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(57) Abstract: A device for measuring wear is disclosed. The device may receive images associated with a component, and may receive
a three-dimensional (3D) model of the component. The device may generate an image point cloud based on the images, and may
generate a model point cloud based on the 3D model of the component. The device may perform a first alignment of the image point
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and may project the 3D mask regions onthe images. The device may process the 3D mask regions, projected on the images, to determine
reference points in the images, and may determine an amount of wear associated with the component based on the reference points.
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MEASUREMENT PLATFORM THAT AUTOMATICALLY DETERMINES
WEAR OF MACHINE COMPONENTS BASED ON IMAGES
Technical Field
The present disclosure relates generally to a wear measurement

system, and, more particularly, to a measurement platform that automatically

determines wear of machine components based on images.

Background

Earth-working machines, such as excavators, confinuous miners,
and loaders, often mnclude ground engaging work tools that engage with and/or
move a variety of earthen materials. The machines include tracked
undercarriages that facilitate movement of the machines over ground surfaces,
and other moving parts that may engage with the ground surfaces and/or earthen
materials. Repeated exposure to hard earthen materials and/or the ground
surfaces may cause one or more components of these machines to wear.

Conventional techniques for detecting wear on the machine
components nclude manual measurements of component dimensions, which may
be compared against specified dimensions of the components. Such manual
measurements are not only time consuming but also can be inaccurate.
Inaccurate measurements of component dimensions, 1 tum, may result in
incorrect predictions regarding a remaining life of the component. As a result,
the component may etther fail too early or may not be worn enough to require
replacement or repair when the machine 1s removed from service for
maintenance. Thus, there 15 a need for accurate measurement of component
dimensions on a machine in a work environment fo allow for improved
component life predictions, which may help reduce a down time assoctated with
repair or replacerment of worn out components,

One attempt o provide accurate measurement of component
dimensions on a machine 15 disclosed in U.S. Patent No. 9,875,535 that was

issued to Finch et al. on January 23, 2018 (“the “535 patent™). In particular, the
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335 patent discloses a wear measurement sysiem that includes an imaging device
configured to obtain two-dimensional images of a component. The wear
measurement system may generate a three-dimensional point cloud representing

the component based on the two-dimensional images, and may select at east two

[ ]

reference points appearing in each of a subset of images selected from the two-

dimensional images. The wear measurement system may determine locations of

the two reference points in the three-dimensional point cloud, and may determine

a distance between the locations. The wear measurerent system may deternune

an amount of wear of the component based on the distance.

10 While the wear measurement system of the “535 patent discloses
deterrmming wear of machine components based on images, the wear
measurement system may not be completely automatic and may require manual
selection {e.g., by an operator) of scale features on an object of a known size
{e.g., atape measure) in several images. Furthermore, the wear measurement

15 system may require manual selection {e.g. by an operator) of reference points in
several images. For example, the operator may manually select center points of
pins that connect adjacent links of an undercarsiage of a machine.

Aulomating the manual approach to selecting the scale features
and the reference points in images is difficult. For example, automatically

20 selecting the scale features on a machine component is very challenging due to
lighting, durt, and customization issues. Even if the scale features could be
automatically selected, measurement error scales linearly with a scale error and
features on the machine component may not be controlled to a millimeater level
during manufactiring.

25 The measurement platform of the present disclosure solves one or

more of the problems set forth above and/or other problems in the art.

Summary

SUImary
In one aspect, the present disclosure is related {o a device that may
include one or more memory devices, and one or more processors, operatively
36 coupled to the one or more memory devices, to receive images associated with a

component. The one or more processors may receive a three-dimensional model
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of the component, and may generate an image point cloud based on the 1roages.
The one or more processors may generate a model point cloud based on the three-
dimensional model of the component, and may perform a first alignment of the
image point cloud and the model point cloud to generate first-aligned point
clouds. The one or more processors may perform a second alignment of the first-
aligned point clouds to generaie second-aligned point clouds, and may generate
three-ditnensional mask regions based on the second-aligned poimnt clouds. The
one or more processors may project the three-dirnensional mask regions on one
or more of the images, and may process the three-dimensional mask regions,
projected on the one or more of the images, to determine reference points in the
images. The one or more processors may determune an amount of wear
associated with the component based on the reference points.

in another aspect, the present disclosure is related {0 a non-
transitory computer-readable medium storing instructions that way include one or
more instructions that, when executed by one or more processors of a device,
cause the one or more processors 1o receive images associated with a component.
The one or more instructions may cause the one or more processors o generate
an image point cloud based on the tmages, and generate a model pomt cloud
based on a three-dimensional model of the component. The one or more
mstructions may cause the one or more processors to perform a first alignment of
the image point cloud and the model point cloud to generate first-aligned point
clouds, and perform a second alignment of the first-aligned point clouds to
generate second-aligned point clouds. The one or more instructions may cause
the one or more processors (o generate mask regions basad on the second-aligned
point clouds, and project the mask regions on one or more of the images. The
one or more mstructions may cause the one or more processors 1o process the
mask regions, projected on the one or more of the images, to determine reference
points in the images, and project the reference points in the image point cloud.
The one or more instructions may cause the one or more processors to determine
locations of at least two of the reference points projected i the image point

cloud, and determine an amount of wear associated with the component based on
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the locations. The one or more instructions may cause the one or more
processors to perform an action based on the amount of wear associated with the
component.

In vet another aspect, the present disclosure 15 related to a method
that may include receiving, by a device, images associated with a component of a
machine, and generating, by the device, an image point cloud based on the
images. The method may include generating, by the device, a model point cloud
based on a three~-dimensional model of the component, and perfornung, by the
device, a first alignment and scaling of the image point cloud and the model point
cloud to generate first-aligned point clouds. The method may include
perfornmung, by the device, a second alignment and scaling of the first-aligned
point clouds to generate second-aligned point clouds, and generating, by the
device, mask regions based on the second-aligned point clouds. The method may
include projecting, by the device, the mask regions on the images, and
processing, by the device, the mask regions, projected on the 1mages. to
deternune reference points in the images. The method may include projecting, by
the device, the reference poinis in the image point ¢loud, and identifying, by the
device, locations of at least two of the reference points projected in the image
point cloud. The method mayv include calculating, by the device, an image
distance between the iocations, and determining, by the device, an amount of

wear associated with the component based on the image distance.

Brief Descripion Of The Drawings

Figs. 1-11 are diagrams of example implementations of a
measurement platform for measuring wear of machine components;

Fig. 12 1s a diagram of an example environment in which systems
and/or methods, described herein, may be implemented;

Fig. 13 1s a diagram of example components of one or more
devices of Fig. 10; and

Fig. 14 15 a flow chart of an example process for avtomatically

determitung wear of machine components based on images.
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Detailed Descriphion

This disclosure relates to a measurement platform that
automatically determines wear of machine components based on images. The
measurement platform has vniversal applicability to anv machine with

5  components that experience weat.

Figs. 1-11 are diagrams of example implementations of a
measurement platform for measuring wear of machine components. As shown in
example implementation 100 of Fig. 1, a machine 110, that includes an
undercarriage 112, may be associated with imaging devices for capturing images

10 of undercarriage 112 and a measurement platform for measuring wear of
undercarmiage 112, In some implementations, undercarriage |12 may be used to
propel machine 110 in a forward or rearward direction. In some
implementations, machine 110 may perform some type of operation associated
with an industry such as construction, muning, forestry, and/or the like. In some

15 implementations, machine 110 may include a loader, a bulldozer, an excavator, a
tractor, a continuous mining machine, a tank, and/or other machines with track-
type traction devices.

In some implementations, undercarriage 112 may be configured to
support machine 110 and may engage the ground, roads, and/or other types of

20 terrain. Undercarriage 112 may include, among other things, a frame 114, a track
116, a sprocket cover 118, an idler wheel 120, one or more upper rollers 122, and
one or more lower rollers 124, In some implementations, undercarriage 112 may
mclude one or more shiders in place of or in addition to upper rollers 122

Sprocket cover 118, idler wheel 120, upper rollers 122, and fower rollers 124

25 may be attached to frame 114 of undercarriage 112, Track 116 may wrap around
sprocket cover 118, idler wheel 120, upper rollers 122, and lower rollers 124 1o
form an endless chain. In some implementations, track 116 may include multiple
individual Hinks 126 connected end-to-end via pins 128,

In some implementations, sprocket cover 118 and idler wheel 120

30 may be located on opposite ends of undercarriage 112, For example, as shown in

Fig. 1, idler wheel 120 may be located adjacent to a front end of frame 114, and
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sprocket cover 118 may be located adjacent to a rear end of frame 114, Sprocket

cover 118 may include one or more projections {or teeth) that engage with track
116 and transfer tractive forces from sprocket cover 118 to track 116. Sprocket

cover 118 may be rotated by a power source of machine 110, such as a gasoline

[ ]

engine, a diesel engine. an eleciric engine, a natural gas engine, a hybrid-powered

engine, and/or the like. In some implementations, the power source may deliver

power ouiput fo a generator, which may 1n turn drive one or more electric motors

coupled to sprocket cover 118, In some implementations, the power source may

deliver power output o a hydraulic motor fluidly coupled to a hydraulic pump

10 and configured to convert a fhad pressurized by the pump inio a torque outpui,
which may be directed to sprocket cover 118,

In some implementations, upper rollers 122 and lower rollers 124
may guide track 116 between sprocket cover 118 and idler wheel 120. For
example, upper rollers 122 may extend upward from frame 114 and engage an

15 inner portion of links 126 10 order fo guide track 116 at an upper track side of
frame 114, Lower rollers 124 may guide track 116 at a lower track side of frame
114, Lower rollers 124 may be suspended from frarme 114, and may nide on and
guide links 126 as track 116 travels around sprocket cover 118 and idler wheel
120.

20 in some implementations, the imaging devices may be configured
{0 capture two-dimensional (2DB) images of maching 110 and/or undercarriage
112, Tn some implementations, the imaging devices may include a single
imaging device that may be located at different positions to allow the imaging
device to take muldtiple two-dimensional images of machine 110 and/or

25 undercarriage 112 from different positions and orientations. In some
implementations, the imaging devices may be located at the different positions to
allow the imaging device to take the multiple two-dimensional images of
machine 110 and/or undercarriage 112 from the different positions and
orientations.

30 As further show in Fig. 1, and by reference number 130, the

measurement platform may receive images of undercarriage 112 from the
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imaging devices. In soroe implernentations, the measurernent platform may store
the 1mages of undercarriage 112 in a memory {e.g., in a database)} associated with
the measurement platform. In some implementations, each image may mclude a
two-dimensional view of undercarriage 112, In some implernentations, images
may include a two-dimensional video of undercarriage 112, including views from
different camera posttions and/or orientations. In some implementations, the
measurement platform may process the images of undercarriage 112 to defermine
wear associated with one or more componenis of undercarriage 112, as described
below.

As shown in example implementation 200 of Fig. 2, and by
reference number 210, the measurement platform may process tmages 130 of
undercarnage 112, with three-dimensional reconstruction technigues, {0 generate
a three-dimenstonal image point cloud. In some implementations, when images
130 include a two-dirnensional video of undercarriage 112, the reasurement
platform may extract two-dimensional roages of undercarrage 112 from the two-
dimensional video.

In some implementations, the two-dimensional images 130 may
correspond to the different positions of the umaging device. In such
implementations, the measurement platform may determine the positions, and
ortentations of the imaging device at each of the positions, in a coordinate
system. The positions and orientations of the imaging device may constitute
poses of the imagimg device, and the measurement platform may deternune the
poses of the imaging device at each of the positions based on a comparison of
relative positions of matching features that appear in each of the two-dimensional
images 130, In some implementations, the measurement platform may determine
the positions of the features in the two-dimensional images 130 using
{riangulation techniques. In some implementations, the measurement platform
may sequeniially refine the positions of the features in the two-dimensional
umages 130 by updating the positions as each two-dimensional 1moage 130 1s
processed.

In some implementations, the measurement platform may select
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matching features i the two~-dimensional images 130. The matching features
may include one or more distinguishable features of an 1maged component. For
example, in the two-dimensional images 130 of undercarriage 112, the matching
features may mnclude pins 128 connecting adjacent inks 126 of track 116,
sprocket cover 118, idler wheel 120, upper rollers 122, lower rollers 124, and/or
the hike. In some implementations, the measurement platform may use feature
matching technigues {o automatically identify and select the maiching {eatures in
each of two-dimensional images 130. For example, the measurement platform
may perform a comparison of a portion of, or an entirety of the two-dimensional
images 130, with images of features stored i a memory associated with the
measurement plattorm, to identify the matching features in each of two-
dimensional images 130, In some implementations, the feature matching
techniques may include automated kevpoint identification {(ID) and matching
across image. The keypoints may be anonymous {(e.g., no mformation is
provided about to which part or wear feature the keypomts correspond), and may
be mathematically unique. The keypoints may be located and matched in
multiple images and subsequently placed in a three-dimensional space during
reconstruction of a three~dimnensional scene.

In some implementations, the measurement platform may generate
the three-dimensional point cloud using triangulation and optimization
fechnigques. For example, the measurement platform may generate the three-
dimensional point cloud based on the poses {e.g., the positions and the
orientations} of the imaging device and the relative positions of the matching
features in the two-dimensional tmages 130,

In some implementations, the measurement plaiform may utilize
matched keypoints in multiple images to solve a multi-layer optimization. The
multi-layer optimization may solve for three-dimensional locations of the
matched keyponts, tocations {e.g., x, v, and 7} of camera centers for each image
taken, rotations of the cameras {e.g., 1x, 1y, 12} of the camera at each camera
location, and a camera model (e g.. focal lengths and lens distortion coefficients),

and/or the like. The measurement platform may utilize this fundamental
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understanding of the three~-dimensional scene to wdentify the wear features in the

images and to triangulate the wear features back into space for measurement.
The recreated points from the three-dimensional reconstruction may be unlabeled
{e.g.. no information is known about to which what parts the keypoints
correspond).

in some implementations, any quantity of the two-dimensional
images 130 at any quantity of the positions, and any quantity of the features may
be used to generate three-dimensional point cloud using the two-dimensional
images 130, In some implementations, locations in the three-dimensional point
cloud may appear as point representations of corresponding features. In some
implementations, the three-dimensional point cloud may not include continuous
edges, but may instead include a cluster of locations representing discrete
reference points in the two-dimensional images 130, As a result, the three-
dimensional point cloud may be an image that includes a cloud of points
representing locations of discrete reference points in the two-dimensional images
130

As further shown in Fig. 2, and by reference number 220, the
measurement platform may process the image point cloud, with a filter, to
generate a filtered image point cloud. In some implementations, the filter may
filter the image point cloud to remove points that are not part of the
undercarriage. Since it is unknown which points correspond {0 which features in
the scene, the measurement platform may filter the image point cloud by utilizing
the fact that images of the undercarriage, on average, may include more three-
dimensional undercarriage points reconstrucied than otherwise. In some
implementations, the measurement platform may utilize a maxed Gauossian-based
filter that fits points {0 a quantity {e.g., n} of distinet statistical distributions. The
measurement platform may store points associated with a densest distribution
given that, on average, these poinis may correspond to undercarriage points since
the points were denved from images of the undercarnage.

As shown in example implementation 300 of Fig. 3, and by

reference number 31¢, the measurement platform may receive a three-
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dimensional model of undercarnage 112, In soroe implerentations, the three-

dimensional model of undercarriage 112 may include a three-dimensional
computer-atded design {CAD) model of undercarriage 112, which may be used to

manufacture undercamage 112.

[ ]

As further shown in Fig. 3, and by reference numbers 320 and
330, the measurement platform may sample points from the three-dimensional
model, and may generale a three-dimensional model pomt cloud based on
sampling the points from the three-dimensional model. In some
implementations, the measurement platform may provide the three-dimensional
10 model i athree-dimensional scene, and may provide synthetic cameras in the
three-dimensional scene. A synthetic camera may mclude a rendering technique
that seeks to replicate characteristics {e.g., distortions, such as out of focus,
aberration, and/or the like) of a real camera or the human eve, rather than
perfectly sharp achromatic pictures produced by compuler graphics. In some
15 implementations, an image array of the synthetic camera may project rays to the
three-dimensional model to generate a point in space without utilizing the
rendering technique. The measurement platform may solve for a camera model
and may undistort the images before performing a keypoint identification (ID)
and matching process. In some implementations, the synthetic cameras may be
20 arranged in posttions, refative to the three-dimensional model, similar to the
imaging devices relative to undercarriage 112, The measurement platform may
project rays from camera arrays of each synthetic camera to the three-
dimensional model. and may create the model point cloud, which iz a
combination of three-dimensional points derived from each synthetic camera
25 location.

As shown in example implementation 400 of Fig. 4, and by
reference number 410, the measurement platform may process the model point
cloud to grossly align and scale the model point cloud and the {iltered image
point cloud. In some implementations, the gross alignment and scaling of the

30 model point cloud and the filtered point cloud may be imperfact since

undercarriage 112 may include worn components that cause track 116 to sag and
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not align with a track provided in the model point cloud. For example, the gross

alignment and scaling of the model point cloud and the filtered point cloud may
provide a particular scale value {e.g., 3.255) with a particular scale error (e.g.,
12%) from a known or ground truth scale value (e g., 3.685).

In some implementations, the measurement platform may utilize a
principal component analysis to grossly align and scale the model point cloud and
the filiered image point cloud. A principal component analysis may mclude a
statistical analysis that uses an orthogonal transformation to convert a set of
observations of possibly correlated variables into a set of values of linearly
uncorrelated variables called principal components. For example, if there are n
observations with p vanables, then a number of distinct principal cornponents is
min (n-1, p). This transformation 15 defined in such a way that a first principal
component has a largest possible vanance (that is, accounts for as much of the
variability in data as possible)}, and each succeeding component in turmn has a
highest variance possible under a constraint that 1t 1s orthogonal 1o the preceding
components. The resulting vectors provide an uncorrelated orthogonal basis set.

As shown in example implermentation 500 of Fig. 5, and by
reference number 510, the measurement platform may process the grossly aligned
and scaled model point cloud and filtered image point cloud (e.g., gross aligned
and scaled point clouds) to fine-tune align and scale the gross aligned and scaled
point clouds. Tn some implementations, the fine-tune alignment and scaling of
the gross aligned and scaled pomt clouds may be performed based on
components of undercarriage 112 that do not wear or wear over a long period of
time {e.g., frame 114, sprocket cover 118, and/or the like). Thus, the fine-tune
alignment and scaling of the gross aligned and scaled point clouds may provide a
much-improved aligniment than the gross alignment and scaling of the model
point cloud and the filiered image point cloud. For example, the fine-tune
alignment and scaling of the gross aligned and scaled point clouds may provide a
particular scale ervor {e.g., 0.01%]) that 1s much less than the particular scale error
{e.g., 12%) associated with the gross alignment and scaling of the model point

cloud and the filtered point cloud. The fine-tune alignment and scaling of the
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gross aligned and scaled point clouds mav also provide a particular scale value
{e.g., 3.683) that is more accurate than the particular scale value (e g, 3.255)
associated with the gross alignment and scaling of the model point cloud and the
filtered point cloud when compared 1o the known scale value (e.g., 3.685).

In some implementations, the measurement platform may utilize
an iterative closest point technigue to fine-tune align and scale the gross aligned
and scaled point clouds. An erative closest point lechnigue may mininize a
difference between two point clouds. In the iterative closest point technique, one
point cloud (i.e., a vertex cloud or a reference cloud) is kept fixed, while the other
point cloud is transformed to best maich the reference. The uerative closest point
technique iteratively revises the transformation {e.g., with a combination of
transiation and rotation} needed to mimimize an error metric, which may be a
distance from a source to the reference cloud, such as a sum of squared
differences between coordinates of matched pairs. The ierative closest point
technique may be used to reconstruct two-dimensional or three-dimensional
surfaces from different scans, may be used to align three-dimensional models
given an initial guess of a rigid body transformation, and/or the hike.

As shown in example implementation 600 of Fig. 6, and by
reference number 610, the measurement platform may process the fine-tune
aligned and scaled model point cloud and filtered image point cloud (e g., fine-
tune aligned and scaled point clouds) to generate three-dimensional mask regions
on the fine~tune aligned and scaled point clouds. In some implernentations, the
three-dimensional mask regions may narrow a search, in the original two-
dimensional images 130, for pins 128 that connect links 126 of track 116 of
undercarriage 112, as described below. In some implementations, the final fine-
tune alignment may provide estimates of wear features {e.g., pins} in three-
dimensional space based solely on three-dimensional model locations after the fit
{(e.g., a first tocation, as shown in Fig. 6). The measurement platform may
generate the three-dimensional mask region based on this first location since a
size and a location in space may be calculated to provide near statistical certainty

that one, and only one, real pin or other wear feature is in the region. The
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measurement platforra roay re~project the region onto the images, may locate real

pins/wear features, and may calculate the real pin location {e.g., a second location
as shown in Fig. 6. The measurement platform may define the three-

dimensional mask regions for the remaining pins 128 in a similar manner.

[ ]

As shown in example implementation 700 of Fig. 7, and by
reference number 710, the measurement platform may project the three-
dimensional mask regions on one or more of the orniginal two-dimensional images
130 of undercarriage 112, In some implementations, the measurement platform
may wilize the fine-tune aligned and scaled point clouds, with the three-

10 dimensional mask regions, to project the three-dimensional mask regions on one
or more of the original two~dimensional images 130 of undercarnage 112.

As shown in example implementation 800 of Fig. 8, and by
reference number 810, the measurement platform may process each of the three-
dimensional mask regions, projecied on an original image, to identify a reference

15 pomnt{eg. acenter of a pin 128} associated with each three-dimensional mask
region. In some implementations, the measurement platform may process gach
three-dimensional mask region, with an edge detection method, to identify edges
in each three-dimensional mask region. In some implementations, the edge
detection method may include a Canny edge detection method. mask regional

20 convolutional neural network {(R-CNN) edge detection method, a fast R-CNN
edge detection method, a faster R-CNN edge detection method, a region-based
fully convolutional networks (R-FCN} edge detection method, and/or the like. In
some implementations, the measurement platform may back project the three-
dimensional masks onto the images to define two-dimensional regions of interest,

25  and may process the two-dirnensional regions to locate reference points via the
{Canny edge detection method, a Hough transform method (e g.. described
below), a R-CINN edge detection method, and/or the like. In some
implerentations, the measurement platform may provide reference point
localization based on standard 1mage processing techniques, machine leamed

36 detectors, and/or the like. In some implementations, the measurement platform

may wtilize the Canny edge detection method to determine edges, and may utilize
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the Hough transform method to determine a best candidate point that 1s a center

of a circle.
The Canny edge detection method may extract useful structural

mformation from different vision objects and dramatically reduce an amount of

[ ]

data to be processed in an image. The Carmy edge detection method may apply a
Gaussian filter to smooth an image in order to remove noise, determine intensity
gradients of the image, apply non~maxirmum suppression 1o remove spurious
response to edge detection, apply a double threshold technigue to deternmune
potential edges, and apply edge iracking by hysteresis to suppress weak edges
10 that are not connected to strong edges.
The fast R-CNN edge detection method may mclude an object
detection deep leaming model based on a R-CNN method that improves on a
detection speed of a R-UNN method. The R-CNN method scans an input image
for possible objects using a selective search method, generates region proposals,
15 applies a CNN to each of the region proposals, and provides the output of each
CNN to a support vector machine (SVM), and to a linear regressor, 1o classify
each region based on the exiracted features. The fast R-CNN method improves
on the detection speed of a R-CNN method by performing feature extraction over
an entire original image before proposing regions, thus applying one CNN to the
20 entire image instead of to a mumber of CNNs over a corresponding number of
overlapping regions. The R-CNN method applies the output of theone CNNio a
single softmax layer that outputs class probahilities, thus extending a neural
network for predictions instead of creating a new model.
The faster R-CNN edge detection method may include an object
25 detection deep learning model that umproves on a fast R-CNN method by
employing a region proposal networks (RPN} instead of a selective search
method to generate region proposals. In the faster R-CNN model, at a last layer
of an mitial CNN, a sliding window moves across a feature map and maps the
feature map to a lower dimension. For each shiding-window location, the RPN
36 generates multiple possible regions based on k fixed-ratio anchor boxes (default

bounding boxes). Each region proposal includes an objectness score for the
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region (representing a likelihood that the region contains an object) and

coordinates representing the bounding box of the region. If the objeciness score
satisfies a threshold, the coordinates are passed forward as a region proposal.

The mask R-CNN edge detection method may include an edge
detection method that extends the faster R-CNN method by adding a process for
predicting an object mask in parallel with an existing process for bounding box
recognition. The added process outpuis a binary mask that indicates whether a
given pixel is part of an object or not part of the object.

The R-FCN adge detection method may include an object
detection deep leaming model that applies position-sensitive score maps to a fully
convolutional network. Each position-senstfive score map represents one relative
position of one object class (e.g., an upper right portion of a particular type of
object). The R-FCN method applies a CWNN to an input image, adds a fully
convoluiional layer (o generate a score bank of position sensiiive score maps, and
applies a RPN to generate regions of interest. The R-FCN method divides each
region of interest into subregions, applies the score bank to determine whether
sach subregion matches a corresponding portion of an object, and classifies the
region of inierest based on, for example, whether matches satisfy a threshold.

In some implementations, the measurement platform may utilize
one or more of the edge detection methods, and may utilize the best results
determined by one of the edge detection methods. In some implementations, the
measurement platforra roay utilize a plurality of the edge detection ruethods, and
may aggregate the results determined by the plurality of edge detection methods.

In some implementations, the measurement platform may process
the edges {e.g., determined by the edge detection method), with a feature
extraction method, to deternune the reference point {e.g., the center of a pin 128)
assoctated with each three-dimensional mask region. In some implementations,
the feature extraction method may include a thresholding method, a connected-
component labeling method, a template matching method, a Hough transform
method, and/or the like.

The thresholding method may include a method of image
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segmentation that employs a non-linear operation 1o convert a gray-scale image

into a binary image where two different fevels are assigned to pixels associated
with a value that 15 below or above a specified threshold value. For example, the
thresholding roethod roay replace each pixel in an image with a black pixel if the
image intensity is less than a threshold value, or with a white pixel if the image
mtensity is greater than the threshold value.

The template matching method may inchide a method for finding
small parts of an image which match a teroplate imnage. The teroplate matching
method employs an object recognition method that creates a small template of an
object desired to be searched for in an image, and performs a pixel-by-pixel
matching of the template with the image by placing the template at everv possible
position of a main image. The template matching method applies a similarity
metric {e.g., normalized cross coirelation) to identify a strongest match.

The Hough transform method may mclude a feature extraction
method that 1solates features of a particular shape within an image. The Hough
transform method identifies imperfect instances of objects within a certain class
of shapes by a voting procedure. The voting procedure is carried outin a
parameter space, from which object candidates are obtained as local maxima in
an accurmulator space that is explicitly constructed by the method for computing
the Hough transform.

In some implementations, the measurement platform may utihize
one or more of the feature extraction methods, and may utilize the best results
deternmined by one of the feature extraction methods. In some implementations,
the measurement platform may utilize a plurality of the feature extraction
methods, and may aggregate the results determined by the plurality of feature
extraction methods.

As shown in example implementation 900 of Fig. 9, and by
reference number 910, the measurement platform may utilize the image point and
the identified reference points (e.g., the pin centers) to project the pin centers 1nto
the image point cloud. In some implementations, the measurement platform may

project lines {e.g., rays) from each of the positions (e.g., the positions of the
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imaging device used to capture the images 130 of undercarriage 112} through

reference points {e.g., the pin centers) in each of the associated two-dimensional
images 130, Thus, for example, the measurement platform may project a first ray

from a first position through a reference point in a two-dimensional image. The

[ ]

measurement platform may similarly project a second ray from a second position
through the reference point in the two-dimensional image 130. The measurement
platform may repeat this process for other two-dimensional images 130,
In some implementations, the measurement platform may
deternune a location of the reference point in the image point cloud based on an
10 intersection of rays and stmilar ravs from other positions corresponding to other
two-dimensional images 130. Because of potential differences i imaging
conditions for the two-dimensional images 130 and inherent errors associated
with imaging objects, the rays from the positions passing through the reference
point may not converge at a single tocation in the three-dimensional 1mage point

15 cloud In such cases, the measurement platform may determine the location of
the reference point in the image point cloud as a position where a measure of
distances between the rays passing through the reference point is less than a
threshold distance. In some implementations, the measurement platform may
repeat these steps for each of the reference points {e.g., the pin centers) to

20 determine the locations of each of the reference points in the image point cloud.

As shown in example implementation 1000 of Fig. 10, and by

reference number 1010, the measurement platform may deternune wear
associated with a component of machine 110 {e.g., track 116, links 126, pins 128,
and/or the like of undercarriage 112) based on actual pin center distances and

25 expected pin center distances. In sorne implementations, the measurement
platform may determine the actual pin center distances based on distances
between the determined locations of the pin centers, as described above. The
measurement platform may deternune an image distance between the locations of
the pin centers {e.g., a distance between locations on the image point cloud). In

36 some implementations, the image distance may be different from an actual

distance between the reference points on an actual undercarriage 112 of machine
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110, To such iroplementations, the measurement platform may determoine a

scaling factor {e.g., the particular scale value of 3 683 described above in
connection with Fig. 5) to convert the image or unscaled distance into an actual
distance that would be observed on undercarriage 112,

In some implementations, the measurement platform may
determine the expected pin center distances based on distances between pin
centers provided in the three-dimensional model of undercarriage 112, In some
implementations, the measurement platform may deternune the wear associated
with a component of machine 110 by comparing the actual pin center distances
and the expected pin center distances. In some implementations, the
measurement plattorm may determine an amount of pin wear as a difference
between the expected pin center distances and the actual pin center distances.

The measurement platform may determine an amount of wear assoctated with
other components of machine 110 in a simalar manner. In some implementations,
mstead of utihizing difference between two values to determine an amount of
wear, the measurement platform may utilize ratios, absolute values, and/or other
mathematical functions or operations on the actual distances and corresponding
expected values to determine the amounts of wear on components of machine
110.

As shown in example implementation 1100 of Fig. 11, and by
reference number 1110, the measurement platform may perform an action based
on the amount of wear associated with the component of machine 110, In some
implementations, the action may mnclude the measurement platform providing, for
display (e.g., to an operator of the measurement platform, to a device associated
with a user of machine 110, and/or the like), information indicating an amount of
wear associated with a component of machine 110. For example, as further
shown in Fig. 11, the measurement platform may provide for display a user
mterface indicating that track 116 of undercarriage 112 has sigmificant wear and a
30% life remaming.

In some implementations, the action may include the measurement

platform automatically ordering a replacement component for the component,
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based on the aroount of wear associated with the component. For example, the

measurement platform may automatically reorder a replacement track 116 for
machine 110. In some implemeniations, the action may include the measurement
platform providing, for display (e.g.. to a user of machine 1190), an offer
associated with a replacement component for the component. For example, as
further shown in Fig. 11, the measurement piatform may provide for display a
user interface indicating an offer for a replacement track 116 (e.g., “Order a
replacement track now and save 25% oftf the original price).

In some implementations, the action may include the measurement
platform providing, for displav {e.g., to a user of machine 110}, an image of the
component with an overlay of a model component provided by the three-
dimensional model. For example, as further shown in Fig. 11, the measurement
platform may provide for display a user mterface that includes an image of actual
track 116 of machine 110 with an overlay of a new track 116 in order to show the
amount of wear of the actual track 116, In some implementations, the action may
include the measurement platform providing, to a user of machine 110, an alert
indicating the amount of wear of irack 116 and possibly indicating dangers
assoctated with utilizing a worm track 116

In some implementations, the action may include the measurement

platform automatically providing, to machine 110, an instruction that causes

machine 110 to autonomously drive itself to a repair facility.

In some implementations, the action may include the measurement
platform causing automatic delivery of the component of machine 110t0 a
iocation of machine 110, For example, the measurement platform may instruct a
robot to load the component on an autonomous vehicle, which can deliver the
component to the location of machine 110. Alternatively, the measurement
platform may instruct a drone to deliver the component to the location of machine
110,

In some implementations, the measurement platform may predict
when the component of machine 110 will fail based on the amount of wear

assoctated with the component of machine 110. In such implementations, the
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measurement platform may deternune a particular time to replace the component
based on when the component is predicted to fail. If the measurement platform
predicts that the failure of the component 1s not for a long time, the measurement
platform may not perform an action. If the measurement platform predicts that
the failure of the component is imminent, the measurement platform may perform
onie or more of the actions described above.

In some implementations, the measurement platform may estimaie
a scale of the image point cloud, and may autoratically locate wear features to
measure. When scaling and fitting two point clouds, the measurement platform
may fix the image point cloud, and then may scale, rotate, and translaie the
model-based point cloud to obtain a best fit. The final amount of scaling applied
to the model-based point cloud to obtain the best fit provides a final scene scale
estimate and, stmularly, a final position of the model-based features with respect
o the image point cloud provides first estimnates of wear feature locations, which
may be leveraged to create masked regions to further drill down and locate haghly
accurate feature locations.

As mndicated above, Figs. 1-11 are provided merely as examples.
Other examples are possible and may differ from what was described with regard
1o Figs. 1-11.

Fig. 12 is a diagram of an example environment 1200 m which
systems and/or methods, described heremn, may be implemented. As shown in
Fig. 12, envirorunent 1200 may include an imaging device 1210, a measurement
platform 1220, and a network 1230, Devices of environment 1200 may
interconnect via wired connections, wireless connections, or a combination of
wired and wireless connections.

Imaging device 1210 includes one or more devices capable of
recetving, generating, storing, processing, and/or providing information, such as
mformation described herein. For example, imaging device 1210 may include a
digital camera, a mobile phone (e.g., a smart phone, a radiotelephone, eic.}, a
laptop computer, a tablet computer, a handheld computer, a wearable

communicaiion device (e.g., a smart wristwaich, a pair of smart eveglasses, eic)),
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or a similar type of device. In some implementations, imaging device 1210 may
receive information from and/or transmit information to measurement platform
1220

In some wmplementations, imaging device 1210 may be attached to
a movable frame, which may permit imaging device 1210 to be moved
horizontally and/or vertically around machine 110 to different posttions. The
movable frame may permit tmaging device 1210 to be rotated so that imaging
device 1210 may be located at different distances and orientations relative to
machine 110. In some implementations, imaging device 1210 may be operated
by an operalor capable of moving to different positions relative to machine 110.
The operator mav acquire multiple two-dimensional images of machine 110
and/or undercarriage 112 from different distances and from different orientations.

Measurement platform 1220 includes one or more devices that
automatically determine wear of machine components (e.g., of machine 110)
based on images received from imaging device 1210, In some implementations,
measurement platform 1220 may be designad to be modular such that certain
software components may be swapped i or oul depending on a particular need.
As such, measurement platform 1220 may be easily and/or quackly reconfigured
for different uses. In some implementations, measuwrement platform 1220 may
recetve information from and/or transmit information {o one or more imaging
devices 1210,

In some implementations, as shown, measurement platform 1220
may be hosted in a cloud computing environment 1222, Notably, while
implementations described herein describe measurement platform 1220 as being
hosted 1 cloud compuiing environment 1222, in some implementations,
measurement platform 1220 may not be cloud-based (i.e., may be implemented
ouiside of a cloud computing environment) or may be partially cloud-based.

Cloud computing environment 1222 includes an environment that
hosts measurement platform 1220, Cloud computing environment 1222 may
provide compuiation, software, data access, storage, etc. services that do not

require end-user knowledge of a physical location and configuration of system(s)
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and/or device(s) that hosts measurement platform 1220, As shown, cloud

computing environment 1222 may include a group of computing resources 1224
(referred 1o collectively as “computing resources 12247 and individually as

“computing resource 12247},

[ ]

Computing resource 1224 includes one or more personal
compuiers, worksiation computers, server devices, or other types of computation
and/or communicalion devices. In some implementations, compuling resource
1224 may host measurement platform 1220, The cloud resources may include
compute instances executing in computing resource 1224, storage devices
10 provided in computing resource 1224, data transfer devices provided by
computing resource 1224, ete. In some imoplementations, corputing resource
1224 may communicate with other computing resources 1224 via wired
connections, wireless connections, or a combination of wired and wireless
connechions.

15 As further shown in Fig. 12, computing resource 1224 includes a
group of cloud resources, such as one or more applications ("APPg™ 1224-1, one
or more virtual machines ("VMs™) 1224-2, virtualized storage (“VSs™) 1224-3,
one or more hypervisors ("HYPs™) 1224-4, and/or the hike.

Application 1224-1 includes one or more software applications

20 that may be provided to or accessed by imaging device 1210, Application 1224-1
may eliminate a need to install and execute the software apphications on imaging
device 1210. For example, apphication 1224-1 may include software associated
with measurement platform 1220 and/or any other software capable of being
provided via cloud computing environment 1222 In some implementiations, one

25 application 1224-1 may send/receive information to/from one or more other
applications 1224-1, via virtual machine 1224-2.

Virtual machine 1224-2 includes a software implementation of a
machine (e.g., a compuler) that executes programs like a physical machine,
Virtual machine 1224-2 may be either a system virtual machine or a process

30 virtual machine, depending upon use and degree of correspondence to any real

machine by virtual machine 1224-2. A system virtual machine may provide a
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complete svstem platform that supports execution of a complete operating svstern
(“O8™). A process virtual machine may execute a single program, and may
support a single process. In some implemeniations, virtual machine 1224-2 may
execute on behalf of g user {e.g., a user of imaging device 1210 or an operator of
measurement platform 1220), and may manage infrastructure of cloud computing
environment 1222, such as data management, synchronization, or long-duration
data transfers.

Virtualized storage 1224-3 includes one or more storage systems
and/or one or more devices that use virtualization techniques within the storage
systerns or devices of computing resource 1224, In some imiplementations,
within the coutext of a storage system, types of virtualizations may include block
virtualization and file virtualization. Block virtualization may refer to abstraction
{or separation} of logical siorage from physical storage so that the storage system
may be accessed without regard to physical slorage or heterogeneous structure,
The separation may permit administrators of the storage system flexibility in how
the administrators manage storage for end users. File virtualization may
eliminate dependencies between data accessed at a file level and a tocation where
files are physically stored. This may enable optimization of storage use, server
consolidation, and/or performance of non-disruptive file migrations.

Hypervisor 1224-4 may provide hardware virtualization
fechnigues that allow multiple operating systems {(e.g., "guest operating systems"}
to execute concurrently on a host computer, such as computing resource 1224,
Hypervisor 1224-4 may present a virtual operating platform to the guest
operating systems, and may manage the execution of the guest operating systems.
Multiple instances of a variety of operating systems may share virfuahized
hardware resources.

Network 1230 inchades one or more wired and/or wireless
networks. For example, network 1230 may include a cellular network (e.g.. a
fifth generation (5G) network, a long-term evolution (LTE) network, a third
generation {3(3) network, a code division multiple access (CDMA) network, eic),

a public land mobile network {PLMN), a local area network (L AN}, a wide area
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network {WAN), a metropolitan area network (MAN), a telephone network {e.g.,

the Public Switched Telephone Network (PSTN)). a private network, an ad hoc
network, an intranet, the Intemet, a fiber optic-based network, and/or the like,

and/or a combination of these or other types of networks.

[ ]

The number and arrangement of devices and networks shown in
Fig. 12 are provided as an example. In practice, there may be additional devices
and/or networks, fewer devices and/or networks, different devices and/or
networks, or differently arranged devices and/or networks than those shown in
Fig. 12. Furthermore, two or more devices shown in Fig. 12 may be
10 implemented within a single device, or a single device shown in Fig. 12 may be
implemented as muitiple, distributed devices. Additionally, or alternatively, a set
of devices (e.g., one or more devices) of environment 1200 may perform one or
more funciions described as being performed by another set of devices of
environment 1200,
15 Fig 13 1s a diagram of example components of a device 1300,
Device 1300 may correspond to imaging device 1210, measurement platform
1220, and/or computing resource 1224, In some implementations, imaging
device 1210, measurement platform 1220, and/or cornputing resource 1224 may
mclude one or more devices 1300 and/or one or more components of device
20 1300. As shown in Fig. 13, device 1300 may include a bus 1310, a processor
1320, a memory 1330, a storage component 1340, an input cormponent 1350, an
output component 1360, and a coromunication interface 1370,
Bus 1310 includes a component that permits communication
among the components of device 1300, Processor 1320 is implemented in
25 hardware, firmware, or a combination of hardware and software. Processor 1320
1s a central processing unit (CPU), a graphics processing unit {GPU), an
accelerated processing unit {APU), a microprocessor, a microcontroller, a digital
signal processor {BSP), a field-programmable gate array (FPGA), an application-
spectfic integrated circuit (ASIC), or another type of processing component. In
36 some implementations, processor 1320 includes one or more processors capable

of being programmed to perform a funciion. Memory 1330 includes a random
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access memory (RAM), a read only memory (ROM), and/or another type of

dvnamic or static storage device {e.g., a flash memory, a magnetic memory,
and/or an optical memory) that stores information and/or instructions for use by

processor 1320

[ ]

Storage component 1340 stores information and/or software
related to the operation and use of device 1300. For example, storage component
1340 may include a hard disk {e.g., a magnetic disk, an optical disk, a magneto-
optic disk, and/or a solid state disk), a compact disc (CD), a digital versatile disc
(DY), a floppy disk, a cariridge, a2 magnetic tape, and/or another type of non-
10 transitory computer-readable medium, along with a corresponding drive.

Input component 1350 mcludes a component that pernuts device
1300 to receive information, such as via user input {e.g., a touch screen display, a
kevboard, a keypad, a mouse, a button, a switch, and/or a microphone).
Additionally, or alternatively, input component 1350 may include a sensor for
15 sensing information (e.g., a global positioning system {GPS) coraponent, an
accelerometer, a gyroscope, and/or an actuator). Output component 1360
includes a component that provides output information from device 1300 {e.g.. a
display, a speaker, and/or one or more Hight-emitiing diodes (LEDs)).
Communication interface 1370 includes a fransceiver-like
20 component {e.g., a transceiver and/or a separate receiver and transmutter) that
enables device 1300 o commnunicate with other devices, such as via a wired
connection, a wireless connection, or a combination of wired and wireless
connections. Communication inferface 1370 may permit devigce 1300 to receive
information from another device and/or provide information to another device.
25  For example, communication interface 1370 may inclode an Ethernet inter{ace,
an optical interface, a coaxial interface, an infrared interface, a radio frequency
{RF) interface, a universal serial bus (USB} interface, a Wi-Fi interface, a cellular
network interface, and/or the ke,
Device 1300 may perform one or more processes described herein.
36 Device 1300 may perform these processes based on processor 1320 executing

software instructions stored by a non-transitory computer-readable mediom, such
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as mernory 1330 and/or storage component 1340, A computer-readable medium

15 defined herein as a non-iransitory memory device. A memory device includes
memory space within a single physical storage device or memory space spread

across multiple physical storage devices.

[ ]

Software instructions may be read into memory 1330 and/or
storage component 1340 from another computer-readable medium or from
another device via commumication interface 1370, When execuied, software
mstructions stored in memory 1330 and/or storage component 1340 may cause
processor 1320 to perform one or more processes described herein. Additionally,
10 oralternatively, hardwired circutiry may be used in place of or in combination

with software instructions to perform one or more processes described herein.
Thus, implementations described herein are not limited to anv specific
combination of hardware circuitry and sofiware.

The number and arrangement of components shown in Fig. 13 are

15 provided as an example. In practice, device 1300 may include additional
components, fewer components, different components, or differently arranged
components than those shown in Fig. 3. Additionally, or alternatively, a set of
components (e.g., one or more components) of device 1300 may perform one or
more functions described as being performed by another set of components of

20 device 1300,

Fig. 1415 a flow chart of an example process 1400 for
automatically determiming wear of machine components based on images. In
some implementations, one or more process blocks of Fig. 14 may be performed
by a measurement platform (e.g., measurement platform 1220). In some

25 implemeniations, one or more process blocks of Fig. 14 may be performed by
another device or a group of devices separate from or including measurement
platform 1220, such as imaging device 1210,

As shown in Fig. 14, process 1400 may inchude recetving irnages
associated with a component and a three-dimensional (3D) model of the

36 component (block 1410}, For example, the measurement platform {(e.g., using

computing resource 1224, processor 1320, communication interface 1370, and/or
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the like) may receive images associated with a component and a three-
dimensional (3D) model of the component, as described above in connection with
Figs. 1-11.

As further shown in Fig. 14, process 1400 may include generating
an image point cloud based on the images (block 1420}, For example, the
measurement platform (e.g., using computing resource 1224, processor 1320,
storage component 1340, and/or the like) may generate an image point cloud
based on the images, as described above in connection with Figs. 1-11.

As further shown in Fig. 14, process 1400 may include generating
a model point cloud based on the 3D model (block 1430}, For example, the
measurement platform (e.g., using computing resource 1224, processor 1320,
memory 1330, and/or the like} may generate a model point cloud based on the 3D
model, as described above in connection with Figs. 1-11.

As further shown in Fig. 14, process 1400 may include performing
a first alignment of the image point cloud and the model point cloud to generate
first-aligned point clouds (block 1440). For example, the measurement platform
{(e.g., using computing resource 1224, processor 1320, memory 1330, and/or the
like) may perform a first alignment of the image point cloud and the model point
cloud to generate first-aligned point clouds, as described above in connection
with Figs. 1-11.

As further shown in Fig. 14, process 1400 may include performing
a second alignment of the first-aligned point clouds to generate second-aligned
point clouds {block 1450). For example, the measurement platform (e.g., using
computing resource 1224, processor 1320, storage component 1340, and/or the
like) may perform a second alignrment of the first-aligned point clouds to generaie
second-aligned point clouds, as describad above in connection with Figs. 1-11.

As further shown in Fig. 14, process 1400 may include generating
3D mask regions based on the second-aligned point clouds, and projecting the 3D
mask regions on one or more of the images (block 1460). For exarople, the
measurement platform (e g.. using computing resource 1224, processor 1320,

memory 1330, communication interface 1370, and/or the like) may generate 3D
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mask regions based on the second-aligned point clouds, and may project the 33
mask regions on one or more of the images, as described above in connection
with Figs. 1-11.

As further shown in Fig. 14, process 1400 may include processing

[ ]

the 3D mask regions, projected on the one or more of the images, to determine

reference points in the images (block 1470). For example, the measurement

platform {e.g., using computing resource 1224, processor 1320, storage
component 1340, and/or the like) may process the 3D mask regions, projected on
the one or more of the images, to determine reference points in the images, as

10 described above in connection with Figs. 1-11

As further shown in Fig. 14, process 1400 may include
determining an amount of wear associated with the component based on the
reference points (block 14803, For example, the measwrement platform {e.g.,
using computing resource 1224, processor 1320, memory 1330, and/or the like)

15 may determine an amount of wear associated with the component based on the
reference points, as described above in connection with Figs. 1-11.

Process 1400 may include additional implementations, such as any
single implementation or any combination of implementations described below
and/or described with regard to any other process described herein.

20 in some implementations, the measurement platform may perform
an action based on the amount of wear associated with the component. In some
implementations, the measurement platform may process the image point cloud.
with a filter, to generate a filtered 1image point cloud, and may perform the first
alignment of the filtered image point cloud and the model point cloud to generate

25 the first-aligned point clouds. In some implersentations, the measurement
platform may sample points from the three-dimensional model of the component,
and may generate the model point cloud based on sampling the points from three-
dimensional model of the component.

In some implementations, the measurement platform mayv process

36 the first-aligned point clouds, with an iterative closest point method, to generate

the second-alignad point clouds. In some implementations, the measurement
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platform may process the three-dimensional mask regions projected on the one or
more of the plurality of images. with an edge detection method and a Hough
transform method, to determine the reference points in the plurality of tmages. In
some implementations, the measurement platform may project the reference
points in the image point cloud, may deternmine iocations of at least two of the
reference points projected in the image point cloud, may determine an image
distance between the locations, and may determine the amount of wear associated
with the component based on the image distance.

In some implementations, the measurement platform may perform
an action that includes one or more of providing, for display, information
mdicating the amount of wear associated with the component, automatically
ordering a replacement component for the component, providing, for display, an
offer associated with the replacement component, and/or providing, for display,
an image of the component with an overlay of a model component provided by
the three-dimensional model. In some implementations, the measurement
platform may process the image point cloud, with a Gaussian filter, to generate a
filtered 1mage point cloud, and may perform the first alignment of the {iltered
image point cloud and the model point cloud to generale the first-aligned point
clouds. In some implementations, the measurement platform may sarmple points
from the three-dimensional model of the component with synthetic cameras, and
may generate the model point cloud based on sampling the points from three-
dimensional model of the component with the synthetic cameras.

In some implementations, the measurement platform may process
the first-aligned point clouds, with an iterative closest point method and based on
a non-wear component associated with the component, (o generate the second-
aligned point clouds. In some implementations, the measurement platform may
process the plurality of mask regions projected on the plurality of images, with an
edge detection method, (o identify edges in the plurality of mask regions, and
may process the edges, with a Hough transforma raethod, to deternune the
reference points in the plurality of images. In some implementations, the

measurement platform may determine an image distance between the locations,
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and may determine the amount of wear associated with the coroponent based on

the image distance. In some implementations, the component may include a
track of an undercarriage of the machine.

Although Fig. 14 shows example blocks of process 1400, in soroe

[ ]

implementations, process 1400 may include additional blocks, fewer blocks,
different blocks, or differently arranged blocks than those depicted in Fig. 14
Additionally, or alternatively, two or more of the blocks of process 1400 may be

performed in parallel.

Industnial Applicability

10 Wear measurement platform 1220 may be used to perform
measurement of components on a wide variety of machines. In some
implementations, wear measurement platform 1220 may be used to obtain two-
dimensional images of an entire machine or of a particular component of the
machine, and to obtain dimensional measurements using the two-dimensional

15 images withoul removing the machine from service. The measured dimnensions
may be compared to specified dimensions to determine amounts of wear on one
or more components included in the two-dimensional images.

in this way, several different stages of the process for determining
wear of machine components based on images are automaied, which may remove

20 human subjectivity and waste from the process, and which may improve speed
and efficiency of the process and conserve compuiing resources (e.g., processing
resources, memory resources, and/or the like). Furthermore, implementations
described herein use a nigorous, computerized process to perform tasks or roles

that were not previously performed or were previously performed using

=2
N

subjective human mtuition or inpul. For example, current systems requare
manual selection of scale features on an object of a known size 1n several 1mages,
and require manual selection of reference points in several images. Finally,
automating the process for determining wear of machine components based on
images conserves computing resources {€.2., processing resources, memory

30 resources, and/or the like) that would otherwise be wasted in attempting to

determine wear of machine components based on images.
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As used herein, the articles “a” and “an” are intended to include

one or more ttems, and may be used interchangeably with “one or mora.” Also,
as used herein, the terms “has.” “have,” “having,” or the like are intended 1o be

open-~ended terms. Further, the phrase “based on” 15 intended to mean “based, at

[ ]

least in part, on.”

The foregoing disclosure provides illustration and description, but
is not inlended to be exhaustive or to Hmit the implementations to the precise
form disclosed. Modifications and variations are possible in light of the above
disclosure or may be acquired from practice of the implementations. It is
10 intended that the specification be considered as an example only, with a true

scope of the disclosure being indicated by the following claims and their
equivalents. Even though particular combinations of features are recited in the
claims and/or disclosed in the specification, these combinations are not intended
{0 Himit the disclosure of possible implementations. Although each dependent
15 clairo listed below may directly depend on only one claim, the disclosure of
possible implementations includes each dependent claim in combination with

every other claim in the claim set.
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Claims
1. A device (220} comprising;

one of more processors (320} to:
receive a plurality of images {130} associaied with a component
5 (112);
eceive a three-dimensional model of the component (112);
generate an image point cloud based on the plurality of images
(130);
generate a model point cloud based on the three-dimensional
10 model of the component {112},
perform a first alignment of the 1mage point cloud and the model
point cloud to generate first-aligned point clouds;
perform a second alignment of the first-alignad point clouds to
generate second-aligned point clouds;
15 generate three-dimensional mask regions based on the second-
aligned point clouds;
project the three-dimensional mask regions on the plurality of
images (130);
process the three-dimensional mask regions, projected on the
20 plurality of images (130}, 1o determine reference points in the plurality of images
(130} and
determine an amount of wear associated with the component (112)

based on the reference points.

25 2. The device (220) of claim 1, wherein the one or more
processors (320) are further to;
perform an action based on the amount of wear associated with the
component (112},
30 3. The device {220} of claim 1, wherein the one or more

processors {320} are further to:
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process the image point cloud, with a filter, to generate a filtered

image point cloud, and
wherein the one or more processors {320), when performing the

first alignment, are {o:

5 perform the first alignment of the filtered image point cloud and
the model point cloud to generate the first-aligned point clouds.
4. The device (220} of claim 1, wherein the one or more
processors {320}, when generating the model point cloud, are to:
10 sample points from the three-dimensional model of the component
(112); and
generate the model point cloud based on sampling the points from
three-dimensional model of the component (112}
15 5. The device (220} of claim 1, wherein the one or more
processors {320}, when performing the second alignment, are fo:
process the first-aligned point clouds, with an iterative closest
point method, 1o generate the second-aligned point clouds.
20 6. The device (220) of claim 1, wherein the one or more

processors {320}, when processing the three-dimensional mask regions projected
on the plurality of imnages {130}, are to:

process the three-dimensional mask regions projected on the
plurality of images (130}, with an edge detection method and a Hough transform

25 method, to determine the reference points in the plurality of images (130).

7. The device (220) of claim 1, wherein the one or more
processors (320} are further to:
project the reference points in the image pomnt cloud;
30 deternmine locations of at least two of the reference points

projected in the image point cloud; and
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determine an image distance between the locations, and

wherein the one or more processors, when determining the amount
of wear associated with the component (112}, are to:

determine the amount of wear associated with the component

5 {112) based on the image distance.
8. A method comprising:
receiving, by a device (220), a plurality of images (130) associated
with a component (112) of a machine;
10 generating, by the device (220}, an image point cloud based on the

plurality of images (130);
generating, by the device {220}, a model point cloud basedon a
three-dimensional model of the component {112};
perforning, by the device (220), a first alignment and scaling of
15 theimage point cloud and the model point cloud to generate first-aligned point
clouds;
performing, by the device (220}, a second alignment and scaling
of the first-aligned point clouds to generate second-aligned point clouds;
generating, by the device {220}, mask regions based on the
20 second-aligned point clouds;
projecting, by the device {220}, the mask regions on the plurality
of images (130);
processing, by the device (220}, the mask regions, projected on the
plurality of images (130}, to determine reference poinis in the plurality of images
25 (130}
projecting, by the device {220), the reference points in the image
point cloud;
wdentifying, by the device (220}, locations of at teast two of the
reference points projected in the image point cloud;
30 calculating, by the device {220}, an image distance between the

iocations; and
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determining, by the device (220). an amount of wear associated

with the component (112} based on the image distance.

9. The method of claim 8, further comprising:

[ ]

performing an action based on the amount of wear associated with

the component (112}

10.  The method of claim 8, further comprising:
processing the image point cloud, with a filter, to generate a
10 filtered image point cloud, and
wherein perforring the first alignment and scaling comprises:
performing the first alignment and scaling of the filtered image

point cloud and the model point cloud to generate the first-aligned point clouds.

15 i1, The method of clairn 8, wherein generating the model
point cloud comprises:
sampling points from the three-dimensional model of the
component (112} with synthetic cameras; and
generating the model point cloud based on sampling the points
20 {from three-dimensional model of the component (112} with the synthetic

cameras.

12, The method of claim &, wherein the component (112}

inchudes a track of an undercarriage of the machine.

13, The method of claim 8, wherein perfornung the second
alignment and scaling comprises:

processing the first-aligned point clouds, with an iteralive closest
point method and based on a non~wear component (112) associated with the

30 component {112), to generate the second-aligned point clouds.
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