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Description

Method and System for Quality Assessment of Objects in an In-

dustrial Environment

The present disclosure relates to a method, a system, and a
computer program product used for assessing quality of one or
more objects in an industrial environment. More particularly,
the present disclosure relates to assessing quality of ob-
jects using a combination of image processing technigques and
artificial intelligence methods in conjunction with analyti-

cal methods.

Rapid digitalization of industries is bringing a pivotal
change in the current industrial practices. For example, cat-
egorizing of an object in an industry is typically performed
to certify that the object and/or associated product meets

the defined grade and quality requirements.

Especially in some industrial environments such as container
terminals, loading processes with the help of cranes are in-
creasingly popular and automated, i.e., without manual inter-—
vention by operators. In such cases, quality sorting includ-
ing picking and dropping of objects such as coils by cranes
requires a human intervention for assessing quality of ob-
jects and thereafter, picking, dropping, and categorized
loading of the objects by cranes. Moreover, to ensure the
safety of loading operations, especially for automated
cranes, there is a great need for safety systems and protec-—
tive devices that monitor the lanes in which the cranes are
deployed or the environment during crane movement in order to
avoid collisions with objects or persons in the proximity of

the crane.
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Typically, quality sorting is performed by trained human in-
spectors who assess the object by loocking for a specific
quality attribute. Such inspection process usually involves
further testing using laboratories, and is therefore time
consuming. Moreover, such human driven object quality inspec-—
tion requires other equipment for example, a scale for esti-
mating the current weight of object, a laboratory for measur-
ing traces and parameters such as humidity in the object,

etc.

Furthermore, the conventional quality inspection processes
are not only subject to inconsistencies due to heavy reliance
on human expertise but also expensive due to manual labor
costs, and cumbersome considering industrial scale and huge
volumes of objects to be inspected. To address the aforemen-
tioned problems, machine learning techniques have been sug-
gested and/or used for identifying defects in an object based
on the object images, however the training time for such ma-
chine learning techniques is quite long. Typically, longer
training times are known to increase the CO; emissions from a

machine employed in the training.

Furthermore, existing methods for identifying industrial ob-
ject defects use an unsupervised learning approach wherein a
surface color and a surface texture of the object acts as a

primary parameter in the object image to predict defects as-—
sociated therewith. Image segmentation plays a central role

in identifying defects from an image. Image segmentation in-
cludes classifying pixels of the image into random number of
clusters. However, selecting the number of cluster labels in

an unsupervised image segmentation is a challenging task and
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uses up processing power and memory of the system thus, ren-

dering it resource intensive.

Accordingly, it is an object of the present disclosure to
provide a quality assessment system, a device and a method
for assessing quality of an object in an industrial environ-
ment, that employ a supervised machine learning approach in
conjunction with a select set of image processing techniqgques
to identify quality of an object in an industrial environment
based on the object image(s) in a time and cost effective
manner while ensuring that the associated training time is

kept minimal.

The aforementioned object is achieved in that a method for
managing a crane system according to claim 1, a crane system
according to claim 8, and a computer program product for man-

aging the crane system according to claim 11 are provided.

Disclosed herein is a crane system capable of handling an ob-
ject. According to an embodiment, the crane system is an
overhead crane deployable in an industrial environment. As
used herein, the term “object” refers to an industrial ob-
ject, for example, metal coils that are heavy and therefore

reqguire a crane system to be moved from one place to other.

The crane system comprises cameras positioned so as to cap-
ture a plurality of images of the object. The cameras com-
prise, for example, high definition light detection and rang-
ing (LIDAR) cameras capable of capturing high definition real
time images of the object. According to an embodiment, the
crane system comprises three cameras mounted at predefined
locations on the crane system. According to this embodiment,

a first camera is arranged at a first end of a gantry of the



10

15

20

25

30

WO 2023/186316 PCT/EP2022/058659

crane system; a second camera i1s arranged at a second end of
the gantry; and a third camera is arranged in proximity of a
hoist on the gantry. Advantageously, each of these cameras is
aligned for a predefined angle of capture with respect to the
object and/or the hoist that is capable of moving the object.
Advantageously, the angle of capture is defined based on a

size and an orientation of the crane system and the area in

which the crane system is deployed.

It would be appreciated by a person skilled in the art that
the two cameras positioned at either end of the gantry have
similar functionality and are could easily replace one an-—
other. However, having both of these provides the required
redundancy in cases where a field of view of one of the cam-

eras 1s obstructed due to unforeseen circumstances.

The crane system comprises a computing unit having an artifi-
cial neural network. The computing unit receives, from the
cameras, the images of the object, advantageously in real
time. Advantageously, the artificial neural network is stored
on the computing unit. The artificial neural network is a
trained artificial neural network, for example, trained to
analyze images for recognizing patterns in the images. For
example, the artificial neural network is a Convolutional
Neural Network (CNN) that may include a Pyramid Scene Parsing
network (PSPnet) with CNN, so as to capture both local and
global information along with spatial information of an im-—
age, thereby enabling the crane system handling the object to
determine not only defects in the object but also remaining
useful life of the object. It would be appreciated by a per-
son skilled in the art that the remaining useful life factor
is subject to the type of object. For example, the remaining

useful life may be more relevant for perishable objects being
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handled by the crane system, if any as compared with non-per-

ishable objects.

The crane system includes a control unit. The control unit
may be in communication with a drive system of the crane sys-—
tem, such that the control unit either directly or wvia the
drive system causes physical movement of the cameras and/or

the crane system.

According to one embodiment, the control unit moves the crane
system and thereby, causes the physical movement of the cam-
eras. According to this embodiment, the cameras are triggered
by the movement of the crane system to start capturing the

images of the object.

According to another embodiment, the control unit, inde-
pendently causes movement of the cameras and thereby, trig-

gering them to capture the images of the object.

Advantageously, the cameras capture the images of the object,
along a longitudinal axis A-A’ of gantry tracks. The control
unit may move one of the cameras arranged in proximity of the
hoist on the gantry along a lateral axis perpendicular to the
longitudinal axis. According to this embodiment, the compu-
ting unit is operably coupled to the control unit, for exam-
ple, via a wired or a wireless communication network includ-
ing, the internet, an intranet, a wired network, a wireless
network, and/or any other suitable communication network ca-
pable of establishing a strong and secure communication. Ac-—
cording to another embodiment, the control unit may include
the computing unit as a part or as a whole. According to yet
another embodiment, the computing unit may include the con-

trol unit as a part or as a whole.
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According to an embodiment, the computing unit receives im-
ages from the cameras. According to this embodiment, the com-
puting unit generates an image data stream from the images by
performing pre-processing of the images including but not
limited to reducing noise in the images, enhancing contrast
of the images, for example, by applying a median filter fol-
lowed by histogram equalization followed by another median
filter, and/or stitching the images together to form an image
data stream. According to this embodiment, the computing unit
determines from the images, a foreground associated with ob-
ject, for example, by performing background subtraction. Ac-
cording to this embodiment, the computing unit annotates the
foreground(s) from the images. According to another embodi-
ment, the computing unit receives an image data stream gener-—

ated based on the images captured by the cameras.

The computing unit analyzes the image data stream generated
based on the images using an artificial neural network. The
computing unit determines one or more object properties asso-
ciated with the object based on the analysis of the image
data stream. The object properties comprise at least a qual-
ity of the object. The quality of the object being defined
based on presence of defect(s) in the object. The object
properties may also comprise a position, an orientation, a
dimension of the object, a type of the object, a surface of

the object, an edge of the object, etc.

The computing unit detects, from the image data stream, pres-
ence of one or more abnormalities in the object. The abnor-

malities include, for example, a defect in the object, a hu-
man in close proximity of the object, etc. The computing unit

segments the images based on the artificial neural network
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and identifies markers in the object, wherein a distance be-
tween the markers corresponds to an extent of the abnormality

in the object.

The artificial neural network comprises labelled images based
on which the computing unit segments the images into multiple
areas, that is, pixel clusters based on color, contours, etc.
Advantageously, the computing unit determines a distance be-—
tween the markers. The computing unit based on the distance
between the markers derives primary object properties com-—
prising, for example, a length, a height, an area, etc., of
the object. Based on these primary object properties, the
computing unit dervies using the trained artificial neural
network, seconday object properties comprising, for example,
an approximate weight, a remaining useful life, a size, and a

defect area of the object.

According to an embodiment, the computing unit detects from
the image data stream, presence of a human in proximity of
the object. The computing unit segments the images based on
the artificial neural network and identifies markers in the
images corresponding to humans, wherein a distance between
the markers corresponds to a proximity of the human with re-—

spect to the object.

The computing unit using the trained artificial neural net-
work thus determines based on the distance between the mark-

ers and the segmented images, presence of the abnormalities.

The control unit automatically operates a hoist of the crane
system for handling the object based on the object proper-
ties. For example, the control unit causes the crane system

to pick and drop an object in separate areas based on the
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quality of the object thereby, categorizing the objects. In
another example, the control unit causes the crane system to
not pick the object when a presence of a human is detected in

proximity of the object.

Also disclosed herein, is a computing unit having an artifi-

cial neural network for managing a crane system.

According to an embodiment of the present disclosure, the
computing unit is deployable in a cloud computing environment
and is capable of communicating with the crane system. As
used herein, “cloud computing environment” refers to a pro-
cessing environment comprising configurable computing physi-
cal and logical resources, for example, networks, servers,
storage, applications, services, etc., and data distributed
over the cloud platform. The cloud computing environment pro-
vides on-demand network access to a shared pool of the con-

figurable computing physical and logical resources.

According to another embodiment of the present disclosure,
the computing unit is deployable in an industrial environ-
ment, where the crane system is physically located, as an
edge device capable of communicating with one or more crane
systems. According to this embodiment, the computing unit
comprises a processor, a memory unit, a network interface,
and/or an input/output unit to function as an edge device.
For example, in order to function as an edge device, the
aforementioned hardware components of the computing unit are
deployed in the industrial environment in operable communica-
tion with the crane system(s), and the data, that is, images
collected from the cameras mounted on the crane system, are
communicated via the network interface to a cloud-based

server wherein the artificial neural network is stored for
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processing the images thus received for managing the crane
system. Moreover, according to this embodiment, there may ex-—
ists more than one computing units as edge devices deployed
in the industrial environment and the edge devices may com-—
municate with one another for managing one or more crane sys-—
tems simultaneously. Advantageously, according to this embod-
iment, the computing units may share the processing loads

therebetween while managing the crane systems.

According to yet another embodiment, the computing unit is
deployable in a distributed architecture where parts of the
computing unit are deployable in the industrial environment
in proximity of the crane system(s) as an edge device and
parts of the computing unit are deployable in the cloud com—

puting environment.

The computing unit disclosed herein may comprise one or more
software modules such as a data acquisition module for re-
ceiving the image data stream from the cameras, a data pro-
cessing module for processing the image data stream, and a
data analytics and management module for analysing the image
data stream with the artificial neural network and for caus-—
ing the crane system to handle the object. However, it will
be appreciated by a person skilled in the art, that the func-
tionalities offered by each of these modules may be combined

into a single module.

The computing unit analyzes an image data stream generated
based on the images with help of the artificial neural net-
work and determines object properties associated with the ob-
ject based on the analysis of the image data stream, wherein
the object properties comprise at least a quality of the ob-

ject.
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Also disclosed herein is a method for managing a crane system
capable of handling, for example, physically displacing such
as lifting, picking, dropping, loading, unloading, etc., an
object. It would be appreciated by a person skilled in the
art, that aforementioned managing of the crane system may
also be extended to positioning of the crane system in prox-
imity of the object in order to handle the object with maxi-
mal accuracy and with minimal effort. The object being an in-
dustrial object in an industrial environment handled by a
crane system, for example, a hoist of the crane system. The
method comprises generating an image data stream based on a
plurality of images of the object captured by cameras, ar-
ranged at predefined positions and/or angles, of the crane
system. The method receives the plurality of images from the
cameras and pre-processes the images to form an image data
stream. It would be appreciated by a person skilled in the
art, that the image data stream may even have a single high
resolution image. The method preprocesses each of the images
captured by the cameras by reducing noise in the images
and/or enhancing contrast of the images. The method deter-
mines from the images a foreground associated with the object
and annotates the foreground from the images, for example, by

applying markers on the foreground of the image.

The method analyzes the image data stream by employing a com-—
puting unit of the crane system using an artificial neural
network. The method analyzes the image data stream to detect
presence of defect(s) in the object by segmenting the images,
that is the annotated images, based on the artificial neural
network, advantageously an artificial neural network trained
for identifying markers from an image data stream correspond-

ing to the various object properties of various objects. The
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method identifies markers in the images corresponding to de-—
fects in the object such that a distance between the markers

corresponds to an extent of the defects in the object.

According to an embodiment, the method analyzes the image
data stream by employing a computing of the crane system us-
ing the artificial neural network to detect presence of a hu-
man in proximity of the object from the image data stream.
The method segments the images, that is the annotated images,
based on the artificial neural network and identifies markers
in the images corresponding to humans, wherein a distance be-
tween the markers corresponds to a proximity of the human

with respect to the object.

The method determines by employing the computing unit, object
properties associated with the object based on the analysis
of the image data stream, wherein the object properties com-
prise at least a quality of the object. The gquality of the

object 1s based on the presence of defect(s) in the object.

According to an embodiment, the method positions the crane
system based on the quality of the object. For example, the
crane system may be positioned so as to handle the object (s)
of a certain predefined quality at a given time instant. Ad-

vantageously, this expedites sorting of the objects.

The method automatically operates the crane system for han-—
dling the object based on the object properties. The method
operates the hoist of the crane system in order to handle the
object based on predefined handling parameters defined based
on the object properties during training the artificial neu-
ral network. The predefined handling parameters include pre-—

defined actions to be performed by the hoist including, for
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example, pick, drop, load, unload, etc., movement of the gan-
try of the crane system, etc., based on the object proper-
ties. Advantageously, controlling of at least one working pa-
rameter of the hoist and/or the crane system depends on posi-
tions of markers in the images of the image data stream. For
example, 1f a distance between the markers in an annotated
image having a defect is greater than a predefined defect
threshold for the object, then the crane system is automati-
cally made to pick the object and drop the object at a prede-
fined location, thereby sorting the object out. Such a prede-
fined threshold is available in the trained artificial neural
network. In another example, if a distance between the mark-
ers in an annotated image corresponds to a minimum distance
indicating a human being in proximity of the object, then the
crane system is automatically stopped from moving the object.
Such a minimum distance is available in the trained artifi-

cial neural network.

Also disclosed herein is a method for training the artificial
neural network. Advantageously, said training of the un-
trained artificial neural network is required to be performed
only once so as to enable the trained artificial neural net-
work to identify markers from an image data stream. The
method generates a training image data stream by obtaining
the images of the object, in an industrial environment, and
of surroundings of the object, the object being illuminated
at predefined angles by illumination source(s) of the crane
system, captured by cameras of the crane system. The method
extracts, that is scales and balances, using the artificial
neural network, from the images of the training image data
stream, the object properties associated with the object and

surroundings data associated with the surroundings of the ob-
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ject, based on reference images of the object and the sur-
roundings stored in a memory unit accessible to the artifi-
cial neural network. As used herein surroundings data refers
to data associated with surroundings of the object and com-
prises, for example, data of humans when present in proximity
of the object. Also used herein, reference images of the ob-
ject include multiple images with and without the object,
with and without defects in the object, with and without hu-
mans in proximity of the object, etc. The method generating a
training database comprising the object properties and the
surroundings data for training the artificial neural network.
Advantageously, the artificial neural network is trained us-
ing a supervised deep learning method for identifying remain-
ing useful life of the object and an unsupervised deep learn-

ing method for identifying defect in the obiject.

Also disclosed herein is a computer program product compris-—
ing a non-transitory computer readable storage medium that
stores computer program codes comprising instructions execut-
able by at least one processor of the aforementioned compu-—
ting unit for managing the crane system capable of handling
an object. The computer program codes comprise instructions
for performing the aforementioned method for managing the

crane system.

The above summary is merely intended to give a short overview
over some features of some embodiments and implementations
and is not to be construed as limiting. Other embodiments may

comprise other features than the ones explained above.

BRIEF DESCRIPTION OF THE DRAWINGS
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The above and other elements, features, steps and character-—

istics of the present disclosure will be more apparent from

the following detailed description of embodiments with refer-

ence to the following figures:

FIG 1A

FIG 1B

FIG 2

FIGS 3A-3C

FIG 4

illustrates a process flow chart of a method
for managing a crane system, according to an

embodiment of the present disclosure;

illustrates a process flow chart of a method
for training an artificial neural network ca-
pable of identifying markers from an image
data stream, according to an embodiment of the

present disclosure;

illustrates a crane system capable of handling
an object in an industrial environment, ac-—
cording to an embodiment of the present dis-—

closure;

illustrate images of an object analysed by the
computing unit shown in FIG 2, according to an

embodiment of the present disclosure; and

illustrates a representation of the object be-
ing captured by one of the cameras of the

crane system shown in FIG 2.

DETAILED DESCRIPTION OF EMBODIMENTS
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In the following, embodiments of the disclosure will be de-
scribed in detail with reference to the accompanying draw-
ings. It is to be understood that the following description

of embodiments is not to be taken in a limiting sense.

The drawings are to be regarded as being schematic represen-
tations and elements illustrated in the drawings, which are
not necessarily shown to scale. Rather, the various elements
are represented such that their function and general purpose
become apparent to a person skilled in the art. Any connec-—
tion or coupling between functional blocks, devices, compo-
nents, or other physical or functional units shown in the
drawings or described herein may also be implemented by an
indirect connection or coupling. A coupling between compo-—
nents may also be established over a wireless connection.
Functional blocks may be implemented in hardware, firmware,

software, or a combination thereof.

FIG 1A illustrates a process flow chart 100A of a method for
managing a crane system, according to an embodiment of the
present disclosure. The method employs a trained artificial
neural network and/or a computing unit of the crane system
for managing the crane system capable of handling an object

in an industrial environment.

The method, at step 101, generates an image data stream based
on plurality of images of the object captured by cameras of
the crane system. The image data stream being a processed im—
age data stream having processed images that can be inter-
preted accurately by a trained artificial neural network

which the computing unit employs.
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At step 101A, the method receives the images captured by the
cameras either directly from the cameras or from the crane
system that may have a memory unit or a database into which

the images are temporarily stored.

At step 101B, the method preprocesses each of the images cap-
tured by the cameras. The preprocessing comprises cropping
the images, reducing noise in the images and/or enhancing
contrast and/or brightness of the images. The image prepro-
cessing 1s required due to the intensity variations, low con-
trast and a high rate of noise in images that may be cap-
tured, for example, using low resolution web cameras. At
first, a median filter is applied to the images for noise re-
duction. After noise reduction, an adaptive histogram equali-
zation is performed on the images for contrast enhancement,
considering exponential distribution of histogram. Even
though, adaptive histogram equalization provides improvement
of the image contrast with no destructive effects on the ar-—
eas with higher contrast, it may increase the noise on the
image. As a result, after adaptive histogram equalization, a
median filter is reapplied on the images to reduce the noise,

if added any.

At step 101C, the method determines from the images a fore-
ground associated with the object. The foreground may be de-
termined by a variety of image processing techniques includ-
ing a simple background subtraction, a global grey-level or
gradient thresholding or segmentation, statistical classifi-
cation and/or color classification. The foreground thus de-
termined enables the method, and in turn the trained artifi-
cial neural network to identify objects in the images. For
example, a steel coil on a factory floor of a steel plant, a

human in proximity of the steel coil, etc.
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At step 101D, the method annotates the foreground(s) from the
image. The method applies image mask(s) for annotating the

foreground(s) from the image.

At step 102, the method analyzes the image data stream by em-—
ploying the computing unit using the trained artificial neu-
ral network. The method analyzes the image data stream to de-
tect, one or more abnormalities from the image data stream.
The abnormalities include, for example, presence of defect (s)
in the object, presence of a human in proximity of the ob-

ject, etc.

At step 102A, the method segments the images based on the
trained artificial neural network. Image segmentation plays a
crucial role in identifying abnormalities from the image. The
artificial neural network is trained, for example, with deep
learning based unsupervised and supervised segmentation tech-
niques using U-Net architecture, described in the detailed
description of FIG 1B. The image segmentation yields cluster
labels as an output wherein a label is assigned to each pixel
in the image such that pixels with the same label are con-

nected with respect to some visual or semantic property.

At step 102B, the method identifies a distance between mark-
ers in the images. The markers are available from the anno-
tated images. The markers represent visual indications ap-—
plied to the foreground(s) in the image that define the area
of the foreground therewithin. The distance between the mark-
ers indicates a length of the foreground, a width of the

foreground, an area of the foreground, etc.
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At step 102C, the method determines based on the distance
presence of the abnormalities associated with the object. The
distance corresponds to an extent of the defect, a level of
proximity of a human with respect to the object, etc. The ar-
tificial nerual network is trained such that it is capable of
identifying, based on the distance between the markers, the

abnormalities associated with the object.

At step 103, the method determines object properties associ-
ated with the object based on the analysis of the image data
stream. The object properties comprise at least a quality of
the object. The quality of the object is associated with the
abnormalities such as presence of defect(s) in the object.
The quality of the object may also be associated with a re-
maining useful life of the object which a derivable based on
the extent of the defect in the object, size of the object,
weight of the object, average life of the object, etc. The
object properties may also comprise, a position, an orienta-

tion, physical dimensions, etc., of the object.

At step 104, the method automatically operates the crane sys-—
tem for handling the object based on the object properties.
The method operates the hoist of the crane system for han-
dling the object based on predefined handling parameters used
in training the artificial neural network. The predefined
handling parameters include a set of actions such as pick,
drop, stall, etc., mapped to the object properties. For exam-—
ple, if there exists a gquality issue with the object then the
hoist is made to pick up the object and drop it at a speci-
fied location so as to sort the defective object. The method
automatically operates the crane system by controlling at
least one working parameter of the hoist and/or the crane

system depending on positions of markers in the images of the
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image data stream, that is, the distance between the markers
and therefore, the object properties derived therefrom which

are used to train the artificial neural network.

At step 105, the method stores into a database or a memory
unit of the crane system the images received from the cam-
eras, the image data stream generated using processed images,
the segmented images, the annotated images, the distances be-
tween the markers, and/or the object properties. These stored
values may in turn be used by the trained artificial neural
network to continuously enhance the identification of markers
from the images thereby leading to an improved quality as-—
sessment of the object and an effective and efficient manage-—

ment of the crane system based on the object properties.

FIG 1B illustrates a process flow chart 100B of a method for
training an artificial neural network, that is an untrained
artificial neural network, capable of identifying markers
from an image data stream as disclosed in the detailed de-
scription of FIG 1A, according to an embodiment of the pre-

sent disclosure.

At step 106, the method generates a training image data
stream by obtaining the images of the object and of surround-
ings of the object, for example as much as allowed by a field
of view of each of the cameras of the crane system, illumi-
nated at predefined angles by illumination source(s) of the
crane system. The training image data stream includes multi-
ple images with and without the object in the field of view,
with and without the same object in the field of view, with
and without multiple objects in the field of view, with and
without human(s) in proximity of the object in the surround-

ings, etc.
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At step 107, the method extracts using the untrained artifi-
cial neural network, from the images of the training image
data stream, the object properties associated with the object
and surroundings data associated with the surroundings of the
object (201), based on reference images of the object and the
surroundings. The method scales and balances the images and
extracts the object properties such as defects in the object,
remaining useful life of the object, and/or weight, size,
physical dimensions, orientation, etc. of the object. The
surroundings data includes other objects that are usually
found in and around the object such as conveyor belts, fac-
tory floor markings, humans, etc. The reference images are
pre—-labelled and are fed to the artificial neural network for
learning purposes. For example, these reference images may be
labelled with the object, the defects in the object, a human
in proximity of the object, etc. It would be appreciated by a
person skilled in the art that while training the artificial
neural network, the labeling of reference images is performed
as a one time activity. This allows the trained artificial
neural network to automatically identify markers from an im-
age data stream without the need to re-label the images cap-

tured.

At step 108, the method generates a training database com—
prising the object properties and the surroundings data for
training the artificial neural network. The training database
may also include predefined handling parameters for the crane
system that enable the method disclosed in FIG 1A to automat-—
ically operate the crane system based on the object proper-

ties.
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The untrained artificial neural network is a Convolutional
Neural Network (CNN) that may include a Pyramid Scene Parsing
network (PSPnet) with CNN, so as to capture both local and
global information along with spatial information of an im-
age, thereby enabling the crane system handling the object to
determine not only defects in the object but also remaining

useful life of the object.

The artificial neural network is trained using machine learn-—
ing methods such as a supervised deep learning method for es-—
timating the remaining useful life and/or an unsupervised
deep learning method for identifying abnormalities such as
presence of a defect in the object. For example, a swish-RelLu
activation function is used together with PSP-net and CNN for
estimating remaining useful life to increase the smoothness
of the learning curve of the artificial neural network. This
helps to optimize and generalize the artificial neural net-
work and therefore, the training becomes faster which leads
to less CO2 emissions. The method disclosed herein employs a
central processing unit (CPU) and not a graphics processing
unit (GPU) thereby, being easy to be deployed in any indus-

trial environment and also being economical.

In an example used for training the artificial neural net-
work, the unsupervised deep learning method computes a d-di-
mensional feature map {am} from three different image planes
{Um} including, for example, the RGB image planes, through
the N convolutional module, the swish ReLU activation func-
tion, and a batch normalization function, where a batch cor-
responds to M pixels of a single input image from the train-
ing image data stream. The batch normalization is used for
generating a feature map {ym} before assigning cluster labels

via argmax classification into the deep learning architecture
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used. Next, a large margin soft-max loss between the network
responses {Ymr} and the refined cluster labels {ctm'} is calcu-—
lated. Next, the error signals are backpropagated to update
the parameters of convolutional filters {wtm,bm}Mm = 1 as
well as the parameters of the classifier {wtc,bc}. Here, a
stochastic gradient descent with momentum is used for parame-
ter up-dation. Advantageously, setting the learning rate of
the artificial neural network to 0.1 (with a momentum of 0.9)

yields optimal learning results.

The identification of age or remaining useful life is corre-
lated to the object properties. The determination of these
object properties is carried out by image processing and deep
learning techniques. Thus, rapid, intelligent, and non-de-
structive techniques are required in training of the artifi-
cial neural network. The method formulates calculation of the
remaining useful life of an object from an image as a classi-
fication problem, for example, each new image from the train-
ing image data stream is classified into a class from classes
1-N such that each class corresponds to a time duration indi-
cating the remaining useful life. Basically, the convolu-
tional neural network (CNN) is used for distinguishable fea-
ture representation of an image with age information and is
trained on those features, including wvisual and non-visual
features, with support vector machine. Furthermore, the CNN’s

output layer also known as a probability layer consists of

A} A}

n’ number values for ‘n’ age classes such as “1-10 units of

time”, “11-20 units of time”, and so on.

The identification of defects from an image heavily relies on
an external appearance of the object as available in the im-
age, especially when applied to quality inspection and defect

sorting applications such as sorting of steel coils based on
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their quality. Image segmentation, that is, a process of as-
signing a label to each pixel in the image such that pixels
with the same label are connected with respect to some visual
or semantic property, plays a central role in identifying de-
fects from image. The method for training the artificial neu-
ral network to identify markers in an image and derive
whether or not there exists a defect in the object, employs
unsupervised segmentation techniques using U-Net architec-

ture.

The problem formulation that is solved for image segmentation

is represented using below equation

{am € R}y (1)
for a set of g dimensional feature vectors of image pixels,

where M denotes the number of pixels in an input image.

The cluster labels used for segmentation are represented using

the equation given below

{cm € Ty (2)

The labels are assign to all of the pixels by representing a

mapping function given below

cm = f(ap), where iR, —Z (3)

Here, f returns the number of the cluster centroid which is
nearer to a,, (using k—means clustering) among k centroids.
Therefore, in an unsupervised technique, ¢, can be derived/pre-
dicted using fixed value of f and a,, whereas in a supervised
technique, f and a,, are trainable and ¢, are fixed. However,

f and a,, can be optimized using different optimization 1like
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stochastic gradient descent etc. Therefore, spatially contin-
uous pixels of similar features are desired to be assigned the

same label.

The method assigns the same label to pixels of similar fea-—
tures. Next, linear classifier is applied that classifies the
features of each pixel into d classes.

Let’s assume, for an RGB image

I = {u,eR3M_, (4)

after image normalization. We compute a d-dimensional feature
map {a,,} from three different image planes {u,,} through N con-
volutional module, swish RelLU activation function, and a batch
normalization function, where a batch corresponds to M pixels
of a single input image. Here, g filters of region size 3 x 3
for all the N components are set. Next, a mapping function is

obtained by applying a linear classifier

{ym =wt .y, + bc}%=1 (5)

where wt,e R*? and b.eR%.

The response map to {ym} is normalized such that {y&}%=1 has
mean (= 0) and variance (=1). Finally, the cluster label ¢, is
obtained for each pixel by selecting the dimension that has
the maximum value in V),. This type of classification is re-
ferred as argmax classification. To make it more meaningful,
an additional constraint that supports cluster labels that are

the same as those of adjacent pixels is added.

First, L fine super pixels {§}., (with a large L) from the

input image I are extracted, where §; denotes a set of the
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indices of pixels that belong to the I-th super pixel. Then,
all of the pixels in each super pixel are assigned to have the
same cluster label. Here, simple minimum spanning tree based
iterative clustering is used with L (= 32) for the super pixel

extraction.

Selecting the number of cluster labels (d) in an unsupervised
image segmentation is a challenging task. As describe above,
the strategy 1is to <classify pixels into random number
d'(1<d <d) of clusters. The large and small values of d' in-
dicates over and under segmentation. To prevent this kind of
under segmentation failure a batch normalization is incorpo-
rated (where a batch corresponds to M pixels of a single input
image) for generating feature map {y,} before assigning cluster
labels via argmax classification into the used deep learning

architecture.

The method auto-trains the artificial neural network for un-
supervised image segmentation in the following manner. Once a
target image, that is an image of the object, is input, there
are two alternatives namely prediction of cluster labels with
fixed network parameters which corresponds to the forward
process of a network followed by the super pixel refinement
described above and/or training of network parameters with
the fixed cluster labels which corresponds to the backward
process of a network based on gradient descent. As with the
case of supervised learning, the method calculates the large
margin soft-max loss between the network responses {y,} and
the refined cluster labels {c;,}. Next, the method backpropa-
gates the error signals to update the parameters of convolu-
tional filters {Wty by,}_, as well as the parameters of the
classifier {wt,b,} using stochastic gradient descent with mo-

mentum for parameters up-—dation.
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The artificial neural network trained in aforementioned man-
ner not only allows computation of abnormalities, that is,
defects in the object but also remaining useful life and has
the ability to add more features in future as required.
PSPnet with CNN, helps to capture both local and global in-
formation of an image which enables to find the remaining
useful life along with defects present if any in the object

from its images.

FIG 2 illustrates a crane system 200 capable of handling an
object 201 in an industrial environment, according to an em-
bodiment of the present disclosure. The crane system 200 com-
prises a hoist 208 for moving the object 201, for example, a
steel coil in a steel plant. The crane system comprises cam-—
eras 202, 203, and 204 positioned at predefined positions and
at predefined angles of capture so as to capture high-defini-
tion, real time images of the object 201. The camera 202 is
arranged at a first end 211A of a gantry 211 of the crane
system 200. The camera 203 is arranged at a second end 211B
of the gantry 211 and the camera 204 is arranged in proximity

of the hoist 208 on the gantry 211.

The crane system 200 comprises a control unit 209. The con-
trol unit 209 moves the cameras 202, 203, and 204, for cap-
turing the images of the object 201, along a longitudinal
axis A-A’ of gantry tracks 210A, 210B.

The crane system 200 comprises a computing unit 205 in opera-
ble communication with the control unit 209 via a wired or a
wireless communication network 206. The computing unit 205

may also communicate with the cameras 202, 203, and 204 via
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the wired or a wireless communication network 206. The compu-—

ting unit stores therein the artificial neural network.

The crane system 200 comprises a training database 207. The
artificial neural network accesses the training database to
train itself for identifying markers in the images of the ob-
ject 201 and determined object properties therewith. The
training database may also store therein the images captured

by the cameras 202, 203, and 204.

FIGS 3A-3C illustrate images 300A, 300B, 300C of an object
201 analysed by the computing unit 205 shown in FIG 2, ac-

cording to an embodiment of the present disclosure.

FIG 3A shows an image 300A of the object 201 captured by one
or more of the cameras 202, 203, 204. The image 300A may also
represent an image collated based on individual images cap-—
tured by each of the cameras 202, 203, 204. As shown in FIG
3A, the object 201 which is a steel coil has defects, that

is, cracks 201A.

FIG 3B shows an image 300B that is pre-processed, segmented,
and annotated by the computing 205 based on the trained arti-
ficial neural network. The image 300B shows annotations
around the object 201, that is the steel coil, as a whole and
around each of the areas in the image 300B that differ sig-
nificantly from other areas in the image 300B, for example,
the cracks 201A and the center 201C of the coil which is an
empty space at the center of the steel coil roll. The compu-
ting unit 205 based on the trained artificial neural network
identifies markers 201B on each of the aforementioned areas.
The computing unit 205 based on the trained artificial neural

network then identifies a distance ‘D’ between each of these
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markers and thereafter presence of a defect in the object

201.

FIG 3C shows an image 300C that is an image as seen by the
trained artificial neural network wherein the foreground that
is the steel coil, the background that is the surrounding of
the steel coil, the defects that is the cracks 20127, and/or a
non—-defect area such as an empty space at the center 201C of

the steel coil are clearly differentiated.

Based on the above derivations, that is a presence of a de-
fect in the object 201, and predefined handling parameters
used in training of the artificial neural network, the compu-
ting unit 205 via the control unit 209 causes the hoist 208
of the crane system shown in FIG 2 to handle the object 201.

FIG 4 illustrates a representation of the object 201 being
captured by one of the cameras 204 of the crane system 200
shown in FIG 2. The camera 204 is positioned on the gantry in
proximity of the hoist 208 as shown in FIG 2. The camera 204
is positioned at a height ‘Z’ from the ground level on which
the object 201 is positioned. The camera has an angle of cap-
ture 6. The computing unit 205 based on the images captured
by the camera 204 and the cameras 202 and 203 determines a
size of the object, that is, a height ‘h’, a width ‘w’, and a
breadth ‘b’ as shown in FIG 4. The computing unit 205 deter-—
mines the width ‘w’ based on images captured by the cameras
202 or 203. The breadth ‘b’ is determined based on the images
captured by the camera 204. A field of view ‘a’ and the
height ‘h’ are determined as explained in the equations pro-

vided below:

a=2x*Zxtan(0/2)
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29
b—w
tan(x::lL::( 2 )
2Z h

(b—w)

therefore, h= 12;

27

(b—w)Z

and therefore, h = 5

Where &« is angle of capture of the camera 204.

Thus, the cameras 203, 203, and 204 captured images of the
object 201 so as to enable the computing unit 205 to deter-—
mined physical dimensions of the object, an orientation of
the object and thereby, defects associated with the object

with help of the trained artificial neural network.

Where databases are described such as the training database
207, it will be understood by one of ordinary skill in the
art that (i) alternative database structures to those de-
scribed may be readily employed, and (ii) other memory struc-—
tures besides databases may be readily employed. Any illus-—
trations or descriptions of any sample databases disclosed
herein are illustrative arrangements for stored representa-
tions of information. Any number of other arrangements may be
employed besides those suggested by tables illustrated in the
drawings or elsewhere. Similarly, any illustrated entries of
the databases represent exemplary information only; one of
ordinary skill in the art will understand that the number and
content of the entries can be different from those disclosed
herein. Further, despite any depiction of the databases as

tables, other formats including relational databases, object-
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based models, and/or distributed databases may be used to
store and manipulate the data types disclosed herein. Like-
wise, object methods or behaviors of a database can be used
to implement various processes such as those disclosed
herein. In addition, the databases may, in a known manner, be
stored locally or remotely from a device that accesses data
in such a database. In embodiments where there are multiple
databases in the system, the databases may be integrated to
communicate with each other for enabling simultaneous updates
of data linked across the databases, when there are any up-

dates to the data in one of the databases.

The present disclosure can be configured to work in a network
environment comprising one or more computers that are in com-—
munication with one or more devices via a network. The com-
puters may communicate with the devices directly or indi-
rectly, via a wired medium or a wireless medium such as the
Internet, a local area network (LAN), a wide area network
(WAN) or the Ethernet, a token ring, or via any appropriate
communications mediums or combination of communications medi-
ums. Each of the devices comprises processors, some examples
of which are disclosed above, that are adapted to communicate
with the computers. In an embodiment, each of the computers
is equipped with a network communication device, for example,
a network interface card, a modem, or other network connec-—
tion device suitable for connecting to a network. Each of the
computers and the devices executes an operating system, some
examples of which are disclosed above. While the operating
system may differ depending on the type of computer, the op-
erating system will continue to provide the appropriate com-
munications protocols to establish communication links with
the network. Any number and type of machines may be in commu-—

nication with the computers.
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The present disclosure is not limited to a particular com-—
puter system platform, processor, operating system, or net-
work. One or more aspects of the present disclosure may be
distributed among one or more computer systems, for example,
servers configured to provide one or more services to one or
more client computers, or to perform a complete task in a
distributed system. For example, one or more aspects of the
present disclosure may be performed on a client—-server system
that comprises components distributed among one or more
server systems that perform multiple functions according to
various embodiments. These components comprise, for example,
executable, intermediate, or interpreted code, which communi-
cate over a network using a communication protocol. The pre-
sent disclosure is not limited to be executable on any par-
ticular system or group of systems, and is not limited to any
particular distributed architecture, network, or communica-

tion protocol.

The foregoing examples have been provided merely for the pur-—
pose of explanation and are in no way to be construed as lim-
iting of the present disclosure disclosed herein. While the
disclosure has been described with reference to various em—
bodiments, it is understood that the words, which have been
used herein, are words of description and illustration, ra-
ther than words of limitation. Further, although the disclo-
sure has been described herein with reference to particular
means, materials, and embodiments, the disclosure is not in-
tended to be limited to the particulars disclosed herein; ra-
ther, the disclosure extends to all functionally equivalent
structures, methods and uses, such as are within the scope of
the appended claims. Those skilled in the art, having the

benefit of the teachings of this specification, may affect
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numerous modifications thereto and changes may be made with-

out departing from the scope of the disclosure in its as-

pects.
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Patent Claims

1. A method (100A) for managing a crane system (200) capable

of handling an object (201), the method comprising:

generating (101) an image data stream based on a plu-
rality of images (300A) of the object (201) captured by
cameras (202, 203, 204) of the crane system (200);
analyzing (102) the image data stream by employing a
computing unit (205) of the crane system (200) using an
artificial neural network, wherein the artificial neu-
ral network is trained for identifying markers (201B)
from the image data stream;

determining (103), by the computing unit (205), object
properties associated with the object (201) based on
the analysis of the image data stream, wherein the ob-
ject properties comprise at least a quality of the ob-
ject (201); and

automatically operating (104) the crane system (200)
for handling the object (201) based on the object prop-

erties.

2. The method according to claim 1, wherein generating the

image data stream comprises performing at least one of:

preprocessing each of the images (300A) captured by the
cameras (202, 203, 204), wherein preprocessing com-—
prises one or more of reducing noise in the images
(300A) and enhancing contrast of the images (300R);
determining from the images (300A) a foreground associ-
ated with the object (201);

annotating the foreground from the images (300A).

3. The method according to claim 1 or 2, wherein analyzing

the image data stream using the artificial neural network
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comprises detecting, from the image data stream, presence
of one or more abnormalities associated with the object

(201), and wherein the abnormalities comprise one or more
of a defect in the object and a human in proximity of the

object.

The method according to any one of the preceding claims,

wherein analyzing the image data stream using the artifi-

cial neural network comprises:

- segmenting the images (300A) based on the artificial
neural network;

- ildentifying a distance between markers (201B) in the
images; and

- determining, based on the distance and the segmented

images, presence of the abnormalities.

The method according to any of the preceding claims,
wherein automatically operating the crane system (200)
comprises operating a hoist (208) of the crane system
(200) for handling the object (201) based on predefined
handling parameters defined based on the object properties

during training of the artificial neural network.

. The method according to claim 5, further comprising con-—

trolling at least one working parameter of one of the
hoist (208) and the crane system (200) depends on posi-
tions of markers (201B) in the images (300A) of the image

data stream.

. A method (100B) for training the artificial neural net-

work, in particular according to any one of the claims 1-
6, for identifying markers (201B) from an image data

stream, comprising:
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generating (106) a training image data stream by ob-
taining the images (300A) of the object (201) and of
surroundings of the object (201), illuminated at prede-
fined angles by one or more illumination sources of the
crane system (200), captured by cameras (202, 203, 204)
of the crane system (200);

extracting (107) using the artificial neural network,
from the images (300A) of the training image data
stream, the object properties associated with the ob-
ject (201) and surroundings data associated with the
surroundings of the object (201), based on reference
images of the object (201) and the surroundings; and
generating (108) a training database (207) comprising
the object properties and the surroundings data for

training the artificial neural network.

8. A crane system (200) capable of handling an object (201),

comprising:

cameras (202, 203, 204) positioned so as to capture a
plurality of images (300A) of the object (201);
characterized by:

a computing unit (205) having an artificial neural net-—
work configured to:

o analyze an image data stream generated based
on the images (300A) using an artificial neu-
ral network; and

o determine object properties associated with
the object (201) based on the analysis of the
image data stream, wherein the object proper-
ties comprise at least a quality of the object

(201); and



5

10

15

20

25

30

WO 2023/186316 PCT/EP2022/058659

9.

10.

11.

12.

36

- a control unit (209) configured to automatically oper-—
ate a hoist (208) of the crane system (200) for han-—
dling the object (201) based on the object properties.

The crane system (200) according to claim 8, wherein the
control unit (209) is configured to move the cameras (202,
203, 204), for capturing of the images (300A) of the ob-
ject (201), along an axis (A-A’) of gantry tracks (2104,
210B) .

The crane system (200) according to any one of the
claims 8 and 92, comprises a first camera (202) arranged at
a first end (211A) of a gantry (211) of the crane system
(200), a second camera (203) arranged at a second end
(211B) of the gantry (211), and a third camera (204) ar-
ranged in proximity of the hoist (208) on the gantry
(211) .

A computing unit (205) having an artificial neural net-
work for managing a crane system (200) according to any of

the claims 8-10.

A computer program product comprising a non-transitory
computer readable storage medium that stores computer pro-
gram codes comprising instructions executable by at least
one processor of a computing unit (205) for managing a
crane system (200) according to any of the claims 8-10,
capable of handling an object (201), wherein the computer
program codes comprise instructions for performing the

method according to any of the claims 1-6.



