclosure. Additionally, the features of
various implementing embodiments may be combined
to form further embodiments of the disclosure.

Claims

1. A method of sorting scrap particles comprising:

imaging a moving conveyor containing scrap
particles using a vision system to create an im-
age corresponding to a timed location of the con-
veyor;
employing a computer to analyze the image as
a matrix of cells, identify cells in the matrix con-
taining a particle by distinguishing the particle
from a background indicative of the conveyor,
and calculate a color input for the particle from
a color model by determining color components
for each cell in the matrix associated with the
particle;
generating and directing a light beam to the par-
ticle on the conveyor downstream of the vision
system and within a target area using a scanner
assembly including a beam deflector;
isolating and measuring at least one emitted
band of light from the particle in the target area
at a selected frequency band using a detector
to provide spectral data for the particle; and
employing the computer to generate a data vec-
tor for the particle containing the color input and
the spectral data, and classify the particle into
one of at least two classifications of a material
as a function of the data vector.

2. The method of claim 1 wherein calculating the color
input for the particle further comprises averaging at
least one color component for the particle across the
cells in the matrix associated with the particle.

3. The method of claim 1 wherein calculating the color
input for the particle further comprises averaging
three color components for the particle across the
cells in the matrix associated with the particle.

4. The method of claim 1 wherein calculating the color
input for the particle further comprises assigning a
color component of each cell in the matrix associated
with the particle into a bin to obtain a histogram of
each color component for the particle, wherein each
histogram is normalized by an area of the particle
determined by a number of cells in the matrix asso-
ciated with the particle.

5. The method of claim 1 further comprising employing
the computer to reduce noise on the image by trans-
forming the image via a fast Fourier transform to cre-
ate a representation of the image in a frequency do-
main, removing at least one specified frequency from
the representation, and transforming the represen-
tation back to the image via an inverse fast Fourier
transform.
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6. The method of claim 1 wherein the particle is iden-
tified on the matrix by applying a threshold on at least
one channel of the matrix and flagging a cell when
a value of the at least one channel exceeds the
threshold to indicate the presence of a particle.

7. The method of claim 1 further comprising employing
the computer to determine at least one feature of the
particle from the matrix, a feature including a texture,
a shape, a color component standard deviation, and
a grayscale volume;
wherein the data vector is further generated using
the computer to contain the at least one feature.

8. The method of claim 1 wherein the computer is em-
ployed to classify the particle into one of the least
two classifications of the material as the function of
the data vector by inputting the data vector into a
machine learning algorithm, the machine learning al-
gorithm comprising at least one of a support vector
machine, a partial least squares discriminant analy-
sis, a neural network, a partial least squares discri-
minant analysis, a random forest of decision trees.

9. The method of claim 1 wherein the light beam is at
least one laser shot directed to the particle in the
target area for a predetermined time;
wherein a corresponding data vector is generated
for each laser shot using the color input and the spec-
tral data from the associated laser shot; and
wherein the particle is classified into one of the at
least two classifications of the material as the func-
tion of the corresponding data vector for each laser
shot, and the classifications associated with each of
the laser shots are arbitrated by the computer to de-
termine an overall classification for the particle.

10. The method of claim 1 further comprising employing
the computer to transform the image via a fast Fou-
rier transform (FFT) and create a one-dimensional
array representing an average of a log-scaled mag-
nitude in different frequency regions in the FFT im-
age to represent texture information associated with
the particle.

11. The method of claim 1 further comprising targeting
the light beam on a region of the particle based on
a chessboard distance transform applied to the im-
age.

12. The method of claim 1 wherein employing the com-
puter to calculate the color input for the particle from
the color model by determining color components
for each cell in the matrix associated with the particle
further comprises employing the computer to input
two color components from each cell of the matrix
associated with the particle as a pair of discriminants
into a calibration table, flag the cell if the pair of dis-

criminants is one of a predefined pair of discrimi-
nants, and calculate the color input by normalizing
a summation of the flagged cells by a total number
of cells associated with the particle.

13. The method of claim 12 wherein the color input is a
first color input, the method further comprising:

employing the computer to calculate a second
color input for the particle by inputting another
two color components from each cell associated
with the particle as another pair of discriminants
into another calibration table;
wherein at least one of the color components of
the first color input differs from at least one of
the another color components of the second
color input; and
wherein the computer is employed to generate
the data vector for the particle containing the
first color input, the second color input, and the
spectral data.

14. The method of claim 12 further comprising employ-
ing the computer to create the calibration table via a
calibration process using a known particle from one
of the at least two classifications by:

imaging the known particle and conducting a
multiple discriminant analysis of the color com-
ponents of each cell of the image of the known
particle to provide two discriminants, and
assigning at least one contiguous region of a
plot of the two discriminants to the one of the at
least two classifications of the material to define
a set of predefined pairs of discriminants for the
one of the at least two classifications of the cal-
ibration table.

15. A scanning system for sorting randomly positioned
scrap material particles on a moving conveyor, the
scanning system comprising:

a vision system having a sensor and an illumi-
nated predefined viewing area to image a con-
veyor passing therethrough at a time interval;
a beam director receiving a light beam from a
source and re-directing the beam to a target
scanner assembly having a beam deflector
mounted in a path of the light beam to further
direct the beam to a selected location within a
two-dimensional target area, and a focusing op-
tical element mounted in the path of the light
beam to focus the light beam and provide a gen-
erally uniform light power density along a focal
surface;
a spectral sensor adjacent to the target area;
and
at least one controller to receive and process
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image data acquired from the vision system to
identify a scrap particle on the conveyor in the
viewing area, calculate a color input from a color
model for the particle from an image taken by
the visions system by applying a color criteria to
the image, target a scrap particle in the target
area and control the light beam director and tar-
get scanner assembly to direct the beam at the
targeted scrap particle, determine spectral data
for the particle based on a signal indicative of
one or more selected frequency bands of light
emitted from the particle in response to the light
beam interacting with the particle, and classify
the particle into a classification of material using
a data vector containing the color input and the
spectral data.
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