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Description
CROSS-REFERENCE TO RELATED APPLICATIONS

[0001] This application is a continuation-in-part of U.S.
Patent Application No. 15/309,102 filed November 4,
2016, which is a national phase entry of
PCT/CA2016/050442 filed April 15, 2016. This applica-
tion claims the benefit of and priority to U.S. Provisional
Application No. 62/168,395 filed May 29, 2015 and U.S.
Provisional Application No. 62/298,154 filed February 22,
2016. The entire contents of each of the above applica-
tions are herein incorporated by reference.

FIELD

[0002] Embodiments generally relate to the field of
monitoring game activities at gaming tables in casinos
and other gaming establishments, and in particular, to
monitoring game activities including betting activities.

INTRODUCTION

[0003] Casinos and gaming establishments may offer
a variety of card games to customers. Card games in-
volve various game activities, such as card play and bet-
ting, forexample. A card game may be played ata gaming
table by players, including a dealer and one or more cus-
tomers. It may be desirable for casinos or gaming estab-
lishments to monitor betting activities for security and
management purposes.

[0004] Gaming establishments are diverse in layouts,
lighting, and security measures, among others. For ex-
ample, betting markers, such as chips, may have varying
designs and markings that not only distinguish between
chip types (e.g., chip values), but also different series of
chips having the same values (e.g., to reduce the risk
counterfeiting and/or to enable tracking).

SUMMARY

[0005] Embodiments described herein provide a plat-
form, device and process for monitoring game activities
at a gaming table. In particular, embodiments described
herein provide a platform, device and process for cap-
turing images of the surface of a gaming table and de-
termining the quantity, identity, and arrangement of chips
bet at a gaming table.

[0006] Embodiments described herein can be used to
captureimages of the surface of agaming table, including
gambling chips, in response to certain events such as
placing a bet. A device included in some embodiments
is configured to remove background image data, for ex-
ample, by distinguishing chips from the background or
its surroundings based on their respective depth values.
The device is configured to identify points of interest on
the chip images, including across the length of a side
view of each chip, and classify each point of interest using
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histogram descriptor derived from various image chan-
nels corresponding to the point of interest. The device is
configured to then generate a classification for each chip,
based on the classified point of interest in a single row.
The classification for each chip can be stored as a sep-
arate value in a data structure. The device is configured
to identify the quantity, type, and arrangement of each
chip based on the arrangement and identity of the values
in the data structure.

[0007] Computation at each stage can be separated
logically, temporally, or physically; compartmentalized;
and/or performed by separate system components to im-
prove computation time and enable the process to be
completed in manageable steps, for example, at times
orinsequences optimal for use of computational resourc-
es or generating a result.

[0008] The device can enable efficient transmission of
data relating to betting activity or chip quantification and
classification by generating data at each step locally and
encoding the relevant data in forms, such as vectors or
other data structures, that are more easily transmitted.
[0009] Embodiments can also thereby enable efficient
transmission, storage, and use of data generated from
images captured, which can allow bet monitoring and
classification to be accomplished, avoiding a need for
transmission of many and large raw images to a separate
server.

[0010] Embodiments described herein can capture im-
age data across a plurality of channels and can include
processors configured to extend one or more of the chan-
nels by transforming the image data, for example, to pro-
vide additional data for improved processing or classifi-
cation accuracy. Embodiments can aggregate data from
one or more images captured over time to reduce tran-
sient effects arising from temporary visual obstructions
of an object captured. This can allow betting activities to
be monitored even in chaotic gambling situations, with
moving participants and placement of objects within the
monitored area. Horizontal gradients of the image data
and/or transformed image data can be generated to cap-
ture vertical texture in the chips and can be used, for
example, to extract image data reflecting geophysical
edge locations of chips or other objects for improved im-
age recognition.

[0011] Inaccordance with an aspect, there is provided
a device for monitoring game activities at a gaming table
comprising an imaging component positioned on a gam-
ing table or proximate thereto to capture image data cor-
responding to the one or more chips positioned in at least
one betting area on a gaming surface of the respective
gaming table, each imaging component comprising one
or more sensors responsive to activation events and de-
activation events to trigger capture of the image data by
the imaging component, the imaging component posi-
tioned to capture images of a gaming surface of the re-
spective gaming table; a processor configured to pre-
process the captured image data tofilter at least a portion
of background image data to generate a compressed set
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of image data of the one or more chips free of the back-
ground image data; the processor further configured to
process the compressed set of image data to establish
atwo-dimensional grid comprising points of interest over-
laid over the compressed set of image data, and for each
point of interest, classify the point of interest based on
an analysis of a corresponding representative histogram
descriptor generated based on the image data corre-
sponding to the corresponding point of interest; the proc-
essor further configured to identify a dominant classifi-
cation for each row in the grid of the points of interest,
the dominant classification recorded in a data structure
to establish a vector representation of the one or more
chips in the at least one betting area; the processor fur-
ther configured to determine one or more quantities of
one or more chip types of the one or more chips in the
at least one betting area by processing the vector repre-
sentation based at least on a comparison with physical
geometric characteristics of the one or more chip types;
and data storage configured to maintain a data structure
storing one or more data fields representative of the de-
termined one or more quantities of one or more chip types
of the one or more chips in the at least one betting area.
[0012] In accordance with an aspect, there is provided
a device for monitoring game activities at a gaming table
comprising an imaging component positioned on a gam-
ing table or proximate thereto to capture image data cor-
responding to the one or more chips positioned in at least
one betting area on a gaming surface of the respective
gaming table, each imaging component positioned to
capture images of a gaming surface of the respective
gaming table; a processor configured to pre-process the
captured image data to filter at least a portion of back-
ground image data to generate a compressed set of im-
age data of the one or more chips free of the background
image data; the processor further configured to process
the compressed set of image data to establish a two-
dimensional grid comprising points of interest overlaid
over the compressed set of image data, and for each
point of interest, classify the point of interest based on
an analysis of a corresponding representative histogram
generated based on the image data corresponding to the
corresponding point of interest; the processor further
configured to identify a dominant classification for each
row in the grid of the points of interest, the dominant clas-
sification recorded in a data structure to establish a vector
representation of the one or more chips in the at least
one betting area; the processor further configured to de-
termine one or more quantities of one or more chip types
of the one or more chips in the at least one betting area
by processing the vector representation based at least
on a comparison with physical geometric characteristics
of the one or more chip types; and data storage config-
ured to maintain a data structure storing one or more
data fields representative of the determined one or more
quantities of one or more chip types of the one or more
chips in the at least one betting area.

[0013] Inaccordance with an aspect, there is provided
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the device further comprising a communication link con-
figured for transmitting the data structure or a subset of
the data structure to generate betting data for the gaming
table, the betting data including betting amounts for the
at least one betting area.

[0014] In accordance with an aspect, there is provided
a device wherein the captured image data is captured
across a plurality of channels including at least a red
channel, a green channel, a blue channel, a depth infor-
mation channel, and an infrared channel; and wherein
each representative histogram is an aggregated histo-
gram generated from combining histograms generated
for each channel of the plurality of the channels.

[0015] Inaccordance with an aspect, there is provided
a device wherein the processor is configured to extend
the plurality of channels by transforming the captured
image data from RGB to a different colour space where
intensity is decoupled from color information, the trans-
formations yielding additional channels in the plurality of
channels.

[0016] Inaccordance with an aspect, there is provided
a device wherein the processor is configured to extend
the plurality of channels by transforming the captured
image data from RGB to a different colour space where
luminance is decoupled from chrominance, the transfor-
mations yielding additional channels in the plurality of
channels.

[0017] Inaccordance with an aspect, there is provided
a device wherein horizontal gradients are calculated us-
ing a 3x3 Sobel operator in order to capture the vertical
texture in the chips.

[0018] Inaccordance with an aspect, there is provided
a device wherein horizontal gradients are calculated us-
ing a 3x3 Sobel operator in order to capture the vertical
texture in the chips based on the R, G, and B channels.
[0019] Inaccordance with an aspect, there is provided
a device wherein the 3x3 Sobel operator is used on the
R, G, and B channels.

[0020] Inaccordance with an aspect, there is provided
adevice wherein the captured image data is represented
by an aggregated frame corresponding to average image
data of image data captured across a duration of time to
reduce transient effects arising from temporary visual ob-
structions of the imaging component.

[0021] Inaccordance with an aspect, there is provided
a device wherein the processor is further configured to
pre-process the captured image data to apply at least
one of rotation and scale invariance.

[0022] In accordance with an aspect, there is provided
a device wherein the dominant classifications are deter-
mined by utilizing a trained random forest classifier; and
wherein the trained random forest classifier is optimized
during training in relation to at least one of (i) criterion for
adecision split, (ii) a number of features for consideration
for determining the criterion for the decision split, (iii) a
number of trees in the forest, (iv) a minimum number of
samples required to split an internal node, (v) a maximum
depth of a tree, and (vi) use of bootstrap samples.
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[0023] In accordance with an aspect, there is provided
a device wherein the dominant classifications are deter-
mined by utilizing a trained random forest classifier and
wherein the trained random forest classifier includes a
plurality of classification trees and each representative
histogram is classified by a classification identified by a
majority of the plurality of the classification trees.
[0024] In accordance with an aspect, there is provided
adevice wherein the dominant classification for each row
in the grid of the points of interest is determined by a
classification type representing a largest proportion of
the points of interest in the row in the grid.

[0025] In accordance with an aspect, there is provided
a device wherein the determination of the one or more
quantities of the one or more chip types of the one or
more chips in the at least one betting area includes iden-
tifying one or more chip volumes within the vector repre-
sentation by grouping similar classifications in the vector
representation, each chip volume representing a stack
of chips having similar classifications; determining a cen-
troid for each chip volume of the one or more chip vol-
umes; identifying a height for each chip volume; and es-
timating a number of chips in each chip volume by com-
paring the centroid and the height of each chip volume
with the physical geometric characteristics of the one or
more chip types, the estimated number of chips in each
chip volume utilized to determine the one or more quan-
tities of the one or more chip types.

[0026] In various further aspects, the disclosure pro-
vides corresponding methods, systems and devices, and
logic structures such as machine-executable coded in-
struction sets for implementing such systems, devices,
and methods.

[0027] Inanaspect,thereis provided asystemfor mon-
itoring game activities at a plurality of gaming tables com-
prising: a plurality of client hardware devices for the plu-
rality of gaming tables, each client hardware device com-
prising an imaging component positioned on a respective
gaming table or proximate thereto to capture image data
corresponding to the one or more chips positioned in a
betting area on a gaming surface of the respective gam-
ing table and, in response, pre-processing the captured
image data to generate a compressed set of image data
free of background image data, each client hardware de-
vice comprising one or more sensors responsive to ac-
tivation events and deactivation events to trigger capture
of the image data by the imaging component; a game
monitoring server for collecting, processing and aggre-
gating the compressed image data from the client hard-
ware devices to generate aggregated betting data for the
plurality of gaming tables; and a front end interface device
for displaying the aggregated betting data from the game
monitoring server for provision to or display on end user
systems, the front end interface device for receiving con-
trol commands from the end user systems for controlling
the provision or display of the aggregated betting data.
[0028] In another aspect, the imaging component is
positioned to capture the image data at an offset angle
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relative to a plane of the gaming surface of the respective
gaming table; and wherein the offset angle permits the
imaging component to capture the image data from side-
walls of the one or more chips.

[0029] In another aspect, the offset angle is an angle
selected from the group of angles consisting of about -5
degrees, about -4 degrees, about -3 degrees, about -2
degrees, about - 1 degrees, about 0 degrees, about 1
degrees, about 2 degrees, about 3 degrees, about 4 de-
grees, and about 5 degrees; and the altitude is an altitude
selected from the group of altitudes consisting of about
0.2 cm, about 0.3 cm, about 0.4 cm, about 0.5 cm, about
0.6 cm, about 0.7 cm, about 0.8 cm, about 0.9 cm, and
about 1.0 cm.

[0030] Inanotheraspect, the system further comprises
an illumination strip adapted to provide a reference illu-
mination on the one or more chips, the illumination strip
positioned at a second substantially horizontal angle to
provide illumination on the sidewalls of the one or more
chips; the second substantially horizontal angle selected
such that the presence of shadows on the one or more
chips is reduced.

[0031] In another aspect, the illumination strip is con-
trollable by the client hardware devices and configured
to provide the reference illumination in accordance with
control signals received fromthe client hardware devices;
the control signals, when processed by the illumination
strip, cause the illumination strip to change an intensity
of the reference illumination based at least on ambient
lighting conditions, the control signals adapted to imple-
ment a feedback loop wherein the reference illumination
on the one or more chips is substantially constant despite
changes to the ambient lighting conditions.

[0032] Inanother aspect, the one or more sensors are
adapted to determine one or more depth values corre-
sponding to one or more distances from a reference point
to the one or more chips, each of the depth values cor-
responding to the distance to a corresponding chip.
[0033] Inanother aspect, the one or more sensors de-
termine the one or more depth values by using at least
one of Doppler radar measurements, parallax measure-
ments, infrared thermography, shadow measurements,
light intensity measurements, relative size measure-
ments, and illumination grid measurements.

[0034] In another aspect, the one or more sensors in-
clude at least two sensors configured to determine the
one or more depth values by measuring stereo parallax.
[0035] Inanotheraspect, atleast one of the client hard-
ware devices and the game monitoring server are con-
figured to determine a presence of one or more obstruct-
ing objects that are partially or fully obstructing the one
or more chips from being sensed by the one or more
sensors, the presence of the one or more obstructing
objects being determined by continuously monitoring the
one or more depth values to track when the one or more
depth values abruptly changes responsive to the obstruc-
tion.

[0036] Inanotheraspect, atleast one of the client hard-
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ware devices and the game monitoring server are con-
figured to, responsive to positively determining the pres-
ence of the one or more obstructing objects that are par-
tially or fully obstructing the one or more chips from being
sensed by the one or more sensors, aggregate a plurality
of captured images over a duration of time and to com-
pare differences between each of the plurality of captured
images to estimate the presence of the one or more chips
despite the presence of the one or more obstructing ob-
jects that are partially or fully obstructing the one or more
chips from being sensed by the one or more sensors.
[0037] Inanother aspect, the compressed setofimage
data free of background image data is obtained by using
an estimated chip stack height in combination with the
more one or more depth values to determine a chip stack
bounding box that is used for differentiating between the
background image data and chip image data during the
pre-processing.

[0038] In another aspect, the game monitoring server
is configured to process the compressed set of image
data free to individually identify one or more specific chips
of the one or more chips within the chip stack bounding
box represented by the compressed set of image data,
each specific chip being identified through a chip bound-
ing box established around the pixels representing the
specific chip.

[0039] In another aspect, the game monitoring server
is configured to identify one or more chip values associ-
ated with each of the one or more chips within the chip
stack bounding box by estimating a chip value based on
machine-vision interpretable features present on the one
or more chips.

[0040] In another aspect, the game monitoring server
is configured to identify the one or more chip values by
generating one or more histograms, each of histogram
corresponding with image data in the corresponding chip
bounding box, by processing the one or more histograms
to obtain one or more waveforms, each waveform corre-
sponding to a histogram; and the game monitoring server
is configured to perform feature recognition on each
waveform to compare each waveform against a library
of pre-defined reference waveforms to estimate the one
or more chip values through identifying the pre-defined
reference waveform that has the greatest similarity to the
waveform.

[0041] In another aspect, the processing of the one or
more histograms to obtain the one or more waveforms
includes at least performing a Fourier transformation on
the one or more histograms to obtain one or more plots
decomposing each histogram into a series of periodic
waveforms which in aggregation form the histogram.
[0042] Inanotheraspect, the machine-vision interpret-
able features present on the one or more chips include
at least one of size, shape, pattern, and color.

[0043] Inanotheraspect, the machine-vision interpret-
able features present on the one or more chips include
at least one of size, shape, pattern, and color and the
one or more waveforms differ from one another at least
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due to the presence of the machine-vision interpretable
features.

[0044] Inanother aspect, the activation events and de-
activation events comprising placement and removal of
the one or more chips within a field of view of the imaging
component.

[0045] Inanother aspect, the activation events and de-
activation events are triggered by a signal received from
an external transmitter, the external transmitter being a
transmitting device coupled to a dealer shoe that trans-
mits a signal whenever the dealer shoe is operated.
[0046] In another aspect, the system further includes
aninterface engine adapted to provision an interface pro-
viding real or near-real-time betting data to a dealer, the
real or near-real-time betting data based on the betting
data extracted by the game monitoring server from the
captured image data, the betting data including one or
more estimated values for each stack of chips in one or
more betting areas of the gaming surface.

[0047] In another aspect, there is provided a system
for monitoring game activities comprising: a game mon-
itoring server for collecting, processing and aggregating
betting data from a plurality of client hardware devices
to generate aggregated betting data for a plurality of gam-
ing tables, each client hardware device having at least
one imaging component positioned substantially parallel
to a gaming surface of a respective gaming table and
configured to capture image data corresponding to one
or more chips positioned on the gaming surface in re-
sponse to activation events, the betting data derived from
the image data; and a front end interface device for dis-
playing the aggregated betting data from the game mon-
itoring server for provision to or display on end user sys-
tems, the front end interface device for receiving control
commands from the end user systems for controlling the
provision or display of the aggregated betting data.
[0048] In another aspect, the imaging component is
positioned to capture the image data at an offset angle
relative to a plane of the gaming surface of the respective
gaming table; and wherein the offset angle permits the
imaging component to capture the image data from side-
walls of the one or more chips.

[0049] Inanother aspect, there is provided a device for
monitoring game activities at a plurality of gaming tables
comprising: an imaging component positioned on a re-
spective gaming table or proximate thereto to capture
image data corresponding to the one or more chips po-
sitioned in a betting area on a gaming surface of the re-
spective gaming table and, in response, pre-processing
the captured image data to generate a compressed set
of image data free of background image data, each client
hardware device comprising one or more sensors re-
sponsive to activation events and deactivation events to
trigger capture of the image data by the imaging compo-
nent, the imaging component positioned substantially
parallel to a gaming surface of the respective gaming
table; a processor configured to pre-process the captured
image data to generate a compressed set of image data
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free of background image data responsive to activation
events and deactivation events to trigger collection of
betting events; and a communication link configured for
transmitting the compressed set ofimage datato a game
monitoring server configured to generate aggregated
betting data for the plurality of gaming tables, the gener-
ated aggregated betting data being provided to a front
end interface device configured for displaying the aggre-
gated betting data from the game monitoring server for
provision to or display on end user systems, the frontend
interface device configured for receiving control com-
mands from the end user systems for controlling the pro-
vision or display of the aggregated betting data.

[0050] In another aspect, there is provided a method
for monitoring betting activities comprising: detecting, by
animaging component, that one or more chips have been
placed in one or more defined bet areas on a gaming
surface, each chip of the one or more chips having one
or more visual identifiers representative of a face value
associated with the chip, the one or more chips arranged
in one or more stacks of chips; capturing, by the imaging
component, image data corresponding to the one or more
chips positioned on the gaming surface, the capturing
triggered by the detection that the one or more chips have
been placed in the one or more defined bet areas; trans-
forming, by an image processing engine, the image data
to generate a subset of the image data relating to the one
or more stacks of chips, the subset ofimage dataisolating
images of the one or more stacks from the image data;
recognizing, by an image recognizer engine, the one or
more chips composing the one or more stacks, the rec-
ognizer engine generating and associating metadata
representative of (i) a timestamp corresponding to when
the image data was obtained, (ii) one or more estimated
position values associated with the one or more chips,
and (iii) one or more face values associated with the one
or more chips based on the presence of the one or more
visual identifiers; segmenting, by the image recognizer
engine, the subset of image data and with the metadata
representative of the one or more estimated position val-
ues with the one or more chips to generate one or more
processed image segments, each processed image seg-
ment corresponding to a chip of the one or more chips
and including metadata indicative of an estimated face
value and position; and determining, by a game monitor-
ing engine, one or more bet data values, each bet data
value corresponding to a bet area of the one or more
defined bet areas, and determined using at least the
number of chips visible in each of the one or more bet
areas extracted from the processed image segments and
the metadata indicative of the face value of the one or
more chips.

[0051] In another aspect, the method further compris-
es transmitting, the one or more bet data values corre-
sponding to the one or more defined bet areas, to a gam-
ing data repository, the game data repository configured
for associating the one or more bet data values to one
or more bets made by one or more players as the one or
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more players interact with a game being played on the
gaming surface; and generating, on a display of a com-
puting device by n interface component, an electronic
dashboard illustrative of at least one of current and his-
torical bets made by the one or more players.

[0052] In this respect, before explaining at least one
embodiment in detail, it is to be understood that the em-
bodiments are not limited in application to the details of
construction and to the arrangements of the components
set forth in the following description or illustrated in the
drawings. Also, itis to be understood that the phraseology
and terminology employed herein are for the purpose of
description and should not be regarded as limiting.
[0053] Many further features and combinations thereof
concerning embodiments described herein will appear
to those skilled in the art following a reading of the instant
disclosure.

DESCRIPTION OF THE FIGURES

[0054]
ments:

In the figures, which depict example embodi-

FIG. 1A and 1B illustrate a block diagrams of a sys-
tem for monitoring betting activities at gaming tables
according to some embodiments.

FIG. 2 illustrates a block diagram of another system
for monitoring game activities at gaming tables ac-
cording to some embodiments.

FIG. 3 illustrates a block diagram of another system
for monitoring game activities at gaming tables ac-
cording to some embodiments.

FIGS. 4A-4C illustrates a schematic diagram of bet
regions monitored by a bet recognition device ac-
cording to some embodiments.

FIGS. 5 to 7 illustrate example images taken from a
bet recognition device mounted on a gaming table
according to some embodiments.

FIGS. 8 and 9 illustrate example images of a bet
recognition device mounted on a gaming table ac-
cording to some embodiments.

FIGS. 10 and 11 illustrate example images of a bet
recognition device according to some embodiments.

FIG. 12 illustrate a schematic diagram of another
example bet recognition device according to some
embodiments.

FIGS. 13A, 13B and 14 illustrate example images
from a betrecognition device and processed images
after transformation by serveraccording to some em-
bodiments.
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FIG. 15 illustrates a schematic diagram of a sensor
array device for bet recognition device according to
some embodiments.

FIG. 16 illustrates a schematic graph of the ampli-
tude of the received signal over time according to
some embodiments.

FIG. 17 illustrates a schematic of a game monitoring
server according to some embodiments.

FIG. 18 illustrates a schematic of a bet recognition
device according to some embodiments.

FIGS. 19-23, 24A-24D, 25A-25E, 26 to 39 llustrate
schematic diagrams of bet recognition devices with
camera layouts according to some embodiments.

FIG. 40 to 43 illustrate schematic diagrams of shoe
devices according to some embodiments.

FIGS. 44, 45, 46A-46C illustrate schematic dia-
grams of bet recognition devices with shoe devices
according to some embodiments.

FIGS. 47 to 50 illustrate schematic diagrams of chip
stacks according to some embodiments.

FIGS. 51 and 52 illustrate schematic diagrams of bet
recognition devices with camera layouts according
to some embodiments.

FIGS. 53-56 are sample workflows, according to
some embodiments.

FIG. 57 is a workflow diagram of an example process
for a bet recognition system according to some em-
bodiments.

FIG. 58 is a view of an example bet recognition sys-
tem according to some embodiments.

FIG. 59 is a diagram of an example playing surface
with betting areas and fields of view of imaging com-
ponents according to some embodiments.

FIG. 60 is a diagram of an example playing surface
with betting areas and fields of view of imaging com-
ponents according to some embodiments.

FIG. 61 is a diagram of an example set of image data
according to some embodiments.

FIG. 62 is a diagram of an example representation
of image data showing depth on a green channel

according to some embodiments.

FIG. 63 is adiagram of example sets ofimage frames
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with and without obstruction according to some em-
bodiments.

FIG. 64 is a diagram of example image frames ac-
cording to some embodiments.

FIG. 65 is a diagram of example image frames ac-
cording to some embodiments.

FIG. 66 is an example representation of image data
of a stack of chips positioned on a two-dimensional
grid according to some embodiments.

FIG. 67 is an example representation of image data
of a stack of chips according to some embodiments.

FIG. 68 is an example of two sets ofimage data each
containing a representation of image data collected
over various channels according to some embodi-
ments.

FIG. 69 is an example image captured by bet recog-
nition system according to some embodiments.

FIG. 70 is an example image set of image data, de-
picting a Y colour space, Cb colour space, and Cr
colour space according to some embodiments.

FIG. 71 are example representations of a betting ob-
ject (a stack of chips) and a two-dimension repre-
sentation of its horizontal gradient.

FIG. 72 is an example representation of localization
of two betting objects on a betting surface by bet
recognition system according to some embodi-
ments.

FIG. 73 is an example image with an overlay depict-
ing image data used for image recognition bet rec-
ognition system according to some embodiments.

FIG. 74 is an example image with an overlay of se-
lected points of interest according to some embodi-
ments.

FIG. 75 is an example diagram depicting pixel rep-
resentations of points of interest selected along a
betting object according to some embodiments.

FIG. 76 is an example diagram depicting each his-
togram generated for points of interest according to
some embodiments.

FIG.77 is animage of an example depiction of image
data used for classification of regions of interest ac-

cording to some embodiments.

FIG. 78 is a diagram of an example classification for
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points of interest based on the histogram data for
each point of interest.

FIG. 79 is a diagram of an example process for train-
ing a classifier for predicting chip type .

FIG. 80 is a diagram of example decision trees used
by random forest classifiers for classifying a point of
interest according to some embodiments.

FIG. 81 is adiagram of an example mapping between
classification names and colour representations ac-
cording to some embodiments.

FIG. 82 is a diagram of an example depiction for a
chip quantification process by bet recognition sys-
tem according to some embodiments.

FIG. 83 is a diagram of an example depiction for a
chip quantification process by bet recognition sys-
tem according to some embodiments.

FIG. 84 is a photograph of several illuminating com-
ponents (e.g., LEDs) in use that are full colour and
customizable for one or more tables, according to
some embodiments.

FIG. 85 depicts several illuminating components
(e.g., LEDs) in use that have spreads of different
color respectively, according to some embodiments.

FIG. 86 depicts illuminating component with a cus-
tom color, according to some embodiments.

FIG. 87 is a photograph of illuminating component,
depicting illuminating component from a perspective
view, according to some embodiments.

FIG. 88 is an overhead photograph of physical hand
count indicator, according to some embodiments.

FIG. 89is arear perspective view of a bet recognition
device that is mounted on a table surface, according
to some embodiments.

FIG. 90 is a perspective view of a bet recognition
device, according to some embodiments.

FIG. 91 is an overhead photograph illustrating two
controllers, each being used to drive the bet recog-
nition devices, according to some embodiments.

FIG. 92 is a photograph illustrating potential connec-
tions between the one or more processors according
to some embodiments.

FIG. 93 is a photograph of a table without felt, illus-
trating areas upon which a physical retrofit can be
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applied to connect bet recognition device.

FIG. 94 is a photograph of under table connectors,
according to some embodiments.

FIG. 95 is a rendering showing two interfaces that
may be connected to bet recognition devices, ac-
cording to some embodiments.

FIG. 96 illustrates an example playing surface with
betting areas.

FIG. 97 is a representation of image data of a stack
of chips before rotation invariance, according to
some embodiments.

FIG. 98 is a representation of image data of a stack
of chips before scale invariance, according to some
embodiments.

FIG. 99 is a block diagram of a system for monitoring
betting activities at gaming tables according to some
embodiments.

DETAILED DESCRIPTION

[0055] Accurate monitoring of betting activities can be
used to identify and deter people who unfairly gain an
advantage during participation in the betting activities,
for example, those who place bets when an outcome of
a game is more readily discernable. This behaviour can
disadvantage other game participants who place bets at
the propertime and whose winnings can depend on other
participants not winning. Participants who engage in un-
fair behaviour can disproportion the odds of winning in
their favour over other game participants. In addition, ca-
sinos and other gambling establishments can lose money
to these participants. Participants are more inclined to
engage in unfair betting behaviour and more likely to do
so unnoticed when their activities are not monitored.
There is a need for accurate monitoring of betting activ-
ities that is not limited by the capacity of human detection.
[0056] Further, casinos and other gambling establish-
ments can benefit from data on game participants and
their betting patterns. This information can be used to
target participants who engage in riskier betting patterns
so as encourage their continued participation in betting
activities, for example. Betting patterns or statistics re-
lated to betting activities can be used in a nuanced way
to offer other incentive for certain behaviour. Itis difficult
for this data to be identified, understood, and capitalized
on in popular gambling establishments where there are
many game participants who engage with different
games and have different gambling styles. There is a
need for accurate monitoring and generation of data that
can uncover useful trends in betting activities.

[0057] Transmission of many and/or large images to a
remote computational processing system or computer
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can be slow and therefore unfeasible for use in monitoring
betting activities, where decisions may need to be made
in near real-time.

[0058] Embodiments described herein provide a plat-
form, device and process for monitoring game activities
at a gaming table. In particular, embodiments described
herein can provide a platform, device and process for
capturing images of the surface of a gaming table and
determining the quantity, identity, and arrangement of
chips bet at a gaming table.

[0059] Embodiments described herein can be used to
captureimages of the surface of agaming table, including
gambling chips, in response to certain events such as
placing a bet. A device included in some embodiments
is configured to remove background image data, for ex-
ample, by distinguishing chips from the background
based on their respective depth values. The device is
configured to identify points of interest on the chip imag-
es, including across the length of a side view of each
chip, and classify each point of interest using histogram
data of image channels corresponding to the point of in-
terest. The device is configured to then decide on a clas-
sification for each chip, based on the classifications for
each point of interest in a single row. The decided clas-
sification for each chip can be stored as a separate value
in a data structure. The device is configured to identify
the quantity, type, and arrangement of each chip based
on the arrangement and identity of the values in the data
structure. This may involve determining groups of similar
classifications and determining the number of chips cor-
responding to each group.

[0060] Computation at each stage can be separated
logically, temporally, or physically; compartmentalized;
and/or performed by separate system components to im-
prove computation time and enable the process to be
completed in manageable steps, for example, at times
orin sequences optimal for use of computational resourc-
es or generating a result.

[0061] The device can enable efficient transmission of
data relating to betting activity or chip quantification and
classification by generating data at each step locally and
encoding the relevant data in forms, such as vectors or
other data structures, that are more easily transmitted.
[0062] Embodiments can also thereby enable efficient
transmission, storage, and use of data generated from
images captured, which can allow bet monitoring and
classification to be accomplished, avoiding a need for
transmission of the many and large raw images to a sep-
arate server.

[0063] Embodiments described herein can captureim-
age data across a plurality of channels and can include
processors configured to extend one or more of the chan-
nels by transforming the image data, for example, to pro-
vide additional data for improved processing or classifi-
cation accuracy. Embodiments can aggregate data from
one or more images captured over time to reduce tran-
sient effects arising from temporary visual obstructions
of an object captured. This can allow betting activities to
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be monitored even in chaotic gambling situations, with
moving participants and placement of objects within the
monitored area. Horizontal gradients of the image data
and/or transformed image data can be generated to cap-
ture vertical texture in the chips and can be used, for
example, to extract image data reflecting geophysical
edge locations of chips or other objects for improved im-
age recognition.

[0064] Embodiments of methods, systems, and appa-
ratus are described through reference to the drawings.
[0065] Embodiments described herein relate to sys-
tems, methods and devices for monitoring game activi-
ties at gaming tables in casinos and other gaming estab-
lishments. For example, embodiments described herein
relate to systems, methods and devices for monitoring
card game activities at gaming tables. Each player, in-
cluding the dealer and customer(s), may be dealt a card
hand. Embodiments described herein may include de-
vices and systems particularly configured to monitor
game activities that include betting activities at gaming
tables to determine bet data including a number of chips
in a betting area of the gaming table and a total value of
chips in the betting area.

[0066] The player bet data may be used by casino op-
erators and third parties for data analytics, security, cus-
tomer promotions, casino management, and so on.
Games are not necessarily limited to card games, and
may include dice games, event betting, other table
games, among others.

[0067] In accordance with an aspect of embodiments
described herein, monitoring devices may be used to ret-
rofit gaming tables. The monitoring devices may be inte-
grated with the gaming tables to provide a smooth work-
ing area in a manner that does not catch on cards or
chips. The monitoring device may not require changing
of agaming table top as itmay be integrate within existing
table top structure. An example of a monitoring device is
a bet recognition device, as described herein.

[0068] Tracking bet activities that are on-going at a
gaming facility is a non-trivial task that has myriad finan-
cial consequences. Accurate bet tracking is important as
it may be used to more closely monitor the revenues and
outflows of the gaming facility, identify patterns (e.g.,
theft, collusion), and provide an enhanced gaming expe-
rience. For example, tracked bet information, in the form
of betting records, may be used to determine compen-
sation levels for loyal players (e.g., the accurate provi-
sioning of "comps" in relation to overall casino returns),
rebates, etc., or track dealer and/or game performance.
[0069] Bets are often performed in conjunction with
games (e.g., baccarat, poker, craps, roulette) or events
(e.g., horse racing, professional sports, political out-
comes), and traditionally, some bets are placed with the
aid of specially configured markers (e.g., chips). These
bet markers may have various markings on them, and
are often distinguished from one another so that it is easy
to track the value of each of the markers (e.g., denomi-
nations, characteristics). Some of the markers are de-
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signed with a particular facility in mind, and accordingly,
may vary from facility to facility. For example, facilities
may include casinos, gaming halls, among others.
[0070] Betting markers, such as chips, may have var-
ying designs and markings that not only distinguish be-
tween chip types (e.g., chip values), but also different
series of chips having the same values (e.g., to reduce
the risk counterfeiting and/or to enable tracking). For ex-
ample, such variations may be purposefully and period-
ically introduced such that counterfeiters may have a
harder time successfully copying chip designs.

[0071] Accordingly, a flexible implementation may pro-
vide a diverse range of conditions and chips can be used
with the system. For example, in some embodiments, a
system is provided that is configured for interoperation
with a diverse range of chip types, and also to flexibly
adapt in view of modifications to chip designs and mark-
ings. In such embodiments, the system is not "hard cod-
ed" to associate specific designs and markings with chip
values, but rather, applies machine-learning to dynami-
cally associate and create linkages as new chip types
are introduced into the system. Interoperability may be
further beneficial where a single system can be provi-
sioned to different gaming facilities having different
needs and environments, and the system may, in some
embodiments, adapt flexibly in response to such differ-
ences (e.g., by modifying characteristics of a reference
illumination on the chips, adapting defined feature rec-
ognition linkages, adapting imaging characteristics, im-
age data processing steps, etc.).

[0072] The bet markers, such as chips, are often pro-
vided in physical form and placed individually or in
"stacks" that are provided in specific betting areas on
tables so that a dealer can see that a player has made
a bet on a particular outcome and/or during a betting
round. A game or event may include multiple betting
rounds, where a player is able to make a particular bet
in conjunction with a phase and/or a round in the game
or event. The betting may result in a win, loss, push, or
other outcome, and the player may be paid chips equiv-
alent to an amount of winnings.

[0073] The ability to track bets in real or near-real time
may be of commercial and financial importance to a gam-
ing facility. Inaccurate tracking of bets may lead to in-
creased management overhead and/or an inability to ac-
curate track betting, which may, for example, lead to
missed opportunities to enhance player experience, or
missed malicious behavior trends. For example, analyz-
ing betting patterns may indicate that some players are
"gaming the system" by placing suspicious bets (e.g.,
due to card counting, hole carding), or may indicate par-
ticularly profitable bets for the gaming facility (e.g., Black-
jack insurance bets). The bet tracking information may
be utilized in conjunction with other types of backend
systems, such as a hand counting system, a security
management system, a player compensation system
(e.g., for calculating when complimentary items / bonus-
es are provided), etc. Bet recognition may also be used
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in gaming training systems, where players can be in-
formed that their betting was not efficient or suboptimal
based on computer-based simulation and calculation of
odds (e.g., for Texas Hold-em poker, efficient betting may
be determined based on mathematical odds and table
positioning, especially for structured betting games
and/or pot-limit and limit games, and may also be influ-
enced by the presence of rule modifications).

[0074] Insome embodiments, bet tracking information
is collected using machine-vision capable sensors that
may be present on a gaming table or surface, or other
type of gaming machine. These machine-vision capable
sensors monitor betting areas to determine the types of
chips placed in them, and estimate the value of bets,
tracking betting as betting progresses from round to
round and from game to game. As many gaming facilities
have invested significantly into their existing chips, ta-
bles, technologies and/or layouts, some embodiments
described herein are designed for flexibility and interop-
eration with a variety of existing technologies and archi-
tectures. Machine vision is not limited to imaging in the
visual spectrum, but may also include, in various embod-
iments, imaging in other frequency spectra, RADAR, SO-
NAR, etc. Machine vision may include image processing
techniques, such as filtering, registration, stitching,
thresholding, pixel counting, segmentation, edge detec-
tion, optical character recognition, among others.
[0075] Accordingly, a bet tracking system may benefit
from being able to be retrofit into existing tables and/or
layouts, and interface with other table and/or gaming fa-
cility management systems (e.g., to communicate infor-
mation regarding betting activities). Machine-learning
techniques (e.g., random forests) may be utilized and
refined such that visual features representative of differ-
ent chip values are readily identified, despite variations
between different facilities, lighting conditions and chip
types. For example, such a system may not necessarily
need to have hard-coded reference libraries of what chips
should look like for each value, and instead, may be flex-
ibly provisioned during the calibration process to build a
reference library using real-world images of chips to train
a base set of features. Accordingly, in some embodi-
ments, the system may be utilized without a priori knowl-
edge of the markers present on the various betting mark-
ers, such as chips. This may be useful where a system
may need to account for introduced variations in chip
design, which, for security reasons, are not distributed
ahead of introduction.

[0076] A potential challenge with tracking bets is that
there are a diversity of betting markers, objects on a gam-
ing surface, lighting conditions that may lead to complex-
ities in relation to accurately determining what bet mark-
ers are present, and further, what value should be attrib-
uted to a bet. Bets may be placed off-center by players,
chips may not be uniformly stacked, chips may be ob-
scuring one another, players may obscure bets using
their hands, players may be deliberately modifying their
bets (e.g., surreptitiously adding to a bet after cards have
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been dealtto obtain a higher payout), etc. Bet recognition
can be conducted with minimal disruption to the opera-
tions of the gaming facility or player experience.

[0077] There may also be limitations on the amount of
available computing resources, and given that many
gaming tables operate with a high volume of games per
hour, there is limited time available for processing (es-
pecially where bet data is being tracked in real or near-
real time). Gaming facilities may have computational re-
sources available at different locations, and these loca-
tions may need to communicate with one another over
limited bandwidth connections. For example, there may
be some computing components provided at or near a
gamingtable such that pre-processing may be conducted
on sensory data, so that a compressed and/or extracted
set of data may be passed to a backend for more com-
putationally intensive analysis. In some embodiments,
the backend may revert computed information back to
the computing components provided at or near a gaming
table so that a dealer or a pit-boss, or other gaming em-
ployee may use an interface to monitor betting activities
(e.g., to determine "comp" amounts, track suspicious bet-
ting patterns, identify miscalculated payouts).

[0078] Bet recognitions systems may utilize sensors
positioned at a variety of different locations to obtain in-
formation. For example, systems may utilize overhead
cameras, such as existing security cameras. A challenge
with overhead camera systems is that the presence of
shadows, skewed image angles, obstructions, have ren-
dered some embodiments particularly complicated from
a computational perspective, as issues relating to data
quality and the amount of visible information may lead to
unacceptably low accuracy and/or confidence in compu-
tationally estimated bet counts.

[0079] Embodiments described herein provide uncon-
ventional solutions to many problems, including accu-
rately monitoring and identifying bet volumes at a speed
feasible for use in live games to allow for intervention
during the game or otherwise soon after a betting amount
is changed. For example, the use of single key frames
to represent relevant bet volumes instead of a large
number of frames helps overcome technological prob-
lems of slow image processing times to prepare images
for use as well as long times for transmission of images
to servers for processing. Embodiments herein de-
scribed also provide an ability to be retrofitted at a betting
surface or gaming table, for example, at a chip tray, so
as to further overcome problems of requiring transmis-
sion to a remote server for processing or use.

[0080] Embodiments described herein provide an im-
proved process for using imaging components and
processing units to register images and isolate or localize
regions of interest. For example, embodiments described
herein provide for strategically placed imaging compo-
nents with overlapping fields of view that each capture
channels of images (RGB, IR), as well as processing
components that generate depth images; extend those
channels, for example, to generate more data for in-
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creased accuracy in image classification and determin-
ing bet volume; and register the images captured or gen-
erated to generate an averaged key frame image repre-
senting relevant data across the channels, for example,
by averaging only those registered frames that do not
have transient obstructions. The imaging components in
some embodiments use one or more sensors to provide
a solution to problems, including improving accuracy and
consistency in image registration and accurately deter-
mining the distance away an object in an image is, for
example, to remove background data. This removal can
allow for an ability to localize bet volumes at a betting
surface, as well as improve processing and transmission
speeds, for example, by reducing the amount of data for
processing or transmission, reducing bandwidth, or re-
ducing potential for data packets to be dropped.

[0081] FIG. 1A illustrates a block diagram of a system
100A for monitoring betting activities at gaming tables
according to some embodiments. The system may be
configured such that sensors and/or imaging compo-
nents are utilized to track betting activities, generating
sensory data that is sent to a backend for processing.
The betting activities may be provided in the form of chips
being placed in betting areas, and the sensors and/or
imaging components may include machine-vision sen-
sors adapted for capturing images of the betting areas.
[0082] As depicted, the system includes bet recogni-
tion devices 30 (1 to N) integrated with gaming tables (1
to N). The bet recognition devices 30 may include various
sensors and imaging components, among other physical
hardware devices.

[0083] Each bet recognition device 30 has an imaging
component for capturing image data for the gaming table
surface. The gaming table surface has defined betting
areas, and the imaging component captures image data
forthe betting areas. A transceiver transmits the captured
image data over a network and receives calibration data
for calibrating the bet recognition device 30 for the betting
areas. Bet recognition device 30 may also include a sen-
sor component and a scale component, in some embod-
iments. The image data may, for example, focus on a
particular region of interest or regions of interest that are
within the field of view of the sensor component.

[0084] In some embodiments, the bet recognition de-
vices 30 are hardware electronic circuitry that are cou-
pled directly in or indirectly to a gaming surface. In some
embodiments, the betrecognition device 30 is integrated
into the gaming surface. The bet recognition device 30
may be provided as a retrofit for existing gaming surfaces
(e.g., screwed in, provided as part of a chip tray).
[0085] The bet recognition devices 30 may further in-
clude illuminating components or other peripheral com-
ponents utilized to increase the accuracy of the bet rec-
ognition. For example, an illuminating bar may be pro-
vided that provides direct illumination to chip stacks such
that the imaging component is more able to obtain con-
sistent imagery, which may aid in processing and/or pre-
processing ofimage data. Another peripheral component
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may include the use of pressure sensitive sensors at the
betting area to denote when there are chips present in
the betting area, and in some embodiments, the weight
of the chips (e.g., which can be used to infer how many
chips, which can be cross-checked against the image
data).

[0086] The bet recognition device 30 may have one or
more processors and computational capabilities directly
built into the bet recognition device 30. In some embod-
iments, these computational capabilities may be limited
in nature, but may provide for image pre-processing fea-
tures that may be used to improve the efficiency (e.g.,
file-size, relevancy, redundancy, load balancing) of im-
ages ultimately provided to a backend for downstream
processing. The bet recognition device 30 may also in-
clude some storage features for maintaining past data
and records. Some implementations provide for a very
limited window of processing time (e.g., fast betting
rounds or game resolution), and the pre-processing aids
in speeding up computation so that it may be conducted
in a feasible manner in view of resource constraints.
[0087] In some embodiments, the bet recognition de-
vice 30 contains multiple physical processors, each of
the physical processors associated with a corresponding
sensor and adapted to track a particular bet area. In such
an embodiment, the system has increased redundancy
as the failure of a processor may not result in a failure of
the entirety of bet recognition capabilities, and the system
may also provide for load balancing across each of the
physical processors, improving the efficiency of compu-
tations. Each sensor may be tracked, for example, using
an individual processing thread.

[0088] The system includes a game monitoring server
20 with a processor coupled to a data store 70. In some
embodiments, the game monitoring server 20 resides
on, near or proximate the gaming surface or gaming ta-
ble. For example, the game monitoring server 20 may
include a computing system that is provided as part of a
dealer terminal, a computer that is physically present at
a gaming station, etc.

[0089] The game monitoring server 20 processes the
image data received from the bet recognition devices 30
over the network to detect, for each betting area, a
number of chips and a final bet value for the chips. The
game monitoring server 20 may also process other data
including sensor data and scale data, as described here-
in.

[0090] The game monitoring server 20 is configured to
aggregate game activity data received from bet recogni-
tion devices 30 and transmit commands and data to bet
recognition devices 30 and other connected devices. The
game monitoring server 20 processes and transforms
the game activity data from various bet recognition de-
vices 30 to compute bet data and to conduct other sta-
tistical analysis.

[0091] The game monitoring server 20 may connect to
the bet recognition devices 30 via bet recognition utility
40. The bet recognition utility 40 aggregates image data
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received from multiple bet recognition devices 30 for pro-
vision to the game monitoring server 20 in a tiered man-
ner. In some example embodiments, game monitoring
server 20 may connect to multiple bet recognition utilities
40.

[0092] Each bet recognition device 30 may be linked
to a particular gaming table and monitor game activities
at the gaming table. A gaming table may be retrofit to
integrate with bet recognition device 30. Bet recognition
device 30 includes an imaging component as described
herein. In some embodiments, bet recognition device 30
may also include sensors or scales to detect chips.
[0093] Bet recognition utility device 40 connects bet
recognition devices 30 to the game monitoring server
device 20. Bet recognition utility 40 may act as a hub and
aggregate, pre-process, normalize or otherwise trans-
form game activity data, including image data of the gam-
ing tables. In some embodiments, bet recognition utility
40 may relay data. Bet recognition utility 40 may be linked
to a group of gaming tables, or a location, for example.
[0094] Bet recognition utility device 40, for example,
may be a backend server cluster or data center that has
a larger set of available computing resources relative to
the game monitoring server 20. The bet recognition utility
device 40 may be configured to provide image data in
the form of extracted and/or compressed information,
and may also receive accompanying metadata tracked
by the bet recognition device 30, such as timestamps,
clock synchronization information, dealer ID, player ID,
image characteristics (e.g., aperture, shutter speed,
white balance), tracked lighting conditions, reference il-
lumination settings, among others.

[0095] This accompanying metadata, for example,
may be used to provide characteristics that are utilized
in a feedback loop when bet outcomes are tracked. For
example, the type of image characteristics or reference
illumination characteristics of the bet recognition utility
device 40 may be dynamically modified responsive to
the confidence and/or accuracy of image processing per-
formed by the bet recognition utility device 40. In some
embodiments, the bet recognition utility device 40 ex-
tracts from the image data a three-dimensional represen-
tation of the betting and maybe used to track not only
betting values but also chip positioning, orientation,
among others. This information may, for example, be
used to track patterns of betting and relate the patterns
to hand outcomes, the provisioning of complimentary
items, player profile characteristics, etc.

[0096] The system may also include a front end inter-
face 60 to transmit calculated bet data, and receive game
eventrequests from differentinterfaces. As shownin FIG.
2, front end interface 60 may reside on different types of
devices. Front end interface 80 may provide different re-
porting services and graphical renderings of bet data for
client devices. Graphical renderings of bet data may be
used, forexample, by various parties and/or stakeholders
in analyzing betting trends. Gaming facilities may track
the aggregate amounts of bets by account, demographic,
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dealer, game type, bet type, etc. Dealers may utilize bet-
ting information on a suitable interface to verify and/or
validate betting that is occurring at a table, pit bosses
may use the betting information to more accurately de-
termine when complementary items should be dispensed
and provided, etc.

[0097] Frontend interface 60 may provide an interface
to game monitoring server 20 for end user devices and
third-party systems 50. Front end interface 60 may gen-
erate, assemble and transmit interface screens as web-
based configuration for cross-platform access. An exam-
ple implementation may utilize Socket.io for fast data ac-
cess and real-time data updates.

[0098] Frontend interface 60 may assemble and gen-
erateacomputinginterface (e.g.,aweb-based interface).
A user can use the computing interface to subscribe for
real time game event data feeds for particular gaming
tables, via front end interface 60. The interface may in-
clude a first webpage as a main dashboard where a user
can see all the live gaming tables and bet data in real
time, or near real time. For example, the main dashboard
page may display bet data, hand count data, player count
data, dealer information, surveillance video image, and
so on. Bet data may include, for example, total average
and hourly average bets per hand, player or dealer, per
hour bet data for each gaming table in real time, and so
on. The display may be updated in real-time.

[0099] The interface may include a management page
where management users can perform management re-
lated functions. For example, the interface may enable
management users to assign dealers to inactive gaming
tables or close live gaming tables. An on and off state of
a gaming table may send a notification to all instances
of the interface. If a user is on the monitor management
page when a new gaming table is opened, the user may
see the live gaming table updated on their display screen
in real-time. The management page may also shows sur-
veillance images of each gaming table, and other collect-
ed data. The surveillance images may be used or trig-
gered upon detection of particular patterns of bet data at
a gaming table, for example.

[0100] Front end interface 60 may include a historical
data webpage, which may display historical bet data of
a selected gaming table. It may allow the user to browse
the historical bet data by providing a date range selecting
control. The bet data may be organized hourly, daily,
monthly, and so on depending on the range the user
chooses. The bet data along with the hand data and a
theoretical earning coefficient may be used to estimate
the net earnings of the gaming table over the selected
date period.

[0101] A server and client model may be structured
based on receiving and manipulating various sorts of
game event data, such as hand count data, betting data,
player data, dealer data, and so on. The interface may
be expanded to process other types of game data such
as average bets per hands on a table. Bet data can be
displayed on the monitor or management page in an ad-
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ditional graph, for example. The date range selection tool
may be used for analyzing the added data along with the
bet data. Similarly, the main dashboard may show real-
time statistics of both the bet data and the additional
game data.

[0102] Insomeembodiments,the betrecognition utility
device 40 may receive activation / deactivation signals
obtained from various external devices, such as an ex-
ternal shoe, a hand counting system, a player account
registration system, a pit boss / employee manual trig-
gering system, etc. These external devices may be
adapted to transmit signals representative of when a bet-
ting event has occurred or has terminated. For example,
a specially configured dealer shoe may be operated to
transmit signals when the dealer shoe is shaken, repo-
sitioned, activated, etc., or a hand counting system may
be interoperating with the bet recognition utility device
40 to indicate that a new round of betting has occurred,
etc. In some embodiments, betting may be triggered
based on the particular game being played in view of pre-
defined logical rules establishing when betting rounds
occur, when optional betting is possible (e.g., side-bets,
insurance bets, progressive bets), etc.

[0103] The system 10 may also integrate with one or
more third party systems 50 for data exchange. For ex-
ample, a third party system 50 may collect dealer moni-
toring data which may be integrated with the bet data
generated by game monitoring server device 20. As an-
other example, a third party system 50 may collect player
monitoring data which may be integrated with the bet
data generated by game monitoring server device 20.
[0104] FIG. 1B is an example block schematic 100B
illustrative of some components of a bet recognition sys-
tem 200, according to some embodiments. The compo-
nents shown are for example only and may reside in dif-
ferent platforms and/or devices. The system 200 may
include, for example, an imaging component 202 includ-
ing one or more sensors to detect and/or obtain image
data representative of betting areas. The imaging com-
ponents 202 may be, for example, cameras, sensors,
and may collect image data in the form of video, pictures,
histogram data, in various formats. The image data may
have particular characteristics tracked in the form of as-
sociated metadata, such as shutter speeds, camera po-
sitions, imaging spectra, reference illumination charac-
teristics, etc. In some embodiments, the imaging com-
ponents may provide an initial pre-processing to perform
preliminary feature recognition, optical character recog-
nition, etc. For example, the gaming surface may have
visual indicators which may be tracked as reference
markers by the imaging components (e.g., optical posi-
tion markers indicative of betting areas where bets may
be placed).

[0105] An image processing engine 204 may be pro-
vided that is configured to receive the images and to ex-
tract features from the images. In some embodiments,
the image processing engine 204 segments and/or pre-
processes the raw image data to remove noise, artifacts,
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and/or background / foreground imagery. For example,
the image processing engine 204 may be configured to
visually identify the pixels and/or regions of interest (e.g.,
by using a combination of depth data and similarity / size
information) regarding the chips. Specific stacks of chips
may be identified, along with their constituent chips. The
chips may have "bounding boxes" drawn over them, in-
dicative of the pixels to be used for analysis. Similarly, in
some embodiments, "bounding boxes" are drawn over
entire stacks of chips. The image processing engine 204
may extract features from the bounding boxes and, for
example, create a compressed transform representative
of a subset of the image information. For example, in
some embodiments, various vertical, horizontal, or diag-
onal lines of information may be drawn through a deter-
mined stack of chips, and samples may be obtained
through tracking the image pixels proximate to and/or
around a determined centroid for each of the chips.
[0106] Insomeembodiments, to account for variations
in markings (e.g., vertical stripes), the pixels (e.g., hori-
zontal pixels) estimated to comprise a particular chip are
blurred and/or have other effects performed on them prior
to extraction such that the centroid and its surrounding
pixels are representative of the chip as a whole.

[0107] Theimage processing engine 204 may also ex-
tract out a particular height of the chips, and this infor-
mation may be utilized to determine the general size
and/or makeup of the stack of chips. For example, knowl-
edge of the chip stack, distance, and height of specific
chips may permit for the segmentation of pixel informa-
tion on a per-chip basis.

[0108] The image recognizer engine 206 may obtain
the extracted and compressed information from the im-
age processing engine 204, applying recognition tech-
niques to determine the actual chip value for each chip
in the relevant region of interest. As the image recognizer
engine 206 receives a set of features, the image recog-
nizer engine 206 may be configured to utilize a classifier
to determine how well the feature set corresponds to var-
ious reference templates. In some embodiments, the
classifier provides both an estimated value and a confi-
dence score (e.g., a margin of error indicative of the level
of distinction between potential chip value candidates).
Where the chip value cannot be reliably ascertained
through the reference templates, a notification may be
provided to either request re-imaging with varied char-
acteristics, or to generate an error value. For example,
features may be poorly captured due to changes in am-
bient lighting and/or environmental shadows, and the no-
tification from the classifier may control a reference light-
ing source to activate and/or modify illumination to po-
tentially obtain a more useful set of image features.
[0109] In some embodiments, the image recognizer
engine 206 may dynamically provision computing re-
sources to be used for recognition. For example, if the
image recognizer engine 206 identifies that a larger
amount of processing will be required in view of a large
volume of poor quality image data, it may pre-emptively
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request additional processing resources in view of a re-
quirement to complete processing within a particular
timeframe. Conversely, in some embodiments, where
image data is of sufficiently high quality to quickly and
accurately conclude that a chip is a particular type of chip,
processing resources may be freed up.

[0110] Arules engine subsystem 208 may be provided
in relation to classification of chip image data / features
to chip values. The rules engine subsystem 208 may, for
example, include tracked linkages and associations that
are used by the classifier to determine a relationship be-
tween a particular reference feature set. In some embod-
iments, the rules engine subsystem 208 includes weight-
ed rules whose weights dynamically vary in view of up-
dated reference feature sets or accuracy feedback infor-
mation (e.g., indicated false positives, false negatives,
true positives, true negatives), among others. The rules
engine subsystem 208 may also include logical process-
ing rules that control operation of various characteristics
of the classifier, the reference illumination, processing
characteristics, etc.

[0111] A game monitoring engine 210 may obtain the
tracked chip / bet values for each bet, for example, from
a plurality of imaging components 202, processing en-
gines 204 and/or recognizer engines 206, and maintain
an inventory of betting data, which may be stored in data
storage 250. The game monitoring engine 210 may be
adapted to provide real or near-real-time feedback, and
also to perform various analyses (e.g., overnight
processing). The game monitoring engine 210 may iden-
tify patterns from combining bet tracking data with other
data, such as player profile information, demographics,
hand counting information, dealer tracking information,
etc.

[0112] Anadministrative interface subsystem 212 may
be provided for administrative users to control how the
system operates and/or to request particular analyses
and/or reports. A user interface subsystem 214 may pro-
vide, for example, various graphical interfaces for under-
standing and/or parsing the tracked bet recognition data.
The graphical interfaces may, for example, be configured
to generate notifications based on tracked discrepancies,
etc. The various components may interoperate through
a network 270.

[0113] FIG. 99 is an example block schematic illustra-
tive of some components of a bet recognition system
200, according to some embodiments. The components
shown are for example only and may reside in different
platforms and/or devices. As depicted in the example em-
bodiment, bet recognition system 200 includes imaging
component 202, image processing engine 204, image
recognizer engine 206, game monitoring engine 210,
rules engine subsystem 208, administrative interface
subsystem 212, data storage 250, user interface subsys-
tem 214, external databases 252, and network 270 (or
multiple networks).

[0114] As depicted in the example embodiment, imag-
ing component 202 is configured to connect to image
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processing engine 204, for example, to provide captured
images for processing. Image processing engine 204 is
configured to connect to image recognizer engine 206,
for example, to provide processed images or extracted
and compressed information in order for recognition tech-
niques to be applied. The image recognizer engine 206
receives a set of features, and the image recognizer en-
gine 206 may be configured to utilize a classifier to de-
termine how well the feature set corresponds to various
reference templates. Each of imaging component 202,
image processing engine 204, image recognizer engine
206, game monitoring engine 210, and user interface
subsystem 214 can be configured to connect with data
storage 250 to provide or retrieve data. Data storage 250
is configured to store data received and retrieve data
from one or more external databases 252.

[0115] As depicted in the example embodiment, game
monitoring engine 210 is configured to connect with rules
engine subsystem 208, for example, to provide data al-
lowing rules engine subsystem 208 to track linkages and
associations that are used by a classifier to determine a
relationship between a particular reference feature set.
The data can be, for example, tracked chip / bet values
for each bet in a set of bets or in a game. Rules engine
subsystem 208 can be configured to provide feedback
to game monitoring engine 210, such as acknowledge-
ment of receipt of data.

[0116] As depicted in the example embodiment, ad-
ministrative interface subsystem 212 is configured to
connect with rules engine subsystem 208, for example,
to allow users to control how the system operates and/or
to request particular analyses and/or reports. Adminis-
trative interface subsystem 212 can receive from rules
engine subsystem 208 data to present reports or analy-
ses, for example, to a user. User interface subsystem
214 is configured to connect with administrative interface
subsystem 212, for example, to receive configuration,
permissions, and/or security data. This may allow for an
administrator to tailor graphical interface elements gen-
erated by user interface subsystem 214 and presented
to a user.

[0117] As depicted in the example embodiment, user
interface subsystem 214 and administrative interface
subsystem 212 are configured to interoperate over a net-
work (or multiple networks).

[0118] Insome example embodiments, game monitor-
ing server 20 may connect directly to bet recognition de-
vices 30. FIG. 2 illustrates a block diagram 200 of another
system for monitoring game activities at gaming tables
according to some embodiments. System may include
bet recognition device 30 at gaming table with defined
betareas 34 onthe gaming table surface. In this example,
bet recognition device 30 directly connects to game mon-
itoring server 20 to provide image data for the gaming
table surface and the bet areas 34.

[0119] FIG. 3illustrates a block diagram 300 of a further
system for monitoring game activities at gaming tables
according to some embodiments involving betting data
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and hand count data. Card game activities may generally
include dealing card hands, betting, playing card hands,
and so on. Each player, including the dealer and custom-
ers, may be dealt a card hand. For a card game, each
active player may be associated with a card hand. The
card hand may be dynamic and change over rounds of
the card game through various plays. A complete card
game may result in a final card hand for remaining active
players, final bets, determination of winning card hands
amongst those active players’ hands, and determination
of a winning prize based on winning card hands and the
final bets. At different rounds or stages of the game dif-
ferent players make bets by placing chips in bet regions
on the gaming table surface.

[0120] Bet recognition device 30 and hand count de-
vice 32 may be integrated at each gaming table for cap-
turing image data for bets and counting the number of
card hands played at the particular gaming table. Hand
countdevice 32 is another example of a game monitoring
device. A player may have multiple card hands over mul-
tiple games, with different bets associated with hands.
Hand count device 32 may count the number of hands
played ata gaming table, where the hands may be played
by various players. Bet recognition device 30 may collect
image data for server 20 to calculate bet data for different
hands and players.

[0121] Hand count device 32 may determine a player
hand count may be over a time period. Bet recognition
device 30 may determine bet data over a time period,
using timestamps, for example. Server 20 may correlate
hand count and bet data using timestamps or time peri-
ods, for example. The information may be stored on data
store 70, and presented on front enter interface 60.
[0122] Betrecognition device 30 may associate betda-
ta with a particular gaming table, dealer, customers, ge-
ographic location, subset of gaming tables, game type,
and so on. Similarly, hand count device 32 may associate
hand count data with a particular gaming table, dealer,
customers, geographiclocation, subset of gaming tables,
game type, and so on. For example, bet data may be
associated with a timestamp and gaming table identifier
to link data structures for further data analysis, process-
ing and transformation.

[0123] Metadatais collected alongside image data and
may be associated (e.g., using pointers, labels, metadata
tags) with the image data to indicate additional informa-
tion, such as checksums (e.g., for redundancy and im-
mutability), timestamps, player information, hand count
information, bet round information, lighting conditions,
reference lighting characteristics, confidence score as-
sociated with image data, sensors in use, processor in
use, etc.

[0124] Image data, along with other metadata may be
encapsulated in the form of information channels that
may be use for transmission and/or otherwise encoded.
In some embodiments, 10 or more channels of informa-
tion are provided by the bet recognition device 30, and
the channels may include, for example, image data taken
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with different color balances and parameters, image data
from different sensors, metadata, etc.

[0125] Each bet recognition device 30 may transmit
image data or other bet data to bet recognition utility 42
for provision to game monitoring server 20. Each hand
count device 32 may transmit hand count data from a
sensor array to hand count utility 42 for provision to game
monitoring server 20. Further details on hand count de-
vice 32 and game monitoring server 20 for calculating
hand count data is described in U.S. Provisional Appli-
cation No. 62/064,675 filed October 16, 2014 the entire
contents of which is hereby incorporated by reference.
[0126] Hand count device 32 may include sensors,
such as for example laser sensors with optical emitters
andreceivers. Laser sensors, instead of other types such
as ambient light sensors, may be advantageous to re-
duce the effect of lighting in the environment, to not re-
quire special table top felt material, to waterproof the de-
vice, and so on. Ambient light sensors may not work well
if apartofthe table is not well lit, as those types of sensors
are looking for darkness for object detection. Hand count
device 32 may use optical receiver and emitter sensors
that look for light for object detection. Additional types of
sensors include radio frequency and optics. The sensors
may be organized to form a sensor array. Hand count
device 32 may further include an infrared receiver and
infrared emitter or transmitter for electronic data ex-
change. The sensors are particularly configured and po-
sitioned relative to the play area and bet area on the
gaming table. For example, a sensor array may be posi-
tioned proximate to the card play area and bet area. The
device may be configured to provide a particular distance
between sensor and card play area or bet area, such as
a one centimeter distance, for example.

[0127] Betrecognition device 30 may similarly retrieve
image data captured by imaging component. Hand count
device 32 may receive power and retrieve data off of
sensors used for monitoring game activities. Both hand
count device 32 and bet recognition device 30 generate
game activity data (which may also be referred to herein
as game event data) for provision to game monitoring
server 20. Game activity data may include hand count
data events, such as hand start event data and hand stop
event data. Hand start event data indicates the start of a
new hand. Hand stop event data indicates the end of a
hand. Together with timestamps these values may be
used to compute hand duration and other data values.
Bet data may also be linked by timestamps. The sensors
of hand count device 32 may be positioned on the gaming
table to detect card hand activities and trigger hand start
events and hand stop events. The sensors may deliver
real-time dataregarding card play activity, including hand
start event data and hand stop event data. The imaging
components may also deliver real-time image data re-
garding bet activities. The imaging component of bet rec-
ognition device may be mounted or integrated into gam-
ing table to capture real-time image data for bet areas
on the gaming table surface.

10

15

20

25

30

35

40

45

50

55

16

[0128] Insome embodiments, the clocks ofthe betrec-
ognition device 30, the hand countdevice 32, game mon-
itoring server 20 are synchronized together to ensure that
data is readily interpretable regardless of source.
[0129] Bet recognition device 30 may be configured
with particular trigger events, such as detection of chips
or objects in defined bet areas on the gaming table by
sensors. The trigger events may trigger imaging compo-
nent to capture image data for calculating bet values for
the chips. A timing or threshold value may be set off to
trigger transmission of game event data used to calculate
bet data and count card hands. An example trigger may
be sensor activation for a threshold value, for example
two, three or four seconds. Another example trigger may
be sensor deactivation for a threshold value.

[0130] Game activity data may include bet data, player
count data and hand count data, which may be valuable
for casinos for security, management, and data analytics.
For example, a casino may determine a link between a
game and a dealer, and also a dealer and a customer,
through the bet data, the hand count data and the player
count data. A casino may provide real-time compensa-
tion to players using the bet data, hand count, and player
count data. Accordingly, the systems, devices and meth-
ods in accordance with embodiments described herein
may provide various levels of granularity and specificity
for game activity data, using the bet data, hand count
data, player count data, and other generated game ac-
tivity data values. There may further be third party player
tracking and/or dealer tracking data 50 that may be uti-
lized in relation to performing analysis and reporting.
[0131] A gaming table includes one or more bet areas.
FIGS. 4A-4C illustrates a schematic diagram of betareas
34 monitored by a bet recognition device 30 according
to some embodiments.

[0132] As illustrated in FIGS. 4A-4C, a challenge with
tracking betting and chips is the ability to obtain sufficient
quality and resolution to accurately track bets. FIG. 4A
is an overhead or elevational top view 400A, according
to some embodiments. FIG. 4B is a perspective view
400B, according to some embodiments. FIG. 4C is an
overhead or elevational top view 400C in relation to a
camera system 30, according to some embodiments.
Bets 402 may be placed in a betting area 34 on a gaming
table, and for example, betting areas may be demarcated
through the use of machine-vision interpretable bound-
aries, etc. The bets may include various chips, and the
chips may have different values attributed to the chips.
The chips may be placed in one or more stacks within
the field of view of the camera system 30.

[0133] These boundaries, for example, may appear to
be a single visual ring to a player, but in some embodi-
ments, layers of different boundaries (e.g., as different
rings) may be utilized to more granularly indicate slight
differences in positioning of chips. For example, bound-
aries that are only visible in the infrared or ultraviolet light-
ing may be used, and these may be tracked by machine-
vision sensors to demarcate where the betting area be-
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gins, ends, different parts of a betting area, etc. For ex-
ample, such granular boundaries may be helpful where
small differences in depth, positioning, etc. may impact
the accuracy of such a system. Visual and/or other types
of optical markers may be used to serve as reference
areas for depth calculations

[0134] While some other systems have utilized over-
head cameras positioned over a table or based on track-
ing images captured from overhead security cameras,
these systems have had difficulties obtaining sufficiently
high quality images of chips placed in betting areas to be
able to accurately and responsively track bet counting.
For example, using an overhead camera may lead to an
inconsistent number of pixels being used to track each
chip, the number of available pixels being limited due to
the obstruction caused by chips being placed on one an-
other (e.g., an overhead camera directly above a stack
of chips may not be able to adequately identify chips un-
derneath the top chip of a stack, or if it is placed at an
overhead some distance away, the system may not have
a good view of the individual chips within the stack as
there may either be obstructions or the specific angle of
the chips may cause undesirable shadowing effects. For
example, depending on a camera’s ability to obtain im-
ages, chips deep in a stack of chips may all appear to be
black as the chips in the stack end up casting shadows
on one another. Perspective views of chips may compu-
tationally difficult to analyze in view of the required trans-
formations to obtain a representative set of pixels.
[0135] Similarly, it may be difficult to account for vari-
ations of ambient and environmental lighting that may be
illuminating the chips themselves. Where differences in
illumination intensities are utilized to track chip values
and distances, such variations may reduce the accuracy
of readings or provide false positive / false negative read-
ings.

[0136] In some embodiments, imaging components
(e.g., cameras) are placed and positioned to have a sub-
stantially horizontal sensor angle when viewing the chips,
a depiction of which is provided at FIG. 4B. Substantially
horizontal may mean substantially parallel to a plane of
the gaming surface.

[0137] Theimaging components may be adapted such
that the imaging component is directed towards the bet-
ting areas from or near the perspective of a dealer. Such
a configuration may be helpful in ensuring that the chips
are less obstructed, and provide a sufficient view of the
sidewalls of the chips. An "offset angle" may be provided
where the imaging components, while "looking" substan-
tially parallel at the sidewalls of the chips, due to the
stacked nature of chips, may aid in obtaining as many
pixels as possible.

[0138] As described, the imaging component angle
may be important to ensure that as many pixels of infor-
mation can be extracted from a machine-vision image
that are representative of chips. The imaging component
itself may also require to be off-set from the gaming sur-
face (e.g., at a particular altitude or height) such that the
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sensing is not blocked by the presence of objects on the
gaming surface, such as playing cards, dice, markers,
etc. For example, a card may be curled at a corner, and
a sensor placed directly horizontal and in contact with
the gaming surface may end up being obstructed by the
cards (and thus unable to read the value of the chips).
The horizontal angle, for example, may be an angle be-
tween -5 to 5 degrees, and the altitude may be between
0.2cmto 1.0 cm. While the image obtained may be direct
for some chips, there is nonetheless some angle for chips
that are at the top or the bottom of the stack.

[0139] Insome embodiments, the imaging component
may be utilized in combination with an illumination strip,
the illumination strip (e.g., lights, infrared lights, ultraviolet
lights) providing a "reference illumination" against the
sidewall of the chips.

[0140] For example, the illumination strip may be
placed above or below the imaging component and may
provide illumination in all or a portion of the field of view
oftheimaging component. Theillumination provided may
be static (e.g., a regular light) or controlled (e.g., a con-
trollable light). The illumination characteristics may be
modified (e.g., filters applied, the amount of total light
controlled, the spectral makeup of the light may change,
etc.). The illumination characteristics may be used in var-
ious ways, for example, to ensure that at a minimum
number of pixels are able to be captured per chip, to
ensure that there is constant reference illumination de-
spite changes in ambient lighting, etc.

[0141] In some embodiments, illumination character-
istics are modified in response to requests from the sys-
tem. For example, the system may determine that there
indeed are chips providing in a particular area, but the
system is experiencing difficulty in assessing the value
of the chips (e.g., due to environmental, ambient illumi-
nation, distortions.

[0142] Insome embodiments, the imaging component
and/or the illumination is provided on a physical track or
pivot and is able to modify viewing angles and/or posi-
tions (or both) in response to poor image recognition. For
example, at some angles, chips may be covered by shad-
ows (especially the bottom chips of a stack) and due to
the shadowing, may appear to be indistinguishable from
other chips or erroneously recognized. The classifier may
identify a low level of confidence in the recognition and
in response, generate a control signal to move the cam-
era and/or pivot the camera and/or other sensors, such
as depth sensors, etc.

[0143] A control system may note that the recognition
device is having difficulty (e.g., by an increase in error
rate, failing to meeting a pre-defined threshold of pixels
required to make an accurate determination) and issue
a command control to the illumination device to control
the illumination device to more actively "light up" the chips
sothatabetter picture may be taken forconducting image
recognition.

[0144] Similarly, bet recognition devices may be de-
signed to operate in environments where the amount of
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environmental and ambientlighting varies quite frequent-
ly. Light may be provided from natural sources (e.g., win-
dows), or from artificial sources. Ambient lighting may
occur from artificial sources that are incident to the bet
recognition device, such as the lights provided on other
machines, room lighting, etc. In some embodiments, a
gaming facility may purposefully modify the lighting con-
ditions to impress upon the players a particular ambience
or theme. Individuals at the facility may be smoking, cast-
ing shadows, etc.

[0145] These variations may significantly impact the
ability of the system to perform bet recognition. A com-
mercial consideration as to how the system functions is
the ability to operate the system in a variety of different
environments having different lighting conditions. For ex-
ample, a bet recognition system may require some level
of portability as the system may be moved around a gam-
ing facility over its lifetime, or sold and/or moved between
different gaming facilities.

[0146] In some embodiments, the aspect ratio associ-
ated with the imaging component may be a factor for
consideration. For example, if the imaging component
was a 1080p camera, it means it has more pixels hori-
zontally than vertically, so the extra resolution in the width
is more valuable in measuring the thickness of the chip.
Rotating from a landscape orientation to a portrait orien-
tation would allow for more resolution for distinguishing
chips from one another within a stack, potentially offering
more detail to for downstream processing.

[0147] Insomeembodiments, anillumination strip pro-
vides the reference illumination, and the reference illu-
mination may be provided in a substantially horizontal
view relative to the sidewalls of the chips. The reference
illumination may, relative to overhead camera systems,
provide more direct and relatively unobstructed illumina-
tion to the chip sidewalls, making any machine-vision in-
terpretable markings more visible and easy to distin-
guish. As an example in the context of machine vision,
particular colors may be difficult to distinguish from one
another (e.g., red from pink), and similarly, striped mark-
ings may also be difficult to process as poor lighting may
impact the ability to determine how thick a line is, etc.
This problem may be particularly exacerbated if the ma-
chine-vision is not operating in the same range wave-
lengths as human vision, for example, if the machine vi-
sion operates in infrared, ultraviolet ranges, monochro-
matic ranges, etc.

[0148] The reference illumination may be provided
proximate to or substantially at the same location as the
imaging components. For example, the reference illumi-
nation may be provided in the form of anillumination strip
running across a sensor housing. In some embodiments,
the reference illumination is provided in the form of
spaced-apart light sources.

[0149] Accordingly, in some embodiments, the refer-
ence illumination in accordance with control signals such
that the reference illumination characteristics (intensity,
spread, spectral makeup, etc.) may be modified and

10

15

20

25

30

35

40

45

50

55

18

monitored to dynamically adjust and/or control for varia-
tions from light provided from other sources For example,
control signals may be provided, which when processed
by the illumination strip, the illumination strip changes an
intensity of the reference illumination based at least on
ambient lighting conditions. The control signals may be
adapted to implement a feedback loop wherein the ref-
erence illumination on the one or more chips is substan-
tially constant despite changes to the ambient lighting
conditions.

[0150] In some embodiments, rather than, or in com-
bination with changing the reference illumination to pro-
vide a constant lighting condition, the reference illumina-
tion is adapted to monitor a confidence level associated
with the bet recognition processing from machine-vision
images that are provided to a backend system. For ex-
ample, ifthe backend image processing system indicates
that there are significant accuracy and/or confidence is-
sues, the backend image processing system may be con-
figured to generate a control signal requesting modifica-
tions to the reference illumination relative to the chips
themselves. Outcomes may be monitored, for example,
by using a feedback loop, and controlled such that an
optimal amount of reference lighting is provided. In some
embodiments, the reference illumination is not constant,
but is rather adjusted to ensure that a sufficiently high
level of confidence is obtained during image processing.
In some embodiments, reference illumination may be
provided in a strobe fashion and/or otherwise intermit-
tently used when image processing capabilities are im-
pacted (e.g., a transient shadow passes by, the chips are
momentarily obstructed by the hand of a player or the
dealer, etc.).

[0151] The reference illumination, to save energy,
may, in some embodiments, be controlled such that it
can be turned on whenever additional illumination is re-
quired.

[0152] Embodiments described herein provide agame
monitoring server 20 configured to calculate a red green
blue (RGB) Depth Bounding Area for a gaming table to
calibrate the corresponding bet recognition device 30.
[0153] Game monitoring server 20 and bet recognition
device 30 calibrates each bet area to ensure that only
the chips in the bet area are counted, and not chips in
other areas of the gaming table that are not in play. The
bet area may be defined in response to input received at
front end interface 60 providing a graphical display of the
gaming table surface and using an input device (e.g. a
keyboard and mouse) to define a region. As another il-
lustrative example, the bet area may also be defined by
positioning chips in the bet area and nothing else on the
gaming table.

[0154] Game monitoring server 20 and bet recognition
device 30 may automatically implement bet area calibra-
tion by scanning the gaming table and detecting any chips
on the gaming table surface. If the chips on the gaming
table are directly inside the bet area then game monitor-
ing server 20 will automatically record xyz coordinate val-
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ues for the detected chips.

[0155] The game monitoring server 20 may be config-
ured for performing various steps of calibration, and the
calibration may include developing an array of reference
templates in relation to the particular set up of a gaming
surface or gaming table. For example, the reference tem-
plates may include what chips "look like" at a particular
table in view of usual gameplay settings, etc. Further, the
reference templates may track lighting conditions across
the span of a day, a season, in view of upcoming events,
nearby light sources (e.g., slot machines), etc. New tem-
plates may be provided, for example, when new chips or
variations of chip types are being introduced into circu-
lation at a particular gaming facility. In some embodi-
ments, such introduction of new chips may require a ma-
chine-learning training phase to be conducted to build a
reference library.

[0156] The calibration may be conducted, forexample,
on an empty table to determine where the betting areas
should be, where any demarcations exist, etc. The cali-
bration may be used to "true up" color settings, lighting
conditions, distances, etc. For example, the reference
templates may be indicative of how many pixels are gen-
erally in a chip in a first betting area, based on their po-
sition on a stack of chips, etc. The calibration may also
track the particular height of chip stacks based on how
many chips are in the stacks and what kind of chips are
in the stack. These reference values may be stored for
future use during bet recognition, and may be com-
pressed such that only a subset of features are stored
forreference. The subset of features stored, forexample,
may be utilized in a pattern recognition and/or down-
stream machine-learning approach where relationships
are dynamically identified between particular features
and recognized bets.

[0157] The calibration may be conducted with refer-
ence games and betting, and tracked against manual
and/or semi-manual review to determine accuracy and
features for extraction, and characteristics associated
with the bet recognition may be modified over time. For
example, the processing / pre-processing steps may be
modified to change definitions of bet areas, bounding
boxes, what image features are considered background
or foreground, how lighting needs to be compensated for
in view of changing lighting conditions, transient shad-
owing, etc.

[0158] Embodiments described herein provide a game
monitoring server 20 configured to monitor betting activ-
ities by calculating RGB and Depth Data for chips detect-
ed within bet areas of the gaming table.

[0159] The game monitoring server 20 may be config-
ured to generate an electronic representation of the gam-
ing table surface. The game monitoring server 20 is con-
figured to process the captured chip data images by seg-
menting the background chips and other data from the
gaming table images relative to the distance from camera
component of the bet recognition device 30, or relative
to the position on the gaming table. The bet recognition
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device 30 may only capture and transmit portions of the
image data relating to the chip stack itself to the game
monitoring server 20 via bet recognition utility 40. In ac-
cordance with some embodiments the game monitoring
server 20 or bet recognition utility 40 receive image data
for the gaming table surface and perform processing op-
erations to reduce the image data to portions of the image
datarelating to the chip stack itself. The game monitoring
server 20 implements image processing to transform the
image data in order to detect the number of chips in the
betting area and ultimately the final value of the chips.
[0160] Insome embodiments, the electronic represen-
tation of the gaming table surface is used as a stream-
lined approach to extracting information relevant to the
bet recognition. For example, the gaming table surface
may be represented in two-or three dimensional space
and used for coordinate positioning. There may be de-
fined bet areas that are provided based on position, etc.
and in some embodiments, the actual bet areas may in-
clude further markings that may or may not be visible to
human players that are used for machine vision boundary
demarcation and/or depth calculations. For example,
there may be areas indicated to indicate depth (e.g., ifa
particular boundary is covered, the boundary is known
to be at position (x, y), and therefore a chip stack is at
least around or covering position (X, y).

[0161] The game monitoring server 20 may utilize the
electronic representation in generating a streamlined set
of compressed information that is used for downstream
analysis, such as for bet recognition, confidence score
tracking, machine learning, etc. For example, the elec-
tronic representation may be updated as chips are placed
into betting areas and sensed by the sensors. The sen-
sors may track various elements of information associ-
ated with the chips and modify the electronic represen-
tation to note that, with a particular confidence level, that
a stack of chips has been placed, the stack of chips hav-
ing a particular makeup and value of chips, etc. The game
monitoring server 20 may then extract out only specific
features and discard the other information in preparing
a compressed set of information representative of the
bets being placed on a gaming surface (e.g., only a sim-
ple set of depth coordinates, the estimated make-up of
the chips in the stack, confidence values associated with
how accurately the system considers its assessments to
be, etc.).

[0162] Embodiments described herein provide agame
monitoring server 20 configured to monitor betting activ-
ities by calculating depth data for chips detected within
bet areas of the gaming table. Depth data can be cap-
tured with a variety of different processes using different
imaging components. For example, an imaging compo-
nent may include stereo cameras (e.g., RGB cameras)
mounted in different positions on the gaming table to cap-
ture image data for the betting areas. An imaging com-
ponent with stereo cameras may have two or more
black/white or RGB cameras, for example. As another
example, an imaging component may include a depth
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aware camera using Infrared (IR) and Time-Of-Flight
(TOF). An imaging component with depth cameras may
use IRTOF or IR projection of structured light or speckled
pattern.

[0163] Depth data may be an important output in rela-
tion to machine-vision systems. For example, the dis-
tance from a chip may indicate how many available pixels
would make up chips in an image of chips, etc. The
number of available pixels may determine how a bound-
ing box may be drawn (e.g., dimensions) around a chip,
a stack of chips, etc., and in some embodiments, may
be a factor in automatic determinations of confidence
scores associated with machine-vision estimations of the
values of the chips (e.g., if there are only 12 pixels avail-
able due to the stack being far away for a particular chip,
and the pixels are impacted by poor lighting conditions
and partial obstructions, the confidence score may be
particularly low, especially if the chip has markers that
are difficult to discern in poor lighting conditions).
[0164] Depth data may be generated based on, for ex-
ample, tracking parallax effects (e.g., by moving a single
sensor), stereoscopic effects (e.g., by comparing paral-
lax in two different cameras), pressure sensors in the
betting areas, range finding radar (e.g., Doppler radar),
UV light dispersion / brightness levels, distortion effects,
etc.

[0165] Where sensors may be obstructed, depth data
may be estimated from an aggregated set of captured
images over a duration of time. For example, differences
between each of the plurality of captured images may be
compared to estimate the presence of the one or more
chips despite the presence of the one or more obstructing
objects that are partially or fully obstructing the one or
more chips from being sensed by the one or more sen-
sors.

[0166] The depth data may be determined in combi-
nation with a confidence score. For example, if a chip is
particularly far away, there may be a limited number of
pixels to analyze regarding the chip. The number of pixels
available may be further reduced if lighting conditions are
poor, the chips are obstructed, there are imaging arti-
facts, etc., and accordingly, a lower confidence score
may be presented.

[0167] FIGS. 5 to 7 illustrate example images taken
from a bet recognition device mounted on a gaming table
according to some embodiments. The image data for the
images may include depth data taken from a table-
mounted depth camera. The example images illustrate
the table and betarearendered in three-dimensions (3D).
The image data defines stacks of chips in the bet areas
in 3D defined using X, Y, and Z coordinate values. The
game monitoring server 20 may represent a gaming table
surface as a model of X, Y and Z coordinate values in-
cluding betting areas.

[0168] As depicted in FIG. 5, the sensors may take
images 500 of the gaming surface, including bet area
502/502°, cards 508/508°, stacks of chips
504/504°/506/506°, etc. As noted in FIG. 5, there may be
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some chipsin the foreground 504/504’, some in the back-
ground 506/506’, there may be other background imag-
es, etc. Theimages may be taken in human visible and/or
non-human visible wavelength ranges. For example, the
images may utilize infrared, ultraviolet, and accordingly,
some wavelengths may be more prominent than others.
Another image 600 is depicted in FIG. 6, having bet area
602/602°, cards 608/608’, stacks of chips
604/604°/606/606’, etc. As noted in FIG. 6, there may be
some chipsin the foreground 604/604’, some in the back-
ground 606/606°.

[0169] FIG. 7 is a compressed representation 700,
wherein non-chip imagery has been filtered out, and the
image primarily consists ofimages of stacks of chips 702,
704, and 706. Filtering techniques, for example, include
the use of edge detection algorithms (e.g., difference of
Gaussians). The representation 700 may be compressed
such that chips are detected among other features, so
that various regions of interest can be identified. In some
embodiments, representation 700 is combined with
depth data so that background and foreground chips may
be distinguished from one another. For example, chips
that may be within a betting area indicative of a bet may
also have chips that are in the background (e.g., chips
that the player has in the player’s stacks that are not
being used for betting). Depth data may be used to dis-
tinguish between those chips that are in the betting area
as opposed to those chips that are out of the betting area.
[0170] Insome embodiments, the imaging component
may include a wide angle camera. The wide angle cam-
era can used to capture image data for all betareas game
monitoring server 20 may implement correction opera-
tions on the image data to remove warping affects. FIG.
8 illustrates an example schematic 800 of a bet recogni-
tion device 30 with a wide angle camera.

[0171] Insome embodiments, the imaging component
may include three cameras 802, 804 and 806 per gaming
table. Three cameras may be mounted on a gaming table
in a configuration in front of the dealer position on the
gaming table. Each camera may be dedicated or respon-
sible for two bet areas. When a hand has started (e.g.,
as per a detected hand start event) each camera may
capture image data of theirrespective bet areas for trans-
mission to game monitoring server 20. The game moni-
toring server 20 stores the captured image data in a cen-
tral data store 70. When new image data is sent to the
data store 70 it may be processed by game monitoring
server 20 using the recognition process described herein.
The processed image data may generate bet data includ-
ing the number of chips in a bet area and the total value
of chipsinthe betarea. Game monitoring server 20 stores
calculated bet data at data store 70. The bet data may
be linked with timestamp which is also recorded at data
store 70. When all image data captured by the three cam-
eras has been processed, image data for the hand played
is recorded to the data store 70. Game monitoring server
20 is operable to correlate the capture hand event data
to the bet data to calculate bet values for particular hands.
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[0172] The cameras of imaging component can be in-
stalled into the back bumper located between the dealer
position and the gaming table. This installation process
simplifies retrofitting existing gaming tables allowing the
casino operator to replace the back bumper without hav-
ing to impact the gaming table felt or surface.

[0173] FIGS. 8 and 9 illustrate example images of a
bet recognition device 30 mounted on a gaming table
according to some embodiments. The illustrative exam-
ple 900 shows three cameras as an imaging component
of the bet recognition device 30. The cameras are in-
stalled into the back bumper of the gaming table. Game
monitoring server 20 can stitch together image data cap-
tured by different cameras to recreate a 3D model of the
table surface using X, Y and Z coordinate values. In some
example embodiments, the game monitoring server 20
may evaluate image data independently for each cam-
era. Game monitoring server 20 uses the captured image
data to generate a 3D model of the gaming table surface.
Game monitoring server 20 processes the image data
by isolating image data for all bet areas and cropping the
image data for all bet areas for further processing. Game
monitoring server 20 processes the image data for the
bet area in order to find bet value for each bet area and
total bet or chip amount for each bet area.

[0174] In some embodiments, the 3D model is utilized
to generate a representation of where the system inter-
prets and/or estimates the chips to be. The 3D model
may be adapted to extrapolate position information
based on known sizes and/or dimensions of chips, as
the image data may often only include an incomplete set
of information required to generate a 3D model. Multiple
images may be stitched together to derive the 3D model.
[0175] FIGS. 10 and 11 illustrate example images of a
bet recognition devices 30 according to some embodi-
ments. FIG. 10 is an illustration 1000 of an example bet
recognition device 30 including three cameras capturing
different portions of the gaming table surface. FIG. 11 is
an illustration 1100 that illustrates another example bet
recognition device 30 including a camera.

[0176] FIG. 12illustrates a schematic diagram 1202 of
another example bet recognition device 30 according to
some embodiments. The bet recognition device 30 may
include a moving camera according to some embodi-
ments. A linear bearing can be used alongside a stepper
motor to move the camera from one side of the gaming
table 1204 to the other. This allows for one camera sys-
tem to capture image data of the gaming table surface
from different angles (as denoted by the dashed lines).
The number of image frames captured and the interval
at which the image frames are captured can be defined.
The imaging component may be an RGB Camera 30 or
two RGB cameras 30’, or one depth camera 30", for ex-
ample.

[0177] The movement of the camera may be used, for
example, to assess depth using parallax measurements,
to stitch together images in generating a 3D model, etc.
[0178] Game monitoring server 20 implements a chip
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recognition process to determine the number of chips for
each betting area and the total value of chips for the bet-
ting area. For example, when a new hand is detected at
agaming table, bet recognition device 30 captures image
data of each bet area on the gaming table surface and
sends the captured image data to game monitoring serv-
er 20.

[0179] In some embodiments, bet recognition device
30 isolates image data for each bet area from image data
for alarger portion of the gaming table surface and sends
cropped image data only for the bet area to the game
monitoring server 20. In other embodiments, game mon-
itoring server 20 isolates image data for each bet area
from image data for a larger portion of the gaming table
surface.

[0180] Game monitoring server 20 processes each im-
age frame of the captured image data and segments im-
age data defining chips for each chip by size and color
to determine a total number of chips for the betting area.
Game monitoring server 20 detects a face value for each
chip. Data records of data store 70 may link color and
size data to face value. Game monitoring server 20 may
also implement number recognition on the image data
for chips to detect face value. Game monitoring server
20 calculates the total value of the bet by multiplying the
number of chips detected by the face value of the chips.
[0181] FIGS. 13A, 13B and 14 illustrate example im-
ages taken from a bet recognition device mounted on a
gaming table and processed images after transformation
by server according to some embodiments. The images
1300A, 1300B, and 1400 illustrate segments generated
by the game monitoring server 20 to determine the
number of chips and the face value of the chips. Game
monitoring server 20 stores the bet data in data store 70.
A "bounding box" 1602 is illustrated for chip 1402.
[0182] Chips 1300-1314 may be processed by size,
and color (e.g., in this example, 1302 is a different type
of chip than the others), and the sensors and/or imaging
components may obtain data, including images in visual
spectrum or non-visual spectrum. For example, some
markings may be only shown in infrared or ultraviolet, or
may fluoresce in response to the reference illumination
applied to the chips. Texture and shape, in some embod-
iments, are also tracked based on visually apparent fea-
tures.

[0183] As depicted in FIG. 13B, the images may be
processed such that the sidewalls of the chips can be
analyzed, by identifying a region of interest represented,
for example, by the pixels within a "bounding box" 1316
and 1316’ around each of the chips. Depending on the
amount of available resources, the determination of the
region of interest may be conducted at a backend server,
or during pre-processing on a device coupled to the gam-
ing table, in various embodiments.

[0184] Game monitoring server 20 watches for new
captured image data for the bet area and processes the
new captured images against existing data records for
bet data stored in data store 70. Chips in the bet area
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are checked for size, shape, and color to ensure accu-
racy. FIGS. 13 and 14 illustrate that only the chips in the
bet area are detected by the game monitoring server 20
bet recognition process. Once processing is completed,
the game monitoring server 20 sends the bet values of
each bet area or region to the data store 70. In some
example embodiments, game monitoring server 20 as-
sociates a hand identifier to the bet data values. A times-
tamp may also be recorded with the bet data values
stored in data store 70.

[0185] Embodiments described herein provide a bet
recognition device 30 with both an imaging component
and a sensor component. Bet recognition device 30 cap-
tures image and sensor data for provision to gaming mon-
itoring server 20 to calculate bet data.

[0186] FIG. 15illustrates a schematic diagram 1500 of
a sensor array device for bet recognition device accord-
ing to some embodiments. A bet recognition device may
include a microcontroller, a sensor array network and
connection cables. The microcontroller may run the logic
level code for checking onboard sensors (e.g. sensors
integrated into the gaming tables via client hardware de-
vices 30) for pre-defined thresholds triggering capture of
image data to determine bet data. The microcontroller
may also emulate a serial communication protocol for
the host. The sensor array network may include intercon-
nected sensors that can communicate with each other.
The sensors may be integrated with a gaming table and
positioned relative to playing area of the table. They may
be all connected via the microcontroller and routed ac-
cordingly. A connection cable may process the digital
serial signal and allow the device to connect via USB or
other protocol (e.g. wireless) to a computer with a free
port. The data may be transmitted via the USB cable or
other protocol and may be read by a small utility on the
host computer.

[0187] FIG. 16 illustrates a schematic graph 1600 of
the amplitude of the received signal from a sensor and/or
imaging component over time according to some embod-
iments.

[0188] The following is an illustrative example meas-
urement setup for a scene point. A sensor estimates the
radial distance by ToF or RADAR principle. The distance,
p, is calculated at time t with electromagnetic radiation
atlight speed c, is p = ct. The transmitter emits radiation,
which travels towards the scene and is then reflected
back by the surface to the sensor receiver. The distance
covered is now 2p at time T. The relationship can be
written as:

P=7

[0189] Signal SL(f) may be reflected back by the scene
surface and travels back towards a receiver (back to re-
ceiver) and written as:
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Sp(t)=Ag[2rcf,.. ]

[0190] Because of free-path propagation attenuation
(proportional to the square of the distance) and the non-
instantaneous propagation of IR optical signals leading
to a phase delay AJ. The Attenuated Amplitude of re-
ceived signal may be referred to as Agr. The interfering

radiation at IR wavelength of emitted signal reaching the

receiver may be referred to as ‘Rﬂ .

[0191] Waveforms may be extracted in relation to each
chip (e.g., as extracted from the available pixels in image
data for each channel of information), and these wave-
forms may represent, for example, information extracted
from histogram information, or from other image informa-
tion. For example, a Fourier transform may be conducted
on the image data separately from extracted histogram
information. In some embodiments, a histogram and a
Fourier transform are used in combination.

[0192] A best-matching waveform approach may be
utilized to estimate which color and/or markings are as-
sociated with a particular chip. For example, each chip
may have a corresponding waveform (for each image
channel) and these may be used, in some embodiments,
in aggregate, to classify the chips based on chip values.
In some embodiments, where the data is not sufficiently
distinguishing between different chip values (e.g., poor
lighting makes it difficult to distinguish between pink and
red), the system may be adapted to provide a confidence
score associated with how closely matched the waveform
is with a reference template. This confidence score, for
example, may be used to modify sensory characteristics,
lighting conditions, etc., so that the confidence score may
be improved on future image processing. In some em-
bodiments, the interfaces provided to users may also uti-
lize the confidence score in identifying how strong of a
match was determined between chip images and refer-
ence templates. The received signals 1602 and 1604
may be different for each type of chip, and the waveforms
may be processed through a classifier to determine a
"best match". As described in some embodiments, the
confidence in determining a best match may be based
on (1) how well matched the chip is to a reference wave-
form, and (2) how much the chip is able to distinguish
between two different reference waveforms. The confi-
dence score may be used to activate triggers to improve
the confidence score, for example, by automatically ac-
tivating reference illumination or requesting additional
images (e.g., moving the camera to get more pixels due
to an obstruction, lengthening a shutter speed to remove
effects of motion, temporarily allocating additional
processing power to remove noise artifacts).

[0193] FIG. 17 is an illustration of a schematic of a
game monitoring server 20 according to some embodi-
ments.
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[0194] Game monitoring server 20 is configured to col-
lect game event data including bet data and hand start
data and hand stop data, which may be referred to gen-
erally as hand event data. The hand event data may be
used to determine a hand count (e.g., the number of
hands played by various players) for a particular gaming
table for a particular period of time. Bet and hand count
data may be associated with a time stamp (e.g., start
time, stop time, current time) and table identifier. The bet
data may also be associated with a particular player (e.g.
dealer, customer) and a player identifier may also be
stored in the data structure.

[0195] For simplicity, only one game monitoring server
20 is shown but system may include more game moni-
toring servers 20. The game monitoring server 20 in-
cludes at least one processor, a data storage device (in-
cluding volatile memory or non-volatile memory or other
data storage elements or a combination thereof), and at
least one communication interface. The computing de-
vice components may be connected in various ways in-
cluding directly coupled, indirectly coupled via a network,
and distributed over a wide geographic area and con-
nected via a network (which may be referred to as "cloud
computing").

[0196] For example, and without limitation, the com-
puting device may be a server, network appliance, set-
top box, embedded device, computer expansion module,
personal computer, laptop, or computing devices capa-
ble of being configured to carry out the methods de-
scribed herein.

[0197] As depicted, game monitoring server 20 in-
cludes at least one game activity processor 80, an inter-
face API 84, memory 86, at least one I/O interface 88,
and at least one network interface 82.

[0198] Game activity processor 80 processes the
game activity data including image data, bet data, and
so on, as described herein. Each processor 80 may be,
for example, a microprocessor or microcontroller, a dig-
ital signal processing (DSP) processor, an integrated cir-
cuit, a field programmable gate array (FPGA), a recon-
figurable processor, a programmable read-only memory
(PROM), or any combination thereof.

[0199] Memory 86 may include a suitable combination
of computer memory that is located either internally or
externally such as, for example, random-access memory
(RAM), read-only memory (ROM), compact disc read-
only memory (CDROM), electro-optical memory, mag-
netooptical memory, erasable programmable read-only
memory (EPROM), and electrically-erasable program-
mable read-only memory (EEPROM), Ferroelectric RAM
(FRAM) or the like.

[0200] Each 1I/O interface 88 enables game activity
processor 80 to interconnect with one or more input de-
vices, such as akeyboard, mouse, camera, touch screen
and a microphone, or with one or more output devices
such as a display screen and a speaker.

[0201] Each network interface 82 enables game activ-
ity processor 80 to communicate with other components,
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to exchange data with other components, to access and
connect to network resources, to serve applications, and
perform other computing applications by connecting to a
network (or multiple networks) capable of carrying data
including the Internet, Ethernet, digital subscriber line
(DSL), coaxial cable, fiber optics, satellite, mobile, wire-
less (e.g. Wi-Fi, WiMAX), local area network, wide area
network, and others, including any combination of these.
[0202] Application programming interface (API) 84 is
configured to connect with front end interface 60 to pro-
vide interface services as described herein.

[0203] Game activity processor 80 is operable to reg-
ister and authenticate user and client devices (using a
login, unique identifier, and password for example) prior
to providing access to applications, network resources,
and data. Game activity processor 80 may serve one
user/customer or multiple users/customers.

[0204] FIG. 18. illustrates a schematic of a bet recog-
nition device 30 according to some embodiments.
[0205] As depicted, bet recognition device 30 may in-
clude an imaging component 90, sensor component 92,
processor 91, memory 94, at least one /O interface 96,
and at least one network interface 98.

[0206] Processor 91 may be, for example, any type of
general-purpose microprocessor or microcontroller, a
digital signal processing (DSP) processor, an integrated
circuit, a field programmable gate array (FPGA), a recon-
figurable processor, a programmable read-only memory
(PROM), or any combination thereof.

[0207] Memory 94 may include a suitable combination
of any type of computer memory that is located either
internally or externally such as, for example, random-
access memory (RAM), read-only memory (ROM), com-
pact disc read-only memory (CDROM), electro-optical
memory, magneto-optical memory, erasable program-
mable read-only memory (EPROM), and electrically-
erasable programmable read-only memory (EEPROM),
Ferroelectric RAM (FRAM) or the like.

[0208] Each I/O interface 96 enables bet recognition
device 30 to interconnect with one or more input devices,
such as a keyboard, mouse, camera, touch screen and
a microphone, or with one or more output devices such
as a display screen and a speaker.

[0209] Each network interface 98 enables bet recog-
nition device 30 to communicate with other components,
to exchange data with other components, to access and
connect to network resources, to serve applications, and
perform other computing applications by connecting to a
network.

[0210] Bet recognition device 30 may also include a
scale component. Bet recognition device 30 may monitor
chips and cards on the gaming table using scales. A scale
may be placed underneath the casino table, or under-
neath the area on which the chips or cards are placed.
The scale may take measurements during the time pe-
riods when no movement of the chips or cards is done.
For example, a dealer may and the players may place
the cards or chips on the table, upon seeing a particular
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gesture, a scale may read the weight and the system
may determine, based on the weight, as well as the mon-
itoring mechanism, the number of cards or chips on the
table. The weight reading may be done at a later point,
to confirm that no cards or chips were taken off of the
table. The scale may take measurements of the weight
responsive to a command by the system. As such, the
system may determine when the chips or cards are not
touched by the dealer or the player, thereby ensuring that
a correct measurementis taken and, in response to such
a determination, sending a command to measure the
weight of the chips or cards. As an example, based on
the weight and the coloring of the chips, the system may
determine the present amount of the chips the user may
have. This may be an example of game activity.

[0211] Using these techniques, the system may mon-
itor and track not only the chips of the dealers but also
the chips of the players, may track the progress of each
player, may be able to see when and how each player is
performing, and may also monitor new hands to deter-
mine hand count. The system may therefore know the
amount of chips gained or lost in real time at any given
time, and may also know the number of cards in each
player’s hand, and so on.

[0212] As described herein, embodiments described
herein may provide systems, methods and devices with
bet recognition capabilities. Bet recognition data may be
generated and collected as game event data and may
be connected to hand count data. For example, a hand
may involve betting chips and system may detect chips
using bet recognition device 30.

[0213] The bet recognition device may capture image
data for bet datain response to chip detection in a betting
region.

[0214] The system may involve bet recognition cam-

eras inside of a bumper of the gaming table on the deal-
er's side. The cameras may be in nearly the same loca-
tion as this may simplify table retrofitting. All of compo-
nents including computers for both bet recognition and
hand count may be installed there.

[0215] FIGS. 19 to 39, 51 and 52 illustrate schematic
diagrams of bet recognition devices and imaging com-
ponents according to some embodiments.

[0216] Embodiments described herein may implement
bet recognition devices and imaging components with
different camera positioning options.

[0217] Forexample, abetrecognition device may have
an imaging component with one wide-angle lens camera
at the back of the table that scans the entire casino table.
Anexample schematic1900is shown in FIG. 19 including
illustrative lines corresponding to a field of view for the
camera.

[0218] As another example, a bet recognition device
may have an imaging component with three cameras at
the back of the table (e.g. left, middle, right), pointing
outward towards the player positions.

[0219] Anillustrative schematic of an imaging compo-
nent3200and 3300 with three camerasis shownin FIGS.
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32 and 33. An example table layout is shown in FIG. 28.
Example playing areas for image capture is shown in
FIGS. 29 to 31. For example, there may be 21 or 28
playing areas for image capture for seven players with
three or four playing areas allocated per player. The play-
ing areas may be for bets, chips, cards, and other play
related objects. As shown, fields of view for cameras may
overlap such that one or more cameras may capture im-
age data corresponding to each play area. For example,
two cameras may capture image data corresponding to
a play area. As another example, three cameras may
capture image data corresponding to a play area.
[0220] As shown in FIGS. 21 to 27 a dealer may place
cards on the table within one or more fields of view of
cameras to capture image data relating to cards, dealer
card play, and dealer gestures. The image data captured
by different cameras with overlapping fields of view may
be correlated to improve gesture recognition, for exam-
ple.

[0221] AnexampleisshowninFIGS. 20to 31 including
illustrative lines corresponding to fields of view for the
cameras. As shown in 2000, 2100, 2200, and 2300 there
may be overlapping fields of view between cameras.
FIGS. 24A-24D (shown in images 2400A-2400D illus-
trate a dealer at a table undertaking motions to serve
cards in relation to a card game. The dealer’'s motions
may temporarily obstruct various betting areas, and it
may be advantageous to have overlapping fields of view
to account for such obstruction. In some embodiments,
where there is a single camera, the shutter speed may
be slowed so that the dealer’s motions are removed dur-
ing processing. Similarly, FIGS. 25A-25E, and FIGS. 26
and 27 at 2500A-2500E, 2600 and 2700 show alternate
dealing motions.

[0222] FIGS. 28-31 illustrate how a computing system
may track the various betting areas. As provided in the
diagrams 2800, 2900, 3000, and 3100, a bet recognition
system may utilize imaging components and/or sensors
that process images from the perspective of a dealer. As
depicted, three different cameras may be used, each
tracking one or more different betting areas that are as-
sociated with each player. There may be multiple betting
areas that a player may be in (e.g., craps). As indicated
in FIG. 30 and FIG. 31, the fields of view may overlap for
the cameras. The overlapping field of view may aid in
increasing the confidence score of a particular bet anal-
ysis.

[0223] FIG. 32 and FIG. 33 depict camera assembly
components 3200 and 3300 illustrating an example im-
aging componentin relation to its relative positioning and
orientation. Top view 3200 and bottom view 3300 are
depicted and the camera assembly is designed to be
retrofitted onto a tray or table at a betting or gaming sur-
face.

[0224] As a further example, a bet recognition device
may have an imaging component with three cameras at
the back of the table (e.g., left, middle, right), pointing
inward. An example 3400 is shown in FIG. 34 including
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illustrative lines corresponding to fields of view for the
cameras.

[0225] As another example, a bet recognition device
may have an imaging component with three cameras in
the middle of the table (left, middle, right), pointing out-
ward. An example 3500 is shown in FIG. 35 including
illustrative lines corresponding to fields of view for the
cameras.

[0226] As an additional example, a bet recognition de-
vice may have an imaging component with two cameras
at the back of the table (left and right), pointing inward.
An example 3600 is shown in FIG. 36includingillustrative
lines corresponding to fields of view for the cameras.
[0227] As an additional example, a bet recognition de-
vice may have an imaging component with seven endo-
scope cameras placed at the front of the table, between
the players and the betting area, pointing inward. Exam-
ples 3700 and 3900 are shown in FIGS. 37 and 39. Ex-
ample hardware components 3802-3808 for implement-
ing an example imaging component are shown in FIG.
38 at 3800. FIG. 39 illustrates an alternate embodiment
3900 wherein cameras are positioned differently.
[0228] Endoscopes may be augmented by mirrors and
light emitters in some example embodiments. The use
of endoscopes may be an effective method for achieving
high accuracy when analyzing chips as the cameras are
located closest to the betting area as possible with no
obstructions. However, the effort required to retrofit ex-
isting casino tables with endoscopes may be arduous to
be practical in some situations. Accordingly, different ex-
ample camera implementations may be used depending
on the situation.

[0229] When capturingimaging data ofthe bettingarea
for the purposes of analyzing the number and value of a
player’s chips, the cameras may capture images using
infrared (IR) technology which is not visible to the human
eye. The cameras may use IR emitters and receivers
which can operate on the same wavelength. Further, the
cameras may be programmed to capture images at dif-
ferent times so that the wavelengths do not interfere with
one another, making sure that eachimage is not obstruct-
ed.

[0230] In another aspect, embodiments described
herein may provide automatic calculation of manual ca-
sino shoes and associated statistics including, for exam-
ple, shuffle per hour.

[0231] The "casino shoe" is the card release mecha-
nism on casino tables, which may contain several decks
of cards. Dealers use the casino shoe to source cards
for dealing each hand.

[0232] A casino "shoe" may be monitored by hardware
components to provide a measure of how many shuffles
occurred per hour, how many cards were dealt to players
(including the dealer) per hour, and so on. For example,
to count cards on a manual shoe, a magnet and a mag-
netic sensor may be attached to the shoe and used to
trigger when the shoe is empty of cards.

[0233] Alternatively, a dealer procedure could require
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the shoe to be turned on its side with the shoe weighted
wedge removed. This can be recognized with the retro-
fitting of the tilt switch (i.e., single-axis gyroscope) inside
or outside of the shoe. This may recognize when a shoe
has been depleted and is to be refilled. The bet recogni-
tion device 20 can thus collect data on cards such as, for
example, how many shuffles occur per hour (which varies
because shoes are depleted at different depths based
on different gameplay scenarios) and indicate when the
bet recognition process does not need to look for player
bets.

[0234] Embodiments described herein automate the
process of counting "shoe" related statistics (e.g., the
number of shoes). Prior attempts may require data to be
collected manually by the pit manager

[0235] FIG. 40 illustrates that a shoe 4000 may be po-
sitioned at various inclines (increasing, decreasing).
FIGS. 41 to 43 illustrate different views 4100, 4200, 4300
of a card shoe which may be used in example embodi-
ments. FIGS. 44 to 46C illustrate different example po-
sitions 4400, 4500, 4600A-4600C of a card shoe on a
gaming table according to some example embodiments.
[0236] In another aspect, embodiments described
herein may provide background image subtraction and
depth segmentation. Background subtraction is a com-
putational technique used according to embodiments de-
scribed herein to differentiate the backgroundimage from
the foreground image when capturing image data of the
casino table. Depth segmentation is another technique
that may achieve accuracy in analyzing a specific image
data of a three-dimensional area of the betting table. This
technique allows embodiments described herein to es-
tablish a region of analysis on the casino table and to
narrow the focus of the camera onto the betting area,
withoutincorporating the chips notrelating to that player’s
bet (e.g., in another betting area, or out of play altogeth-
er). This area may be referred to as a "bounding box".
[0237] This is one of differentexample ways to perform
the removal of the background of an image when estab-
lishing a "bounding box" to identify the number and types
of chips in a betting area. Other example techniques in-
clude graph cut, frame differencing, mean filtering, Gaus-
sian averaging, background mixture models, and so on.
[0238] After capturing two-dimensional images with a
camera embedded in the casino table, background sub-
traction can be run as an automatic algorithm that first
identifies the boundaries of object, and then allows the
software to separate that object (e.g., chips, hands, or
any other objects commonly found on the casino floor)
from its background.

[0239] To increase the effectiveness of background
subtraction, embodiments described herein may support
three-dimensional background subtraction, making use
of depth data to differentiate the foreground image from
the background (illuminating the object with infrared
and/or using lasers to scan the area).

[0240] Based on the distortion of the light, after pro-
jecting light onto the object, embodiments described
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herein can determine how far away an object is from the
camera, which helps to differentiate the object from its
background in two-dimensional and three-dimensional
images.

[0241] In a further aspect, embodiments described
herein may count the number of stacks of chips placed
in the betting area.

[0242] Embodiments described herein may be used to
administer casino standards for how players should place
their stacks of chips. Known approaches require this to
be checked manually by a dealer before a hand can be-
gin.

[0243] Embodiments described herein may have the
capacity to accurately collect data on every hand by
counting the chips and their value. Embodiments de-
scribed herein may have the ability to establish the quality
of betting by using depth cameras to capture errors made
by players.

[0244] Embodiments described herein may scan and
accurately count any type of chips, including but not lim-
ited to four example varietals: no stripes, all different
colors; stripes, but all the same on all chips (different
colours); varying colors and stripes (stripes are
smeared); and different colors and stripes (stripes are
well-defined). FIGS. 47 and 48 show example views of
chip stacks at 4700 and 4800, respectively.

[0245] When a camera is elevated above the level of
the table, embodiments described herein may be pro-
grammed to detect the top of the chip first. An example
4900 is shown in FIG. 49 at 4902, 4904, and 4906. Once
the system has recognized the top of the chip, the proc-
ess can quickly count top-down to establish an accurate
chip count and then shift to scan bottom-up to identify
the value of all these chips. This may be important due
to several example features. Several cameras according
to embodiments described herein may be elevated above
the tabletop (e.g., looking past the dealer’s body, midway
up the torso). This allows the system to recognize the
betting area by establishing a "bounding box", which is
an area on the betting table that is scanned by to analyze
physical objects, i.e., the chips.

[0246] In some casino games, such as baccarat, other
chip stacks on the table may obstruct players’ bets from
the camera’s view, so the process may encounter ob-
struction. To solve this, cameras placed at elevated an-
gles may allow embodiments described herein to see
more of table and maintain high accuracy.

[0247] In another aspect, embodiments described
herein may determine chip stack sequence in a betting
area.

[0248] When bets are being placed in betting areas,
embodiments described herein may have the capacity
to capture data on the visual sequence of the chips when
players place them in the betting area.

[0249] Embodiments described herein may take point-
ed pictures (e.g. image data) of varying stripe patterns
on a cylinder (e.g. the shape of the chip stack), which
can vary in pixel number. In accordance with embodi-
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ments, to optimize the speed and accuracy of recognizing
chips, the system may benchmark the size of image cap-
tures at 3 by N pixels for height and width measurements,
in some examples. Other benchmarks may be used.
[0250] Embodiments described herein may accurately
recognize when a frequency signature is present and al-
so allows for the training of new stripe patterns, for ex-
ample.

[0251] Embodiments described herein may recognize
and confirm this pattern by using a camera to see the
sequence of the stripes, as well as the color of the chips.
The system may be configured to be precise enough to
register the specific hue of the chip, which is relevant for
the system in terms of both accuracy of results and se-
curity purposes.

[0252] The casino standard of chip stack sequence
may typically have players betin a specific order: highest
value chips on the bottom of the stack, with lower value
chips layered upward. FIG. 50 shows a chip stack with
this example standard.

[0253] Beyond recognizing the typical pattern (e.g.,
highest value on bottom, lowest on top (see FIG. 50 for
5000 at 5002-5008) embodiments described herein may
use Fourier analysis to find different types of chip, apply-
ing learnable frequency/discrete signal patterns on the
chip stack. Embodiments described herein may also
combine with Neural Networks or equivalent learning
techniques to identify when the pattern is present. By
preprogramming the process to recognize particular
nodes of the neural network relating to chips, Embodi-
ments described herein can also deactivate specific
nodes so that they are not optional paths in the decision
process, which may improves both speed and accuracy.
[0254] This feature also enables embodiments de-
scribed herein to "turn off" certain classes or types of
chips during its analysis of stack sequence, so that it
does not search for particularly values of chip. This has
the effect of increasing the speed of the ’chip stack se-
quence’ process while maintaining accuracy.

[0255] By training multiple classifiers, embodiments
described herein can automatically remove the last high-
est chip value from each stack sequence to increase the
speed of analysis. Each time the algorithm scans the chip
stack, itmay run the example sequence as follows: 12345
(scanning all chips), 1234 (removing a value), 123 (re-
moving another value), 12 (etc.), 1 (etc.), and finally re-
moving all chip classifiers during its last scan. By remov-
ing values over multiple analyses, embodiments de-
scribed herein may not look for certain values when they
are not present in a player’s bet. This may enable the
process to increase its operation speed over time while
maintaining accuracy.

[0256] Embodiments described herein may also rec-
ognize player errors on the occasions when the stack
sequence does not meet the casino standard.

[0257] If the player makes an error or a failure to meet
the standards of the casino, embodiments described
herein may log that error and may generate an electronic
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alert for transmission to a casino manager to provide an
alert of the error. The automatic alert may depend on the
severity of the error.

[0258] Embodiments described herein may also detect
between different versions of a chip using pattern recog-
nition and signal processing techniques. For example,
different colors and patterns on chips may have different
frequencies of image data and which may be used to
detect different versions of chips.

[0259] Embodiments described herein may also detect
when chips require cleaning. With the same frequency
image techniques used for detecting different versions
of the chip, embodiments described herein may also de-
tect when dirt has built up on chips. The build-up of debris
on the chips disrupts the frequency of its colour as cap-
tured by the camera.

[0260] Embodiments described herein may also use
mirrors on casino tabletops as part of the image capture
component of bet recognition device 20.

[0261] Embodiments described herein may require
two spaces on the surface top of a casino table to run at
its top capacity.

[0262] To make these spaces smaller, one approach
may be to use mirrors on the table surface to reflect the
camera illumination technology onto the chips, enabling
embodiments described herein to effectively differentiate
the object from the background to enable the chip count-
ing process, and other applications, to run at high capac-
ity. Adding mirrors to the tabletop can help improve aes-
thetics, enable easier retrofit, and make embodiments
described herein less obtrusive to the dealer and players.
[0263] Embodiments described herein may be de-
scribed in relation to blackjack as an illustrative example.
However, embodiments described herein may analyze
other casino games.

[0264] For example, Baccarat is another game at the
casino that the presently disclosed system can be used
to analyze. Baccarat is a comparing card game played
between two hands on the table, the player’'s and the
banker’s. Each hand of baccarat has three possible out-
comes: "player" win, "banker" win, and "tie".

[0265] Embodiments described herein may obtain ad-
ditional info about the hand on the table, in addition to
the bet information, such as what cards the dealer and
player had intheir hands. Embodiments described herein
may determine what a player bets, and whether the play-
er has won, lost, or tied.

[0266] By providing more accurate account of table dy-
namics, embodiments described herein may be essential
for improving a casinos understanding of the process of
how people are playing baccarat.

[0267] FIG. 51 and 52 at 5100 and 5200, respectively,
illustrate betting surfaces having imaging components
with overlapping fields of view.

[0268] FIG. 53 is an example workflow 5300, illustra-
tive of some embodiments. FIG. 53 is an example work-
flow 5300 illustrative of some embodiments. Workflow
5300 includes various steps, and the steps provided are
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examples, and different, alternate, less, more steps may
be included. While steps may be performed in the order
depicted, other orders may be possible. 5300 is a process
for extracting and saving bet data as obtained fromimage
data. The recognition process 5302 and the feature ex-
traction profess 5304 are provided as examples, illustra-
tive of example steps that may be utilized to determine
a chip count result.

[0269] FIG. 54is an example workflow 5400 illustrative
of some embodiments. Workflow 5400 includes various
steps, and the steps provided are examples, and differ-
ent, alternate, less, more steps may be included. While
steps may be performed in the order depicted, other or-
ders may be possible. 5400 is a process for extracting
and saving bet data as obtained from image data. At
5402, coordinates are obtained in relation to the bets as
represented by chips in the betting areas. For example,
coordinates may include chip height, chip width, and a
horizon element that may be expressed in the form of
pixels. The coordinates may be utilized to obtain lists of
pixels for sampling from the images, generating a sample
space using the list of pixels. Connected components are
calculated from the sample space, and centroids are cal-
culated for each of the connected components. At 5404,
coordinate information is extracted. Extraction may in-
clude creating headers for coordinate information fea-
ture, mapping sample coordinates into aregion of interest
space into an original color image space, and creating a
list of mapped coordinates. At 5406, the system is con-
figured to create an empty ground truth feature, which is
a set of data values that are normalized so that values
can be compared against reference feature points. At
5408, features are extracted, and at 5410, coordinate
information, ground truth and customized feature sets
are concatenated and converted to a dataframe at 5412.
The customized feature sets are derived, for example, in
relation to distinguishing features of chip markings that
may vary between different facilities and the types of
chips being utilized.

[0270] FIG. 55is an example workflow 5500 illustrative
of some embodiments. Workflow 5500 includes various
steps, and the steps provided are examples, and differ-
ent, alternate, less, more steps may be included. While
steps may be performed in the order depicted, other or-
ders may be possible. 5500 is a process for counting bet
data as obtained from image data. At 5502, images are
loaded from a data storage. During the image loading
step, color images may be obtained, and in some em-
bodiments, depth and/or infrared imaging is obtained. A
transformation matrix is calculated, and the color image
isread. At5504, labels are loaded onto the images (labels
are originally blank, and will be updated when the regions
of interest in the images are classified), and at 5506, fea-
tures are extracted from the loaded images and labels.
The feature extraction process, for example, may utilize
a trained classifier wherein random colors may be as-
signed to classes to distinguish between different class-
es. During the feature extraction process, one or more
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lines (e.g., vertical, horizontal, diagonal) are used for
sampling pixels and/or dot representations of the chips.
[0271] In some embodiments, the chip pixels them-
selves in a region of interest representing a particular
chip are blurred and/or otherwise aggregated so that the
sampled regions are more likely representative of the
chip in its entirety. Such an approach may reduce the
number of pixels required for analysis and/or storage,
increasing the speed and efficiency of classification. The
dots and the pixels may therefore represent adjacent col-
ours, and based on the height and distance, the number
of chips can be determined, and each chip can be seg-
regated by dividing the height of a stack by the height of
a chip, creating individual chip segments. In some em-
bodiments, the samplelineis a 1D line of color / histogram
values, and in other embodiments, a long 2D line having
a length and a width of values are extracted.

[0272] This approach may be helpful where gaming
facilities release different versions of chips, often differ-
entiated by subtle differences in hue (e.g., changing the
frequency of color as captured by the imaging compo-
nent), or in the sequence of markings, such as stripes.
[0273] Accordingly, in some embodiments, classifica-
tion include normalizing the pixel values of an image cap-
ture, gamma-decoding the image such that pixel values
are proportional to the number of photos impacting the
camera sensor, combining the pixels in the height dimen-
sion into a single 1D line, which is then truncated to form
a uniform width for a Fast Fourier Transform analysis.
Such an approach may also include classification based,
for example, at least on the magnitude of the complex
sinusoids returned.

[0274] Colors, among other visual markers, may be
mapped to various classes. At 5508, chips are classified
(e.g., based on machine-vision derived estimations). The
system may also be trained to differentiate between new
versions of chips from obsolete versions of chips, which
may be removed from circulation to maintain security and
consistency.

[0275] At 5510, chips are counted through based on
the classifications, and at 5512, chip counts are printed
to a file (e.g. encapsulated and/or encoded for transmis-
sion to downstream systems).

[0276] FIG. 56 is an example workflow 5600 illustrative
of some embodiments. Workflow 5600 includes various
steps, and the steps provided are examples, and differ-
ent, alternate, less, more steps may be included. While
steps may be performed in the order depicted, other or-
ders may be possible.

[0277] At 5602, detecting, by an imaging component,
that one or more chips have been placed in one or more
defined bet areas on a gaming surface, each chip of the
one or more chips having one or more visual identifiers
representative of a face value associated with the chip,
the one or more chips arranged in one or more stacks of
chips.

[0278] At 5604, capturing, by the imaging component,
image data corresponding to the one or more chips po-
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sitioned on the gaming surface, the capturing triggered
by the detection that the one or more chips have been
placed in the one or more defined bet areas.

[0279] At 5606, transforming, by an image processing
engine, the image data to generate a subset of the image
datarelating to the one or more stacks of chips, the subset
of image data isolating images of the one or more stacks
from the image data.

[0280] At 5608, recognizing, by an image recognizer
engine, the one or more chips composing the one or more
stacks, the recognizer engine generating and associating
metadata representative of (i) a timestamp correspond-
ing towhen the image data was obtained, (ii) one or more
estimated position values associated with the one or
more chips, and (iii) one or more face values associated
with the one or more chips based on the presence of the
one or more visual identifiers.

[0281] At 5610 segmenting, by the image recognizer
engine, the subset of image data and with the metadata
representative of the one or more estimated position val-
ues with the one or more chips to generate one or more
processed image segments, each processed image seg-
ment corresponding to a chip of the one or more chips
and including metadata indicative of an estimated face
value and position.

[0282] At5612, determining, by a game monitoring en-
gine, one or more bet data values, each bet data value
corresponding to a bet area of the one or more defined
bet areas, and determined using at least the number of
chips visible in each of the one or more bet areas extract-
ed from the processed image segments and the meta-
data indicative of the face value of the one or more chips.
[0283] The advantages of the some embodiments are
further illustrated by the following examples. The exam-
ples and their particular details set forth herein are pre-
sented for illustration only and should not be construed
as limitations.

[0284] In implementation, the process of patching to-
gether images may begin with capturing a particular
number of samples from each camera that is mounted
to the table.

[0285] Different scenarios of chips are used for each
sample. These scenarios also include extreme situations
so that the machine can learn, which allows it to handle
simpler scenarios with a greater relative ease. The cap-
tured samples are then labeled by denomination to create
the file that is used in training.

[0286] The capturing tools developed by the Applicant
have been capable of focusing mainly on the bet area,
while omitting any surrounding environments that might
cause discrepancies. The removal of surrounding envi-
ronments helps the system to ignore any background
chips during training and testing processes.

[0287] During testing, it was noted that the removal of
background chips improved accuracy. In the process of
training and testing, higher accuracy of datasets and suc-
cessful training were found through capturing and label-
ling samples in a brightly lit setting and testing them in a
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dimly lit setting, or executing both processes in a brightly
lit setting. This approach was found to produce a higher
accuracy than performing both of the process in a dimly
lit setting or performing the first process in a dimly lit set-
ting while next in bright light.

[0288] Applicant also found that providing more light
from the side helped the system identify colors better.
[0289] The embodiments of the devices, systems, and
methods described herein may be implemented in acom-
bination of both hardware and software. These embodi-
ments may be implemented on programmable comput-
ers, each computer including at least one processor, a
data storage system (including volatile memory or non-
volatile memory or other data storage elements or a com-
bination thereof), and at least one communication inter-
face.

[0290] Program codeis applied toinputdatato perform
the functions described herein and to generate output
information. The output information is applied to one or
more output devices. In some embodiments, the com-
munication interface may be a network communication
interface. In embodiments in which elements may be
combined, the communication interface may be a soft-
ware communication interface, such as those for inter-
process communication. In still other embodiments,
there may be a combination of communication interfaces
implemented as hardware, software, and combination
thereof.

[0291] Throughout the foregoing discussion, numer-
ous references will be made regarding servers, services,
interfaces, portals, platforms, or other systems formed
from computing devices. It should be appreciated that
the use of such terms is deemed to represent one or
more computing devices having at least one processor
configured to execute software instructions stored on a
computer readable tangible, non-transitory medium. For
example, a server can include one or more computers
operating as aweb server, database server, or other type
of computer server in a manner to fulfill described roles,
responsibilities, or functions.

[0292] The discussion provides many example em-
bodiments. Although each embodiment represents a sin-
gle combination of inventive elements, other examples
may include all possible combinations of the disclosed
elements. Thus if one embodiment comprises elements
A, B, and C, and a second embodiment comprises ele-
ments B and D, other remaining combinations of A, B,
C, or D, may also be used.

[0293] The term "connected" or "coupled to" may in-
clude both direct coupling (in which two elements that
are coupledto each other contact each other) and indirect
coupling (in which at least one additional element is lo-
cated between the two elements).

[0294] The technical solution of embodiments may be
in the form of a software product. The software product
may be stored in a non-volatile or non-transitory storage
medium, which can be a compact disk read-only memory
(CD-ROM), a USB flash disk, or a removable hard disk.
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The software product includes a number of instructions
that enable a computer device (personal computer, serv-
er, or network device) to execute the methods provided
by the embodiments.

[0295] The embodiments described herein are imple-
mented by physical computer hardware, including com-
puting devices, servers, receivers, transmitters, proces-
sors, memory, displays, and networks. The embodi-
ments described herein provide useful physical ma-
chines and particularly configured computer hardware
arrangements. The embodiments described herein are
directed to electronic machines and methods implement-
ed by electronic machines adapted for processing and
transforming electromagnetic signals which represent
various types of information. The embodiments de-
scribed herein pervasively and integrally relate to ma-
chines, and their uses; and the embodiments described
herein have no meaning or practical applicability outside
their use with computer hardware, machines, and various
hardware components. Substituting the physical hard-
ware particularly configured to implement various acts
for non-physical hardware, using mental steps for exam-
ple, may substantially affect the way the embodiments
work. Such computer hardware limitations are clearly es-
sential elements of the embodiments described herein,
and they cannot be omitted or substituted for mental
means without having a material effect on the operation
and structure of the embodiments described herein. The
computer hardware is essential to implement the various
embodiments described herein and is not merely used
to perform steps expeditiously and in an efficient manner.
[0296] Although the embodiments have been de-
scribed in detail, it should be understood that various
changes, substitutions and alterations can be made here-
in.

[0297] Moreover, the scope of some embodiments is
not intended to be limited to the particular embodiments
of the process, machine, manufacture, composition of
matter, means, methods and steps described in the spec-
ification. As one of ordinary skill in the art will readily
appreciate from some embodiments, processes, ma-
chines, manufacture, compositions of matter, means,
methods, or steps, presently existing or later to be de-
veloped, that perform substantially the same function or
achieve substantially the same result as the correspond-
ing embodiments described herein may be utilized. Ac-
cordingly, embodiments are intended to include within
their scope such processes, machines, manufacture,
compositions of matter, means, methods, or steps.
[0298] As can be understood, the examples described
above and illustrated are intended to be exemplary only.
[0299] FIG.57is aflow diagram of an example process
for bet recognition system 100 according to some em-
bodiments.

[0300] At 5710, imaging component 202 captures im-
age data. The image data can correspond to the one or
more chips positioned in at least one betting area on a
gaming surface of the respective gaming table. Each cli-
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ent hardware device can comprise one or more sensors
responsive to activation events and deactivation events
to trigger capture of the image data by the imaging com-
ponent. The imaging component can be positioned to
capture images of a gaming surface of the respective
gaming table. For example, the images acquired can cor-
respond to different channels. In some embodiments, a
separate imaging component 202 can each capture one
of colour (e.g. RGB that captures R, G, and B channels),
depth (e.g., multiple imaging components that enable
capturing of image data that can be compared and proc-
essed to generate depth data), and infrared (IR) data.
For example, an imaging component 202 capturing RGB
data can generate one or more images of a 1920 x 1080
pixel size, an imaging component capturing depth data
can generate one or more images of a 640 x 480 pixel
size, and imaging component capturing IR data can gen-
erate one or more images of a 640 x 480 pixel size.
[0301] In some embodiments, bet recognition system
200 or components thereof captures images across a
plurality of channels including at least a red channel, a
green channel, a blue channel, a depth information chan-
nel, and an infrared channel. Histograms are generated
wherein each representative histogram is an aggregated
histogram generated from combining histograms gener-
ated for each channel of the plurality of the channels.
[0302] At5720,aprocessor204 is configured to extract
aggregated frames or key frames from image data cap-
tured by each imaging component 202, for example, im-
age data across each of the RGB channels. The key
frames are generated by averaging or calibrating a
number of frames of image data from one or more of
RGB channels, depth image data, and IR image data.
Calibration can be enabled by time and/or position syn-
chronization of the image data, using known location of
the imaging components used to capture the data and/or
detection of similar images captured by differentimaging
components. In some embodiments, captured image da-
ta is represented by an aggregated frame corresponding
to average image data of image data captured across a
duration of time to reduce transient effects arising from
temporary visual obstructions of the imaging component.
[0303] Insome embodiments, a key frame can be gen-
erated for each channel. For example, forty frames can
be captured in colour (e.g., RGB) by an imaging compo-
nent 202, forty frames can be captured over an IR chan-
nel, and forty frames can be captured over a depth chan-
nel. Each frame captured can have a corresponding
frame in each of the other channels. A processor 204 is
configured to select frames from each of the channels
captured or generated, for example, can select colour,
IR, and depth frames based on presence of obstructions
of a region of interest. The remaining frames over the
different channels can be averaged to generate a key
frame image, thereby removing one or more obstructions
captured in the set of 40 frames.

[0304] In some embodiments, one or more cameras
can be used, for example, one or more IR cameras, with
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each camera capturing one or more frames of images.

[0305] Generationanduse ofa key frame can minimize
transmission costs of images or data for processing, for
example, as compared to transmission or processing of
many frames from many channels of an image. This can
allow for practically useful classification of chip type and
quantification of chip or betting object values in a region
of interest or betting location. For example, classification
of betting objects and quantification of betting object
types can be performed by system 200 with timing ap-
propriate to allow for appropriate response to the classi-
fication or quantification. An administrator can be alerted
by system 200 that a game participant has removed chips
from their chip stack at a time that is prohibited by the
game and respond to correct the game participant. The
alert can be generated by system 200 based on the clas-
sification or quantification immediately after the chip
stack has been altered. System 200 can immediately trig-
ger the alert after the chip stack has been altered due to
the processing time having been minimized by its use of
key frames.

[0306] Processor 204 also can be configured to cali-
brate image data of the same gaming objects to generate
depth data. Processor 204 may also be configured to use
other image data, for example, IR data, in combination
to generate depth data, decide how far away an object
is, or decide on an object’s location. For example, proc-
essor 204 can be configured to determine distance of an
object based on how light or a light pattern warps over
an object as captured by an IR imaging component. This
distance information can be compared with other dis-
tance information of the same object captured by a sep-
arate imaging component located a known distance
away. In some embodiments, two RGB cameras can be
used to generate depth information using triangulation.

[0307] In some embodiments, a specified number of
frames of image data can be selected and averaged to
generate a key frame that can be used for further
processing. This can allow transient obstructions of an
object or region of interest to be removed or removed to
an acceptable extent. In some embodiments, captured
image data is represented by an aggregated frame cor-
responding to average image data of image data cap-
tured across a duration of time to reduce transient effects
arising from temporary visual obstructions of the imaging
component. This process of generating a key frame from
averaged images can be repeated across each channel
captured or across different colour spaces (e.g., RGB
and Y’CbCr). In some embodiments, a single key frame
is generated from averaged frames captured over multi-
ple different channels after frames containing obstruc-
tions are removed. At5730, a processor 204 is configured
to pre-process the captured image to filter at least a por-
tion of background image data to generate a compressed
set of image data of the one or more chips free of the
background image data. Here, by exploiting the fact that
the depth values representing the chips should vary
smoothly in a specific bet area, processor 204 employs
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a histogram of depth to extract and localise chips in a
particular bet area from its surroundings. Background ob-
jects such as people, hands, cards, other chip stacks,
and other objects can be filtered out as background im-
age data.

[0308] In some embodiments, processor 204 can de-
fine a regions of interest (e.g., a betting location) based
on threshold values such as threshold depth data. Proc-
essor 204 can be configured to use the defined regions
of interest to identify a foreground object and/or separate
background from foreground image data. For example,
processor 204 can be configured to separate foreground
objects, including chip stacks, from background objects
by identifying image data (e.g., key frame image data)
corresponding to objects within a region of interest, such
as a betting location (e.g., where a region of interest is
defined by threshold values of depth data). Data corre-
sponding to background objects can be discarded, in
some embodiments. At 5731, processor 204 is config-
ured to extract regions of interest, for example, corre-
sponding to a bet volume such as a chip, stack of chips,
or two or more adjacent chips within a stack of chips,
based on depth information allowing identification of
chips.

[0309] At5732, processor 204 is configured to gener-
ate rotation invariant image data for each region of inter-
est and remove noise, for example, image noise or data
corresponding to obstructions covering a part of the bet
volume. For example, background regions of an image
can be removed as noise. In some embodiments, proc-
essor 204 is configured to use median filtering to remove
noise from images.

[0310] In some embodiments, where there is no noise,
no noise removal step is performed. In some embodi-
ments, processor 204 is configured to generate rotation
invariant image data and subsequently generate scale
invariant image data immediately after, without a noise
removal step. Not performing noise removal can improve
the accuracy with which images are represented, for ex-
ample, as data. In some embodiments, images proc-
essed by processor 204 do not have salt and pepper
noise, so noise removal on these images, for example,
by median filtering, would decrease the accuracy of the
images (e.g., by producing artifacts) rather than improve
its accuracy or representation. Noise removal can be
omitted as a redundant step in these embodiments.
[0311] At 5733, processor 204 is configured to gener-
ate rotation and scale invariant image data, for example,
for each region of interest or bet volume. This allows the
size or scale of the regions of interest (e.g., chip stack)
or portions thereof to be represented in accurate scale
when resized or rotated. Processor 204 also can be con-
figured to normalize the image data for each region of
interest. At 5734, processor 204 can be configured to
extend channels by transforming the image, for example,
transforming the image from RGB to a different color
space where intensity is decoupled from color informa-
tion or luminance is decoupled from chrominance. Ex-
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amples of such color spaces include L*a*b*, HSV, and
HSL. For example, processor 204 can be configured to
generate YCbCr image data based on image data cap-
tured from red, green, and blue channels. The YCbCr
colour space can be used because in the YCbCr colour
space, luminance is decoupled from chrominance, i.e.,
intensity is decoupled from color. This can improve the
subsequent processing, transmission, and storage fea-
tures and quality of the image data. For example, the
luminance and chrominance can be processed separate-
ly. This can allow for improved compression of the data
(e.g., for reduced bandwidth consumption during trans-
mission) while enabling a satisfactory representation of
the image from the compressed data.

[0312] In some embodiments, processor 204 is not
configured to perform depth normalization after generat-
ing scale invariant image data. Depth normalization can
be omitted after the scale invariance step, for example,
due to chip localization being performed. During chip lo-
calization, processor 204 is configured to identify fore-
ground objects (e.g., chipsin aregion ofinterest or betting
location) and assign whatever is in the background to 0,
thereby removing background image data. In embodi-
ments where depth normalization is performed, the nor-
mal depth of the foreground chips are used to normalize
the depth image in order to give less weight to the back-
ground chips and give higher weight to the foreground
chips. However, in embodiments where chip localization
is performed, since the background and the foreground
are isolated during chip localization, depth normalization
can be removed in some embodiments. Depth informa-
tion is used by processor 204 to identify the foreground
objects (e.g., chip stacks, chips, etc.), for example, to
determine whether anything is placed within a bet spot
or region of interest.

[0313] At5735,5736,and 5737, processor 204 is con-
figured to extract and generate data to produce a hori-
zontal gradient of the red, green, and blue channels, re-
spectively.

[0314] At 5740, processor 204 is configured to perform
feature extraction to identify points of interest on betting
objects in a bet volume such as a chip or stack of chips.
This occurs according to the steps described at 5742,
5744, 5746, and 5748.

[0315] At 5742, processor 204 is configured to identify
pre-processed image data corresponding to one or more
betting objects. This data can be selected from a set of
data corresponding to regions of interest. Processor 204
is configured to identify regions of interest based on
threshold values of depth data. In some embodiments,
processor 204 can be configured to execute instructions
in memory to configure a trained classifier to identify re-
gions of interest or objects within regions of interest, such
as image data corresponding to one or more bet volumes,
chip stacks, or betting objects.

[0316] At 5744, processor 204 is configured to select
and extract data encoding points of interest within regions
of interest. These points of interests can be used as fea-
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tures in a classifier to predict the type of a betting object,
such as a chip type. This can enable the classifier to be
trained to more accurately predict chip types using only
the selected features, avoiding overfitting of the classifier
to too many variables in image data. Overfitting could
otherwise reduce accuracy of the classifier in classifying
chip type of image datasets. The classifier would be op-
timized to classify only the training data, with limited gen-
eralizability to new data and, in turn, limited usefulness
in providing chip type classification. Therefore, selection
of a limited number of data variables can improve gen-
eralizability of the classifier and its ability to provide ac-
curate classification of chip type from new data. The data
variables can be selected as those features that can im-
pact parameters of a random forest classifier, for exam-
ple, tree depth and how nodes are spilit.

[0317] For example, the points of interest can be se-
lected so points of interest are arranged in a series of
straight rows spanning the width of a region of interest,
that is, image data corresponding to data captured of a
location on an object located at the same y-axis value.
In some embodiments, points of interest can be selected
by a pre-defined overlay generated by processor 204.
As a separate way, as in some embodiments, points of
interest for the region of interest can be selected using
the data representing the leftmost edge of the region of
interest as a reference point. For example, the first point
of interest can be selected at a first defined interval away
from the leftmost edge (e.g., to avoid selecting image
data not representative of the region of interest due to
image effects from proximity to other objects) and sub-
sequent points of interest at the same y-axis value can
be selected a second defined interval away from the pre-
viously selected point ofinterest. The scale invariant data
can enable identification of the absolute location of each
object.

[0318] In some embodiments, after chips have been
localized (e.g., by removing background image data),
points of interest are selected within a region of interest.
Processor 204 is configured to select points of interest
using equal spacing in a horizontal direction within the
region of interest. Additional points of interest can be se-
lected using equal spacing in a vertical direction within
the region of interest. In some embodiments, the respec-
tive equal spacings can be different in horizontal and ver-
tical directions.

[0319] At 5746, processor 204 is configured to gener-
ate a histogram at each point of interest corresponding
to data captured by one or more imaging components or
data generated from same. In some embodiments, proc-
essor 204 is configured to generate new, extended chan-
nels from data in channels directly captured by one or
more imaging components that each capture, for exam-
ple, one of RGB, IR, and depth data. Processor 204 is
configured to extend the plurality of channels by trans-
forming the captured image data from RGB to a different
colour space where intensity is decoupled from color in-
formation or luminance is decoupled from chrominance,
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the transformations yielding additional channels in the
plurality of channels. This data corresponding to each
point of interest can be encoded as a histogram, with a
histogram generated for each channel for each point of
interest.

[0320] Processor 204 is configured to generate a his-
togram of gradients for each point of interest based on a
horizontal gradients generated from image data of a re-
gion of interest. A 3x3 Sobel operator is applied to one
or more channels (e.g., the R, G, and B channels and/or
other channels) of image data of the region of interest to
generate a gradient. In some embodiments, other oper-
ators can be used to generate gradient data. Processor
204 then generates a histogram of the gradients for each
point of interest or region of interest. This may help min-
imize noise in the representation or storage of the image
data or portions of the image data.

[0321] At 5748, processor 204 is configured to con-
catenate or otherwise associate, combine, average, or
extract data from each histogram for a single point of
interest. In this way, processor 204 is configured to gen-
erate a single histogram of all channels against each
point of interest. The single histogram for a point of in-
terest can plot a vector or array where each position in
the vector or array encodes the total magnitude of all
gradients of all channels for a single gradient direction.
This concatenation or association of all histogram data
for each point of interest can provide a more robust da-
taset for classification of chip type by a trained classifier
(or, in the context of the generation of a trained classifier,
can provide a more robust dataset for feature selection
and training of a classifier).

[0322] Forexample, in an embodiment, for each chan-
nel captured by animaging component 202 or generated,
processor 204 is configured to generate a horizontal gra-
dient. There can be a stack of eleven channels for a single
image, with five channels captured by a camera and six
additional channels generated by processor 204. At each
point of interest (e.g., at x coordinate 10, y coordinate
10), a small selection of image data is made in corre-
sponding locations across each of the channels. The
small selection of image data can be the image data en-
coding the portions of the image immediately adjacent
to the point of interest. Processor 204 is configured to
generate a histogram for each point of interest based on
each respective small selection of image data. Each his-
togram generated from each channel for a point of inter-
est is concatenated. That is, in some embodiments, a
histogram of horizontal gradients is generated for each
channel for each point of interest and each histogram for
a given point of interest is concatenated and can be used
for feature extraction.

[0323] In some embodiments, the small selection of
image data for a point of interest is the data encoding the
portion of an image, where the portion of the image is
that portion that lies within a rectangular window and in-
cludes the respective point of interest. An example win-
dow for a point of interest is depicted at the left portion
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of Fig. 75. Processor 204 is configured to generate a
concatenated histogram based on image data from one
or more or all channels encoding the portion of the image
falling within the window. Processor 204 is configured to
generate a concatenated histogram corresponding to
each point of interest. The window size for a point of
interest can be selected to cover, for example, approxi-
mately 80% of the length of a chip in a chip stack and
approximately the entire height of a chip.

[0324] In some embodiments, different shapes (e.g.,
rectangular, circular, etc.) can be used for the window
used to calculate the histograms. A rectangular window
shape may correspond more closely to a chipin animage
captured by imaging component 202. In this way, proc-
essor 204 can be configured to use this image data rep-
resenting the portion of the image falling within the win-
dow to generate a classification (e.g., of chip colour) for
each point of interest.

[0325] At5750, processor204 is configured to process
the compressed set of image data to establish a two-
dimensional grid comprising points of interest overlaid
over the compressed set of image data, and for each
point of interest, classifies the point of interest (e.g., as
colour, or background) based on an analysis of a corre-
sponding representative histogram generated based on
the image data corresponding to the corresponding point
ofinterest. For example, each histogram can plot a vector
or array, where each position in the vector or array en-
codes the total magnitude of all gradients for a single
gradient direction. A histogram can be generated for por-
tions of image data, for example, where each portion cor-
responds to a single point of interest. That is, each point
of interest can be represented as gradient values encod-
ing the magnitude and direction of each pixel in the se-
lected point of interest. These gradient values for the
point of interest can be used to generate a vector storing
total magnitudes for select gradient directions spanning
the range of possible gradient directions (e.g., 0 to 160,
where vector location 0 represents magnitudes with 0 or
180 degree directionality). The vector can be used to
generate a histogram depicting the magnitude of gradi-
ents for all horizontal gradients at the portion of the image
representing the point of interest.

[0326] A histogram of gradients (e.g., HoG) can be
used in some embodiments.

[0327] In some embodiments, the horizontal gradients
can be calculated by using a 3x3 Sobel operator on one
or more channels, forexample, the R, G, and B channels
and/or channels in other colour spaces, and correspond-
ing horizontal gradient channels in order to capture the
vertical texture in the bet objects, bet volume, or chips.
This can enable encoding of chip texture, for example,
for classification of chip type or colour at each point of
interest and of each chip. This can also enable edge de-
tection of betting objects or chips, for example, based on
vertical directionality encoded in a generated vector rep-
resentation of the image gradient data. In some embod-
iments, processor 204 is configured to normalize each
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histogram, image data, and/or vector to reduce impact
of lighting variations.

[0328] The processor 204 is configured to identify a
dominant classification (e.g., "yellow" or "striped blue and
gray") for each row in a grid of the points of interest. In
some cases, the dominant classification can be deter-
mined by majority voting or selection of the most frequent-
ly classified type amongst the classified types for each
point of interest in the row. The classification for each
point of interest can be based on features selected from
a concatenated histogram of horizontal gradients, where
the concatenated histogram is generated using image
data encoding a rectangular window spanning a large
portion of the width of a row of points of interest (e.g., the
width of a chip in a chip stack). Using a large window can
allow striped chips to be assigned a different dominant
classification than chips wholly coloured one of the stripe
colours. This can allow the system to accurately identify
and quantify chips and bet volumes.

[0329] In some embodiments, histograms generated
for multiple points of interest within the same row or at
the same height are used to together identify a chip, for
example, by majority voting. The multiple points of inter-
est are selected as points within a rectangular window
spanning the chip.

[0330] Thedominantclassificationisrecordedinadata
structure to establish a vector representation (e.g., a sin-
gle dimensional array) of the one or more chips in the at
least one betting area.

[0331] Insome embodiments, the dominant classifica-
tion can be determined by a classifier trained on sets of
classification data along points of interest along an x-
axis. This classifier can be trained to distinguish between
blue chips, gray chips, and chips striped in an even dis-
tribution of blue and gray.

[0332] Forexample,in some embodiments, processor
204 is configured to generate a classifier using one or
more classification models, based on, for example, ran-
dom forest or neural network algorithms. Processor 204
is configured to cause the classifierto be trained onimage
data, for example, to predict a point of interest type (e.g.,
colour, background, etc.) based on histogram data, for
example encoding a concatenated histogram generated
from multiple channels at a single point of interest. De-
pending onthe classification model used, this caninvolve
parameter selection or identification of the best features
for classification. The classifier can be tested or validated
iteratively or dynamically using new image data captured
as betting objects are used during betting eventsin a live
game. After the classifier is trained, the classifier is then
used to classify each point of interest overlaid over a
compressed set of image data, for example, points of
interest for a selected region of interest (e.g., bet volume
or stack of chips). The classification for each point of
interest is based on the histogram generated for the point
of interest and based on image data from multiple chan-
nels captured. The classification for each region of inter-
est can denote a colour, whether it is background or a



65 EP 3 528 219 A1 66

betting object, etc. The trained classifier can be gener-
ated at an earlier time than its real-time use to classify
betting objects during betting events.

[0333] At 5760, processor 204 is configured to deter-
mine one or more quantities of one or more chip types
of the one or more chips in the at least one betting area
by processing the vector representation based at least
on a comparison with physical geometric characteristics
of the one or more chip types. For example, a physical
geometric characteristic can include a centroid deter-
mined for each bet volume and the number of chips in
each bet volume determined based on the values stored
in the vector representation and the nature of those val-
ues in relation to adjacent values in the vector represen-
tation.

[0334] For example, at 5762, processor 204 is config-
ured to find the centroid of a stack of chips for each bet
volume. This can be the midpoint along an x-axis of a
chip, for example, the length defined by the median of
the chips’ corresponding points of interest projected
along an x-axis. In some embodiments, processor 204
selects or transform the data to compensate for the angle
that the images are captured at.

[0335] In some embodiments, the height and centroid
of a stack of chips or single chip or bet object can be
calculated using chip localization (e.g., isolation of fore-
ground image data from background image data using
depth data of objects in a region of interest or betting
location, where each region of interest or betting location
is defined by threshold depth data values). Using a dom-
inant classification for each row and the height and/or
centroid data, processor 204 is configured to quantify the
chips in the chip stack, including determining chip type,
quantity of each chip type in a chip stack, and total value
of one or more chip stacks, bet volumes, or bet objects.
Processor 204 is configured, at 5764, to find chip types
in each bet volume and, at 5766, calculate a number of
chips in each bet volume.

[0336] Processor 204 can be configured to cause a
data storage to maintain a data structure storing one or
more data fields representative of the determined one or
more quantities of one or more chip types of the one or
more chips in the at least one betting area. The data
structure can use one or more of various implementa-
tions, such as, a relational database, non-relational da-
tabase, flat file, etc. This information can be displayed in
an interface element in real-time to a dealer at the betting
table or transmitted to a server for trend analysis, for ex-
ample.

[0337] Inanexample embodiment, a process for mon-
itoring game activities at a gaming table comprises: cap-
turing image data corresponding to the one or more chips
positioned in at least one betting area on a gaming sur-
face of the respective gaming table; pre-processing the
captured image data to filter at least a portion of back-
ground image data to generate a compressed set of im-
age data of the one or more chips free of the background
image data; processing the compressed set ofimage da-
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ta to establish a two-dimensional grid comprising points
of interest overlaid over the compressed set of image
data, and for each point of interest, classify the point of
interest based on an analysis of a corresponding repre-
sentative histogram generated based on the image data
corresponding to the corresponding point of interest;
identifying a dominant classification for each row in the
grid of the points of interest, the dominant classification
recorded in a data structure to establish a vector repre-
sentation of the one or more chips in the at least one
betting area; determining one or more quantities of one
or more chip types of the one or more chips in the at least
one betting area by processing the vector representation
based at least a comparison with physical geometric
characteristics of the one or more chip types; and main-
taining a data structure storing one or more data fields
representative of the determined one or more quantities
of one or more chip types of the one or more chips in the
at least one betting area.

[0338] Inanexample embodiment, the process further
comprises pre-processing the captured image data to
apply at least one of rotation and scale invariance.
[0339] Inanexample embodiment, there is provided a
device for monitoring game activities at a gaming table
comprising: an imaging component positioned on a gam-
ing table or proximate thereto to capture image data cor-
responding to the one or more chips positioned in at least
one betting area on a gaming surface of the respective
gaming table, each imaging component comprising one
or more sensors responsive to activation events and de-
activation events to trigger capture of the image data by
the imaging component, the imaging component posi-
tioned to capture images of a gaming surface of the re-
spective gaming table; a processor configured to pre-
process the captured image data tofilter at least a portion
of background image data to generate a compressed set
of image data of the one or more chips free of the back-
ground image data; the processor further configured to
process the compressed set of image data to establish
atwo-dimensional grid comprising points of interest over-
laid over the compressed set of image data, and for each
point of interest, classify the point of interest based on
an analysis of a corresponding representative histogram
generated based on the image data corresponding to the
corresponding point of interest; the processor further
configured to identify a dominant classification for each
row in the grid of the points of interest, the dominant clas-
sification recorded in a data structure to establish a vector
representation of the one or more chips in the at least
one betting area; the processor further configured to de-
termine one or more quantities of one or more chip types
of the one or more chips in the at least one betting area
by processing the vector representation based at least a
comparison with physical geometric characteristics of the
one or more chip types; and a data storage configured
to maintain a data structure storing one or more data
fields representative of the determined one ormore quan-
tities of one or more chip types of the one or more chips
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in the at least one betting area.

[0340] A device for monitoring game activities at a
gaming table comprising: an imaging component posi-
tioned on a gaming table or proximate thereto to capture
image data corresponding to the one or more chips po-
sitioned in at least one betting area on a gaming surface
of the respective gaming table, each imaging component
positioned to capture images of a gaming surface of the
respective gaming table; a processor configured to pre-
process the captured image data tofilter at least a portion
of background image data to generate a compressed set
of image data of the one or more chips free of the back-
ground image data; the processor further configured to
process the compressed set of image data to establish
atwo-dimensional grid comprising points of interest over-
laid over the compressed set of image data, and for each
point of interest, classify the point of interest based on
an analysis of a corresponding representative histogram
generated based on the image data corresponding to the
corresponding point of interest; the processor further
configured to identify a dominant classification for each
row in the grid of the points of interest, the dominant clas-
sification recorded in a data structure to establish a vector
representation of the one or more chips in the at least
one betting area; the processor further configured to de-
termine one or more quantities of one or more chip types
of the one or more chips in the at least one betting area
by processing the vector representation based at least a
comparison with physical geometric characteristics of the
one or more chip types; and a data storage configured
to maintain a data structure storing one or more data
fields representative of the determined one or more quan-
tities of one or more chip types of the one or more chips
in the at least one betting area.

[0341] Insomeembodiments, the captured image data
is captured across a plurality of channels including at
least a red channel, a green channel, a blue channel, a
depth information channel, and an infrared channel; and
wherein each representative histogram is an aggregated
histogram generated from combining histograms gener-
ated for each channel of the plurality of the channels. In
some embodiments, horizontal gradients are calculated
using a 3x3 Sobel operator in order to capture the vertical
texture in the chips.

[0342] FIG. 58 is a view of an example game monitor-
ing system 100B, including bet recognition system 200,
according to some embodiments. Imaging component
202 can capture images in various channels, including
RGB and IR and can also capture images allowing gen-
eration of depth information. One or more imaging com-
ponents 202 can be retrofitted in a gaming establishment
without modification to existing betting tables or existing
betting objects. The imaging components 202 can be in-
stalled in an arrangement on a betting table that allows
optimalimage capturing for classification of betting object
type (e.g., chip type), including distinguishing between
relevant betting objects and other objects (e.g., back-
ground) using depth information. In some embodiments,
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imaging component 202 can be positioned at an angle
or elevation away from a betting surface or gaming table.
For example, one or more imaging components 202 or
bet recognition system 200 can be positioned overhead
above the table or an imaging component 202 can be
positioned at each corner of a gaming table or betting
surface. The imaging components 202 can communicate
with gaming table or bet recognition system 200 (or com-
ponents of same) wirelessly or via wired connections. In
some embodiments, one or more imaging components
202 or bet recognition system 200 can be retrofitted on
a gaming table or betting surface and one or more other
imaging components 202 can be positioned at an angle,
elevation, or distance away from the gaming table or bet-
ting surface. The fields of view that can be captured by
the one or more imaging components 202 can be syn-
chronized using time stamps and/or image recognition
of same or similar objects. Different image channels, an-
gles, perspectives, or data captured from the same or
similar objects can be associated with each other. This
can provide enhanced data for bet object recognition,
generation of depth data, feature extraction, filtering,
channel generation, key frame extraction, and/or remov-
al of transient obstructions of the bet object.

[0343] Bet recognition system 200 or components
thereof can include a communication link, for example,
a wired, wireless, synchronous, asynchronous, or bulk
link, configured for transmitting data (e.g., data structure
or a subset of the data structure) to generate betting data
forthe gaming table. The betting data can include betting
amounts for the at least one betting area. Bet recognition
system 200 or components thereof can transmit the data
to external systems or databases 252 or to other devices,
for example, over a network 270.

[0344] In some embodiments, point of interest extrac-
tor 222 extracts points of interests from the image data
(or processed image data) received from imaging com-
ponent 202 or from image processing engine 204. These
points of interestmay span "bounding boxes" around bet-
ting objects (e.g., chip stacks or bet volumes) thatinclude
the pixels used for analysis. Point of interest extractor
222 transmits the image data for each point of interest
(e.g., data from each of multiple channels capturing data
at the point of interest) and any associated data (e.g.,
meta data, data relating a point of interest to its location)
to histogram generator 224.

[0345] Histogram generator 224 can generate a histo-
gramfor datafrom each channel for each point ofinterest.
Histogram generator 224 can generate a dominant his-
togram for each point of interest using the multiple his-
tograms associated with the various channels for a single
point of interest. Histogram generator 224 can receive
data from image processing engine 204 and/or point of
interest extractor 222 to generate a single histogram for
each point of interest.

[0346] Histogram generator 224 can transmit the his-
togram for each point of interest to a classifier, for exam-
ple, a random forest classifier. In some embodiments,
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training data can be provided to the classifier 226 to gen-
erate a trained classifier or to re-train a classifier to opti-
mize or fine-tune its classification. Trained random forest
classifier 226 can classify the histogram data for each
point of interest to determine a betting object type (e.g.,
chip type).

[0347] In some embodiments, a dominant classifica-
tion for a set of points of interest (for example, a horizontal
row) can be generated by majority voting. In some em-
bodiments, trained classifier 226 can classify the set of
classifications of points of interest within a certain loca-
tion (e.g., those points ofinterest along the same y-value)
to determine a dominant classification of a chip. In some
embodiments, image processing recognizer engine 206
can instead identify a dominant classification by other
means, for example, by selecting the most common clas-
sification of the points of interest.

[0348] Image recognizer engine 206 can apply recog-
nition techniques to determine betting object type (e.g.,
actual chip value) for each betting object (e.g., chip) in a
relevant region of interest represented by a set of points
of interest. For example, image recognizer engine 206
can communicate with or utilize trained classifier 226 to
identify a set of points of interest corresponding to a single
chip. This information can be used to determine each
chip type (and in turn, quantify the chips of a given type
in a chip stack or bet volume) once the dominant classi-
fication of the points of interest corresponding to each
chip is determined.

[0349] FIG. 59 is a diagram of an example playing sur-
face with betting areas and fields of view of imaging com-
ponents 202. Each fields of view 5910a, 5910b, 5910c,
and 5910d can cover an area of the playing surface in-
cluding betting areas. Each area covered by a single field
of view may overlap with an area covered by a separate
field of view. Overlapping portions of fields of view can
be used by game monitoring system 100b to generate
multiple and/or different channels or imaging data of the
same betting object (e.g., chip stack). For example, per-
spective views of a chip stack can be used to generate
depth data by an imaging component 202 or image
processing engine 204.

[0350] FIG. 60 is a diagram of an example playing sur-
face with betting areas and fields of view of imaging com-
ponents 202. One or more imaging components 202 can
produce image data for RGB channels 6010, depth 6020,
and IR channels 6030 for a single field of view. Game
monitoring system 100b can generate additional images
from the channels captured. For example, the respective
images generated from RGB channels, depth data, and
IR channels are depicted at 6010, 6020, and 6030, re-
spectively.

[0351] FIG. 61is adiagram of an example setofimage
data including image 6110 representing capture across
RGB channels, image 6120 representing differential
depth information, and image 6130 representing capture
across an IR channel. An imaging component 202 can
capture image data and generate representations 6110,
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6120, and 6130.

[0352] At 6120, a first image of a chip stack is shown
as well as a second image depicting a horizontal gradient
of R, G, and B channels of the firstimage. Gradient data
can be used by processor 204 for feature extraction and
classification of bet object or chip type.

[0353] FIG. 62 is a diagram of an example represen-
tation of image data showing depth on a green channel.
Image processing engine 204 can combine image data
or representations of same into a single representation
or display. This may involve calibration and synchroni-
zation across two or more images (or data representing
same) to allow depiction of differential image capture
over the same objects from the same perspective. For
example, image processing engine 204 can receive first
image data allowing representations of data capture
across the green channel from an RGB camera within
imaging component 202. Image processing engine 204
can also receive second image data allowing represen-
tations of data capture from cameras within imaging com-
ponent 202 allowing presentation of depth information.
Image processing engine 204 can overlay the first and
second image data and adjust the representation (for ex-
ample, using data about the location of capture corre-
sponding to each data point) so that the overlays line up
according to the locations corresponding to the data pre-
sented, for example, are synchronized to depict a single
representation of a betting table and/or betting objects.
[0354] In some embodiments, an image depicting
depth can be constructed by an imaging component 202
or image processing unit 204 from one or more images
or frames captured from the same, similar, or different
perspectives. If two or more images are used, the image
can be constructed using image recognition matching
similar or identical objects in the multiple images, time
synchronization, or position synchronization.

[0355] FIG. 63 is a diagram of example sets of image
frames 6310 (original frames), 6320 (frames with ob-
struction), and 6330 (frames with no obstruction). Image
processing engine 204 can process image data, for ex-
ample, from an RGB camera or an IR camera, and dis-
tinguish between obstructions and objects of interest, for
example, a chip stack or betting volume in the foreground.
Image processing engine 204 can select one or more
frames where an objectis not obstructed from image data
or frames taken at near-contemporaneous time of that
object. Example obstructions include partially coverage
in the field of view the image data is collected at. A key
frame image can be generated using the average of the
selected one or more frames from a channel as well as
the corresponding frames from multiple other channels.
The key frame can encode image data of a region of
interest (e.g., including one or more chip stacks or bet
volumes) with any obstructions of the region of interest
removed.

[0356] FIG. 64 is a diagram of example image frames
containing the same object taken at contemporaneous
or near-contemporaneous time from the same or similar
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perspective. Each image frame is selected by image
processing engine 204 as a key frame for each type of
image data collected, for example, colour channels (for
key frame 6410), IR channels (for key frame 6430), and
data encoding representation of depth information (for
key frame 6420). Each key frame is selected for one or
more characteristics, for example, absence of or minimal
obstruction of a betting object, chip stack, or betting vol-
ume.

[0357] FIG. 65 is a diagram of example image frames
containing the same object taken at contemporaneous
or near-contemporaneous time from the same or similar
perspective. Each image frame is selected by image
processing engine 204 as a key frame for each type of
image data collected, for example, colour channels (for
key frame 6510), IR channels (for key frame 6530), and
data encoding representation of depth information (for
key frame 6520). Each key frame is selected for one or
more characteristics, for example, absence of or minimal
obstruction of a betting object, chip stack, or betting vol-
ume.

[0358] FIG. 98 and 67 are example representations of
image data of a bet volume or stack of chips depicted as
scale invariant data positioned on a two-dimensional grid.
More specifically, images are depicted before (FIG. 98)
and after (FIG. 67) scale invariance. For example, the
image data can be modified to provide a defined aspect
ratio, such that the image can be depicted on accurate
scale even if the image is resized.

[0359] FIG. 97 and 66 is an example representation of
image data of a bet volume or stack of chips depicted as
rotation invariant data positioned on a two-dimensional
grid. More specifically, images are depicted before (FIG.
97) and after (FIG. 66) rotation invariance.

[0360] FIG. 68 is an example of two sets of image data
each containing a representation of image data collected
over a red channel, green channel, blue channel, im-
age(s) allowing generation of depth information, and IR
channels. Each shows the key frame selected by the im-
age processing unit 204.

[0361] FIG. 69 is an example image showing normal-
ization ofimage data of a bet volume captured by imaging
component 202. In some embodiments, depth normali-
zation is not performed.

[0362] FIG. 70is an example image set of image data,
depictingaY colour space (image 7010), C,, colour space
(image 7020), and C, colour space (image 7030) of the
same bet volume (a stack of chips), where each image
is generated from RGB image data captured by aimaging
component 202.

[0363] FIG. 71 are example representations of a bet-
ting object (a stack of chips) 7110 and a two-dimension
representation of its horizontal gradient 7120 depicting
depth information. Image processing unit 204 is config-
ured to generate the image depicting a horizontal gradi-
ent from a processed image or an image captured, for
example, over RGB channels and IR channels. The hor-
izontal gradient data is stored in a vector or array for
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generation of a histogram. For each image, portion of
image, region of interest, or point of interest within same,
a histogram can be generated for each channel. All his-
tograms generated for the same image, portion of image,
region of interest, or point of interest within same are
concatenated or otherwise combined into a single histo-
gram. The single histogram is provided to arandom forest
classifier, which can generate a prediction of type, for
example, chip type, colour, value, or image type (e.g.,
background). This process can be repeated for each
point of interest in each horizontal row to determine a
dominant classification type for the row. This dominant
classification can represent the chip type of a chip at the
corresponding location. This process can be repeated
for each row of points of interest to generate a dominant
classification type for each row, thereby determining the
chip type for a chip in a stack of chips.

[0364] FIG. 72 is an example representation of locali-
zation of two betting objects (here, chips) on a betting
surface by image recognizer engine 206. Image recog-
nizer engine 206 can generate the display distinguishing
the two betting objects from other objects, including the
betting surface and background objects, using different
colours, for example, where the chips are pink and other
objects are shades of green. Generation of a distinguish-
ing display is not affected by the colour of the objects
(e.g., felt colour), absence of chips in the bet area, back-
ground noise and chips, hands on the table at certain
points of time during image capture, partial occlusion, or
shadow effects.

[0365] FIG. 73 is an example image with an overlay
depicting image data used for feature extraction and/or
image recognition. Points of interest extractor 222 can
select features from an image captured by imaging com-
ponent 202 or an image generated from same. The fea-
tures can be selected to optimize training of or recognition
by a classifier. Points of interest extractor 222 can select
image data from a number of image locations along an
x-direction as well as along a y-direction. For example,
points of interest extractor 222 can manipulate the data
to minimize weak matches from being extracted as a
point of interest. Points of interest extractor 222 can
shrink a ground truth area on both sides of the defined
regions horizontally. Every point of interest can be stored
as a unique representation in a data structure.

[0366] Insomeembodiments, points of interest extrac-
tor 222 selects points of interest by selecting points at an
equal spacing apart in an x-direction within a region of
interest. Points of interest extractor 222 selects additional
points of interest at an equal spacing apart in a y-direc-
tion.

[0367] FIG. 74 is an example of the image in FIG. 73
with an overlay of the selected points of interest. As de-
picted, there are seven points of interest selected in each
x-direction beginning at each of 29 points of interest se-
lected in a y-direction. A different number of points can
be selected at different intervals. Points of interest ex-
tractor 222 can selectthe points of interest such that each



73 EP 3 528 219 A1 74

point along a given x-direction is selected at the same
interval along the x-axis and the first point in each row is
at the same x-axis value, such that the points of interest
form straight columns and rows in a side view of a bet
object.

[0368] FIG. 75 is an example diagram depicting pixel
representations of points of interest selected along a bet-
ting object, such as a chip. A centre of the chip is deter-
mined for each chip in the region of interest (e.g., bet
volume or stack of chips). For example, a centroid can
be calculated to determine the centre of the chip. The
location of the chip centre can be used in quantifying the
number of bet objects (e.g., chips) for each object type
(e.g., chip type). Histogram generator 224 generates his-
togram data for each channel for each point of interest
extracted. The histograms for each point of interest are
concatenated and a single histogram for each point of
interest is generated.

[0369] FIG. 76 is an example diagram depicting each
histogram generated for each point of interest. Each his-
togram depicts gradient (e.g., horizontal) information of
image data collected or generated from a single channel.
A channel can be a selection of wavelengths captured
by imaging component 202 or additional channels gen-
erated from same, for example, using a gradient analysis.
The gradients can be represented by a histogram plotting
numerical equivalents of colour intensity, for example.
The histograms for each channel for a single point of
interest can be concatenated.

[0370] FIG. 77 is an image of an example depiction of
image data or regions of interest used for classification
of each region of interest. A single region of interest de-
picted includes a single bet volume (e.g., one chip, a
plurality of chips, or a bet volume). A dealer or adminis-
trator can engage with system 110B, for example, at ad-
ministrative interface subsystem 212, and label each bet
volume for one or more betting objects or components
ofimage data. The labelled image data (and correspond-
ing histogram data) can be received by image recognizer
engine 206, which can train one or more classifiers using
the data. This can enable later classification of a bet vol-
ume, chip, or chip stack by chip type, for example, de-
noting colour and/or value.

[0371] In some embodiments, a classifier can be
trained using received labelling, where a data indicating
a point on a chip is received and used by processor 204
to define a point of interest and a window including the
point of interest and, for example, of a height and width
at least similar to the chip’s size. The window can be
used by processor 204 (e.g., while training a classifier)
for defining data with which to generate a histogram for
the point of interest. Processor 204 is configured in some
embodiments to extract features at each point of interest,
for example, using the corresponding histogram data. In
some embodiments, processor 204 can train a random
forest classifier using received labels, for example, cor-
responding to chip type, on an image such as a betting
object in a region of interest.
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[0372] FIG. 78 is a diagram of an example classifica-
tion for each point of interest based on the histogram
data for each point of interest. Image recognizer engine
206 can use a trained classifier to classify each histogram
corresponding to each channel of a single point of inter-
est. Image recognizer engine 206 can determine a dom-
inant classification of the point of interest, for example,
white, background, or none. A classification of "none"
can result, for example, where the classifier does not
reach a specified threshold of probability in that classifi-
cation.

[0373] FIG. 79 is a diagram of an example process for
training a classifier for predicting bet volume type (e.g.,
chip type), for example, given histogram data (e.g., data
encoding the horizontal gradient of image data) of a sin-
gle point of interest. Random forest classifiers can be
constructed each from a boot strap sample sets of the
original training set, where training set values are sam-
pled with replacement. Each random forest classifier can
be constructed such that each node is split by choosing
a feature out of a random sample of x = ~V (X) features.
The feature at which a split is created can be selected
as the feature that gives the best information gain or op-
timized tree. Image recognizer engine 206 can vote on
a set of predictions from each random forest result, and
a final prediction can be identified. Image recognizer en-
gine 206 can provide the final prediction as a classifica-
tion for the point of interest. The random forest can be
constructed to optimize any or several of the following
parameters: Criterion (the function to measure the quality
of a split), Features (the number of features to consider
when looking for the best split), Estimators (the number
oftrees in the forest), Minimum sample split (the minimum
number of samples required to split an internal node,
Maximum depth of tree (the maximum depth of the tree),
and Bootstrap (whether bootstrap samples are used
when building trees).

[0374] In some embodiments, the trained random for-
est classifier is optimized during training in relation to at
least one of (i) criterion for a decision split, (ii) a number
of features for consideration for determining the criterion
for the decision split, (iii) a number of trees in the forest,
(iv) @ minimum number of samples required to split an
internal node, (v) a maximum depth of a tree, and (vi)
use of bootstrap samples.

[0375] In some embodiments, the trained random for-
est classifier can determine dominant classifications of
each row in the grid of the points of interest (e.g., corre-
sponding to a chip) or dominant classification for a point
of interest. For example, the dominant classifications are
determined by utilizing a trained random forest classifier
where the trained random forest classifier includes a plu-
rality of classification trees and each representative his-
togram is classified by a classification identified by a ma-
jority of the plurality of the classification trees. In some
embodiments, the dominant classifications are deter-
mined by utilizing a trained random forest classifier and
the trained random forest classifier includes a plurality of
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classification trees and each representative histogram is
classified by a classification identified by a majority of the
plurality of the classification trees.

[0376] In some embodiments, the dominant classifica-
tion for each row in the grid of the points of interest is
determined by a classification type representing a largest
proportion of the points of interest in the row in the grid.
For example, this is determined by majority voting in
some embodiments.

[0377] FIG. 80 is a diagram of example decision trees
used by random forest classifiers for classifying a point
of interest based on histogram data plotting horizontal
gradients of a single channel. A final prediction can be
generated based on a voting determination amongst the
predictions from each tree, where each tree is generated
using a bootstrap sample of the training data. The training
datacaninclude points of interest classifications and their
corresponding histogram data.

[0378] FIG. 81 is a diagram of an example mapping
between classification names and colour representa-
tions. For example, image recognizer engine 206 can
associate colour name "0001-white" to classification data
"0 0 1" generated by a classifier.

[0379] FIG. 82 is a diagram of an example depiction
for a chip quantification process by image recognizer en-
gine 206. Points of interest are depicted in an x-direction.
The median value can be selected as an indicator of the
centre of a chip in a bet volume.

[0380] FIG. 83 is a diagram of an example depiction
for a chip quantification process by image recognizer en-
gine 206. Image recognizer engine 206 can determine
the most frequently occurring value in each row of points
ofinterest. This can be the dominant classification for the
chip corresponding to thatrow of points of interest. Image
recognizer engine 206 can determine the top of the stack
of chips and use height, width, and image information to
quantify the number of chips of each type in a chip stack.
This can be facilitated by determining the centroid and
height of each bet or chip volume, for example. A chip
volume determined as including a stack of chips having
similar classifications.

[0381] In some embodiments, bet recognition system
200 or one or more components thereof (e.g., image rec-
ognizer engine 206) can determine one or more quanti-
ties of the one or more chip types of the one or more
chips in one or more betting areas. This determination
can be made by a process including identifying one or
more chip volumes within a vector representation by
grouping similar classifications in the vector representa-
tion (each chip volume representing a stack of chips hav-
ing similar classifications); determining a centroid for
each chip volume of the one or more chip volumes; iden-
tifying a height for each chip volume; and estimating a
number of chips in each chip volume by comparing the
centroid and the height of each chip volume with the phys-
ical geometric characteristics of the one or more chip
types. The estimated number of chips in each chip vol-
ume can be utilized to determine the one or more quan-
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tities of the one or more chip types.

[0382] In some embodiments, imaging components
202 can function in conjunction with or synchronization
with illuminating components. llluminating components
are customizable to provide illumination in various col-
ours, among others. As an example, FIG. 84 at 8400
depicts having several illuminating components 8402,
8404 (e.g., LEDs) in use that are full colour and custom-
izable for one or more tables, according to some embod-
iments. Each of the illuminating components 8402, 8404
is associated with a corresponding spread 8412, 8414.
[0383] Customizable levels of brightness and color are
useful where an operator is seeking to configure the sys-
tem in accordance with a desired theme or visual effect.
FIG. 85 at 8500 having several illuminating components
8502, 8504 (e.g., LEDs) in use that have spreads of dif-
ferent color, respectively, according to some embodi-
ments. FIG. 86 at 8600 depicts illuminating component
8602 with a custom color 8604, according to some em-
bodiments. FIG. 87 is a photograph 8700 of illuminating
component 8702, depicting illuminating component 8702
from a perspective view, according to some embodi-
ments.

[0384] FIG. 88 is an overhead photograph 8800 of
physical hand count indicator 8802, according to some
embodiments. In this example, the physical hand count
indicator 8802 includes an indicator light 8804 that is in-
dicates to a dealer that the system is running, and/or
when a particular hand is open or closed (8804 may be
in a different color than 8802, for example). Other indi-
cators are possible, for example, there may be indicator
elements that indicate when the system is running at a
high level of accuracy or confidence, or others that indi-
cate when a dealer's movements or positioning is sub-
optimal and potentially impeding the proper operation of
the system.

[0385] FIG. 89 is arear perspective view 8900 of a bet
recognition device 30 thatis mounted on a table surface,
according to some embodiments. As illustrated in this
example, the bet recognition device 30 includes two dif-
ferent bet recognition devices 8902 and 8904, which are
positioned to obtain images of the gaming elements
placed within their field of view. There may be more bet
recognition devices, and the fields of view are not always
mutually exclusive. For example, increased accuracy
may be obtained by providing bet recognition devices
where the fields of view overlap.

[0386] FIG. 90 is a perspective view 9000 of a bet rec-
ognition device 30 whereby the bet recognition device
30 include one or more interface areas 9002 and 9004
which are in electronic connection to either a backend
game monitoring server 20 or a local game monitoring
device / memory proximate bet recognition device 30.
The interface areas 9002 and 9004 may contain displays
which are controlled for rendering visual elements indic-
ative of various information processed in relation to gam-
ing, for example, in relation to betting activity. Where the
one or more interface areas 9002 and 9004 are in elec-
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tronic connection with a connection to either a backend
game monitoring server 20 or a local, directly obtained
betting information can be displayed. In some embodi-
ments, accuracy and tracking information can be provid-
ed so that a dealer or other operator can, in real or near
real-time, monitor how information associated with bet
recognition device 30, such as operational history, fraud
/ theft detection, bet / comp amounts, average bet per
hand, average bet per game, estimated accuracy level
(e.g., based on quality of illumination), among others.
[0387] Theinterface areas 9002 and 9004 in some em-
bodiments are touchscreens. The touchscreens may be
utilized, for example, by a dealer to copy and move play-
ers across players position directly from the touch-
screens. The copy and move functionality is useful as it
facilitates convenient tracking of players as they move
from seat to seat, and in some embodiments, the inter-
face areas 9002 and 9004 allow for a single player to
play multiple betting positions each round of play. From
a complementary item providing and/or player profile
tracking perspective, such a system may be particularly
useful as it aids in obtaining more accurate play informa-
tion. For example, a single player may wish to play in
multiple spots at once in a game (e.g., playing three dif-
ferent seats at a Blackjack table), or may wish to move
from seat to seat (e.g., because of a superstition that a
particular seat is of better luck). To Applicants’ knowl-
edge, such features are not available in conventional
player profile tracking systems and in both situations, op-
portunities may be missed for player profile tracking.
[0388] FIG. 91 is an overhead photograph 9100 illus-
trating two controllers 9102 and 9104, each being used
to drive the betrecognition devices 30, according to some
embodiments. The two controllers may have one or more
memory modules, and may operate either individually or
in combination.

[0389] Where the two controllers are operating in com-
bination, the controllers may be configured for redundant
failover, accuracy comparisons (e.g., where there are
overlapping fields of view), bet data aggregation, among
others. For example, if there are one or more controllers
whose fields of view encompass all betareas on a gaming
surface, the one or more controllers, in communication
with one another, may be configured to obtain and/or
process data that can be utilized to model the entirety of
the betting activity that is taking part on the table (assum-
ing that that bet markers are visible relative to each of
the optical systems), among others.

[0390] FIG. 92 is a photograph illustrating potential
connections between the one or more processors ac-
cording to some embodiments. In FIG. 92, at 9200, two
processors 9202 and 9204 are shown. Where there is a
failure, the other processor may be able to provide
failover support.

[0391] FIG. 93 is a photograph 9300 of a table without
felt, illustrating areas upon which a physical retrofit can
be applied to connect bet recognition device 30. FIG. 94
is a photograph 9400 of under table connectors. In this
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photograph, a power port and an Ethernet connector port
are shown along with wires for connectivity. Various al-
ternative computer configurations are possible (e.g., with
an internal manageable network switch for one or more
the networking addresses generated within an enclo-
sure).

[0392] FIG. 95 is a rendering 9500 showing two inter-
faces that may be connected to bet recognition devices
30, according to some embodiments. FIG. 96 illustrates
an example playing surface 9600 with betting areas
9602, 9604, 9606, 9608, 9610, and 9612.

[0393] In some embodiments, system 100B including
any one or more of its components, for example, proc-
essor 204, is implemented using one or more field-pro-
grammable gate arrays (FPGAs). This can allow for cus-
tomized configuration and improved processing perform-
ance, including improved processing speed or improved
time for transmission of data. This can allow for faster
(and more useful) image processing and classification
and quantification of bet objects, including chips or chip
stacks.

[0394] An example embodiment of system 100B will
now be described. In the example embodiment, system
100B is installed at a betting surface. Multiple imaging
components are positioned in relation to the betting sur-
face, including with overlapping fields of view. System
100B is configured to capture frames of RGB images,
infrared images, and depth images. Here, depth images
can be generated by using time of flight sensors, struc-
tured light sensors, and/or triangulation based methods
using stereo images. System 100B is configured to ex-
tend the plurality of channels by transforming captured
image data from RGB to a different colour space where
luminance is decoupled from chrominance, the transfor-
mations yielding additional channels.

[0395] Inthe example embodiment, image processing
engine 204 is configured to select a key frame from the
stream of images across the captured channels based
ondepthvalues. Here, the goalistoremove all the frames
that have some obstruction between the cameras and
the bet spots on the table. Once the clean frames are
identified, the average of the corresponding channels is
taken to suppress any obstruction left. This whole proc-
ess is repeated for all the bet areas within their defined
region of interest. A region of interest is defined by image
processing engine 204 as an area meeting threshold
depth values. Image processing engine 204 is configured
to generate different channels based on the derived key
frame in RGB, depth and IR space. Image processing
engine 204 is configured to preprocess the key frame,
including generating data encoding rotation and scale
invariantversions of the key frame before generating oth-
er channels.

[0396] In some embodiments, image processing en-
gine 204 is configured to calibrate image data of the same
gaming objects to generate depth data. In some embod-
iments, image processing engine 204 uses other image
data, for example, IR data, in combination to generate
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depth data, decide how far away an object is, or decide
on an object’s location. In some embodiments of the ex-
ample embodiment, image processing engine 204 deter-
mines a distance of an object based on how light or a
light pattern warps over an object as captured by an IR
imaging component. This distance information is com-
pared with other distance information of the same object
captured by a separate imaging component located a
known distance away. In some embodiments of the ex-
ample embodiment, two RGB cameras are used to gen-
erate depth information using triangulation.

[0397] Inthe example embodiment, image processing
engine 204 is configured to extract and generate data to
produce a horizontal gradient of at least the red, green,
and blue channels. Image processing engine 204 is then
configured to perform chip localization by generating an
image from the key frame with the portions of the back-
ground of the image removed by removing data encoding
portions of the key frame that do not meet one or more
threshold depth values.

[0398] In the example embodiment, point of interest
extractor 222 is configured to select and extract data en-
coding points of interest within the key frame. These
points of interests are used to generate histogram-based
descriptors that are used by the classifier to predict the
type of a betting object, such as a chip type.

[0399] In the example embodiment, points of interest
are selected by point of interest extractor 222 within a
region of interest. Point of interest extractor 222 is con-
figured to select points of interest using equal spacing in
a horizontal direction within the region of interest. Addi-
tional points of interest can be selected using equal spac-
ing in a vertical direction within the region of interest. In
some embodiments, the respective equal spacings can
be different in horizontal and vertical directions.

[0400] In the example embodiment, histogram gener-
ator 224 is configured to generate a histogram at each
point of interest, with each histogram for a single point
of interest corresponding to data from one or more of the
channels. Each histogram for a single point of interest is
generated based on a small selection of image data en-
coding the portions of the image immediately adjacent
to the point of interest.

[0401] In the example embodiment, a 3x3 Sobel oper-
ator is applied to one or more channels (e.g., the R, G,
and B channels and/or other channels) of image data of
the region of interest to generate a gradient. In some
embodiments, other operators can be used to generate
gradient data.

[0402] In the example embodiment, histogram gener-
ator 224 is configured to generate a single descriptor of
all channels against each point of interest by concate-
nating each histogram for each channel corresponding
to a single point of interest. This concatenation or asso-
ciation of all histogram data for each point of interest can
provide a more robust dataset for classification of chip
type by a trained classifier (or, in the context of the gen-
eration of a trained classifier, can provide a more robust
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dataset for feature selection and training of a classifier).
[0403] This may help minimize noise in the represen-
tation or storage of the image data or portions of the im-
age data.

[0404] In the example embodiment, random forest
classifier 226 is configured to use the concatenated his-
togram for a single point of interest for feature extraction.
[0405] In the example embodiment, a gradient is cal-
culated using a 3x3 Sobel operator on one or more chan-
nels, for example, the R, G, and B channels and/or chan-
nels in other colour spaces in order to generate horizontal
gradients of the image data to capture the vertical texture
in the bet objects, bet volume, or chips.

[0406] In the example embodiment, image recognizer
engine 206 is configured to identify a dominant classifi-
cation for each row in a grid of the points of interest. The
dominant classification is determined by majority voting
or selection of the most frequently classified type
amongst the classified types for each point of interest in
the row.

[0407] In the example embodiment, image recognizer
engine 206 is configured to determine one or more quan-
tities of one or more chip types in a chip stack in the key
frame image using the dominant classifications and com-
parison to a physical geometric characteristic such as a
centroid determined for each chip stack. Image recog-
nizer engine 206 determines the centroid for a chip stack
as the determined midpoint along an x-axis of a chip.
[0408] In the example embodiment, image recognizer
engine 206 is configured to cause a data storage to main-
tain a data structure storing one or more data fields rep-
resentative of the determined one or more quantities of
one or more chip types of the one or more chips in the
at least one betting area.

[0409] The foregoing discussion provides many exam-
ple embodiments of the inventive subject matter. Al-
though each embodiment represents a single combina-
tion of inventive elements, the inventive subject matter
is considered to include all possible combinations of the
disclosed elements. Thus if one embodiment comprises
elements A, B, and C, and a second embodiment com-
prises elements B and D, then the inventive subject mat-
ter is also considered to include other remaining combi-
nations of A, B, C, or D, even if not explicitly disclosed.
[0410] The embodiments of the devices, systems and
methods described herein may be implementedina com-
bination of both hardware and software. These embodi-
ments may be implemented on programmable comput-
ers, each computer including at least one processor, a
data storage system (including volatile memory or non-
volatile memory or other data storage elements ora com-
bination thereof), and at least one communication inter-
face.

[0411] Program codeis applied to input data to perform
the functions described herein and to generate output
information. The output information is applied to one or
more output devices. In some embodiments, the com-
munication interface may be a network communication
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interface. In embodiments in which elements may be
combined, the communication interface may be a soft-
ware communication interface, such as those for inter-
process communication. In still other embodiments,
there may be a combination of communication interfaces
implemented as hardware, software, and combination
thereof.

[0412] Throughout the foregoing discussion, numer-
ous references are made regarding servers, services,
interfaces, portals, platforms, or other systems formed
from computing devices. It should be appreciated that
the use of such terms is deemed to represent one or
more computing devices having at least one processor
configured to execute software instructions stored on a
computer readable tangible, non-transitory medium. For
example, a server can include one or more computers
operating as aweb server, database server, or other type
of computer server in a manner to fulfill described roles,
responsibilities, or functions.

[0413] The technical solution of embodiments may be
in the form of a software product. The software product
may be stored in a non-volatile or non-transitory storage
medium, which can be a compact disk read-only memory
(CD-ROM), a USB flash disk, or a removable hard disk.
The software product includes a number of instructions
that enable a computer device (personal computer, serv-
er, or network device) to execute the methods provided
by the embodiments.

[0414] The embodiments described herein are imple-
mented by physical computer hardware, including com-
puting devices, servers, receivers, transmitters, proces-
sors, memory, displays, and networks. The embodi-
ments described herein provide useful physical ma-
chines and particularly configured computer hardware
arrangements.

[0415] Although the embodiments have been de-
scribed in detail, it should be understood that various
changes, substitutions and alterations can be made here-
in.

[0416] Moreover, the scope of the present application
is notintended to be limited to the particular embodiments
of the process, machine, manufacture, composition of
matter, means, methods and steps described inthe spec-
ification.

[0417] As can be understood, the examples described
above and illustrated are intended to be exemplary only.

Claims

1. A device for monitoring game activities at a gaming
table comprising:

an imaging component to capture image data
corresponding to one or more chips positioned
in at least one betting area on a gaming surface
oftherespective gaming table, the imaging com-
ponent positioned to capture images of the gam-
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ing surface;
a processor configured to:

pre-process the captured image data to fil-
ter at least a portion of background image
datato generate a compressed set ofimage
data of the one or more chips without the
portion of the background image data;
process the compressed set of image data
to overlay a two-dimensional grid compris-
ing points of interest on the compressed set
ofimage data, and for each point of interest,
classify the point of interest based on a cor-
responding representative histogram, the
processor generating the corresponding
representative histogram based on the im-
age data corresponding to the correspond-
ing point of interest;

identify a dominant classification for each
row in the grid of the points of interest, the
dominant classification recorded in a data
structure to establish a vector representa-
tion of the one or more chips in the at least
one betting area;

generating output data indicating one or
more quantities of one or more chip types
of the one or more chips in the at least one
betting area by processing the vector rep-
resentation based at least on a comparison
with physical geometric characteristics of
the one or more chip types; and

a data storage configured to maintain a data
structure storing one or more data fields repre-
sentative of the determined one or more quan-
tities of the one or more chip types of the one or
more chips in the at least one betting area.

The device of claim 1, further comprising a commu-
nication link configured for transmitting the data
structure or a subset of the data structure to generate
betting data for the gaming table, the betting data
including betting amounts for the at least one betting
area.

The device of claim 1, wherein the captured image
data is captured across a plurality of channels in-
cluding at least a red channel, a green channel, a
blue channel, a depth information channel, and an
infrared channel; and wherein each representative
histogram is an aggregated histogram generated
from combining histograms generated for each
channel of the plurality of the channels.

The device of claim 3, wherein the processor is con-
figured to extend the plurality of channels by trans-
forming the captured image data from RGB to a dif-
ferent colour space where luminance is decoupled
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from chrominance, the transformations yielding ad-
ditional channels in the plurality of channels.

The device of claim 3, wherein horizontal gradients
are calculated using a 3x3 Sobel operator in order
to capture the vertical texture in the chips.

The device of claim 1, wherein the captured image
data is represented by an aggregated frame corre-
sponding to average image data of image data cap-
tured across a duration of time to reduce transient
effects arising from temporary visual obstructions of
the imaging component.

The device of claim 1, wherein the processor is fur-
ther configured to pre-process the captured image
data to apply at least one of rotation and scale invar-
iance.

The device of claim 1, wherein the dominant classi-
fications are determined by utilizing a trained random
forest classifier; and

wherein the trained random forest classifier is opti-
mized during training in relation to at least one of (i)
criterion for a decision split, (ii) a number of features
for consideration for determining the criterion for the
decision split, (iii) a number of trees in the forest, (iv)
a minimum number of samples required to split an
internal node, (v) a maximum depth of a tree, and
(vi) use of bootstrap samples.

The device of claim 1, wherein the dominant classi-
fication for each row in the grid of the points of interest
is determined by a classification type representing a
largest proportion of the points of interest in the row
in the grid.

The device of claim 1, wherein the determination of
the one or more quantities of the one or more chip
types of the one or more chips in the at least one
betting area includes:

identifying one or more chip volumes within the
vector representation by grouping similar clas-
sifications in the vector representation, each
chip volume representing a stack of chips having
similar classifications;

determining a centroid for each chip volume of
the one or more chip volumes;

identifying a height for each chip volume; and
estimating a number of chips in each chip vol-
ume by comparing the centroid and the height
of each chip volume with the physical geometric
characteristics of the one or more chip types,
the estimated number of chips in each chip vol-
ume utilized to determine the one or more quan-
tities of the one or more chip types.
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A method for monitoring game activities at a gaming
table comprising:

capturing image data corresponding to the one
or more chips positioned in at least one betting
area on a gaming surface of the respective gam-
ing table;

at a processor,

pre-processing the captured image data to filter
at least a portion of background image data to
generate a compressed set of image data of the
one or more chips free of the background image
data;

processing the compressed set of image data
to establish a two-dimensional grid comprising
points of interest overlaid on the compressed
set of image data, and for each point of interest,
classify the pointofinterest based on an analysis
of a corresponding representative histogram
generated based on the image data correspond-
ing to the corresponding point of interest;
identifying a dominant classification for each row
in the grid of the points of interest, the dominant
classification recorded in a data structure to es-
tablish a vector representation of the one or
more chips in the at least one betting area;
determining one or more quantities of one or
more chip types of the one or more chips in the
at least one betting area by processing the vec-
tor representation based on at least a compari-
son with physical geometric characteristics of
the one or more chip types; and

maintaining a data structure storing one or more
data fields representative of the determined one
or more quantities of the one or more chip types
of the one or more chips in the at least one bet-
ting area.

The method of claim 11, further comprising transmit-
ting the data structure or a subset of the data struc-
ture to generate betting data for the gaming table,
the betting data including betting amounts for the at
least one betting area.

The method of claim 11, wherein the captured image
data is captured across a plurality of channels in-
cluding at least a red channel, a green channel, a
blue channel, a depth information channel, and an
infrared channel; and wherein each representative
histogram is an aggregated histogram generated
from combining histograms for each channel of the
plurality of the channels.

The method of claim 13, further comprising extend-
ing the plurality of channels by transforming the cap-
tured image data from RGB to a different colour
space where luminance is decoupled from chromi-
nance, the transformations yielding additional chan-
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nels in the plurality of channels.

The method of claim 13, wherein horizontal gradients
are calculated using a 3x3 Sobel operator in order
to capture the vertical texture in the chips.

The method of claim 11, wherein the captured image
data is represented by an aggregated frame corre-
sponding to average image data of image data cap-
tured across a duration of time to reduce transient
effects arising from temporary visual obstructions of
the imaging component.

The method of claim 11, wherein the dominant clas-
sifications are determined by utilizing a trained ran-
dom forest classifier; and

wherein the trained random forest classifier is opti-
mized during training in relation to at least one of (i)
criterion for a decision split, (ii) a number of features
for consideration for determining the criterion for the
decision split, (iii) a number of trees in the forest, (iv)
a minimum number of samples required to split an
internal node, (v) a maximum depth of a tree, and
(vi) use of bootstrap samples.

The method of claim 11, wherein the dominant clas-
sification for each row in the grid of the points of
interest is determined by a classification type repre-
senting a largest proportion of the points of interest
in the row in the grid.

The method of claim 11, wherein the determination
of the one or more quantities of the one or more chip
types of the one or more chips in the at least one
betting area includes:

identifying one or more chip volumes within the
vector representation by grouping similar clas-
sifications in the vector representation, each
chip volume representing a stack of chips having
similar classifications;

determining a centroid for each chip volume of
the one or more chip volumes;

identifying a height for each chip volume; and
estimating a number of chips in each chip vol-
ume by comparing the centroid and the height
of each chip volume with the physical geometric
characteristics of the one or more chip types,
the estimated number of chips in each chip vol-
ume utilized to determine the one or more quan-
tities of the one or more chip types.

A non-transitory computer-readable storage medi-
um comprising computer-executable instructions for
causing a processor to:

capture image data corresponding to the one or
more chips positioned in at least one betting ar-
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eaonagaming surface of the respective gaming
table;

pre-process the captured image data to filter at
least a portion of background image data to gen-
erate a compressed set of image data of the one
or more chips free of the background image da-
ta;

process the compressed set of image data to
establish a two-dimensional grid comprising
points of interest overlaid over the compressed
set of image data, and for each point of interest,
classify the pointofinterest based on an analysis
of a corresponding representative histogram
generated based on the image data correspond-
ing to the corresponding point of interest;
identify a dominant classification for each row in
the grid of the points of interest, the dominant
classification recorded in a data structure to es-
tablish a vector representation of the one or
more chips in the at least one betting area;
determine one or more quantities of one or more
chip types of the one or more chips in the atleast
one betting area by processing the vector rep-
resentation based on at least a comparison with
physical geometric characteristics of the one or
more chip types; and

maintain a data structure storing one or more
data fields representative of the determined one
or more quantities of the one or more chip types
of the one or more chips in the at least one bet-
ting area.



EP 3 528 219 A1

09
aoBB)U|

pug juoid

7 910)S BleQ

V00l

0¢
JETNETS

Buuiouopy swes

Vi 'Ol

09
Buiyoe) Jsjesp

Jefeid Aued pi¢

[0}
Anan
uoniuBooal 1og

3
(N 8l0eL) 80I1A8P
uoniuBooal 1og

3
(z sIqeL) soinep
uoniuboosi 18g

3
(1 8lqeL) soin8p
uoniubooal 18g

45



EP 3 528 219 A1

7

gl Ol

SIoJesjSIuIWpPY

— — [4 ¥4
c0¢ vic worshsqng
Jusuodwo) waysAsqng
90BUAU|
Buibew| 2oBlBYU| JOSN
SAljeIsIuILpY
\ 1
y
¥0c 80¢
auibug N waysAsgng
Buissaooid abew| auibug se|ny
A 1
— y
— 09¢ =
90¢ aBeIolg (I]¥4
auibug o suibu3
Jaziubooay abew ed Buuojuopy swes

A

1S[0/0)°

F474
seseqele]

[eulaixg

46



EP 3 528 219 A1

00

i W syt o __.lt,\.....

47



EP 3 528 219 A1

80BMS)U| pug Juoi

07 8J0s eleQq

00€

lanieg

¢ Old

47004

43
80IABP JUNOD pUBH

Q€ 9o1A8p
uopiubooai Jog

us|ge|

Ayin junoo

0%
Buioe. Jojesp
J1ekerd Aued pg

puey pue Ayjin
uoniuBoosl jog

€
80IABP JUNOD pUBH

Q¢ 8olAsp
uoniuBoos. Jeg

¢ ®l9eL

43
80IABP JUNOD pUBH

0% 00lAep
uoniuBoosi jag

| ®lqeL

48



EP 3 528 219 A1

00v

ay Old

4017

d00¥

Yooy

[40)%

49



FIG. 5









®




EP 3 528 219 A1

54

FIG. 9



EP 3 528 219 A1

0001

0l 'Ol

55



EP 3 528 219 A1

Ll Ol

56



EP 3 528 219 A1

57



EP 3 528 219 A1

a¢l "oOld Vel Ol

R N O R B AT )
4 1111 I T 0LEL
. LEL
9LEl
A 91€1
|||||||H|._ - :
— > 80¢l [ - gogl
T 90€l Il " 90l
: T vOEL [ " vogl
— Z0€l M Lo 0TI rF zoe
™ 00¢€1 L " oogl

d00¢} A{0[0} 4"

58



EP 3 528 219 A1

1IIIII|IIIIII

vl "Old

oovl

\ 404"

59



EP 3 528 219 A1

pa10919Q pJe)d
YUM BaJy JOSUDS DAY

GI 'Old

p212931aqd diyd
YUA BRIV JOSUDS DAY

ealy JOSUSS 9ANIY

pa1291aq diyd
YUM BaJY JOSUIS BAIDY

pa1291aqd diyd
YU/ D]y JOSUSS SAIDY

ealy JOSUSS 9ANIY

00G1

60



EP 3 528 219 A1

91 Ol

[5] auny,

()’
W)’

— | 5091
— 1Y)

[ ] 2prupdury

¢091

0091

61



EP 3 528 219 A1

L} 'Old

4 83 98
/ / /
ENENEILY
TEN 30V443INI Of AN
40853004d
ALINLOY 3WvD 4 30V-RALN
/ ’
08 7

62



EP 3 528 219 A1

8l 'Old

% % 1o
/ / Z
JOV44IINI
AN JOV443INI O AJONIN
ININOINOD
ININOINOD
40SS3004d ONIOVII YOSNIS
% 7 ¢
5 06 b

63



EP 3 528 219 A1

000¢

0061

e,

.....
.,

64



EP 3 528 219 A1

(01054

00¢c

65



EP 3 528 219 A1

d00v¢

dave¢ Old

000¥¢

Vv00ve

Vi2 Ol

™

66



EP 3 528 219 A1

aoosce

asc¢ Old

85 ‘914

0004¢

v00S¢

J4¢ Old

67



EP 3 528 219 A1

3006¢

45¢ 'Old

68



EP 3 528 219 A1

004¢

009¢

69



0€ 'Ol

Mﬂu

L] /%/




FIG. 31



3300

3200

EP 3 528 219 A1

72

FIG. 33

FIG. 32



EP 3 528 219 A1

00S¢€

009¢

G¢ Ol

00v€

73



EP 3 528 219 A1

00.€

L€ Ol

74



EP 3 528 219 A1

808¢

8¢ Ol

—  ¥08¢

75



EP 3 528 219 A1

006¢€

6¢ Old

> “\ - ,v\,, /
l/ Vs/w
N e

76



4000

EP 3 528 219 A1

77

FIG. 40



4300

4200

EP 3 528 219 A1

4100

G

[T

=
1T e
Hinn e
L HEr
e Ben
s Hit
it Ho
g e
0 e
g e
Lt it
Ot psseis
O e
berp e e
O e
e vai
o Vistiie
It i
wi i niHin
[ G
i NN
s It
It mEnt
i iy
| W,

LT

78

FIG. 43

FIG. 42

FIG. 41



EP 3 528 219 A1

G 'Ol

00S¥

00v¥

vy "Old

79



EP 3 528 219 A1

J9% Old

o

-

0009t

d97 'Ol VoY ‘Old

80



EP 3 528 219 A1

004¥

81



EP 3 528 219 A1

Q06% ~

006¥

6v ‘Ol

- ¢06Y

82



EP 3 528 219 A1

0009

¥00S

800G

0§ "Old

83



EP 3 528 219 A1

00¢S

0019

1§ "Old

84



EP 3 528 219 A1

¢ 'Ol

3l ASD Se BAES
pUE $8INJes4Wojsny pue ‘Yini] punolio)
‘$9.N)28-40JU|PJ007) B]EUSJEOLOD)

JInsay junod diyn

%

S8SSE|D pajoIpald PUe |0y 3y} Ydje

(sauneaqwoisny)
(1s8181U] Jo UOIBBY BY) Bulusye|4
SBAJ0AU|) SaUnjea wojsny) Bunoenxg

19zuBoosy 198104 Wopuey
p88) pue JLY 0} 8|l} ASD MBAUOD

S8INJes Wopsny sy ali0osq
Uolym suoljewriojsuel) sbeuw|

(to1paud
8 8%ald 8y S1YDIYM Und | punoio)
4, 01 S8SSED ||B Bumss ‘uoniuboosl
Jo4 "Buluies] ul sousisysq dalg

A

|OY Uo paseq seinjesd Joenx3

(saunyeaqoju|pioon) ajdwies
9oy 0} pajeloosse Ssjeulploo?) [axid

A

uogeinbyuo) eleweD uo
paseq abew) ui (}saisul jo uoiBay)|OY

sinby abew| [suueyININA

|0y 3y} woly
$8]BUIPI00Y) [8XId JO SBlieg sjelaUss)

(1saJ9)U] JO BRIY) SWNJOA Jog suleq

roes ~

00€s

:uoIoeAX3 8Injes

%

Xlije sApoadsiad Y1/g9Y

#

sebew| ydsq pue | ‘goy uonisinby

'$88001 UoniuBoosy

—  20€gs

85



EP 3 528 219 A1

5400

{ extractAndSave ) /

5402 . getCoords

T
\

5404

coordinfoExtract

I
\P

5406 Craate Empty

GroundTruthFeature

T
w\\

5408

customExtract

S

Concat coordinfo,
ground Truth
and custom

5410

S
\

5412

Convert o DataFrame

S
w

4

FIG. 54




EP 3 528 219 A1

; countBet

5502

Load Images

Load Labels 5504

Extract Feature:

5506

~

NN S

k

/ Classify Chips 5508
.
5510 7/ Count Chips
ki
/ Print Chips 5512

v

{ Relurn | )
FIG. 55




EP 3 528 219 A1

< > 5600
Start 4/

DETECTING THAT ONE OR MORE CHIPS HAVE BEEN PLACED IN ONE OR MORE DEFINED BET AREAS ON
A GAMING SURFACE,
5602

v

CAPTURING IMAGE DATA CORRESPONDING TO THE ONE OR MORE CHIPS
5604

v

TRANSFORMING THE IMAGE DATA TO GENERATE A SUBSET OF THE IMAGE DATA TO ISOLATE IMAGES
OF THE STACKS FROM BACKGROUND IMAGE DATA,
5606

v

RECOGNIZING THE ONE OR MORE CHIPS COMPOSING THE ONE OR MORE STACKS AND GENERATING
AND ASSOCIATING METADATA
5608

v

SEGMENTING THE SUBSET OF IMAGE DATA AND WITH THE METADATA TO GENERATE ONE OR MORE
PROCESSED IMAGE SEGMENTS AND AN ESTIMATED FACE VALUE AND POSITION FOR THE CHIPS
5610

v

DETERMINING BET DATA VALUES FOR BET AREAS
5612

v

: :

FIG. 56

88



EP 3 528 219 A1

LS "OIA

4 N\ /7 N /7, O\ Y4 ™
(" 1sesalu] ) 4
10 ﬂ%_on_ |yoesa
JsuieBe sjauuey? 0
12 10 WelG0)siy J4JA 0} 994
au 3«\:38%@
S ZA
aon st ||| —— | [ \ ——
| Sdl [guueyy anig
10 Jaguinu Bunsal M_M _ﬁ_ﬂ__%m_s_%mw 10 jugipe)g 9IUBLIBAL] Mm___%mﬁmv_ omqm_o¢@
_alemndey Jif J | U wesboysiy )| |\_183u0zUOH J |\ 81IS ) || paseq yydag) || \__—
7 A1 /4 J/
99/§ T LEL5 6845
Cownon 199 ) || (G ) | |/ N [(1auueyg uaaig) | (leroway asion)
4288 ul sty hr_%#_w%%w | =m_mﬁﬂﬁ_m_ 10 Juaipess | | pue Jueneau] om___ﬂ_ﬁmmwm
L0 80A) puig ) ) {0 sog J| |\ FWozUuoH )| \_uoneioy \ J
v9/G 7/G7 9e/67 ICH
awn|oA 1aq e ™ jauueysg pay Y1 pue yidag 0901 X 0Z61
LJea 10) }Je)s Buluies | uoiezieao J0 JuaIpely uo1aeix3 104 ‘90y J0
10 13)u89 pul . diyg ) [eJU0ZIIOH uoneiqies 494
7945 T Gess L 1 18067
09/G _ 07 /G 0¢.S 0L/S
Burpunog pue 0G/G uol}oeix3
uoijedljijueny (| UOIIBILISSE|D 8.njea mc_%mm%nen_ Mm__ﬁmﬁmv_ ooV
i) ! abew]
g VAN VAN _J / \ \_ J J

89



EP 3 528 219 A1

8¢ "OIA

7~

il

444 20T EIv4 1%
10J9811X73 (18uuRY2-1}[NLy) waysAsqng wa1sAsqns aaepiaiug
1583]UJ 40 Juiod Jusuodwog Huibewr 89eLIaJu] Jasn ghljeASIuiwpy
+
iﬁ v |
vie v0C 80¢C
10]RJ3U8Y auibug J Esmmm%w
weifio}siy fuissadold abewy auibug sajny
A%v H“pﬂmw
97¢ 90¢ 0l¢
181J1SSe|) aulbu3 auibu3
1$9104 wopuey 18z1u6093Y Burio}iuopy aweg
pauiel | afew]

a001

414
saseqeleq

[euJa)x3

90



EP 3 528 219 A1

6S "OId

91



EP 3 528 219 A1

0109

0€09

09 "OIAd

<«
08¥X0t9
dl

<«

08¥X019
u3dag

0801X0¢61
g9y

92



o
S
oM —
>
o O
N
(@p]
—

EP 3 528 219 A1

Depth
640x480

93

FIG. 61



Depth on Green Channel

EP 3 528 219 A1

94

FIG. 62



EP 3 528 219 A1

€9 ‘'O

U0NANIISqO 0U UIIM Saluel]

UoNANISq0 UNM Sawel]

saweld [eulbilig

95



EP 3 528 219 A1

0€V9

Y[ - aweld A8y

0¢v9

b9 "OIA

08 - awelJ Aay|

0lv9

1007 - awei] Aa

96



6530

6520

6510

EP 3 528 219 A1

97

FIG. 65



EP 3 528 219 A1

99 "OIA

SIXB- X <—

SIXB- A

98



EP 3 528 219 A1

99

FIG. 67



EP 3 528 219 A1

100

FIG. 68



EP 3 528 219 A1

101

FIG. 69



7030

7020

7010

Ch-Channel Cr-Channel

Y -Channel

EP 3 528 219 A1

102

FIG. 70



7120

7110

EP 3 528 219 A1

103

FIG. 71



EP 3 528 219 A1

104

FIG. 72



EP 3 528 219 A1

€L DI

&\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\w

IIII—-mmNNNNNNNWWNNNNNNNNNMNNWWN

i}

uonaaNQg-x

uonaa.Qa-A

105



EP 3 528 219 A1

L "OIA

= I I s v o
[ |

-t

uonaaIg-X
ur sjulod /

A

uon9RIIg- A
Ul SjuI0d 62

106



EP 3 528 219 A1

SL O

(121'758)

(991'¥GG) (91756
\ o
O 0 g

[ —

S|9Xld GP

107



EP 3 528 219 A1

|auleyy 11

—

[auueyy 11

4

[auueyy 11

4

|guueyy g

_

|guueyy g

4

|guueyy g

4

9L "OIA

|aUURY] pul

|UuUey ¢

|UuUey ¢

[Bul_Y] ;5|
}Saiajur 40 juiod »,N

|3uLey] ;5|

1Sa1a)uI 40 Jul0d pug

|3uLey] ;5|

1SaIaju J0 Jul0d ;5|

108



EP 3 528 219 A1

109

FIG. 77



EP 3 528 219 A1

[auueyy ;11
AUUM, =
s|ageq ssejo
[auueyy ;L1
auou, =
s|age sselo
[aUUeYd 11
auou, =

s|age ssejo

8L O

|3uley] ,,€

|3uLey] €

|suueyd n.€

|3Ul_Y] pul

|3UueyQ ¢

[8UUBYQ puC

|auUey] ;5|
1Sa131U[ JO Julod 4N

|auUeyd ;1

1SaI8ju[ 10 JUl0d

|BUUBYJ i1

1Sa19)u 10 Jul0d ;5|

110



EP 3 528 219 A1

6L "OIA

ulen uorjew.our 1saq
ay] saAlf 1ey) auo Jeuyl s ainjeaj Gunlds ay|

saIn)ea} (x )1tbs~=x 10 ajdwes wopues e Jo }no
ainjea} e fuisooyd Aq 1ds s apou yaea uay|

sainjea) x pey 1as Buiuiel| auy) eyl Aes s,197

S L L L L L L L L L

831] Wopuey y

1

/AN

U01)1paid euy

® - OO0

f-111

1@ - WO

suora1pald

$asay)0dAH sa9i]
10 189104 Wopuey

A
" iy S
7 deis 1009 ¢ dens joog Z deis joo0g | del)s joog S]8S
wl ~ [v[clc “Tvlelzlt|[W] ~ [¥]€]¢ ...#mm_mwumw

Juswiade|day yym
W meiq

(Wl Tw[€[z[1]18S bBuel]

111



08 "OId

C{MOJ[B A
1anid

G
=
[92]
D
=

C{MOJI9 A
Cfan|g

—enig
)
N

EP 3 528 219 A1

112



EP 3 528 219 A1

I8 "OIA

auou,

Juld-000S,

o

Moj13A-000L,

2|0nd-0060.

A981q-0010.

U3J0-6Z00,

o

.P31-6000.

|| — |0 O|O|O|—
O] |—|LO|O |~

o|lo|lo|w|—|—|—]|—

9JIUM-1000.

$10]09 SSe|d

Sawen Sse|d

113



EP 3 528 219 A1

25

20

15—

10—

114

500

400

300

200

100

FIG. 82



EP 3 528 219 A1

¢€8 "OId

~~~~~~~~

E—— e T T
i}
uondang-x

ul sjulod /

A

uonIAIg- A
Ul Sjul0d 62

115






S8 O




8600

8602

FIG. 86



8700

EP 3 528 219 A1

FIG. 87



EP 3 528 219 A1

0088

88 "OId

088

120



8900

8904

EP 3 528 219 A1

121

FIG. 89









FIG. 92



€6 "OId




EP 3 528 219 A1

0016

b6 "OId

126



$6 “OIA




EP 3 528 219 A1

0096

\\\llnn;

96 "OI1d

mHHNMWﬂw

[

9096

¢096

128



EP 3 528 219 A1

129

FIG. 97



EP 3 528 219 A1

130

FIG. 98



EP 3 528 219 A1

W\\\\: _?//ﬁ[ ‘

66 "OIA

A, SI0IBASIUIWPY
— — ¥4
c0¢ vic wayssqng
Jusuodwo) wayshsgng
Q0BUSU|
Buibew 20BUBIU| JBSN
SAleNSIuIWpY
] % A A
il
¥0c 80¢
auibug wajsAsqng
Buissaooid abew auibu3 seiny
M
—
— 0S¢ v
90¢ ™ obeioig 0l
suibug > oea [ auibug
J1aziubooay abew) ed Buuojuoyy swes
00

474

seseqeleq

[ewisixg

131



10

15

20

25

30

35

40

45

50

55

EP 3 528 219 A1

des

Européisches
Patentamt

European

)

Patent Office

ce européen
brevets

N

EPO FORM 1503 03.82 (P04C01)

EUROPEAN SEARCH REPORT

DOCUMENTS CONSIDERED TO BE RELEVANT

Application Number

EP 19 15 7130

Category Citation of document with indication, where appropriate, Relevant CLASSIFICATION OF THE
of relevant passages to claim APPLICATION (IPC)
X WO 2016/191856 Al (ARB LABS INC [CA]) 1-20 INV.
8 December 2016 (2016-12-08) GO7F17/32

* paragraphs [0004], [0010], [0016],
[0017], [0087] - [0089], [0093] *

TECHNICAL FIELDS
SEARCHED (IPC)

GO7F
The present search report has been drawn up for all claims
Place of search Date of completion of the search Examiner
The Hague 2 May 2019 Verhoef, Peter
CATEGORY OF CITED DOCUMENTS T : theory or principle underlying the invention

E
X : particularly relevant if taken alone
Y : particularly relevant if combined with another D : document cited in the application
document of the same category L : document cited for other reasons

A : technological background

: earlier patent document, but published on, or

after the filing date

O : non-written disclosure & : member of the same patent family, corresponding

P:inte

rmediate document document

132




10

15

20

25

30

35

40

45

50

55

EPO FORM P0459

EP 3 528 219 A1

ANNEX TO THE EUROPEAN SEARCH REPORT

ON EUROPEAN PATENT APPLICATION NO. EP 19 15 7130

This annex lists the patent family members relating to the patent documents cited in the above-mentioned European search report.
The members are as contained in the European Patent Office EDP file on
The European Patent Office is in no way liable for these particulars which are merely given for the purpose of information.

02-05-2019
Patent document Publication Patent family Publication

cited in search report date member(s) date

WO 2016191856 Al 08-12-2016 CA 2947969 Al 29-11-2016
CA 2970692 Al 29-11-2016
CA 2970693 Al 29-11-2016
US 2017161987 Al 08-06-2017
US 2019035210 Al 31-01-2019
WO 2016191856 Al 08-12-2016

For more details about this annex : see Official Journal of the European Patent Office, No. 12/82

133




EP 3 528 219 A1
REFERENCES CITED IN THE DESCRIPTION
This list of references cited by the applicant is for the reader’s convenience only. It does not form part of the European

patent document. Even though great care has been taken in compiling the references, errors or omissions cannot be
excluded and the EPO disclaims all liability in this regard.

Patent documents cited in the description

 US 30910216 A [0001] * US 62298154 A [0001]
« CA 2016050442 W [0001] * US 62064675 A [0125]
* US 62168395 A [0001]

134



	bibliography
	abstract
	description
	claims
	drawings
	search report
	cited references

