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EQUIPMENT DAMAGE PREDICTION SYSTEM  

FIELD 

[0001]    The subject matter described herein relates to image analysis systems that use one or 

more neural networks. 

BACKGROUND  

[0002]    Equipment can become worn over time and, eventually, fail.  For example, blades in 

turbines may develop spalls or cracks over time, which can lead to catastrophic failure of the 

turbines and/or significant downtime of the turbines if the damage is not discovered sufficiently 

early to avoid significant repair or replacement of parts in the turbines.  Some known systems 

and methods can visually inspect the components of equipment in order to identify damage to the 

equipment. 

[0003]    But, these systems and methods have certain faults.  As one example, the 

characterization of the damage appearing in images or video of the equipment can be highly 

subjective and prone to error.  As another example, determination of the severity and/or likely 

spread of the damage can require a significant amount of information on the materials in the 

equipment, the environmental conditions to which the materials were exposed, the operating 

conditions in which the equipment operated, etc., may need to be known to accurately identify, 

characterize, and/or predict upcoming growth of the damage.  This information may not be 

available for the automated analysis and/or prediction of upcoming growth or changes in damage 

to the equipment. 

BRIEF DESCRIPTION  

[0004]    In one embodiment, a GAN system includes a generator sub-network configured to 

examine one or more images of actual damage to equipment.  The generator sub-network also is 

configured to create one or more images of potential damage based on the one or more images of 

actual damage that were examined.  The GAN system also includes a discriminator sub-network 

configured to examine the one or more images of potential damage to determine whether the one 

or more images of potential damage represent progression of the actual damage to the 

equipment. 
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[0005]    In one embodiment, a method includes examining one or more images of actual damage 

to equipment using a generator sub-network of a GAN, creating one or more images of potential 

damage using the generator sub-network based on the one or more images of actual damage that 

were examined, and determining whether the one or more images of potential damage represent 

progression of the actual damage to the equipment by examining the one or more images of 

potential damage using a discriminator sub-network of the GAN. 

[0006]    In one embodiment, a GAN system includes a generator sub-network configured to be 

trained using one or more images of actual damage to equipment.  The generator sub-network 

also is configured to create one or more images of potential damage based on the one or more 

images of actual damage that were examined.  The GAN system also includes a discriminator 

sub-network configured to examine the one or more images of potential damage to determine 

whether the one or more images of potential damage represent progression of the actual damage 

to the equipment. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0007]    The present inventive subject matter will be better understood from reading the 

following description of non-limiting embodiments, with reference to the attached drawings, 

wherein below: 

[0008]    Figure 1 illustrates one embodiment of an equipment damage prediction system; 

[0009]    Figure 2 illustrates a flowchart of one embodiment of a method for predicting 

progression of damage in equipment based on images; 

[0010]    Figure 3 illustrates a generator sub-network of a generative adversarial network (GAN) 

system shown in Figure 1 creating a batch of images of potential damage to equipment; and 

[0011]    Figure 4 illustrates one example of a repair system that uses predicted damage 

progression as determined by a GAN system.   

DETAILED DESCRIPTION  

[0012]    One or more embodiments of the inventive subject matter described herein provide 

systems and methods that predict the growth or progression of damage to equipment.  The 

systems and methods can predict the progression of damage to the equipment based on or using 

one or more images of actual damage to the same or other equipment, as well as one or more 
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images generated by a neural network based on the image(s) of actual damage.  For example, a 

deep generative adversarial network (GAN) system can use a large image dataset without 

annotation (e.g., labeling of what each pixel in the images represents) to generate high-quality 

images.  The GAN system can be conditioned using images representative of the current stage or 

state of the equipment (e.g., a turbine engine blade) and be trained with images including 

possible developed defects to the equipment.  A generator sub-network of the GAN system can 

create the images of possible or potential growth of the damage based on the image(s) of actual 

damage.  The created images can be provided to a discriminator sub-network of the GAN 

system.  The discriminator sub-network determines a loss function, error, and/or confidence 

value indicative of whether the image created by the generator sub-network is or likely is actual 

damage to the equipment.  If the loss function, error, and/or confidence value indicate that the 

image created by the generator sub-network is similar to the image of actual damage to the 

equipment (e.g., the loss function or error is lower than a lower designated threshold, or the 

confidence value is at least as great as an upper designated threshold), then the created image can 

be used to characterize how damage to equipment changes over time. 

[0013]    Different created images can represent potential progression or worsening of damage to 

the equipment.  For example, different created images can be associated with different degrees or 

stages of damage progression.  Subsequent images of the same or different equipment can be 

compared to the created image(s).  If the damage appearing in the subsequent images is similar 

to the potential damage appearing in the created image(s), then a determination may be made as 

to how quickly the damage to the equipment is progressing.  This determination can be used to 

determine whether to modify a maintenance schedule of the equipment and, optionally, to 

automatically implement or perform repair or replacement of the equipment by an automated 

system (e.g., an automated robotic or other powered system). 

[0014]    The GAN system described above includes two sub-networks, namely the generator 

sub-network and the discriminator sub-network.  These sub-networks interact in a setting of a 

two-player minimax game.  During training, the generator sub-network attempts to learn how to 

produce real-looking image samples (e.g., created images) based on training images (e.g., images 

of actual damage) provided to the generator sub-network.  The discriminator sub-network 

attempts to learn how to distinguish the produced image samples from the genuine (e.g., training) 

image samples, which are original and not produced by the generator sub-network.  These sub-
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networks can eventually converge to an equilibrium point where the generator sub-network 

produces image samples which are indistinguishable (from the perspective of the discriminator 

sub-network) from the genuine image samples.   

[0015]    At least one technical effect of the systems and methods described herein includes the 

prediction of how damage to equipment will progress or worsen.  This prediction can be used to 

determine whether and/or when to repair the equipment and, in one embodiment, can be used to 

automatically repair the equipment from a damaged state to a repaired state. 

[0016]    Figure 1 illustrates one embodiment of an equipment damage prediction system 100.  

Figure 2 illustrates a flowchart of one embodiment of a method 200 for predicting equipment 

damage progression.  The flowchart of the method 200 can represent operations performed by 

the system 100 shown in Figure 1, such as functions performed by one or more processors (e.g., 

one or more microprocessors, field programmable gate arrays, and/or integrated circuits) under 

the direction of software, to determine or predict optical flow from images.  Optionally, the 

flowchart of the method 200 can represent an algorithm used to create (e.g., write) such software. 

[0017]    The system 100 includes neural networks 102, 104 and, in one embodiment, represents 

a GAN system.  The neural networks 102, 104 are artificial neural networks formed from one or 

more processors (e.g., microprocessors, integrated circuits, field programmable gate arrays, or 

the like).  The neural networks 102, 104 are divided into two or more layers 106, such as input 

layers that receive images, output layers that output an image or loss function (e.g., error, as 

described below), and one or more intermediate layers.  The layers 106 of the neural networks 

102, 104 represent different groups or sets of artificial neurons, which can represent different 

functions performed by the processors on the images to predict how damage to equipment will 

progress over time.  The neural network 102 represents a generator sub-network of a GAN, and 

the neural network 104 represents a discriminator sub-network of the GAN in one embodiment.   

[0018]    In operation, at 202 in the flowchart of the method 200 shown in Figure 2, the generator 

sub-network 102 receives images 108 of actual damage 112 to equipment.  The equipment (or a 

component of equipment) can include a surface of a turbine, such as a surface of a turbine blade, 

nozzle, or the like.  Optionally, the equipment can include other components, such as the surface 

of a road or sidewalk, a surface of a vehicle, or the like, that may be damaged over time.  The 

damage 112 can represent spalling, cracks, rust, pitting, or the like, in the equipment.  The 
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images 108 of actual damage 112 can be obtained by one or more cameras generating the images 

108 based on equipment that already has the actual damage 112. 

[0019]    The image(s) 108 can be obtained by the generator sub-network 102 by a camera 

communicating the image(s) 108 to the generator sub-network 102 via one or more wired and/or 

wireless connections.  Optionally, the image(s) 108 can be stored in a tangible and non-transitory 

computer readable memory, such as a computer hard drive, optical disk, or the like, and be 

accessible by the generator sub-network 102 via one or more wired and/or wireless connections.   

[0020]    At 204 in the method 200, the generator sub-network 102 is trained using the image(s) 

108 of actual damage 112.  The processors of the generator sub-network 102 can examine 

characteristics of pixels 114 in the image(s) 108 of actual damage 112.  These characteristics can 

include locations of the pixels 114 in the image(s) 108, intensities of the pixels 114, colors of the 

pixels 114, etc.  The generator sub-network 102 can determine statistical distributions (e.g., 

Gaussian distributions) of the pixel characteristics.  Different distributions can be determined for 

different pixels or locations in the image(s) 108.  The generator sub-network 102 can examine 

the statistical distributions and determine probabilities of each pixel 114 having various 

characteristics.   

[0021]    At 206, one or more images 110 of potential damage 116 to the equipment are 

generated by the generator sub-network 102.  The generator sub-network 102 can generate the 

created image(s) 110 based on the distributions and probabilities of pixel characteristics that 

were determined at 204.  The generator sub-network 102 creates one or more distribution-based 

images 110 that are predictions of what other damage 116 to the equipment could look like based 

on the characteristics of the pixels 114 in the image(s) 108 of actual damage 112 to the 

equipment.  The generator sub-network 102 can create multiple created images 110 of different 

types of potential damage 116 that could occur to the equipment based on the input image(s) 108 

of actual damage 112. 

[0022]    Figure 3 illustrates the generator sub-network 102 of the system 100 shown in Figure 1 

creating a batch 306 of images 300, 302, 304 of potential damage 116, 308, 310 to the 

equipment.  The generator sub-network 102 can create multiple distribution-based images 300, 

302, 304 based on the characteristics of the images 108 of actual damage 112 that were obtained 

by or otherwise provided to the generator sub-network 102.  As shown in Figure 3, some of the 
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created images 300, 302, 304 are more likely to represent progression of the damage 112 to the 

equipment than other created images 300, 302, 304.   

[0023]    For example, the predicted damage 116 appearing in the created image 300 shows 

growth of the actual damage 112 so that a convex portion of the actual damage 112 is filled with 

the predicted damage 116.  This may be a likely progression of the actual damage 112.  As 

another example, the predicted damage 310 appearing in the created image 304 shows growth of 

the actual damage 112 along all or substantially all (e.g., at least 75%) of the outer perimeter of 

the actual damage 112.  This also may be a likely progression of the actual damage 112.  But, the 

predicted the predicted damage 308 appearing in the created image 302 shows growth of the 

actual damage 112 along a singular, narrow extension.  This also may not be a likely progression 

of the actual damage 112.   

[0024]    At 208 in the method 200 shown in Figure 2, the created image(s) 110, 300, 302, 304 

are examined by the discriminator sub-network 104 of the GAN system 100.  In one 

embodiment, the discriminator sub-network 104 determines loss functions or errors for the 

created images 110, 300, 302, 304.  The loss functions or errors can represent a confidence that 

the potential damage 116, 308, 310 appearing in the created images 110, 300, 302, 304 is likely 

to occur or develop from the damage 112 shown in the image 108.  For example, large loss 

functions or errors can indicate that the potential damage 116, 308, 310 is less likely to develop 

from the damage 112 than smaller loss functions or errors. 

[0025]    The discriminator sub-network 104 can determine the loss function, error, and/or 

confidence value by examining characteristics of the pixels 114 in the created images 110, 300, 

302, 304.  For example, the discriminator sub-network 104 can determine that the characteristic 

of a first pixel 114 in a created image 110, 300, 302, 304 is more similar to the distribution of 

pixel characteristics associated with actual images 108 of damage 112 than a different, second 

pixel 114 in the created image 110, 300, 302, 304.  The first pixel 114 can be associated (by the 

discriminator sub-network 104) with a greater confidence value (or smaller loss function or 

error) than the second pixel 114.  The confidence values, loss functions, and/or errors can be 

determined for many or all pixels 114 in a created image 110, 300, 302, 304.  Created images 

110, 300, 302, 304 having pixels 114 with larger confidence values, smaller loss functions, or 

smaller errors can be determined by the discriminator sub-network 104 to depict actual or likely 
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progression of damage to the component shown in the image 110, 300, 302, 304 than created 

images 110, 300, 302, 304 having smaller confidence values, larger loss functions, or larger 

errors. 

[0026]    In one embodiment, the artificial neurons in the layers 106 of the discriminator sub-

network 104 can examine individual pixels 114 in the created images 110, 300, 302, 304.  The 

processors (operating as the artificial neurons) can use linear classification to calculate scores for 

different categories of objects (referred to herein as “classes”), such as a tree, a car, a person, a 

bird, spalling of a thermal barrier coating, a crack in a surface, a sign, or the like.  These scores 

can indicate the probability that a pixel 114 represents different classes.  Each artificial neuron 

can apply a mathematical function, such as an activation function, to the same pixel, with the 

functions applied by different neurons impacting the functions applied by other neurons and 

different neurons applying different weights to different terms in the functions than one or more, 

or all other neurons.  Application of the functions generates the classification scores for the 

pixels 114, which can be used to identify the objects in the images 110, 300, 302, 304.  The 

neurons in the layers 106 of the discriminator sub-network 104 examine the characteristics of the 

pixels 114, such as the intensities, colors, or the like, to determine the scores for the various 

pixels 114.   

[0027]    For example, the discriminator sub-network 104 can determine that a first pixel 114 in 

one of the created images 110, 300, 302, 304 has a score vector of [0.6 0.15 0.05 0.2].  This score 

vector indicates that the discriminator sub-network 104 has calculated a 60% probability that the 

first pixel 114 represents a first object class (e.g., a human body or person), a 15% probability 

that the first pixel 114 represents a second object class (e.g., a car), a 5% probability that the first 

pixel 114 represents a third object class (e.g., a tree), and a 20% probability that the first pixel 

114 represents a fourth object class (e.g., the ground).  This process can be repeated for several, 

or all, other pixels 114 in the same image 110, 300, 302, 304.   

[0028]    The processors of the discriminator sub-network 104 can then determine the loss 

functions or errors for the pixels 114 in the images 110, 300, 302, 304.  The loss function or error 

can be calculated as a difference between a selected object class for a pixel 114 and the object 

score for that object class.  This error value can be a difference between 100% (or one) and the 

probability of the selected object class.  With respect to the preceding example, the first object 
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class is the selected object class for the pixel 114 because the first object class has a larger 

probability (i.e., 60%) than the other object classes for that same pixel 114.  The loss function or 

error for that pixel 114 can be calculated as [0.4 -0.15 -0.05 -0.2].  The value of 0.4 (or 40%) is 

calculated as the difference between one and 0.6 (or between 100% and 60%).  This process can 

be repeated for several, or all, of the pixels 114.   

[0029]    At 210 in the method 200, a determination is made as to whether the discriminator sub-

network 104 identifies the created image 110, 300, 302, 304 as an image of actual damage to the 

component.  For example, a determination is made as to whether the generator sub-network 102 

was able to create an image of potential damage that was determined by the discriminator sub-

network 104 to be an actual image of actual damage.  The discriminator sub-network 104 can 

examine the loss functions of the created images 110, 300, 302, 304, compare the loss functions 

of the created images 110, 300, 302, 304 to each other, compare the loss functions of the created 

images 110, 300, 302, 304 to thresholds, or the like, to determine which, if any, of the created 

images 110, 300, 302, 304 appears to show actual damage to the component.  The discriminator 

sub-network 104 can determine that a created image 110, 300, 302, 304 does not depict damage 

to a component responsive to the loss functions associated with the created image 110, 300, 302, 

304 indicating larger error (e.g., relative to a designated threshold).  The discriminator sub-

network 104 can determine that the potential damage appearing in a created image 110, 300, 302, 

304 is similar to actual damage appearing in one or more images 108 responsive to the loss 

functions associated with the distribution-based image indicating a smaller error (e.g., relative to 

a designated threshold).   

[0030]    If the discriminator sub-network 104 determines that the potential damage appearing in 

a created image 110, 300, 302, or 304 is similar to the actual damage appearing in the original 

image 108 (e.g., the error is not significant), then the potential damage appearing in the image 

110, 300, 302, or 304 created by the generator sub-network 102 is a likely growth or progression 

of the actual damage.  As a result, flow of the method 200 can proceed toward 212.  But, if the 

discriminator sub-network 104 determines that the potential damage appearing in the created 

image 110, 300, 302, or 304 is not similar to the actual damage appearing in the original image 

108 (e.g., the error is significant), then the potential damage appearing in the created image 110, 

300, 302, or 304 is not an accurate prediction of the progression of damage.  As a result, flow of 

the method 200 can return toward 206.  For example, the method 200 can return to creating one 
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or more additional images 110, 300, 302, 304 showing other or different potential damage for 

examination by the discriminator sub-network 104.  Optionally, the method 200 can terminate. 

[0031]    At 212, the image of potential damage is used in monitoring and/or repairing 

components.  For example, additional images of actual damage to the same or other components 

can be compared with images of potential damage.  This comparison can be performed manually 

or can be performed automatically (e.g., using the discriminator sub-network 104).  The image of 

potential damage (identified at 210) can be used to determine how the actual damage is likely to 

change over time.  If the growth or progression of the damage is sufficiently severe (e.g., the 

damage growth is larger than a designated threshold), one or more responsive actions can be 

implemented.  For example, an automated system (e.g., a robotic system) can automatically 

repair the damaged portion of the component, such as by spraying an additive onto a thermal 

barrier coating on a turbine blade having the damage.  As another example, a maintenance 

schedule of the component can be changed to provide for repair or maintenance sooner (in 

situations where the likely progression of the damage is more significant) or later (in situations 

where the likely progression of the damage is less significant). 

[0032]    Figure 4 illustrates one example of a repair system 400 that uses predicted damage 

progression as determined by a GAN system 402.  The GAN system 402 represents one or more 

embodiments of the system 100 described above.  The repair system 400 includes a sensor 404 

that obtains images 108 of actual damage 112 to a component (e.g., an engine, turbine, turbine 

blade, exterior surface of an object, etc.) for the GAN system 402.  For example, the sensor 404 

can be a camera that provides images or video frames to the GAN system 402 as the images 108.  

Optionally, the control system 400 includes a memory 406, such as a computer hard drive, 

optical disc, or the like, that stores the images 108 for the GAN system 402. 

[0033]    The GAN system 402 can predict progression of the actual damage 112 to the 

component as described above.  The predicted damage progression can be communicated to a 

controller 408 of an automated powered system 410.  The controller 408 represents hardware 

circuitry that includes and/or is connected with one or more processors (e.g., one or more 

microprocessors, field programmable gate arrays, integrated circuits, etc.).  The controller 408 

controls operation of the powered system 410, which can represent an automated robotic system 

that operates to repair the component, such as by spraying an additive onto a coating of the 
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component, by replacing the component, or the like.  The controller 408 can examine the 

predicted damage progression and determine whether one or more responsive actions need to be 

implemented.  For example, if the predicted progression of damage indicates that the component 

needs to be repaired or replaced, the controller 408 can generate and communication a control 

signal to an actuator 412 of the powered system 410 that automatically sprays an additive onto a 

coating of the component, that removes the component, that replaces the component, etc.  The 

actuator 412 can include a spray device, a grasping hand of the powered system 410, or the like. 

[0034]    In one embodiment, a GAN system includes a generator sub-network configured to 

examine one or more images of actual damage to equipment.  The generator sub-network also is 

configured to create one or more images of potential damage based on the one or more images of 

actual damage that were examined.  The GAN system also includes a discriminator sub-network 

configured to examine the one or more images of potential damage to determine whether the one 

or more images of potential damage represent progression of the actual damage to the 

equipment. 

[0035]    Optionally, the discriminator sub-network is configured to determine one or more loss 

functions indicative of errors in the one or more images of potential damage. 

[0036]    Optionally, the generator sub-network is configured to be trained using the one or more 

images of actual damage. 

[0037]    Optionally, the generator sub-network is configured to be trained using the one or more 

images of actual damage by determining distributions of pixel characteristics of the one or more 

images of actual damage. 

[0038]    Optionally, the GAN system also includes a controller configured to implement one or 

more actions responsive to determining that the one or more images of potential damage 

represent progression of the actual damage. 

[0039]    Optionally, the discriminator sub-network is configured determine whether the one or 

more images of potential damage represent the progression of the actual damage to the 

equipment by determining one or more loss functions of the one or more images of potential 

damage. 
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[0040]    Optionally, the discriminator sub-network is configured determine that the one or more 

images of potential damage represent the progression of the actual damage to the equipment 

responsive to the one or more loss functions of the one or more images of potential damage not 

exceeding a designated threshold. 

[0041]    In one embodiment, a method includes examining one or more images of actual damage 

to equipment using a generator sub-network of a GAN, creating one or more images of potential 

damage using the generator sub-network based on the one or more images of actual damage that 

were examined, and determining whether the one or more images of potential damage represent 

progression of the actual damage to the equipment by examining the one or more images of 

potential damage using a discriminator sub-network of the GAN. 

[0042]    Optionally, the method also includes determining one or more loss functions indicative 

of errors in the one or more images of potential damage using the discriminator sub-network. 

[0043]    Optionally, the method also includes training the generator sub-network using the one 

or more images of actual damage. 

[0044]    Optionally, training the generator sub-network includes determining distributions of 

pixel characteristics of the one or more images of actual damage. 

[0045]    Optionally, the method also includes implementing one or more actions responsive to 

determining that the one or more images of potential damage represent progression of the actual 

damage. 

[0046]    Optionally, determining whether the one or more images of potential damage represent 

the progression of the actual damage to the equipment includes determining one or more loss 

functions of the one or more images of potential damage. 

[0047]    Optionally, determining that the one or more images of potential damage represent the 

progression of the actual damage to the equipment occurs responsive to the one or more loss 

functions of the one or more images of potential damage not exceeding a designated threshold. 

[0048]    In one embodiment, a GAN system includes a generator sub-network configured to be 

trained using one or more images of actual damage to equipment.  The generator sub-network 

also is configured to create one or more images of potential damage based on the one or more 

images of actual damage that were examined.  The GAN system also includes a discriminator 
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sub-network configured to examine the one or more images of potential damage to determine 

whether the one or more images of potential damage represent progression of the actual damage 

to the equipment. 

[0049]    Optionally, the discriminator sub-network is configured to determine one or more loss 

functions indicative of errors in the one or more images of potential damage. 

[0050]    Optionally, the generator sub-network is configured to be trained using the one or more 

images of actual damage by determining distributions of pixel characteristics of the one or more 

images of actual damage. 

[0051]    Optionally, the system includes a controller configured to implement one or more 

actions responsive to determining that the one or more images of potential damage represent 

progression of the actual damage. 

[0052]    Optionally, the discriminator sub-network is configured determine whether the one or 

more images of potential damage represent the progression of the actual damage to the 

equipment by determining one or more loss functions of the one or more images of potential 

damage. 

[0053]    Optionally, the discriminator sub-network is configured determine that the one or more 

images of potential damage represent the progression of the actual damage to the equipment 

responsive to the one or more loss functions of the one or more images of potential damage not 

exceeding a designated threshold. 

[0054]    As used herein, an element or step recited in the singular and proceeded with the word 

“a” or “an” should be understood as not excluding plural of said elements or steps, unless such 

exclusion is explicitly stated.  Furthermore, references to “one embodiment” of the presently 

described subject matter are not intended to be interpreted as excluding the existence of 

additional embodiments that also incorporate the recited features.  Moreover, unless explicitly 

stated to the contrary, embodiments “comprising” or “having” an element or a plurality of 

elements having a particular property may include additional such elements not having that 

property.  

[0055]    It is to be understood that the above description is intended to be illustrative, and not 

restrictive.  For example, the above-described embodiments (and/or aspects thereof) may be used 
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in combination with each other.  In addition, many modifications may be made to adapt a 

particular situation or material to the teachings of the subject matter set forth herein without 

departing from its scope.  While the dimensions and types of materials described herein are 

intended to define the parameters of the disclosed subject matter, they are by no means limiting 

and are exemplary embodiments.  Many other embodiments will be apparent to those of skill in 

the art upon reviewing the above description.  The scope of the subject matter described herein 

should, therefore, be determined with reference to the appended claims, along with the full scope 

of equivalents to which such claims are entitled. In the appended claims, the terms “including” 

and “in which” are used as the plain-English equivalents of the respective terms “comprising” 

and “wherein.”  Moreover, in the following claims, the terms “first,” “second,” and “third,” etc. 

are used merely as labels, and are not intended to impose numerical requirements on their 

objects.  Further, the limitations of the following claims are not written in means-plus-function 

format and are not intended to be interpreted based on 35 U.S.C. § 112(f), unless and until such 

claim limitations expressly use the phrase “means for” followed by a statement of function void 

of further structure.  

[0056]    This written description uses examples to disclose several embodiments of the subject 

matter set forth herein, including the best mode, and also to enable a person of ordinary skill in 

the art to practice the embodiments of disclosed subject matter, including making and using the 

devices or systems and performing the methods.  The patentable scope of the subject matter 

described herein is defined by the claims, and may include other examples that occur to those of 

ordinary skill in the art.  Such other examples are intended to be within the scope of the claims if 

they have structural elements that do not differ from the literal language of the claims, or if they 

include equivalent structural elements with insubstantial differences from the literal languages of 

the claims. 
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WHAT IS CLAIMED IS: 

1. A generative adversarial network (GAN) system comprising: 

a generator sub-network configured to examine one or more images of actual damage to 

equipment, the generator sub-network also configured to create one or more images of potential 

damage based on the one or more images of actual damage that were examined; and 

a discriminator sub-network configured to examine the one or more images of potential 

damage to determine whether the one or more images of potential damage represent progression 

of the actual damage to the equipment. 

2. The system of claim 1, wherein the discriminator sub-network is configured to 

determine one or more loss functions indicative of errors in the one or more images of potential 

damage. 

3. The system of claim 1, wherein the generator sub-network is configured to be 

trained using the one or more images of actual damage. 

4. The system of claim 3, wherein the generator sub-network is configured to be 

trained using the one or more images of actual damage by determining distributions of pixel 

characteristics of the one or more images of actual damage. 

5. The system of claim 1, further comprising a controller configured to implement 

one or more actions responsive to determining that the one or more images of potential damage 

represent progression of the actual damage. 

6. The system of claim 1, wherein the discriminator sub-network is configured 

determine whether the one or more images of potential damage represent the progression of the 

actual damage to the equipment by determining one or more loss functions of the one or more 

images of potential damage. 

7. The system of claim 6, wherein the discriminator sub-network is configured 

determine that the one or more images of potential damage represent the progression of the 

actual damage to the equipment responsive to the one or more loss functions of the one or more 

images of potential damage not exceeding a designated threshold. 

8. A method comprising: 
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examining one or more images of actual damage to equipment using a generator sub-

network of a generative adversarial network (GAN); 

creating one or more images of potential damage using the generator sub-network based 

on the one or more images of actual damage that were examined; and 

determining whether the one or more images of potential damage represent progression 

of the actual damage to the equipment by examining the one or more images of potential damage 

using a discriminator sub-network of the GAN. 

9. The method of claim 8, further comprising determining one or more loss 

functions indicative of errors in the one or more images of potential damage using the 

discriminator sub-network. 

10. The method of claim 9, further comprising training the generator sub-network 

using the one or more images of actual damage. 

11. The method of claim 10, wherein training the generator sub-network includes 

determining distributions of pixel characteristics of the one or more images of actual damage. 

12. The method of claim 8, further comprising implementing one or more actions 

responsive to determining that the one or more images of potential damage represent progression 

of the actual damage. 

13. The method of claim 8, wherein determining whether the one or more images of 

potential damage represent the progression of the actual damage to the equipment includes 

determining one or more loss functions of the one or more images of potential damage. 

14. The method of claim 13, wherein determining that the one or more images of 

potential damage represent the progression of the actual damage to the equipment occurs 

responsive to the one or more loss functions of the one or more images of potential damage not 

exceeding a designated threshold. 

15. A generative adversarial network (GAN) system comprising: 

a generator sub-network configured to be trained using one or more images of actual 

damage to equipment, the generator sub-network also configured to create one or more images of 

potential damage based on the one or more images of actual damage that were examined; and 
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a discriminator sub-network configured to examine the one or more images of potential 

damage to determine whether the one or more images of potential damage represent progression 

of the actual damage to the equipment. 

16. The system of claim 15, wherein the discriminator sub-network is configured to 

determine one or more loss functions indicative of errors in the one or more images of potential 

damage. 

17. The system of claim 15, wherein the generator sub-network is configured to be 

trained using the one or more images of actual damage by determining distributions of pixel 

characteristics of the one or more images of actual damage. 

18. The system of claim 15, further comprising a controller configured to implement 

one or more actions responsive to determining that the one or more images of potential damage 

represent progression of the actual damage. 

19. The system of claim 15, wherein the discriminator sub-network is configured 

determine whether the one or more images of potential damage represent the progression of the 

actual damage to the equipment by determining one or more loss functions of the one or more 

images of potential damage. 

20. The system of claim 19, wherein the discriminator sub-network is configured 

determine that the one or more images of potential damage represent the progression of the 

actual damage to the equipment responsive to the one or more loss functions of the one or more 

images of potential damage not exceeding a designated threshold. 

 

 

  


