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FINE-GRAINED VISUAL RECOGNITION IN MOBILE AUGMENTED REALITY

Technical Field

[0001]  The present invention relates to the electrical, electronic and computer arts, and more specifically, to

augmented reality (AR) systems and the like.

BACKGROUND

[0002]  Augmented Reality (AR) enhances the perception of surroundings by overlaying media and graphics on
top of what is seen in the real world. Over the last decade, major progress has been made and there has been
increased interest in AR. Despite this progress, most AR user experiences remain primitive, and lack intelligence
and automation, which make user interaction rather unintuitive. Although AR enables tracking of virtual objects and
annotations in physical spaces through computer vision techniques, it is not inherently intelligent to actually
recognize semantics of what it sees. For example, in the technical support domain, AR can recognize a laptop in
the form of a point cloud to enable tracked annotations on top of the laptop, but it does not actually know that it is
looking at a laptop without the user labelling that particular point cloud to be of a laptop. Nor would AR be able to
understand if the laptop’s cover was open or closed, or that the laptop has its heat sink removed, and so on.
Current techniques require all interaction to be driven by the user identifying what the user is looking at (e.g.,
through pre-labelling objects, specifying the state of an object, etc.) before the user can have the relevant AR
content projected to the user’s view, thereby significantly limiting the interaction. Therefore, there is a need in the

art to address the aforementioned problem.

SUMMARY

[0003] A method comprising: obtaining access to a three-dimensional point cloud representation of an object
including poses of a scanning digital camera and corresponding video frames;  down-sampling said three-
dimensional point cloud representation to obtain a set of region-of-interest candidates; filtering said region-of-
interest candidates to select those of said region-of-interest candidates having appearance changes, which
distinguish different visual states, as selected regions of interest, based at least in part on said poses of said
camera; generating region of interest images for said selected regions of interest from corresponding ones of said

video frames; and training a deep learning recognition model based on said region of interest images.

[0004]  Viewed from a further aspect, the present invention provides non-transitory computer readable medium
comprising computer executable instructions which when executed by a computer cause the computer to perform a

method of; obtaining access to a three-dimensional point cloud representation of an object including poses of a
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scanning digital camera and corresponding video frames; down-sampling said three-dimensional point cloud
representation to obtain a set of region-of-interest candidates; filtering said region-of-interest candidates to select
those of said region-of-interest candidates having appearance changes, which distinguish different visual states, as
selected regions of interest, based at least in part on said poses of said camera; generating region of interest
images for said selected regions of interest from corresponding ones of said video frames; and training a deep

learning recognition model based on said region of interest images.

[0005]  Viewed from a further aspect, the present invention provides an apparatus comprising: a memory; and at
least one processor, coupled to said memory, and operative to: obtain access to a three-dimensional point cloud
representation of an object including poses of a scanning digital camera and corresponding video frames; down-
sample said three-dimensional point cloud representation to obtain a set of region-of-interest candidates; filter said
region-of-interest candidates to select those of said region-of-interest candidates having appearance changes,
which distinguish different visual states, as selected regions of interest, based at least in part on said poses of said
camera; generate region of interest images for said selected regions of interest from corresponding ones of said

video frames; and train a deep learning recognition model based on said region of interest images.

[0006]  Viewed from a further aspect, the present invention provides a computer program product for
augmented reality, the computer program product comprising a computer readable storage medium readable by a
processing circuit and storing instructions for execution by the processing circuit for performing a method for

performing the steps of the invention.

[0007]  Viewed from a further aspect, the present invention provides a computer program stored on a computer
readable medium and loadable into the internal memory of a digital computer, comprising software code portions,

when said program is run on a computer, for performing the steps of the invention.

[0008]  Principles of the invention provide techniques for fine-grained visual recognition in mobile augmented
reality. In one aspect, an exemplary method includes the step of obtaining access to a three-dimensional point
cloud representation of an object including poses of a scanning digital camera and corresponding video frames;
down-sampling the three-dimensional point cloud representation to obtain a set of region-of-interest candidates;
filtering the region-of-interest candidates to select those of the region-of-interest candidates having appearance
changes, which distinguish different visual states, as selected regions of interest, based at least in part on the
poses of the camera; generating region of interest images for the selected regions of interest from corresponding

ones of the video frames; and training a deep learning recognition model based on the region of interest images.

[0009]  Asused herein, “facilitating” an action includes performing the action, making the action easier, helping

to carry the action out, or causing the action to be performed. Thus, by way of example and not limitation,
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instructions executing on one processor might facilitate an action carried out by instructions executing on a remote
processor, by sending appropriate data or commands to cause or aid the action to be performed. For the
avoidance of doubt, where an actor facilitates an action by other than performing the action, the action is

nevertheless performed by some entity or combination of entities.

[0010]  One or more embodiments of the invention or elements thereof can be implemented in the form of a
computer program product including a computer readable storage medium with computer usable program code for
performing the method steps indicated. Furthermore, one or more embodiments of the invention or elements
thereof can be implemented in the form of a system (or apparatus) including a memory, and at least one processor
that is coupled to the memory and operative to perform exemplary method steps. Yet further, in another aspect,
one or more embodiments of the invention or elements thereof can be implemented in the form of means for
carrying out one or more of the method steps described herein; the means can include (i) hardware module(s), (ii)
software module(s) stored in a computer readable storage medium (or multiple such media) and implemented on a
hardware processor, or (i) a combination of (i) and (ii); any of (i)-(iii) implement the specific techniques set forth

herein.

[0011]  Techniques of the present invention can provide substantial beneficial technical effects. For example,
one or more embodiments provide one or more of; fine-grained visual recognition of the state of an item, such as a
machine under repair, robust against occlusions such as from user’s hand or tools, robust to camera movements

and ignores blurred images automatically.

[0012]  These and other features and advantages of the present invention will become apparent from the
following detailed description of illustrative embodiments thereof, which is to be read in connection with the

accompanying drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

[0013]  The present invention will now be described, by way of example only, with reference to preferred
embodiments, as illustrated in the following figures:

[0014]  FIG. 1 depicts a cloud computing environment according to an embodiment of the present invention;
[0015]  FIG. 2 depicts abstraction model layers according to an embodiment of the present invention;

[0016]  FIGS. 3A, 3B, 3C, and 3D depict exemplary visual states of a computer which can be detected using
embodiments of the invention;

[0017]  FIG. 4is a combined data flow/block diagram, according to an embodiment of the invention;

[0018]  FIG. 5is an alternative combined data flow/block diagram, according to an embodiment of the invention;
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[0019]  FIG. 6 shows an exemplary process for region of interest (ROl) generation, according to an embodiment
of the invention;

[0020]  FIG. 7 shows an exemplary process for region of interest (ROI) selection, according to an embodiment
of the invention;

[0021]  FIG. 8is a combined data flow/block diagram with runtime details, according to an embodiment of the
invention;

[0022] FIG. 9is an exemplary model design, according to an embodiment of the invention;

[0023]  FIG. 10is aflow chart showing pose-independent coarse-grained recognition selecting the correct object
model for re-localization, according to an embodiment of the invention;

[0024]  FIG. 11 shows an example of ROI occlusion, which can be effectively handled by embodiments of the
invention;

[0025] FIG. 12 shows how ROl optimization evaluates the device’s moving speed, viewing angle, and distance
to select the optimal captured ROl image, according to an embodiment of the invention;

[0026] FIG. 13 depicts a confusion matrix of state recognition results, according to an aspect of the invention;
[0027]  FIG. 14 depicts a recognition accuracy comparison of data augmentation (DA) with different number of
training images, according to an aspect of the invention;

[0028]  FIG. 15 depicts recognition accuracy with different ROI sizes, according to an aspect of the invention;
[0029]  FIG. 16 depicts false rate and latency with different number of trials, according to an aspect of the
invention;

[0030] FIG. 17 depicts accuracy of different models with ROI capturing or using raw image frames, according to
an aspect of the invention;

[0031]  FIG. 18 presents a comparison of accuracy of different models, as the object becomes more complex,
requiring more ROlIs, according to an aspect of the invention;

[0032]  FIG. 19 depicts the total number of parameters of different models as the number of ROls increases,
according to an aspect of the invention;

[0033]  FIG. 20 shows exemplary accuracy of lightweight (LW) convolutional neural network (CNN) and
Discrete-CNN-LSTM (DCL; LSTM = long short-term memory) models on five objects, achieved with exemplary
embodiment(s) of the invention;

[0034]  FIG. 21 is a table showing resource consumption under different modes, achieved with exemplary
embodiment(s) of the invention; and

[0035]  FIG. 22 depicts a computer system that may be useful in implementing one or more aspects and/or
elements of the invention, also representative of a cloud computing node according to an embodiment of the

present invention.
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DETAILED DESCRIPTION

[0036] Itis understood in advance that although this disclosure includes a detailed description on cloud
computing, implementation of the teachings recited herein are not limited to a cloud computing environment.
Rather, embodiments of the present invention are capable of being implemented in conjunction with any other type

of computing environment now known or later developed.

[0037]  Cloud computing is a model of service delivery for enabling convenient, on-demand network access to a
shared pool of configurable computing resources (e.g. networks, network bandwidth, servers, processing, memory,
storage, applications, virtual machines, and services) that can be rapidly provisioned and released with minimal
management effort or interaction with a provider of the service. This cloud model may include at least five

characteristics, at least three service models, and at least four deployment models.

[0038]  Characteristics are as follows:

On-demand self-service: a cloud consumer can unilaterally provision computing capabilities, such as server time
and network storage, as needed automatically without requiring human interaction with the service’s provider.
Broad network access: capabilities are available over a network and accessed through standard mechanisms that
promote use by heterogeneous thin or thick client platforms (e.g., mobile phones, |laptops, and PDAs).

Resource pooling: the provider's computing resources are pooled to serve multiple consumers using a multi-tenant
model, with different physical and virtual resources dynamically assigned and reassigned according to demand.
There is a sense of location independence in that the consumer generally has no control or knowledge over the
exact location of the provided resources but may be able to specify location at a higher level of abstraction (e.g.,
country, state, or datacenter).

Rapid elasticity: capabilities can be rapidly and elastically provisioned, in some cases automatically, to quickly scale
out and rapidly released to quickly scale in. To the consumer, the capabilities available for provisioning often appear
to be unlimited and can be purchased in any quantity at any time.

Measured service: cloud systems automatically control and optimize resource use by leveraging a metering
capability at some level of abstraction appropriate to the type of service (e.g., storage, processing, bandwidth, and
active user accounts). Resource usage can be monitored, controlled, and reported providing transparency for both

the provider and consumer of the utilized service.

[0039]  Service Models are as follows:
Software as a Service (SaaS): the capability provided to the consumer is to use the provider's applications running
on a cloud infrastructure. The applications are accessible from various client devices through a thin client interface

such as a web browser (e.g., web-based email). The consumer does not manage or control the underlying cloud
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infrastructure including network, servers, operating systems, storage, or even individual application capabilities, with
the possible exception of limited user-specific application configuration settings.

Platform as a Service (PaaS): the capability provided to the consumer is to deploy onto the cloud infrastructure
consumer-created or acquired applications created using programming languages and tools supported by the
provider. The consumer does not manage or control the underlying cloud infrastructure including networks, servers,
operating systems, or storage, but has control over the deployed applications and possibly application hosting
environment configurations.

Infrastructure as a Service (1aaS): the capability provided to the consumer is to provision processing, storage,
networks, and other fundamental computing resources where the consumer is able to deploy and run arbitrary
software, which can include operating systems and applications. The consumer does not manage or control the
underlying cloud infrastructure but has control over operating systems, storage, deployed applications, and possibly

limited control of select networking components (e.g., host firewalls).

[0040]  Deployment Models are as follows:

Private cloud: the cloud infrastructure is operated solely for an organization. It may be managed by the organization
or a third party and may exist on-premises or off-premises.

Community cloud: the cloud infrastructure is shared by several organizations and supports a specific community
that has shared concerns (e.g., mission, security requirements, policy, and compliance considerations). It may be
managed by the organizations or a third party and may exist on-premises or off-premises.

Public cloud: the cloud infrastructure is made available to the general public or a large industry group and is owned
by an organization selling cloud services.

Hybrid cloud: the cloud infrastructure is a composition of two or more clouds (private, community, or public) that
remain unique entities but are bound together by standardized or proprietary technology that enables data and
application portability (e.g., cloud bursting for load balancing between clouds).

A cloud computing environment is service oriented with a focus on statelessness, low coupling, modularity, and
semantic interoperability. At the heart of cloud computing is an infrastructure comprising a network of

interconnected nodes.

[0041] Referring now to FIG. 1, illustrative cloud computing environment 50 is depicted. As shown, cloud
computing environment 50 includes one or more cloud computing nodes 10 with which local computing devices
used by cloud consumers, such as, for example, personal digital assistant (PDA) or cellular telephone 54A, desktop
computer 54B, laptop computer 54C, and/or automobile computer system 54N may communicate. Nodes 10 may
communicate with one another. They may be grouped (not shown) physically or virtually, in one or more networks,
such as Private, Community, Public, or Hybrid clouds as described hereinabove, or a combination thereof. This
allows cloud computing environment 50 to offer infrastructure, platforms and/for software as services for which a

cloud consumer does not need to maintain resources on a local computing device. It is understood that the types of
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computing devices 54A-N shown in FIG. 1 are intended to be illustrative only and that computing nodes 10 and
cloud computing environment 50 can communicate with any type of computerized device over any type of network

and/or network addressable connection (e.g., using a web browser).

[0042]  Referring now to FIG. 2, a set of functional abstraction layers provided by cloud computing environment
50 (FIG. 1) is shown. It should be understood in advance that the components, layers, and functions shown in FIG.
2 are intended to be illustrative only and embodiments of the invention are not limited thereto. As depicted, the

following layers and corresponding functions are provided:

[0043]  Hardware and software |layer 60 includes hardware and software components. Examples of hardware
components include: mainframes 61; RISC (Reduced Instruction Set Computer) architecture based servers 62;
servers 63; blade servers 64; storage devices 65; and networks and networking components 66. In some

embodiments, software components include network application server software 67 and database software 68.

[0044]  Virtualization layer 70 provides an abstraction layer from which the following examples of virtual entities
may be provided: virtual servers 71; virtual storage 72; virtual networks 73, including virtual private networks; virtual

applications and operating systems 74; and virtual clients 75.

[0045]  Inone example, management layer 80 may provide the functions described below. Resource
provisioning 81 provides dynamic procurement of computing resources and other resources that are utilized to
perform tasks within the cloud computing environment. Metering and Pricing 82 provide cost tracking as resources
are utilized within the cloud computing environment, and billing or invoicing for consumption of these resources. In
one example, these resources may include application software licenses. Security provides identity verification for
cloud consumers and tasks, as well as protection for data and other resources. User portal 83 provides access to
the cloud computing environment for consumers and system administrators. Service level management 84
provides cloud computing resource allocation and management such that required service levels are met. Service
Level Agreement (SLA) planning and fulfillment 85 provide pre-arrangement for, and procurement of, cloud

computing resources for which a future requirement is anticipated in accordance with an SLA.

[0046]  Workloads layer 90 provides examples of functionality for which the cloud computing environment may
be utilized. Examples of workloads and functions which may be provided from this layer include: mapping and
navigation 91; software development and lifecycle management 92; virtual classroom education delivery 93; data
analytics processing 94; transaction processing 95; and a cloud-based service for fine-grained visual recognition in
mobile augmented reality 96, it being understood that cloud, non-cloud/local, and combined approaches could be
employed. For example, some embodiments reside on a user’ smart phone, laptop, or other mobile device 54A,

54C and optionally interact with elements in the cloud.
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[0047]  One or more embodiments advantageously provide a system and method for augmented reality driven
visual recognition. Despite the recent advances in Augmented Reality (AR), most AR user experiences remain
primitive, and lack intelligence and automation, which make user interaction rather unintuitive. Although AR enables
tracking of virtual objects and annotations in physical spaces through computer vision techniques, it is not inherently
intelligent to actually recognize semantics of what it sees. For example, in the technical support domain, AR can
recognize a laptop in the form of a point cloud to enable tracked annotations on top of the laptop, but it does not
actually know that it is looking at a laptop without the user labeling that particular point cloud to be of a laptop. Nor
would AR be able to understand if the laptop’s cover was open or closed, or that the laptop has its heat sink
removed, and so on. The lack of semantic, fine-grained recognition requires all interaction to be driven by the user
by identifying what the user is looking at (e.g., through pre-labelling objects, specifying the state of an object, etc.)
before the user can have the relevant AR content projected to the user's view, and thereby significantly limits the
interaction. To address this gap and provide enriched AR user experiences, one or more embodiments provide a
more fine-grained visual recognition approach, which recognizes not only objects but also parts of or state
change(s) of an object. This approach enables AR applications to automatically render the relevant AR instructions

in the right context by detecting the state change of a part of an object.

[0048]  Recognizing fine-grained categories (e.g., car models, bird species) is a very challenging problem as it
requires the capability of localizing and identifying marginal visual differences. Most existing work relies on human-
annotated data sets leveraging bounding boxes to represent relevant features, but this is very difficult to scale.
Weakly-supervised part models using convolutional neural networks (CNNs) with category labels have no
dependencies on bounding boxes for data labeling, hence greatly increasing their applicability. Such approaches
include two steps: part localization by training from positive/negative image patches and then extracting fine-
grained features for recognition. However, these approaches are not directly applicable where dynamic camera
movements bring noise to the captured images. Similarly, a Region Proposal Network (RPN) does not work well in
complex scenarios, such as state recognition for hardware repair, since many parts (e.g., RAM sticks, screws) may
look identical, yet a combination of those can represent different state(s) of the hardware. Such RPN-based models
lack the ability to focus on specific parts of interest. Existing approaches share the same assumption that the

distinguishable parts are adequately captured in input images, which may not always be the case in practice.

[0049]  Prior-art techniques typically either assume input images taken from twelve fixed viewing angles around
the object (azimuth angles with a step of 30°), or use random images in a group or pairwise form. Unlike prior
systems which assume that the user knows how and where to take the input images, one or more embodiments
guide the user to capture images from the most informative Regions of Interest (ROls), based on the camera pose

and the 3-D point cloud representing the target object.
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[0050]  Active recognition typically involves learning a generative model of the object, and then selecting views
based on entropy reduction. Recently, the “ShapeNets’ framework has been proposed to model objects as a voxel
grid, and to learn a generative model based on convolutional deep belief networks to allow for view synthesis from
unseen viewpoints. An end-to-end policy learning for active visual categorization, and a framework for exploring
unseen environments for unknown tasks, have also been proposed. However, such models typically cannot

guarantee the completeness of the perception of the object such that all pertinent parts are captured.

[0051]  One or more embodiments advantageously provide a solution that takes advantage of AR-specific data,
such as real-time generated 3-D feature points and camera pose(s), to complement the images captured by the
camera for fine-grained visual recognition. First, use a set of training videos and learn ROIs, which have
appearance changes that distinguish different states. Actively track the 6-DOF camera pose to ensure that the
camera is kept at the right distance and viewing angle to the ROls, and to minimize occlusions or other noise to the
input images of the visual recognition model. To improve the robustness of recognition, one or more embodiments
provide a discrete multi-stream Convolutional Neural Network (CNN), in conjunction with bi-directional Long Short
Term Memory (LSTM), namely, a Discrete-CNN-LSTM (DCL) model, to extract not only spatial, but also temporal

data to predict state changes.

[0052]  One or more embodiments address the unique problem of fine-grained visual recognition in a mobile AR
setting, and combine image, 3-D feature point and camera pose data to actively predict object state changes. One
or more embodiments generate ROI candidates from merged 3-D feature points collected from AR sessions, and
automatically extract distinguishable ROls using deep CNN feature representations, which are tracked and cropped
for fine-grained recognition. One or more embodiments employ an inventive Discrete-CNN-LSTM (DCL) model,
with distributes ROl images on discrete multi-stream CNN branches and aggregates information with bi-directional
LSTM layers. Multi-stream CNN with shared weights solves the contradictory problem between high image
resolution required for fine-granularity (and thus larger model size), and the shrinking resolution as the number of
ROls increases. The LSTM layers aggregate the visual information in the temporal domain to further enhance the
prediction stability. In a non-limiting exemplary experimental embodiment, an iOS application was built using an AR
development platform (Apple’s ARKit augmented reality development platform for iOS) and an end-to-end machine
learning platform (the open-source TensorFlow platform) to demonstrate effectiveness and provide comprehensive

evaluations using the hardware maintenance application scenario.

[0053]  Augmented reality (AR) is currently used for a variety of purposes, including technical support. AR
systems are computerized vision systems that overlay the real world with virtual material. Augmented self-assist
involves superimposing step-by-step three-dimensional (3-D) animated instructions onto images of the hardware to
be worked on; it is more intuitive and engaging than previous systems. Previous systems, due to lack of fine-

grained visual recognition, have typically required human analysis and a manual choice of an applicable set of
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instructions to view. One or more embodiments advantageously recognize the state of the object and the repair
and automatically provide a correct set of instructions. As defined herein, a ‘visual state’ of an object refers to the
visual configuration of an object, such as a machine under repair, at a given point in time; e.g., battery installed/not
installed, latch up or down - a characteristic of an object that is present, as opposed to mere absence/presence of
the object per se. In the battery example, the “visual state” is the state of the motherboard as opposed to the
battery. In one or more embodiments, this is enabled by fine-grained visual recognition, heretofore not available.
Refer to FIG. 3A. ltis desired to determine whether the fan 303 and/or battery 305 have been removed. Because
of the distance from the camera, it is difficult to determine whether the battery has been removed, and thus, it is
appropriate to “zoom in,” asin FIG. 3C. In FIG. 3B, another potential problem can be seen; namely, the battery 305
is occluded by wires 307. In FIG. 3-D, yet another potential problem can be seen; namely, the battery 305 is
occluded by the user's hand 309. Note also CPU 311.

[0054]  One or more embodiments advantageously provide a visual recognition system which recognizes the
visual state of the machine under repair, which can provide, for example, the following three functionalities:
Present corresponding AR instructions automatically.

Verify that all pre-requisites are met to move to next step.

Answer the question “Where am 17" (Recognize the state of the machine after an interrupted repair process).

[0055]  One or more embodiments provide very fine-grained perception of the object. The object can
advantageously be viewed from an appropriate viewing angle such that key components are visible to the camera.
One or more embodiments enable zooming in to local areas of the image; for example, to detect whether a small
screw is installed or missing (or other fine-grained detail). The object may be temporarily occluded by the users'

hand or tools (FIG. 3D), which brings “noise” to the images.

[0056]  Additionally, unlike traditional visual recognition scenarios which take well-taken images as input, the
inputimages in AR scenarios are captured from a dynamic moving camera. One or more embodiments address the
challenges to reliable and stable recognition results due to partially captured images or blurred images caused by

fast camera movements.

[0057]  Heretofore, current visual recognition algorithms have not been able to provide good results in such
problematic cases. One or more embodiments advantageously provide a framework capable of fine-grained
recognition. Referring to FIG. 4, one or more embodiments include an off-line phase 403 and an on-line phase 405.
For the off-line phase, because of the AR, objects can be scanned with a camera to detect three-dimensional (3-D)
feature points of the object, and track the object's pose, orientation, and location of the camera. In one or more
embodiments, in the off-line phase, first scan the object so that a 3-D model of the object can be constructed, at

407. In the meantime, capture video frames/images of the object at 409. The captured data is employed for ROI
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(region of interest) extraction 411. For example, the battery and CPU fan are regions of interest. One or more

embodiments employ algorithms to automatically extract such ROls (offline ROI capture) 413.

[0058]  Once the ROlIs are captured (off-line 413, on-line 414), one or more embodiments determine ROI
images (off-line 415, on-line 416) - this can involve, for example, calculations to determine how to crop thumbnail
images, as well as concatenation of thumbnails. For example, concatenate a number of images of interest (in a
non-limiting example at 541 and 803-1, 803-2, ..., 803-M, nine images in a three-by-three arrangement) (such as
the battery, CPU, chip, and the like); the concatenated images can be used for visual recognition 417 during the on-
line phase 405. In one or more embodiments, during the off-line phase 403, a deep learning model is trained at 419

based on the concatenated images 415. The model is used on-line in real time for visual recognition 417.

[0059]  Inone or more embodiments the visual recognition is a two-step process: (i) ROl extraction 411 and (ii)
ROI concatenation and visual recognition. One or more embodiments thus do not feed the entire image into the

model for visual recognition.

[0060]  FIG. 4 thus shows pertinent steps for the system design, which can be divided into off-line 403 and on-
line 405 phases. In the off-line phase 403, at 407, first scan the object (e.g. with a mobile device) to construct the
object model, which is a 3-D point cloud representation of the object, which can be used for re-localization 404,
During the scanning, collect the camera poses and detected point clouds and video frames, at 409. The ROI
extraction down-samples the 3-D point cloud representation from the object model at 411 to generate a set of ROI
candidates, which are further filtered at 413 (e.g. due to (i) blurring caused be excessively fast camera motion
and/or (i) occlusion of the region of interest) such that only those ROls that have appearance changes are
selected. Based on the selected ROlIs, crop the saved frames to generate ROl images 415, which are used for

recognition model training 419.

[0061] Inthe on-line phase 405, first detect the object using the object model and re-localize the mobile device
with respect to the object at 404, such that the extracted ROlIs stay on the same positions with respect to the object.
Based on these ROIs on the object, at 414 zoom into each ROl and crop the local high resolution images, which
are further processed to obtain images 416 used for visual recognition 417 (on-line) (images 415 are used for
model training 419 (off-line)). Based on the recognized “state” of the object, corresponding AR instructions are

automatically presented.

[0062]  FIG. 5 shows an alternative view, discussed elsewhere herein.

[0063]  FIG. 6 shows an exemplary process for ROl generation. First, at 503, scan the object of interest (here, a

laptop computer) 502 with an AR development platform; one non-limiting example is Apple’s ARKit augmented
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reality development platform for iOS mobile devices; another is Google’s ARCore software development toolkit (the
skilled artisan is familiar with the ARKit platform, ARCore toolkit, and the like). As seen at 505, this results in an
accumulated point cloud of feature points; in essence, a rough representation of the object. Then, at 507, detect
the outliers, which are depicted in red in view 509. At 511, remove the outliers to obtain view 513, a point cloud
representation of the object 502. At 515, carry out voxel grid down-sampling to obtain view 517, wherein each point
is a centroid of a small voxel of the 3-D space. In essence, down-sample to a certain size. Then, at 519, estimate
the normals of the voxels to obtain view 521. At 523, process view 521 to obtain candidate regions of interest 525-
1, 525-2, 525-3, 525-4, 525-5, 525-6, and 525-7. Only seven are shown to avoid clutter; however, in general,
regions of interest are generated to cover the entire surface of the object 502. There is typically an ROI for each dot
with a protruding normal; only seven ROls are shown to avoid clutter. At 529, project the candidate ROls onto the

2-D image to obtain view 531.

[0064]  One or more embodiments leverage the camera pose tracking in AR to keep the camera focusing on
Regions of Interest (ROIs), such that noisy background information can be filtered out; the result is robust against

arbitrary device movements.

[0065]  Referring now to FIG. 7, identify those ROls that are most distinguishable between different object
states. Focus on those (distinguishable) ROls and exclude the ROls that are noisier (i.e., those that contain
background). The regions of interest are represented by 3-D coordinates, which are projected onto 2-D images. At
533, carry out ROI extraction to obtain view 535 with two ROIs. Then, at 537, carry out image cropping and
zooming to obtain cropped and zoomed images 539 (small regions of interest); images are typically obtained for
each ROI for each state of interest. Concatenate the cropped images as seen at 541 in the lower right-hand corner
of FIG. 7. As seen at 543, train a model 545 to classify such images. During the training process, for each state
change, it is typically possible to determine which ROls have the most significant impact. For example, if it is
desired to detect whether or not the battery has been removed, the user is guided to focus on the battery ROI to
resolve any confusion about the actual state. In this context, in one or more embodiments, the ROIs refer to all the
ROls that have significant impact. Besides, it is also known which ROls have visual changes from one state to
another. For example, one or more instances have four states: battery, battery off, cpu on, cpu off, and two ROls
(battery and cpu). If the system is ambiguous about battery on/off, then this ROl should be scanned, instead of the
cpu. Each ROI is associated to a certain state change; in one or more embodiments, that is how the users are
guided to move the camera when uncertainty happens. The probability of each state indicates which state is
desired to be detected. For example, if the state/probability is state 0: 0.05, state 1: 0.45, state 2: 0.5, that means

the system is confused by state 1 and 2. The corresponding ROls should be scanned.

[0066] Referring now to FIG. 8, in one or more embodiments, at run time, take as input video frames 703; 3-D

feature points 705; and camera pose data 707 (camera orientation and location) as input, and based on the RO, as
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at 709, carry out a 3-D to 2-D projection, and obtain images for each ROl and concatenate them together for
recognition. Referring also to 708, one or more embodiments only capture ROl images when voxels are occupied.
As seen at 711, obtain, for each ROI, a zoomed local image and viewing pose, which can be concatenated to
obtain recognition model 545. This technique advantageously permits obtaining very fine-grained images with high
accuracy. This is due to the use of high-resolution images and the cropping to consider only ROls with changes.
One or more embodiments are robust to camera movements and automatically ignore occluded and/or blurred (e.g.

due to too-fast camera translation and/or rotation) images.

[0067]  Thus, one or more embodiments leverage camera pose tracking and 3-D feature points, which are
“byproducts’ of AR, Advantageously, one or more embodiments are able to detect very fine-grained changes
with high accuracy as very detailed sub-areas are captured. Such areas are zoomed in and cropped out during
scanning. One or more embodiments are robust against occlusions from the user’s hand, tools, etc. as 2-D
images are only captured when the voxels of interest are occupied. One or more embodiments are robust to

camera movements and ignore blurred images automatically.

[0068]  FIG. 9 shows aspects of model design. Multiple branches 803-1, 803-2, ..., 803-K are provided for
feature extraction. These are obtained by separating the ROls into multiple branches; for example, 803-1 includes
ROls zero through eight; 803-2 includes ROls nine through seventeen; and 803-K includes ROIs 9%(K-1) through N-
1 (N = total number of ROls, numbered 0 through N-1, and K = number of branches). In some instances, there
might be less than eight ROls and only a single branch 803-1 might be employed, for example. Putting too many
ROls into a single image will undesirably compress the resolution, because the input to the CNN is fixed. Thus, the
ROls are typically distributed into multiple branches; this advantageously saves computational overhead, because
updating one ROl image only requires running one branch of feature extraction. Thus, the feature extraction
process is shown generally at 805, and it makes use of convolutional neural network(s) 807. At 809, carry out
spatial information aggregation by concatenating all the extracted features 810, as seen at 811. At 813, carry out
temporal information aggregation: for each time step t-n, ..., t-1, t, the spatial information is pooled. In one or more
embodiments, a long short-term memory (LSTM) layer 815 is used, eventually leading to a fully connected layer
817 for classification 819. The distribution of the ROIs into multiple branches, such that each ROl has adequate

resolution, is advantageous in one or more embodiments.

[0069]  One or more embodiments provide a method of fusing 2-D video frames and 3-D point clouds in AR for
fine-grained visual recognition, which is robust against random camera movements and occlusions. One or more
embodiments generate ROI candidates from accumulated sparse 3-D feature points collected from AR sessions,
and extract the most distinguishable ROls using Gradient-weighted Class Activation Mapping (Grad-CAM). One or
more instances leverage the accurate camera pose tracking for ROl tracking and cropping, such that the

recognition model can focus on ROIs no matter how the camera moves (some embodiments carry out ROI cropping
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automatically, based on camera location). This is more efficient and robust compared to region proposal networks.
One or more embodiments employ a multi-stream CNN with bi-directional LSTM with an attention mechanism
neural network that takes sequences of ROIs and camera poses as input, and extracts the spatial and temporal

information for robust visual recognition.

[0070]  One or more embodiments are able to detect very fine-grained changes with high accuracy as very
detailed sub-areas are captured. Such areas are zoomed in and cropped out during scanning. One or more
embodiments are robust against occlusions from the user's hand or other tools as 2-D images are captured only
when the voxels of interest are occupied. One or more instances are robust to camera movements and ignore

blurred images automatically.

[0071]  One or more embodiments identify ROls automatically, by learning from the data, and take as input not
only images and poses, but also 3-D feature points. In one or more embodiments, multiple ROls are captured
concurrently, and ROls from images are tracked and cropped automatically using camera pose and projection.
One or more embodiments employ a multi-stream CNN-LSTM with distributed ROI concatenated images as the

underlying deep learning model.

[0072]  One or more embodiments provide a method for generating augmented reality driven repair guidance
including scanning an object of interest using a mobile device; extracting camera pose and frame information from
the scan; extracting a frame showing regions of interest which define visually changing aspects of objects; cropping
frames showing regions of interest to only contain relevant portions; and automatically detecting occlusion of
targeted regions of interest to activate the deep learning model only when there are actual changes. Further steps
include feeding cropped frames to a deep learning model to detect visual changes in the state of the object; using
the detected object state to determine what instruction(s) to render through AR; and guiding the user to the relevant

ROI based on real-time prediction results.

[0073]  In some cases, extracting frames showing regions of interest is performed automatically by training a
CNN-based deep learning model, which includes; region of interest candidate generation; and selecting the most
pertinent regions of interest. In some such cases, cropping frames showing regions of interest to contain only
relevant portions to increase visual recognition accuracy includes: cropping and concatenating the regions of
interest from image frames; and data augmentation of individual region of interest images and concatenating them.
In some such cases, cropped frames are fed to a deep learning model to detect the visual changes in the state of

the object; a multi-stream CNN-LSTM model takes distributed concatenated images as input for inference.

[0074]  The skilled artisan will thus appreciate that visual recognition in AR can play an important role to realize

the true value of AR-assisted repair. One or more embodiments provide an approach for fine-grained active visual
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recognition in augmented reality, which is capable of recognizing very fine-grained details of a complex 3-D object,
such as a screw removed from a machine. One non-limiting exemplary implementation employs an iOS-based

mobile app, and can be used for hardware maintenance.

[0075]  Leveraging AR tracking for visual recognition is quite pertinent in one or more embodiments. One or
more instances provide a frame-filtering algorithm with pose clustering and inertial sensor-based best frame
selection. Embodiments can be used in many different applications; e.g., AR-assisted repair work (vehicles,
electronics, self-assembled furniture, and the like); education (handicraft making, and the like); entertainment;

gaming; and so on.

[0076]  One or more embodiments are not limited to classifying object categories, but rather are capable of
classifying fine-grained states. One or more embodiments are capable of handling 3-D objects and not merely 2-D
images. One or more embodiments work successfully with cameras commonly found on mobile devices such as
phones, tablets, and the like. One or more embodiments recognize 3-D objects in video frames, leveraging the

camera pose from AR,

[0077]  Augmented Reality is increasingly explored as a new medium for two-way remote collaboration
applications to guide participants more effectively and efficiently via visual instructions. Users are striving for more
natural interaction and automation in augmented reality applications. One or more embodiments provide new visual
recognition techniques to enhance the user experience. Although simple object recognition is often used in
augmented reality towards this goal, most collaboration tasks are too complex for such recognition algorithms to
suffice. One or more embodiments provide an active and fine-grained visual recognition approach for mobile
augmented reality, which leverages 2-D video frames, 3-D feature points, and camera pose data to detect various
states of an object. One non-limiting exemplary application is a mobile application for hardware support, which
automatically detects the state of object for which support is sought to present the right set of information in the right
context. One or more embodiments advantageously overcome limitations of prior-art techniques, which require all

interaction to be driven by the user due to lack of semantic, fine-grained recognition.

[0078]  One or more embodiments provide enriched AR user experiences, more fine-grained visual recognition,
i.e., recognizing not only objects but also parts of or state change of an object, usable in a wide range of application
scenarios, including technical support. One or more embodiments advantageously overcome various challenges in
providing such fine-grained visual recognition capabilities. For example, referring back to the example of FIGS. 3A-
3D, a technician is replacing the CPU 311 of this computer. To render the relevant AR instructions in the right

context, the visual recognition mechanism should be able to detect the state change of a part of this computer - the

motherboard, for example. Only when both the battery 305 and the fan 303 are removed from the motherboard,
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should the AR instructions for CPU removal be rendered. Compared to traditional visual recognition methods,
implementing such state recognition requires addressing the following challenges in an AR application:

i) Camera Distance: Depending on the target object or object parts that need to be recognized, the machine
learning model typically requires the camera to be at a varying distance to the object. For example, in FIG. 3A, in
order to recognize the whole machine in the camera field of view (FoV), the camera needs to be far away from the
machine, while to recognize the battery, the camera needs to be closer to the machine. This requires adjusting
camera distance dynamically to achieve fine-grained visual recognition.

ii) Viewing Angle: The relevant target object parts should be visible to be recognized. This means that the camera
should capture the object at a certain angle. FIG. 3B shows the machine being viewed from a particular angle
where the battery is occluded by wires, whereas in FIG. 3C the battery is clearly visible. Unless a proper viewing
angle is maintained, visual recognition naturally results in poor accuracy.

iii) Noisy Input: As shown in FIG. 3D, a common challenge in AR-driven hardware support is that the object may be
temporally occluded by the users' hand or tools. It is also common that the input images are captured by a moving
camera; hence, they can be blurry at times. All these factors make input images noisy for the visual recognition
model. One or more embodiments, advantageously, are robust in dealing with such noisy input, while providing
reliable and stable recognition results. In addition to these challenges, one or more embodiments are designed to

work within the resource and power constraints of mobile devices.

[0079]  One or more embodiments enable a machine to mimic the process of human perception and reasoning:
to detect state changes, embodiments enable the camera to focus on discrete local areas that change appearance
in different states; prompt the user to adjust to proper viewing angles to collect images from these local areas, and

make prediction(s) on state change only when sufficient visual data is collected.

[0080]  One or more embodiments take advantage of AR-specific data, such as real-time generated 3-D feature
points and camera pose(s), to complement the images captured by the camera for fine-grained visual recognition.
One or more embodiments first use a set of training videos and learn Regions of Interest (ROIs), which have
appearance changes that distinguish different states. One or more embodiments actively track the 6-DOF (six
degree of freedom: x, y, z translation plus pitch, yaw, and roll) camera pose to ensure that the camera is kept at the
right distance and viewing angle to the ROlIs, and to minimize occlusions or other noise to the input images of the
visual recognition model. To improve the robustness of recognition, one or more embodiments provide a discrete
multi-stream Convolutional Neural Network (CNN), in conjunction with bi-directional Long Short Term Memory
(LSTM), namely a Discrete-CNN-LSTM (DCL) model, to extract not only spatial, but also temporal data to predict

state changes. One or more embodiments;

[0081]  Address the unique problem of fine-grained visual recognition in a mobile AR setting, and combine

image, 3-D feature point and camera pose data to actively predict object state changes.
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[0082]  Generate ROI candidates from merged 3-D feature points collected from AR sessions, and extract
distinguishable ROIls automatically using deep CNN feature representations, which are tracked and cropped for

fine-grained recognition.

[0083]  Provide a Discrete-CNN-LSTM (DCL) model, with distributes ROl images on discrete multi-stream CNN
branches and aggregates information with bi-directional LSTM layers. Multi-stream CNN with shared weights solves
the contradictory problem between high image resolution required for fine-granularity thus larger model size, and
the shrinking resolution as the number of ROls increase. The LSTM layers aggregate the visual information in the

temporal domain to further enhance the prediction stability.

[0084]  Provide a mobile (e.g. iOS) application using a toolkit such as ARKit and a large-scale machine learning

system such as TensorFlow, useful, for example, in the hardware maintenance application scenario.

[0085]  The acronym AFVR is used herein to refer to Active Fine-Grained Visual Recognition. It is worthwhile to

consider basic AR concepts relevant to one or more embodiments.

[0086]  Object Model. An object model is a point cloud, or a collection of 3-D feature points that represent a
physical object. It is constructed from images taken from different angles with the object in view. During an AR
session, the object model is used by the mobile device to re-localize itself, i.e., understand its relative position and
orientation with respect to the physical object. Device re-localization is quite pertinent in one or more embodiments
because it determines where AR content is projected with respect to the object. One or more embodiments use the

object model not only for re-localization, but also to determine the ROls.

[0087]  Camera Pose. Camera pose refers to the position and the orientation of a mobile device in 3-D space.
AR software development kits (SDKs), such as ARKit and ARCore, leverage visual-inertial odometry to track
camera pose using motion sensing combined with computer vision analysis of the scene. Camera pose is

represented as a 4x4 matrix M, which describes the rotation, scale and transition of the device coordinates.

[0088]  Feature Points. Feature points represent notable features detected on images. Feature points collected
from different viewing angles form the object model or point cloud, which is used for AR tracking. Feature points at
each frame are represented as P = {po, p, . . ., p}, where pi = {X; y;, z}is the location of a point /in 3-D space, and

Nis the total number of points.

[0089]  Inone or more embodiments, an initial step of AFVR is to identify Regions of Interest (ROIs) that
represent the object state change. Then, leverage the camera pose tracked in AR to keep the camera focused on

ROls so that adequate video frames are captured for state recognition. Finally, filter out noise in the frames to
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improve robustness of the recognition. FIG. 5 illustrates design of an exemplary system, which includes both off-line

and on-line components.

[0090] In the off-line phase 403, first harvest data from the AR remote sessions via crowdsourcing 599, or (as
at 597) have a dedicated user to scan the object with a mobile device to construct the relevant object models (as at
595) — 3-D point cloud representations of the object in different states. Also collect the camera poses, the
corresponding feature points and video frames. Next, the ROI extraction step 593 generates a set of ROIs, based
on video frames collected in different states. These ROIs will determine what images should be generated from

video frames to recognize object states.

[0091]  In the on-line phase 405, AFVR first detects the object and re-localizes the mobile device with respect to
the object at 591, using the object model. The ROIs 589 identified in the off-line phase are also be mapped to the
object, as described elsewhere herein. Next, crop the images of these ROls to keep only the relevant areas of the
ROls 587, and further process them to train the model for state recognition as at 585. During real-time recognition
583, the mobile app instructs the user (at 581) to position the camera at the right distance and viewing angle to the
object, and applies the trained visual recognition model to predict the current state. Based on the predicted state,
the applicable object model is automatically selected for AR tracking, and the corresponding AR instructions are

rendered accordingly.

[0092]  Refer also to FIG. 10 which shows how pose-independent coarse-grained recognition selects the correct
object model for re-localization, which enables fine-grained recognition. Carry out coarse-grained recognition 1003
on a plurality of video frames (e.g. 1001-1, 1001-2, 1001-3; any appropriate number of frames can be used). In
decision block 1005, determine whether there has been a state change. If not (NO branch), proceed to fine-grained
recognition 1011, present the AR instructions to the user at 1013, and the user manipulates the device at 1015
while additional frames are captured. On the other hand, if there has bene a state change (YES branch of decision
block 1005), load a new object model at 1007, re-localize the device at 1009, and then continue with fine-grained

recognition 1011.

[0093]  Object Model Construction: To construct an object model, scan the physical object using ARKit's (or
similar) scanner functionality and extract feature points to create the 3-D point cloud. The feature points extracted
from video frames are accumulated during the course of scanning from different viewing angles. Note that there is a
trade- off between the accuracy and computational overhead of AR tracking, determined by the density of feature
points in the point cloud. In one or more embodiments, leverage relatively sparse AR tracking, and denser point

clouds for ROl identification, as described elsewhere herein.
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[0094]  Inone or more embodiments, construct separate sparse and dense point clouds for physical objects in
different states. This can be accomplished, for example, if the user knows a priori the different states of an object,
and performs a separate scan in each state. Point clouds representing different states can also be obtained
implicitly from AR-driven remote assist sessions if the users explicitly mark the state change verbally or manually
during the session. An exemplary inventive point cloud generation algorithm takes images corresponding to each

implicit state as input, and generates the relevant point clouds.

[0095] In practice, the point clouds generated may have a lot of noisy feature points due to, for example, depth
estimation inaccuracy. One or more embodiments further filter the feature points by removing the ‘non-smooth’
outliers from the neighborhood of each feature point. Specifically, for each point pi, compute its mean distance to all

its k nearest neighbor points gi(j=1, 2, ..., k) as:

d; = 1/k- Y} dist(pi,q;)

and the standard deviation as

0=/ L (dj—d))

where dist(p;, g)) is the Euclidean distance between point p; and g;. Assuming the distribution of distance to

5

neighbors is Gaussian; * j all the points with distances d > u + a-o are considered outliers, thus
removed. Here ais a parameter that controls the "smoothness" of the point cloud surface. In one or more
embodiments, set k=50 and a=1.0. As shown in FIG. 6, first detect s, marked in red at 509, then derive the clean

point cloud 513,

[0096]  After this step, obtain the point clouds that robustly represent the object in different states. For each
state, a dense point cloud with more feature points is generated for ROl identification, while a down-sampled,
sparse point cloud is created for efficient tracking. The point clouds generated in different states can be easily
aligned in the same 3-D coordinate system since they use the same sparse point cloud for re-localization. ARKit re-
localization has a certain tolerance to appearance or shape changes; thus, re-localization works well as long as

object changes are partial or minor.

[0097]  ROI Identification: ROl is a segment in the 3-D space where an object’s physical appearance changes
due to the state change. To visually recognize the changes in an RO, project the ROI to a region in the 2-D image
taken from a certain viewing angle of the object. The simplest way to identify an ROl is to rely on human
knowledge: an expert user can draw the boundaries of ROls on given images. This is tedious in practice, and can

easily lead to inconsistency in ROI or state definitions due to different human interpretations. Hence, one or more
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embodiments provide an approach to automatically identify the ROls, given a set of images and point clouds

labeled with different states, as discussed elsewhere herein.

[0098] Voxelization: In one or more embodiments, segment the 3-D space into voxels of a fixed size. An ROI
includes one or multiple voxels, which may contain some (or no) feature points. To identify the ROls, a consistent
way to project voxels onto 2-D images is appropriate. For that purpose, define the anchor point for a voxel to be the
centroid of all features points contained in this voxel. When projecting the voxel, this anchor point is first projected
to the 2-D image. Centered around this anchor, a square area with width w is cropped out of the image to represent
the corresponding voxel. This ensures that the projected image contains sufficient visual details of the object

surface. View 517 shows the anchor points for all voxels of a sample object.

[0099]  To ensure that sufficient visual details are collected for a voxel, ensure that the object appears in the
camera’s field of view. This is enabled by estimating the normal of the anchor point, with respect to the object
surface. Estimate the normal vector at the anchor point by calculating the normal of the plane tangent to the object
surface at the anchor point. This can be achieved by least-square plane fitting, using libraries such as point cloud

library (pcl). Examples of the estimated normal vectors are shown in view 521.

[00100] ROl Image Selection: Given camera-captured images of an object, crop out the ROI candidate images
that can serve as input for object state recognition. An ROI candidate image is a square segment cropped around
the voxel anchor at {x, y, z} with width w. Project the voxel anchor and all vertices of an ROI candidate to the
camera-captured image, and choose the minimum-bounding rectangle that covers the projected ROI as the crop-
ping area. Given the camera pose (represented as a transformation matrix Meamera) and the coordinates of a point in

3-D space Puarg, project this point to be in camera coordinates with:

-R;'{éfﬁéf?'{l — Dworld ” M canerd ( ”

where Peamera is the projected point in camera coordinates. Use perspective projection to project the point in camera

coordinates to the image plane by a simple division of the point's x and y coordinate by the z coordinate;

Pramera * X

~FPeamera " 2 (2)

p y = Feamera -y
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Then, convert the 2-D point in image space to raster space, which is represented as pixel coordinates:

it e W i - H

o ey Pyl < ZorlPovi<d

visible = J * b 2 [Pyl < 2 {3}
no otherwise '

Py P oewidih /2

norpe YT width ) { 4}
P y P ovheight /2 :
FeTet i e hed gh{

where W, H are the width and height of the canvas in raster space, and Py, * X, Baorm ' Y @6 normalized
coordinates in raster space, which are further multiplied by the resolution of the image frame so that the pixel
coordinates can be obtained. One ROl is within the FoV only when the four projected vertices are visible. The
images for each visible ROI are cropped from the raw full resolution image frame and resized to a fixed resolution.
Multiple ROls can be cropped simultaneously, as long as they are within the FoV and visible to the camera in one
single frame. A few samples of ROl candidate images are shown at 525-1 through 525-7 after the cropping steps

have been applied.

[00101] Next, select from these ROI candidates the ones that can most differentiate the object states. One or
more embodiments use Gradient-weighted Class Activation Mapping (Grad-CAM) to perform ROl image selection.
For each state of the object, collected images are available from different viewing angles. Crop each image to
obtain the ROI candidate images. According to location of the corresponding voxels, sort and concatenate the
cropped images into single images and resize them to a fixed resolution (e.g., 224 x 224) as input data to Grad-
CAM, as shown in the leftmost of the three images 541. For each state, a subset of these candidate images reflect

the appearance change of the object.

[00102]  Deeper representations in a Convolutional Neural Network (CNN) capture higher-lever visual features.
State-specific information in the input image (i.e., from voxels with appearance change) are usually captured in the
last few convolutional layers that have high-level semantic and spatial information. Grad-CAM uses the gradient
information flowing into the last convolutional layer of the CNN to understand the importance of each candidate
image (other methods such as SIFT and ORB could be used in other embodiments; however, in experiments we
have found that these techniques are not as effective in identifying ROIs since they are searching for similarities,

instead of identifying minor visual differences). A goal of ROI selection is to obtain a class-discriminate localization

X FDHXY
map G S of width v and height v for any class c. For this purpose, compute the gradient of a class
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probability ye with respect to feature maps Akof a convolutional layer, i.e., dak . So the weights aj; can be global-

average-pooled as:
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where Z is the normalization factor and weight aj, captures the importance of the feature map A for a target class c.
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The Grad-CAM heat-map is a weighted combination of feature maps, which is followed by rectified linear units
(ReLU:

G =ReLU | } oA (6)
k

[00103] Thisresults in a coarse heat-map of the same size as the convolutional feature maps (7 x 7 in the case
of last convolutional layers of ResNet50). Then, the heat-map is normalized to 0-1 and resized to the size of the

input image, which is visualized by overlaying it on the input image, as shown at 541.

[00104] A pre-trained ResNet50 on ImageNet is employed in one or more embodiments as the back-bone model
and is fine-tuned to classify the concatenated images from all the states, and then to generate the Grad-CAM maps.
The Grad-CAM maps directly indicate the importance of each candidate image for distinguishing a specific state.
The left-most of the images 541 shows the concatenated image of a subset of ROl candidate images, collected for
a computer motherboard. In this example, the object has three states: default, battery removed, CPU removed. The
cropped image indicating baftery removed is in the upper right corner of the image concatenation, while that for
CPU removed s at the center of the concatenation. The middle one of the images 541 shows the Grad-CAM
heatmap overlaid on the image, which correctly indicates the two cropped images mentioned above are the best

ROl images for differentiating these three states.

[00105]  One or more embodiments build a super set of all the top 3 ROI candidates for each state selected from
Grad-CAM and remove the duplicates. This new set of ROIs are used for final visual recognition model training and

inferences during the on-line phase.

[00106] Visual Recognition Model. With the concatenated ROl images as input, now develop CNN models to
predict the class or state of an object. For simple scenarios, where an object only has a small number of ROls (e.g.,
less than 6x6 concatenated ROl images), a light-weight, shallow CNN with max pooling and batch normalization is

sufficient. As the application scenario becomes more complex, more ROls are appropriate to cover all states. In
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such cases, naively concatenating all ROl images into a single input potentially causes problems: the resolution for
each ROI reduces as the number of ROls increases as the concatenated image resolution is fixed, which leads to
loss of visual details. If the resolution of each ROl is maintained, the concatenated image resolution will quickly

grow to be not suitable as input to the simple CNN model.

[00107] To deal with this challenge, one or more embodiments provide a discrete-CNN-LSTM model, which
contains layers of discrete multi-branch visual feature extraction, followed by layers of spatial and temporal
information aggregation for the final classification. FIG. 9 shows the architecture of the DCL model. The multi-
branch CNN extracts spatial features from concatenated ROl images, which are aggregated by a pooling layer. An
LSTM layer further aggregates the temporal information for stable prediction. Feature extraction 805 includes
multiple feature extraction branches, each of which take concatenated ROl images (containing a maximum of nine
ROls) as input. One or more embodiments use a pre-trained ResNet50 on ImageNet as the base model for feature
extraction, but remove the last fully connected layer of the model, thus obtaining a 2048-dimensional feature vector
for each input image, which is then fed to a pooling layer. In one or more embodiments the ResNet50 inference only
runs whenever there is an ROl image update for the concatenated input image. The image features extracted for
other unchanged branches are reused. In this way, minimize the computation overhead on feature extraction,
thereby significantly reducing the computation overhead and power consumption when the model is implemented

on mobile devices.

[00108] One or more embodiments concatenate all extracted image features after the pooling layer into a single
feature vector, which presents all pertinent visual information for state recognition. Instead of feeding this feature
vector into a fully-connected deep neural network, one or more embodiments use LSTM to model the temporal
relationship between states; the temporal sequence of the feature vectors is fed to the LSTM layer, which predicts
the object state distribution. As discussed elsewhere herein, leveraging the temporal relationship between states

significantly improves the prediction accuracy of the model.

[00109] Active Visual Recognition: The visual recognition model can be trained offline, using the labeled data
collected a priori. When building the mobile application to detect an object’s state, implement the trained visual

recognition model, and also consider two more design aspects; re-localization and RO/ capturing.

[00110]  Re-localization: Re-localization ensures the camera pose is tracked consistently across AR sessions,
with respect to fixed object coordinates. This is pertinent for both capturing the correct ROls and presenting AR
annotations in the right positions relative to the object. One or more embodiments use the sparse point cloud
obtained during object model creation for re-localization, leveraging the object tracking capability of ARKit. In a
given AR application, there are two potential state change scenarios; 1) the state change involves a minor

appearance change, hence the same sparse point cloud can be used for tracking; 2) the state change involves a
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major appearance change, so that a new point cloud needs to be loaded and the AR session re-localizes. One or
more embodiments minimize re-localization to reduce the tracking inaccuracies that occur during AR sessions. For
this purpose, adapt, for example, a ResNet50 model, which uses real time images taken from the object to

determine the significance of state changes, and triggers re-localization only when it is necessary.

[00111] RO Capturing: One pertinent aspect involves capturing ROls as image segments cropped from camera
view. To capture the ROl images in a robust, online manner, one or more embodiments further address the

following problems: occlusion detection, ROl image update, and device movement feedback.

[00112]  Occlusion Detection. An ROI can be only visible to the camera from certain viewing angles, or it can be
occluded by other objects in the scene. FIG. 11 shows such an example. The camera pose 1101 yields valid

capturing of the ROI, while for the camera in view 1103, the ROI is occluded from the camera’s viewpoint.

[00113] A naive approach is to check if sufficient 3-D feature points for an ROl are detected on each frame, so
as to determine if the ROl is occluded. However, due to computation overhead, feature points are typically not
generated in real time for every frame. It is worth noting at this point that the skilled artisan will be familiar with the
manner in which feature points are generated in ARKit: as the mobile device moves around, the device motion is
updated at a high frequency to capture the minor displacement. The feature points are then triangulated to infer
their 3-D positions, which are also used for calibrating the camera pose error by ARKit. Thus, there exists a delay
between the feature points detected and the current frame. As the device is moving from “visible pose” to “invisible
pose” (e.g., from the pose 1101 to 1103, the features detected in 1101 also exist in 1103 for a short time. To
account for this latency, examine the past consecutive five frames as well as the feature points detected in the

corresponding time period, to determine whether the ROl is occluded.

[00114] To determine occlusion for a certain RO, the following three conditions should be satisfied: i) Within the
camera FoV: The projected ROI should be within the current video frame, so that it is ready to be updated. ij) No
sufficient feature points detected: Sufficient feature points must be detected for ROI capturing. If no sufficient
feature points (e.g., > 10) are detected for a short period of three seconds, it indicates occlusion is happening. One
or more embodiments use the accumulated feature points for a short period to avoid false positives, because the
feature points may be too sparse even when the ROl is not occluded. i) Sufficient device movement: Because
feature points rely on triangulation, which requires device movement, the feature points of a frame will remain
unchanged or no feature points are generated if the mobile device remains stationary. Without sufficient feature

points, it is typically not possible to tell whether the ROl is occluded.

[00115] ROl Image Update. When predicting object state online (i.e., while using the AR application), the visual

recognition employs input images from all ROIs, except for those that have not changed visually. Meanwhile, as the
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camera moves around an object, not all ROls are visible to the camera, either because some ROls are outside the
camera’s FoV or because they are occluded. The occlusion has two types: permanent occlusion, which means an
ROl is occluded by other object components permanently in an object state (e.g., a fan covers a CPU); and
fransient occlusion, which is caused by inappropriate viewing angle or temporarily occluded by other objects such
as user's hand. For a specific RO, if it is continually detected as occluded for a long time (one or more
embodiments set an empirical 5 s but other embodiments could differ) when the device is actively moved by the
user while the ROl is within the FOV, classify the occlusion as permanent. In such cases, the image for this ROl is
reset to zeroes for consistency (the state of “Fan is ON” in FIG. 3A can either happen before or after the CPU is
captured, depending whether the machine is being assembled or disassembled). Similarly, when a component is
removed, reset the associated ROls. This is detected if such ROls are within the FOV, but not detected for a period

when they are not occluded.

[00116] If transient occlusion is detected or invisible ROIs are outside the FoV, assume there is no change
visually. Therefore, during model prediction, the corresponding feature extraction branches in FIG. 9 will not be
activated, but will reuse the previously extracted vectors, minimizing the unnecessary computations on the mobile
device to prevent device heating. Usually it is natural for the user to view the object changes through the camera
where AR annotations are displayed; thus, such changes are captured passively. In rare cases, it is possible that
the user has disassembled a part of the hardware which altered its visual state, but if it is occluded or outside of the
FoV, this will not be considered a state change and therefore the next set of instructions will not be provided to the
user. Thus, an exemplary app encourages users to move the camera so as to view the altered object parts such

that the ROls can be efficiently updated, enabling responsive and accurate recognition results.

[00117] When the user holds the camera over an object, the captured video frames are likely to have varying
quality (e.g., blurred images due to fast motion, unclear images due to the viewing angle, or large distance between
the camera and object). To ensure robust recognition, one or more embodiments further filter out the ROl images to
extract the best-quality image set as input for the visual recognition model. As shown in FIG. 12, for each RO, keep
track of device movement and rotation speed ¥, the angle between the camera normal and the ROl normal a, and
the distance from camera to ROI d. Given a camera pose {Xp, ¥, Zo, Nxp, Nyp, Nzp} Where {Xp, ¥p, Zp} is the camera
position and 7y = {Nx, Ny, Nzp} is the camera normal, and an ROl {x;, ¥, z;, nx, Ny, Nz, Wi}, the distance from the

camera to an ROl can be calculated as:

d = \,fl ‘:"« p Ay }: + {‘p . 53\?2 + (: p :;\j

and the angle between the normals of the camera and the ROl is
speed is estimated with the camera pose when a frame is captured at p: and the pose at AT earlier peat (AT is set

to 0.1 sin one or more embodiments). The absolute combined moving/rotation speed can be calculated as
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V=] (pr — proar)
] f ! 1 f Ai < . Normalize the moving speed and rotation speed to balance

their contribution to the combined speed before the calculation. One or more embodiments maintain a queue of 5
input images for every ROI, and they are updated every 300 ms if an eligible ROl is captured by popping out the
first ROl and pushing the new ROI. Five images is an appropriate value in one or more embodiments because it
only requires a small time window of 1.5 s and it minimizes the impact of images captured when the ROI is going
out of the FOV. One or more instances feed an ROl image to the queue only if || < &, a <60° and d < 1m, where
6vis a threshold so that images are not blurred when the device is moving within this threshold (these are empirical
numbers we obtained from extensive experiments; 6, may be different, for example, for different lighting conditions).
To select the optimal ROI, choose the one with the smallest a as it impacts the performance most for the eligible
ROls according to our experiments. Without such queuing and selection, the last update for an ROI usually

happens when it is about to exit the FoV, which is not optimal.

[00118]  Device Movement Feedback. To ensure good-quality ROI capture, the device camera should be
properly positioned. Feedback can be provided through the AR app to guide the user to position the camera such
that it is at the right position and that the user is not moving the camera too fast or too far away from the ROls. The
feedback instructions are shown, for example, only when ROl images are not adequately captured. Specifically, if
the ROlIs are not updated for a period of time (e.g., 10s), which means they are not viewed from appropriate angles
or distances, then appropriate instructions will be displayed to ask the user to move the mobile device. On the other
hand, if recognition results are ambiguous, instruct the user to move the device toward collecting more ROl images,

which are associated with such ambiguous states from ROl identification, until the object state is disambiguated.

[00119]  Experimental Implementation: A non-limiting experimental implementation of AFVR included two parts:
an off-line model fraining program that runs on one or more servers, and an on-line mobile AR app that leverages

the extracted ROls and the trained model to perform fine-grained visual recognition.
[00120]  Off-line Model Training

[00121]  Training Data Generation. The ROI cropping during the training data collection produces a plurality of
images for each ROl under each object state, which are concatenated as the training image for model training. To
minimize the training data collection effort, only require a few minutes of object scanning. Then further enhance the

collected data in two steps:

[00122] (i)Data Augmentation. First augment the ROl images leveraging existing approaches such as random
rotation, shifts, and shear. Random rotation of the ROl images enables much more robust recognition performance

when the object is viewed from random angles. Also shift and shear the ROl images, because the captured ROI
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image may not be centered and may be off-center in a variety of different ways due to the off-set in ROI tracking
caused by device pose estimation error. With such augmentation, populate the images for each ROl under each

object state.

[00123] (ii)ilmage Concatenation. To generate the images that are consumable for model training, the individual
images for each ROI should be concatenated. Since these ROl images capture the information of the
corresponding ROls, and they may be captured at different times, they are thus semi-independent of each other. To
augment the concatenated images, randomly draw the images from each ROl image set, and concatenate them as
anew training sample. This significantly increases the training data amount, and also captures the variety of the

combinations of ROl images.

[00124] One or more embodiments use the same techniques to generate the training data for both ROI

extraction, and the final fine-grained visual recognition model training.

[00125]  Model Training. To collect training data, scan the object at each state for approximately 2 mins. Note
that it is a one-time effort to build the model for a new object. For evaluation purposes, this training program was
run off-line on a PC with a GTX 1080 GPU. The Keras APl with TensorFlow backend is used in one or more
embodiments for CNN construction and training. After the training, convert the visual recognition model to CoreML

format to run on the iOS platform.

[00126]  On-line Mobile App

[00127] We developed an experimental iOS-based mobile application for real-time testing and evaluation. ARKit
is used as an AR SDK for re-localization, camera pose tracking and AR experience rendering. The CoreML
framework is used for executing on-device machine learning inferences. Schedule a task for real-time recognition

and stabilize the result via multiple trials:

[00128]  Recognition Scheduling. Schedule a timer to check whether the ROIs are updated every 300 ms, and
execute the CNN feature extraction branches, whose input image is updated. Execute the spatial and temporal
information aggregation and classification layers once per second if any CNN feature update is triggered. By

updating each branch only when the ROI changes, reduce unnecessary computations.

[00129] Prediction Stabilization. To further stabilize the state prediction result, especially during the transitions
from one state to another, leverage arolling average prediction method. Buffer a queue of the latest N prediction

results, and only output a final result if one predicted state appears N-1 times out of N.
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[00130] Evaluation. The AFVR algorithm was evaluated from multiple aspects: recognition accuracy and impact

factors, comparison with existing approaches, and resource overhead.

[00131] Recognition Accuracy and Impact Factors: To validate the overall system design, we first evaluated the
performance of a naive light-weight CNN model (LW model) with the ROI capturing mechanism, then followed by a
comparison against DCL and VGG-based models. The LW model is a two-layer CNN followed by pooling and fully

connected layers for classification.

[00132] State Recognition Accuracy. Consider the task of replacing a CPU on a desktop machine, which
involves six steps (e.g., removing screws/fan, unplugging wires, releasing CPU latch, etc.). Scan the machine under
each state for 2 mins as training data and another 1 min for testing. Video frames are sampled every 300 ms; thus,
1 minls data collection captures 200 image frames. Extract the ROls and train the LW model for evaluation. FIG. 13
shows the confusion matrix of the results. The recognition accuracy is close to or above 95% for most states,
except state three, which is mis-recognized as adjacent states. This state is easier to be confused with adjacent
states, because the visual difference is very small: the fan collector hides deep in the machine, and it is only visible
from a very limited number viewing angles. Note that these results are based on individual recognition results. We
have found that error results are usually not adjacent to each other; thus, we can further improve the accuracy and
stability with multiple trials, which is evaluated |ater. Nevertheless, the overall results demonstrate that AFVR is

robust enough for practical use.

[00133]  Factors Affecting Model Accuracy.

[00134] Data Augmentation. We evaluated how effective data augmentation (DA) can improve the performance
by populating the training images, especially when training data is limited. FIG. 14 shows the recognition accuracy
under different amounts of training samples from 300 to 1500. It can be seen that data augmentation improves the
accuracy significantly, especially when the training samples are very limited (e.g., < 900). As the size grows, the
accuracy performance becomes stable both with and without DA, although still slightly higher with DA, indicating the

model generalization improvement of DA,

[00135] RO! Size. The ROI size (the length/width of the square) is pertinent for achieving the best recognition
performance. Smaller ROI size enables more focused perception of object parts, and thus more fine-grained
recognition, but also leads to smaller coverage area, which may miss the distinguishable parts due to offsets
caused by device movements. In such cases, it produces larger errors. Larger ROI size enables larger coverage,
thus less possible to miss the distinguishable parts, but at the same time, it also captures more background “noise”
and shrinks the resolution of critical areas for state recognition. We evaluated the impact of different ROI sizes on

the recognition accuracy. FIG. 15 shows the resulting accuracy with ROI size from 1-9 cm. We collected data with
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ROl size 1,3,5,7,9 cm. The experiment shows 5 cm to be the optimal size as it achieves the highest accuracy.

Depending on the actual size of the object, the optimal ROI size may differ.

[00136] Recognition Stabilization. It is pertinent to have stable and accurate recognition results as any incorrect
recognition triggers irrelevant animations or instructions in the AR application. This is not only disruptive but also
confuses users, leading to a poor user experience. We evaluated the false rate (i.e., inaccurate state recognition)
and latency when multiple recognition trials were conducted for each cycle. A recognition trial happens, e.g., every
300 ms; thus, one verdict from multiple trials is fast enough, causing no apparent delay to the user. At least N- 1
trials must indicate the same result out of N trials in a cycle to declare a state result. FIG. 16 shows that more trials
lower the false rate rapidly at the cost of larger latency. This is because more trials give more stable results, thus
reducing false results. With five trials, the false rate is less than 0.5%. We chose five trials for each recognition
circle to balance the stability and latency. Note that in a practical use case, the object states do not change

frequently, and 1-2 s latency is negligible.

[00137] Comparison with Existing Approaches

[00138]  Accuracy Comparison. We compared the performance of LW, DCL models and a representative object
recognition model VGG16. As ROI capturing is a pertinent component for AFVR, we also compared the
performance of all models with ROI capturing and raw image frames. We fine-tuned the VGG16 with pre-trained
weights from ImageNet, and froze all the layers except the last two fully connected layers while training. FIG. 17
shows the results. With ROI capturing, all three models achieved high accuracy (> 97%), and the DCL model has
the highest accuracy of 99.87%. The VGG-based model also has an accuracy of 97.74%, which demonstrates the
effectiveness of the features extracted by VGG16. The results with ROl capturing are significantly higher than those
using raw image frames as input, which achieve only 50% accuracy. This is mainly because of the occlusions and
the lack of fine-granularity. The images may look the same for some states if the changing parts are occluded, thus
causing a lot of noise in the training and testing data. The VGG-based model has the highest accuracy among the
three using raw image frames, even better than the DCL model. This is probably because the DCL model takes

multiple “noisy” frames as input, which is more difficult to converge.

[00139] /mpact of Number of ROIs. As the number of ROls increases, if the resolution of each ROl does not
change, the concatenated image resolution increases. If the concatenated image resolution is fixed, each ROI
image resolution shrinks. Images with too large resolution may need to be reshaped to fit into models such as VGG.
We collected new data on a more complex object, and we manually added more ROls. FIG. 18 shows the results
for 8, 16, and 32 ROls. As the number of ROI grows, the VGG model accuracy drops to < 75% due to the resizing.
LW has better performance than VGG at a cost of increased model size (increasing parameters). The DCL model

has the best performance and only shows a marginal decrease in accuracy.
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[00140] Model Size Comparison. The size of a model is pertinent for it to be executed efficiently, especially on a
resource constrained mobile device. FIG. 19 shows the number of parameters of the three models, as the number
of ROls increases. The VGG-based model has a constant number of 14.85 M as the images are resized to a fixed
resolution of 224 x 224. The DCL model leverages VGG for feature extraction, and thus has more parameters than
VGG. The parameter increases by ~1.6 M every additional 9 ROIs (assuming the input image for each branch
includes 9 ROIs). The LW model has the fewest parameters when ROl is fewer than 25; after that, it grows

significantly faster than the DCL model. Thus, DCL is more suitable for complex objects.

[00141] Results on More Objects: To illustrate generalization, we conducted more experiments on five objects
including more complex machines such as servers. FIG. 20 shows the boxplot of the accuracy of both LW and DCL

models; both of them are above 95%. The DCL model has a higher median accuracy, over 98%.

[00142] Resource Overhead: The resource consumption is pertinent for good user experience and usability. We
measured the AFVR resource overhead on an iPhone 8, in CPU and memory usage. We compared these metrics
when the mobile app is running in different modes: AR only, AR with LW model inference, and AR with DCL model
inference. The table of FIG. 21 shows the results of typical measurements for comparison. The visual recognition
only slightly raises the CPU by about 1-1.5%, and consumes 30+ MB memory. With all the overheads, AFVR can

easily achieve 60 fps, causing no overheating for continuous use.

[00143]  Model Training Overhead. The model training overhead includes two aspects: data collection overhead
and computation overhead. For data collection, a dedicated user can scan the object under each state (each takes
about 1- 2 mins) or crowdsourced data from remote assist sessions can be leveraged. In its current state, the
crowdsourced data is noisy and requires manual pre-processing. For computation overhead, all the data collected
on the mobile device is a “byproduct’ of AR, thus causing minimum additional overhead. Model training is also light-

weight in the backend due to the relatively small data amount for a given object.

[00144] More Sophisticated Models. The exemplary DCL model leveraged VGG16 with pre-trained weights from
ImageNet as the base model, which yields reasonable results. Training a base model based on domain specific
data set can further improve the accuracy and efficiency. Additionally, more sophisticated neural networks, such as

spatial temporal convolutional networks, can be used to improve the performance.

[00145] Thus, one or more embodiments provide an Active Fine-Grained Visual Recognition algorithm that
combined both 2-D video frames and 3-D feature points in AR to recognize the changing visual state of 3-D objects,
even when the change is fairly subtle. One or more embodiments are robust to random camera movements, and
provide reliable and stable visual recognition results by implementing through an iOS-based mobile app, which

focuses on AR-assisted hardware maintenance.
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[00146] One or more embodiments specifically focus on fine grained visual state recognition in AR. One or more
embodiments do not require pre-scanning and pre-labeling each hardware component and then using some
standard pixel level computer vision matching algorithms to detect the hardware component. Pre-scanning or pre-
labeling individual parts of the hardware may not always be possible due to inability to isolate from the
motherboard. One or more embodiments provide fine grained visual state detection (as opposed to component
recognition), which keeps track of even the smallest changes in the scene (such as removing a small screw, lifting
up a tiny lever, etc.). This level of recognition is not possible with 3-D point cloud based object or part recognition,
and employs novel deep learning techniques disclosed herein. This includes leveraging images, 3-D feature points,

and camera poses in AR.

[00147]  One or more embodiments provide an algorithm for visual recognition. One or more embodiments
recognize and understand the current AR scene (i.e., the object state such as cover open vs. cover closed, lever up
vs, lever down, screw in vs. screw out, etc.), and present the applicable set of instructions automatically, as not
every instruction matches every machine state (e.g., one cannot remove a fan unless one has opened the top cover
of the machine). To solve the state recognition problem, one or more embodiments provide a series of deep

learning models and techniques leveraging images, 3-D feature points, and camera poses in AR.

[00148]  One or more embodiments analyze the visual appearances of the ATM to present targeted instructions
for that ATM state, including a series of specific deep learning techniques for fine grained visual state detection,

such as automatic ROI identification, ROI cropping, occlusion detection using 3-D feature points, and the like.

[00149] One or more embodiments provide fine grained object state recognition, which requires analyzing the
current scene and predicting the object state. For example, conventional part recognition allows detecting a CPU
cover in the scene as one looks at a motherboard, while one or more embodiments detect whether that CPU cover
is open or closed, whether its lever is lifted up or is down, essentially very subtle differences in the main scene that
regular part detection algorithms are not able to differentiate. Detecting the visual state (along with the subtle
changes in the visual state) of an object is a very different task compared to detecting a part of an object.
Moreover, one or more embodiments provide a series of techniques, such as automatic ROl identification, ROI

cropping, occlusion detection using 3-D feature points, etc.

[00150] Previous work requires identification of regions of interest manually (which makes it hard to generalize),
and does not support occlusion detection (which causes inefficiency in running the deep learning model for
inference for no reason even when the target region is occluded, potentially leading to device heating on mobile
devices). Previous work only takes images and camera pose(s) as input, and captures the ROls one by one, which
are fed into a multi-stream CNN for recognition. One or more embodiments learn the ROls automatically through a

deep learning model (no manual effort), leverage a time sequence of input images to ensure higher accuracy, and
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support occlusion detection with the 3-D feature points detected in real-time. Finally, one or more embodiments
capture multiple ROIs concurrently and use an improved deep learning model called multi-stream CNN-LSTM

model for recognition.

[00151]  Again, one or more embodiments allow detecting an object's visual state (such as cover on vs. off,
DIMM on vs. off, CPU lever up vs down, etc.). One or more embodiments present a series of image ROI capturing
algorithms and neural networks for object state recognition, which involves all the detailed visual appearance of the

object, which is more complex than object part detection.

[00152] One or more embodiments work on mobile devices with regular cameras (no special equipment needed
—can be carried out without a depth-detecting camera) and provide fine grained object state detection. In the
context of the technical support domain, prior art algorithms would enable recognizing that what the AR system is
looking at is a laptop, while one or more embodiments help detect the state of the laptop (e.g., CPU lever down) to
enable the AR system to present the right instruction (e.g., lift up the CPU cover). Knowing that the object is a
laptop (i.e., high level object recognition) is not sufficient to present the right level of repair instructions, and a finer

level of detection granularity is advantageously provided by one or more embodiments.

[00153]  Again, one or more embodiments provide a method for fine grained object state recognition in AR, fully
taking advantage of the AR outputs, such as camera pose information and 3-D object models. In addition, one or
more embodiments address the occlusion problem to increase the efficiency and accuracy of the deep learning
model with the detected 3-D feature points from AR. Regarding active view selection policy, one or more

embodiments can identify which ROls need to be scanned and guide the users to move the cameras in AR scenes.

[00154]  Unlike prior art general object classification, one or more embodiments provide fine-grained visual
recognition where distinguishable areas may only be visible from a specific viewing angle. One or more
embodiments do not require taking a fixed number of images, but capture the pertinent ROls automatically through
camera pose tracking and 3-D-2-D projection. One or more embodiments leverage LSTM layers to aggregate

temporal information.

[00155]  Given the discussion thus far, it will be appreciated that, in general terms, an exemplary method,
according to an aspect of the invention, includes obtaining access to a three-dimensional point cloud representation
505 of an object 502 including poses of a scanning digital camera (e.g. in phone 569) and corresponding video
frames; this step can be carried out, for example, by scanning the object with a digital camera coupled to a
processor and collecting the poses, corresponding video frames, and corresponding feature points. In one or more
embodiments, the poses/points/frames are, advantageously, byproducts of AR. It is worth noting that, heretofore,

images alone have typically been relied on for visual recognition; one or more embodiments, in contrast, embed the
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results of the model into augmented reality, thus providing a medium through which poses, feature points, frames,
and the like are generated in the AR environment. One or more embodiments create novel models that leverage
these AR byproducts. Refer to ROI capturing 589 in on-line phase 405 — the camera pose can be leveraged
because the ROIs define 3-D locations in 3-D space. It is desired to crop the images around the ROI. Projection of
3-D locations to 2-D images is carried out. The camera pose is employed to carry out the projection/cropping. The

point cloud is used for occlusion detection, as seen in FIG. 11.

[00156]  Further steps include, at 515, down-sampling the three-dimensional point cloud representation to obtain
a set of region-of-interest candidates 525-1 through 525-7; filtering the region-of-interest candidates to select those
of the region-of-interest candidates having appearance changes, which distinguish different visual states, as
selected regions of interest 535, based at least in part on the poses of the camera; generating region of interest
images 415 for the selected regions of interest from corresponding ones of the video frames; and, at step 419,

training a deep learning recognition model based on the region of interest images.

[00157] Some instances further include, as at 405, determining a visual state of the object with the digital camera

coupled to the processor, using the trained deep learning recognition model.

[00158] Some embodiments further include, as at 1013, providing augmented reality instructions, related to the
object, to a user, based on the determined state. For example, a database can be included in the AR system which
has instructions for superposition over a view of the object stored in connection with a visual state of the object.
Such a database can be in local storage in a device 569 and/or can be stored in a cloud as described with regard to
FIGS. 1 and 2. When the state is determined, query the database for the corresponding instructions and display
them on a screen of device 569 superimposed over the view of the object. Display 24 is generally representative of

such a screen.

[00159] Some instances further include, as at 404, re-localizing the digital camera with respect to the object prior

to determining the state of the object.

[00160] In some cases, the down-sampling of the three-dimensional point cloud representation to obtain the set

of region-of-interest candidates includes, as shown at 511, removing outliers.

[00161]  In some cases, the filtering of the region-of-interest candidates to select those of the region-of-interest

candidates having the appearance changes includes, as at 537, image cropping and zooming.
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[00162] In some instances, determining the state of the object includes, as at 709, capturing images for those of
the regions of interest having occupied voxels of interest; and providing a corresponding zoomed local image and

viewing pose 711 for each of the regions of interest having the occupied voxels to the recognition model 545.

[00163] In some embodiments, the model includes a multi-stream convolutional neural network long short-term
memory model; and the determining of the state of the object includes: separating the regions of interest into a
plurality of branches 803-1 ... 803-K; as at 805, extracting features from the corresponding zoomed local images
using a convolutional neural network of the multi-stream convolutional neural network long short-term memory
model; as at 809, aggregating spatial information by concatenating the extracted features; and, as at 813,
aggregating temporal information by pooling the spatial information for a plurality of time steps and providing the
pooled information to a long short-term memory layer 815 to obtain a fully connected layer 817 for classification to

determine the state of the object.

[00164]  One or more embodiments further include refraining from capturing images for those of the regions of
interest not having occupied voxels of interest, to reduce sensitivity to at least one of occlusions and camera
instability, as depicted at 708, 709.

[00165] In one or more embodiments, the object 502 includes an information technology asset to be repaired,
the digital camera and the processor are part of a mobile device 569, 54A, and the providing of the augmented
reality instructions includes illustrating a repair procedure for the information technology asset. A further step can

include repairing the asset in accordance with the instructions.

[00166] One or more embodiments of the invention, or elements thereof, can be implemented in the form of an
apparatus including a memory and at least one processor that is coupled to the memory and operative to perform
exemplary method steps. FIG. 22 depicts a computer system that may be useful in implementing one or more
aspects and/or elements of the invention, also representative of a cloud computing node according to an
embodiment of the present invention. Referring now to FIG. 22, cloud computing node 10 is only one example of a
suitable cloud computing node and is not intended to suggest any limitation as to the scope of use or functionality of
embodiments of the invention described herein. Regardless, cloud computing node 10 is capable of being

implemented and/or performing any of the functionality set forth hereinabove.

[00167] In cloud computing node 10 there is a computer system/server 12, which is operational with numerous
other general purpose or special purpose computing system environments or configurations. Examples of well-
known computing systems, environments, and/or configurations that may be suitable for use with computer
system/server 12 include, but are not limited to, personal computer systems, server computer systems, thin clients,

thick clients, handheld or laptop devices, multiprocessor systems, microprocessor-based systems, set top boxes,
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programmable consumer electronics, network PCs, minicomputer systems, mainframe computer systems, and

distributed cloud computing environments that include any of the above systems or devices, and the like.

[00168] Computer system/server 12 may be described in the general context of computer system executable
instructions, such as program modules, being executed by a computer system. Generally, program modules may
include routines, programs, objects, components, logic, data structures, and so on that perform particular tasks or
implement particular abstract data types. Computer system/server 12 may be practiced in distributed cloud
computing environments where tasks are performed by remote processing devices that are linked through a
communications network. In a distributed cloud computing environment, program modules may be located in both

local and remote computer system storage media including memory storage devices.

[00169] Asshown in FIG. 22, computer system/server 12 in cloud computing node 10 is shown in the form of a
general-purpose computing device. The components of computer system/server 12 may include, but are not limited
to, one or more processors or processing units 16, a system memory 28, and a bus 18 that couples various system

components including system memory 28 to processor 16.

[00170] Bus 18 represents one or more of any of several types of bus structures, including a memory bus or
memory controller, a peripheral bus, an accelerated graphics port, and a processor or local bus using any of a
variety of bus architectures. By way of example, and not limitation, such architectures include Industry Standard
Architecture (ISA) bus, Micro Channel Architecture (MCA) bus, Enhanced ISA (EISA) bus, Video Electronics

Standards Association (VESA) local bus, and Peripheral Component Interconnect (PCI) bus.

[00171] Computer system/server 12 typically includes a variety of computer system readable media. Such media
may be any available media that is accessible by computer system/server 12, and it includes both volatile and non-

volatile media, removable and non-removable media.

[00172] System memory 28 can include computer system readable media in the form of volatile memory, such
as random access memory (RAM) 30 and/or cache memory 32. Computer system/server 12 may further include
other removable/non-removable, volatile/non-volatile computer system storage media. By way of example only,
storage system 34 can be provided for reading from and writing to a non-removable, non-volatile magnetic media
(not shown and typically called a "hard drive"). Although not shown, a magnetic disk drive for reading from and
writing to a removable, non-volatile magnetic disk (e.g., a "floppy disk"), and an optical disk drive for reading from or
writing to a removable, non-volatile optical disk such as a CD-ROM, DVD-ROM or other optical media can be
provided. In such instances, each can be connected to bus 18 by one or more data media interfaces. As will be
further depicted and described below, memory 28 may include at least one program product having a set (e.g., at

least one) of program modules that are configured to carry out the functions of embodiments of the invention.
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[00173]  Program/utility 40, having a set (at least one) of program modules 42, may be stored in memory 28 by
way of example, and not limitation, as well as an operating system, one or more application programs, other
program modules, and program data. Each of the operating system, one or more application programs, other
program modules, and program data or some combination thereof, may include an implementation of a networking
environment. Program modules 42 generally carry out the functions and/or methodologies of embodiments of the

invention as described herein.

[00174] Computer system/server 12 may also communicate with one or more external devices 14 such as a
keyboard, a pointing device, a display 24, etc.; one or more devices that enable a user to interact with computer
system/server 12; and/or any devices (e.g., network card, modem, etc.) that enable computer system/server 12 to
communicate with one or more other computing devices. Such communication can occur via Input/Output (1/0)
interfaces 22. Still yet, computer system/server 12 can communicate with one or more networks such as a local
area network (LAN), a general wide area network (WAN), and/or a public network (e.g., the Internet) via network
adapter 20. As depicted, network adapter 20 communicates with the other components of computer system/server
12 via bus 18. It should be understood that although not shown, other hardware and/or software components could
be used in conjunction with computer system/server 12. Examples, include, but are not limited to: microcode,
device drivers, redundant processing units, and external disk drive arrays, RAID systems, tape drives, and data

archival storage systems, efc.

[00175] Thus, one or more embodiments can make use of software running on a general purpose computer or
workstation. With reference to FIG. 22, such an implementation might employ, for example, a processor 16, a
memory 28, and an input/output interface 22 to a display 24 and external device(s) 14 such as a keyboard, a
pointing device, or the like. The term “processor” as used herein is intended to include any processing device, such
as, for example, one that includes a CPU (central processing unit) and/or other forms of processing circuitry.
Further, the term “processor’ may refer to more than one individual processor. The term “memory” is intended to
include memory associated with a processor or CPU, such as, for example, RAM (random access memory) 30,
ROM (read only memory), a fixed memory device (for example, hard drive 34), a removable memory device (for
example, diskette), a flash memory and the like. In addition, the phrase “input/output interface” as used herein, is
intended to contemplate an interface to, for example, one or more mechanisms for inputting data to the processing
unit (for example, mouse), and one or more mechanisms for providing results associated with the processing unit
(for example, printer). The processor 16, memory 28, and input/output interface 22 can be interconnected, for
example, via bus 18 as part of a data processing unit 12. Suitable interconnections, for example via bus 18, can
also be provided to a network interface 20, such as a network card, which can be provided to interface with a
computer network, and to a media interface, such as a diskette or CD-ROM drive, which can be provided to

interface with suitable media.



WO 2021/137111 - PCT/IB2020/062376

[00176]  Accordingly, computer software including instructions or code for performing the methodologies of the
invention, as described herein, may be stored in one or more of the associated memory devices (for example,
ROM, fixed or removable memory) and, when ready to be utilized, loaded in part or in whole (for example, into
RAM) and implemented by a CPU. Such software could include, but is not limited to, firmware, resident software,

microcode, and the like.

[00177] A data processing system suitable for storing and/or executing program code will include at least one
processor 16 coupled directly or indirectly to memory elements 28 through a system bus 18. The memory elements
can include local memory employed during actual implementation of the program code, bulk storage, and cache
memories 32 which provide temporary storage of at least some program code in order to reduce the number of

times code must be retrieved from bulk storage during implementation.

[00178] Input/output or I/O devices (including but not limited to keyboards, displays, pointing devices, and the

like) can be coupled to the system either directly or through intervening 1/O controllers.

[00179] Network adapters 20 may also be coupled to the system to enable the data processing system to
become coupled to other data processing systems or remote printers or storage devices through intervening private
or public networks. Modems, cable modem and Ethernet cards are just a few of the currently available types of

network adapters.

[00180] Asused herein, including the claims, a “server” includes a physical data processing system (for
example, system 12 as shown in FIG. 22) running a server program. It will be understood that such a physical

server may or may not include a display and keyboard.

[00181]  One or more embodiments can be at least partially implemented in the context of a cloud or virtual
machine environment, although this is exemplary and non-limiting. Reference is made back to FIGS. 1-2 and
accompanying text. Consider, e.g., a cloud-based service 96 for fine-grained visual recognition in mobile

augmented reality, located in layer 90.

[00182] It should be noted that any of the methods described herein can include an additional step of providing a
system comprising distinct software modules embodied on a computer readable storage medium; the modules can
include, for example, any or all of the appropriate elements depicted in the block diagrams and/or described herein;
by way of example and not limitation, any one, some or all of the modules/blocks and or sub-modules/sub-blocks
described. The method steps can then be carried out using the distinct software modules and/or sub-modules of
the system, as described above, executing on one or more hardware processors such as 16. Further, a computer

program product can include a computer-readable storage medium with code adapted to be implemented to carry
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out one or more method steps described herein, including the provision of the system with the distinct software

modules.

[00183] One example of user interface that could be employed in some cases is hypertext markup language
(HTML) code served out by a server or the like, to a browser of a computing device of a user. The HTML is parsed

by the browser on the user's computing device to create a graphical user interface (GUI).

[00184] Exemplary System and Article of Manufacture Details

[00185] The present invention may be a system, a method, and/or a computer program product. The computer
program product may include a computer readable storage medium (or media) having computer readable program

instructions thereon for causing a processor to carry out aspects of the present invention.

[00186] The computer readable storage medium can be a tangible device that can retain and store instructions
for use by an instruction execution device. The computer readable storage medium may be, for example, but is not
limited to, an electronic storage device, a magnetic storage device, an optical storage device, an electromagnetic
storage device, a semiconductor storage device, or any suitable combination of the foregoing. A non-exhaustive list
of more specific examples of the computer readable storage medium includes the following: a portable computer
diskette, a hard disk, a random access memory (RAM), a read-only memory (ROM), an erasable programmable
read-only memory (EPROM or Flash memory), a static random access memory (SRAM), a portable compact disc
read-only memory (CD-ROM), a digital versatile disk (DVD), a memory stick, a floppy disk, a mechanically encoded
device such as punch-cards or raised structures in a groove having instructions recorded thereon, and any suitable
combination of the foregoing. A computer readable storage medium, as used herein, is not to be construed as
being transitory signals per se, such as radio waves or other freely propagating electromagnetic waves,
electromagnetic waves propagating through a waveguide or other transmission media (e.g., light pulses passing

through a fiber-optic cable), or electrical signals transmitted through a wire.

[00187] Computer readable program instructions described herein can be downloaded to respective
computing/processing devices from a computer readable storage medium or to an external computer or external
storage device via a network, for example, the Internet, a local area network, a wide area network and/or a wireless
network. The network may comprise copper transmission cables, optical transmission fibers, wireless transmission,
routers, firewalls, switches, gateway computers and/or edge servers. A network adapter card or network interface
in each computing/processing device receives computer readable program instructions from the network and
forwards the computer readable program instructions for storage in a computer readable storage medium within the

respective computing/processing device.
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[00188] Computer readable program instructions for carrying out operations of the present invention may be
assembler instructions, instruction-set-architecture (ISA) instructions, machine instructions, machine dependent
instructions, microcode, firmware instructions, state-setting data, configuration data for integrated circuitry, or either
source code or object code written in any combination of one or more programming languages, including an object
oriented programming language such as Smalltalk, C++ or the like, and procedural programming languages, such
as the "C" programming language or similar programming languages. The computer readable program instructions
may execute entirely on the user's computer, partly on the user's computer, as a stand-alone software package,
partly on the user's computer and partly on a remote computer or entirely on the remote computer or server. In the
latter scenario, the remote computer may be connected to the user's computer through any type of network,
including a local area network (LAN) or a wide area network (WAN), or the connection may be made to an external
computer (for example, through the Internet using an Internet Service Provider). In some embodiments, electronic
circuitry including, for example, programmable logic circuitry, field-programmable gate arrays (FPGA), or
programmable logic arrays (PLA) may execute the computer readable program instructions by utilizing state
information of the computer readable program instructions to personalize the electronic circuitry, in order to perform

aspects of the present invention.

[00189]  Aspects of the present invention are described herein with reference to flowchart illustrations and/or
block diagrams of methods, apparatus (systems), and computer program products according to embodiments of the
invention. It will be understood that each block of the flowchart illustrations and/or block diagrams, and
combinations of blocks in the flowchart illustrations and/or block diagrams, can be implemented by computer

readable program instructions.

[00190] These computer readable program instructions may be provided to a processor of a general purpose
computer, special purpose computer, or other programmable data processing apparatus to produce a machine,
such that the instructions, which execute via the processor of the computer or other programmable data processing
apparatus, create means for implementing the functions/acts specified in the flowchart and/or block diagram block
or blocks. These computer readable program instructions may also be stored in a computer readable storage
medium that can direct a computer, a programmable data processing apparatus, and/or other devices to function in
a particular manner, such that the computer readable storage medium having instructions stored therein comprises
an article of manufacture including instructions which implement aspects of the function/act specified in the

flowchart and/or block diagram block or blocks.

[00191] The computer readable program instructions may also be loaded onto a computer, other programmable
data processing apparatus, or other device to cause a series of operational steps to be performed on the computer,

other programmable apparatus or other device to produce a computer implemented process, such that the



WO 2021/137111 10 PCT/IB2020/062376

instructions which execute on the computer, other programmable apparatus, or other device implement the

functions/acts specified in the flowchart and/or block diagram block or blocks.

[00192] The flowchart and block diagrams in the Figures illustrate the architecture, functionality, and operation of
possible implementations of systems, methods, and computer program products according to various embodiments
of the present invention. In this regard, each block in the flowchart or block diagrams may represent a module,
segment, or portion of instructions, which comprises one or more executable instructions for implementing the
specified logical function(s). In some alternative implementations, the functions noted in the blocks may occur out of
the order noted in the Figures. For example, two blocks shown in succession may, in fact, be executed substantially
concurrently, or the blocks may sometimes be executed in the reverse order, depending upon the functionality
involved. It will also be noted that each block of the block diagrams and/or flowchart illustration, and combinations of
blocks in the block diagrams and/or flowchart illustration, can be implemented by special purpose hardware-based
systems that perform the specified functions or acts or carry out combinations of special purpose hardware and

computer instructions.

[00193] The descriptions of the various embodiments of the present invention have been presented for purposes
of illustration, but are not intended to be exhaustive or limited to the embodiments disclosed. Many modifications
and variations will be apparent to those of ordinary skill in the art without departing from the scope of the described
embodiments. The terminology used herein was chosen to best explain the principles of the embodiments, the
practical application or technical improvement over technologies found in the marketplace, or to enable others of

ordinary skill in the art to understand the embodiments disclosed herein.
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CLAIMS

1. A method comprising:

obtaining access to a three-dimensional point cloud representation of an object including poses of a
scanning digital camera and corresponding video frames;

down-sampling said three-dimensional point cloud representation to obtain a set of region-of-interest
candidates;

filtering said region-of-interest candidates to select those of said region-of-interest candidates having
appearance changes, which distinguish different visual states, as selected regions of interest, based at least in part
on said poses of said camera;

generating region of interest images for said selected regions of interest from corresponding ones of said
video frames; and

training a deep learning recognition model based on said region of interest images.

2. The method of Claim 1, further comprising determining a visual state of said object with said digital camera

coupled to a processor, using said trained deep learning recognition model.

3. The method of Claim 2, further comprising providing augmented reality instructions, related to said object,

to a user, based on said determined state.

4, The method of Claim 3, further comprising re-localizing said digital camera with respect to said object prior

to determining said state of said object.

5. The method of Claim 4, wherein said down-sampling of said three-dimensional point cloud representation

to obtain said set of region-of-interest candidates includes removing outliers.

6. The method of Claim 5, wherein said filtering of said region-of-interest candidates to select those of said

region-of-interest candidates having said appearance changes comprises image cropping and zooming.

7. The method of any of claims 4 to 6, wherein said determining of said state of said object comprises:
capturing images for those of said regions of interest having occupied voxels of interest;
providing a corresponding zoomed local image and viewing pose for each of said regions of interest

having said occupied voxels to said recognition model.

8. The method of Claim 7, wherein:

said model comprises a multi-stream convolutional neural network long short-term memory model; and
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said determining of said state of said object comprises:

separating said regions of interest into a plurality of branches;

extracting features from said corresponding zoomed local images using a convolutional neural network of
said multi-stream convolutional neural network long short-term memory model;

aggregating spatial information by concatenating said extracted features;

aggregating temporal information by pooling said spatial information for a plurality of time steps and
providing said pooled information to a long short-term memory layer to obtain a fully connected layer for

classification to determine said state of said object.

9. The method of either of claims 7 or 8, further comprising refraining from capturing images for those of said
regions of interest not having occupied voxels of interest, to reduce sensitivity to at least one of occlusions and

camera instability.

10. The method of any of claims 3 to 9, wherein said object comprises an information technology asset to be
repaired, said digital camera and said processor are part of a mobile device, and said providing of said augmented

reality instructions comprises illustrating a repair procedure for said information technology asset.

1. An apparatus comprising:

amemory; and

at least one processor, coupled to said memory, and operative to:

obtain access to a three-dimensional point cloud representation of an object including poses of a scanning
digital camera and corresponding video frames;

down-sample said three-dimensional point cloud representation to obtain a set of region-of-interest
candidates;

filter said region-of-interest candidates to select those of said region-of-interest candidates having
appearance changes, which distinguish different visual states, as selected regions of interest, based at least in part
on said poses of said camera;

generate region of interest images for said selected regions of interest from corresponding ones of said
video frames; and

train a deep learning recognition model based on said region of interest images.

12, The apparatus of Claim 11, wherein said at least one processor is further operative to determine a visual
state of said object with said digital camera, said digital camera being coupled to said processor, using said trained

deep learning recognition model.
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13. The apparatus of Claim 12, wherein said at least one processor is further operative to provide augmented

reality instructions, related to said object, to a user, based on said determined state.

14, The apparatus of Claim 13, wherein said at least one processor is further operative to re-localize said

digital camera with respect to said object prior to determining said state of said object.

15. The apparatus of Claim 14, wherein:

said down-sampling of said three-dimensional point cloud representation to obtain said set of region-of-
interest candidates includes removing outliers;

said filtering of said region-of-interest candidates to select those of said region-of-interest candidates
having said appearance changes comprises image cropping and zooming; and

said determining of said state of said object comprises:

capturin images for those of said regions of interest having occupied voxels of interest;

providing a corresponding zoomed local image and viewing pose for each of said regions of interest

having said occupied voxels to said recognition model.

16. The apparatus of any of claims 14 to 15, wherein said determining of said state of said object comprises:
capturing images for those of said regions of interest having occupied voxels of interest;
providing a corresponding zoomed local image and viewing pose for each of said regions of interest

having said occupied voxels to said recognition model.

17. The apparatus of Claim 16, wherein:

said model comprises a multi-stream convolutional neural network long short-term memory model; and

said determining of said state of said object comprises:

separating said regions of interest into a plurality of branches;

extracting features from said corresponding zoomed local images using a convolutional neural network of
said multi-stream convolutional neural network long short-term memory model;

aggregating spatial information by concatenating said extracted features; and

aggregating temporal information by pooling said spatial information for a plurality of time steps and
providing said pooled information to a long short-term memory layer to obtain a fully connected layer for
classification to determine said state of said object; and

said at least one processor is further operative to refrain from capturing images for those of said regions of
interest not having occupied voxels of interest, to reduce sensitivity to at least one of occlusions and camera

instability.
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18. The apparatus of Claim 13 to 17, wherein said object comprises an information technology asset to be
repaired, said digital camera and said processor are part of a mobile device, and said providing of said augmented

reality instructions comprises illustrating a repair procedure for said information technology asset.

19. A computer program product for managing augmented reality, the computer program product comprising:
a computer readable storage medium readable by a processing circuit and storing instructions for

execution by the processing circuit for performing a method according to any of claims 1 to 10.

20. A computer program stored on a computer readable medium and loadable into the internal memory of a
digital computer, comprising software code portions, when said program is run on a computer, for performing the

method of any of claims 1 to 10.



