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at least one convolution layer configured to produce a convolution of the
input plurality of pixels, the convolutional neural network having been pre-
viously trained using a plurality of training images including previously
identified fragmented material portions. The method further involves pro-
cessing the pixel classification output to associate identified edges with
fragmented material portions.
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METHOD AND APPARATUS FOR IDENTIFYING FRAGMENTED MATERIAL PORTIONS WITHIN AN IMAGE

BACKGROUND
1. Field

This invention relates generally to image processing and more particularly to processing an image to

identify fragmented material portions within the image.

2. Description of Related Art

Image processing techniques may be used for identification of fragmented material portions within an
image of a fragmented material. An image or images are acquired of a fragmented material such as rock
fragmented by blasting or other excavation processes. Various image segmentation techniques may be
applied in an attempt to classify the fragmented portions. Fragmented materials are irregular by nature
and thus more difficult to classify in comparison to other image classification problems where there are

common features present in the subjects being classified, such as facial recognition for example.

There remains a need for improved methods and apparatus for identifying fragmented portions in a

fragmented material.

SUMMARY

In accordance with one disclosed aspect there is provided a method for processing an image of fragmented
material to identify fragmented material portions within the image. The method involves receiving pixel
data associated with an input plurality of pixels representing the image of the fragmented material. The
method also involves processing the pixel data using a convolutional neural network, the convolutional
neural network having a plurality of layers and producing a pixel classification output indicating whether
pixels in the input plurality of pixels are located at one of an edge of a fragmented material portion,
inwardly from the edge of a fragmented material portion, and at interstices between fragmented material
portions. The convolutional neural network includes at least one convolution layer configured to produce a
convolution of the input plurality of pixels, the convolutional neural network having been previously trained
using a plurality of training images including previously identified fragmented material portions. The
method further involves processing the pixel classification output to associate identified edges with

fragmented material portions.
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Producing the convolution may involve producing the convolution using a sparse kernel having entries

separated by rows and columns of zero values.

Producing the convolution may involve producing the convolution using a sparse kernel having entries

separated by plurality of rows and a plurality of columns of zero values.

Processing the pixel data using the convolutional neural network may involve processing the pixel data
using a first convolutional neural network and using the pixel classification output as an input for a second

convolutional neural network operable to produce a refined pixel classification output.

The plurality of training images include previously identified fragmented material portions, each
fragmented material portion enclosed by an edge and regions of the fragmented material portion closer to
the edge may be assigned lower confidence values than regions of the fragmented material portion away
from the edge, the confidence values being indicative of a level confidence associated with the previously

identified fragmented material portions in the training image.

Receiving the pixel data may involve receiving a plurality of pixel data sets, each pixel data set including
data associated with at least one of an optical radiation intensity, a thermal radiation intensity, intensities
associated with different primary colors, intensities under a plurality of different illumination conditions,
intensities for each of a plurality of electromagnetic wavelength ranges, pixel depth information, and a

distance between each pixel and a closest edge.

The method may involve processing at least one of the plurality of pixel data sets to produce a superpixel
representation of the pixel data set, the superpixel representation grouping pluralities of pixels to
represent the fragmented material portions using a reduced number of superpixels with respect to the

number of pixels in the pixel data set.

Producing the convolution may involve producing a plurality of convolutions of the input plurality of pixels.

Receiving the pixel depth information may involve at least one of determining a pixel disparity associated

with images produced by a stereoscopic image sensor, determining a pixel disparity associated with

successive images produced by an image sensor, receiving time-of-flight data for pixels in the input plurality
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of pixels, determining depth information based on a deformation of a structured light pattern projected
onto the fragmented material, and receiving a 3D point cloud produced by a laser sensor and processing

the point cloud to determine a depth associated with pixels in the input plurality of pixels.

The method may involve pre-processing the pixel depth information prior to producing the convolution.

The method may involve using the pixel depth information to estimate a physical size of the fragmented

material portions.

The method may involve determining a size distribution based on the estimated fragment size for the

fragmented material portions.

The method may involve converting the fragment size distribution into a corresponding sieve analysis

result.

Processing the pixel data using the convolutional neural network may further involve processing the pixel
classification output in a further neural network layer to generate a size distribution output, the neural
network having been previously trained using a plurality of fragmented material training images including

fragment size indications for the fragmented material portions.

The convolutional neural network may include a pooling layer configured to process the convolution to
provide a plurality of pooling outputs, each pooling output being based on values associated with a plurality

of pixels in the convolution.

The pooling layer may implement one of a max-pooling, an average pooling, and a stochastic pooling

process.

The convolutional neural network may include at least one up-sampling layer following the pooling layer,
the up-sampling layer being operable to replicate outputs to produce an up-sampled pixel classification,
and the method may further involve generating a cropped copy of the convolution of the input plurality of
pixels, the cropped copy having a size corresponding to the size of the up-sampled pixel classification, and

combining the up-sampled pixel classification with the cropped copy of the convolution to produce a pixel
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classification having increased spatial resolution.

Processing the pixel classification output to associate identified edges with fragmented material portions
may involve applying a morphological algorithm to the pixel classification output to close edge portions

surrounding fragmented material portions.

The method may involve applying a weighting to the pixel classification output, the weighting having
different weights assigned to pixels classified as edges of the fragmented material portion, pixels classified
as being inward from the edge of a fragmented material portion, and pixels classified as being in an

interstice between fragmented material portions.

Applying the morphological algorithm to the pixel classification output may involve implementing at least
one of a dilation algorithm, an erosion algorithm, a watershed algorithm, an opening algorithm, and a

closing algorithm.

The method may involve identifying interstices between fragmented material portions as including one of

fine fragmented material and a void.

The method may involve resampling the pixel data associated with the input plurality of pixels to produce
at least one resampled input plurality of pixels and processing using the convolutional neural network may
involve processing the one or more resampled input plurality of pixels, the convolutional neural network
having been previously trained using a correspondingly resampled plurality of fragmented material training

images including previously identified fragmented material portions.

Resampling the pixel data may involve at least one of up-sampling the pixel data and down-sampling the

pixel data.

The pixel classification output may be generated by performing the convolution on patches of pixels
surrounding a pixel being classified, the patch of pixels having a size selected in accordance with a scale of
fragmented material surrounding the pixel being classified, the scale being determined by one of a user
input, pixel depth information, based on a trained network from corresponding pixel and depth data, and

based on pixel classification output using an initial selection of patch size.
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In accordance with another disclosed aspect there is provided an apparatus for performing a fragmentation
analysis. The apparatus includes an image sensor operable to capture an image of fragmented material
including fragmented material portions and to generate pixel data associated with an input plurality of
pixels representing the image. The apparatus also includes a processor circuit operably configured to
process the pixel data using a convolutional neural network, the convolutional neural network having a
plurality of layers and producing a pixel classification output indicating whether pixels in the input plurality
of pixels are located at one of an edge of a fragmented material portion, inward from the edge of a
fragmented material portion, and at an interstice between fragmented material portions. The
convolutional neural network includes at least one convolution layer configured to produce a convolution
of the input plurality of pixels, the convolutional neural network having been previously trained using a
plurality of training images including previously identified fragmented material portions. The processor
circuit is further operably configured to process processing the pixel classification output to associate

identified edges with fragmented material portions.

The processor circuit may include a graphics processing unit (GPU) and associated graphics memory and the
convolutional neural network may be implemented at least in part using GPU functions and data generated

by operations associated with the convolutional neural network may be stored in the graphics memory.

The image sensor may be disposed on one of a portable fragmentation analyzer including a processor
circuit operable to produce results of the fragmentation analysis, and a fragmentation imager in
communication with a remotely located processor circuit operable to produce results of the fragmentation

analysis.

The image sensor may be disposed to capture an image of fragmented material being conveyed by one of a
ground engaging tool of heavy equipment operable to load fragmented material, a load-carrying container

of a haul truck, and a conveyor belt.

Other aspects and features will become apparent to those ordinarily skilled in the art upon review of the

following description of specific disclosed embodiments in conjunction with the accompanying figures.
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BRIEF DESCRIPTION OF THE DRAWINGS

in drawings which illustrate disclosed embodiments,

Figure 1

Figure 2

Figure 3

Figure 4

Figure 5

Figure 6

Figure 7

Figure 8

Figure 9

Figure 10

is a perspective view of an image sensor apparatus for capturing an image of a fragmented

material;

is a processor circuit in accordance with one disclosed embodiment for processing image pixel

data captured by the image sensor shown in Figure 1;

is a flowchart depicting blocks of code for directing the processor circuit of Figure 2 to identify

fragmented material portions;

is a perspective view of an alternative embodiment of an image sensor apparatus for capturing

an image of a fragmented material;

is a flowchart depicting blocks of code for directing the processor circuit of Figure 2 to receive

pixel data sets from the image sensor shown in Figure 4;

is a schematic depiction of a neural network implemented on the processor circuit shown in

Figure 2;

is a representation of a portion of an image of fragmented material;

is a representation of a further portion of an image of fragmented material including the

portion shown in Figure 7;

is an image representation of a pixel classification output;

is a labeled training image used for training the convolutional neural network shown in Figure

6;



10

15

20

25

WO 2017/100903 PCT/CA2016/000317

Figure 11

Figure 12

Figure 13

Figure 14

Figure 15

Figure 16

Figure 17

Figure 18

Figure 19

-7-

is a flowchart depicting blocks of code for directing the processor circuit of Figure 2 to process

the pixel classification output;

is a schematic depiction of a neural network embodiment implemented on the processor

circuit shown in Figure 2;

is an example of a representation of a fragmented material input image that has been

processed using a superpixel algorithm;

is a labeled training image used for training the convolutional neural network shown in Figure

12;

is a representation of an alternative embodiment of a labeled training image used for training

the convolutional neural networks shown in Figure 6 or 12;

is a schematic depiction of another neural network embodiment implemented on the

processor circuit shown in Figure 2;

is photograph of a mining shovel having an image sensor disposed in accordance with one

disclosed embodiment;

is photograph of a loader having an image sensor disposed in accordance with another

disclosed embodiment; and

is photograph of a conveyor belt having an image sensor disposed in accordance with another

disclosed embodiment.
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DETAILED DESCRIPTION

Referring to Figure 1, an image sensor apparatus operable to capture an image of a fragmented material
100 is shown generally at 102. The fragmented material 100 includes fragmented material portions 104
and regions of finely fragmented material 106 and/or voids 108 in interstices between the fragmented
material portions. The image sensor 102 generates pixel data associated with an input plurality of pixels
representing the captured image of the fragmented material 100 within a field of view 114 of the image

sensor.

Referring to Figure 2, a processor circuit for processing the pixel data in accordance with one disclosed
embodiment is shown generally at 200. The processor circuit 200 includes a microprocessor 202, a
program memory 204, a variable memory 206, and an input output port {I/0) 208, all of which are in
communication with the microprocessor 202. In this embodiment, the processor circuit 200 also includes a
graphics processing unit (GPU) 210 having an associated pixel memory 212 for storing the pixel data. The
GPU is able to efficiently store pixel data and perform image processing functions on the pixel data under

instruction from the microprocessor 202.

Program codes for directing the microprocessor 202 to carry out various functions are stored in the
program memory 204, which may be implemented as a random access memory (RAM), flash memory,
and/or a hard disk drive (HDD), or a combination thereof. The program memory includes a first block of
program codes 220 for directing the microprocessor 202 to perform operating system functions, and a

block of codes 222 for performing fragmentation functions.

The variable memory 206 includes a plurality of storage locations including a storage location 230 for
storing values for a convolution kernel, and a storage location 232 for storing training images. The variable

memory 206 may be implemented in random access memory or flash memory, for example.

The 1/0 208 includes a wireless interface 240 for communicating wirelessly via a Wi-Fi network or a cellular
data network. The 1/0O 208 also includes an interface 242 having an input 244 for receiving pixel data from
the image sensor 102. The processor circuit 200 also includes a display 260 and the GPU 210 includes an
output 262 for producing display signals for driving the display. In the embodiment shown the display 260
is a touch screen display and includes a USB interface port 264 and the 1/O 208 further includes a USB

interface 246 having a USB port 248 for interfacing with the display 260 to receive user input via the touch
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screen. In the embodiment shown the I/O 208 also includes a communications interface 250 for
communicating via a local area network (LAN) or wide area network (WAN), such as the internet. The

communications interface 250 may be an Ethernet interface, for example.

Referring to Figure 3, a flowchart depicting blocks of code for directing the processor circuit 200 to identify
fragmented material portions within the received pixel data is shown generally at 300. The blocks generally
represent codes that may be read from the block of codes 222 in program memory 204 for directing the
microprocessor 202 to perform various functions related to identifying fragmented material portions. The
actual code to implement each block may be written in any suitable program language, such as C, C++, CH,

Java, and/or assembly code, for example.

Block 302 directs the microprocessor 202 to receive pixel data from the image sensor 102 representing the
captured image within the field of view 114 of the image sensor. In the embodiment shown in Figure 2, the
image sensor 102 is coupled to the interface 242 of the 1/O 208 via a wired connection such as USB or IEEE
1394 connection for receiving the pixel data. In other embodiments the image sensor 102 may be located
remote to the processor circuit 200, and the pixel data may be communicated to the processor circuit 200
via the either the wireless interface 240 or over the communications network 256 via the communications

interface 250.

Block 304 directs the microprocessor 202 to select a first pixel in the plurality of pixels to process. Block
306 then directs the microprocessor 202 to produce a pixel classification output for the selected pixel.
Referring back to Figure 1, the pixel classification output indicates whether the pixel is located at an edge
110 of a fragmented material portion, inward from the edge (i.e. at a location 112 on the fragmented
material portion 104), or in an interstice between fragmented material portions. Spaces between
fragmented portions are generally either voids 108, or filled with finely fragmented material {fines) 106. In
one embodiment the pixel classification output may be expressed in terms of a probability for each of the
possible classifications, for example probability p, that the pixel is on an edge, a probability py that the pixel
is on a fragmented material portion inward from the edge, and a probability p; that the pixel is in interstitial

space between fragments, where p. + ps + p;= 1.

The pixel classification output produced by the convolutional neural network may involve processing by

several network layers. For example, the convolutional neural network may include a convolution layer
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that convolves each input pixel data with a filter or kernel. The kernel maps pixel input data for a plurality
of pixels surrounding the selected pixel to produce a convolution layer output. A pooling layer may also be
included to process the convolution fayer output to reduce sensitivity of the output to small changes in
input by condensing the amount of information in the convolution layer output. In some embodiments an
additional fully connected layer may be included that connects all outputs of the pooling layer to a pixel

classification output layer, that provides the pixel classification outputs p,, p;, and p;.

Sliding windows have been used in the past to classify each pixel by providing a local region or patch around
the pixel as input. However the patches of pixels have large overlap and this leads to redundant
computations and a slower processing speed. The use of a convolution neural network with pooling layers
and d-regularly sparse kernels eliminates many redundant computations. Increases in processing speed of
up to 1500 times during training of the network may be achieved resulting in a more thorough training
process. The improved training also provides a more efficient and selective training of the fragmentation
network for use in the field when analyzing real fragmented materials, since the network is able to process

more input information more efficiently.

The pixel classification output produced at block 306 provides a likelihood that the pixel is at an edge of a
fragmented material portion, inward from the edge on the fragmented material portion, or between
fragmented material portions. The layers of the convolutional neural network have a plurality of neurons,
each of which perform some function on the inputs received and produce an output that is weighted by
weights w;. The weights w; are determined during a training of the neural network using a plurality of
training images. The training images are generally real images of fragmented materials that have been
evaluated to identify fragmented material portions. In some embodiments, the evaluation is manual in that
an operator will evaluate an image and label fragmented material portions within the image. The image is
then saved along with information identifying each pixel as being at an edge of a fragmented material
portion, inward from the edge on the fragmented material portion, or between fragmented material
portions. A plurality of training images may be assembled to make up a training set. Additional labeled
images may be designated for validation purposes for determining the effectiveness of the convolutional

neural network and providing feedback for optimally configuring the network.

The process then continues at block 308, which directs the microprocessor 202 to determine whether

further pixels still require processing, in which cause block 310 directs the microprocessor 202 to select the
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next pixel. In some embodiments, pixels in the image are processed pixelwise by row and column with a
stride length of 1 such that the next pixel would be the next pixel in the same row, or at the end of the row
would be the first pixel in the next row. In other embodiments, the stride length may be 2 pixels, such that
every second pixel in a row and possibly pixels in every second row may be selected for processing. Other
stride lengths greater than 2 are also possible, and may be evaluated during training of the convolutional
neural network against validation criteria to determine a most effective stride length. The pixelwise
processing may thus be on the basis of all pixels in the image or for a subset of pixels in the image. The

process 300 then continues at block 306.

If at block 308, it is determined that no further pixels require processing, the microprocessor is directed to
block 312. Block 312 directs the microprocessor 202 to perform additional processing on the pixel
classification output. The pixel classification output provides a pixelwise classification of the pixels and i.a.
establishes a number of pixels as being located on edges of fragmented material portions. Block 312
additionally implements further image processing operations that refine the output of the convolutional
neural network to associate groups of pixels on edges as being associated with specific fragmented material
portions. For example, various morphological algorithms such as such as dilation, erosion, opening, closing,
and or watershed may be applied. Block 312 thus refines the output and produces an identification of the
fragmented material portions within the image. The indication may be displayed on the display 260 as a
colored map or may be provided in the form of a sieve analysis result, where an estimate of a passing sieve
size for fragmented material portions is used to separate the material into a plurality of size bins each

corresponding to a sieve mesh size.

In one embodiment pixel data received at block 302 includes a plurality of pixel data sets captured under
differing conditions and/or using different image capture parameters. For example, the image sensor 102
may be capable of sensing optical radiation intensity associated with a visible band of wavelengths or
thermal radiation intensity associated with infrared wavelengths. In the optical wavelength range the
image sensor 102 may capture a full color image defined by several primary colors (for example red, green
and blue primary colors). Various other optical wavelength bands may be selectively captured using
specially adapted image sensors. Additionally or alternatively, images may be captured by the image
sensor 102 under different lighting conditions provided either by natural lighting or illuminated by one or

more light sources.
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In other embodiments the image sensor 102 may include a three dimensional {3D) sensor for receiving a
plurality of 3D point locations on surfaces of the fragmented material portions 104 and the pixel data may
include depth information. Referring to Figure 4, in one embodiment the image sensor 102 may include a
three dimensional (3D) sensor for receiving a plurality of 3D point locations on surfaces of the fragmented
material portions 104 within a coordinate system 404. In the embodiment shown the image sensor 102
includes a pair of sensors 400 and 402 disposed in spaced apart relation to each other along an x-axis that
together function as a 3D sensor by providing stereo 2D views of the fragmented material portions 104,
The stereo 2D views produced by the respective sensors 400 and 402 may be processed to provide depth
information determining disparity between common points in the stereo 2D views of the fragmented
material 100. In other embodiments, successive 2D views captured by a single senor from differing

perspective points may be used to generate depth information.

One example of a 3D image sensor is the Bumblebee2 Stereo Vision camera manufactured by Point Grey
Research Inc. of Richmond, BC, Canada, which has two 1/3 inch CCD image sensors (i.e. the image sensors

400 and 402) that are capable of producing images having 1024x768 pixel resolution.

In other embodiments the image sensor 102 may include a range imaging camera such as a time-of-flight
camera that provides 3D point location data. Alternatively a laser ranging device may be used to provide
3D point location data or a structured light illumination pattern may be projected onto the fragmented

material 100 and used to determine depth information based on deformation of the structured light.

Block 302 of the process 300 in Figure 3 is shown in more detail in Figure 5 for embodiments in which more
than one pixel data set is received. The process begins at block 500, which directs the microprocessor 202
to receive the first pixel data set. Block 502 then optionally directs the microprocessor 202 to cause the
GPU 210 to pre-process the pixel data set depending on the nature of the pixel data set. For example,
where the pixel data set is a depth map obtained using a 3D sensor, the pixel data may be processed using
a contrast enhancing algorithm such as a contrast limited adaptive histogram equalization (CLAHE). Various
other pre-processing algorithms such as a normalization algorithm may be optionally applied to depth maps
or other pixel data sets. In one embodiment a pixel data set may be generated have pixel values that
represent a distance between each pixel and a closet edge to the pixel. Pixels that are further from edges
of a fragmented material portion have a higher probability of being on the fragmented portion and may

provide a useful input for configuring the network.
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Block 504 then directs the microprocessor 202 to cause the GPU 210 to store the pixel data set in the pixel
memory 212. In the embodiment shown in Figure 2, the I/O 208 receives the pixel data, which is then
optionally pre-processed by the GPU and written directly into the pixel memory 212. Block 506 then directs
the microprocessor 202 to determine whether further data sets are still to be received, in which case the
microprocessor is directed back to block 500. If at block 506 all the pixel data sets have been received, the
process continues at block 304 of the process 300 shown in Figure 3. In general, the number of pixel data
sets may be selected based on their effect on the pixel classification output and the performance of the
processor circuit 200 and GPU 210 in processing the pixel data. In one embodiment, pixel data sets for
reach primary color red, green, and blue and a depth map have been found to provide a sufficiently

sensitive pixel classification output.

The implementation of blocks 304 — 310 of the process 300 is described further with reference to Figure 6
in which a neural network is depicted schematically at 600. Referring to Figure 6, the input pixel data sets
are represented by rectangles 602, 604, 606, and 608 each having a plurality of pixels 610. The pixel data
sets 602, 604, and 606 are associated with respective primary colors red, green and blue and each pixel has
a value representing the intensity at the pixel location for the associated color. The pixel data set 608 is a
depth input, where each pixel has a value representing a depth of the pixel with respect to the z-axis shown
at 404 in Figure 1. In other embodiments additional pixel data sets may be included as described above. In
neural network terms, each pixel 610 in the input pixel data sets 602 — 608 thus acts as an input neuron for
the neural network 600. In one embodiment depth information is used to determine 3D coordinates on
fragmented material portions for determining a physical size of the fragments. The size of the fragments

may then be used to produce the sieve analysis result as disclosed above.

The neural network 600 also includes a convolution layer 612 having a plurality of neurons 614. In the
embodiment shown, a pixel 630 in each of the input pixel data sets 602 — 608 is to be classified (i.e. as an
edge, inner, or interstitial pixel), and the classification is performed on the basis of a patch of pixels 632. In
the embodiment shown, the patch is illustrated as an 11 x 11 pixel patch, however the patch may be sized
in accordance with the sizes of features in the input pixel data. In some embodiments, the patch may be
selected and sized in accordance with a scale of fragmented material surrounding a pixel. For example,
when performing a fragmentation analysis of a real fragmented material, the patch size 632 may be

selected based on user input or pixel depth information. Alternatively, the size of the patch 632 may be
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based on the pixel classification output using an initial size estimate for the patch 632. In one embodiment
the initial size of the patch is selected to be 40 x 40 pixels, and may be increased up to 80 x 80 pixels in
cases where areas of the image have smooth color probabilities that are representative of larger fragments.

The patch size may also be reduced for small fragments (for example to about 20 x 20 pixels).

In the neural network 600 each neuron 614 in the convolution layer 612 is connected to a subset of the
input neurons in the input pixel data sets 602 — 608 by defining a convolution kernel 616. The convolution
kernel 616 in this embodiment has a size of 3 x 3 pixels and a set of 9 weights 618, 620, 622, and 624 for
each pixel input set. The kernel 616 is centered over successive pixels in the patch 632 of the input pixel
data sets 602 — 608 effectively connecting corresponding neurons 614 in the convolution layer 612 to
corresponding subsets of the input pixels. For the example of pixel 630 in the input pixel data set 602, the
set of weights 618 of the kernel 616 is passed over the patch 632 and the weights are applied to the pixel
values to produce the output for a neuron in the convolution layer 612 that corresponds to the input pixel
630. The convolution kernel 616 similarly connects and produces outputs for other corresponding neurons
614 in the convolution layer 612. In this embodiment the convolution kernel 616 applies the same weights
to each subset of input pixels and thus will become sensitive to the same features in the input pixels when

the weights are subsequently determined during a training of the neural network 600.

In one embodiment pixelwise processing may proceed at a stride of 1 or at a stride greater than 1. In
general, the stride may be selected by validating the pixel classification output and selecting a stride based
on a tradeoff between processing time and the effectiveness of the fragmentation analysis produced. An
advantage of having the same weights for the convolution kernel 616 is that successive patches 632 have a
large overlap and convolution results may be saved and re-used for each successive patch, thus significantly
reducing the number of computations required. This has the effect of significantly reducing processing
time, both in training and subsequently when performing real fragmentation assessments using the trained

network 600.

In other embodiments, a sparse kernel may be used to perform the convolution. A sparse kernel is
constructed by inserting rows and columns of zero values in the convolution kernel 616. The sparse kernel
may have a single row and column of zero values inserted between each element or multiple rows and
columns of zero values inserted between elements. The sparse kernel has advantages over processing

using a stride length of greater than 1, particularly where the processing is performed by the GPU 210 since
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operations are still performed on successive adjacent pixels in the input pixel data sets. Processing by a
GPU is very effective under such conditions, while processing as a stride greater than 1 requires that input

pixels be skipped, which makes much less efficient use of GPU processing capabilities.

A portion of an image of fragmented material is shown in greater detail at 700 in Figure 7. Referring to
Figure 7, a representation of the convolution kernel is shown as a rectangle 704 centered on a pixel 702.
The convolution kernel thus acts as a filter that sets the output of a corresponding neuron in the
convolution layer 612 based on the center pixel 702 and the pixels surrounding the center pixel that fall
within the kernel. In this case the rectangle 704 covers a portion of a potential edge 706 of a fragmented
material portion along with portions surrounding the edge that may be on a fragmented portion or in an

interstice between fragmented portions.

Referring back to Figure 6, the neural network 600 also includes a pooling layer 640, including a plurality of
pooling neurons 642. The pooling layer combines outputs of the convolution layer 612 to condense the
information to make the neural network 600 less sensitive to input shifts and distortions. In one
embodiment a max-pooling process is applied that finds a maximum output value within a group of outputs
from the convolution layer 612 and sets the output of a corresponding neuron 642 in the pooling layer 640
to the maximum output value. For example, the output 644 in the pooling layer 640 may be set to the
maximum output of the four output neurons 646 in the convolution layer 612. Alternatively, other pooling
processes such as average pooling may be implemented where outputs in the convolution layer 612 are
averaged to produce the output in the pooling layer 640. In other embodiments, stochastic pooling may be
used, where a random output within a group of outputs in the convolution layer 612 is selected to produce

the output in the pooling layer 640.

The neural network 600 further includes an output layer 650 that includes a neuron 652 that produces the
edge probability p., a neuron 654 that produces the probability ps that the pixel is on a fragmented material
portion inward from the edge, and a neuron 656 that produces the probability p; that the pixel is in
interstitial space between fragments. In general the interstitial space between fragments include of small
fragments that may be difficult to separate as individual fragments limited camera resolution. The neuron
652 includes values for p. for each pixel output 644 in the pooling layer 640 and thus provides a map
representing the probability of each pixel being on an edge. Similarly, the neurons 654 and 656 each

produce respective values for py, and p; for each pixel output 644 in the pooling layer 640 and thus provide
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a map of probabilities for fragmented material portions and interstitial spaces. In one embodiment, each of
the neurons 652, 654, and 656 may be fully connected to the neurons 642 in the pooling layer 640, which
means that the neurons in the output layer 650 each have multiple inputs that are connected to each of the

neurons 642.

In one embodiment, a weighting may be applied to the neurons 652, 654, and 656 to produce the outputs
for the neural network 600. Different weightings may be assigned to pixels classified as edges of the
fragmented material portion, pixels classified as being inward from the edge of a fragmented material
portion, and pixels classified as being in an interstice between fragmented material portions. The output
would then be w.p., wypy, and wp;, where the weights w,, wy and w; may be selected based on the higher
probability that for a fragmented material any pixel would be located inward from the edge on a
fragmented material portion. This weighting is thus based on the empirical observation that fragmented
materials such as rock would generally include a higher proportion of pixels belonging to rocks than edge

pixels and/or interstitial pixels.

The embodiment of the neural network 600 shown in Figure 6 is only one example of a network that may
be configured to produce the pixel classification outputs at the output layer 650. In general the network
600 is initially configured and then trained using training images that have been examined and labeled. For
example, regions of images of fragmented materials may be labeled by an operator to indicate whether the
region is a fragmented portion, an edge of a fragmented portion, a void, or a region of fines. The images
are then saved along with labeling information as labeled training images. It is desirable to have a sufficient
number labeled training images under different lighting and other conditions, differing scale, and differing
types of fragmented material. A portion of the labeled training images may be used for training the
network and a further portion may be set aside for validation of the neural network 600 to evaluate

training effectiveness. An example of a labeled training image is shown in Figure 10.

During training, the weights for the neural network 600 are initialized to some value and the training
images are used to provide the input pixel data sets 602, 604, 606, and 608. The pixel classification output
at the output layer 650 is then compared to the labeled training images and a cost function is evaluated
expressing the difference between the output layer classification and the labeled classification for a
plurality of inputs to the neural network 600. A minimization algorithm, such as a batch gradient descent

minimization, is then applied to determine new values for the weights of the convolution kernel 616. This
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step generally involves determining the gradient of the cost function using a backpropagation algorithm.

Overall effectiveness of the neural network 600 is generally evaluated using the set aside labeled images to
evaluate the cost function in a validation process. Adjustments to the neural network 600 may be made in
an attempt to improve the effectiveness, such as for example increasing the size of the kernel 616, using
additional pixel data sets or reducing the number of pixel data sets etc. Once a desired effectiveness has
been reached, the weights are saved for use in performing fragmentation analysis of real fragmented
materials. In some embodiments, more than one convolution kernel 616 may be used, thus producing
more than one output at the convolution layer 612. The convolution kernels may be different sizes or may

have different initially assigned weights during the training exercise.

Referring to Figure 8 a portion of an image of fragmented material is shown at 800 in Figure 8 and a
representation of an alternative convolution kernel is shown as a rectangle 804 centered on a pixel 802.
The image portion 700 in Figure 7 includes features within the convolution kernel rectangle 804 of the
image portion 800 shown on a larger scale. These images illustrate that the identification of fragmented
material portions within an image is inherently scale dependent, and the differing scales shown in Figure 7
and Figure 8 would likely result in different classifications. For example, the rectangle 704 in Figure 7
encloses sufficient information to identify that the pixel 702 is likely on an edge of a fragmented material
portion. However, the rectangle 804 in Figure 8 has too much information to determine whether or not an
edge is present at the pixel 802. In one embodiment, the training images may be scaled during the training
operation to different scales, for example 0.5x, 1x, and 2x thus providing additional training inputs for
training the network 600. The neural network 600 thus produces a scaled output at the output layer 650

for each scaled input and corresponding set of training images.

Subsequently, when performing fragmentation analysis of real fragmented materials, a similar scaling may
be done thus increasing the number of input pixel data sets shown in Figure 6. In an alternative
embodiment, the pixel classification output layer 650 may be output to a further fully connected layer (not
shown) that performs a sizing analysis such as the sieve analysis disclosed earlier herein. A plurality of
output neurons, one for each graduation in the sieve analysis, may be connected to the neurons 652, 654,
and 656 of the output layer 650. This alternative embodiment of the neural network 600 would be trained
using training images that have been labeled in terms of sieve graduations and the network would thus

directly produce the sizing analysis result at the additional output layer.
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An example of a pixe! classification output representation produced at the output layer 650 is shown in
Figure 9 at 900. An example of a labeled training image used for training the neural network 600 is shown
in Figure 10 at 1000. The output 900 and training image 1000 are shown for a single scaling, but in practice
there would be an output 900 for each scaling. Referring to Figure 10, the training image 1000 has very
clearly identified edge pixels 1002 that are shown in dark lines, pixels 904 located inwardly from edges that
are shown in light grey, and fines or voids 906 are shown in darker grey. Referring to Figure 9, the output
900 is shown as an image of the fragmented material 100 in which identified edge pixels 902, pixels 904
located inwardly from edges, and fines or voids 906 are similarly shaded to produce the output
representation 900. In the output representation 900, the edge pixels 902 are less clearly defined and do
not close to surround fragmented material portions as in the training image 1000. This is due to each pixel
in the output representation being shaded based on the output probabilities p,, p;, and p;, such that a pixel
having a high probability of being on an edge is shaded darker, while pixels on fragmented portions have a
low probability of being edge pixels and are shaded lighter. While the pixel classification produced at the
output layer 650 thus provides an initial prediction for fragmentation, actual identification of fragmented
material portions is still difficult within the output 900. An output closer to the training image 1000 would

be desirable.

Referring back to Figure 3, the output 900 of the pixel classification output layer 650 is further processed at
block 312 to associate the identified edge pixels with the fragmented material portions. Block 312 of the
process 300 in Figure 3 is shown in more detail in Figure 11. Referring to Figure 11, the process begins at
block 1100, which directs the microprocessor 202 to fuse scaled images to produce a composite pixel
classification output based on the multiple scaled inputs. Each scaled output yields differing levels of detail

and the composite pixel classification output thus includes these different contributions.

Block 1102 directs the microprocessor 202 to cause the GPU 210 to implement image processing functions

for identifying regions of finely fragmented material within the composite pixel classification output.

Block 1104 directs the microprocessor 202 to cause morphological processing of the composite pixel
classification output. In one embodiment one or more morphological algorithms are applied to the pixel
classification output to close edge portions and or determine whether fragmented portions should be

separated into multiple fragmented portions. Examples of algorithms that may be employed include a
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thresholding, adaptive thresholding, watershed and morphological operations such as erosion, dilation,

opening, closing, etc.

Watershed algorithms may be useful in closing edges around fragmented portions in the composite pixel
classification output, where gradients in the image are examined on the basis of the pixel classification
output. Pixels having a higher p. would correspond to ridges in the watershed while pixels having a low p,
and high ps would correspond to catchment basin regions. Various watershed algorithm variations are

known in the art.

Alternatively or additionally, an erosion algorithm may be used to remove outed pixels from a fragmented
material portion having a narrowed section joining to larger sections. Following the erosion, the
fragmented portions may separate into two or more fragmented portions if the narrowed section is
eliminated by the erosion. The erosion may be followed by a corresponding dilation that would cause the
fragmented portions to revert to substantially their original sizes, while the narrowed section would remain

eliminated from the image.

In one embodiment the output produced at block 1104 may be used in the fine detection block 1102. The

post processing and the morphological operations can help to identify the boundary of a fine region.

The process then continues at block 1106, which directs the microprocessor 202 to combine the fine areas
identified at block 1102 and the closed edges identified at block 1104 to produce the fragmented image, in

which fragmented material portions are identified.

The neural network 600 shown in Figure 6 represents one example of a convolutional neural network that
may be implemented on the processor circuit 200 shown in Figure 2 to identify fragmented material
portions within received pixel data. Referring to Figure 12, a cascaded convolutional neural network
embodiment implemented on the processor circuit 200 of Figure 2 is shown generally at 1200. The
cascaded network 1200 includes a first convolutional neural network 1204 and a second convolutional
neural network 1206. A captured image 1202 of the fragmented material 100 within a field of view 114 of
the image sensor is received and pre-processed at 1208 using an algorithm such as the contrast limited
adaptive histogram equalization (CLAHE) or other algorithm as described above to enhance contrast in the

captured image. This is followed by an image scaling at 1210 that may be selected in accordance with the
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scale of fragmented material within the image to produce a scaled image input. The scaled image input
may inciude several input pixel data sets, including for example optical radiation intensity, thermal
radiation intensity, intensities associated with different primary colors, intensities under a plurality of
different illumination conditions, intensities for each of a plurality of electromagnetic wavelength ranges,

pixel depth information, and a distance between each pixel and a closest edge.

The scaled image input is then provided to the first convolutional neural network 1204, which may operates
generally as described above in connection with the neural network 600 producing initial pixel classification
outputs 1212. The initial pixel classification outputs 1212 include a probability map 1214 of edge
probabilities p,.;, a probability map 1216 of fragmented material portion probabilities ps;, and a probability
map 1216 of interstitial space probabilities p;;. The outputs p.;, ps, and p;; thus generally correspond to the

Pe, P, and p;outputs in Figure 6.

The outputs pe;, ps;, and pj; of the first convolutional neural network 1204 are received as inputs at the
second convolutional neural network 1206. The enhanced image produced at 1208 is also further
processed at 1222 and provided to the second convolutional neural network 1206 as a supplemental image
input 1222. In one embodiment, processing at 1220 may involve converting color intensity information for
pixels in the captured image 1202 into gray-scale intensity data for producing the supplemental image input

1222,

The second convolutional neural network 1206 may be implemented using a convolution kernel,
convolution layer, and one or more pooling layers as generally shown in Figure 6. The second convolutional
neural network 1206 produces pixel classification outputs 1224, which include a probability map 1226 of
edge probabilities pe; a probability map 1228 of fragmented material portion probabilities py, and a
probability map 1230 of interstitial space probabilities p;,. The pixel classification outputs 1212 are thus
used as inputs by the second convolutional neural network 1206 to produce refined pixel classification

outputs 1224.

In this embodiment the output probability map 1226 indicating the probability that a corresponding pixel is
associated with an edge is provided to a segmentation function, which processes the probability map to
produce a segmented output 1234. The segmentation function may be implemented using one of a

number of morphological algorithms, such as thresholding, adaptive thresholding, watershed, and
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morphological operations such as erosion, dilation, opening, closing, etc. In other embodiments the
probability map 1230 indicating the probability of pixels being associated with an interstitial space is also
optionally fed to the segmentation process 1232, depending on the nature of the segmentation algorithm
implemented. As noted above, the probabilities p.,, py; and p;; will together add up to unity for each pixel,
and thus the fragmented material portion probability is provided by subtracting the values for p.; and p;;

from 1.

In one embodiment, the first and second convolutional neural networks 1204 and 1206 are trained
separately. In this case, labeled images are pre-processed at 1208, scaled at 1210 and used to train the first
convolutional neural network 1204 to produce desired outputs 1220 and 1214 — 1218. Once the first
convolutional neural network 1204 has been adequately trained, the labeled images are processed through
the first network to produce sets of labeled training outputs at 1212. The labeled training outputs at 1212
are then used in a second training exercise to train the second convolutional neural network 1206 to
produce desired outputs 1224. In other embodiments the full cascaded neural network 1200 may be
trained end to end up to the pixel classification outputs 1224. The segmentation process 1232 is generally
non-linear and will be unlikely to contribute to convergence when training the first and second

convolutional neural networks 1204 and 1206.

The second convolutional neural network 1206 thus further refines the output of a first convolutional
neural network 1204 by combining the probability maps 1214 — 1218 with one or more supplemental image
inputs 1222, such as the a grayscale of the captured image 1202, disparity image including depth
information, a superpixel representation of the captured image or other input. The cascading network
1200 uses the first and second trained networks 1204 and 1206 to generate improved probability maps and
edge boundaries for a real image input 1202. Each of the first and second networks 1204 and 1206 have a
limited capacity during training to learn the complexities of the training images. The first convolutional
neural network 1204 is trained to produce a globally optimized solution, while the second convolutional
neural network 1206 does a fine tuning of the solution. The cascaded network 1200 thus has the effect of a

deeper neural network, but is more simply implemented as two cascaded sub-networks.

In another embodiment the supplementary process at 1220 may involve processing of pixel data to
generate a superpixel representation of the enhanced image data. Superpixel algorithms group pixels that

have the shape of the pixel grid associated with the captured pixel data sets into regions that have a shape
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that is more closely based on image features in the captured image. Superpixel processing assigns an
average intensity value to a group of neighboring pixels while reducing complexity, which may enhance the
capability of the network cascaded network 1200 to learn during training. An example of a representation
of a fragmented material input image that has been processed using a superpixel algorithm is shown in
Figure 13 at 1300. The representation 1300 includes a plurality of superpixel regions 1302 each made up of
a plurality of image pixels. The superpixels tend to over-segment the image (i.e. each fragmented material
portion is represented by a plurality of superpixels). However, advantageously the superpixel processing
preserves the edges of the fragmented material portions, allowing each portion to be represented by fewer
superpixels in comparison to the original larger number of pixels in the enhanced image. The superpixel
representation also has the advantage of significantly reducing the complexity of the image. For example, a
256x256 image size has 65536 gray-scale pixels, while superpixel processing may be implemented that uses
~4000 superpixels to represent the same image. The superpixel representation 1300 thus groups pluralities
of pixels to represent fragmented material portions using a reduced number of superpixels with respect to

the number of pixels in the pixel data set.

In the embodiment shown in Figure 12, use of superpixe! processing at 1220 provides a less complex input
at 1222 to the second convolutional neural network 1206, while still preserving important edge features.
The input 1222 is effective in improving performance of the cascaded network 1200 both in training and
subsequent operation. The superpixel processing may also be implemented in the neural network 600,

shown in Figure 6.

Alternatively in another embodiment a superpixel representation may be produced for one or more of the
output probability maps 1224 and in the segmentation process 1232 merge and split operations may be
performed on the superpixel representation. The merge and split operations may be implemented using a
classifier that is trained using labeled inputs to determine whether to merge adjacent superpixels. The
classifier may be trained on and operate on features from the probability map, as well as other features
that can be defined for superpixel pairs, such as: relative size, percentage of shared edge iength versus total
edge length, etc. The segmentation process 1232 may thus include superpixel processing. Methods for
performing superpixel processing are disclosed in “SLIC superpixels. Technical report, Ecole Polytechnique
Fédérale de Lausanne, 2010” by R. Achanta, A. Shaji, K. Smith, A. Lucchi, P. Fua, S. Siisstrunk, which is

incorporated herein by reference.
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Referring to Figure 14, an example of a labeled training image is shown at 1400. The training image 1400
has been labeled to identify edges 1402 of fragmented material portions 1404. Portions 1406 lying outside
of the labeled edge boundaries correspond to interstitial spaces or fines between fragmented material
portions 1404. The labeling of an edge 1402 thus defines the entire enclosed portion as a fragmented
material portion (i.e. the light shaded portion). In an alternative embodiment shown in Figure 15 the
training image 1400 is further processed to generate a confidence indication 1500 for identified fragmented
material portion within the identified edges 1402. The training image 1500 has a region 1502 ciose to the
center of the fragmented material portion {i.e. the center of portion 1404 in Figure 14) that is associated
with a high confidence of being part of a fragmented material portion, while a region 1504 that is closer to
the identified edge (1402 in Figure 14) is associated with a lower confidence value. The confidence
indicator values may thus be set to 1 at the center 1502 and drop to zero proximate the region 1504 based
on either a linear or non-linear function such as a sigmoid. The confidence values are thus indicative of a

level of labeling confidence associated with the training image 1400.

The alternative training image 1500 may be used as a more effective input for training the neural networks
described herein. When using training images such as shown at 1400 in Figure 14 that have been manually
labeled by an operator, uncertainty in the exact placement of an edge may result in training images that are
less effective in training the networks. The application of the confidence indicator in the labeled training

image 1500 thus provides a more efficient input for training many neural networks.

Referring back to Figure 6, the pooling process implemented by the pooling layer 640 facilitates a spatially
invariant determination by the neural network 600 of whether a feature (such as an edge of a fragmented
material portion) is present within a region of the image. In the embodiment shown in Figure 6,
convolution of the input pixel data sets 602 to 608 using the convolution kernel 616 results in a reduced
number neurons 614 in the convolution layer 612. The pooling layer 640 further reduces the number of
neurons 614 (for example, by a factor of 2 for a 2x2 max-pooling). However, in the process of down-
sampling by the pooling layer 640, exact positional information related to the identified feature is lost. If
additional convolutional layers and pooling layers were to be included in the neural network 600, the loss

of positional information would be even greater.

An alternative neural network embodiment that acts to preserve positional information while still

efficiently detecting edge features in the input pixel data is shown schematically in Figure 16 at 1600. The
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neural network 1600 receives input pixel data sets 1602, which in this example have 256x256 pixels in each
of 4 input channels (i.e. Red, Green, Blue and a depth or other input, for example). A convolution kernel
1604 having 16 kernels is used to produce a first convolution 1606 of having 254x254x16 neurons (i.e. 16
channels of 254x254 pixels). The small loss in spatial resolution at the layer 1606 is due to convolutions at
the image data boundaries with the 3x3 kernels. A pooling operation such as max pooling produces a
pooling layer 1608. The pooling is performed for 2x2 pixel sub-samples and thus reduces spatial content in
the layer 1608. In this embodiment a second convolution is performed using a kernel 1610 following the
pooling layer 1608, resulting in 125x125x32 neurons in the convolution layer 1612. The spatial content of
the information in the convolution layer 1612 is thus more than halved compared to the input pixel data
1602. While the convolution layer 1612 includes information identifying features such as edge features
found in the input pixel data 1602, the reduced resolution means that the position of these features within

the image are less precisely identified.

In the embodiment shown in Figure 12, the convolution layer 1612 is followed by a 2x2 up-convolution to
produce a 250x250x16 layer 1614. The up-convolution comprises up-sampling and deconvolution
processes and results in a 250x250x16 layer 1614. The up-sampling may be performed, for example, by

repeating each neuron output in the layer 1612 in successive groups of 2x2 neurons.

A copy of the output of the first convolution layer 1606 is also cropped in a process 1616 to a size of
250x250x16. The cropping permits a 1x1 concatenation of the up-convolution outputs at layer 1614 with
the copied and cropped outputs at layer 1616, to produce a concatenated layer 1618 for the neural
network 1600. The convolution output 1620 of the layer 1618 may be used to generate the pixel
classification outputs 1224 in the cascaded network 1200 of Figure 12 or the outputs at layer 650 in the
Figure 6 neural network 600. The neural network 1600 thus has two paths. A contracting path (1606 —
1612) is generally similar to that shown in the convolutional neural network 600 in Figure 6 where spatial
resolution is lost while classifying the pixels. An expansive path 1614 and 1618 impilements deconvolution
and up-sampling for increasing the resolution of the output. In summary, the pooling and up-sampling
processes have an effect on the spatial content, but do not change the number of channels. Convolution
processes 1606 and 1612 generally maintain spatial information and produce a number of channels
corresponding to the number of kernels in the respective convolution kernels 1604 and 1610. The de-
convolution layer 1614 reduces the channel dimension by a factor of 2. The output 1620 thus has only

slightly reduced spatial resolution compared to the input pixel data sets 1602.
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The image sensor 102 and processor circuit 200, when configured to implement the neural network 600
may be used to perform a fragmentation analysis of materials for many different purposes. For example
the image sensor 102 shown in Figure 1 may be disposed on a portable fragmentation analyzer that
includes the processor circuit 200 and displays fragmentation analysis results on the display for performing
assessments in the field. Alternatively, the image sensor 102 may be in communication with a remotely
located processor circuit that is operable to produce results for a fragmentation analysis of submitted
image data. In other embodiments, the image sensor 102 may be disposed to capture an image of
fragmented material being conveyed by a ground engaging tool of heavy equipment, such as a bucket of a
mining shovel or loader. An example of a mining shovel having an image sensor disposed above the loading
bucket is shown in Figure 17. In Figure 18 an image sensor disposed below a loading bucket of a loader and
is able to capture images of fragmented material in the bucket when the material is in view of the image
sensor. Alternatively, the image sensor 102 may be disposed to capture images of fragmented material in a

load-carrying container of a haul truck or on a conveyor belt, such as shown in Figure 19.

While specific embodiments have been described and illustrated, such embodiments should be considered
illustrative of the invention only and not as limiting the invention as construed in accordance with the

accompanying claims.
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What is claimed is:
1. A method for processing an image of fragmented material to identify fragmented material portions
within the image, the method comprising:
5 receiving pixel data associated with an input plurality of pixels representing the image of

the fragmented material;

processing the pixel data using a convolutional neural network, the convolutional neural
network having a plurality of layers and producing a pixel classification output indicating

whether pixels in the input plurality of pixels are located at one of:

10 an edge of a fragmented material portion;

inward from the edge of a fragmented material portion; and

an interstice between fragmented material portions;

wherein the convolutional neural network includes at least one convolution layer
configured to produce a convolution of the input plurality of pixels, the convolutional
15 neural network having been previously trained using a plurality of training images including

previously identified fragmented material portions; and

processing the pixel classification output to associate identified edges with fragmented

material portions.

2. The method of claim 1 wherein producing the convolution comprises producing the convolution
20 using a sparse kernel having entries separated by rows and columns of zero values.
3. The method of claim 2 wherein producing the convolution comprises producing the convolution

using a sparse kernel having entries separated by a plurality of rows and a plurality of columns of

zero values.
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The method of claim 1 wherein processing the pixel data using the convolutional neural network
comprises processing the pixel data using a first convolutional neural network and using the pixel
classification output as an input for a second convolutional neural network operable to produce a

refined pixel classification output.

The method of claim 1 wherein the plurality of training images include previously identified
fragmented material portions, each fragmented material portion enclosed by an edge and wherein
regions of the fragmented material portion closer to the edge are assigned lower confidence values
than regions of the fragmented material portion away from the edge, the confidence values being
indicative of a level confidence associated with the previously identified fragmented material

portions in the training image.

The method of claim 1 wherein receiving the pixel data comprises receiving a plurality of pixel data

sets, each pixel data set including data associated with at least one of:

an optical radiation intensity;

a thermal radiation intensity;

intensities associated with different primary colors;

intensities under a plurality of different illumination conditions;

intensities for each of a plurality of electromagnetic wavelength ranges;

pixel depth information; and

a distance between each pixel and a closest edge.

The method of claim 6 further comprising processing at least one of the plurality of pixel data sets
to produce a superpixel representation of the pixel data set, the superpixel representation grouping
pluralities of pixels to represent the fragmented material portions using a reduced number of

superpixels with respect to the number of pixels in the pixel data set.
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The method of claim 1 wherein producing the convolution comprises producing a plurality of

convolutions of the input plurality of pixels.

The method of claim 4 wherein receiving the pixel depth information comprises at least one of:

determining a pixel disparity associated with images produced by a stereoscopic image

Sensor;

determining a pixel disparity associated with successive images produced by an image

sensor;

receiving time-of-flight data for pixels in the input plurality of pixels;

determining depth information based on a deformation of a structured light pattern

projected onto the fragmented material; and

receiving a 3D point cloud produced by a laser sensor and processing the point cloud to

determine a depth associated with pixels in the input plurality of pixels.

The method of claim 4 further comprising pre-processing the pixel depth information prior to

producing the convolution.

The method of claim 4 further comprising using the pixel depth information to estimate a physical

size of the fragmented material portions.

The method of claim 11 further comprising determining a size distribution based on the estimated

fragment size for the fragmented material portions.

The method of claim 12 further comprising converting the fragment size distribution into a

corresponding sieve analysis result.

The method of claim 1 wherein processing the pixel data using the convolutional neural network

further comprises processing the pixel classification output in a further neural network layer to



10

15

20

15.

16.

17.

18.

19.

20.

WO 2017/100903 PCT/CA2016/000317

-29-

generate a size distribution output, the neural network having been previously trained using a
plurality of fragmented material training images including fragment size indications for the

fragmented material portions.

The method of claim 1 wherein the convolutional neural network comprises a pooling layer
configured to process the convolution to provide a plurality of pooling outputs, each pooling output

being based on values associated with a plurality of pixels in the convolution.

The method of claim 15 wherein the pooling layer implements one of a max-pooling, an average

pooling, and a stochastic pooling process.

The method of claim 15 wherein the convolutional neural network comprises at least one up-
sampling layer following the pooling layer the up-sampling layer being operable to replicate

outputs to produce an up-sampled pixel classification, and further comprising:

generating a cropped copy of the convolution of the input plurality of pixels, the cropped

copy having a size corresponding to the size of the up-sampled pixel classification; and

combining the up-sampled pixel classification with the cropped copy of the convolution to

produce a pixel classification having increased spatial resolution.

The method of claim 1 wherein processing the pixel classification output to associate identified
edges with fragmented material portions comprises applying a morphological algorithm to the pixel

classification output to close edge portions surrounding fragmented material portions.

The method of claim 18 further comprising applying a weighting to the pixel classification output,
the weighting having different weights assigned to pixels classified as edges of the fragmented
material portion, pixels classified as being inward from the edge of a fragmented material portion,

and pixels classified as being in an interstice between fragmented material portions.

The method of claim 18 wherein applying the morphological algorithm to the pixel classification

output comprises implementing at least one of:
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a dilation algorithm;

an erosion algorithm,

a watershed algorithm;

an opening algorithm; and

a closing algorithm.

The method of claim 18 further comprising identifying interstices between fragmented material

portions as including one of fine fragmented material and a void.

The method of claim 1 further comprising resampling the pixel data associated with the input
plurality of pixels to produce at least one resampled input plurality of pixels and wherein processing
using the convolutional neural network comprises processing the one or more resampled input
plurality of pixels, the convolutional neural network having been previously trained using a
correspondingly resampled plurality of fragmented material training images including previously

identified fragmented material portions.

The method of claim 22 wherein resampling the pixel data comprises at least one of up-sampling

the pixel data and down-sampling the pixel data.

The method of claim 1 wherein the pixel classification output is generated by performing the
convolution on patches of pixels surrounding a pixel being classified, the patch of pixels having a
size selected in accordance with a scale of fragmented material surrounding the pixel being

classified, the scale being determined by one of:

a user input,

pixel depth information;

based on a trained network from corresponding pixel and depth data; and



25.
5
10
15
26.
20
27.

WO 2017/100903 PCT/CA2016/000317

-31-

based on pixel classification output using an initial selection of patch size.

An apparatus for performing a fragmentation analysis, the apparatus comprising:

an image sensor operable to capture an image of fragmented material including
fragmented material portions and to generate pixel data associated with an input plurality

of pixeis representing the image;

a processor circuit operably configured to process the pixel data using a convolutional
neural network, the convolutional neural network having a plurality of layers and producing
a pixel classification output indicating whether pixels in the input plurality of pixels are

located at one of:

an edge of a fragmented material portion;

inward from the edge of a fragmented material portion; and

an interstice between fragmented material portions;

wherein the convolutional neural network includes at least one convolution layer
configured to produce a convolution of the input plurality of pixels, the convolutional
neural network having been previously trained using a plurality of training images including

previously identified fragmented material portions; and

the processor circuit being further operably configured to process processing the pixel

classification output to associate identified edges with fragmented material portions.

The apparatus of claim 25 wherein the processor circuit comprises a graphics processing unit (GPU)
and associated graphics memory and wherein the convolutional neural network is implemented at
least in part using GPU functions and wherein data generated by operations associated with the

convolutional neural network is stored in the graphics memory.

The apparatus of claim 25 wherein the image sensor is disposed on one of:
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a portable fragmentation analyzer including a processor circuit operable to produce results

of the fragmentation analysis; and

a fragmentation imager in communication with a remotely located processor circuit

operable to produce results of the fragmentation analysis.

The apparatus of claim 25 wherein the image sensor is disposed to capture an image of fragmented

material being conveyed by one of:

a ground engaging tool of heavy equipment operable to load fragmented material;

a load-carrying container of a haul truck; and

a conveyor belt.
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