OPTICAL FLOW DETERMINATION SYSTEM

FIELD

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

more neural networks.
BACKGROUND

[0002] Neural networks can be used to analyze images Variaty of purposes. For example,
some neural networks can examine images to ideolifgcts depicted in the images. Some sets
of images are or can represent frames of a videwiglg relative movement between an object
depicted in the images and a viewer of the imag@&gstical flow describes this relative motion of
the objects with respect to the observer in a Visoane. Accurate and effective calculation of
optical flow can be used in various computer visapplications, such as object detection,
tracking, movement detection, robot navigatione¢hdimensional (3D) reconstruction and

segmentation, etc.

[0003] But, accurate and effective calculation of optitadv can be difficult to achieve. This
calculation amounts to finding pixel correspondenbetween consecutive frames, which is a
time-consuming task. At times, there is no exactlgntensity correspondence, or the solution

is not unique, which frustrates or prevents deteation of the optical flow.
BRIEF DESCRIPTION

[0004] In one embodiment, a generative adversarial netW(@RN) system includes a
generator sub-network configured to examine imafes object moving relative to a viewer of
the object. The generator sub-network also isigaréd to generate one or more distribution-
based images based on the images that were examihedsystem also includes a discriminator
sub-network configured to examine the one or mastridution-based images to determine
whether the one or more distribution-based imagesrately represent the object. A predicted
optical flow of the object is represented by relatmovement of the object as shown in the one

or more distribution-based images.

[0005] In one embodiment, a method includes examining @say an object moving relative
to a viewer of the object using a generator sulb+okt of a generative adversarial network

(GAN) system, generating one or more distributiasdal images using the generator sub-



network based on the images that were examinethdgénerator sub-network, examining the
one or more distribution-based images using a idistator sub-network of the GAN system to

determine whether the one or more distribution-iaseages accurately represent the object,
determining a predicted optical flow of the objéeised on the one or more distribution-based
images responsive to determining that the one orendistribution-based images accurately

represent the object using the discriminator sutloe.

[0006] In one embodiment, a system includes a generabenstwork configured to examine

images of a moving object. The generator sub-rdgtatso is configured to generate one or
more distribution-based images based on distribatad pixel characteristics in the images. The
system also includes a discriminator sub-networkfigared to examine the one or more
distribution-based images to determine one or reoi@s between the one or more distribution-
based images and the images of the moving obj€be one or more errors are indicative of
whether the one or more distribution-based imagesirately represent the moving object. A
predicted optical flow of the object is represeritgdelative movement of the object as shown in

the one or more distribution-based images.
BRIEF DESCRIPTION OF THE DRAWINGS

[0007] The present inventive subject matter will be bettiederstood from reading the
following description of non-limiting embodimentsjith reference to the attached drawings,

wherein below:
[0008] Figure 1 illustrates one embodiment of an optital/fdetermination system;

[0009] Figure 2 illustrates a flowchart of one embodimeind method for determining optical

flow in images;

[0010] Figure 3 illustrates a generator sub-network of ap&cal flow determination system

shown in Figure 1 creating a batch of distributbased images; and

[0011] Figure 4 illustrates one example of a control systieat uses predicted optical flow as

determined by a GAN system.
DETAILED DESCRIPTION

[0012] One or more embodiments of the inventive subjecttenalescribed herein provide

optical flow determination systems and methods tetermine the optical flow of objects in



frames or images. The optical flow of an objectalibes, represents, or indicates the relative
motion of the object with respect to an observethefobject in a visual scene. In one example,
the optical flow determination systems and methimdtude or use a generative adversarial

network (GAN) to determine optical flows of objeftsm two or more images.

[0013] The GAN includes two sub-networks, namely a geoeraub-network and a
discriminator sub-network. These sub-networksradein a setting of a two-player minimax
game. During training, the generator sub-netwadtdnapts to learn how to produce real-looking
image samples based on training images providedhé& generator sub-network. The
discriminator sub-network attempts to learn howligtinguish the produced image samples from
the genuine (e.g., training) image samples, whrehoaiginal and not produced by the generator
sub-network. These sub-networks can eventuallweme to an equilibrium point where the
generator sub-network produces image samples wihieh indistinguishable (from the
perspective of the discriminator sub-network) frime genuine image samples. The GAN is
used to learn how to estimate the optical flow et consecutive video frames. An
unsupervised learning scheme is used, where nondrtuth for optical flow is needed to
estimate optical flow. The ground truth can bewdtirchannel image which encodes the optical
flow for each pixel of another set of video fram@he system and method learns to estimate the
optical flow by just considering consecutive videames.

[0014] Artificial neural networks such as GANSs includeifamial neurons, or nodes, that
receive input images and perform operations (&ggtions) on the images, selectively passing
the results on to other neurons. Weight valuesasseciated with each vector and neuron in the
network, and these values constrain how input image related to outputs of the neurons.
Weight values can be determined by the iterative fbf training data through the network. For
example, weight values are established duringiaitigaphase in which the network learns how
to identify particular object classes by typicgbum data characteristics of the objects in training

or ground truth images.

[0015] At least one technical effect of the systems anthaus described herein includes the
determination or prediction of optical flow in imegyof one or more objects, where the optical

flow that is determined or predicted is used toegate 3D point cloud image sets that are used to



inspect the interior of equipment (e.qg., turbingieas) for determining and initiating repair of

the equipment without taking the equipment outast/ge.

[0016] Figure 1 illustrates one embodiment of an optidalvfdetermination system 100.
Figure 2 illustrates a flowchart of one embodimefid method 200 for determining optical flow
in images. The flowchart of the method 200 camesgnt operations performed by the system
100 shown in Figure 1, such as functions perfortmedne or more processors (e.g., one or more
microprocessors, field programmable gate arrayd/oanntegrated circuits) under the direction
of software, to determine or predict optical flomrh images. Optionally, the flowchart of the

method 200 can represent an algorithm used toec(eas., write) such software.

[0017] The system 100 includes neural networks 102, 1@4 iarone embodiment, represents
a GAN system. The neural networks 102, 104 arceat neural networks formed from one or

more processors (e.g., microprocessors, integmatedits, field programmable gate arrays, or
the like). The neural networks 102, 104 are dididgo two or more layers 106, such as input
layers that receive images, output layers thatwdusm image or loss function (e.g., error, as
described below), and one or more intermediateréay@he layers 106 of the neural networks
102, 104 represent different groups or sets ofi@di neurons, which can represent different
functions performed by the processors on the imaggwsedict optical flow of objects in the

images and/or determine errors in the predicteataldtow.

[0018] The neural network 102 represents a generator stwerk of a GAN, and the neural
network 104 represents a discriminator sub-netwafrfkkthe GAN in one embodiment. In
operation, at 202 in the flowchart of the method Zhown in Figure 2, the generator sub-
network 102 receives images 108, 110 of an obj&2t Having relative motion. The relative
motion includes movement of the object 112 andAaewver of the object, such as the camera or
other sensor that obtained the images 108, 11@ imhhges 108, 110 can be frames of a video
obtained by a camera. The object 112 depictedanmages 108, 110 can be moving relative to
the camera (which is stationary), the camera camdeéng relative to the object 112 (which is
stationary), or both the object 112 and the camsarabe moving. For example, a camera can
provide frames of a video of a moving person, framka video of a stationary object (e.g., the
interior of an engine or turbine) while the cameramoving by or within the object, and/or
frames of a video of a moving object while the cean&so is moving. While the description



herein focuses on the generator sub-network 10&rmabg only two images 108, 110, optionally,

the generator sub-network 102 can obtain more tthanmages.

[0019] The image 108 is a previous image to the image ihtlicating that the object 112 (a
bird in the illustrated example) is moving leftright and upward relative to the camera. The
movement of the object 112 can be represented lklsglacementAx along a first (e.g.,
horizontal)x-axis and a displacement along a second (e.g., verticghaxis. This movement
represented byA\x and Ay can represent or indicate the optical flow of tigect 112 in the
images 108, 110. As described herein, the syst#ncan operate to predict additional optical
flow of the object 112 from the images 108, 116.ohe embodiment, the images 108, 110 are
not ground truth images, as the images 108, 11lMadoexplicitly encode the optical flow

vectors.

[0020] The images 108, 110 can be obtained by the gemesalenetwork 102 by a camera
communicating the images 108, 110 to the genematbtnetwork 102 via one or more wired
and/or wireless connections. Optionally, the insa®88, 110 can be stored in a tangible and
non-transitory computer readable memory, such esnaputer hard drive, optical disk, or the
like, and be accessible by the generator sub-nktiM@2 via one or more wired and/or wireless

connections.

[0021] At 204 in the method 200, an image is created bygénerator sub-network 102. The
image is created by the generator sub-network B2don the images 108, 110 obtained by or
otherwise provided to the generator sub-network. 1@r example, the processors of the
generator sub-network 102 can examine charactarigfithe pixels 114 in the images 108, 110.
These characteristics can include locations optkels 114 in the images 108, 110, intensities of
the pixels 114, colors of the pixels 114, edgethefstructures in the scene, etc. The generator
sub-network 102 can determine statistical distrdng (e.g., Gaussian distributions) of the pixel
characteristics. Different distributions can béedmined for different pixels or locations in the
images 108, 110. The generator sub-network 102egamine the statistical distributions and
determine probabilities of each pixel 114 havingioas characteristics. Based on the
distributions and probabilities, the generator sebwork 102 creates one or more distribution-

based images that estimate the optical flow betveages 108, 110. This multi-channel flow



image is used to warp image 110 to obtain an estimfthe image 108. Correct estimation of

the optical flow yields to a precise estimatiortted image 108.

[0022] Figure 3 illustrates the generator sub-network a0the system 100 shown in Figure 1

yielding a batch 306 of distribution-based imagé6,302, 304 after warping. The generator
sub-network 102 can yield to multiple distributibased images 300, 302, 304 based on the
characteristics of the images 108, 110 obtainedrbgtherwise provided to the generator sub-
network 102. As shown in Figure 3, some of therithistion-based images 300, 302, 304 are
more likely to represent continuing motion of thgezt 112 than other distribution-based images
300, 302, 304. For example, the distribution-basehe 304 shows the object 112 in a position
consistent with the trajectory of the object 112he images 108, 110, while the distribution-

based images 300, 302 show the object 112 in paosithat are inconsistent with this trajectory.

[0023] At 206 in the method 200 shown in Figure 2, logsxcfions or errors are determined for
the distribution-based images (also referred tgeamerated images) using the discriminator sub-
network 104. The generator sub-network 102 cawmigecthe batch of one or more distribution-
based images 300, 302, 304 to the discriminatomnsidork 104, such as via one or more wired

and/or wireless connections between the sub-nesnvBR, 104.

[0024] The discriminator sub-network 104 examines theadtaristics of the pixels 114 in the
distribution-based images 300, 302, 304 to detezrfoss functions, or errors, associated with
the distribution-based images 300, 302, 304. Dse functions or errors indicate how similar
the distribution-based image 300, 302, 304 is éoatiginal image 108 (copies of which also can
be provided to the discriminator sub-network 104).order to achieve this, a pair of real frames
(e.g. 108 and 110) and a pair of fake and real drgmg. 304 and 110) are fed into the
discriminator consecutively during training stager example, if the discriminator sub-network
104 determines that the distribution-based imagé i80more like the image 108 than the
distribution-based images 300, 302, then the losstion or error attributed to the pair of images
304 and 110 is smaller than the loss function aporeattributed to the pairs including
distribution-based images 300, 302.

[0025] The artificial neurons in the layers 104 of thecdminator sub-network 104 can
examine individual pixels 114 in the distributioaded images 300, 302, 304 to decide whether
the image pairs (300, 110), (302, 110) and (308) ate legitimate consecutive frames. Each



artificial neuron can apply a mathematical functisach as an activation function, to the same
pixel, with the functions applied by different neas impacting the functions applied by other
neurons and different neurons applying differenigivis to different terms in the functions than
one or more, or all other neurons. Applicatiortte# functions generates a score for the image
pair, which can be interpreted as a probability the input pair is genuine. The neurons in the
layers 104 of the discriminator sub-network 104neixee the characteristics of the pixels 114,

such as the intensities, colors, structural coasest or the like, to determine the score.

[0026] The processors of the discriminator sub-network t@4 then determine the loss
function or error for the image pairs (300,110)043110), (304,110) and (108, 110). The
discriminator is required to assign O probabiltythe pairs including a fake image (i.e. an image
indirectly produced by the generator) and it isuiegf to assign probability 1 to the genuine
pair, i.e. the pair (108,110). The loss functioreoor can be calculated as the mismatch between

the required and the assigned probability.

[0027] At 208 in the method 200, a determination is masl@écawhether the loss functions
associated with the distribution-based images 30, 304 indicate significant errors in the
predicted optical flow of the object 112. For exden the loss functions can be examined,
compared to each other, compared to thresholdsheolike, to determine which, if any, of the
distribution-based images 300, 302, 304 is simitarthe original images 108, 110. The
discriminator sub-network 104 can determine thdis&ibution-based image is not similar to the
images 108 responsive to the loss functions adsociwith the distribution-based image
indicating larger error (e.g., relative to a desiga threshold). The discriminator sub-network
104 can determine that a distribution-based imagennilar to the images 108 responsive to the
loss functions associated with the distributiondolisnage indicating smaller error (e.g., relative
to a designated threshold).

[0028] If the discriminator sub-network 104 determinest thalistribution-based image 300,
302, or 304 is similar to the original image 108g(ethe error is not significant), then the
location and/or appearance of the object 112 irdik&ibution-based image 300, 302, or 304 is
an indicator of the accurate prediction of the acadtflow of the object 112 through the images
108, 110 and 300, 302, or 304. As a result, flévthe method 200 can proceed toward 212.

But, if the discriminator sub-network 104 deternsinieat a distribution-based image 300, 302, or



304 is not similar to the original image 108 (ethe error is significant), then the location amd/o
appearance of the object 112 in the distributiosedaimage 300, 302, or 304 is not an accurate
prediction of the optical flow of the object 112dhgh the images 108, 110 and 300, 302, or
304. As aresult, flow of the method 200 can pedc®ward 210.

[0029] At 210, the loss function(s) associated with thgnidicant error are back-propagated
through the discriminator sub-network 104 and/oe thenerator sub-network 102. The
backpropagation through discriminator, and the pembagation through the discriminator and
the generator is done in an alternating fashioneMinackpropagating through the discriminator
only, the weights of the discriminator is updataedsuch a way that the discriminator assigns
correct probabilities to the genuine and fake paWken backpropagating through the generator
and the discriminator, the coefficients of the disator are kept constant and the weights of
the generator are updated in such a way that tve firoduced by the generator yields more
genuine-looking pairs. The processors of the geoersub-network 102 back-propagate the
errors back through the layers 106 of the generstibrnetwork 102 to train or improve the
training of the generator sub-network 102. Forneple, for the pixel 114 in the preceding
example, the loss function of [0.4 -0.15 -0.05 }@&h be back-propagated through the generator
sub-network 102. The loss functions for the othigels 114 in the same image also can be
back-propagated through the layers 106 of the géoresub-network 102.

[0030] During forward propagation of image data througfeta 106 of a neural network 102,
104, the application of functions to charactersstif a pixel 114 by the neurons in a layer 106 is
based on the results of the functions applied lyrtdurons in the preceding layers 10 in the
neural network 102. During back-propagation, griscess is repeated in the reverse order. The
loss functions for the pixels 114 are examined Iy heurons in the last layer 104 of the
generator sub-network 102 first (e.g., the functiare applied by the neurons to the pixels 114),
followed by the neurons in the second-to-last |ay@8, followed by the neurons in the third-to-
last layer 106, and so on.

[0031] Back propagation of the loss functions in the gatwersub-network 102 trains the sub-
network 102 to create distribution-based images tiare accurately reflect or predict optical
flow of the object 112 in the images 108, 110. idirey a deep learning model can involve this

back-propagation process, which helps the sub-n&th@? to learn from mistakes in identifying



objects in images and obtain better representatbtise flow of objects in the images. In one
embodiment, this back-propagation process can lfiex by changing the weights or weight
values applied by neurons in the generator subor&td02 to those pixels 114 having greater
errors. This causes the generator sub-networkt@O2e tuned to reduce further errors by

focusing on those errors more during subsequemhieeation of images 108, 110.

[0032] Flow of the method 200 can return toward 204 foitayvback propagation of the loss
functions through the generator sub-network 10Be method 200 can proceed by the generator
sub-network 102 creating distribution-based imagdee discriminator sub-network 104
determining whether the errors in the distributimsed images are small enough that the
distribution-based image(s) accurately reflectssaonfused with the original images 108, 110,
and the generator sub-network 102 back propag#tedoss functions until the generator sub-
network 102 is able to create distribution-basedges that fool or trick the discriminator sub-
network 104 into determining that the distributiomsed images are additional images of the
motion of the object 112.

[0033] If the loss functions are sufficiently low at 20&t the discriminator sub-network 104
determines that the distribution-based images dd#ianal images of the motion of the object
112, then the generator sub-network 102 predictsealow of the object 112 by generating
one or more additional distribution-based imagEer example, once the method 200 trains the
generator sub-network 102 to accurately generaages that the discriminator sub-network 104
determines are additional, actual images of moveéménhe object 112, the generator sub-
network 102 can be used to generate distributiaedanages that predict motion of the object
112 not only for the pair of images which appedrethe training set, but also for other pair of

consecutive frames which were unknown to the géoeretwork during training.

[0034] These distribution-based images can be used fariaty of end uses. As one example,
the distribution-based images can be used to genardD point cloud. The 3D point cloud can
then be used to allow a user to interact with ar@presentation of an object. For example, a
small camera can be inserted into the interior tirbine engine with several images 108, 110 of
interior surfaces of the engine acquired whiledamera is moving in the engine. These images
108, 110 can then be used to create additionalemaglicative of predicted optical flow of the

interior surfaces (or features in the interior agefls, such as damaged portions of the engine).



The created and/or original images can be usedettec a 3D point cloud that then is used to
create a virtual reality environment of the interwd the engine. Such an environment can allow
users to closely examine accurate representatiothe anterior of small spaces (e.g., engines) to

check for damage (e.g., corrosion, spalling, etc.).

[0035] Figure 4 illustrates one example of a control sys#®0 that uses predicted optical flow

as determined by a GAN system 402. The GAN systf)A represents one or more

embodiments of the system 100 described above.cateol system 400 includes a sensor 404
that obtains images 108, 110 for the GAN system 4B@r example, the sensor 404 can be a
camera that provides images or video frames toc3ABl system 402 as the images 108, 110.
Optionally, the control system 400 includes a mgmé®6, such as a computer hard drive,
optical disc, or the like, that stores the imag@8, 1110 for the GAN system 402.

[0036] The GAN system 402 can predict optical flow of &fect 112 as described above. The
predicted optical flow (e.g., in the form of imaga®dicting upcoming movement of the object
112) can be communicated to a controller 408 obaegred system 410. The controller 408
represents hardware circuitry that includes and/eonnected with one or more processors (e.g.,
one or more microprocessors, field programmable gatays, integrated circuits, etc.). The
controller 408 controls operation of the powerestsm 410, which can represent an automobile,
rail vehicle, airplane, generator, or the like.eTdontroller 408 can examine the predicted optical
flow and determine whether one or more responsot®res need to be implemented. For
example, if the predicted optical flow indicatesttlan object 112 is moving toward a collision
with a vehicle, then the controller 408 can gererwtd communication a control signal to an
actuator 412 that changes operation of the powsysttm 410. The actuator 412 can include a
brake system, throttle, steering wheel, or the, likat is actuated to change movement of the
powered system 410 (and avoid collision with thgeab112). The responsive action can be
applying the brakes, changing a direction in whieé vehicle is moving, and/or changing a
speed at which the vehicle is traveling. Anothgample of a responsive action can be

generating a 3D point cloud of equipment for visnapection of the equipment.

[0037] In one embodiment, a generative adversarial netW(@RN) system includes a
generator sub-network configured to examine imafes object moving relative to a viewer of

the object. The generator sub-network also isigardd to generate one or more distribution-

10



based images based on the images that were examihedsystem also includes a discriminator
sub-network configured to examine the one or mastridution-based images to determine

whether the one or more distribution-based imagesrately represent the object. A predicted
optical flow of the object is represented by relatmovement of the object as shown in the one

or more distribution-based images.

[0038] In one example, the discriminator sub-network isfigured to determine one or more
loss functions indicative of errors in the predictgptical flow of the object in the one or more

distribution-based images.

[0039] In one example, the generator sub-network is cargig) to be trained using the one or

more loss functions.

[0040] In one example, the generator sub-network is candigj to be trained using the one or
more loss functions by back-propagating the onenore loss functions through the generator

sub-network.

[0041] In one example, the generator sub-network is candig to generate one or more

additional distribution-based images to represeafredicted optical flow of the object.

[0042] In one example, the generator sub-network is cardig) to generate the one or more
distribution-based images based on one or moreildisbns of pixel characteristics in the

images that were examined by the generator subenletw

[0043] In one example, the system also includes a coatrobnfigured to implement one or

more actions responsive to determining the prediopgical flow of the object.

[0044] In one example, the viewer of the object is a cantbat obtains the images of the

object.

[0045] In one embodiment, a method includes examining @say an object moving relative
to a viewer of the object using a generator sulb+okt of a generative adversarial network
(GAN) system, generating one or more distributiagdal images using the generator sub-
network based on the images that were examinethdgénerator sub-network, examining the
one or more distribution-based images using a idistator sub-network of the GAN system to
determine whether the one or more distribution-aseages accurately represent the object,

determining a predicted optical flow of the objéeised on the one or more distribution-based
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images responsive to determining that the one orendistribution-based images accurately

represent the object using the discriminator sutloe.

[0046] In one example, the method also includes determimine or more loss functions
indicative of errors in the predicted optical flaw the object in the one or more distribution-

based images using the discriminator sub-network.

[0047] In one example, the method also includes trainiggenerator sub-network using the

one or more loss functions.

[0048] In one example, training the generator sub-netwsrkg the one or more loss functions

includes back-propagating the one or more losstifme through the generator sub-network.

[0049] In one example, the method also includes generating or more additional
distribution-based images using the generator svark to represent the predicted optical flow

of the object.

[0050] In one example, the one or more distribution-basejes are generated based on one
or more distributions of pixel characteristics Ire images that were examined by the generator

sub-network.

[0051] In one example, the method also includes implemgrdne or more actions responsive

to determining the predicted optical flow of thegeauth.

[0052] In one example, the viewer of the object is a cantbat obtains the images of the

object.

[0053] In one embodiment, a system includes a generatenstwork configured to examine

images of a moving object. The generator sub-rdgtvatso is configured to generate one or
more distribution-based images based on distribataf pixel characteristics in the images. The
system also includes a discriminator sub-networkfigared to examine the one or more
distribution-based images to determine one or rear@'s between the one or more distribution-
based images and the images of the moving obj€be one or more errors are indicative of
whether the one or more distribution-based imagesrately represent the moving object. A
predicted optical flow of the object is represeritgdelative movement of the object as shown in

the one or more distribution-based images.
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[0054] In one example, the generator sub-network is cargig) to be trained using the one or

maore errors.

[0055] In one example, the generator sub-network is candig to generate one or more
additional distribution-based images to represeatpredicted optical flow of the moving object

following training of the generator sub-networkngsthe one or more errors.

[0056] In one example, the system also includes a coatrobnfigured to implement one or

more actions responsive to determining the predliopgical flow of the object.

[0057] As used herein, an element or step recited initigukr and proceeded with the word
“a” or “an” should be understood as not excludimgr@ of said elements or steps, unless such
exclusion is explicitly stated. Furthermore, refeges to “one embodiment” of the presently
described subject matter are not intended to berpreted as excluding the existence of
additional embodiments that also incorporate tlugtee features. Moreover, unless explicitly
stated to the contrary, embodiments “comprising”“lm&ving” an element or a plurality of
elements having a particular property may includditeonal such elements not having that
property.

[0058] It is to be understood that the above descriptiomtended to be illustrative, and not
restrictive. For example, the above-described elmbents (and/or aspects thereof) may be used
in combination with each other. In addition, mampdifications may be made to adapt a
particular situation or material to the teachingghe subject matter set forth herein without
departing from its scope. While the dimensions &mmks of materials described herein are
intended to define the parameters of the disclasigjiect matter, they are by no means limiting
and are exemplary embodiments. Many other embodsneill be apparent to those of skill in
the art upon reviewing the above description. $t@pe of the subject matter described herein
should, therefore, be determined with referenddécappended claims, along with the full scope
of equivalents to which such claims are entitledtHe appended claims, the terms “including”
and “in which” are used as the plain-English eql@nts of the respective terms “comprising”
and “wherein.” Moreover, in the following clainthie terms “first,” “second,” and “third,” etc.
are used merely as labels, and are not intendachpose numerical requirements on their
objects. Further, the limitations of the followictaims are not written in means-plus-function
format and are not intended to be interpreted base85 U.S.C. § 112(f), unless and until such
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claim limitations expressly use the phrase “meansfbllowed by a statement of function void

of further structure.

[0059] This written description uses examples to disckmsesral embodiments of the subject
matter set forth herein, including the best moadhel also to enable a person of ordinary skill in
the art to practice the embodiments of disclosdygjesti matter, including making and using the
devices or systems and performing the methods. pEtentable scope of the subject matter
described herein is defined by the claims, and melyde other examples that occur to those of
ordinary skill in the art. Such other examplesiatended to be within the scope of the claims if
they have structural elements that do not diffenfithe literal language of the claims, or if they
include equivalent structural elements with insabsal differences from the literal languages of

the claims.
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WHAT IS CLAIMED IS:

1. A generative adversarial network (GAN) systemmpnsing:

a generator sub-network configured to examine imajen object moving relative to a
viewer of the object, the generator sub-networlo atenfigured to generate one or more

distribution-based images based on the imagesvia examined; and

a discriminator sub-network configured to examihe bne or more distribution-based
images to determine whether the one or more digtob-based images accurately represent the

object,

wherein a predicted optical flow of the objectepresented by relative movement of the

object as shown in the one or more distributioredamages.

2. The system of claim 1, wherein the discriminataob-network is configured to
determine one or more loss functions indicativeewwbrs in the predicted optical flow of the

object in the one or more distribution-based images

3. The system of claim 2, wherein the generatorrgtivork is configured to be

trained using the one or more loss functions.

4, The system of claim 3, wherein the generatorrgitvork is configured to be
trained using the one or more loss functions bymopagating the one or more loss functions

through the generator sub-network.

5. The system of claim 3, wherein the generator-rettvork is configured to
generate one or more additional distribution-baseyes to represent the predicted optical flow

of the object.

6. The system of claim 1, wherein the generator-rttvork is configured to
generate the one or more distribution-based imhgesd on one or more distributions of pixel

characteristics in the images that were examinettidgenerator sub-network.

7. The system of claim 1, further comprising a ooligr configured to implement

one or more actions responsive to determining tadigted optical flow of the object.

8. The system of claim 1, wherein the viewer of tlbect is a camera that obtains

the images of the object.
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9. A method comprising:

examining images of an object moving relative toeaver of the object using a generator

sub-network of a generative adversarial network p8ystem;

generating one or more distribution-based imageggube generator sub-network based

on the images that were examined by the generabenstwork;

examining the one or more distribution-based imagsg a discriminator sub-network
of the GAN system to determine whether the one orenistribution-based images accurately
represent the object; and

responsive to determining that the one or moreridigion-based images accurately
represent the object using the discriminator sutl-oek, determining a predicted optical flow of

the object based on the one or more distributisetdamages.

10. The method of claim 9, further comprising deti@ing one or more loss
functions indicative of errors in the predicted iogk flow of the object in the one or more
distribution-based images using the discriminatdy-setwork.

11.  The method of claim 10, further comprisingrinag the generator sub-network

using the one or more loss functions.

12. The method of claim 10, wherein training th@egator sub-network using the
one or more loss functions includes back-propagdtie one or more loss functions through the

generator sub-network.

13. The method of claim 10, further comprising gatieg one or more additional
distribution-based images using the generator vark to represent the predicted optical flow
of the object.

14. The method of claim 9, wherein the one or naistribution-based images are
generated based on one or more distributions dafl mikaracteristics in the images that were
examined by the generator sub-network.

15. The method of claim 9, further comprising inmpénting one or more actions

responsive to determining the predicted optical/ftd the object.
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16.  The method of claim 9, wherein the viewer @& tbject is a camera that obtains
the images of the object.

17. A system comprising:

a generator sub-network configured to examine imaje moving object, the generator
sub-network also configured to generate one or nwbstribution-based images based on
distributions of pixel characteristics in the imagand

a discriminator sub-network configured to examihe bne or more distribution-based
images to determine one or more errors betweeorieeor more distribution-based images and
the images of the moving object, the one or morergrindicative of whether the one or more

distribution-based images accurately representiibning object,

wherein a predicted optical flow of the objectepmresented by relative movement of the
object as shown in the one or more distributioredamages.

18.  The system of claim 17, wherein the generatbrreetwork is configured to be

trained using the one or more errors.

19. The system of claim 18, wherein the generatdr-reetwork is configured to
generate one or more additional distribution-basees to represent the predicted optical flow
of the moving object following training of the gea®r sub-network using the one or more

errors.

20.  The system of claim 17, further comprising atoaler configured to implement

one or more actions responsive to determining tadigted optical flow of the object.
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